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“In machine learning, the real magic happens when algorithms learn from data, adapt, and
improve over time."

Yann LeCun

“Intelligence is the ability to adapt to change.”

Stephen Hawking

“If a machine is expected to be infallible, it cannot also be intelligent.”

Alan Turing



ABSTRACT

This thesis focuses on the development of predictive models for flight delay using
the United States (US) Bureau of Transportation Statistics (BTS) dataset. The
research aims to assess the potential of the BTS data for creating data-driven
flight delay predictive models. Exploratory Data Analysis (EDA) reveals complex
relationships, irregularities, outliers, missing values and invalid values within the
dataset, posing challenges for traditional Machine Learning algorithms and

resulting in low-performance models.

To address these limitations, six advanced prediction algorithms are developed.
The approaches include binary classification using a filter-based procedure and
deep-stacked auto-encoder, a hybrid ensemble learner, a fully connected Bi-
Long-Short Term Memory (LSTM), a social ski driver conditional autoregressive
value at risk optimisation-aware deep neural network, and a novel gradient

mayfly-based optimisation DeepONet approach.

The US BTS dataset, along with expert-defined records, is used to validate the
proposed algorithms. The research findings demonstrate that an optimisation-
aware data-driven predictive approach yields reliable and robust results for flight
delay prediction. Among the developed approaches, the gradient mayfly
optimisation DeepONet model, particularly the proposed data-driven
optimisation-aware DeepONet, outperforms other strategies in terms of

prediction error on benchmark evaluation metrics.

The validation results highlight the effectiveness of the data-driven optimisation-
aware DeepONet model, achieving a minimum prediction error of 0.0043. This
suggests that more than 90% of flights can be accurately predicted based on the
findings of this research.

Keywords:

Airline flight delays classification, air transport system, DeepONet, optimisation
algorithms, Machine Learning, predictive modelling.
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Chapter 1: General Introduction

Flight delays are now a major problem for the global aviation industry. The air
transportation industry has recently experienced rapid growth due to the increase
in passengers who depend on it for their short and long-distance journeys. This
high demand for air transport and the limited resources have posed a real
challenge to airline and airport management. It has become more necessary and
important for airlines and airport managers to manage flight schedules efficiently.
For example, in 2012, the United States (US) Bureau of Transportation Statistics
(BTS) data shows that 14.69% of the US domestic market flight were delayed.
There was an increase to 20.8% in 2019 [1]. In 2010, Ball et al. [2] reported that
in 2007 US economy was affected by as much as $39.2 billion because of flight
delays. Such a delay issue also exists in developing airline markets that are
seeing steady growth, particularly in China. China, the second-largest airline
market in the world, has maintained double-digit yearly growth in air traffic for the
previous two decades [3]. The flight delay is a serious problem because so much
expansion has been focused on urban areas, and the airport capacities have not
been installed appropriately [4—6]. Flight on-time performance (FOTP) in 2019
was only 75%, with an average of 29 minutes of flight delays [3]. This situation
has brought dissatisfaction to air passengers. It has also caused airlines financial
losses. For example, in 1999, researchers have shown that over $3.2 billion was
spent to mitigate 22.5 million minutes of flight delay in the US. Compare this to
the net profit of roughly $7.85 billion for all airlines. It means 27% of the total net
profit is a drain on financial resources [7—11]. Flight delay problem impact is
tremendous to all aviation participants and has therefore necessitated major
stakeholders to participate in mitigating the negative impact on the entire air
transportation system (ATS) [12].

Airport congestion has been identified as one of the major causes of flight
delays in China airports which may be similar to another major market [13]. Other
factors such as 12% of air traffic control, 26% of extreme weather, 15% of
technical and equipment failures, 11% of passengers and baggage,8% of crew
and flight operations, 8% of aircraft and ramp handling, 10% of en route and 10%

related to others can also contribute to flight delays [12]. With effective



operational and managerial measures, airlines and airport operators can
effectively control flight delays impact. For example, adding a “flight buffer"
reduces the chances that an individual flight is delayed, and delay propagation is
addressed by the flight and ground buffers, where a late arrival is a result of
previous inbound flights that leads to late departure subsequent flight [14—20].
According to [13], in 2017, on average, Chinese airlines added 30.9 minutes of
buffer per flight. An average buffer can exceed 40 minutes at congestion hub
airports such as Beijing. Increasing buffer has been identified as a noneconomical
approach as it also lowers the utilisation of aircraft, increases airlines' operational

costs and wastes passengers’ time which may cause dissatisfaction [21].

1.1 Motivation for the Study
This research is motivated by the high increase in the demand for air

transportation over the last decades. On average, 65.4 million passengers flew
in and out of the United Kingdom (UK) on 602,054 flights in 2021, with a recorded
on-time flight performance of 84.00% and an average delay of 9 minutes [22]. In
contrast, US domestic flights on US airlines carried 39.2 million passengers in
March 2021, more than February with 14.8 million passengers. It recorded an on-
time performance of 81.75%. Between 2021 and 2022, the total number of
commercial flights operating in a year increased by 728,518, while the total
number of time delayed in minutes increased by 3.63% [1]. Although there has
been a decline in flight numbers in 2013, the total delay minutes yearly to flights
has increased. The Federal Aviation Agency (FAA) forecasts an increase of 35%
in flight operations in the next 20 years, i.e. each year around 1.5% increase for
all commercial airlines [23], which may further increase the number of flight
delays. The National Centre for Excellence for Aviation Operation Research
(NEXTOR) reported in 2010 that the US domestic airlines' direct and indirect
costs were around $32 billion in 2007 [2, 24-27]. Between 2007 and 2017, the
cost to airlines decreased from $82.2 to $68.48 per minute, but passenger costs
increased from $37.6 to $49 per hour [2, 28, 29]. The number of commercial
aircraft passengers is anticipated to increase over the following 20 years, rising
from 840.8 Million in 2017 to 1.28 Billion [1]. Table 1-1 and Table 1-2 show the



summary of the US on-time performance for arrivals and departures flights from
2013 to 2022 [1].

The number of passengers is projected to increase globally per minute,
substantially increasing the probability of total cost due to flight delays. Many
statistical and Machine Learning approaches have been proposed to develop
models that can help understand the knowledge contained in the historical flight
data and predict delays. However, as aviation keeps increasing rapidly, this
approach tends to be limited to the data employed in their development. Thus,
this project develops state-of-the-art techniques for classifying and predicting
airline flight delays with high accuracy and minimal errors. It proposes advanced
Artificial Intelligence approaches such as Machine Learning and Deep Learning
integrated with optimisation algorithms to generalise the models to other data
sources and problems not considered in the current model development. The
models for classification and prediction can assist airlines in mitigating the cost

of flight delays through improved and informed decision-making.

Table 1-1 Summary of US departures on-time performance from 2013 to
2022

Year Ontime Ontime  Departure Delays Departure Cancelled Flight
Departures (%) Delay (%) (%) Operations
2013 4,683,457 80.02 1,088,021 18.59 1.39 5,852,743
2014 4,134,838 77.39 1,087,541 20.36 2.25 5,342,628
2015 4,300,421 80.53 957,607 17.93 1.53 5,339,849
2016 4,247,503 82.37 850,809 16.50 1.13 5,156,709
2017 4,206,302 80.73 926,745 17.79 1.48 5,210,416
2018 4,589,737 80.35 1,041,028 18.23 1.42 5,711,852
2019 5,435,575 79.98 1,231,567 18.12 1.90 6,796,274
2020 3,675,886 85.15 363,927 8.43 6.42 4,316,997
2021 4,453,905 81.82 899,876 16.53 1.65 5,443,512
2022 4,766,703 77.23 1,254,623 20.33 2.44 6,172,030




Table 1-2 Summary of US arrivals on-time performance from 2013 to 2022

Year Ontime Ontime Arrivals Arrivals Cancelled (%) Flight
arrivals (%) Delays Delay (%) Operations
2013 4,634,155 79.18 1,124,319 19.21 1.39 5,852,743
2014 4,078,613 76.34 1,130,365 21.16 2.25 5,342,628
2015 4,277,624 80.11 966,667 18.10 1.53 5,339,849
2016 4,225,270 81.94 860,646 16.69 1.13 5,156,709
2017 4,177,334 80.17 944,172 18.12 1.48 5,210,416
2018 4,546,096 79.59 1,070,749 18.75 142 5,711,852
2019 5,387,312 79.27 1,262,308 18.57 1.90 6,796,274
2020 3,644,247 84.42 388,389 9.00 6.42 4,316,997
2021 4,449,855 81.75 891,182 16.37 1.65 5,443,512
2022 4,772,406 77.32 1,234,391 20.00 2.44 6,172,030

1.2 Aim and Objectives

To address the research gaps mentioned in this thesis, the overall scientific aim

and objectives are defined as follows:

1.2.1 Aim

This research aims to develop data-driven novel and Machine Learning

techniques for flight delay prediction.
1.2.2 Objectives

The aim of this research is achieved by fulfilling the stated objectives:

i. To review previous studies and investigate the existing methods and

approaches for flight delay prediction.

ii. To identify appropriate dataset, perform pre-processing to understand and

guantify the complexities, and distribution.

iii. To identify the different data features, relations and impacts on the flight

delay.

iv. To design, implement, evaluate and validate different architectures of

Machine Learning methods for flight delay prediction.

v. To recommend the most appropriate Machine Learning architecture

implementation and approach for flight delay prediction based on our

experiment.



1.3 List of Publications

This project follows the scientific procedure of experimenting and producing

results. Part of this thesis has been disseminated to the wider academic

community through peer reviewed journal publications and national and

international conferences. The list and details of all the published and

unpublished outcomes of this project are summarised in Table 1-3.

Tablel-3 List of publications

S/No Manuscript Title Journal/Conference Status
1 A deep feedforward neural network 5th International Published
and shallow architectures Conference on
effectiveness comparison: Flight Advances in Artificial
delays classification perspective Intelligence (ICAAI)
2 An enhanced deep Computational Submitted —
autoencoder for flight delay Intelligence and Under Review
prediction Neuroscience
3 A hybrid ensemble Machine 2023 AIAA Aviation Published
Learning approach for arrival flight Forum:
delay classification prediction using  Revolutionary Leaps
voting aggregation technique Toward a New Age of
Aviation
4 A deep bi-Istm Machine Learning Journal Of Published
method for flight delay prediction Aviation/Aerospace
classification Education &
Research
5 A bidirectional deep LSTM Machine National Training Published
Learning method for flight delay Aircraft Symposium
modelling and analysis (NTAS) 2022 -
Bridging the Gap,
Daytona Beach
6 Social ski driver conditional Neural Computing Published
autoregressive-based Deep and Applications
Learning classifier for flight delay
prediction
7 Prediction of flight delay using deep  Expert Systems With  To be submitted

operator network with gradient-
mayfly optimisation algorithm

Applications



https://scholar.google.com/citations?view_op=view_citation&hl=en&user=xnYtknIAAAAJ&citation_for_view=xnYtknIAAAAJ:M3NEmzRMIkIC
https://scholar.google.com/citations?view_op=view_citation&hl=en&user=xnYtknIAAAAJ&citation_for_view=xnYtknIAAAAJ:M3NEmzRMIkIC
https://commons.erau.edu/jaaer
https://commons.erau.edu/jaaer
https://commons.erau.edu/jaaer
https://commons.erau.edu/jaaer
https://scholar.google.com/citations?view_op=view_citation&hl=en&user=xnYtknIAAAAJ&citation_for_view=xnYtknIAAAAJ:M3NEmzRMIkIC
https://scholar.google.com/citations?view_op=view_citation&hl=en&user=xnYtknIAAAAJ&citation_for_view=xnYtknIAAAAJ:M3NEmzRMIkIC
https://scholar.google.com/citations?view_op=view_citation&hl=en&user=xnYtknIAAAAJ&citation_for_view=xnYtknIAAAAJ:M3NEmzRMIkIC
https://link.springer.com/journal/521
https://link.springer.com/journal/521

1.4 General Research Methodology and Thesis Structure

Figure 1-1 is an overview of the general research methodology employed in
this thesis, and it is divided into four phases as follows: (i) conceptualisation, (ii)
Data preparation, (iii) building a Machine Learning predictive model, (iv)

evaluation and validation, and reporting the outcome in the thesis.
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Figure 1-1 An Overview of the General PhD Research Methodology

Phase 1: This research phase involves conducting a systematic literature review,
literature synthesis, gap formulation, and developing an overall aim and individual
objectives guiding the study.

Phase 2: This is the stage in the Machine Learning pipeline that integrates data
from various data feature sources. Data are mostly in different formats; cleaning
data involves not only filling in missing values. The following operations are also

needed: (i) outlier handling, (ii) inconsistency check throughout the datasets, and



(iii) selecting relevant subsets to the problem at hand. Digging deep into the data
to find reasons for the different behaviour of the data involves: (i) duplicate
records removal, (ii) column renaming for easy interpretability, (iii) missing values
handling and (iv) proper format saving of scraped data. In contrast, analysis and
visualisation involve asking relevant questions concerning business problems
and values. Finally, feature engineering is important because the good feature of
a simple model will always outperform the complex models with bad feature
combinations. These processes are important because of their impact on the final

results of the model.

Phase 3: Machine Learning and Deep Learning (ML/DL) methods have received
much attention in building predictive models for flight delays over the last
decades. It involves the following major stages: data acquisition, preparation,

built model and evaluation.

Phase 4: This stage is where the model performance is evaluated before making

recommendations.

1.5 Thesis Presentation

This thesis follows the paper format as outlined in Section 7.1 of the Cranfield
University student handbook. It comprises of six technical chapters, namely
Chapters 4 to 9, which are presented as self-contained concise reports designed
in the format of publications. Also, the prediction of flight delays in air transport is
treated as a binary classification problem. Machine Learning are used to generate
a classification models (predict volume of delayed flights) and its performance is
tested on real flight on-time data which is evaluated using a range of metrics. The
choices of the methodologies designed and the Machine Learning methods are
based on the type of dataset and the literature review conducted. This thesis also
makes a significant computer science contribution to the field of aviation by
proposing novel methodologies for flight delay prediction. By addressing a crucial
problem in the industry, the research introduces new technigues from computer
science, such as Machine Learning, Deep Learning or Atrtificial Intelligence, to
analyse and model flight delay data. Through extensive experimentation and
evaluation, the thesis showcases the superiority of the proposed methodologies



over existing approaches, offering a fresh perspective on accurately predicting
flight delays. This contribution has the potential to greatly impact the aviation
industry by enabling more informed decision-making, optimising flight planning
and operations, and ultimately improving the overall efficiency and passenger
experience through a reliable flight delays prediction.

This thesis utilises BTS dataset from the years 2000, 2013, 2018, 2019, 2020
and 2021, respectfully. This dataset is chosen for this thesis because it is open
source and have been used for flight delay prediction research by other experts
in the research domain [1-28]. In all the experiment the features selected for the
model training and testing are based on one of the following approaches: (i)
Expert Knowledge: Domain experts, such as aviation professionals or
researchers, provide insights into the relevant features that impact flight delays.
Their expertise helps identify key variables, such as arrival time, schedule arrival
time, departure time, schedule departure time, airline, airport, historical delay
patterns, and airline-specific factors. (i) Correlation Matrix: A correlation matrix
identifies the pairwise correlation between different features. It helps in identifying
redundant or highly correlated features, allowing for the removal of one of them
to reduce multicollinearity and improve model interpretability, or (iii) Feature
Importance Techniques: These techniques, such as information gain, mutual
information, or Gini index, evaluate the importance of each feature by measuring
its contribution to the predictive power of the model. Features with higher
importance scores are retained for modelling.

This thesis have a significant real-world impact in academia and industry. In
academia, these models contribute to the advancement of research by enabling
the development of new algorithms and methodologies, leading to publications
and citations. In the industry, these models enhance operational efficiency by
optimising flight schedules, resource allocation, and staffing levels, resulting in
cost savings and improved passenger experience. They also support decision-
making, contingency planning and maintenance scheduling, leading to better
strategic and operational decisions. Overall, the flight delay prediction models
can play a crucial role in minimising disruptions, improving productivity and

enhancing the general efficiency of the aviation industry.



There are eleven chapters in the thesis and they are briefly described as

follows:

Chapter 1: This chapter provides an introduction, background context and
justification for the selected features used in training and validating all the

proposed methodologies in this thesis.

Chapter 2: This chapter presents a systematic literature review of existing

approaches and identifies potential gaps to be addressed in this thesis.

Chapter 3: This chapter explores the flight on-time dataset through exploratory
data analysis, including visualisation, feature relationships and identification of
hidden patterns.

Chapter 4: This chapter evaluates the classification efficacy of one hidden layer
neural network, support vector machine and deep feedforward neural network
with different parameter settings. Accuracy, precision, and recall metrics are used
to assess the models using the US on-time dataset from BTS. The results
emphasize the importance of deep neural networks for handling large datasets,
but they also highlight the crucial role of pre-processing in Deep Learning and
Machine Learning tasks. Diverse performance based on various parameter
settings emphasises the need to find optimal configurations for reliable prediction
results. The deep feedforward neural network outperforms other methods with a
20% improvement, achieving 90.01% accuracy, 90.70% precision, and 90.03%
recall. It is important to note that these results do not imply equal performance
across all domains, underscoring the significance of fine-tuning and feature

extraction for overall model outcomes.

Chapter 5: This chapter introduces an enhanced autoencoder for flight delay
prediction. The deep stack autoencoder architecture is modified to include vanilla,
logistic regression and multilayer perceptron autoencoder. Through extensive
evaluation on various epochs, it is observed that the deep vanilla autoencoder
achieves high accuracy of 80%, with precision at 52% and recall at 98%
compared to the other architectures. The confusion matrix analysis reveals that

the deep vanilla autoencoder demonstrates minimal error in classifying flight



delays in the true positive and negative classes. Overall, this study highlights the
significance of different architecture implementations in Machine Learning and

Deep Learning approaches for flight delay prediction.

Chapter 6: This chapter introduces a hybrid ensemble Machine Learning
approach for flight delay prediction using voting aggregation techniques. The
ensemble model combines Logistic Regression, Decision Tree, Support Vector
Classifier and Random Forest algorithms. The experiment utilises US BTS data
from 2013, and the performance of the methods is evaluated using accuracy,
recall, precision, Fl-score, AUC and ROC curve. The extensive evaluation
demonstrates that combining multiple ensemble learners improves the model's
performance and learning capabilities. The proposed hybrid model surpasses

individual learners in all metrics, yielding highly accurate prediction results.

Chapter 7: This chapter presents a bidirectional Long Short-Term Memory
(LSTM) model for flight delay prediction, comparing it with a unidirectional LSTM.
The experiment results show that the bidirectional LSTM outperforms the
unidirectional one, achieving a high accuracy of 97.56% and a Mathews
Correlation Coefficient (MCC) of 99%, indicating strong coherence between

predicted and ground truth classes.

Chapter 8: This chapter introduces a novel Deep Learning approach for flight
delay prediction. The proposed method, called SSDCA-based Deep Learning,
combines the Social Ski Driver algorithm with Conditional Autoregressive Value
at Risk by Regression Quantiles to optimise the learning process and enhance
flight delay prediction. The Yeo-Johnson transformation is applied for data
transformation. Extensive experiments are conducted to evaluate the
performance of the proposed model against benchmark approaches. The results
demonstrate that the proposed approach exhibits minimal error in predicting the
total number of delays compared to other approaches.

Chapter 9: This chapter introduces a novel approach that enhances data pre-
processing and model training using a state-of-the-art DeepONet approach
integrated with optimisation algorithms. The data transformation is performed

using Box-Cox, and feature fusion is achieved through a deep residual network.

10



Prediction is carried out using the Gradient Mayfly Optimisation Algorithm

(GMOA). The experiment results emphasise the significance of optimisation in

developing reliable flight prediction models with minimal error rates and

generalisability.

Chapter 10: This chapter discusses the overall findings of the thesis,

emphasising their real-world impact in academia and industry.

Chapter 11: This chapter concludes the thesis and outlines future work for

extension, including exploring other real-world application areas.
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Chapter 2: A Systematic Literature Review on Flight
Delays Prediction Methods

Passenger experience (PE) or satisfaction (PS) is crucial for businesses,
including airlines and airports. With the growing number of air travelers, there is
a need for solutions to enhance their experience. However, failures from both
airlines and airports can lead to variations in passenger experience, causing
dissatisfaction. This review focuses on three major problems faced by air
transportation passengers: flight delay predictions (FDP), passenger flow
predictions (PFP), and baggage handling (BH). Addressing these issues can aid
stakeholders in the aviation transport system to make informed policies and
guidelines, ultimately leading to passenger happiness. To tackle these problems
and improve passenger experience, it is vital to develop models and solutions
that provide advance information to key decision-makers and passengers due to
the complexity of the aviation transport system. In addition, we conducted an
extensive literature study from a data science perspective to explore state-of-the-
art methods for solving these problems and building predictive models. We
developed a taxonomy and summarised various approaches employed in the
research. We also established a connection between the methods used and the
specific passenger problems addressed over time. By reviewing the existing
literature, we identified current and future research trends in this field. Finally, we
provided recommendations to further enhance the studies on air passenger
experience through reliable predictive modelling.
2.1 Introduction

An air passenger's experience involves how the passenger feels, think,
reason, select, apply products and services related to air travel. Understanding
the passenger experience (PE) and future response is essential for airlines and
airports to improve their services, products, and marketing methods. Meeting the
passengers' expectations will lead to long-term profit in the aviation industry [1].
In digital aviation, passenger experience has been a pertinent issue in all
businesses, regardless of the nature or mode of service delivery. The satisfaction

of the customers is paramount to the business owners and stakeholders.
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Measuring passenger satisfaction has been a daunting issue for ages. Each
passenger may have different experiences concerning different service
situations, making it challenging to know the exact answers to which customer is
truly satisfied or not satisfied without direct interactions with them individually [2].
According to the Airport's Council International (ACI) report in 2009, more than
50% of traffic at some large hub airports is due to service quality, a more
determining factor when considering passenger connections [1].

There is an increase in the number of flights and passengers worldwide, with
an average growth rate of about 3.8% by 2030, as reported by the International
Airport Transport Authority (IATA). Air passenger Worldwide travel number
continued to rise, exceeding 4.3 billion journeys in 2018. Therefore, efficient
management of the air passenger is necessary. Because this can positively
impact passenger experience and the airport's financial performance [3], reports
indicate that excellent experience can influence future travel plans and
encourage spending [4]. The overall financial portfolio of companies operating in
the airports is mainly on the retail concession business. In some cases, 53% of
total revenues are accounted for non-aviation revenues [5-6]. There have been
projects going on recently in the area of airport passenger experience as follows:
Proactive Passenger Flow Management for Airport with an Advanced
Forecasting System (AERFOR) used for managing and predicting passenger
flow within the terminal; Airport of the Future Project (AFP) this focuses on the
safety, security and efficiency which is applied in the Australian airports; and the
DORA project which aims at providing passengers with optimize and total travel
time taking into account starting and destination point of the air passengers.

One of the most applied performance indicators in airports and airline is how
well passengers experience the quality of services. A period in which a flight is
late for at least 15 minutes is said to be delayed. Thus, the difference between
the real-time and scheduled time of departure or arrival of the plane represents
its delay [5]. Many indicators relate to tolerance peak points for delays by different
country regulatory authorities. In the past decades, passenger experience flight
delay has been an important research area in the air transport system. In the year

2013 number of flight delays recorded with more than five minutes was 36% in
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Europe, while flight delays with more than fifteen minutes in the United States
were 31.1%, and several cancelled or flights delays with more than thirty minutes
in Brazil was 16.3% [6—-26]. It shows the high relevance of flight delay research
and its negative effect on airline meshes regardless of scale.

The rest of the paper is as follows: Section 2.1 discusses the passenger
experience from a data science perspective and ways of addressing the problem
of air passenger experience. Section 2.3 has the result analysis of passenger
experience in a taxonomic manner presented with the authors' data and methods,
application scope, and most researched passenger experience. Section 2.4
discuss the results in terms of publication timeline categorized by problem types
and their point of relationship. Finally, Section 2.5 concludes the survey outputs
by highlighting and presenting future passenger experience problem research
using Machine Learning and data.

2.2 A Data Scientist Perspective of Air Passenger Experience

Discovering knowledge from data under acceptable computational efficiency
limitations and enumerating particular patterns using some algorithms [27]. Due
to the enormous amount of data in their systems, the civil aviation industry is one
of the earliest adopters of data science. The aviation industry's use of analytics
and intelligence of technological techniques begins at the end of the '60s. Over
the years, this industry has made considerable investments to find useful patterns
from their generated data and explore more improved operational efficiency
methods to encourage customer loyalty. One of the crucial 215*-century sectors
is the aviation sector. We consider civil and commercial aviation. It has become
evident that data is a critical part of a successful data science application [11—
13].

The other point of note is that aircraft record their data always in their black
box. Up to 500 data variables are described in planes equipped with flight
recording capabilities. These data recordings in flight are altitude, time, vertical
acceleration, and heading per second for the whole operation duration [28].
Manually finding patterns and massive data is practically impossible because of
the large amount of such data generated daily [29]. The need to use descriptive

behaviour, a scalable analytics service by the airline companies’ domain to better
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the sense-making in the current and historical data for predictions, is on the high
side [30]. The vast amount of data generated by the civil aviation sector’ contains
massive information about the passenger's experience, which could be further
used to transform the industry through improved service delivery.

Due to the complexity and distributed nature of commercial aviation transport
systems, data are generated from aircraft, passengers, and other activities, such
as non-aviation sections of the airports. Orchestration is needed for smooth
safety operations because it deals with valuable resources, fluctuations in
demand, and a sophisticated origin-destination matrix. Each passenger follows
their itineraries as the airlines plan various aircraft schedules, pilots, and flight
destinations. Several stages are involved at airports, runaways, and airspace at
the terminal boundaries, which may lead a passenger to experience different
types, such as flight delays or dissatisfaction due to the outcome of these
processes. Examples include weather conditions, air traffic control, capacity
constraints, run-away queues, and mechanical problems [29-32].

This process continues for each flight in the system throughout the day several
times. Due to legal duties, rest, and aeroplanes maintenance plans, different
schedules may be applied to pilots, aircraft, and flight attendants. Therefore, any
inconsistency in the system can affect the same airlines' succeeding flights [24,
33-35]. Furthermore, congestion at other airports or airspace may be caused by
disturbances, creating delays and queues of other carriers’ flights with so much
harmful passenger experience data generated for such periods [33, 36, 37].
Because of this, the prediction of delays or passenger flow and other aspects of
the travel processes to improve passenger experience except for unforeseen
circumstances is an essential topic for airports, airlines and network managers
like Eurocontrol and Federal Aviation Administration (FAA), and Air Navigation
Service Providers (ANSP) [38, 39].

Passenger experience problems can be from different perspectives, such as
(i) passenger flow prediction, (ii) flight delay propagation, and (iii) root delay and
cancellation [40, 41, 42-44]. In the passenger flow prediction, one studied how
to optimise passengers' control from the initial check-in points until boarding into

the aircraft. While in flight delay propagation, delays through the transport
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network system are explained thoroughly. Also, considering that there might be
new problems eventually, the causes and occurrences of further delays should
be predicted and understood [45]. Such a type of occurrence is said to be the
root delay problem. Under certain situations, cancellations may occur due to
delays, causing passengers and airlines to change their itinerary schedules.
Many researchers focused more on cancellation analysis, which helped them
determine the conditions that lead to cancellations. Which airline's decision-
making process is explored in choosing flights that will be cancelled? Figure 2-1
shows a typical flow of traditional commercial flight operations, including all the
necessary processes from origin to destination airport, as proposed by [5], for a
data scientist. Data generated from any process is essential to propose a solution
for improving and optimising service because of the explanatory power of real-
life data to infer the future from its hidden historical patterns when properly mined

by a data scientist to create model solutions.
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Figure 2-1 A traditional Commercial Flight Operation

2.3 A Taxonomic Analysis of Passenger Experience Problem
Several problems are involved in the passenger experience, ranging from
predicting flight delays, passenger flows, passenger segmentation, passenger
profiling and security. In general, passenger experience has the following related
problems that can be used to build a taxonomy of passenger experience
problems. These are models, scopes and procedures for handling passenger
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experience problems. Figure 2-2 shows the taxonomic view of the passenger
experience problem and the various subsections' explanations. A systematic
mapping study was conducted regarding passenger experience from Machine
Learning perspectives to search for available literature.

Several search expression strings have been designed to capture this review's
entire area of interest. The expression string used for search on Scopus, Google
Scholar, IEEE and ACM databases is (“Machine Learning” A “data” »
‘passenger experience”) v (‘Machine Learning” A “data” A “flight delay” A
“prediction”) v (“Machine Learning” A “flight delay” A “prediction”) v (“data” A
“flight delay” A “prediction”) v (“Machine Learning” A “data” A “airport passenger
flow” A “prediction”) v (“Machine Learning” A ‘“airport passenger flow” A
‘prediction”) v (“data” A “airport passenger flow” A “prediction”) from 1997 to April
2023, respectively. The snowballing approach for this review work was proposed
by Wohlin in 2014, as shown in Figure 2-3 [46]. The results extracted from the
search expression string query on Scopus was one hundred and eighty-six, and
the snowball search technique brought three hundred more articles. We selected
two hundred papers explicitly for the analysis from the snowballing method. Some
of the articles are duplicated and thus discarded. After selecting the most relevant
articles, the query results from Scopus, Google Scholar, IEEE and ACM
databases are shown in Table 2-1, containing the summary of the number of
articles extracted per year from the search expression string and snowballing
search used in this paper for analysis purposes. We set a criterion for the relevant
article's inclusion in the review. It must include either one or the combination of
the following words: “Machine Learning”, “data”, “flight”, “delay”, “passenger”, and
‘prediction” in the abstract, having at least one Google Scholar citation per year

to April 2023 inclusive.
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Figure 2-2 Taxonomy of Passenger Experience Problem

The taxonomy's components are discussed in Section 2.3.1 about this review

paper's targeted objective, passenger experience.
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Figure 2-3 Procedure for Snowballing Search [46]

For traceability purposes, only one iteration is performed for backwards and
forward snowballing to identify new papers included in the pile of papers that will
go to the next iteration phase. We repeated the process until the end of the review

with the process in Figure 2-3.
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Table 2-1 A summary result of extracted papers for analysis

S/No. Search string Year Number of
articles
extracted
1 ( “Machine Learning” A “data” A “passenger 2020 01
experience”)
2 2016 02
(“Machine Learning” A “data” A “flight delay” n 2017 01
“prediction”) 2018 01
2019 04
2020 01
3 2010 01
2011 02
2012 02
("Machine Learning” A “flight delay” A 2013 01
‘prediction”) 2015 02
2016 04
2017 02
2018 08
2019 18
2020 02
4 2012 01
2015 01
(“data” A “flight delay” A “prediction”) 2016 04
2017 03
2019 05
2020 01
5 2017 02
("Machine Learning” A “data” A “airport 2019 02
passenger flow” A “prediction”) 2020 01
6 ("Machine Learning” A “airport passenger flow” 2017 01
A “prediction’) 2018 01
7 (“data” A “airport passenger flow” A “prediction”) 2017 01
8 (“data” A “flight delay” A “prediction”) 2021 03
9 (“data” A “flight delay” A “prediction”) 2022 08
10 (“data” A “flight delay” A “prediction”) 2023 02
8 Snowballing search technique 160
Total Extracted Articles 200

The snowballing search procedure summary is shown in Figure 2-3. It has
steps such as the starter set, which looks at the initial set of keywords and search
expression strings that will be applied; the start set of papers will be included in
the major challenge. At the snowballing stage, there are two significant steps

which are the backward and forward iterations. The backward snowballing
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involves using a reference list to identify which new paper can be added to the
original list. It is done by scanning the already-used list of papers based on criteria
such as language, year of publication, and type of publication. The next step of
the snowballing stage is the forward snowballing stage has to do with choosing
papers based on the types of papers that cite them. Google Scholar citations are
being used to examine the citation level of the inclusion papers. After this is done,
the paper's abstract is read to check for keywords of interest; if this is satisfied,
then the next stage of inclusion or exclusion is performed. At the stage of
inclusion or exclusion, the target is to include the right papers. If any paper
included is discovered not relevant, it is then excluded. Only papers that satisfy
the inclusion criteria are used for the paper's analysis aspect.
2.3.1 Problem

The taxonomy is formulated with four components. The components, the
problem, are the core because they form the foundations for finding solutions in
any field. From Figure 2-2, there is three major passenger experience problem
formulated in this research which is as follows: baggage handling, flight delay
prediction and passenger flow prediction or crowd control [47]. Based on the
research'’s primary focus, the authors try to solve any three passenger experience

problems by developing models in line with the set objectives.

Baggage handling

Baggage or luggage handling is one of the significant contributors to the
quality of the airline or airport. Because of the constant competition increase in
the air transport industry, there is a constant need to improve baggage handling,
causing severe pressure on the airport/airline companies. The baggage handling
system is highly technical; this may cause the temptation to focus only on the
airport management's technical aspect [48]. Despite all the approaches given to
the system being designed to handle the peak flow bottleneck, it may make the
system large and unnecessarily complicated. Therefore, researchers try to
propose a process view that considers the entire process chain's optimisation to
prevent the bottlenecks' occurrence as much as possible. Several parties
involved in baggage handling cause some bottlenecks because of their peculiar

demands on the process. The parties are Passengers, airlines, airports, security,

22



and handling agents [49]. This challenge is to conduct more research and
develop more technologies to help handle the problem in the future to improve
the passenger's experience by minimising the bottleneck caused by different
parties in the process as much as possible.

Flight delay and propagation prediction

Flight delay and it propagation prediction is a huge topic of interest that has
received much attention from research over passenger experience improvement
research. Airlines and industry partners have invested lots of funds to build
Machine Learning models to reduce the bottleneck as minimally as possible.
Some research done in this area is [5, 11, 56-65, 34, 30, 35, 50-55, 66-71, 79,
80-82, 90, 91, 92]. Based on this review, we have identified three major problems
that researchers have been trying to improve over the years. They are as follows:
root delay, delay propagation, and cancellation, as indicated in Figure 2-2.
Selected features for model training

In the field of Machine Learning, the selection of appropriate features plays a
crucial role in model training and performance. Itis a process that requires careful
consideration and expert analysis to identify the most relevant features for
accurate predictions. This is true both for the research conducted in this thesis
and the expert feature selection observed in the extant literature.

Table 2-2 serves as a comprehensive overview of the selected features for
training machine learning models in this thesis, alongside the expert feature
selection found in the extant literature. It provides a valuable reference point for
understanding the significance and impact of feature selection on model
outcomes.

By examining the selected features in Table 2-2, insights can be gained into
the variables and attributes that have been deemed essential for successful
model training. This comparative analysis allows us to identify commonalities,
patterns and areas of divergence, providing valuable guidance for future research

in the field of flight delay predictive modelling.

Table 2-2 Selected input features for this thesis and other expert opinion selected

features in literature
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[83] [82]

[12]

X X X X X X X X X X X X X
X X X X X X X X X X
X X X X X X X X

Where the column full title are as follows T= This Thesis, Y = Year, M=Month,
DOM=Day of Month, DOW=Day of Week, DT=Departure Time, SDT= Schedule
Departure Time, AT=Arrival Time, SAT=Schedule Arrival Time, UC=Unique
Carrier, FN=Flight Number, TN=Tail Number, AET=Actual Elapsed Time,
SET=Schedule Elapsed Time, AD=Arrival Delay, DD=Departure Delay,
O=Origin, D=Destination, DT=Distance, TI=Taxi In, TO=Taxi Out, C=
Cancellation, CD=Carrier Delay, WD=Weather Delay, NASD=National Aviation
System Delay, SD=Security Delay, LAD=Late Aircraft Delay.

Cancellation and Root Delay

The transport network's performance has been impaired, considering the
occurrence of a new delay (root delay). The researchers are developing
prediction models to handle or tackle root delay and predict the sources, reasons
and when a delay occurs. It includes models seeking to efficiently estimate the
probability delay for an airline or airport and flight in minutes to set proper
measures for such cases.

Some researchers focus on estimating the delay duration [35, 55]. Some
researchers focus on innovation distribution and probabilistic models for delay
estimation [72, 73]. Conditions for the occurrence of root delay are of more
interest to others, such as fares, flight frequency, taxi-out time, aircraft size, and
passenger demand [25, 74—77]. There are circumstances, such as God's act and
weather conditions, leading airlines to cancel their flights. Airlines' direct
cancellation may occur when factors like cost savings or seat occupancy are

considered [5].

Passenger Flow Prediction
Passenger flow prediction has become more pertinent due to high economic

development acceleration in recent years. People place higher requirements for
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travelling. Aircraft as essential transportation means that experience of massive
data from traffic increases in various airports. An airline network links large and
medium cities because it is an essential transportation means. Passenger traffic
in airlines and airports are vital resource [93]. Air resource configuration can
improve when the airlines' temporal and spatial distribution is adequately
analysed [94]. When passengers are rationally allocated into the proper flow,
such as departure flow, it will helpfully use the airport system resources and
optimise the flight flow.

Accurate prediction of passenger flow using historical data will be essential to
improving the passenger experience. It will also help in passenger flow planning
decisions. Some researchers have tried to analyse passenger flow factors at
different locations and times through network data and questionnaires [95-97].
However, research on airport passenger flow has received little attention, unlike
the research on bus park passenger flow, which has received much attention [98—
100], to mention but a few. Therefore this indicates the gap that needs more
investigation now and in the future [101].

2.3.2 Scope

A different air transport system source can cause passenger experience
problems affecting airports, en route airspace or an ensemble, and airports. For
analysis, only one or any combination of the mentioned actors may be considered
based on having a simplified system. The problems discussed in Section 2.3.1
may be combined with any application scope in building a model that can help
improve passenger experience problems [5].

Predicting delays models by some researchers focus on all en-route airspace
and airlines indifferently for all the departs delay [102, 103]. When the main target
is investigating efficiency based on all carrier delays in airports and being focused
upon [104-108], only the airlines are considered when comparing two airlines
based on the same conditions [109].

The relationship between delays and congestion was studied and understood
through ensemble en-route and airport [110-112]. In contrast, others consider

airlines and airports to evaluate airlines' capacity and decisions [113]. Ensemble
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scopes can have many possibilities. When targeting root delay, studying the

dynamics of transportation systems becomes essential.

2.3.3 Data

There is an inevitable question about every piece of data that is generated for
improving passenger experience problem considering the five V’s characteristics
of Data, which are: volume, this has to do with the various sizes of the data
ranging from Terabytes, Exabytes, and Zettabytes and beyond, veracity, this has
to do with the various uncertainty, incompleteness, and inconsistency of the data;
velocity, this has to do with the rate and method in which the data is generated
such as is it in batches, real-time, or streaming; variety, this deal with the nature
of data looking at properties such as structure or unstructured; and value, this
looks at what the final result will help gain from the data analysis such data into
money or data into actions. They are: Where can we find the most appropriate
data? Which attributes of the data should be considered? Can each datum be a
source for better results? Answering these questions can be related to the three
passenger experience data branches, as shown in Figure 2-4. These are (i)

sources, (ii) dimension, and (iii) management.

Sources of Data

Airport passenger experience data from the air transportation systems are
related to airports or ensembles, airlines, and passengers. Databases of airports
and airlines are not shared among the entire community; only those institutions'
collaborators use them. Ensemble datasets sometimes include airports, carriers,
regulatory authorities, service providers, and additional government agency
information. Table 2-2 lists some datasets in the regional order. Many
publications are presented using the datasets, and the topmost cited are
indicated in each category. Government agencies provide different granularity of
public access databases. It is worth stating that the most widely used datasets to
obtain information about flights are provided by The US Department of
Transportation through The Bureau of Transportation Statistics and The Federal
Aviation Administration (https://www.transportation.gov; https://www.bts.gov/;
https://www.faa.gov). The United Kingdom Civil Aviation is another primary
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source of datasets for the air transport system supported by the London
Datastore and Office for National Survey (https://www.caa.co.uk;
https://www.ons.gov.uk/; https://data.london.gov.uk/). Eurocontrol provided the
Europe intergovernmental organisation database (https://www.faa.gov). It is also
more focused on studies dealing with passenger experience through flight delay

studies.

Other related datasets exist to handle other factors that help build the passenger
experience models, such as weather, which may be provided by private service
providers’ databases or government databases. For example, the US National
Oceanic and Atmospheric Administration, the US Department of Transportation
Statistics and the UK Met Office. Weather Companies are used to develop some
models by researchers from different sources. (https://www.noaa.gov/;
https://www.transportation.gov/; https://www.metoffice.gov.uk/services/data).
Synthetic datasets are created by some researchers for their models' evaluation
instead of the use of datasets provided by these agencies responsible for real-
life such datasets, for example, a scenario of the market with consideration of
link, airport capacity, frequency, passenger demand, and flight characteristics by
Zou et al. [149-151].

Table 2-3 Air transportation system real data sources per region

S/No. Region Airline Airport Ensemble
1 Asia 01 01 02
[26, 71, 120, 121] [122, 123] [124,125]
2 Brazil N/A N/A 02
[5, 126, 53]
3 Europe 02 07 07
[127, 127] [128, 129, 130, [132, 134, 85]
131]
4 United 05 11 07
Kingdom [85, 135, 136] [135, 136, 137] [85, 105, 138]
5 United 07 16 11
States [139, 140, 141] [40, 142, 143, 144] [113, 145, 146, 147]
Dimensions

Based on the papers we analysed and the available public datasets, we
organised seven main standard classes of attributes used to build models for

passenger experience Improvement in the past, as shown in Figure 2-4. These
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attributes are an abstraction of the input attributes mainly applied in building
models for prediction in any passenger experience improvement research related
to flight delay prediction, passenger flow prediction or baggage handling, which
are the focus of this review article. Several characteristics depend on the
research's focus beyond arrival and departure times.

The positions taken by an aircraft, such as arrival and departure airports,
regions, countries, and cities, are referred to as its spatial dimension [152—-154].
Data's seasonality and periodic pattern are often seen as its temporal dimension.
Time (Time of the day or the day) and date (Day of the week, month, and season
are both characteristics of these elements [37, 54, 56, 79, 81, 155]. The weather
explains the external and environmental conditions at a particular time [110].
Specific features such as visibility and ceiling may be represented by defining
instrumental or visual conditions during take-off or landing [128]. Several short-
term parameters are contained in airport weather situations (i.e. surface weather)
and en-route weather situations (i.e. convective weather) [101, 156-158].

In baggage handling, the detail of the passenger who owns the baggage and
the total number of baggage that must not exceed the maximum acceptable
weight allowed per passenger is indicated. The record of the passenger indicates
the passenger's socio-demographics and trip details. Other retail detail details
are kept based on the total non-aviation income amount within a specific window
under consideration. While in planning, critical resource involves the operations
of airports, airlines, and traffic controllers. Flight plans, airport schedules, and
airport schedules are included in this dimension. The airline schedule defines the
origin and destination points, their sequence and frequency, and aircraft and flight
crew allocations [50, 71, 144, 159-163]. The airport schedules indicate the take-
off and landing each time, while en-route parameters dimensions such as route,
speed and height, and distance indicate the flight. The features represent
characteristics of aircraft or airports and airlines. Major, affiliate low-cost point-to-
point or traditional hub-and-spoke are represented by features. The size, number
of seats, and aircraft occupancy may affect market decisions and constrain some
operations. The number of runaways and service providers is represented by

airport infrastructure in the air facility, as shown in Figure 2-4.
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The specific operating conditions in which the system's state indicates airports or
en route, airlines, are now. Some prior levels of delay or airport closure of airport
examples correspond to the research by Zonglei et al. [164]. The information of
the system predicts the behaviour of the system. Lastly, en-route and airports,
demand and capacity are related operations. A congestion scenario could be

formed when demand exceeds capacity, which causes delays [101, 165, 166].
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Figure 2-4 Passenger Experience Data Model

Management

Over the last decades, databases to store the enormous data generated by
various sections of human activities have increased. Therefore, this has made
managing this data more crucial for efficiently and conveniently handling queries.
The database system design enabled a structural way of integrating data from
different sources, transforming the data, and eliminating inconsistencies. For this
purpose, developing a data warehouse that supports managing data and online
analytical processing (OLAP) will be useful. In Section 3.3.1, it was stated that
different sources of data might be employed. Therefore, to link these different
data sources, using a data warehouse with the Extract, Transform and Load

(ETL) methods are needed for better and optimised solutions [5, 167].
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Several data pre-processing techniques can be applied to generate datasets
from passengers, flights, and aircraft. Removing outliers from data is one of the
major tasks in data cleaning. Anomalies may be caused in the model results by
outliers from extreme conditions if only regular operations are the concerning
attributes during model building [113,168]. When attributes with less correlation
are removed from the dataset, this process is called feature selection. Even
though attributes with high correlation but irrelevant can cause overfitting in the
model or negatively affect prediction performance by reducing the predictive
accuracy [169, 170]. Because better models are generated or built when the input
data are pre-processed correctly and efficiently, this shows how vital the pre-
processing data stage of predictive model design can be in the real sense.

Another critical stage in the activity of predictive model design is data
transformation. It consists of data discretization and normalization, among others.
Data discretization involves using representative labels to replace numerical
values, such as transforming periods into time bins. When values are bin helps
them cope with the computational limitation of packages or optimize prediction
models' training. In contrast, data normalisation reduces the values range to a
well-defined range of values, such as 0 to 1 or from -1 to 1, to avoid
inconsistencies, causing errors during model building. It helps equalise the
variables' strengths and helps the Machine Learning methods be applied to
identify which variables are more relevant. All these data pre-processing
techniques are most important when using Machine Learning models for the
predictive modelling task [83, 111, 171-174].

Grouping related items of datasets together such that the same group's data
items are highly related but are dissimilar as possible from another group's data
items is known as clustering. Research in the clustering area where different
clustering methods, such as k-means, k-medoid and hierarchical, is used as a
preliminary stage in the predictive model task [34, 37, 53, 66, 68, 147, 175-177].

2.3.4 Methods
There are several ways of modelling the passenger experience problem. It

depends solely on the research objectives [35, 43, 50, 60, 143, 178-180]. Five

significant categories of the method for solving passenger experience problems
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concerning flight delay prediction, passenger flow prediction, or baggage/luggage
handling deduced from the existing literature for this review are shown in Figure
2-5.
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Figure 2-5 Categories of Methods for the Flight Delay Prediction Modelling

Operational Research

Operational research applies advanced analytics methods such as simulation,
optimisation, and queue theory for better decision-making by the key players
through experts in the field [181]. Airport capacity data may be analysed by
simulation under different weather conditions for arrival and departure [50, 110,
187-190, 112, 127, 143, 182-186]. Each flight delay cost may be evaluated for
an airline schedule improvement [56, 127]. Wieland applied simulation through
queueing models [111, 147, 191]. Also, in root delay predictions by the study
conducted by Kim and Hasan, Takeichi et al. [192, 125]. In contrast, others study
airport demand and capacity effect on delay levels in New York by propagating
delays between different airports [143, 174, 180].

Schedule stability and reliability of delay propagation were analyzed using
simulation [132,187]. Under some external conditions, other researchers
simulated the airport's reliability and flexibility in different scenarios. In contrast,
other researchers solved the problems of congestion propagation and its effects
in an airline on subsequent flights at Los Angeles International Airport by
designing a simple deterministic queuing model that helped analyse and provide
suggestions [14, 71, 81, 189, 193].
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Network Representation

The study of flight systems through the application of graph theory is referred
to as network representation. A model for airline schedule (resources available
and time of flight) using a direct acyclic graph to study the impact of delays on
other networks after detecting the delay's initial cause [194, 195]. The
propagation's effect was evaluated using the classical shortest path algorithm. A
propagation tree model was designed to compare two different airports by
Ahmadbeyagi et al., where one operates on a low-cost point-to-point system and
the other on a conventional hub-and-spoke scheme system [140]. A Bayesian
network for delay propagation was modelled by Xu et al. and Wu et al. [71, 182].
Historical data on flight-track of Europe was used to create a novel model for
propagation delay using a network-epidemic [124, 197].

Probabilistic Model

Analysing event occurrence based on probability using analytical tools to
estimate is considered a probabilistic model. An expectation-maximization with
genetic algorithms to predict departure delay distribution in Denver International
Airport based on a probabilistic model was designed, and congestion
management [20, 145, 197-199]. A transition matrix was used to verify the delay
propagation of subsequent flights and passengers' flow with a probabilistic mass
function for expressing delay classes. The cancellation analysis can cancel a
flight assuming a delay in the previous flight-based conditional probability [138,
200, 201]. Departure, arrival, en route delay, and service quality have been
modelled by some authors using density functions [68, 111, 145]. Poisson
distribution was verified best-fit arrival and en route delays, and Normal
Distribution is best fitted for departure delays. A survival method was used to
study the delay propagation to draw conclusions based on Wong and Tsai's total
root delay propagation [169].

A model for integrating flight scheduling and routing was proposed using
theoretical routing networks. In contrast, a model for the forecast restructuring of
the US airline commercial network aims to reduce individual and total flight delays
with algorithms [185, 202]. A model using the probability of whether or not there
will be a blockage on the terminal route based on the convective weather forecast
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and a simulation for airport runway capacity using Monte Carlo was built by some
authors [203—205].

Statistical Analysis

So many models are under statistical analysis. They are as follows:
Correlation analysis, regression model, non-parametric tests, parametric tests,
econometric tests, univariate analysis (UVA) and multivariate analysis (MVA)
[206]. Understanding the effect of delay propagation by the airlines through the
network to help estimate the incurred cost can be done by both delay multipliers
and recursive models using regression models [37, 52, 215, 216, 207-214]. The
efficiency of flight and passenger flow monitoring systems is evaluated using
econometric models to measure the government agency's investment level. Also,
consider the existing relationship between passenger demand and delays, fares,
and aircraft size and frequency by evaluating the equilibrium point of the items as
mentioned above [220, 149]. An econometric model was designed to understand
why it leads to flight cancellation among potential delay savings, pre-existing
delays, and destination airlines' characteristics. The airport, aircraft size,
frequency, fare and occupancy rate Xiong et al., while Qin et al. looked at the
flight delay rates periodicity and Mofokeng et al. analysed the effect of turnaround
during maintenance [71, 104, 218, 219]. Finally, a model that quantifies the
originating delay point in New York and how it extends to other airports has been
proposed by some authors.

In contrast, others try to check the impact of the capacity on the flow of
passengers to avoid unnecessary costs [147, 220]. Other authors focused on
statistical inferences. A non-parametric function was proposed to evaluate the
efficiency of the United States airports regarding delays [221]. European airports
were used to develop a model that computes the correlation between delay levels
and capacities. The authors proposed different approaches for dealing with
congestion, and the advantages and disadvantages of each were discussed [87,
112,128, 190, 222]. Finally, the daily average of the principal causes of delays in
the Orlando International Airport was proposed by calculating the daily delays
and their correlations [223].
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Machine Learning

The field of Machine Learning is built upon algorithms that can learn from data
and provide predictions and insights for future instances. In recent years, there
has been a surge of research focused on improving air passenger experience
through the analysis of flight delays and passenger flow. Various Machine
Learning methods, including k-means, neural networks, K-Nearest Neighbours,
Support Vector Machines, ensemble methods, fuzzy logic, and Deep Learning,
have been employed for tasks such as prediction, classification and
segmentation [15, 108, 215, 231, 232, 224-230].

Ensemble methods, particularly random forest, have found wide application in
tasks ranging from flight delay prediction to flight classification, passenger
behavior prediction, and baggage handling. Comparative analysis of regression
models over different time horizons within 24 hours has revealed an increase in
prediction errors as the horizons extend. Researchers have also utilized adaptive
network methods to examine the resource distribution nature among different
airport components and monitor peak periods of delays within 24 hours.
Additionally, predictive models for aircraft maintenance have been developed
using these methods [104, 142, 198, 214, 237-242].

Reinforcement learning algorithms, such as Markov decision processes, have
been employed for predicting taxi-out time delays. Impressive performance has
been achieved in predicting delays at Tampa Bay International Airport and JFK
International Airport in New York, with good results obtained 15 minutes before
the occurrence of the delay .

Recommendation systems utilising the propagation delay effect have been
constructed to forecast delays. K-Nearest Neighbour algorithms have been
applied to identify similar events in historical data, demonstrating fast response
times and simplicity as notable advantages of the model. Clustering techniques,
particularly the k-means algorithm, have been employed to segment passengers
based on airport data, allowing for a better understanding of diverse preferences
among travelers [13, 18, 245].

Despite the widespread application of Machine Learning methods in

passenger experience research, there remains a need for more novel
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approaches that can reduce prediction errors and enhance the reliability of
models. Future efforts should focus on developing more robust and accurate
models to minimize additional risks associated with unreliable predictions [13, 18,
245-253, 26, 33, 67, 147, 176, 240, 243, 244].

2.4 Discussion of Results

There are several economic consequences caused to passengers, airlines
and airports because of the problem related to passenger experience discussed
in this review ranging from flight delay prediction, passenger flow prediction, or
baggage/luggage handling failure, early awareness of the occurrence of any
among them through predictions can go a long way to improve marketing
decisions or even satisfaction of both customers and the airports/airlines service
providers [49, 261-267]. Over the last decades, several models have been
designed for prediction and forecast. This model aims to understand how flight
delays, passenger flow problems, and baggage handling issues occur and their
root causes and effects on the whole air transportation stakeholder, from the
passengers down to the airports/airlines owner. Aside from these three points of
looking at the passenger experience problem, the models for solving the problem
could differ from the application scope, issues of data, and methods used to
develop the models.

Figure 2-6 shows the relationship between the years and research on
passenger experience because the number of articles increases as the year
increases. In this particular analysis, consideration was not given to the specificity
of application methods to build the solution from this review's identified list of
methods. Therefore, given a particular year Y and the number of research articles
N in passenger experience. We can formulate a relationship equation between

them as written in Equation (2-1) and Equation (2-2), respectively:
YaN (2-1)

Simplifying further, we introduce a constant K to use equality in the relationship

equation. The equation for the relationship can be written as follows.

Y =KN (2-2)
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Where Y is the year under consideration, and N is the number of research
published in tackling passenger experience problems using the five major
categories of methods identified in this review. K are external conditions that can
be airport/airline passenger management, which means that passenger
experience improvement has been a top priority of every air transport over the
last decades. It will be worth noting that Equation (2-1) and Equation (2-2) are
specifically applicable to the research conducted in this paper alone but not
necessarily to other problems because the change in research directions in a

particular research domain might affect the relationship negatively.
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Figure 2-6 Relationship Between the Year and Passenger Experience
Research Articles

Most of the papers were published in the late 2000s because 89.4% of the
published articles were done between 2007 and 2022. In Figure 2-7a, there is the
list of articles considered for the analysis in this review grouped according to
methods where the massive growth in Machine Learning and data/data mining
methods in the design of predictive models over the last decades can be
observed [28, 105, 154, 268-274]. While Figure 2-7b shows how the methods
have been applied in the three passenger experience problems considered for
this review. Flight delay prediction has received more attention over the last
decades. It is usually due to data available on the problems under consideration.

Most public airport and airline datasets contain flight and airport

characteristics information. Simultaneously, passenger data are mostly kept
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hidden because of the security attached to personal data except based on
industry partners' requests. Research on passenger flow predictions is mainly
generated using modelling or internet protocols at the airport to track passengers'
movement within different time horizons using different scenarios and
assumptions [2]. The research on baggage handling is only a few and the same
reason as passenger flow predictions. From the literature studied, there has not
been exact passenger or baggage data to the public like that of the flights and
airlines records made available by different countries and regions, as earlier
discussed in Table 2-2. On a balancing note, it is more apparent that flight delay
has more work done while passenger flow and baggage handling has had little
or no attention over the last decades [48, 95, 277, 98-100, 181, 185, 190, 275,

276].
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Figure 2-7a and Figure 2-7b show that operational research is the most
applied method in solving passenger experience problems from the late 1990s,
followed by probability models, then statistical, and finally, network
representation. Not until the late 2000s has there not been a serious
consideration of applying Machine Learning in solving passenger experience
problems. Still, since it was introduced in our research, a constant increase has
been noticed due to its high demand in industry solutions development because
Machine Learning methods can train and learn from newly introduced instances
during the model development [33, 37, 278-282, 84, 86, 89, 147, 174, 212, 252,
253].

Because our review is from a data science perspective of handling the
passenger experience problem. The analysis is divided into three categories: the
source of data, the data dimension, and the data management procedure. Based
on the intense literature analysis in this review. We discover that when deciding
which data source is being considered, most authors use data sources from the
region or country where they are conducting the study. Some research based on
data scope as a novelty used specific case study datasets from the concerned
airports/airlines. For example, in the United States, most of the data source used

in the research is from The United States Department of Transportation. China's
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work is mostly on specific airport datasets [33, 35, 285, 286, 68, 69, 111, 147,
189, 252, 283, 284]. There was no direct relationship with the problem type or
application scope of the problem from the data dimension. It is a notable
characteristic in this case. Where capacity and demand, weathers were airport or
en-route scope characteristics. Contrarily, airline elements were scope for airlines
schedules. It is also worth noting that using different attribute combinations yields
different results.

Management of data was not specific to any scope of application or problem.
It has a steadily increasing use due to increased data generated from different
aspects and applications that support passenger experience at the airport. Most
Machine Learning models use data preparation techniques to transform and
improve the data format. The probabilistic models and techniques consider
outliers’ removal for data transformations. Only a few percentages of the network
representation, operational research, and statistical analysis methods used data
management techniques. Historically, building predictive models, operational
research, and statistical analysis were mostly used. They were spread across
well between the three passenger experiences problems considered in this
review. While probabilistic models have similar results, and network

representation is mostly applied in the propagation of flight delays.

2.5 Conclusion, Summary of Findings and Recommendations

Airport/airline passenger experience problems from the perspective of (i) flight
delay predictions, (i) passenger flow predictions, and (iii) Baggage/Luggage
handling is an essential subject of discussion from the literature because of its
impact on the environment and economy of a country. It may increase operational
costs, customer dissatisfaction, and integrity decline for airlines and airport
operators. Aside from passenger-related issues, it is a crucial problem for the
management during the decision-making process for all the players involved in
the transportation system.

Based on this view, researchers have designed and proposed models over
the last decade to handle any passenger mentioned above experience problems.
This review contributed to conducting a study on the methods applied in solving

passenger experience problems by grouping them into three unique groups in the
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airport and airlines from data science and Machine Learning. A taxonomic
analysis of methods applied over the last decades with detailed lists and
explanations of specific methods under the general classes stated.

Two branches, such as data science and domain, were used to build the
taxonomic analysis model for this review. Data science classifies the passenger
experience problem into methods and data management. While the latter
classifies the passenger experience into the domain and scope of the problem.
Flight delay prediction was further classified into three major groups, which are
(i) root delay, (ii) delay propagation and (iii) cancellation.

For the predictive model to improve accuracy requirements, we organized the
problem's data aspect into sources, dimensions, and management supported by
other researchers [25]. According to the studied literature, the methods were
categorised into five classes for simplicity. This grouping was done based on how
the predictive models were primarily designed for specific passenger experience
problems.

From the taxonomy proposed, we design a view of the relationship between
the publications and years of publications and the method applied to solve the
problems. Future trends were also deduced that there would be more Machine
Learning methods than other methods because the world is becoming more data-
oriented. The high intelligence possessed by Machine Learning algorithms in
learning from the vast generated data has helped them have a high level of
accuracy and acceptance in general [287].

In conclusion, it was proven from our study that flight delay predictions had
received more attention. It will be significant for airlines and airport managers to
make policies that publish some data related to passengers, even if not in a
traceable format. It will enable more work in passenger flow prediction and
baggage handling to discover knowledge from the available Data. There is also
a high need for researchers in academics and industries to build data science,
Machine Learning and specialist skills. It is for the proper extraction of impactful
hidden data knowledge through developing highly accurate models for handling
future predictive problems of airports and airlines to improve passenger

satisfaction.
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2.5.1 Recommendations

Based on the study conducted in this review, the following recommendations
and research directions are the possible research gaps that researchers in the
future airport and airline passenger experience problems from the perspective of
a flight delay, flow control, and handling baggage.

I.  The design of hybrid models for predictive tasks will be of good interest
because a hybrid predictive model may introduce a new view and
perspective in the Machine Learning and data research domain.

ii. Research developing more sophisticated heterogeneous data integration
methods can be considered since most study considers a single data view.
Still, there is more increase in the amount of data generated daily than the
world has ever experienced [288].

iii.  The airports and airlines should make available data about passengers
and baggage on a non-identity view to work in crowd control and handle
baggage no matter the level of failure in any of the processes. There is
always massive damage to the passenger and the airports or airlines.

2.6 Research Gaps

This thesis identifies the following research gaps that need further
advancements.

Research Gap 1: More intelligent algorithms are needed to extract the diverse
hidden patterns and insights from the flight on-time performance datasets.
Research Gap 2: The need to extend the literature discussion of flight delays
prediction.

Research Gap 3: More generalisable models for flight delay prediction are
needed using Deep Learning, optimisation algorithms and meta-heuristic
approaches.

Research Gap 4: The need to contextualise air passenger experience with

reliable flight delay classification or prediction models.
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Chapter 3: Exploratory Data Analysis: A Flight On-Time
Dataset View

Airport delays significantly influence passenger satisfaction with their overall travel
experience. This research focuses on conducting an exploratory data analysis (EDA)
of the flight on-time dataset from the US Bureau of Transportation Statistics (BTS),
encompassing the top ten busiest airports in the United States, which serve millions
of passengers annually. The dataset includes on-time performance during departure
and flight arrival. Through EDA, we aim to uncover hidden knowledge and patterns
within the data. The findings highlight the importance of EDA as the initial step in data
analytics, enabling a deeper understanding of feature complexities and relationships
before applying pre-processing techniques for Machine Learning algorithms. By
leveraging EDA, valuable insights and hidden patterns within the dataset can be
discovered, contributing to enhanced passenger experience and operational efficiency
in the aviation industry.

3.1 Introduction

Visualisation of data and graphical statistics is an integration that fits between
several disciplines. There is a startling in organising ideas and thoughts about what
box-provoking uncertainty should reside. Graphical statistics primarily focus on
visualising data with the understanding of variability. It can be crafted beautifully,
elegantly, and interactive to tell hidden stories in data sets. Because of the importance
of time in today’s world, people prefer to utilise their time more judiciously during
travelling by avoiding delays and too much waiting. Most passengers try to book a
flight to avoid spending too much time at the airport.

Also, delays significantly impact the airport’s entire time spent. The airport’s
performance is also affected by too much time spent at the airport, not only by the
passengers. Furthermore, when a city has two airports, passengers will always prefer
to use the less congested airports to avoid delays [1]. Losing a passenger means a
fall in revenue for any airport. In airports and transport security and administration
(TSA), one of the key performance indicators is the waiting time because 740 million
passengers were expected to be screened in the USA in 2016 by the TSA [2,3].
Passenger satisfaction is not impacted by the wait time [4, 5]. There are other
operations at the airport. With a higher waiting time, passengers are more within the

airport facility, which means the facility running is increasing because of its challenges
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[6-8]. There are unexpected delays that cascade delays that lead to high wait times
and add pressure to more passengers on the staff's service level.

One of the most challenging aspects of Machine Learning model training and
development is clearly understanding the data and how to define the problem [9-13].
This data clarity is essential to the process because it cannot be built successfully.
Data exploration without any prior assumption reveals the ground truth about data
content.

3.1.1 Deriving Intelligence from Data

Identifying the unique nature of the data under consideration is crucial. There are
different data types, and each has an unconventional method of handling them before
applying them to any model development. Different data stored by different disciplines
contain different information and purposes. For example, aviation industries contain
data strictly related to passengers’ processes and activity, including sensor aircraft
records. A dataset has different observations about the source from which it is
generated. Our datasets contain numerical, discrete, continuous and categorical
combinations.

i.  Numerical form: There is a sense of measurement in this data, for instance,
departure/arrival time, actual elapsed time, and distance covered, among other
essential features. It is also known as the quantitative data nature when used
in statistics. It can be discrete or continuous. Discrete numerical data: This is
listed and countable data. They are fixed and distinct. For example, the number
of passengers on board could be 1,2,3,4, ..., n, while continuous numerical data
is when data can have an infinite value within a specific range. Describe a
variable that continues, for example, the delay between arrival and departure.

ii.  Categorical form: This represents object characteristics, for example, whether
a flight is delayed or not. It is also known as qualitative data nature. There are
several categorical data applications, such as male and female passengers. It
contains limited values and is of different types, including binary or categorical

polynomial data.
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Figure 3-1 An Exploratory Data Framework

Airport passenger experience depends on all the aspects of the services provided
in the airport. Still, due to limited methods and concentration on specific airports or
airlines, the on-time flight delay records contain so much information currently
underused in finding solutions to improve the airport passenger experience. This paper
performs an exploratory analysis of heterogeneous flight on-time records to find
hidden patterns that could be used to design Machine Learning predictive models. It
is vital because of the best architecture to use in developing the model. After this stage
of analysing the architecture development for testing, our data will be done [15,16].

Passengers will be encouraged to prefer air travel to other transportation means
with sufficient knowledge of their travel plan [17, 18]. Hence, having a good exploration
of data before data preparation will provide more insight into model training, provide
more robust predictions for passengers during bookings, and allow passengers to
spend time on other leisure activities. Also, reducing wait time makes an airport rate
high sentiment during passengers’ reviews. This paper analyses exploratory data on
flight delay on-time records from the US BTS. This research presents a step to finding
data patterns and presentation using Python programming with great data
visualisation techniques.

3.1.2 The Problem

Data visualisation challenges have become more apparent with the increase in
data from different activities by humans daily [17,18]. Good data plots from data are
indispensably wrangled with the ability to be able to manipulate attributes accurately.

Different philosophies about “data” exist depending on the person involved. However,
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this paper looks at data problems from complexity rather than variable terms and the
number of instances alone. It is because data of many variables are stored in an
organised related table, perhaps a database with neglected massive records for years
or data for business collected and stored in new systems such as Hadoop. Humans
are potentially being informed about the world through data to improve business
operations’ learning efficiency, improve health care service delivery, improve tennis
games to champion level through the correct statistics and Artificial Intelligence
methods, and suggest the right network for social media.

The rest of the paper is organised as follows: Section 3.2 discusses related
concepts, Section 3.3 describes datasets applied in this research, Section 3.4
presents the approach for analysis, Section 3.5 presents discussion and visualisation
graphs with their comparison, section 3.6 discusses the limitation and future direction

of this research and Section 3.7 contains the conclusion.

3.2 Related Work

The scarcity of papers on data visualisation cannot be overemphasised and is likely
to be the most statistical journals candidates. Over time, data evolution has been
highly interesting due to its importance in decision-making in all human living areas.
They contain the candid picture of reality in their hidden formats until adequately
mined. When dealing with time-oriented data, it is good to understand the inception
for a better exploratory analysis. Insights and understanding of data are derived from
detecting the patterns and trends in data. This analysis description does not override
the fact that there is another essential visualisation task: checking the data element’s
existence, locating the elements in time, and checking the change rate.

Several data are time oriented. Stock exchange data is such data, simulation data,
census data, and flight on-time data. However, temporal information can also be
contained in photo collections, news articles, or project plans. Theoretically, the same
approach can be used to represent all time-oriented datasets. Nevertheless, looking
at it from a practical point of view, each data contains some uniqueness that makes
them unique and will require a dedicated visualisation. For example, Flocking Boids is
the best visualisation for stock exchange data [4,19—-21]. Simulation data is better
visualised with SimVis [4]. While ThemeRiver can be best for analysing news articles
etc. When dealing with simple data and analysis, the mentioned methods outperform
most specialised techniques due to their simplicity in learning and understanding.
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However, time is considered a variable with one quantitate in many cases. For
example, coordinates in parallel are not less except for their individual properties.
Therefore, traditional methods do not establish direct connection visualisation of the
time axis and multiple variables and allow direct exploration, interactions, and glancing
of time data which is essential for a successful visualisation analysis.

Different approaches have extensively discussed visualising time series data in the
literature. This paper applies the graphical statistics visualisation method for
visualising time series [22—-24]. The authors in [4] discussed an example of the
calendar and cluster-based univariate time series data on different aggregations. The
authors’ survey discussed technical challenges with the constant increase in data and
various visualisation forms based on information visualisation [17]. Using an
exploratory analysis technique, the authors assessed a multinomial logit regression
on passenger satisfaction levels and security screening for USA airports [2]. A model
for airport security policies and operational planning performance, including wait time
attributes and passenger satisfaction, was discussed [25-27]. [28, 29] discussed
passenger arrival and departure flow based on general-purpose airport visualisation
and simulation techniques. The authors in [32] extensively discussed a case study of
managing passenger queues based on simulation models in an international airport in
Australia. Many relevant examples of delays avoidance of days and days in a week
based on the ten busiest airports in the USA were provided [30]. Most studies on
exploratory data analysis motivate further exploration and analysis for more insights
into the hidden knowledge contained in the data.

3.3 Datasets Description

The data used in this research to demonstrate our exploratory data analysis
procedure is downloaded from the US Bureau of Transportation provided individual
flight operations data for 2000, which was collected and extracted from October to
December. For the month, the dataset collected included 1,048,575 flights from
different airports. 52.08% of flights were on time, while 42.91% were delayed. Flights
cancelled or diverted did not affect departed or delayed flights, so they were excluded
from the dataset. Features such as Year, Destination, CRS Departure Time, Arrival
Time, and Departure Delay are among the 29 attributes in the final dataset [31-33].

Table 3-1 shows the list of selected airports with their records of instances.
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Table 1-1 Airports dataset information

S/No  Airports Codes  Airports Name

1 ATL Hartsfield-Jackson Atlanta International Airport
2 ORD O’Hare International Airport

3 LAX Los Angeles International Airport

4 SAN San Diego International Airport

5 SFO San Francisco International Airport

6 PHL Philadelphia International Airport

7 PHX Phoenix Sky Harbor International Airport

8 DEN Denver International Airport

9 MSP Minneapolis-Saint Paul International Airport
10 BOS Logan International Airport

The details of the instance’s column are recorded and listed in Table 3-2. The

records are clean of outliers and junks by filtering and replacing missing values

through the integrated datasets record using Python programming language.

Table 3-2 Dataset information

S/No Column Units Details
1 Year Date In four digits formats, e.g. 2000
2 Month Date In two digits formats, e.g. 12
3 Day of Month Date In two digits formats, e.g. 01-31
4 Day of Week Date In one-digit formats e.g. 1 (Monday) - 7
(Sunday)
5 Departure Time Hours and In four digits formats, e.g. 1456
Minutes
6 Scheduled Hours and In four digits formats, e.g. 1456
Departure Time Minutes
7 Arrival Time Hours and In four digits formats, e.g. 1456
Minutes
8 Scheduled Arrival Hours and In four digits formats, e.g. 1456
Time Minutes
9 Unique Carrier Text 2 letters code, e.g. PS
Code
10 Flight Number Numeric Number of flights, e.g. 1454
11 Plane Tail Number AlphaNumeric Plane tail number, e.g. N2343J
12 Actual Elapsed Minutes In two digits formats, e.g. 94
Time
13 Scheduled Minutes In two digits formats, e.g. 94
Elapsed Time
14 Flight Time Minutes In two digits formats, e.g. 94
15 Arrival Time Minutes In two digits formats, e.g. 94
16 Departure Time Minutes In two digits formats, e.g. 94
17 Origin Text 3 letters code eg. LHR
18 Destination Text 3 letters code, e.g. MAN
19 Distance Numeric The miles covered, e.g. 448
20 Taxiln Numeric In two digits formats, e.g. 94
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21 TaxiOut Numeric In two digits formats, e.g. 94

22 Cancelled Binary In two binary formats, e.g. 0 or 1
23 Cancellation Code Text In Alphabets formats, e.g. A, B, or C
24 Diverted Binary In two binary formats, e.g. 0 or 1
25 Carrier Delay Minutes In two digits formats, e.g. 94

26 Weather Delay Binary In two binary formats, e.g. 0 or 1
27 Aviation System Binary In two binary formats, e.g. 0 or 1

Delay

28 Security Delay Binary In two binary formats, e.g. O or 1
29 Late Aircraft Delay Binary In two binary formats, e.g. 0 or 1

Selected Features and Importance

The dataset for input plays an essential role in the visualisation before performing
the data preparation for Machine Learning to obtain an excellent performance from the
model, and the data features selected can be broadly used to determine such
performance. According to prior research, time-series features such as time and date
are mainly included as selected visualisation features [52-55].

The basic time-related features and other important factors may affect the route
flow. The entire flight delay data is a time series in nature. Therefore, the input vector
X containing these features can be formed. Two types of features to define two vectors,
which are impact vector s and time vector t, as in Equation (3-1) and Equation (3-2),

can be written as follows:
t = [ty, t2, t3] (3-1)
s =[s1, S2, S3] (3-2)

t1, t2, and t3 denote the hour of the day, the day of the week, and the day of the month.
Furthermore, the holiday, season, and average flow index is denoted by s1, S2, and sz,
respectively. Thus, the expression for input vector x, as shown in Equation (3-3), can

be written as follows:
x=[n,r,t,9] (3-3)

The flight number is denoted by n within r the air route, and t, s, denotes the time and
impact vectors.

The complicated relationship between the features and air route flow is non-linear
and hard to extract using traditional methods, not dealing with the dataset. Thus,
applying Atrtificial Intelligence techniques to massive datasets to better understand

their relationships becomes necessary for a good Machine Learning discussion.
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3.4 Approach for Analysis

Exploratory Data Analysis (EDA) is a critical procedure for preliminary data
analyses to find patterns, identify anomalies, test hypotheses, and confirm
presumptions [59]. EDA’s main objective is to support data analysis before making
any assumptions. It can help in the identification of obvious errors, the improvement
of data patterns, the identification of outliers or uncommon events, and the
identification of intriguing correlations between variables. The following inquiries
regarding airports, airlines, and aircraft delays in the dataset were addressed using
the EDA. Figure 3-3 shows a commercial airport’s typical flight arrival and departure
sequences. It indicates a typical step involved in the airport’s processes even though
some airports might have some specialise in additional steps on delivering their
services. Information is processed faster and easier in the human brain using graphs
or charts to visualise the complicated relationship and patterns of data [56, 57]. Data
visualisation is a quick and easy concept conveyance in a generalised manner and
different experiment scenarios by adjusting [58]. In this research, since dealing with
data with time in different airports, glancing through the data will not provide patterns
and observations to understand the entire operations’ behaviour. Therefore, it is
necessary to find the relation between the various data points using visualisation and
graphs to help clean the data for Machine Learning models and pattern discovery.
Several parameters impact delays, some of which are: extreme weather (0.72%), late-
arriving aircraft (7.86%), air carrier (5.90%), National Aviation System (7.19%), and
security (0.04%), as reported in 2017 by the Bureau of Transportation Statistics (BTS)
on filing on-time performance of carriers in the USA [59-62], with a similar result in
China [63,64].

To infer the patterns and trends from the enormous data available. We must
analyse the data using the visualisation technique in Python. Section 5 contains the
graphs and a detailed explanation of different attributes of the datasets and airports
by visualisation approach, which captured the entire time series span to better explain
the patterns hidden in the data [43]. It is chosen because of its robustness in dealing
with time-series data to move pattern data in a vertical space fraction required by
common area or line plots [65]. It is helpful to this research because it helps compare
moving values of different types. Our work’s benefit ranges from finding the

possibilities of performing exploratory analysis on some of the most important
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variables and factors contributing to the delay before applying a Machine Learning
algorithm for model training. For instance, not all the variables were applied in the
visualisation results. Still, the correlation shows the relationship level among all the
variables. The following can be considered as the contributions made by this paper:

i.  We consider the possibility of analysing flight delay datasets and quantising
some selected factors for the exploratory analyses. Therefore, we conduct
visualisation analyses. The results show that data from different factors can be
combined to perform exploratory analyses or develop flight delay prediction
models.

ii. Several visualisations of aviation datasets exist. Traditional exploratory
analysis problem is mainly the statistical techniques on specific datasets.
However, to comprehensively find the relationship and better generalisation of
flight delay behaviour across the different factors, it is essential to consider
integrating similar problems from different sources to perform the analysis for
more insight [66—68].

3.5 Visualisation and Discussion

This section discusses the plots from the data to find the hidden insight into better
interpretation and presentation towards Machine Learning modelling and airport
business decision-making over a period showing the inter-relationships between
different variables. Figure 3-2 shows the carriers’ statistics summary, mostly
occupying all the airlines with the green colour followed by the minimal delay having
the orange colour and the extreme delay with the red colour. However, it is worth
noting that the IATA condition for the delay is that any flight departing or arriving later
than 15 Minutes (flights > 15 Minutes) is considered delayed. Therefore, Looking at
the statistics combining both minimal and extreme delays of different carriers will
almost reach the on time at some carriers. The UA has the dominant on-time records,
followed by DL, AA, NW, EA, CO, PI, TW, WN, US, HP, PS, AS, and PA (1). The
display is attributed to the number of flights that each carrier had when considering it.
However, no relationship indicates when high on-time means the delays will be
minimal; instead, otherwise. It indicates delays can grow if adequate measures are not

set to control growth over time.
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Figure 3-2 Statistics of Delays Among Unique Carriers

Figure 3-3 shows correlation matrix plots on the dataset’s variables. It calculates
the level of the relationships among all the existing variables in the dataset. It also
gives a general overall insight into how related each variable is to another. It shows
that in building a model, the highly correlated variables can monitor their performance
across each other. That implies the impact of variables and building any model for
either classification or predictive tasks. The two most crucial correlations of interest
are the arrival and departure delays. We can see a high average correlation of 0.74
between arrival and departure delays. Despite more than 50% correlation, some flights
arrive on time, even with the departure delay.

Nevertheless, it will be worth investigating the departure delay to see how the
models’ performance will subsequently affect the experiment. Also, the correlation
between departure time and scheduled departure time is 0.92; the arrival time and the
scheduled arrival time with a value of 0.87 mean an incredible impact. However,
distance against actual elapsed time and scheduled elapsed time has the highest
correlation of 0.95 and 0.98, meaning that the distance covered is affected by the

elapsed time, respectively, on both actual and scheduled time.
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Figure 3-3 Correlation Matrix of Attributes

Figures 3-4 and 3-5 indicate the average delays of individual carriers (airlines) and
arrival delay time distributions between different carriers. The plot’'s essence is to
reveal the arrival delay incurred by the flights and the departure delays. The extent
and patterns in which each carrier spread the delays across the period under
consideration. In building the model, the delay from departure can be dropped to
investigate by trying to predict and see how well the arrival can determine the
departure delays. Classification can be run across our data to see how the models
perform. It is worth seeing that most delays are around zero and five hundred minutes
of the scheduled arrival time across all the carriers. The arrival delay’s impact on the
departure delay is high from the distribution of the plots of arrival delays on each
unique carrier. It can contribute to up to 50 to 100 per cent of the entire departure delay
in major cases when all other conditions are under control so as not to affect the

operation of the airport’s departure process.
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Figure 3-5 Arrival Delay Distribution of Carriers

Figure 3-6 shows the number of flights across different origin airports. It is
significant because when looking at delays from an origin. The number of flights within
the time of consideration in an airport can significantly affect either the departure or
arrival time of flights due to failure in any process supporting the normal service flow
during the travelling hours. The visualisation in Figure 3-8 will help manage resources
and distribute them among the different airports because airports with more
passengers will require more resources to manage them effectively and efficiently.
The airports’ managers are then provided with better insights from the data by just

looking at it, which is one of the decisive advantages of visualisation statistics. They
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can see how to increase or reduce resources across different services with less effort

and time.
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Figure 3.6 Flights Counts of Origin Airports

Figure 3-7 shows the box plot of delays and actual elapsed time within days of the
week. The arrival delay occurs more within days 1 to 6 of the week, while the departure
delay is spread from days 1 to 7, and the elapsed time is from days 3 to 7. This box
distribution implies that it clarifies which week’s period has high delays in arrival and
departure to control human factors caused by the delay from airports and airlines. The
arrival delay on departure delay is also evident because the departure delay exceeds

the stage where the arrival delay stops.
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Figure 3-7 Box Plot of Delays in a Week
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United Airlines, Delta Airlines, American Airlines, Northwest Airlines, and Eastern
Airlines are the top five airlines in terms of several flights operating in the United

States, according to Figure 3-8.

TOTAL NUMBER OF FLIGHTS BY AIRLINE

s & 3 : 5 8 S e 2

S &

140000

120000

100000

80000

60000

NUMBER OF FLIGHTS

40000

20000

0

PA(1)

UniqueCarrier/AIRLINE

Figure 3-8 Total Number of Flight by Airline

Figure 3-9 shows that the airlines with the most delayed flights are Delta Airlines,

United Airlines, Northwest Airlines and American Airlines.
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Figure 3-9 Total Number of Flights Delayed by Airlines

Of the 58 major airlines that fly domestic routes within the United States, only 13
are examined in the dataset [60, 61]. On the other hand, in Figure 3-10 red horizontal
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line shows that in 2000, the average proportion of flights that were delayed over three
months was 37.53%. Although all 13 carriers exceeded the threshold for delays, it's
important to note that Delta and Northwest Airlines experienced the most delays
despite being among the top 5 airlines in terms of flight volume. The fewest flights are

delayed on American Airlines, United Airlines and Eastern Airlines.
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Figure 3-10 Airline Flight Delay Percentage
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The most popular destinations have the largest arrival and departure delays out of
236 destination airports.

The top five destinations are Chicago (ORD), Atlanta (ATL), Los Angeles (LAX),
Dallas-Fort Worth (DFW), and Denver (DEN). The average delay threshold on arrival
for the top 30 destinations is 5 minutes, as seen by the horizontal dotted line across
the graph in Figure 3-11. However, the graphs reveal that LAX and DEN have a high
average delay, indicating that if you fly to both airports, there is a good possibility your
flight will be delayed. On the other hand, DFW is the 4th most popular destination, with
a very short arrival wait time. The city with the most delays out of the top 30
destinations is by far San Francisco (SFO), with an average of 20mins, where you are

practically certain to arrive late. The same can be said for other cities.
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Figure 3-12 shows a graph that compares the most popular destinations with
average departure delays, with the blue dotted line representing the average departure
time in minutes. The average delay in departure time is between 10 to 11 minutes,
with ORD being the most popular destination, with the longest delays surpassing 14
minutes. In contrast, we can infer that flights departing or arriving in Chicago try to
compensate for late departures by shortening the elapsed time, which appears to work
on average. Conversely, ATL is still in a good position as the second most popular
destination, with a low arrival delay and an average departure delay of fewer than 10

minutes. SFO is once again distinct, with the city with the highest average of departure

Figure 3-11 Most Popular Destinations - Arrival Delay
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Figure 3-12 Most Popular Cities with Departure Delays
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Figure 3-13 shows the number of destinations per airline, with United Airlines being
the biggest of the 13 domestic airlines in our dataset. Here are a few overviews of
everything we know about UA so far. We know that it is the largest airline in the number
of flights. It has one of the fewest flight delays and one of the lowest percentages of
delayed flights amongst domestic and commercial airlines. It indicates they perform

well and would be America’s most reliable and recommended airline.
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Figure 3-13 Number of Destinations by Airline

Figure 3-14 shows the top 20 airports and the flight delays in minutes. Again, San
Francisco tops the chart with an average delay of 19 minutes; this could also be due

to the large flights in the airport.
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Figure 3-14 Top Airports and Average Delay
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3.6 Limitations and Future Directions

This research’s limitation is that data combination might negatively impact the
visualisation of results and the statistical correlation between the datasets whole
variables. Also, the data variables have not been considered to visualise their entire
distribution because we only try to answer the question related to the investigation we
proposed in the delay problem at the arrival and departure. Visualisation cannot reveal
the depth of the hidden patterns in a dataset. It can only be a first step to analysing
datasets. Therefore, the predictive and prescriptive model analysis will be needed to
derive more hidden insights from the data. Dataset for capacity planning and
operational constraints such as airports waiting for layout queues priority and space
utilisation for booths were not considered, which might have also influenced the
visualisation results.

The future extension of the paper can be in any of the following areas:

i. Predictive modelling: Regression models for arrival or departure delays
prediction can be built from the current exploration analysis given the details
like arrival time, scheduled arrival time, elapsed time, and actual elapsed times,
and such models will help in developing hybrid predictive systems for flight
delays which can help passengers in having full knowledge of their trips for
better planning.

ii.  Prescriptive modelling: Aside from “predictive modelling” with regression, using
some non-linear optimisation models to suggest flight timing using the current
behaviour of all the parameters needed. Performing prescriptions through
prescriptive modelling will help airports maintain lower delays and reduce
customer dissatisfaction through flight delays.

3.7 Conclusion

An approach to visualising flight delays from different data parameters influencing
them is also identified for performing a prescriptive or predictive approach through the
correlation matrix statistics. One of the key outcomes expected from reducing flight
delays is passenger satisfaction. Therefore, visualising delay patterns is essential for
thoroughly analysing the consequences of their occurrence. Next is investigating each
airport from its delay monitoring systems. All the various delays can be connected as
a unified system towards a universal, robust delay predictive system for the predictions

to be independent of a particular region being less biased. However, each airport
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needs to understand the peculiarity of delays clearly. A high generalisation model for
all the airports is possible, leading to more accurate predictions if carefully integrated.
Prescribing the number of delays across different airports using models would solve
the problem of optimising the non-linear complexity of the delay prediction system. It
is not straightforward, and each airport needs to be carefully studied before building
the hybrid model. The extension of this research can be to visualise the arrival and

departure of more airports integrated to reveal the delay patterns.
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Chapter 4: A Deep Feedforward Neural Network and
Shallow Architectures Effectiveness Comparison: Flight
Delays Classification Perspective

Flight delays have negatively impacted passengers, airlines and airports’ socio-
economics state, resulting in substantial economic losses. Hence, it has become
necessary to predict their occurrences correctly in decision-making because it is
essential for the aviation industry’s effective management. Developing accurate
flight delay classification models depends mostly on the air transportation system
complexity and airport infrastructure, which may be a region-specific issue.
However, no specific prediction or classification model can simultaneously handle
all airline's and airports’ characteristics. Hence, the need to further develop and
compare predictive models for the future aviation decision system cannot be
over-emphasised. In this research, flight on-time data records from the United
States Bureau of Transportation Statistics were employed to evaluate the
performances of Deep Feedforward Neural Network, Neural Network, and
Support Vector Machine models on a binary classification problem. The research
revealed that the models achieved different accuracies of flight delay
classifications. In the initial experiment, the Support Vector Machine had the
worst average accuracy than Neural Network and Deep Feedforward Neural
Network. The Deep Feedforward Neural Network outperformed Support Vector
Machines and Neural Networks with the best average percentage accuracies.

Further investigating the Deep Feedforward Neural Network architecture on
different parameters against itself suggests training a Deep Feedforward Neural
Network algorithm. Regardless of data training size, the classification accuracy
peaks. We examine which number of epochs works best in our flight delay
classification settings for the Deep Feedforward Neural Network. Our experiment
results demonstrate that many epochs affect the model's convergence rate,
unlike when we increase hidden layers. It does not ensure better or higher
accuracy in a binary classification of flight delays. Finally, we recommended
further studies on the applicability of Deep Feedforward Neural Networks in flight
delay prediction with specific case studies of either airlines or airports to check

the impact on the model’s performance.
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4.1 Introduction
Human social life in modern times has increasingly become dependent on the

aviation industry, and accurate classification of flight delays is profitable but
difficult due to uncertainties and failures that might occur within the processes.
Despite the possibility of using land or sea transport for travel, the efficiency and
reliability of air transportation have made it a better option for most passengers
[1]. Flight delays have increased due to the rapid increase in air traffic and have
become a prominent problem in the aviation industry [1]. The Bureau of
Transportation Statistics (BTS) report states that one out of four flights arrived at
a destination later than 15 minutes [2]. Also, the annual cost of air transportation
delays totals over $30 billion, posing a challenge to the design and development
of the Next-generation Air Transportation Decision Systems (NATDS) [3]. It
motivates the accurate and practical prediction of flight delays, especially on an
individual or group basis.

Flight delay propagation is usually caused by the late arrival of a certain flight
which may cause the same aircraft to depart late and is beyond the limited
airspace capacity delays [4]. Airlines fly their aircraft on a daily schedule itinerary
requiring a visit to other airports; aircraft arriving late in the day significantly
impacts the delay performance after that [5]. For instance, an aircraft delayed for
one hour from the departing airport will certainly delay arriving at the next airport;
the lateness in arriving will affect the aircraft's subsequent departure, leading to
subsequent lateness in aircraft arrivals [6]. The United States (US) National
Airspace System (NAS) is subject to delay propagation, including but not limited
to many resources connected, such as the crew, passenger, aircraft and gate
space. The slack time between departure and arrival is forced to reduce in the
NATSDS due to increasing air traffic demands, making the NAS suffer more
network delays. Therefore, modelling flight delays is key to successful and
accurate flight delay predictions or classifications.

For several years, flight delays have been one of the major problems costing
the airline industry. Several reasons can cause flight delays ranging from weather
conditions (strong winds, winter storms, etc.), late-arriving aircraft, NAS (heavy

traffic volume, air traffic control), security, and air carrier (aircraft cleaning,
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baggage loading, etc.) [7]. Additional operation expenses are incurred when a
flight is delayed, mostly due to increased spending on crews, maintenance, and
fuel consumption. This inconveniences passengers and negatively affects the
overall economy [8]. Flight delay studies have been important research areas
with much attraction, leading to the employment of data analytics and Machine
Learning methods to predict airline flight delays [9]. If airlines could predict flight
delays, a proactive decision could be taken to effectively manage disruptions and
minimise last-minute flight rescheduling, thus improving travel experiences.
Approximately 20% of airline flights are delayed or cancelled yearly, mainly due
to several causes [10]. These delays significantly incur a cost to both passengers
and airlines. For example, in 2007, the US economy was affected by a cost of
$32.9 billion [10]. Over half of that cost accounted for passengers' claims to the
airlines due to incurred delays.

However, there is no superior or optimal solution to the problem of flight-delay
classifications and predictions to date [11]. Several studies attempt to find the
most suitable solutions to flight delays using Deep Learning (DL) methods. These
methods were applied to datasets ranging from weather-caused to non-weather-
caused delays. The use of weather data to predict Beijing Capital International
Airport departure capacity was carried out by Xiangmin in [11]. Both Choi et al. in
[12] and Belcastro et al. in [13] applied weather and flight data for predicting
delays. In [14], weather forecast information of origin and destination airports
were utilised for prediction. In contrast, in [15], weather characteristics such as
wind direction, speed rate, snow depth, precipitation, and visibility were used to
predict flight delays. The author in [16] proposed a Machine Learning model
focusing on weather-induced delays on individual flights. Binary classification
accuracy for a specific individual origin-destination pair can be improved by fine-
tuning parameters such as activation function, the number of hidden layers, and
feature selection. Overall, most of the previous studies have their limitation in
feature selection techniques. This work aims to implement a Deep Learning
classifier for non-weather caused flight delays and compare the performance

against other popular shallow architecture Machine Learning methods.
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We can summarise the contribution of this paper in two points. Firstly, we
introduce a new algorithm that supports classifying both departure and arrival
delays that combines a feature selection method known as filter-based feature
selection from [17] for a multi-label classification algorithm Deep Feedforward
Neural Network (DNN). Based on the BTS flight on-time dataset, we applied a
method to select a feature for optimal model training for high classification
accuracy. Secondly, according to the International Air Transport Association
(IATA), one of the key causes of airline delays is the delayed arrival of an aircraft.
In our model, we have captured this relationship by considering the knock-on
effects. Also, we made a performance comparison for three models, DNN and
shallow architectures known as Support Vector Machine (SVM) and one-layer
Neural Network (NN), on a flight delay classification task.

The rest of the paper is organised as follows: Section 4.2 discusses related
work and main concepts. Section 4.3 discusses the methods implemented.
Section 4.4 discusses data and performance metrics for evaluating and
assessing the model quality. Finally, Section 4.5 concludes and presents future

directions.

4.2 Related Work

Flight delays have been causing numerous problems for both passengers and
the aviation industry [7]. Researchers have used collective efforts in the quest to
address this problem by providing solutions through experimental findings [16].
Despite the huge successes in addressing this problem, there is no optimal
solution. Therefore, there is a need for more research and investigation of the
issue [18]. The authors in [19] developed a methodology for flight schedules. A
clustering approach was employed to group airports into clusters, which were
used as input into the flight scheduling system. However, the author suggests
that the system can be improved using more sophisticated methods in the future.
Fei [20] performed a factor analysis of factual data from irregular flights, which
combines a Gaussian Mixture Model and Expectation Maximisation (GMM-EM)
algorithm. The model was tested on the Air Traffic Management Bureau (ATMB).
It was discovered that the upstream delay positively affects the quality of

downstream delay prediction. The authors in [21] applied Deep Recurrent Neural

94



Network (DRNN) in discussing the architecture of Long Short-Term Memory
(LSTM) and RNN networks. They explored the benefit of stacking the neural
networks and ways of making the architectures deeper using RNN. The use of
deep LSTM-RNN architecture improves the accuracy of the prediction model.
Also, Kai-Quan Cai [22] investigated the problem of multi-objective air traffic
network flow optimisation (MATNFO). A method for systematic searches of flight
routes and time of departure-arrival was proposed. A sequential time slot for flight
routes searched to avoid computational overhead was implemented. The result
of the experiment shows that their approach performs better than SVM.

In [16], the authors developed a model with two phases of prediction as
follows: (i) Delay on departure; and (ii) Delay on arrival. This was for effective
prediction of departure and arrival delays using a schedule of flight and weather
forecast features. A binary classification to forecast delay occurrence and
regression to find delay value in minutes were implemented. Gradient Boosting
Classifier performed best during the classification, while the Extra-Tree regressor
performed best in the regression task. The departure delay prediction has a
higher error rate than the arrival delay prediction. In [23], the author developed a
unimodal model for predicting time delays. Neural networks and the binomial
model with trees were implemented and compared. The author realises arrival
delay and ground operation time as the most significant indicators in predicting
departure delay. In [24], the author implemented the Gradient Boost model for
flight delay prediction. The highest coefficient of determination of 92.3185% for
arrival and 94.8523% for departure was achieved. However, the model was
limited to only 70 airports. Also, the author in [25] implemented a Neural Network
and Deep Belief Network for flight delay prediction. 92% and 77% accuracy were
achieved for Neural Network with three hidden layers of neurons and Deep
Believe Network with four hidden layer neurons.

In this work, we conducted a thorough performance comparison of three
popular Machine Learning methods known as DNN, NN and SVM in a flight delay
classification problem task. Also, to further investigate the performance of DNN

architecture with different parameter settings.
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Problem Definition

Let flight F1 be a tuple (Bo, Bd, tsd, tad, tsa, taa) Where Bo represents the origin
airport, Bg represents the destination airport, ts¢ represents the scheduled
departure time, tag represents the actual departure time, tsa represents the
scheduled arrival time to the gate, while taa represents the actual arrival time to
the gate. All dates, hours and minutes are included in time. As stated earlier, this
research is for the classification of non-weather-induced flight delays consisting
of both departure and arrival delays. The classification considers information
related to both departure and arrival flights (origin airport, destination airport,
departure scheduled time and arrival schedule time) according to the schedule.
The delay classification of any flight F1 departing from airport B, at a time tsq and
arriving at an airport Bg, at a time tsa is an estimated arrival delay AD(F1), while
departure delay DD(F1) is when a flight departs the origin airport later than the
scheduled time. If the delay prediction is below a certain threshold Ty, then it is
classified as an on-time flight. Else, it is classified as being delayed flight.
4.3 Methods

In this section, we describe the ML methods employed in our research. These
are among the most popularly used ML methods in the literature for classification
problems [25, 42]. Table 4-1 shows the parameters and levels used in training
the three methods (SVM, NN and DNN) compared in this research.
4.3.1 Support Vector Machine

Support Vector Machines belong to general kernel methods [26, 27, 28], which
depend on data only through dot products. A kernel function n is used to replace
the dot product by computing a high dimensional feature space dot product of the
data. It has two major advantages: the ability to generate non-linear decisions
with linear classifiers and the ability of the kernel to allow classifiers to be applied
to no obvious dimensional vector space representation data. In modelling SVM,
a hyperplane is constructed to form a decision boundary creating a margin
between positive and negative classes [30, 31]. The SVM model learns the
classification into two classes, given a training set with x; € R? of input vectors

with corresponding y; € {+1, -1} labels.
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A two-class problem of flight delays, having a label of 1 (there exists a delay)
and 0 (there exists no delay). Let x be a vector with elements x;; in our case, the
input features containing i" vector in a dataset composed of n labelled examples
(x;, ¥;) where y; is the label and x; denotes the input variables. A linear classifier
is the dot product between two vectors, the scalar or inner product. Equation (4-

1) defines a linear classifier with a linear discriminant function:
fx)=wlx+b (4-1)

where x is the input variable, w is the weighted vector, and b is the bias. For
the case of b = 0, this means that for the set of points x; such that w' = 0 are
points that go through the origin and perpendicular to w, making a hyperplane
that divides the space according to the sign of discriminant function f(x) into two.
The classifier's decision boundary is the boundary region classified as positive or
negative. A classifier that has a linear decision boundary is referred to as a linear
classifier; otherwise, if dependent on non-linear data is known as a non-linear
classifier [31, 32]

The type of kernel function, the degree of kernel function (d: polynomial kernel;
y: for the radial base kernel), and regularisation constant ¢ form the parameter of
an SVM. We used the approach proposed in [34] to determine efficient
parameters. In our experiment, we applied five levels of d, and ten levels of v,
while both four and five levels of ¢ were tested in the parameter settings. We then
selected the SVM model's best polynomial and radial basis compared to the NN
and DNN models.

4.3.2 Neural Network
Neural Network is a non-linear prediction method and one of the popular

methods applied in classification problems such as stock index prediction, fraud
detection etc. [34, 35-57]. It is referred to as Multilayer perceptron (MLP) or
feedforward NN. The dense interconnected layers help the inputs to activate the
neurons. In this study, we employ a one-layer feedforward NN. The input for the
model is as simple as the same in DNN. We use a single-layer output neuron and
a transfer function, known as a log function, which produces a continuous output

value between 0 and 1. To determine the class of delay, we use a threshold of
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0.5. If the output is greater than or equal to 0.5, this will result in a delay
classification. Using the threshold of 0.5 was the best in producing the most
accurate classification results. Additionally, in line with the work presented in [33,
34, 35, 36, 48], a sigmoid function was employed as a transfer function for the
hidden layers because it was set with the most accurate classification results in
previous research. Gradient Descent was used at each epoch to adjust the
weights to attain a global minimum.

The NN has several numbers of hidden layers neurons (n), the learning rate
value (Ir), the number of epochs (ep), and the momentum constant (mc). To
determine the most appropriate parameters, we tested ten different values of n,
nine different values of mc and ten different values of ep. Then, we selected the
best result for comparison with the DNN and SVM. We found that the learning
rate Ir for the top-performing settings in the model was within the interval [0.1,
0.2].

4.3.3 Deep Feedforward Neural Network

A Deep Feedforward Neural Network consists of at least an input layer, two
or more hidden layers and an output layer. Several functions are attached to
DNNs [29, 40]. For instance, We might have five functions f, @, f& {4 and ®)
all in a chain connection forming a function f(x) = (f®, 4, {3, {@  {1)(x)). While in
this case, f M is known as the first layer, f @ is known as the second layer, and it
continues until the final layer, which is called the output layer. The output layer is
the same for either classification or regression tasks matching the output space.
The overall length of the network of the chain gives the model depth. The term
Deep Learning comes from this concept. We employ classical feedforward
architecture as shown in Equation (4-2). The neurons in previous layers are fully
connected with all neurons in 1 + | subsequent layer with a weighted directed
edge. Also, a bias unit connected to all non-output layers of the network serves
as the subsequent layer's activation threshold. Each weighted combination of y

of the n; Each neuron receives the neuron outputs in the previous layer | as input.

v=Xt,xw;+b (4-2)
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where w; represents the weight of the output, xi and b represent the input and
bias, respectively. The activation function a transforms the weighted combination
y so that output signal g(y) is relayed on subsequent layer neurons, represented

as in Equation (4-3).

a=g() = Q(Z?il xiw; +b ) (4-3)

where a is the activation function, g(y) output signal, w; are the weights, and
b is the bias that we adjusted during the training process of the network manually
based on some rules until an optimal result is obtained. Following the work
proposed in [42], we used the Sigmoid activation function on all the other layers
except the output layer, where a SoftMax activation function was applied to
constrict real value into [0, 1] based on our target output. These activation

functions can be represented in Equations (4-4) and (4-5).

1
1+e7Y

a=g() = (4-4)

eY
a=gy)= SE o (4-5)
where e™Y, e¥ and eY! are the exponential decay of input values and k, | are the
initial value and terminating value during training. But the sigmoid activation
function is a differentiable function as shown in Equation (4-6) where g’ are the

decomposed function and all other parameters maintain their usual meanings.

o) Y 1 v _ 1 e Y ~
@ 9 (1+e7Y)2 1+e7V (1+e7Y) 1+ e (1 (1+ e—v)) g(Y)(l

g) (4-6)

Let W be the collection of U!Z] w;,, where w, is the weighted matrix that
connects two consecutive layers | and | + 1 for a network with L number of layers.
Similarly, assume B to be the collection Ui=] b, with c1 column vector of biases of
| layer. The output of the entire DNN network is fully determined by the collection
of W and B as shown in Equation (4-7). We adapt the weight accordingly to
minimise the error in training on the data. Specifically, the objective is minimising

some loss function L (W, BjJj) for | set of training examples. We are solving a
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classification problem related to flight delays, and the cross-entropy loss function

in Equation (4-7) is applied.
L W, Bli)= —Zyeotn (o) + tn(1 - 00)(1 - ) @-7)

where the output units are represented by y, o represents the output layers,

o)

y~ Iis the predicted class, and tj(,j) is the actual output class, for instance, j. We

used Stochastic Gradient Descent (SGD) to minimise the loss function. Also, we
employed Backward Propagation to calculate the Gradient loss function L(W, B|j).
Since the input variables are simple (e.g., seven variables), we used a
straightforward architecture of deep feedforward neural network as shown in
Figure 4-1, where the input layer, hidden layers and output layer. Figure 4-1
shows that the interconnections between hidden neurons can be complicated
during training because of the random value generation for the weight and bias
at each training epoch. This is one of the interesting aspects of dealing with deep

neural networks.
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Figure 4-1 Architecture of Deep Feedforward Neural Network [43]

Table 4-1 shows the parameter settings used for each method during the
model training. These parameters are specific to each of the model's architecture
and are fine-tuned to optimise the expected output of the models. This is
important in every Machine Learning task because the parameters have the
overall control of any model before applying a special optimisation algorithm if
needed. Table 4-1 shows that the three Machine Learning methods SVM, NN
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and DNN implemented in this paper have their architectural characteristics for
both the linear learner (SVM) and the non-linear learners (NN, DNN). DNN is an
extension of the NN in trying to improve the learnability of the model with more

layers and fine-tuning parameters.

Table 4-1 Parameter settings for SVM, NN and DNN

S/No. Method Levels
1 SVM polynomials
Kernel function degree (d) 1,2,3,...,5
Kernel function Gamma (y) 0,0.1,0.2,...,5.0
Regularization (c) 1, 10, 50, 100
2 NN
Epochs (ep) 1,2,3,...,10
Learning rate (Ir) 0.1,0.2
Momentum constant (mc) 0.1,0.2,0.3, ...,09
Number of neurons (n) 10, 20, 30, ..., 100
3 DNN
Epochs (ep) 1,2,3,...,10
Learning rate (Ir) 0.1,0.2
Momentum constant (mc) 0.1,0.2,0.3,...,0.9
Size of Mini Batch 56,7,...,15
Hidden layers sizes 2,3,4,...,10
Activation functions Sigmoid/SoftMax
Number of neurons (n) 10, 20, 30, ..., 100

4.4 Discussion of Results

In this paper, we evaluated individual flight delays for each one of the methods
discussed earlier. The performance of SVM, NN and DNN was measured in the
experiment in classifying flight delays to find out which of the methods performed
best in our case. We also explored the differences in data handling of these
methods during model training. To find out this, we conduct a binary classification
problem using the three methods to classify individual flight delays into a class of
all flights that depart or arrive 10 minutes after the scheduled period to be

considered delayed, otherwise not delayed.
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4.4.1 Experimental Setup

We conducted repeated experiments to clarify the factors influencing the
predictability of the simple ML classifiers (SVM, NN). Figure 4-2 shows the steps
in the general experiment. The implementation was performed using Python
programming language and relevant libraries embedded in Jupyter Notebook
version 6.0.1 [40] on a Graphics Processing Unit (GPU). Detailed information
about the software environment is provided in Table 4-2.

Raw on-time dataset

v

Data cleaning

—

Feature extraction —» Data pre-processing
Training set j Test set
{ Data set construction
Model parameters Classification Reszults
Models —»

Classification Modelling

Figure 4-2 An Overview of the Experiment Steps

Table 4-2 Software environment information

S/No Name of library Version
1 keras 231
2 numpy 1.19.5
3 pandas 0.25.1
4 itertools 0.25.1
5 matplotlib 3.1.1
6 sklearns 0.22.2.postl
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7 tensorboard 2.11

8 tensorflow 2.1.0
9 tensorflow-gpu 2.0.0
10 ipython 7.8.0

Dataset Description

Table 4-3 contains the factors that influence the predictability of the flight delay
classification. A real-world dataset for flight on-time data from the US BTS [14]
was used for the three models evaluated in this research. The flight on-time
dataset used covers a time from January to December 2018. More than 100
arrival and departure airports are covered in the data, with more than 150,000
training samples. The weather feature was not considered because of its low
impact on predictive accuracy improvement [12]. A preliminary dataset with a high
probability of flight departure and arrival delay was selected. The original dataset
contains 21 factors. However, some factors were removed due to their
irrelevance in our targeted output. The summary of the employed factors is
presented in Table 4-3.

Table 4-3 Dataset factors information

S/No. Factor Unit Detall
1 Flight departure Text 3 letters code eg. LHR
and arrival airport
2 Scheduled flight Hours and Minutes In four digits formats eg.
departure and 1456
arrival time
3 Flight number Numeric Flights number eg. 1454
4 Actual departure Hours and Minutes In four digits formats eg.
and arrival time 1456
5 Unigue carrier Numeric 3 letters code eg. PS
6 Scheduled and Numeric In two digits formats eg. 94
actual elapsed time
7 Departure and Numeric Number of flights eg. 14
arrival delay

Dataset Cleaning
We deleted incomplete data. The data may not have a complete record due

to message transmission problems. Also, obvious abnormal features were
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deleted in the quest to improve the accuracy of the model classification in the
training set:

I.  Duplicate data in the departure and arrival airports.

ii. Data with a very long delay time.
Feature Extraction

The feature extracted for this research is from the factors affecting the

classification of flight delays using Algorithm 4-1. Flight plan formulation is subject
to many departments, such as airlines and airports, which all parties are
interested in, even with their restricted factors. The features are extracted based
on their impact on either the departure or arrival flight delay before applying some
pre-processing techniques to fine-tune the input dataset for the ML model

training.

Algorithm 4-1: Feature Extraction Approach

1: Procedure:

2: |begin

3: |Read data

4: for 1 to N features do

5: select the best feature subset

6: apply learning algorithm

7: evaluate selected feature subset
8: end for

9: |return final selected feature subset

10: lend

Dataset Pre-processing

We had to pre-process the data differently because SVM works with numerical
values, and NN/DNN works with text and numerical data input values. We define
the delay time as the differences between the scheduled time and actual
departure time, and in turn, we then calculate the median delay time. We consider
the delays of scheduled arrival and departure times according to the hour of the
day and date of the month. Finally, the model considers the arrival and departure

airports.

104



4.4.2 Results
We conducted a binary classification on individual flight departure and arrival
on-time records; the comparison of the results of the three ML approaches

evaluated for the flight delay classification problem is discussed in this section.

Performance Metrics

To evaluate the quality of our results, we are using several metrics. The most
significant metric to measure the performance of classification Machine Learning
models is that of Accuracy [32, 40]. Precision and recall are important metrics
because they help further evaluate a model's effectiveness. These metrics use
the notions of True positive (TP), True Negative (TN), False Positive (FP), and

False Negative (FN). More precisely, these metrics are defined as follows:

Accuracy (AC) measures the fraction of predictions that the model classified

correctly [44]. Formally, accuracy can be defined as shown in Equation (4-8):

TP+ TN

Accuracy (AC) = —————

(4-8)

Precision (P) measures the exactness of a classifier as the truly classified
percentage of positives. Is the weighted average of negative and positive
precision [44]. Therefore, high precision means less False Positive and a good

model. As expressed in Equations (4-9) and (4-10), respectively.

TP

Precisionpositive (Pp) = —— (4-9)
PI’GCiSiOI’]negative (Pn) = TNT-iVFN (4'10)

Recall (R) measures the completeness of a classifier as the truly classified
percentage of actual positives [44]. Is the weighted average of negative and
positive recall. Therefore, high recall means less False Negative and a good

model. As expressed in Equations (4-11) and (4-12), respectively.

TP

Reca”positive (Rp) = TPLFN (4'11)
TN
Recallnegative (Rn) = TNTFP (4'12)
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Model Evaluation
In this research, we implemented and evaluated SVM, NN and DNN to
compare their performance on flight delay classification modelling tasks. The

results in terms of the earlier defined metrics are presented in Table 4-4.

Table 4-4 Performance comparison of SVM, NN and DNN on flight delays
prediction using BTS dataset

S/No. Model Precision Recall Accuracy
1 SVM 0.6695 0.8619 0.6618
2 NN 0.7206 0.8990 0.7432

3 DNN 0.9070 0.9003 0.9001

In our experiment, the average recall, precision, and accuracy of the SVM are
86.19%, 66.95% and 66.18%. The measures for the NN are 89.90%, 72.06% and
74.32%, respectively, while for the DNN, the same measures are 90.03%,
90.70%, and 90.01%. Therefore, the DNN model outperformed the SVM and NN
for all metrics. As a non-parametric model, SVM performs worse than the
parametric models NN and DNN.

In our investigation, we also wanted to find out if there are any advantages to
having a deep neural network as opposed to other shallow models in flight delay
binary classification when using DNN. The experiment shows a huge
improvement with a deep neural network in the results, with at least a 10%
improvement in recall, 20% in precision, and 20% inaccuracy compared to the
NN. This implies that in different classification problems, there can be varied
results for a method having many parameters to be fitted during training than
other shallow methods.

In our study, we investigated the accuracy performance of the DNN based on
different parameter levels during training, validation and testing. The results of
this study are presented in Table 4-5. We investigated the characteristics at
different levels of the model building with the same number of features as inputs.
Varying the number of hidden layers between 2 to 6 with an epoch of 100 to 500,
we observed that when we used 2 hidden layers with 5 neurons and 150 epochs,
the accuracy was 80.00%. However, interestingly, when there was an increase

in the number of hidden layers, neurons and epochs, the testing accuracy
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increased to a maximum of 99.82%. Therefore, there were several experiments
with different setups to check the ability of the classification of the models to
perform better. Surprisingly, the accuracy of the experiments was not too different
in training, testing and validation with the same parameters combination. But
increasing the number of hidden layers does not significantly impact accuracy.
Therefore, we can conclude that increasing the number of hidden layers does not
ensure better or higher accuracy. However, our experiment achieved a 91.00%
accuracy in classifying flight delays, which significantly improved compared to a
similar experiment presented in [25], where the accuracy was 76.76% with a
Deep Believe Network (DBN) using a sigmoid function. Our accuracy is also
better when compared with the results presented in [45]. Several reasons for this
improvement could be feature availability, data quality or settings of the
algorithm's parameters. Summarily, even when fewer features are applied to
DNN, the results are better than the other shallow ML algorithms (SVM, NN)
implemented in this paper.

Table 4-5 Performance comparison of DNN on flight delays prediction
using BTS dataset with different settings

S/No  Number of Number of Epoch Accuracy
hidden neurons in Training Validation Testing
layers hidden layers
1 2 5 150 0.8201 0.8221  0.8101
2 6 5 100 0.8267  0.8593  0.8213
3 3 50 150 0.8812 0.8991  0.8798
4 4 25 500 0.9701 0.9832  0.9982
5 5 13 200 0.9629 0.9734  0.9945

We then further investigated the DNN model’s performance on the same 500
epochs with different parameters, as seen in Table 4-6. We observed that the
model performance when we used 2 hidden layers with 50 neurons was better
regarding training and validation accuracy, with 98.12% and 98.94%,
respectively. However, the best performance settings are observed on the testing
when we used 4 hidden layers and 20 neurons with 99.85% accuracy. Finally, we
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observed that the model performance dropped in training, validation and testing

with fewer hidden layers and neurons.

Table 4-6 Performance comparison of DNN on flight delays prediction
using BTS dataset with different settings and 500 epochs

S/No  Number of Number of Accuracy
hidden neurons in . o .
layers hidden layers Training Validation Testing
1 2 5 0.9201 0.9221 0.9011
2 6 5 0.9265 09173 0.9152
3 3 50 0.9812 0.9894  0.9887
4 4 20 0.9610 0.9662  0.9985
5 5 13 0.9412 0.9504 0.9950

We used 500 epochs to train the model to classify flight delays. Figure 4-3 shows
how the DNN model can correctly classify 99.82% of the delayed flights and
78.42% of the class that are not delayed. This classification contains more than
150,000 flight records, and the model correctly classified 128,609 of them in the
delay class and 63,436 in the no delay classes, respectively, which is a very good

performance for any flight delay decision support system.
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Figure 4-3 Confusion Matrix of Testing Classification using DNN with an
Epoch=500
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We then reduced the number of epochs to 200 when training the model for
the same classification of flight delays. Figure 4-4 shows how the DNN model can
correctly classify 99.45% of delayed flights and 81.54% of the class that are not
delayed. This classification contains more than 150,000 flight records, and the
model correctly classified 128,129 of them in the delay class and 65,958 in the
no-delay class, respectively, which is again a very good performance for any flight

delay decision support system.

Confusion Matrix
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Figure 4-4 Confusion Matrix of Testing Classification using DNN with an
Epoch=200

Figure 4-5 shows the training and validation accuracy of the DNN model. We
observed that the model performs very well during the training and validation
phases, with consistently good performance across every example of the training
set, which is an advantage when developing a flight delay decision support

system.
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Figure 4-5 Model Accuracy Plot for DNN with Epoch=500

Figure 4-6 shows the training and validation loss of the DNN model. We observed
that the model again performed very during the training and validation phases,
with consistently good performance across every example of the training set,

which is an advantage when developing a flight delay decision support system.
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Figure 4-6 Model Loss Plot for DNN with Epoch=500
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Figure 4-7 shows the final model of the DNN and the architecture with all the

elements as applied in training the model with 500 epochs.
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Figure 4-7 Final DNN Model Architecture

4.5 Conclusion and Future Direction

Major advances in Deep Learning have been recorded in solving problems
that might have been difficult for years. Discovering the intricate structures in
high-dimensional datasets made it possible. DNNs have recorded more
successes and are predicted to have more robustness in the future of data
because they largely require little engineering by hand. DNN largely take
advantage of data and computational ability consequently. Despite this huge
success, few have applied DNN in flight delay binary classification problems. Our
research is among the few that have applied DNN and compared it with other
shallow architectures, such as SVM and NN, to study their performance in a
classification-related problem. We set out to clearly understand if the
performance will keep track in other experiments by comparing the predictive

accuracy of the widely used DNN with other shallow methods at different epochs
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and parameter tunings. Our research aimed to identify the best conditions under
which DNN performs better than SVM and NN.

Our experimental results show that the data size has a relative effect on the
performance ability of the three classifiers, DNN, NN and SVM, at different
parameter adjustments. However, the classification accuracy of DNN is better
when it learns the underlying structure of the datasets. We observed that when
the epochs were increased, there was a significant increase in predictive
accuracy. The comparison of the performance of DNN, NN and SVM on
classifying delays using the BTS on-time dataset is a topic of continuous research
due to the need for more flexible flight delay predictions.

This paper has contributed to the aviation industry and the air transportation
unit, specifically improving passenger experience through better flight delay
decision support systems. Empirically, it is evident that most Deep Learning
approaches are more likely to outperform the shallow architectures in a
classification task due to their flexibility in parameter tuning. Our results show that
DNN can be further investigated in other predictive analyses, such as aircraft
maintenance. Finally, as evidenced by our experiments, we cannot claim that any
algorithm is inferior to another on its merit. Instead, the ability of researchers to
understand and tune these algorithms will go a long way in impacting their
performance.
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Chapter 5: An Enhanced Deep Autoencoder for Flight Delay
Prediction
Accurate and timely flight delay prediction cannot be overemphasised because of the
ever-increasing demand for air travel and its importance in deploying intelligent
transportation systems. Nonetheless, there has not been a universal solution to the
problem, as more intelligent flight decision systems are required for the aviation
industry's future growth. Existing flight delay classification and prediction approaches
are mainly shallow traffic models and do not satisfy many applications in the real
world. Our motivation to rethink the deep architecture model for predicting flight
delays emanates from the problem. In this research, we proposed a technique that
modified stacked autoencoder architecture parameters for training the network and
understanding the link between space, time and information gained from the flight on-
time data. We developed three different types of autoencoders based on the
architecture of the modified stacked autoencoder. The models learn the generic flight
delay features, and it's trained greedily in a layer-wise fashion. This paper is among
the first to compare the performances of vanilla autoencoder, logistic regression
autoencoder and multilayer perceptron autoencoder based on the developed
modified stacked autoencoder architecture. Moreover, our experiment demonstrates
that the models achieved varying levels of accuracy in the flight delay classifications
task. The deep vanilla autoencoder shows superior accuracy, recall and precision
performance compared to logistic regression autoencoder and multilayer perceptron
autoencoder at different parameter settings.
5.1 Introduction

Recently, social life has become heavily reliant on the aviation industry. Precise
flight delay categorisation is profitable but challenging due to the uncertainties and
breakdowns inside the procedures. Even though people can travel by car or boat, air
travel is superior for most passengers due to its efficiency and reliability [1]. Airlines,
airports and passengers lose when flights are delayed. All actors in the commercial
aviation industry rely on their predictions when making decisions.

Furthermore, given the complexity of the air transport industry, the number of
approaches for prediction, and the stream of flight data, developing accurate
prediction models for flight delays has become difficult. The transit delay is one of the

most frequently recalled performance measurements. Commercial aviation players
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define delay as the time it takes for a flight to arrive/depart late or rescheduled. The
discrepancy between the schedule and actual flight arrival or departure times
indicates the delay. Flight delay is, without a doubt, an important topic from the
perspective of air transport networks. In 2013, 36% of flights in Europe were delayed
by more than 5 minutes, 31.1% of flights in the United States were late by more than
15 minutes, and 16.3% of flights in Brazil were cancelled or had delays of more than
30 minutes [2]. Flight delays can be caused by many factors, such as extreme
weather (0.72%), late-arriving aircraft (7.86%), air carriers (5.90%), National Aviation
System (7.19%), and security (0.04%), as reported in 2017 by the Bureau of
Transportation Statistics (BTS) on filing on-time performance of carriers in the USA
[3-6].

Passengers, airlines, and airports suffer from flight delays, which greatly impact
the economy. Passengers frequently plan to arrive several hours early for their
appointments, raising travel expenditures because of the unpredictability of flight
delay occurrence [7]. Airlines face fines, sanctions, and increased operating costs,
such as airport personnel and aircraft holding [8]. Delays may also harm the
environment by raising fuel usage and gas emissions, which is a concern from a
sustainability standpoint [9]. Delays can threaten airline marketing initiatives, as
carriers rely on customers’ loyalty to maintain frequent flyer programmes, and
consistent performance influences consumer choice. There is a link between the
number of delays and prices, the aircraft size, the regularity of flights, and customer
complaints about airline service [10]. Estimating flight delays can help airport and
airline officials make better management and strategic judgments and alert
customers so they can reschedule their arrangements [11]. To better understand the
overall flight environment, massive amounts of data from commercial aviation are
always collected and kept in databases. Data scientists and analysts are improving
their computational and data management abilities to extract usable information from
the vast amounts of data produced by sensors and loT [12, 13, 14].

This research contributes to the commercial air transport industry by examining
flight delay prediction from a Machine Learning and data science viewpoint. It
synthesises the most widely studied trends in predicting flight delays, especially the
non-weather impacted flight delays, describes how this problem is tackled and
compares strategies for developing effective flight delay prediction models. Despite
several attempts by researchers and industries to find lasting solutions to flight
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delays, there is no lasting solution to the problem, as the aviation industry’s future
expansion will demand more intelligent flight decision systems. In this paper, we
proposed an approach for flight delay prediction for departure and arrival flights using
the US flight on-time dataset. Our technique uses a deep autoencoder with re-scale
parameters to predict non-weather-impacted flight delays. We develop and
investigate the performance of three approaches: multilayer perceptron autoencoder,
vanilla autoencoder and logistic regression. The approach uses a deep-stacked
autoencoder architecture. We re-scaled the hidden layers of the autoencoder
architecture. We then used the architecture in training the models to check the
performance of the approaches using accuracy, precision and recall metrics,
respectively.

The rest of the paper follows: Section 5.2 presents the related work; Section 5.3
discusses the materials and method. Section 5.4 presents the results and discussion,
and Section 5.5 has the conclusion and future direction.

5.2 Related Work

For several decades, accurate flight delay prediction has become challenging for
practitioners and researchers. However, the advent of high computational methods
and algorithms has improved the performance of Deep Learning methods
demonstrating state-of-the-art results compared to statistical or classical Machine
Learning techniques evaluated on their prediction accuracy, precision and recall.

The authors in [15] proposed a Deep Learning-based prediction approach that uses
a stacked autoencoder model to predict the time of an airport delay. The research
solidifies Deep Learning theory and implementation in aviation and supports civil
aviation transportation management control. When choosing variables, they consider
the complex relationship of airline delay levels in time and space and implicitly define
traffic flow’s network character and spatial-temporal correlations. The data used in the
study comes from the U.S. Federal Aviation Administration (FAA) official website
database. It includes the date, time, runway location, departure and arrival delay rate,
departure and arrival delay flight, and GMT hours for American airports from January
2016 to December 2017. The authors in [16] proposed a new Deep Learning-based
optimised forecasting model that uses the Levenberg-Marquart (LM) algorithm to
predict flight delays. The study’s main goal was to reduce the number of data

dimensions before loading them into a Deep Learning network. The positive effect of
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denoising autoencoder and LM algorithm was validated by creating two other
structures. The first removed the denoising autoencoder, while the latter removed the
LM algorithm. Furthermore, to balance the data, they used under-sampling and over-
sampling techniques. They concluded that optimising the results with a stack
denoising autoencoder and the LM algorithm and balancing the dataset positively
impacts delay forecasting and increases the accuracy and precision of the denoising
autoencoder model.

The authors in [17] created a two-stage predictive model using supervised Machine
Learning techniques to forecast on-time flight performance. The model’s first stage
uses binary classification to forecast flight delays, while the second stage uses
regression to forecast the duration of the delay in minutes. Gradient Boosting Classifier
outperformed Extra-Trees Regressor in the classification stage, while in the regression
stage, it was the opposite. In [18], Airports are treated as nodes, while direct flights
serve as linkages between them, with delays manifesting as errors in the daily
schedule that can spread across a significant portion of the network. The delay
propagation process is simulated using an agent-based, data-driven methodology.
The initial results resemble genuine delay propagation patterns, allowing the cluster
of crowded airports to be described and its progression during the day. The authors
[19] provide a series analysis-based influence model approach of arbitrary flight points,
integrated with a Bayesian Network and a Gaussian mixture model-expectation
maximisation algorithm. As a result, they can estimate the downstream flight delay
conditions in real-time when the upstream flight is delayed. A series of experiments
reveals high accuracy, and the solution has good analytical and prediction
dependability.

In [20], the authors look at the usefulness of Deep Learning models in predicting
air traffic delays. The initial step is to use deep RNN to estimate the daily delay status.
The next step is to anticipate delayed flights using the daily delay status generated
during the first step, historical on-time performance data, and weather data. An
accurate delay status of a single day may be obtained by adding deep Long Short-
Term Memory RNN architecture to the forecasting model. Flights’ most precise delay
states were obtained by entering a day’s delay status into an individual flight delay
model. The multi-objective optimisation problem is described in [21] as follows: It aims
for the best possible flight routes as well as arrivals and departures timeslots for all
scheduled flights, intending to reduce airspace overcrowding and total delayed flights,
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given an air traffic network, time frame, the correlating airspace sector structure and
initial flight plans between various airports. To identify flight delay characteristics from
data, in [22], the authors propose using subgroup detection, a data mining
methodology that allows the discovery of subgroups or subsets of data that somehow
differ from the total data. A conjunctive query on the remaining variables can be used
to explain it. They investigate aircraft delays using characteristics that are accessible
in advance and also employ subgroup identification to find regions of interest in the
dataset. The findings imply that irrelevant criteria like the day of the week and month
can identify huge subsets of flights with relatively long delays.

The effectiveness of this established model for flight delay prediction tasks is
investigated in [23]. A precise and robust prediction model has been constructed by
merging this regression model built on the Machine Learning approach, allowing for
an in-depth investigation of air traffic delay patterns. For predicting flight delays, the
Gradient Boosted Decision Tree model was used. The model has the greatest
Coefficient of Determination of 92.31% and 94.85% for arrival and departure,
respectively, for the training dataset. In [24], a Machine Learning-based methodology
is proposed for predicting airline arrival delays by considering input characteristics
varying from distance to weather conditions to determine whether a certain flight is
delayed. To estimate flight delay, it employs neural networks and Deep Learning
techniques. This paper is key to the effectiveness of employing neural networks and
deep architectures to classify flight delay or no delay. The results show that the
prediction accuracy employing neural networks is 92%, with one hidden layer
comprising three neurons, while with four neurons for each of the two hidden layers,
Deep Networks achieved an accuracy of 77%. In [25], the major goal of the study was
to determine the ideal conditions in which Deep Feedforward Neural Network
outperforms a Support Vector Machine and Neural Network. By comparing the
predicted efficiency of the extensively used Deep Neural Network with other superficial
approaches at various epochs and variable tunings, they set out to fully comprehend
if the performance will maintain track in further studies. The authors discovered that
increasing the epochs resulted in a considerable boost in predicting accuracy.

The goal in [26] is to develop cost-sensitive classifiers that can forecast flight
delays. Authors in [27] proposed a classification method that creates a single rule for
every prediction in the dataset and then chooses the rule with the fewest overall error
as its only rule. Data analysis will reveal that delayed flights have distinct patterns from
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on-time flights. Their technology also provides weather forecast information and the
likelihood of a weather delay. The major goal in [28] is to forecast the departure delay
on a specific link or at a particular airport in the future. The Random Forest algorithms
predicted future departure delays of up to 24 hours. The algorithm is a multi-decision
tree ensemble classifier that reports the mode of the classifications generated by
individual trees. According to the analysis, connection delays’ reliance on network
status ranged from link to link. The classification and regression approaches were
quite resilient to changes in the forecast horizon. Using the RL algorithm in [29] to
anticipate taxi-out timings at airports using multi-dependent static surface surveillance
data will increase prediction accuracy. The RL estimator predicts taxi-out time based
on the dynamic system state. A Markov decision process represents the choice to
anticipate the tax-out time based on the system status. The prediction approach
outlined in this study allows one to forecast average airport taxi-out predictive factors
30-60 minutes ahead of time for any given moment. In [3], the authors used a
nonparametric RL-based technique placed in the probabilistic framework of stochastic
dynamic programming to evaluate the accuracy of taxi-out time prediction. The
findings show that the RL estimator can reasonably capture the dynamics at even the
most difficult airports.

In [30], the research presents a new Machine Learning-based strategy for detecting
large-scale aircraft delays. This proposed method begins with unsupervised learning
on flight data gathered from the airport. After the learning process, the standard for
each delay category can be determined. The supervised learning method can build
the alert model using these delays. The authors developed a new form of multilevel
input layer Artificial Neural Network (ANN) in [31] that can manage nominal variables
and is open to interpretation in the view that the links among distinct input and output
variables can be seen. They compared the suggested approach to the standard
gradient descent backpropagation ANN model and found that the introduced model
outperformed the classic backpropagation method regarding prediction error and
training time. In [32], the authors evaluate the results of various approaches to
forecasting delays in air traffic networks. They use standard network architectures,
classification, regression trees, and standard linear regression. The ANN scored well
at Origin-Destination pair delay classification, but the Markov Jump Linear System is

best for the delay and airport delay regression. Time of day became irrelevant at
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extended forecast ranges for the Origin-Departure pair delay regression problem,
whereas network characteristics were essential.

Because of the remarkable performance recorded recently by Deep Learning
methods in a predictive task, most especially in the area of delay predictive tasks, this
paper studies the prediction of delay and proposes a procedure by re-scaling
autoencoder parameter through a nested multiplication of the hidden layers with a
single drop-out on the final hidden layer before feeding the output layer and then
compare it on three different types of autoencoders. All the revised studies employed
and proposed models handling flight delays with a concentration on improving the
performance through data pre-processing with Machine Learning or classical deep
autoencoders. However, no study has applied a re-scaling parameter that compares
the performance of three models developed in this research by modifying them on a
stacked autoencoder architecture. Therefore, this paper aims to investigate the
efficacy and viability of a re-scaled autoencoder parameter on three different types of
autoencoders to model and predict flights’ on-time performance. This research intends
to provide valuable insight for accurately predicting flight delays in the air transport

system and the aviation industry.

5.3 Materials and Methods

There are many interesting applications of autoencoders in different fields, such as
visualisation, dimensionality reduction and data compression. Recently, It has been
discovered to have the capability of training neural networks because of its difference
in the gradients magnitudes of the lower and higher layers and the lack of
generalisation of deep networks due to many parameters in the deep neural network.
Also, the objective function curvature is difficult to find a good local minimum.
Pretraining the network helps divide the entire deep network into steps. Pretraining the
deep network is intended to address the difficulties mentioned above, and the training
process of the deep network is divided into steps such as the pretraining step, where
shallow autoencoders sequence use unsupervised data one layer greedily at a time.
Training the last layer with a supervised dataset and finally fine-tuning the entire
network with supervised data and backpropagation.

The autoencoder can learn data features and represent the statistical
characteristics of training samples. The input of the model is its target output [13]. The
autoencoder contains an encoder and a decoder. The encoder shrinks the input while
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the decoder tries to reconstruct the input from the encoder’'s compressed form. The
encoder model is saved after training, whereas the decoder is deleted. The encoder
can then be used as a data preparation approach to extract features from raw data so
that a new Machine Learning model [33, 34, 43, 35—-42]. An autoencoder with a hidden

layer and an output layer is shown in Figure 5-1 [13].
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Figure 5-1 Structure of Autoencoders

The reconstruction process of an input x of an autoencoder can be explained using
Equation (5-1), Equation (5-2), Equation (5-3), Equation (5-4) and Equation (5-5),
respectively.

Assume we have a set of data X belonging to the set of real numbers at points
{Xw, X@, ---, Xm} with many dimensions. Mapping the set of the input to another data
point set zg with points {z(), z), ..., Zm)} having a lower dimension than xg and can
be reconstructed back to xg effectively. Mapping the data back and forth in a
systematic manner can be achieved by encoding the input layer X into a hidden layer

z(x@) and x(z)) is the reconstructed result shown in Equations (5-1) and (5-2),

respectively.
Z(X@) = wyxg+c1 (5-1)
X(Zw) = wyzgy+c2 (5-2)

Where W1 and C1 are the weighted matrices and coding bias vectors, and W2 and

C2 are the decoding and coding bias matrices, respectively. To minimise stochastic
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gradient descent, the reconstruction error of approximating xi by X, We set an

objective function which sums the squared of the differences between x; and x;):

L(Wl, Cl, WZ, CZ) = Z?:l(f(l) - X(i))z (5'3)
=Y i(Waz + € — xy)? (5-4)
=Y W, (Wixg) + €C1) + €2 — x;))? (5-5)

We are looking closely at how an autoencoder works. It takes a high-dimensional
input, such as a picture or a vector, and runs it through a neural network that
compresses the data into a shorter form with two principal components. The first is the
encoder, a collection of fully connected or convolutional layers that compress the input
into a smaller representation with fewer dimensions than the data, a process known
as a bottleneck. It reconstructs the input using this bottleneck’s fully connected or

convolutional layers.

We employed the sigmoid activation function in the deep neural network. It is a
non-linear AF that outputs a continuous value between 0 and 1, defined as shown in
Equation (5-6):

1
1+e~2

a=g(2) (5-6)

The sigmoid function is like the step function in that it is continuous and avoids the
leap in output values that the step function does [44—47]. Figure 5-2 shows a plot of
the sigmoid AF [7, 37, 48-51].

$lz) =

1l 4e=* F

(18]

8.0 I

Figure 5-2 Sigmoid Activation Function
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5.3.1 Proposed Architecture

Our proposed architecture is based on a stacked autoencoder design. We modified
the stacked autoencoder, which is a deep neural network made up of many layers of
sparse autoencoders, with each hidden layer’s output coupled to the input of the next
hidden layer, where we nested all hidden layers with a single drop-out and re-scaled
by multiplying the current layer with the output of the previous layer before feeding the
next layer for the purpose of normalisation. The last hidden layer is composed of a

drop-out to address any overfitting or underfitting of the model.

Layer 1

Layer 2

Encoder

Layer 1

Layer 2

Figure 5-3 The Proposed Architecture

The hidden layers are trained using an unsupervised technique and subsequently
fine-tuned using a supervised method, as shown in Figure 5-3. A regular predictor
should be added to the top layer of the network in order to use the deep autoencoder
network for flight delay prediction. The basic structure of a stacked autoencoder is as
follows:

i.  Train the autoencoder and acquire the taught data using input data.

ii. The preceding layer’s learned data is utilised as input for the next layer and
works until the training is finished.

iii.  Once all the hidden layers have been trained, the cost function is minimised
using the backpropagation technique, and weights are adjusted with the

training data for fine-tuning.
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5.3.2 Experimentation

We developed our proposed stacked autoencoder network architecture using
multilayer perceptron, vanilla and logistic regression.
Multilayer Perceptron Autoencoder

In this approach, rebuilding the model feature can be neglected after fitting the
model, and the model can be used up to the bottleneck layer. The model produces a

fixed-length vector with a compressed version of the input data at the bottleneck layer.

. Normalisation -
Read dataset PEE ey et and Split data Multilayer Train model Perfurm?nce
replacement . Preceptron evaluation
preprocessing

Figure 5-4 Multilayer Perceptron Autoencoder

Figure 5-4 shows the entire process of the multilayer perceptron autoencoder. It
starts taking the input from the provided dataset and filtering it due to memory
concerns. The data is divided into 70% train and 30% test sets before designing and
fitting the model, and the input is scaled by normalising the values range between 0-
1. The encoder is defined with various numbers of hidden layers. A similar structure
will determine the decoder but in a reverse manner. Sigmoid activation and batch
normalisation ensure that the model learns well. Since reconstruction is a multi-output
regression issue, the model will be trained using the Adam version of stochastic
gradient descent, which minimises the mean squared error. After training, it plots the
loss for the train and test sets to confirm the model learned the classification problem,

the precision-recall curve and the precision and recall for different threshold values.

Logistic Regression Autoencoder

Read dataset Data filter > Scale date Split data
Build
Evaluate ) P . Define model
regression g Train model .
Performance ] architecture

Figure 5-5 Logistic Regression Autoencoder

The approach takes the input from the dataset, as in Figure 5-5. The data is
scaled and filtered to make it suitable for the autoencoder. The model consists of an

input layer, with the size of the input variables taken from the dataset. The encoder

128



comprises several hidden layers to observe and analyse the model’s behaviour when
the number of hidden layers changes. The output layer takes the input from the last
hidden layer and is retained to decode and visualise the encoded data. Data
encoding can aid in creating a linear classification border for the data. The Logistic
Regression model is used on the encoded data. It continuously creates training and
testing data from the original and encoded data, makes the Logistic Regression
model, and assesses its effectiveness. After it builds the Logistic Regression model,
it plots the loss for the 70% train and 30% test sets to confirm the model learned the
classification problem, the precision-recall curve and the precision and recall for
different threshold values.

Vanilla Autoencoder

Data filter and Normalisation Performance
Read dataset ELL] Split data Vanilla Train model A
replacement . evaluation
preprocessing

Figure 5-6 Vanilla Autoencoder

The input and output are the same in the vanilla autoencoder, the first being
reconstructed using the Adam optimiser and the mean squared error loss function.
As in Figure 5-6, it starts by reading the input from the dataset, filtering and replacing
the input names with specific variables names used for the vanilla autoencoder, such
as 1, 2,...n In the pre-processing stage, normalisation takes an important role in scaling
down the range of data before it is used in the next stage. The data is again split into
70% train and 30% test sets, and the class label is dropped since it is an unsupervised
method. As in the other two approaches, the autoencoder consists of an encoder and
a decoder, each having multiple hidden layers with a specific hidden size. The
decoder takes the information from the last hidden layer and reproduces the
classification. After the model is trained, it plots the loss for the train and test sets to
confirm that the model learned the classification problem, precision-recall curve, and
recall for different threshold values. It ends with the confusion matrix, which shows
how the results were classified.

5.3.3 Dataset Collection and Description

First and foremost, we selected model inputs at the start of the phase to learn and
produce the final structure based on them. The dataset used to evaluate the model
was compiled from historical data, including flight schedule information for three

months, from October to December 2000. Table 5-1 lists the variables that are utilised
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as inputs. There are 23 factors in the original dataset. However, certain elements were
eliminated since they were irrelevant to the desired outcome. The data was provided

by a real-world source from the United States (US) Bureau of Transportation Statistics.

Table 5-1 Dataset features

S/No. Input Reference Type
1 Origin/Destination 3 letters format, e.g. LAX -Los String
airport Angeles International Airport

2 Planned Departure and  3/4 digits format, e.g. 1520 — 03:20 Integer

Arrival Time pm
3 Flight Number 4 digits format, 1451 Integer
4 Real Departure and 3/4 digits format, e.g. 1520 — 03:20 Integer
Arrival Time pm
5 Unique Carrier 2/3 letters format, e.g. PS String
6 Elapse Time 2 digits format, e.g. 94 Integer
7 Departure/Arrival Delay 2 digits format, e.g. 11 Integer

Dataset Pre-processing

We cleaned the data by removing the “missing values” and replacing them with
zeroes, while the inputs with less than 15 minutes of delay time and other irrelevant
labels were dropped. The “Delayed” label was created to track late flights for arrival
and departure.
Software Settings for Experiment

The implementation was done in Jupyter Notebook using Python programming
language. It is a free web programme that lets users create and share scripts with live
software, equations, visualisations, and texts. Data cleaning and transformation,
statistical modelling, numerical simulation, data visualisation, Machine Learning, and
other applications are just a few of the potential use of the tool [52, 53, 62, 54-61].

The relevant libraries used in the script can be found in Table 5-2.
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Table 5-2 Libraries

S/No. Library Version
1 Keras 2.4.3
2 Numpy 1.19.2
3 Pandas 1.1.3
4 TensorFlow 2.5.0
5 Itertools 0.25.1
6 Matplotlib 3.3.2
7 Sklearn 0.23.2

5.3.4 Evaluation Metrics

Accuracy, precision and recall are the most important metrics for evaluating the
performance of categorisation Machine Learning models. A variety of indicators were
used to examine the effectiveness of the outcomes. Several notions have to be
introduced, such as True Positive (TP), True Negative (TN), False Positive (FP) and
False Negative (FN) in computing the model performance [34, 50, 63—66].

The simplest intuitive performance metric is accuracy, the ratio of accurately

predicted observations to all observations, as shown in Equation (5-7).

TP+TN

Accuracy = TP+FP+TN+FN

(5-7)

The ratio of accurately predicted positive observations to total expected positive

observations is precision, as shown in Equation (5-8).

TP
TP+FP

Precision =

(5-8)
The ratio of accurately predicted positive data to all findings in the actual class is
known as recall, as shown in Equation (5-9).

TP
TP+FN

Recall = (5-9)

Precision-Recall is a helpful metric of prediction success when the classes are
severely unbalanced. Precision measures result from usefulness in data collection,

while recall indicates how many properly relevant results are retrieved.
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For various thresholds, the precision-recall curve depicts the trade-off between
them. A large area below the curve indicates good recall and precision, with high
precision indicating a low false-positive rate and high recall indicating a low false-
negative rate. Both indicate that the classification produces precise results [33, 34, 36,
43, 67, 68]

5.4 Results and Discussion

The program is written in Python programming language and runs on local
machines or Crescent HPC Cluster. On Crescent, it operates on GPU nodes with two
Intel E5-2698 v3 CPUs with 32 CPU cores, totalling 256GB of shared memory. The
experiments were repeated with varied input settings to see how the accuracy and
loss changed and get the best prediction possible.

We evaluated the performance of multilayer perceptron autoencoder, logistic
regression autoencoder and vanilla autoencoder in classifying and predicting flight
delays to determine which strategy performs best in these situations. A precision-recall
graph was used to evaluate and determine the quality of the results, as the classes
are imbalanced. When analysing probabilistic predictions, plots from the charts are
generated and used to analyse the performance trade-off for various threshold values.
5.4.1 Vanilla Autoencoder

Table 5-3 compares the flight delay classification and prediction performance
based on different input settings regarding area under the precision-recall curve,
accuracy, precision and recall. The characteristics were analysed at various model
development levels with different input dimensions. The first experiment was
evaluated with 3 hidden layers, 33 input dimensions, and 100 epochs, resulting in
42.07% accuracy and 19.99% precision. The hidden layers varied from 3 to 10, with
an input dimension from 33 to 500 and epochs from 100 to 300. Increasing the number
of epochs and adding one layer led to almost the same results, giving an accuracy of
55.00%, a precision of 27.03% and a recall of 63.57%. It leads to a recall of 55.92%,
showing that half of the relevant data were considered. However, no mention of how
much unnecessary data were recovered, as seen in the accuracy and precision

results.
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Table 5-3 Performance comparison of vanilla autoencoder

Hidden Input Epochs Area Accuracy Precisi Recall
10 40 300 0.977 0.8036 0.5246 0.9878
10 100 300 0.946 0.6712 0.3883 0.9037
5 40 200 0.984 05651 0.3320 0.9990
5 500 200 0.952 0.7652 0.4691 0.6485
4 33 200 0.852 0.5500 0.2703 0.6357
3 33 100 0.747 0.4207 0.1999 0.5592
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Figure 5-7 Precision-Recall Curve for 10 Layers and 300 Epochs

Figure 5-7 represents the precision-recall curve, a plot of precision and recall for
different thresholds. The output for the model is constructed with one input layer, 10
hidden layers, 40 input dimensions for each layer, an output layer, which is also the
decoder of the autoencoder, and 300 epochs. The activation function used for each
hidden layer was Sigmoid. The curve produces the expected form. Precision is high
at thresholds with poor recall and diminishes at thresholds with high recall. The high
area under the curve shows high recall and precision, highlighting the low false-
negative and high false-positive rates, as seen in Figure 5-8. The average score for
precision demonstrates that the classifier produces almost accurate results, while the

high recall illustrates that the most positive results have been returned.
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Figure 5-8 Confusion Matrix for 10 Layers and 300 Epochs

Figure 5-8 shows how the model accurately classifies 97.95% of delayed flights
and 75.50% of non-delayed aircraft. There are almost 600,000 flight records in this
classification. The model accurately identifies 117,206 delayed flights and 327,298

non-delayed flights, which is impressive for the delay prediction software.
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Figure 5-9 Precision and Recall for Different Threshold Values

Figure 5-9 represents the precision and recall resulting from the previous model.
The black line represents precision, while recall can be seen in blue. According to the
precision equation, reducing the classifier's threshold raises the denominator by

expanding the number of outcomes returned. The threshold was set to 0.5 as too high;
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the outputs may all be true-positive, increasing precision. If the prior threshold were
too low, reducing it further would have generated false positives, reducing precision.
5.4.2 Logistic Regression Autoencoder

Table 5-4 compares the performance of the autoencoder that assembles a logistic
regression model built on different input settings in terms of area under the precision-

recall curve, accuracy, precision and recall.

Table 5-4 Performance comparison for logistic regression

Hidden Input Epochs Area Accuracy Precision Recall
17 100/50/25 300 0.4184 0.7477 0.7030 0.9784
11 100/50/25/12/ 30 0.6384 0.7669 0.7805 0.5536
11 100/50/25/12/ 300 0.4229 0.7851 0.7318 0.9936

The characteristics were analysed at various model development levels with
different input dimensions. The hidden layers used to implement the autoencoders are
10to 17, an input dimension of 6 to 100 and epochs of 30 to 300. This implementation
uses the same number of hidden layers in the decoder as in the encoder, the last
being the output layer, making it an asymmetric structure. The first experiment was
evaluated with 11 hidden layers and 30 epochs, resulting in 76.69% accuracy and
78.05% precision. The recall of 55.36% shows that half of the relevant data were
considered. However, there is no mention of how much unnecessary data were
recovered. The precision and recall graph area was the highest for this
implementation.

Increasing the number of epochs by 10 times and adding 6 more layers led to a
recall of 97.84%, giving an accuracy of 74.77% and precision of 70.30%. The best
result was achieved with 6 hidden layers for the encoder and 5 for the decoder.
Inputing 300 epochs, a recall of 99.36% was gained, with an accuracy of 78.51% and
a precision of 73.18%.
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Figure 5-10 Confusion Matrix for 11 Layers and 300 Epochs

Figure 5-10 shows how the model accurately classifies 99.36% of delayed flights
and 49.74% of non-delayed aircraft. This classification has almost 200,000 flight

records, and the model accurately identifies 118,762 delayed flights and 43,086 non-
delayed flights.
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Figure 5-11 Model Loss for 17 Layers and 300 Epochs

Figure 5-11 depicts the logistic regression model’s training and test loss. It was
found that the model works well during the training and test phases, with consistently

great results over the whole training set, which is a major benefit when designing a
flight delay classification model.
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5.4.3 Multilayer Perceptron Autoencoder

Table 5-5 compares the performance of the multilayer perceptron autoencoder.
Here, after fitting the model, the rebuilding component of the model can be neglected,
and the model can be used up until the bottleneck. The model produces a fixed-length
vector with a compressed version of the input data at the bottleneck. The
characteristics were analysed at various model development levels with different input
dimensions. The hidden layers used to implement the autoencoders are 5 to 10, with
an input dimension of 11, with epochs from 30 to 100. The best result for this case
was achieved with 3 hidden layers for the encoder, one hidden layer for the bottleneck
and a decoder. Inputing a total of 30 epochs, a recall of 96.19% was gained, with an
accuracy of 60.27% and a precision of 59.79%. In this implementation, it can be

observed that if the number of epochs increases, the recall begins to drop significantly.

Table 5-5 Performance comparison for multilayer perceptron

Hidden Input Dimensions  Epoch Are Accurac Precision Recall
6 11 30 0.4 0.5239 0.5778 0.6662
7 11 30 0.5 0.6027 0.5979 0.9619
7 11 100 0.4 0.5641 0.6320 0.5951
5 11 100 0.4 0.5800 0.5558 0.1821

Figure 5-12 represents the precision-recall curve for the model above. The
activation function used for each hidden layer was Sigmoid, while the activation
function called ‘linear’ was used for the output layer. The curve produces the expected
form. The area under the curve shows high recall and average precision, highlighting
the low false-negative and high false-positive rates. Precision is high at thresholds with

poor recall and diminishes at thresholds with high recall.
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Figure 5-12 Precision-Recall Curve for 7 Layers and 30 Epochs
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Figure 5-13 shows how the model accurately classifies 96.19% of delayed flights
and 10.65% of non-delayed aircraft. This classification has almost 350,000 flight
records, and the model accurately identifies 189,788 delayed flights and 15,222 non-
delayed flights.
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Figure 5-13 Confusion Matrix for 7 Layers and 30 Epochs

5.4.4 Comparative Discussion

In this research, the accuracy, precision and recall for the measures of the Vanilla
autoencoder are 80.36%, 52.46% and 98.78%. The output for the logistic regression
autoencoder is 78.51% accuracy, 73.18% precision and 99.36% recall, while the
multilayer perceptron autoencoder is 60.27%, 59.79%, 96.19%, as shown in Table 5-
6. Therefore, the Vanilla autoencoder outperformed the other autoencoders. The main
interest is in the autoencoder’s output, so the focus was on the other three methods.
The multilayer perceptron autoencoder method did not perform as expected.

The advantage of the vanilla autoencoder implementation is that almost 600,000
flight records were analysed in the classification, from which 97.95% of delayed flights
and 75.50% of non-delayed flights were classified accurately. The implementation
reveals a massive improvement when using a deep autoencoder, such as vanilla,
having at least 200,000 more flight records analysed in the classification and
successfully classifying over 25% of non-delayed aircraft compared to the logistic
regression model. A method with numerous parameters to fit during training can
produce different outcomes in classification tasks than other methods. The area gives

another aspect where the vanilla autoencoder outperforms the other methods under
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the precision-recall curve. The wide area of 0.9773 below the curve denotes good
recall and precision, with high precision implying a low false-positive rate and high
recall indicating a low false-negative rate, compared to 0.4229 for logistic regression
and 0.5121 for multilayer perceptron autoencoder.

Logistic regression autoencoder comes into an advantage with the loss function
analysis. The experiment revealed a massive improvement from the precision point of
view, at least 20% compared to the other methods. It was found that the model works
well during the training and test phases, with consistently great results over the whole

training set, which is a major benefit when designing a flight delay classification model.

Table 5-6 Performance comparisons of the different autoencoders

Model Accuracy Precision Recall

Vanilla 0.8036 0.5246 0.987

Logistic regression 0.7851 0.7318 0.993
multilayer perceptron 0.6027 0.5979 0.961

5.5 Conclusion and Future Direction

Predicting flight delays is a fascinating study issue that has gotten considerable
attention recently. Most studies have attempted to create and expand their models to
improve the accuracy and precision of flight delay prediction. Because on-time flights
are critical, flight delay prediction algorithms must be exact and accurate. In this study,
we proposed implementing three approaches to an autoencoder: vanilla autoencoder,
logistic regression autoencoder, and multilayer perceptron autoencoder. We
compared the deep feedforward neural network’s predicted accuracy, precision and
recall with the autoencoder approaches at different variable tunings and epochs. Our
primary aim was to classify and predict flight delays using an autoencoder and re-
scale its parameters.

Our experimental results show that the deep vanilla autoencoder outperformed the
other two implementations at different parameter adjustments. Comparing the three
autoencoder models shows that the vanilla autoencoder’s accuracy is greater by
1.85% than the logistic regression autoencoder and by 20.09% than the multilayer
perceptron autoencoder. At the same time, the area under the precision-recall curve
is higher by 0.5744 and 0.4852; using the vanilla autoencoder to optimise the results

positively affects classifying and predicting the delay forecasting.
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Flight delays are a popular issue because of their economic and environmental
consequences. They may raise customer costs as well as airline operating costs.
Aside from direct passenger effects, delay prediction is critical for every stakeholder
in the air transport industry during the decision-making phase. This work will assist the
aviation industry, especially the air transportation sector, enhance passenger
experiences by improving flight delay decision support. The next step would be to test

the correctness of this method on different datasets or sample data.
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Chapter 6: A Hybrid Ensemble Machine Learning Approach
for Arrival Flight Delay Classification Prediction Using
Voting Aggregation Technique

The number of flights keeps increasing with the development of civil aviation, and flight
delays have become a serious issue of concern to the aviation industry. The need for
reliable flight classification and prediction cannot be overemphasised because of its
importance. In this research, we perform arrival flight delay using a hybrid ensemble
Machine Learning algorithm based on voting aggregation. Each ensemble's
architecture consists of four supervised Machine Learning algorithms: Logistic
Regression, Decision Tree, Support Vector Classifier and Random Forest. We
conducted a comparative experiment based on the United States Bureau of Statistics
dataset to verify the efficacy of our proposed approach against other benchmark
approaches. We employ multiple evaluation metrics to check the performance of our
proposed model comprehensively: Accuracy, Recall, Precision, F1-Score, AUC Score
and ROC curve. Our experimental results show that our model has better prediction
accuracy and confusion matrix on the binary classification of flight delays task. Hence,
the hybrid ensemble model presented in this research can be used as a decision-
support model to improve passenger travel itineraries.
6.1 Introduction

Many factors, such as safety, security, air carrier, maintenance, National Aviation
System (NAS), weather and airport scheduling, affect flight plans in the civil aviation
transportation processes [1-4]. Frequently, scheduled flights cannot arrive on time,
affecting subsequent flights. Flight delay occurs conventionally if the flight is 15
minutes later than the scheduled departure or arrival time. Air traffic demand-capacity
imbalances in arrival/departure flights resulting from continuous air traffic growth with
limited airport expansion capabilities. For example, in 2017, there was 4.3% on
European flights relative to 2016 [3]. It corresponds to an average of 1191 flights per
day. Also, 20.4% of flights in 2017 experienced arrival delays of 15 minutes and above
[6-8]. Predicting flight delays to improve airport efficiency and operation coordination
is important. These delays have caused more damage to the aviation industry and
passengers with almost an exponential increment, leading to poor passenger
satisfaction and a loss of at least $20.5 million to flight delay-related issues in the
United States in 2018 [5, 9,10].
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With the rapid increase in data from the air transportation industry due to the
constant development in the sector, processing a huge amount of data is becoming
tedious and almost impractical with only traditional processing methods such as
balancing and shuffling. Flight delay prediction based on Machine Learning has
performed well in the past. Some methods such as KNN, decision tree and random
forest [3], Support vector classifier, and others have good accuracy on large flight on-
time datasets but are slow in computation compared with Deep Learning methods.
Machine Learning superior performance in prediction compared with other traditional
statistical methods has been massively recorded in Artificial Intelligence and
transportation-related research [11,12,13,14,15]. Support Vector Machine (SVM) is
among the most popular Machine Learning techniques for classification problems
because of high prediction results, especially with high dimensional and imbalanced
datasets [13,16,17]. However, due to the high dimension of the feature, good pre-
processing is required to perform flight delay predictions. For instance, one-hot
encoding processing will be needed for flight landings and take-off features, leading
to sparse data. Encoding aircraft tail coding and airlines may also be required. This
encoding process removed much information that may affect the model's performance
output.

In recent years, machine and Deep Learning have become the most popular and
acceptable methods to predict flight delays [8,18]. Many researchers have proposed
techniques for flight delay predictions using multiple perspectives and uncertainty
factors affecting the flight's operation. For instance, using a cause-and-effect test,
Wen-BoDu [18] establishes a delay cause-and-effect network (DCN) by analysing the
factors that affect flight delays. Alice Sternberg [19] studied hidden flight delays using
association rules. Also, Bin Yu [16] used a deep belief network to analyse and predict
internal flight delay patterns. Poornima [17] applied a non-parametric reinforcement
learning method (RL) to study the actual time of aircraft and taxi time deviation.
Rodriguez-San et al. [18] and Cheng-Lung Wu et al. [19] use Bayesian network and
reliability models to predict flight delays. Roberto Henriques [20] uses a multilayer
perceptron to predict flight delay. Sun Choi et al. [21] built a model for flight delay
prediction based on Ada-boost with a sample imbalance flight data set. The result of
the forecast was relatively good.

Ensemble learning methods, such as the Boosting model, have improved the

accuracy of weak classification algorithms. A Series of prediction functions are
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constructed to reduce the loss continuously through a series of iterations by the model.
Cat-boost is an open-source algorithm for gradient enhancement developed by
Dorogush [22]. The users are processing classification characteristics from a large
dataset, which can solve a ranking problem, classification and regression, especially
in the imbalance dataset prediction, which has superior performance than the XG-
boost and Light-GBM as shown in previous studies [22, 23]. Cat-boost applies the
symmetric tree method in processing categorical features, which has an advantage
over XG-boost in improving the model's performance and robustness with a high
accuracy rate.

Our contribution is summarised as follows: Firstly, we proposed a hybrid ensemble
learning model based on hard voting techniques for predicting arrival flight delay with
a feature sub-sampling technique. Secondly, our proposed methodology
generalisation relies on a relative performance comparison between the strategic
schedule of flight delay prediction on different well-known ensemble machine learners.
Thirdly, we provide experimental evidence of our proposed method results compared
with Boosting and stacking approaches. We clearly show the improvement in our
proposed method.

The rest of the paper's organisation is as follows. Section 6.2 presents the
introduction. Section 6.3 contains an overview of some most important related works.
The materials and methods are presented in Section 6.4. Section 6.5 presents the

results and discussion. Finally, Section 6.6 presents the conclusion.
6.2 Related Works

Any disruption in the air transportation system processes, aside from the Traffic
Flow Management (TFMs), including but not limited to a mechanical problem, severe
weather conditions, an outage at the origin/destination airports, or staff shortage, may
result in a flight delay. Air transportation delays may occur at different flight phases:
en-route, arrival and departure and can affect passenger schedules, crew and flight
(e.g., missing a connecting flight). Also, delay propagation can affect arrival and
departure flights [23, 24]. Therefore, the ability to control the factors and predict flight
delays is an essential objective for airlines.

Flight delay analysis and prediction have been addressed extensively in the
literature, as seen in [25, 26, 27]. A data-driven model for flight delay distribution
estimation was proposed by [25]. Flight statistics were determined for ten major US
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airports through a historical dataset. Departure and arrival delays have been modelled
based on these statistics as normal and Poisson processes [28]. The historical data
from Beijing Capital International Airport was used to estimate the probability density
function of departure and arrival delays of flights with an optimal generalised extreme
value model [27]. The authors in [29] proposed a statistical model that estimates
departure flight delay distributions and seasonal patterns using the Denver
International Airport. Random residuals' seasonal and daily propagation patterns were
considered. In [30], a flight delay detection pattern based on a frequency analysis at
Orlando International Airport was proposed to analyse airport network propagation
delays. The authors used a Bayesian network for the network queue [31].

Authors in [32, 33] proposed Machine Learning approaches for flight delay
classification with a prediction horizon of several days before the flight execution
occurs. In [32], the authors achieved an accuracy rate of 0.268 with five days of
weather forecast available before the flight's execution. A random forest classifier with
exclusively weather-related feature training was employed. Authors in [33] used
unfavourable weather conditions to exclusively propose a flight delay classification
model. A balanced dataset was used with a random sampling algorithm to decrease
delayed samples based on the under-sampling algorithm. The features considered
were the origin/destination airport, weather conditions, and scheduled
departure/arrival time. An accuracy rate of 0.86 is achieved with a recall of 0.87 on a
threshold of 60 minutes (i.e., any flight with 60 minutes or more time relative to arrival
time is considered delayed) by the random forest method. A Receiver Operating
Characteristics (ROC) of XGBoost achieved was 0.53 for prediction in 20 Asian
airports for a low-cost airline. From the literature results, ensemble methods can
generate robust results for classifying datasets with noise having an improved
prediction than a single classifier [34, 35, 36].

Additionally, ensemble learners have many advantages; multi-classifier systems
have proven to be the potential for developing robust learning methods with noisy data
in both class labels, missing values and features. Classifier results can have increased
variance due to noisy training data. However, the variance can be reduced by learning
the combined decision of a committee of hypotheses. In particular, bagging has shown

outstandingly high noise levels as a variance-reducing method.
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Despite all the efforts to find universal solutions to the problem of flight delay
prediction through the various contributions from academia and the industries, It has
been reiterated that there is a need to develop further hybrid models that can
effectively and efficiently apply a repeatable and systematic approach to identify and
predict flight delays from different viewpoints. Identifying and measuring the factors
that significantly affect flight delays is important to the aviation community and cannot
be overemphasised. Because it will help controllers, traffic managers, and airlines
proactively adjust and minimise operational impacts. Also, identifying each factor's
robust occurrence probability in the delay scenarios will guide airlines and other
stakeholders in the planning process and disruption recovery. Thus, we proposed a
hybrid ensemble Machine Learning method based on the voting aggregation
technique for arrival flight delays for non-weather impacted flight delays.

6.3 Materials and Methods

In this research, we proposed an ensemble members construction approach by
learning from the sub-set samples of features. The proposed method is shown in
Figure 6-1 and can be summarised in the following stages:

Stage 1: Feature sub-sampling: The sample features will produce accurate and
diverse classifiers. A hybrid sub-sampling method is applied for the feature sub-
sampling.

Stage 2: Candidate classifiers generation: Machine Learning methods are applied to
generate a pool of candidate classifiers. The input for each classifier is a subset of the
features generated from Stage 1. Support Vector Classifier (SVC) is chosen as the
Machine Learning algorithm for this study's base classifier. SVC application is due to
its ability to deal with high dimensional training data features.

Stage 3: Ensemble Committee Construction: Two sub-steps are involved. The first is
the base classifier behaviour characterisation generated. The other is fusing the voting
aggregation of the classifiers that construct a robust committee for classification. The
high diversity of the classifiers means classifiers disagree with each other but have
good classification accuracy as committee members. The majority voting mechanism

is then applied to make the final decision for the classification ensemble.
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Figure 6-1 The Proposed Ensemble Method

6.3.1 Feature Characterisation

We utilised a hybrid feature selection algorithm to select features to help
produce accurate and diverse classifiers. Our approach uses a random selection
of features to construct the base classifiers from the original dataset. The
randomise selection method makes the ensemble classification model less
sensitive to feature selection.

Assuming a dataset for flight on time is represented by a matrix M is m x n and
M = [fijlmxn Where m is the number of learning samples, and n is the number of
features. An instance (Matrix M row) is an expression of a vector X; =
(fit, fiz - fin), Where f;; represents the index of ith learning sample in the jth
feature. Every sample is labelled with a class ¢; = {—17,+7}. Assuming we have
learning instances from j = 1 to k for class +1 and learning samples fromj = k + 1
to n are for class —1, the ith feature vectors expression for class +1 and —1 are
expressed as  X(i,+) = {(fir fiz s fin} @A X(i, =) = (fikany, fiver2ys = fin}
respectively.
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The feature's significance is important because it can affect the performance of
the individual base classifiers and is measured by the features' discrimination
power. Characterisation of the feature's discrimination power measures the
difference between the different groups' expression levels of learning samples [37].
Equation (6-1) shows the discriminant power.

d(i) = diff(X(i,(:,lX(i,—l))’ (6-1)

Where dif f(X(i,+),X(i,—1)) is the group difference between X (i, +) and X (i, -),
lyis a regularisation constant, and s is the standard error.

Measuring features' discrimination power is presented in [38] to select desired
features for classification. For a feature in the ith, let [u_ (i), o, ()] and [u_(i), o_(i)]
represents the means and standard deviation of the learning sample expression in
class +1 and —1, respectively. As shown in Equation (6-2) and Equation (6-3),

Equation (6-4) and Equation (6-5), respectively.

TROEE Y2 i1 (6-2)

k - )2
o, (i) = \/M (6-3)
and
. 1
(D) = — Yk 1 [ (6-4)
n i~ (D)2
o (i) = \/z,=k+1(:i ku_(l)) (6-5)

The measure of the ability of a feature X(i) Discriminate class +171 from —1 is

expressed as in Equation (6-6).

ROBRO
PROEEA()

p() = (6-6)

where the capability of the associated feature for distinguishing the classes of the

learning sample is measured by d(i) or p(i). Large values of d(i) or p(i) It means
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the associated feature's expression level is highly differential between the two
classes +1 from —1.
6.3.2 Sub-sampling Method
Assume we have a set of features F = {f, ..., f,,} and the feature is associated
with an assigned significance value, i.e. S = {sy, ..., s,} where Equation (6-1) or
Equation (6-6) is used to calculate the s;= d(f;) or p(f;), the hybrid sub-sampling
algorithm is in four stages to generate a subset of the feature (F):
i.  Parameter calculation and feature filtering.
ii. Feature ranking.
iii.  Feature partition.

iv.  Feature sub-sampling and recombination.

In the first stage, the features are filtered with their levels of significance
(d(f;) orp(f;)) calculates the parameters according to the number of sample
features (ny), the two parameters (a and 8) and less than a given threshold (y):

i.  The top group feature size (Denoted as Fy,,):

Ny = A X Np (6-7)

ii. ~ Number of features sampled from F,,,

ny = Zeop (6_8)
B

iii.  The number of features selected from the group of the remaining features.

Ny =Ng— Ny (6-9)

For instance, if we have np = 25, and the parameters § = 4and a = 0.4 then

the size of Fy,p, isnypp = 10,ny = 2.5 and ny = 22.5.
The features are ranked according to their significance and partitioned into two
sets in the second stage. The top n.,, features are contained in one set (Top
significance features denoted as F,,) and the remaining features contained in the

other set (denoted as F..). The feature sub-sampling is performed using two

approaches from the two feature sets. The top feature F;,,, there is an equal

probability of sampling because all the members have good discrimination power,
while for the features in F,.. , there are different probabilities among each of the
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samples. The sampling is performed using random sampling. For the E., In
sampling, the significance of the features determines the probabilities of the
sampling, i.e., a higher significance (denoted by d(f;) or p(f;)) the feature has a
higher sampling probability. The features are sampled in the end, respectively,

from F.,, and F,.. are combined to generate the subset of one sample. Thus, sub-

sample are run k-times, and then a sub-set of features produced denoted by F;.
F;c = F;op - F;e (6-10)
The significance of the feature can be normalised with Equation (6-11).

8§ = (6-11)

Y e Si

The cumulative significance of the feature distribution function can be calculated
using Equation (6-12).

cd; = Yi5, (6-12)

6.3.3 Support Vector Classifiers

Many researchers have applied support vector classifiers (SVC) for different
classifications and predictions with promising results. SVC minimises the objective
function (the mean absolute or mean square error) by finding the hyperplanes
producing the largest decision function value separation between the instances at the
borderline of the two classes. However, the other modelling methods minimise the
objective function of whole training instances [39].

Given data with label D = {(xj,yj)k} where, j=1,2, ...,n; k=1,2, ..., m, the
construction of a decision function f(x): R™ — R is the SVM-based flight delay
classification target, such that for every x;, yields f(x;) > 0 for y; = +1, and f(x;) <
0 for y; = —1. A linear decision function f(x) = WT + b or a non-linear decision
function f(x) = WTa (x) + b, where the non-linear transform function is @ (x) is
employed by the SVC-based classifier. The f(x) is determined by minimising
J(w,¢e) = é ||W||2+CZ§-=1ej subjected to  y;(W'x;+b) 2 1- g (linear) or
yi(WTa(x;) + b) 2 1- ¢ (non-linear), where the regularisation parameter is represented

by C >0 and the slack parameters are 20 (j=1, 2, 3, ..., ).
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For minimising the J (w, ), the linear combination of g(x;) can be the expression
of W such thatw = Z§-=1 a;y; #(x;). When we substitute w into f(x) = WTa (x) + b will
result into f(x) = Z§-=1ajyj K(x;,x) + b, where the kernel function is represented by
K(u,v) = " (w)a(v). Then a =20(=1,2, ..., 1) can be obtained from minimising
W(a;) = Zﬁ-:,aj - % §-=1Z§<=1ajakyjykK(xjxk) with the condition 0 < a; < C, and

§-=1ajyj = (0. SVC utilises three major kernel functions for classification are Linear

K (u,v) = uv, polynomial K(u,v) = (uv + )¢ and the Gaussian function K(u,v) =

lu-v|?

exp (— 207 ) Where u, v are the features and their respective labels for the function

K; d is the set of polynomial degrees, while p is the length scale.
Boosting and Bagging Ensemble Machine Learners

These ensemble learning methods used the instance re-sampling scenario. The
boosting algorithm applied in this research is AdaBoost, designed by the authors in
[39]. A minimised weighted error is invoked on each iteration to AdaBoost by the
learning algorithm on the training set and generates the base classifier accordingly.
The bagging algorithm on each learning algorithm with a training set consisting of m
training examples drawn from the random selection of the original dataset with
replacement [4, 32, 40, 41]. The training examples' weights are adjusted according to
the classification weighted error of the developed classifier model. The misclassified
training examples are assigned more weights, while the training examples that were
correctly classified are assigned fewer weights. A classification margin is induced in
bagging by the random sampling procedure.

Additionally, the diversity in the resulting classification margin of bagging is due to
the difference in feature subspace performance, and an ensemble learner needs to be
accurate. It studies the average bagging error and then converts it to an optimisation
problem for feature weight determination. The weights are assigned to the subspaces
using a randomised technique in classification construction. The final classifier is
constructed by individual classifiers voting for Boosting and Bagging [9, 42, 43].
Prediction Based on Proposed Voting Ensemble Method

We employed the majority voting method for making the final decision based on
base classifiers' outputs. Given cc classifiers Ci(x): R™ - {—1,+1}, a weight w;¢[0, 7]
is assigned to each classifier to show its significance. Assuming a new instance x, for

each of the class predicted Ci (x) € {—1,+17} fori =1 - cc, the majority vote method
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generates the final classification. Equation (6-13) represents the ensemble method of

majority voting.
Cens = Sign (Zf;1 W;C; (X)) (6-13)

In ensemble methods, the diversity of the ensemble is crucial for the success of
the ensemble classifiers, which is the disagreement of the base classifiers [37]. A set
of base classifiers is ideally selected to maximise accuracy and diversity to help seek
a robust ensemble classifier. The effectiveness of compact ensemble committee
selection by feature selection method has been proven by much research [36, 37, 44].
The proposed method in this paper characterises the behaviour of the candidate base
classifier before the appropriate base classifiers are selected to construct a high-
performance classification committee. Behaviours candidate base classifiers are
characterised.

i.  Behaviours candidate base classifiers are characterised.
ii. Base classifiers are grouped in terms of their classification behaviour.
iii.  An appropriate subset of the base classifiers is selected to construct the

classification committee.

The proposed method's detail is shown in Algorithm 6-1.

Algorithm 6-1: Pseudocode of proposed ensemble Machine Learning

method

1. Inputs: Subsets of features generated by the hybrid sub-sampling
algorithm

2: F, the number of subsets of features

3: Cc, the expected number of ensemble classifiers

4.  Outputs: A classification committee

5. |Begin

6: F subsets of features and a training dataset with number of instances

7 Group candidate classifiers based on classification behaviours

8: Rank the classifiers based on their performance rate

9: Select classifier with a high accuracy rate from different groups and
construct committee (9)

10: |[End

The behaviour of the base classifiers associate feature subset). Selecting the best

classifiers from different committees is based on the base classifier with the best
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accuracy from each committee to ensure individual committee members' accuracy.
The performance is similar in selecting the diverse classifiers from the candidates.
Dataset Description and Pre-processing

A flight that arrives or departs 15 minutes or more is considered delayed. In
comparison, punctual or on-time flights are the ones that arrive or depart within the
scheduled time, according to IATA [45, 46, 47, 48]. In this study, we employed data
from the US commercial flight operation downloaded from the United States
Department of Transportation from October to December 2000, with 1,048,576
instances, including all the missing variables, NA and inconsistencies records [49].
The provided features include airport information, plans; landing city; aircraft
information; schedule and actual landing information summing up to 21 features from
the raw dataset after eliminating all records with too much noise and at least four
missing values. Some categorical variables, such as flight date, carrier information and
aircraft tail number, cannot be processed directly in the flight delay dataset. Variables
such as integer and floating-point data can be calculated directly. We then divided the
dataset into training and testing sets with 70% and 30% ratios to train the model and
predict the flight delay using the proposed algorithms.

Feature Selection

The role of feature choice cannot be overemphasised because it plays a key role
in the model's results. Different features are selected for suitable models according to
their characteristics to achieve better results. The embedded feature selection method
uses the Machine Learning model for feature selection. The feature selection process
integrates the learner training process and uses the feature score obtained during the
training process to select features automatically.

Because ensemble learners such as random forest can score features, it makes it
possible to select parameters of more importance to the model based on the ranking
generated from the model's training, even with an unknown threshold. Therefore, we
used the random forest to evaluate and select each feature, and we finally obtained
the following 15 features for training the model. Some of the features have a strong
correlation with each other. They need to be removed before the evaluation, for
example, the actual elapsed time of an aircraft and other timing features that indicate
a delay of an airline. Because flight delay is subject to actual departure or arrival delay,

the categorical variables 0 and 1 are used as objects of prediction, where 0 means on-
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time flight performance and 1 means delayed flight. Table 6-1 contains the list and

description of this specific type of employed features in this research.

Table 6-1 Dataset features and description

Features Data Type Description
Arr_Delay int64 Difference between scheduled
and actual arrival time
Dep_Delay int64 Difference between scheduled
and actual departure time
Arr_Time float64 Arrival time
Dep_Time float64 Departure time
Taxi_In int64 The number for an aircraft taxi
coming in
Taxi_Out int64 The number for an aircraft taxi
going out
Actual_Elapsed_Time float64 Elapse time
CRS_Elapsed_Time float64 Schedule elapsed time
CRS_Arr_Time float64 Scheduled arrival time
CRS_Dep_Time float64 Schedule departure time
Day of Month int64 Day of the month
Flight_ Num object A unique number of the flight
Air_Time float64 Time of flight in minutes
Dep_Del_Label int64 Category flight delay and on time
Distance int64 Different airport distances (miles)

Model Performance Evaluation and Validation

The criteria for evaluating and validating every Machine Learning model are
important for the result measurement. There are different focuses for different
scenarios. Generally, all classifier's pros and cons can be evaluated using precision,
recall, F1-score and accuracy based on some objective functions or loss and cost
function for convergence. The proportion of all correctly classified or judged positive
samples is called accuracy. The proportion of the positive samples is known as the
recall ratio because the flight time probability of arrival flight is far more than the
probability of the flight delay. In this research, we pay more attention to on-time,
precision and accuracy. At the same time, model accuracy must be higher than the
accuracy of the sample containing most samples so that the model's efficiency is better
than the result. A classification reference that ensures prediction accuracy is higher
than classified with the largest proportion of all the variables to be explained into a

category. Table 6-2 shows the confusion matrix for a given prediction problem.

159



Table 6-2 The Confusion matrix

Predicted Class
" Positive Negative
0
8 True Positive False Negative
= Positive (TP) (FN)
>
3]
<
Negative | False Positive True Negative
(FP) (TN)

The selection of a decision threshold in a binary classification problem influences
the classifier's quality. Determining the decision threshold through the ROC-AUC and
FPR-FNR plots is common, respectively. The receiver operating characteristic (ROC)
curve depicts the same signal stimulus susceptibility on each point. The negative-
positive class rate is the horizontal axis representing the true negative sample division
into positive samples. In contrast, the vertical axis is the accuracy rate, and the area
formed by the ROC is the AUC and the x-axis. The probability of the incorrect
classification of the positive or negative samples when taking different thresholds is
given by the FPR-FNR.

According to the airline's on-time statistics data and unbalanced data
characteristics of the samples for binary forecast requirements, AUC-ROC and F1-
score were selected as the pros and cons of the model. The evaluation criteria for the

model are explained as follows in Equations (6-14) to Equation (6-19):

TP+TN

Accuracy = ——— ——— (6-14)
TP+TN+FP+FN
Precision = (6-15)
TP+FP
Recall = —— (6-16)
TP+FN
FPR = —~ (6-17)
FP+TN
FNR = —= (6-18)
TP+FN
F1 = 2+PrecisionxRecall (6_19)

Precision +Recall
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The harmonic average of the precision and recall are the F1-score having a value
ranging as F1€ [0,1], and the optimal is when the model is 1. We employed the k-Folds
cross-validation [50, 52].

6.4 Results and Discussion

In this section, we discussed the results and findings of our experiment. We
conducted our experiment on a Personal Computer (PC) with an Intel (R) Core (TM)
i7-9700 CPU with a processor speed of 3.00GHz and 32GHz RAM. We used libraries
such as TensorFlow Core-2.4.1, TensorFlow GPU-2.4.1, NumPy-1.19.1, pandas-
0.25.3, sci-kit learn-0.23.2, Scipy-1.5.2, PySimpleGUI-4.29.0, seaborn 0.11.2 and
Matplolib-3.3.1.

Our experimental study aims to verify the effectiveness of applying ensemble
Machine Learning on flight datasets by comparing the performance of the proposed
ensemble method and other widely used ensemble learners (Bagging, Boosting,
Simple Averaging etc.). The performance comparison has been performed based on
common conditions of the experiment, with additional data pre-processing performed
before constructing the base classifier committee. The results from the experiment
have shown that in conventional Machine Learning techniques (boosting, bagging and
single classifier), there is a significant and consistent improvement in accuracy,
precision and recall produced by our proposed method under different evaluation
benchmarks.

Furthermore, there are competitive chances between the obtained results from this
study and the methods existing in the literature. In [42] and [12], a boosting ensemble
Machine Learning method was proposed, and the best accuracy of 80.44% and
87.72% were obtained for the arrival flight on-time dataset, respectively. While in [3],
a stacking ensemble Machine Learning for flight delay prediction was compared, and
the best accuracy of 82.22% was obtained for departure and arrival flight delay
predictions.

161



ROC Curve Analysis
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Figure 2Figure 6-2 ROC Curve of Models

Figure 6-2 shows the ROC (receiver operating characteristics) curve that measures
the generalisation of the algorithm's ability. The AUC (under the curve) is the area
under the ROC [3, 51]. An algorithm is considered better if it is closer to 1. We
calculated and plotted each base committee algorithm's ROC and respective AUC
scores, as shown in Figure 6-5. The Logistic Regression, Extra Gradient Boosting and
Extra Trees reach 1.000, followed by the Random Forest with 0.999. The result of
Bagging and Gradient Boosting was 0.997 and 0.996, respectively. The Decision Tree
has 0.996, and it is the smallest compared to the base classifiers; this means that all
the algorithms with lower values contribute less concerning the overall performance of
the ensembles on the prediction of the arrival delay. Something worth noting is if there
is an impact on the ensemble accuracy based on the committee algorithms'
performance. As seen from the classifiers, the AUC are above 80%. It indicates the
good overall sensitivity of the classifiers to predict flight delays. We assigned special

names to all the ensembles, as shown in Table 6-3.
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Table 6-3 Special names for ensembles

S/No Ensemble Architecture Special Name
1 Simple Averaging Ensemble Model SAEM
2 Boosting Ensemble Model BOEM
3 Stacking Ensemble Model SEM
4 Hybrid Voting Ensemble Model HVEM

The names proposed in Table 6-3 are not formal but a conventional approach for our

convenience. It is to help us minimise long titles in our plots.

Table 6-4 Prediction results of different methods

Methods
S/No Metrics SAEM BOEM SEM HVEM
1 Precision 0.78 0.81 0.93 0.97
2 Recall 0.67 0.80 0.94 0.98
3 Accuracy 0.67 0.80 0.95 0.99
4 F1-Score 0.58 0.78 0.90 0.97

Table 6-4 shows the ensemble algorithms comparison. We find that the HVEM
model performs better with an accuracy of 0.99, precision of 0.97, recall of 0.98 and
F1-score of 0.97, respectively, followed by SEM, having an accuracy of 0.95, recall of
0.94, and precision of 0.93 Fl1-score of 0.90, respectively. The BOEM is the next
ensemble with a performance of 0.81 precision and 0.80 on recall and accuracy while
having a 0.78 F1 -score. The SAEM performed poorly, with accuracy and recall of
0.67, a precision of 0.78 and an F1-score of 0.58. We run the experiment on all the
models with the same number of base algorithms to help us understand the ensemble
classifiers' impact on the prediction results. The high performance observed on the
HVEM could be due to the ability of the committee base algorithms to effectively
manage the trade between the stronger and the weaker learners in deciding the best
results among the individual committee. The overall accuracy of the ensemble
indicates great stability of the HVEM, as seen in Figure 6-3 with all other metrics plots.
As mentioned, there is no "greatest algorithm" or a "multipurpose algorithm" in the
Machine Learning field. Therefore, the HVEM algorithm could be a good solution for

selecting algorithms, especially complex and enormous datasets like flight datasets.
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Confusion Matrix

We evaluated the classification efficacies of the ensemble classifiers with a
confusion matrix, and the results are as follows in Table 6-5. The confusion matrix
results of all the classifiers show the distribution of the actual versus predicted classes.
The SAEM prediction result is the worst because of the high misclassification of the
delayed class. For the True positive class, it is good with the model prediction of more
than 746 flights correctly classified. Still, the model misclassified 395 flights, with only
55 flights' correct classification for the delayed class. In this classification, it can easily
mislead decision-making. Looking at the BOEM model, the classification is good
because the model correctly classifies 716 flights with no delays having only 34
misclassified and 241 delayed classes predicted. Although the BOEM model still has
a high rate of misclassified delayed class 209, that is better than the SAEM since the
correctly predicted for that class is higher than the misclassified flights. For the SEM,
the model prediction is good for flights not being delayed and delayed. The model
correctly classified the class not delayed with 750 flights as true positive and delayed
with 448 flights as true negative class. The incorrect prediction is negligible since they
are less than 1% of the class. Also, the HVEM model correctly predicted 750 flights
not delayed and 426 flights delayed but incorrectly predicted 24 flights from the
delayed class as not delayed. Our confusion matrix metrics aim to increase the true

label class predictions for both the delay and not delayed classes. We can state that
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the SEM model outperformed other models regarding the prediction results, followed
by our proposed HVEM.

Knowing the importance of time management in the aviation sector. We can
conclude on the variations and improvement from the different ensemble models by
stating that it is very important for airlines and passengers to improve their flight
knowledge for effective resource and time management, even if it is 0.0001%. It
means that all the models implemented in this research, aside from the SAEM, can
give more than 90% correct guidance to air passengers on their flight status and
schedules. Fine-tuning the parameters of individual ensemble algorithms can lead to
better prediction results.

Table 6-5 Confusion matrix results of the ensemble Machine Learning

Predicted Class

SAEM No Delays Delays
No Delays — 4
Delays 395 55
BOEM No Delays Delays
No Delays — 34
Delays 209 241
Actual
SEM No Delays Delays Class
No Delays — 0
Delays 2 448
HVEM No Delays Delays
No Delays 0
Delays 24 426

Table 6-5 shows the results of the overall cross-validation of the bagging
ensembles. We performed 50-Folds cross-validation across the classifiers committee
base estimators to understand how well the classifiers understand new instances of
the flight delay task. After 10-fold validation, the Decision tree and Random forest
outperformed other models with an accuracy of 1.000. At the same time, Logitic
regression had a value of 0.982, and Extra Tree had 0.968. Support Vector Classifier
shows minimum accuracy of 0.683. This variation in the results is due to how each
sub-sample is assigned to the fold. The cross validation pseudocode is as shown in
Algorithm 2 [52].
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Algorithm 6-2 K-fold cross validation pseudocode
1  Split TRAIN set into K chunks
2 ForK=1,2, 3, ...K:
(a) Set TRAINvaidation to be the kth chunk of dataset, and TRAIN i to be the
other K-1 chunks

(b) Fit each model to TRAINsit and evaluate how well it does on
TRAINvalidation
End for
Pick the model that has the best average TEST score

Retain that model on all of TRAIN, and output

Because the bagging ensemble performance was evaluated using the cross-
validation algorithm, there is a need for statistical validation of the individual base
estimators to measure the variation of each from the mean accuracy score. DecTree
and RanFor are close to the mean accuracy score with a standard deviation (SD) of
0.000, while LogReg had SD of 0.021, ExTree with 0.022 and SupVecClas with 0.059.
The SD value indicates how well each base estimator performed in the bagging

ensemble.

Table 6-6 Results of bagging ensemble models with 10-fold cross-validation

Bagging Methods Base- Special Mean Accuracy Standard
Estimator Name Results Deviation
Logistic regression model LogReg 0.982 0.021
Decision tree model DecTree 1.000 0.000
Random forest model RanFor 1.000 0.000
Support Vector Classifier model SupVecClas 0.683 0.059

6.5 Conclusion

The major concern for the airports, airlines, passengers and other stakeholders is
reducing or eliminating flight delays. However, minimising delays is not an easy task.
Therefore, arrival delay prediction turns out useful. Several researchers have tried
developing flight delay prediction models with good precision and accuracy. Our study
proposed a hybrid ensemble learning approach based on supervised learning using
voting aggregation. After performing the data stage pre-processing, the base
classifiers were used to train the model. The experiment showed the highest accuracy
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score of 0.99 for the proposed hybrid ensemble Machine Learning compared with
other ensemble machine learners from the literature. The results from the similarity of
our proposed method and the extra boost indicate how the voting method takes
advantage of the mode value of the individual base classifier in deciding the model
results.

Our proposed hybrid architecture can also be applied in predicting the departure or
arrival of a train, bus or ship. Our model treats arrival flight delays but can also be
applied to study departure delays. In this case, the transportation society can replace
the airline or airport with the port or station and trip distance by the flight distance. The
limitation of this research that can be subject to further research is that only the US
flight information was applied to predict arrival flight delay. Another limitation is that we
did not consider meteorological data.

The flight delay prediction using real-time flight datasets may be considered with
other Machine Learning algorithms in the future. Moreover, weather influences flight
delays and can be the focus. This current prediction model does not add exact
weather-related features but does not make weather unimportant. Contrarily, it will be
significant to study the influence of weather on flight delays. We will focus on
establishing reasonable features to measure the high impact of weather on flight
delays using Machine Learning to analyse the relationship between flight delay and
weather. Furthermore, the Deep Learning model will be an interesting architecture to
investigate. Finally, we would study and fulfilled all the needs and lacks in this
research.
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Chapter 7: A Deep Bi-LSTM Machine Learning Method
for Flight Delay Prediction Classification

This paper proposes a classification approach for flight delays using Bidirectional
Long Short-Term Memory (BiLSTM) and Long Short-Term Memory (LSTM)
models. Flight delays are a major issue in the airline industry, causing
inconvenience to passengers and financial losses to airlines. The BILSTM and
LSTM models, powerful Deep Learning techniques, have shown promising
results in a classification task. In this study, we collected a dataset from the United
States (US) Bureau of Transportation Statistics (BTS) of flight on-time
performance information and used it to train and test the BiLSTM and LSTM
models. We set three criteria for selecting highly important features to train and
test the models. The performance evaluation of the models and Confusion matrix
shows that BiLSTM outperforms the LSTM model. In evaluating the models using
the Mathews Correlation Coefficient (MCC), the BILSTM model offers a better
correlation of 0.99 between the original and predicted classes. Our experiment
shows that for predicting flight delays, the BILSTM model takes advantage of the
forward and backward hidden sequences and the deep neural network for
performance exploration and exploitation to achieve high accuracy, recall, and
F1-Score. Our findings suggest that the BILSTM model can effectively predict
flight delays and provide valuable information for airlines, passengers and airport
managers.
7.1 Introduction

Recently, flight delays have increased due to the rapid growth of air
transportation system demand and the world’s globalisation influence in the 21t
century [1, 2]. The International Civil Aviation Organisation (ICAO) report in 2019
shows that there has been a clear sign of constant growth in the aviation industry.
There were 155 million commercial passengers between 2018 and 2019,
resulting from an expansion year-on-year with a 6.07% increase [1, 3]. This
growth in demand for air travel outpaces airport capacity expansions. Also, the
Civil Aviation Administration (CAA) of China reported in 2020 that there was an
88.52% increase of the on-time rate of flights from civil aviation [4] and an 80.13%

significant increase in 2018 [5]. However, civil aviation still faces a major problem
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of flight delays [6—8]. The negative effect caused by flight delays on all the
stakeholders cannot be overemphasised [9]. It leads to losses of a huge amount
of money [10, 11], also making both airlines and passengers have conflicts [12],
and operational efficiency is being reduced [13] in the entire civil aviation sector
[14]. Flight delay characteristics research and prediction model establishment
have improved the services of the decision support department of the aviation
control and airlines [15, 16], enhanced operational efficiency of civil aviation [17,
18] and reduced loss [19].

Air transportation delay cost in 2007 was estimated to total $33 billion in the
United States (US), and $16.7 billion of the delays was associated with
passengers [19, 20]. Hence, this indicates how important the issue of flight delay
is in the air transportation system, and management needs to pay close attention
to understand and evaluate its occurrences effectively. The chain reaction of
other businesses, such as the non-aviation-related ones, is also affected by the
impact of flight delays, among other financial and operational aspects of civil
aviation. The overall goal is to minimise unnecessary cost but enhancing the
performance of the flight delay prediction model is desired to help avoid and
mitigate risk for the stakeholders in the commercial aviation industry. There are
internal and external factors that have been identified to cause flight delays. The
controllable factors by the airline are referred to as the internal factors, such as
the availability of the gate, while the external factors depend on the uncontrollable
factors, such as baggage handling, passenger handling, and bad weather. The
complexity of understanding datasets related to flight delay prediction makes it
one of the aviation industry's most challenging problems. Also, internal and
external factors significantly increase the problem’s complexity due to
unexpected events.

One of the most important performance indicators to effectively assess the
service quality of airline and airport management is the punctuality of schedule
flights. In theory, the time required to design practices may not be possible
because of uncontrollable factors such as sudden pilot sickness and bad weather.
Reports from Federal Aviation Administrator (FAA) and standards for operation

show that any flight that landed 15 minutes after the originally scheduled time is
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considered “delayed”. There are many regulations by many airports requiring
airlines to compensate passengers who experience delays exceeding a certain
threshold. It is common to have congestion, which makes the delays common
too. Delay can lead to detrimental effects due to its consecutive propagation.
Hence, it will be more beneficial to all involved stakeholders in the air
transportation system to predict the occurrence as it will help them be prepared
and make all the necessary responses to avoid further consequences.

The advances in data analytics and Artificial Intelligence have motivated
research on the possible application of flight delay in predicting the use of
commercial airlines. Several approaches are applied in the analysis and
prediction of flight delays. These are Machine Learning, statistical analysis and
Deep Learning [3]. Therefore, understanding and critically evaluating the different
techniques align with the application domain. Neural networks have been proven
to perform better in state-of-the-art Deep Learning methods when applied to
complex datasets with higher accuracy. However, the real-time video and images
dataset was applied to feed the models with a complex structure considered
unstructured or semi-structured datasets. But it is highly significant that the
viability of applying a bidirectional long short-term memory (LSTM) type of
recurrent neural network (RNN) model with structure and offline dataset such as
for flight delays to study the performance comparison similarity with others. Also,
based on our findings, there are limited or few contributions in the research area
of flight delay predictive modelling in which the bidirectional LSTM model is used
to predict flight delays.

In this paper, we utilise a bidirectional deep LSTM architecture to perform flight
delay analysis and prediction using flight on-time datasets obtained from the US
Department of Transportation, Bureau of Statistics (BTS). The primary objective
is to investigate bidirectional deep LSTM architecture with the deep neural
network and unidirectional LSTM architecture in the flight delay predictive task
evaluated with well-known benchmark metrics.

The rest of the paper is as follows. Section 7.2 presents other past studies of
flight delay analysis and predictive tasks. Section 7.3 explains the material and

methods of this study with the proposed approach. The results and discussion
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are detailed in Section 7.4, while Section 7.5 concludes the studies with future

directions.

7.2 Related Work

Researchers and industry practitioners have faced challenges in accurately
predicting flight delays for decades. However, the applicability of recent studies
using state-of-the-art approaches such as Machine Learning, data, and Deep
Learning has demonstrated better prediction results on flight delays than
statistical approaches [21-22]. As a result, several research studies have been
conducted to assess the factors and impact of non-meteorological and
meteorological conditions on flight delays.

Bisandu et al. in [3] utilise a special type of deep recurrent neural network
(RNN) known as deep long short-term memory (LSTM) and social ski driver
conditional autoregressive-based Deep Learning to study non-weather impacted
delays using datasets from the US Bureau of Statistics. Their experiment shows
the importance of data pre-processing and fine-tuning Deep Learning algorithms
with optimisation algorithms to improve the model’s accuracy, error rate, and
reduced computational requirements compared to other metaheuristic methods.
In [8] and [23], the authors discuss the relevance of data in predicting flight delays
and identify major methods such as Machine Learning, Deep Learning and
statistical methods as the currently applied methods in researching flight delay
predictive tasks. Kim et al. [21] proposed different architectural designs and
implementations of LSTM and RNN in predicting flight delays using sequences
of thresholds. In [22], the authors used convolutional LSTM (Conv-LSTM) to
predict airport flight delays using temporal and spatial characteristics in China
civil aviation.

In [23], the author explores the characteristics of an aircraft's arrival and
departure delay to develop a time series model that determines the probability of
the correlation of the features using poison and normal probability distribution
with density function. The authors in [24] combine a mathematical weight value
with linear and non-linear kernels of regression algorithms to propose a model for
predicting flight delays using data from a Swedish airline softwarelinx. Also,

authors in [16] collected data using surveillance-broadcast aviation platforms and
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used random forests based on LSTM to explore factors influencing flight delays.
Balcastro et al. [25] incorporate parallel algorithms using MapReduce with
weather datasets to predict arrival flight delays. Finally, in [26], Chen and Li
propose a multi-label random forest propagation and classification model using
an optimal feature selection process that predicts chains of delays considering
the initial departure.

In [27], the authors proposed a method for predicting the flight departure delay
at Nanjing Lukou International Airport. They apply four different supervised
Machine Learning algorithms known as support vector machine, Light Gradient
Boosting Machine (LightGBM), multiple linear regression and extremely
randomised trees using a comparative study to explain their suitability based on
their experiments. Bisandu et al. [28] compare deep feedforward neural network
architecture with shallow architectures using a filter-based feature selection
technique on non-weather impacted flight delays. The experiment results show
how important parameter fine-tuning makes a model more reliable in predicting
departure and arrival flight delays. Manna et al. [29] analyse air traffic data using
a gradient boost decision tree, and the model produces higher accuracy based
on their experiment. In [30], Chakrabarty used a grid search hyper-parameter
tuning and gradient boosting classifier model for analysing and predicting the
arrival delay of American Airlines using the top must include busiest airports with
a binary classification technique. Authors in [31] employed a single-layer neural
network with logistic regression and a decision tree to detect whether an arrival
flight will be delayed using only the top three features from the feature importance
results as the model inputs. In [32] predicted arrival delays at Tokyo Airport using
queue analysis artificial neural netoerk (ANN) with Rectifier Linear Unit (ReLU).

In [33], Gopalakrishnan and Balakrishnan proposed a flight delay prediction
model based on origin-destination pairs using a two-hour time horizon with an
architecture of multiple artificial neural networks and the Markov Jump Linear
System. The authors in [34] proposed a model for flight delay with novel factors
known as crowdedness in the Beijing International Airport airport route using a
deep belief network and support vector regression (DBN_SVR) on the top layer

of the proposed model. In [35] offered a new method to predict incoming flights
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at John F. Kennedy (JFK) International airport using ANN and Defect of Modules
Prediction (DPM). The authors in [36] applied stacked autoencoders (SAE) for
traffic flow prediction using a greedy Deep Learning architecture, which learns
best from the features. In [37] author proposed an airport delay prediction model
using BILSTM sequence learning with spatiotemporal analysis. Their model
shows better stability and accuracy than the other methods in their experiment.
Karim et al. [38] developed a model for time series classification using fully
connected convolutional networks and LSTM with a novel fine-tuning technique
for the LSTM cell, despite the remarkable results from the previous studies. there
is a common conclusion among them, and it is the fact that there is a need to
perform analysis and propose additional models based on new contexts and
perspectives. Also, to check the suitability and viability of the prediction models
considering the change in every aspect of the transportation industry, especially
the air transport sector.

With the advent of neural networks and Deep Learning with LSTM
architectures, predictive model performance has shifted, especially in flight delay
tasks. Previous revised studies have used complex data such as images and
videos with models [2, 29]. However, based on our knowledge, we are among
the first to compare bidirectional deep LSTM and one-directional LSTM on flight
on-time datasets. Therefore, this paper investigates the efficacy and viability of
bidirectional deep LSTM on flight on-time records to perform flight delay
predictive tasks. This study intends to contribute to the air transportation system
by proposing an innovative, accurate flight delay prediction model using

bidirectional deep LSTM architecture and the US BTS dataset.
7.3 Materials and Methods

This study employed an airline performance on-time dataset downloaded from
the US BTS [39]. Specifically, we have used the October to December 2013
dataset for the experiment. There were 29 features initially in the dataset before

pre-processing.
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7.3.1 Data Description and Pre-processing

The information in the dataset is from October to December flight on-time US
BTS Table 7-1 shows the 29 features with their corresponding definitions [40] and
the attribute types for each feature [41]. They needed to be reduced further
because of constraints in computation, inconsistencies and empty cells or non-
required features. We split the training and testing datasets into 70% and 30%.
We grouped the delay time into two for the presence of delay and no delay blocks
instead of applying the exact delay time. The delay block and flight that arrived
or departed 15 minutes later is considered delayed, known as Class 1, while the
non-delay on-time block is any flight that arrived and departed in less than 15
minutes, called Class 0. From the 29 features, we selected six features for
training the model, which are the most relevant features to the flight delay

predictive task.Table 7-1 Dataset features and their descriptions

S/No Feature Attribute Type Details

1 Year Numerical (Discrete) Example, 2000

2 Months Numerical (Discrete) Example, 12

3 DayOfMonth Numerical (Discrete) Example, 01-31

4 DayOfWeek Numerical (Discrete) Example, 1 (Monday)
- 7 (Sunday)

5 DepartureTime Numerical (Continuous) Example, 1456

6 ScheduledDepartureTime Numerical (Continuous) Example, 1456

7 ArrivalTime Numerical (Continuous) Example, 1456

8 ScheduledArrivalTime Numerical (Continuous) Example, 1456

9 UniqueCarrierCode Categorical (Nomimal) Example, PS

10 FlightNumber Numerical (Discrete) Example, 1454

11 PlaneTailNumber Categorical (Nominal) Example, N923XJ

12 ActualElapsedTime Numerical (Continuous) Example, 194

13 ScheduledElapsedTime  Numerical (Continuous) Example, 200

14 FlightTime Numerical (Continuous) Example, 94

15 ArrivalTime Numerical (Continuous) Example, 1015

16 DepartureTime Numerical (Continuous) Example, 1015

17 Origin Categorical (Nominal) Example, LHR

18 Destination Categorical (Nominal) Example, MAN

19 Distance Numerical (Continuous) Example, 1448

20 Taxiln Numerical (Continuous) Example, 10

21 TaxiOut Numerical (Continuous) Example, 10

22 Cancelled Binary (Categorical) Example, O or 1

23 ArrDel Numerical (Nominal) Example, -11, 12,0

24 DepDel Numerical (Nominal) Example, -10, 13,0

25 CarrierDelay Binary (Categorical) Example, O or 1

26 WeatherDelay Binary (Categorical) Example, O or 1
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27 AviationSystemDelay Binary (Categorical) Example, O or 1
28 SecurityDelay Binary (Categorical) Example, O or 1
29 LateAircraftDelay Binary (Categorical) Example, O or 1

From Table 7-1, initially, we removed some features that do not add much to
our model performance. These features were removed because some had
information after the delay had been confirmed, complete zero in all the cells, or
had the same value that did not impact the model’s training performance. Our
conditions and criteria for the feature selection process are: (1) We focus on
delays arising in the departure airport. Therefore, features associated with post-
departure information are not consider. For example, Taxiln is omitted due to
information about when the flight wheels arrive at the destination gate runaway;
others are (ArrTime, AirTime, ActualElapsedTime and ScheduledElapsedTime.
In addition, there are 5 other variables (NASDelay, WeatherDelay, SecurityDelay,
LateAircraftDelay and CarrierDelay). (2) Features having no information about
flight delays, such as TailNum, Year, UniqueCarrier, FlightNum, DestCode,
OriginCode, Diverted, CancellationCode, DayofWeek, DayofMonth, and
Cancelled. (3) We have calculated the correlation coefficient to estimate how a
pair of variables influences one another and to detect collinearity between
variables. Variables such as Delay_Level, DepTime, and ScheduledArrivalTime
are omitted due to high correlation with Month, DepDelay and ArrDelay. We used
the following six features in training our model: Months, ScheduleDepTime,
Distance, TaxiOut, DepDelay, and ArrvDelay. Table 7-2 shows the features we
utilised in training our model. The remaining feature instance with incomplete
information, such as NA, were also removed to process the dataset further to be
suitable for the proposed model.

Flight delay is a complex phenomenon affected by numerous factors,
including carrier, weather conditions, air traffic congestion, security, and
mechanical issues. However, some of the essential features that affect flight
delays are: The month of the year can significantly impact flight delays, as
different months may experience different weather patterns or holiday travel
patterns that can impact flight schedules. For instance, holiday seasons may

experience more delays due to people travelling more spent time with their loved
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ones. Distance: The distance of the flight can also impact its delay, as longer
flights may encounter more air traffic congestion, require more time for boarding
and unloading, and may have more complicated routing. ScheduleDepTime: The
scheduled departure time can affect the delay of a flight as certain times of day,
such as peak travel times, may experience more congestion on the runway or in
the air. TaxiOut: The time it takes for an aircraft to taxi from the gate to the runway,
known as taxi-out time, can significantly impact the delay of a flight. Longer taxi-
out times can lead to a delayed departure, causing the flight to arrive late.
DepDelay: The departure delay, which measures the time difference between the
scheduled and actual departure times, is one of the most crucial features affecting
flight delay. A longer departure delay may lead to more significant delays
throughout the flight, impacting the arrival time. ArrDelay: Finally, the arrival
delay, which measures the time difference between the scheduled arrival time
and the actual arrival time, is also a critical factor in a flight delay. Longer arrival
delays can disrupt passengers' schedules, cause missed connections, and

impact airline performance.

Table 7-2 Features used in training our model

S/No Feature Type Description

1 Months Numerical(Discrete) Recorded flight months from
October to December.

2 Distance Numerical (Continuous)  Origin and destination
distance in miles

3 ScheduleDepTime Numerical (Continuous)  Departure schedule.

4 TaxiOut Numerical (Continuous)  Taxi-out time in minutes.

5 DepDelay Numerical (Nominal) Time difference between a
scheduled and actual
departure.

6 ArrDelay Numerical (Nominal) Time difference between a

scheduled and actual arrival.

The dataset contains ten airports with their codes, as shown in Table 7-3.
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Table 7-3 Airports codes

S/No Airport Name of Airport
Codes

1 ATL Atlanta

2 ORD Chicago

3 LAX Los Angeles

4 SAN San Diego

5 MSP Minneapolis

6 PHX Phoenix

7 PHL Philadelphia

8 SFO San Francisco

9 DEN Denver

10 BOS Logan

We used min-max normalisation for our data because it is all in numerical
form. We transformed the data to fit the training and testing set. This process is
important because all features may have various data types. The numerical
differences are eliminated because of the different range of values when
computing. A value x is converted into x’ range [max_new — min_new] as in
Equation (7-1):

x = =2mn x [max_new — min_new] + min_new (7-1)

X—Xmax

where the range of the transform values is denoted from min_new to max_new.
We set min_new = 0 and max_new = 1. The transform values were then used as
input into the BILSTM architecture.
7.3.2 Proposed methodology

The methodology proposed for this study is described in detail in this section,
concentrating on all the aspects that assist improve the tuning capabilities of the
methods we are compared. Algorithm 7-1 shows the clear steps taken in the
proposed methodology. The proposed BiLSTM model pseudocode is presented
in Algorithm 7-1.
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Figure 7-1 Proposed Prediction Methodology

Batch Normalisation Layer

The training dataset is acquired batch-by-batch. The distributions are unstable

and non-uniform, and the network parameters in each training cycle must be

fitted, showing the model’s significant convergence. Batch normalisation is used

for reparameterization. The mean a, and variance «? is determined by the batch

normalisation technique for each training dataset batch and the scale adjusted

for the original dataset to unity-variance and zero-mean. The shifted data a, are

applied to weight and bias to help enhance expressive power. Equation (7-2) to

Equation (7-5) shows the computation of the batch normalisation. The batch

normalisation algorithm does the reparameterization update coordination across

the neural network layers.

1 n
ap = ;Zi=1 a;

2 1
Xp= ie1(a; — op)?

v [+ &
bl - yal-l' ﬁ
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where b; ¢,y and f is the final normalised value and parameters that make sure

the batch normalisation learns the identity function in a few cases.

Bidirectional Long Short-Term Memory (LSTM) Architecture

The most sophisticated type of Machine Learning available today is Deep
Learning. It has brought about the growth in various models with neural networks
for application in solving real-world problems. We utilised an effective Deep
Learning method known as long short-term memory because of its memory-
oriented features to model and analyse flight delays. BiLSTM, as a Deep Learning
approach, is efficient in analysing and extracting important data features needed
for a predictive task. It is an extension of the Recurrent Neural Network (RNN).
The LSTM structure [42] was designed to address the vanishing gradient problem
of the RNN structure. The LSTM Cell structure contains an input gate, output
gate, forget gate and memory unit [43]. The memory block structure of the one-
layer neural network controls the forget gate. Equation (7-6) can determine the

gate’s activation.
fa =0 (W[xa, ha—l, Ca—l] + bv) (7'6)

where x, denotes the sequence of inputs; h,_, is the output of the previous
block; C,_; denotes the block memory of the previous LSTM; and the bias vector
is denoted by b,,. The individual weight vectors for each input are denoted by W,

while the logistic sigmoid activation function is represented by o.

The basic NN with the tanh activation function has an input gate as part of its
structure with new memory created by the block effect of the prior memory. The

operations can be computed using Equation (7-7) and Equation (7-8).
i, = G(W[xa, ha—l, Ca—l] + bi) (7'7)
Co= faCaq+igtanh([xghe 1 Co 1]+ b,) (7-8)

LSTM with one-way movement relies on past data, but it is always inadequate.
Dependencies are prevented by consciously remembering long-term information,
which in practice is the behaviour of the LSTM by default. The BILSTM only

analyses data in two directions. Two values are held by the hidden layer of the
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BiLSTM [44], which are employed for forward computation and reverse
calculation. The final output prediction performance of the BILSTM is enhanced
by the two values which determine the output [37]. Figure 7-2 shows the
architecture of a BILSTM.

Bi-LSTM Encoder LSTM Decoder

Forward
Decoder Outputs

LSTM LSTM LSTM LSTM

LSTM LSTM LSTM LSTM
LSTM LSTM LSTM LSTM
Decoder Inputs

Encoder Inputs

Concatenate
Encoder States

Figure 7-2 An Architecture of a BiLSTM

Figure 7-2 shows two recurrent components, a forward and a backward
recurrent component. The forward component computes the hidden and cell
states, similar to a standard LSTM, while the backward component computes by
a reverse-chronological input sequence. For example, it is taken from Ta to 1
timestamp. The backward component usage creates a way in which future data
are captured by the network and tries to learn its weights, respectively. It helps
capture some dependencies by the network that a standard unidirectional LSTM
might not have been able to capture. BiLSTM is also good in Natural Language
Processing because of its ability to capture input sequence dependencies quite
well. The forward components’ hidden, and cell states differ from the backward
components. Therefore, the hidden and cell states of the forward component are
concatenated with the backward components to get encoded.

Unidirectional Long Short-Term Memory Architecture

The sequence of time series is taken as input by the LSTM encoder (each
LSTM cell takes a one-time step), creating an input sequence for encoding. A
vector consisting of hidden and cell states is created by encoding all the LSTM
cells. The LSTM decoder receives the encoding and other decoder inputs
generated for the predictions (decoder outputs). We set our target output

sequence during the model training as the decoder output for the model to train
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against the targeted output. Figure 7-3 shows the architecture of the
unidirectional LSTM.

LSTM Encoder LSTM Decoder

Decoder Outputs
w
3
3

LSTM LSTM LSTM LSTM @ LSTM LSTM LST™ LSTM

[-})
]
<
(=
w

a, a, AN aTa Decoder Inputs

Encoder Inputs

Figure 7-3 An Architecture of a Unidirectional LSTM

Algorithm 7-1  Proposed BIiLSTM Approach Pseudocode

Input: Dataset D;yqin, Dres: Of data
Output: Flight classification prediction results R of test data
1 Load input dataset
2 Split dataset into D;,.4in, and D,.;; 70:30 percentage ratio
3 Split D;-4in, INto train and validation set for training the
Algorithm
4 Dataset pre-processing of the D;,qin, Dtest

Min-Max normalisation using Equation (1)
5 BILSTM layers for enhancing the extraction of important

prediction features

6 Preventing overfitting with Dropout layers

7 Batch normalisation layer using Equations (2) to (5)

8 Dense layers

9 Fully connected layers

10 Sigmoid final layer

11 For each training epoch

12 Train the proposed model; Train (P)

13 End for

14 Evaluate the model Dir4in, Diest USING performance

measures
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7.3.3 Model Evaluation Metrics

To measure the performance of our model in the experiment, we employed
some well-known benchmark metrics for evaluating models for classification and
predictive tasks. These benchmark evaluation metrics are accuracy, recall,
precision, F1-score and Mathew’s correlation coefficient (MCC). The accuracy is
the rate of the correctness of a classifier. We then use the sum of true-negative
(TN), true-positive (TP), false-positive (FP) and false-negative (FN). Thus, the
ratio of records correctly predicted to the total number of records is known as
accuracy, as shown in Equation 9. The rate of correctly predicted values from the
positive record is the recall, also known as sensitivity or true positive rate (TPR),
thus calculated as Equation (7-10). The ratio of true positive records to the
predicted positive records is the precision, as shown in Equation (7-11). The F1-
score is the harmonic mean of the recall and precision, and Equation (7-12)
shows how to calculate the Fl-score. At the same time, Mathew’s correlation
coefficient measures the classification quality compared with each class’s recall

and precision relative to each other, as shown in Equation (7-13).

Accuracy can be represented by Equation (7-9):

Ya=0(TPa+ TNg)
Z_o(TPa+TNg+ FPg+ FNy)

Accuracy = (7-9)

Recall can be represented by Equation (7-10):

— ZZ=OTPa _
Recall = ST Pa PN (7-10)

Precision can be represented by Equation (7-11):

o sETP, ]
Precision = ST tPor FPL) (7-11)

F1-score can be represented by Equation (7-12):

F1= 2X (Precision X Recall) (7_12)

(Precision+Recall)
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Mathew’s correlation coefficient (MCC) can be represented by Equation (7-13):

Zﬁ:o(TPa XTNg)— (FNq XFPgq) (7_13)

McCc = YZ_o(TPq+FPg)+ (TPa+TNg)+ (TNg+ FPg)+ (TNg+ FNg)

The model results can be visualised in Confusion Matrix format, as shown in

Figure 7-4.

Predicted

Delayed Not Delayd

Delayed

Actual

Not Delayed

Figure 7-4 The Structure of a Confusion Matrix for a Binary Classification
Task

Figure 7-4 is the 2X2 matrix called the Confusion Matrix, where all the correctly
classified results are diagonal. The sum of the diagonals is the number of all those
correctly classified.

7.4 Results and Discussion

We presented the proposed method results in this section validated on three
months public dataset. The performance of our proposed method with the
BiLSTM is then compared with unidirectional LSTM, and different merge mode
performances was also evaluated to discover the most suitable.

We plotted a correlation matrix to show the collinearity of the multiple variables
in the dataset. This helps to determine which variables have the same effect on
the output variable: the flight delay. Figure 7-5 shows that Actual Elapsed Time
and Distance are highly correlated, so dropping either from the dataset will not
affect the model prediction. From the heap, we can see the importance of each
feature in the flight delay class. The ScheduleDepTime has a high contribution
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base on the correlation values on the delay class, while DepDelay and ArrDelay
features have a similar level of importance on the delay classes. The month is
the next most important feature of the delayed classes. Finally, distance is the
next important feature, and taxiOut has the minimum importance to the delay
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Figure 7-5: Flight Correlation Matrix

7.4.1 Experimentation Setup

We evaluated the proposed model efficacy in this section by conducting our
experiment on a US BTS for 2013 with three months of records of real flights. All
the computations were conducted on a Personal Computer (PC) with Intel(R)
Core (TM) i7-9700 CPU with a processor speed of 3.00GHz and 32GHz RAM.
We used the libraries TensorFlow Core-2.4.1, TensorFlow GPU-2.4.1, Pytorch
1.9.1, NumPy-1.19.1, pandas-0.25.3, sci-kit learn-0.23.2, Scipy-1.5.2,
PySimpleGUI-4.29.0 and Matplolib-3.3.1.
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7.4.2 Results Comparative Discussions
This section presents the comparative analysis of the evaluated methods in
this research. Table 7-4 contains the performance values of each of the methods.

Table 7-4 Performance comparison of LSTM and BiLSTM models

S/INo Methods Classes Precision Recall F1-Score  Support MCC

1 LSTM Class 0 0.8384 0.9443 0.8756 107892

Class 1 0.4469 0.0743  0.0896 101823

- - 0.7645 209715

Accuracy
0.4532 0.4532 0.4356 209715 0.4644
Macro Average
0.7362 0.7453  0.7453 209715
Weighted Average

2 BILSTM Class 0 0.8324 0.9898 0.8945 107892
Class 1 0.5643 0.0989  0.4988 101823
- - 0.9756 209715 0.9944
Accuracy
0.4202 0.4332 0.4122 209715
Macro Average
0.70023 0.7234 0.7213 209715
Weighted Average

The LSTM model had an accuracy of 76.45%, which is comparatively lower
than the BILSTM model. The LSTM model has a precision, recall and F1-Score
of 83.84, 94.43% and 87.56%, respectively, in predicting class 0, which is better
than that of class 1, having a precision of 44.69%, recall of 7.43%, F1-Score of
8.96%, respectively. It can be seen in the confusion matrix classification report
presented in Figure 7-6, where the model classified all the delay classes without
misclassification. In contrast, the not delayed class has some misclassification.
When predicting classes of the delay, the LSTM model results show a lower
performance when compared with the BIiLSTM; however, a better performance
LSTM model shows on the precision of class 1, which indicates the correctly
retrieved instances of the model on the class. The mutual correlation of the LSTM
predicted classes, an MCC score of 0.4644, is significantly lower than the BILSTM
because of their overall differences in the accuracy of predictions, which means
forward and backward networks of BiLSTM help in retrieving the sequences of
the previous layers during the training.
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The results show that the BILSTM model performs better than the LSTM in
prediction instances with just a few misclassifications, as can be seen in the
Confusion matrix in Figure 7-7. The results of the BILSTM model show an
accuracy of 97.56%, an increase of 21.11% compared to the LSTM accuracy
model. The model performance in class 0 is solid, with precision, recall and F1-
Score of 83.24%, 98.98% and 89.45%, respectively. Although the performance
has a small margin compared to LSTM on class 0, the model correctly identifies
a higher proportion of the not delay class. The precision of class 1 is 56.43%, but
it is better than the baseline LSTM model in class 1. The models recall and F1-
Score in class 1 are 9.89% and 49.88%, respectively. The MCC score for the
BiLSTM model is 0.9944, which shows a high correlation between the two

predicted classes of the model and, thus, means a good model.
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Figure 7-6: Confusion Matrix for LSTM approach

The subsequent data points are more important than the previous ones, which
is considered missing information by the LSTM model. The BiLSTM model solves
this LSTM model problem by doing two forward and backward LSTM model
training for the training dataset sequences. The Confusion matrix in Figure 7-6
shows that the unidirectional LSTM model correctly predicts 107,572 and
101,561 of the delayed and not-delayed flight classes, respectively, while Figure
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7-7 shows that BiLSTM correctly predicted 107, 892 and 101, 580 of the delayed
and not-delayed flights classes. It clearly shows from the Confusion matrix results
that the BiLSTM model’s performance in predicting the flight is better than that of
the LSTM model. The overall result shows the advantage of using deep BIiLSTM
over an LSTM because the prediction error of an LSTM tends to increase

significantly as the number of prediction steps.

- 100000
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Predicted label

Figure 7-7: Confusion Matrix for BiLSTM approach

7.5 Conclusion and Future Direction

The delay propagation in the air traffic network propagates through the entire
network with speed due to the complex nature of the system. In this research, we
compared two classification and prediction methods known as LSTM and
BIiLSTM by building a classification model to analyse flight delay on-time datasets
to assess the efficacy and viability of BILSTM to LSTM. The BILSTM model has
at highest accuracy of 97.56% than the unidirectional LSTM with an accuracy of
76.45%; the change in the accuracy of the BIiLSTM model shows its potential in
the prediction of flight delays. BiLSTM plausibly outperforms the LSTM model
due to its bi-directional (forward and backwards), leveraging any feature selection
capacity provided by the bi-directional ability in the architecture to handle missing

seqguences during the model training. Another reason could be that BILSTM takes
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additional time to fetch batches of data to have an equilibrium, though it is slow
because of this process. It indicates that the additional features associated with
the data are captured by BILSTM but cannot be exposed by the unidirectional
LSTM models because the training is only one way. Thus, we recommend
BiLSTM over LSTM for binary time series analysis, classification, or prediction.
This paper has contributed to the vast area of discourse in air transportation
and stakeholders in decision-making, thereby improving air passengers’ or
customers’ experience and increasing income from aviation and non-aviation
services. In the future, we recommend more cross-validation methods and larger
sample sizes across different regions to develop the models and further evaluate
the regional performance of the model towards a universal central prediction of
flights across nations. Other factors that can be improved regarding the neural
network aspect should be architectural design to achieve better tuning and higher
accuracy of the models bytraining the model with the weather, aircraft age,
aircraft model, and factors limiting airport infrastructure (i.e., available runways to
flights). It may help solve the low performance related to the unidirectional LSTM

model because, from our dataset, the weather-related delay is highly imbalanced.
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Chapter 8: Social Ski Driver Conditional Autoregressive-
Based Deep Learning Classifier for Flight Delay
Prediction

The air transportation industry's importance of robust flight delay prediction has
recently increased. This industry seeks alternative methods and technologies for
more robust flight delay prediction because of its significance for all stakeholders.
The most affected are airlines that suffer from monetary and passenger loyalty
losses. Several studies have attempted to analyse and solve flight delay
prediction problems using Machine Learning methods. This research proposes a
novel alternative method: Social Ski Driver Conditional Autoregressive-based
(SSDCA-based) Deep Learning. Our proposed method combines the Social Ski
Driver algorithm with Conditional Autoregressive Value at Risk by Regression
Quantiles. We consider the most relevant instances from the training dataset,
which are the delayed flights. We applied data transformation to stabilise the data
variance using Yeo-Johnson. We then train and test our data using Deep
Recurrent Neural Network (DRNN) and SSDCA-based algorithms. The SSDCA-
based optimisation algorithm helped us choose the right network architecture with
better accuracy and less error than the existing literature. The results of our
proposed SSDCA-based method and existing benchmark methods were
compared. Our proposed method's efficiency and computational time are
compared against the existing benchmark methods. The SSDCA-based DRNN
provides a more accurate flight delay prediction with 0.9361 and 0.9252 accuracy
rates on both dataset-1 and dataset-2, respectively. To show the reliability of our
method, we compared it with other meta-heuristic approaches. The result is that
the SSDCA-based DRNN outperformed all existing benchmark methods tested

in our experiment.

8.1 Introduction
The civil aviation sector is a distributed network of large interconnected

elements designed to meet the common aim of on-time air transportation and
passengers' expectations [1,2]. Because of flight connectivity, flight
delays at airports, especially for commercial hub airports, usually propagate

to other individual airports or even to the entire air transportation network.
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Without proper monitoring and control, such delays can expand over time,
resulting in poor airport performance and causing unnecessary dissatisfaction for
passengers [1, 14]. Over the last few years, this sector has rapidly grown in areas
such as customers, infrastructure and territorial coverage [3, 4]. A statistical
report from the International Air Transport Association (IATA) reveals that in
2012, airlines’ worldwide base incurred over $160 billion in total energy costs [5,
6, 7]. With the rapid growth of Communication, Navigation and Surveillance
(CNS), increased air traffic and airspace capacities, flight schedule planners try
to reduce buffer time among flight departures and arrivals to maximise aircraft
utilisation.

The air transportation network architecture is tight and complex, making it vital
to develop accurate prediction models critical for intelligent aviation systems [68].
It is necessary to predict flight departure or arrival delays with high accuracy.
Passenger anxiety can be avoided by efficiently arranging their schedules to
access a prediction model for a specific airport taxi time, with an explanatory
variable being computed before prediction [68, 70, 71]. Additionally, airport
management aims to provide better service with improved airport gate availability
[3, 8, 9]. Increased air traffic and flight delays have become a severe and
prominent global issue [1]. Based on the United States (US) Bureau of
Transportation Statistics (BTS) report, most airline flights arrived 15 minutes late
at their destination [10, 11, 12, 66, 76, 77, 78, 79, 80], thus incurring a loss of $30
billion, which is a challenge to the air transportation system [10, 13]. Delay
analyses have become an important research topic, and delay prediction has
been the subject of earlier studies [10, 19, 20]. As stated earlier, delays have a
significant financial impact. Therefore, it is important to introduce intelligent
systems to automate airports, passengers, and commercial airlines' monitoring
and decision processes [23]. Highly accurate predictions and real-time monitoring
systems are indispensable tools to that effect [1, 18, 21, 22, 23, 24, 68, 69, 70,
71, 72]. Proposed strategies include Collaborative Decision Making (CDM) [3,
26], Ground Delay Programs (GDP) [3, 27], and Air Traffic Flow Management
(ATFM) [3, 28] to improve the information flow among participating airports. A few

years ago, the research methodologies utilised for predicting delay propagation
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were from statistical, network theory, Machine Learning and agent-enabled
methods [3, 29].

Comparing statistical approaches with Machine Learning methods has
become popular in recent years. The field of transportation systems and
aerospace research has experienced a significant number of Machine Learning
models, such as K-nearest neighbour (k-NN), support vector machine (SVM), and
artificial neural network (ANN) models [68]. Some studies seek to improve the
model prediction performance by introducing variant neural network models [73,
74, 75]. Using only Machine Learning methods on historical data without an
optimisation algorithm has proven ineffective. In contrast, our proposed method
uses historical data from two datasets with a novel optimisation algorithm. The
authors [10, 30] employed the traditional statistical approach to characterise and
distribute flight delays. In [10, 31], the authors combine terminal airports’ weather
forecasts, convective weather forecasts, and the scheduled flights for predicting
daily airport delay time in terms of the Weather Impacted Traffic Index (WITI)
metric. As reported in the 2017 BTS report, only 0.72% of flight delays were
attributed to extreme weather [10]. Deep Learning classifiers are the most broadly
used traffic prediction techniques [15, 33, 34, 35]. The Deep Learning techniques
come under supervised and unsupervised Machine Learning algorithms [15, 32,
36, 37, 38, 39, 60, 73, 74, 75]. None of the previous studies has taken multiple
routes into full account in the prediction. In contrast, we introduce a feature fusion
method that utilises the complete flight information on different routes and
combines them to improve performance. In our studies, we will focus on non-
weather-induced delays.

Our paper aims to propose a novel flight delay prediction strategy that utilises
Social Ski Driver Conditional Autoregressive-based (SSDCA-based) Deep Long
Short-Term Memory (LSTM). We conduct data pre-processing initially to improve
the data quality; then, we perform the data transformation based on the Yeo-
Johnson transformation for further data processing. Yeo-Johnson transformation
transfers the data with no loss of its original quality. It works like Box-cox
transformation, but data values must not be strictly positive, and it is

advantageous over other transformation techniques. Also, it makes the data
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distribution more symmetric, thereby handling any skewness from the datasets.
We then perform feature fusion using the Deep Recurrent Neural Network (Deep
RNN) for fusing the imperative features. Here, we train the Deep RNN using the
developed SSDCA, improving the model learning process. Finally, we perform
flight delay prediction using the Deep LSTM. Furthermore, we compared the
newly developed SSDCA with other optimisation algorithms such as Social Ski
Driver (SSD), Particle Swarm Optimisation (PSO), Ant Colony Optimisation
(ACO), Honey-Bee Optimisation (HBO) and Earthworm Optimisation Algorithm
(EWA) [40, 41]. The accuracy (AC) of the SSDCA outperforms the other existing
methods. It is also worth mentioning that the proposed method’s computational
time is less than the other methods. In terms of error rate, such as Root Mean
Square Error (RMSE), Mean Square Error (MSE) and Mean Absolute Error
(MAE), the proposed SSDCA outperformed other methods.

The contribution of the paper is:

i. Proposed SSDCA enabled Deep LSTM for flight delay prediction: We
introduced the classifier; SSDCA algorithm drove Deep LSTM by
modifying the training process of the Deep LSTM with SSDCA algorithm
newly proposed by incorporating SSD with CAViaR for biases and weights
optimal tuning. We utilise the Deep RNN for feature fusion, which is trained
by the proposed SSDCA. Also, we adapted the SSDCA-enabled Deep
LSTM for predicting flight delays.

The rest of this paper is organised as follows: Section 8.2 describes the
conventional flight delay prediction strategies employed in the literature and the
challenges that inspire the development of the novel technique. Section 8.3
describes the proposed model for flight delay prediction based on the SSDCA-
based Deep Learning classifier. Section 8.4 presents our model results and
compares them with results from existing methods. Finally, Section 8.5 contains
the results and a discussion of the findings to conclude with possible future
directions.

8.2 Related Literature

The vast volume of collected data from the commercial aviation system makes

developing Machine Learning and Artificial Intelligence algorithms a popular
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candidate approach in predicting flight delays. Traditional methods such as
support vector machine, neural network, fuzzy logic, tree-based methods and K-
nearest neighbour are the most common data-driven methods [2]. Glvercin et al.
[37] proposed a clustered airport modelling approach for forecasting flight delays
using airport networks. The method provided accurate forecasts for flight delays.
However, during the training, the method uses only a few samples, which harms
the model's prediction performance. Lambelho et al. [38] assessed airports'
generic strategic schedules using flight cancellation and delay predictions. The
method’s performance was good in cancellations and delayed flight departures
but did not consider other features such as origin and destination to improve the
predictions. Tu et al. [23] studied the factors causing major departure delays at
Denver International Airport and the departure delay distribution using a
probabilistic approach for United Airlines. The study attempts to separate
contributing factors but focuses mainly on a single airport and does not consider
the network effect. Pathomsiri et al. [39] assessed US joint production on-time
and delay performance using a non-parametric function approach.

Some researchers apply operational research, simulation, queueing theory
and optimisation to simulate flight delays for an optimised policymakers’ system.
Pyrgiotis et al. [3] studied an extensive network of delay propagation in major
airports in the USA through network decomposition and an analytical queueing
model. Ankan et al. [40] analyse delay propagation through air traffic networks
with empirical data by developing a stochastic model. A Bayesian network
method for estimating delay propagation considers the element-oriented and
complex network distribution properties in three commercial aviation systems in
the USA. These methods are valuable in understanding interactions and root
causes amongst delay occurrence elements. However, for the individual flights,
these models did not yield sufficiently accurate predictions [41]. Rebollo et al. [42]
predict departure delays by adopting random forest algorithms using air traffic
characteristics as input features. When predicting departure delay for a two-hour
forecast window, the model had an error of 21 minutes. Choi et al. [43] employ
several machine-learning algorithms and combine weather forecasts with flight

schedules to predict scheduled times. Perez-Rodriguez et al. [44] proposed a
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model to predict daily aircraft delay probabilities in arrivals using asymmetric logic
probability.

Recently, Deep Learning algorithms have been employed to improve the
accuracy of flight delay prediction. Yu et al. [1] study flights at Beijing International
Airport using a novel Deep Believe Network with a support vector regression
method (SVR) to analyse high-dimensional data. The model achieves a Mean
Absolute Error (MAE) of 8.41 minutes with high accuracy, but this study was
limited to a single airport, and the propagation effects were not evaluated. Kim et
al. [45] predict departure and arrival flight delays using a recurrent neural network
(RNN) of an individual airport with a day-to-day sequence. Their study shows that
a more in-depth architecture improved the accuracy of the RNN. However, the
model can only perform a binary delay prediction and does not quantify its
magnitude. Chen and Li [11] developed a Machine Learning method for chained
predictions of flight delays. The method provides an averagely reasonable,
accurate and practical result for delay prediction but did not include an adequately
dataset which could have improved the accuracy. Ai et al. [26] developed
Convolutional LSTM for temporal and spatial distribution flight delay prediction in
the network. The method achieved good classification accuracy but did not
include human factors.

Guleria et al. [4] presented a Multi-Agent Approach for reactionary flight delay
prediction. The method helps in the flight scheduling system by identifying
itineraries. However, the technique did not test delay propagation trees for better
performance. Chen et al. [6] presented the Information Gain-Support Vector
Machine method for determining how improvements in flight delays of the studied
airlines based in China can reduce CO2 emissions. The proposed approach
reduces the limitations of the traditional data envelopment analysis (DEA) model.
However, the authors focus on a limited number of airlines and recommend
further experiments to confirm the method's validity. Maryam et al. [46] proposed
a model for predicting flight delays based on the Levenberg-Marquart algorithm
and Deep Learning. The accuracy of the proposed model in forecasting flight
delays was good. However, the results show that the imbalanced form’s standard
deviation is higher than all balanced evaluation parameters. Balanced data tends
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to lead to a lower standard deviation (SD). Ehsan and Seyedmirsajad [47]
proposed an approach to predict and analyse departure flight delays using
MATLAB R2018b [67] SVM implementations. The author recommended
expanding the research to include National Aviation System (NAS)-wide airports
in the analysis for more complete results. Daniel et al. [48] proposed using a
supervised neural network to predict air traffic delays with multilevel input layers.
The primary aim is to present a prediction model for delays in the air route by
applying artificial neural networks (ANN) during the model training; authors
concluded that parameters such as the day of the week, the block hour, or the
airline had a stronger influence than meteorology on the delay.

Regardless of the accuracy of the models, our observation of the methods
used in the above works is that their training phase is slow, a characteristic that
can become a limiting factor when the size of the data set grows. Another aspect
of the training phase is the existence of outliers in the data. Such outliers could
exist, for example, because of extreme delays that are not often encountered. Yu
et al. [1] eliminate extreme value delays from the bottom and the top 1% as
outliers. Tu et al. [23] reduce the smoothing spline approach’s influence by
excluding extreme data preparation observations. The authors in [11] and [49]
adopted a random forest method because of its low sensitivity to outliers. This
average optimisation technique was unsuitable for our study because it may
eliminate essential features through manual selection.

Accurate prediction of flight delay propagation at the national network level is
essential, especially for flights with reoccurring delays, to reduce unwanted
expenses. Based on the recent state-of-the-art architectural model of RNN units,
LSTM has been promising in addressing this limitation. Researchers have
applied it in several fields, including predicting traffic, because of the ability to
learn time series features and temporal correlation. Ma et al. [50] performed traffic
speed prediction using LSTM on historical microwave detectors' speed data and
compared their approach with other approaches regarding stability and accuracy.
Liu et al. [51] proposed a generative Deep Learning model comprising LSTM
encoder and decoder layers to predict aircraft trajectories. The LSTM shows it

can perform good feature extraction and learn useful temporal correlation

203



features [52]. However, despite all these advancements, there is still a need to
improve prediction performance and reliability, potentially using an optimisation

algorithm to generate more efficient and accurate models.

Challenges

We elaborated on some issues faced by the existing predictive approaches for

flight delay as follows:

i. The Deep Learning model and convolutional LSTM [26] were developed
for predicting flight delays. However, the method failed to consider the
airport’s delays to optimise take-off and landing intervals.

ii. In[38], the authors developed a generic strategic schedule assessment for
predicting flight delays. However, the method does not utilise features such
as unique air carriers, tail number of aircraft, and origin/destination airports
with trigonometric transform function in the model training to enhance
predictions’ accuracy.

ii.  In[1], the authors introduced a deep belief network method to determine
flight delays; the method did not use an optimisation algorithm without
access to the required data on air traffic control because of confidentiality
considerations for improving performance.

Our proposed method includes the departure and arrival details in the selected
features. Thus, our method overcomes the challenge of take-off and landing by
considering the dataset's actual and scheduled time for arrival and departure
features. Our proposed method also uses categorical and numerical data
features to enhance prediction performance.

8.3 Problem Statement

Flight delays may occur because of several unforeseen events, affecting
airlines, airports and passengers. Developing more accurate models for
predicting flight delays has become essential because of the rapid increase in
flight complex data overflow, the limited number of prediction methods, and the
air transportation system network's complexity. The proposed method builds an
accurate flight delay prediction model in this context. We assume the input data,

represented byp, to be a collection of p, s, as defined in Equation (8-1).
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K=1{D,, i A1<i<N)A<j<T) (8-1)

where N' is the total number of data points and T is the total number of attributes.

Hence, p represents data in a database k depicting Jthmlxed attributes of |

data. Thus, the expression [N’ x T'] denotes the size of the input data, indicated
by (D)y' « 7+ We will be extracting 6 features f; from the input datap and fuse
them into f as shown in Equation (8-2) before feeding them as input to the Deep

Learning classifier for predicting the flight delay as a final output Oy.
f=Ffi; i=1to6 (8-2)

8.4 Flight Delay Prediction using the Proposed Social Ski Driver
Conditional Autoregressive-based (SSDCA) Deep Learning
classifier

This section explains the proposed SSDCA-based Deep Learning classifier
for predicting flight delay. The steps followed in the developed model are pre-
processing, data transformation, feature fusion, and prediction. We feed the pre-
processing module with the input data and then transmit data using the Yeo-
Johnson transformation [53]. Afterwards, we forward the transformed data to the
feature fusion module, where Deep RNN performs the feature fusion [54]. We
select an optimal number of layers in the Deep RNN method using the proposed
SSDCA-based algorithm. The newly developed SSDCA algorithm combines the
SSD [58] and CAViaR [56]. Finally, we perform the prediction using the Deep
LSTM method [57] that we trained using the developed SSDCA method. Figure
8-1 shows the flight delay detection block diagram using the newly proposed
SSDCA-based Deep Learning.
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Data
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Input Data ‘: > Pre-processing |:‘ > using Yeo-Johnson
Transformation
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SSDCA-based Deep
Recurrent Neural Network

Prediction using DeepLong
Short-Term Memory
Output data {—1|  Deep(LSTM) and Social Ski
Driver Conditional
Autoregressive method (SSDCA)

Figure 8-1 Block diagram of the Flight Delay Prediction using the
Proposed SSDCA-based Deep Learning Classifier

8.4.1 Dataset Description

The dataset used in this paper is from the US flight data downloaded from the
US Government BTS for January and February 2019 and 2020, respectively [61,
62]. The extracted data feature contains flight information with 21 features for
time series analysis and flight delay predictions, as shown in Table 8-1 [66]. There
are over 1,000,000 row instances of commercial flights. The dataset records are
inconsistent and incomplete, with many missing duplicates and null values. We
initially need to clean to make the data complete and suitable for further pre-
processing by converting the attributes to the most appropriate forms for applying

Deep Learning and Machine Learning methods.
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Table 8-1 Datasets information

S/No Feature Name Data Attribute Type Brief format
Type explanation
1 Year int64 Numerical (Discrete) In four digits format,
e.g. 2000
2 Month int64 Numerical (Discrete) In two digits format,
e.g. 12
3 Day of Month int64 Numerical (Discrete) In two digits format,
e.g. 01-31
4 Day of Week int64 Numerical (Discrete) In one-digit format,
e.g. 1 (Monday) - 7
(Sunday)
5 Departure Time float64 Numerical (Continuous) In four digits format,
e.g. 1456
6 Scheduled Departure  float64 Numerical (Continuous)  In four digits format,
Time e.g. 1456
7 Arrival Time float64 Numerical (Continuous) In four digits format,
e.g. 1456
8 Scheduled Arrival Time floaté4  Numerical (Continuous)  In four digits format,
e.g. 1456
9 Unique Carrier Code object Categorical (Nomimal) 2 letters code, e.g.
PS
10 Flight Number object Numerical (Discrete) Number of flights,
e.g. 1454
11 Actual Elapsed Time  float64 Numerical (Continuous)  In two digits format,
e.g. 93
12 Scheduled Elapsed float64 Numerical (Continuous) In two digits format,
Time e.g. 94
13 Flight Time float64 Numerical (Continuous) In two digits format,
e.g. 10
14 Arrival Time float64 Numerical (Continuous) In two digits format,
e.g. 12
15 Departure Time float64 Numerical (Continuous) In two digits format,
e.g. 11
16 Origin object Categorical (Nominal) 3 letters code eg.
LHR
17 Destination object Categorical (Nominal) 3 letters code, e.g.
MAN
18 Distance int64 Numerical (Continuous)  The miles covered,
e.g. 1448
19 Diverted int64 Binary (Categorical) In two binary format,
eg.0orl
20 Carrier Delay int64 Binary (Categorical) In two binary format,
eg.0orl
21 Weather Delay int64 Binary (Categorical) In two binary format,

eg.0orl

207



Features used for the model training and testing
Several dataset features are irrelevant to our experiment, and we only kept
the relevant features that have a high contribution to flight delay. We use the

following features in training and testing our model:

(i) Flight Date: the date on which the flight was performed.
(i) Origin: departure airport.

(i) Destination: arrival airport.

(iv) Departure delay: The difference between actual and scheduled departure

times.
(v) Arrival delay: The difference between actual and scheduled arrival times.

(vi) Distance: the miles covered by the flight.
The departure and arrival delays are logically highly correlated, and any
experience of delay on the departure flight will certainly affect the flight arrival.
The authors in [19] have proved that the departure airport largely causes the
origin of congestion at the destination airport. For this reason, we have the
selected features.
8.4.2 Pre-processing

The input data is a collection of categorical, numerical and time attributes.
Categorical attributes indicate the airport station, for example, Heathrow, Delhi,
Chennai etc. Numerical attributes represent the path values, humidity, etc.
Finally, time attributes signify the date and time stamp for departure and arrival.
Initially, we convert the categorical attributes to categorical numbers, assigning
the airport stations with a unique identifier number 1,2, 3, etc. After that, we
change both the numerical and time attributes from text to number data. Once we
get the pre-processed data, we compute the missing value using the average and

frequency methods for numerical and categorical attributes. Thus, the pre-

processed data output is indicated (P)NxT where the dimension of pre-processed

datais [N ><T]. Figure 8-2 shows the determination of pre-processed data output.
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Figure 8-2 Schematic Diagram for the Determining-processing Output

8.4.3 Data Transformation using Yeo-Johnson Transformation
We then pass the pre-processed data (P)NxT to the data transformation phase,

where the Yeo-Johnson transformation is used [53]. The Yeo-Johnson
transformation is better than other transformation methods because it produces
well-organised data that is easier to use. Correctly formatted and transformed
data improves the data quality and protects applications from potential
landmines, such as null values, unexpected duplicates, incorrect indexing, and
incompatible formats. Furthermore, the Yeo-Johnson transformation can make
the data distribution more symmetric, and it does not require that the value be
strictly positive. We estimate the parameters by applying this transformation to
the response variable using the maximum penalised likelihood model. The Yeo-

Johnson transformation expression is shown in Equation (8-3).

(M+1)°-1)/6;, M=06+0

log(M +1); M>06=0
=pB6,M) = _ 2-5_ 8-3
J= K : _—((M:ZI_)S) 1); M<0,6+2 (8-3)
—log(—M + 1); M<0,6=2

Where J = (8, M) is the output of the data transformation of R, § is any real

number of the power parameter in a piecewise function form that makes it
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continuous at the point of singularity (§ = 0), whereé§ = 1is an identity
transformation and M is the data vector with zero, negative and positive values
or observations without restricting the type of observation needed stabilising the
variance of the input datasets, which increase the features distribution symmetry
and improving the validity of association measures (such as the correlation

between features).

8.4.4 Feature Fusion using Proposed SSDCA-based Deep RNN

Once the data transformation is performed, we do the feature fusion based on
the trained Deep RNN model of our SSDCA algorithm. In feature fusion, SSDs
have greater throughput, continuous access times for quicker boot-ups, faster file
transfers, and excellent performance. The CAViaR model specifies the evolution
of the quantile over time using a special type of autoregressive process described
in detail later. It applies to real data and can adapt to new risk environments.
Thus, the SSDCA has the advantages of SSD and CAViaR in feature fusion. After
data transformation, the size of the data remains n <1 ; hence for reducing the
features, the feature fusion step is fundamental in determining flight delays
effectively. For example, the T attributes have six columns, meaning six features,
as shown in the set {fi, f>, f3, fa, f5, fo}-
Correlation-based Feature Sorting

In this step, we perform the correlation for the six features. For example, we

compute the correlation based on f; target values; thus, we get six correlation
values. Then, we couple the features and change the columns based on high
correlation values, which precedes the feature fusion process for reducing the
features. We applied Spearman's rho correlation because our data has an ordinal
level of measurement and follows a categorical distribution to measure the
pairwise monotonicity of relationships by ranking from highest to lowest and
choosing the high correlation values. Also, each variable changes in one direction
of category without necessarily at the same rate. It can be calculated as shown
in Equation (8-4).

Cs=1 ordi (8-4)

"~ (m2-m)
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Where C; is the rank between two features, d; is the difference between two
variable ranks for each data pair while Y d? Represents the square sum
difference between two features' rank, and n is the number of instances.

Feature Fusion and Determination of B based on Deep Recurrent Neural
Network

After feature fusion, we determine the § based on the Deep RNN classifier. Here,
we take the features as the Deep RNN classifier's input for performing feature
fusion using weights and bias-related with hidden layers.

a) Feature fusion

Once we change the columns based on the correlation values, we perform the

feature fusion based on Equation (8-5).

et = 2 e (8-5)

. T
where |=1+T, j=1..l, Trepresents the total features and [ refers to the
number of selected features as shown in Equation (8-6).

|=£;1skss (8-6)

where the term kis the index of fused features and S is the last index of the fused
features.
b) Structure of Deep RNN

This network architecture contains several recurrent hidden layers in the network
hierarchy. However, the recurrent connection exists only among hidden layers. It
takes the previous state output as input to the next state, and the iteration process
begins with the hidden state information. The advantage of using a Deep RNN
[54] classifier over state-of-art classifiers is that it operates effectively under
changes in the input feature length. A recurrent feature associated with Deep
RNN vyields high performance in feature fusion accuracy and the required number
of iterations. We used Deep RNN to find the best parameter values because it
can process inputs of any length and approximate any function. We illustrate the
structure of the Deep RNN classifier in Figure (8-3).
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Figure 8-3 Structure of Deep RNN

The Deep RNN classifier defined the input vector of the layer fat time h as

un e ultm o ultm} and the output vector of the layer fat
time h as o™ ={o{"M oM, oM oMl The set of units for each
element of output and input vectors n refers to the arbitrary unit number of layers
fand v signifies total units. However, the total units of (f —1)"layer and the
arbitrary unit number , and,. Here, the input propagation weight from (f —1)"

(1) g v

layer to fthlayer is shown by W , and f"we denote recurrent layer

(f) c |V><V

weight as W the term signifies weight set. Therefore, the input vector

components are as in Equation (8-7).

U = 3° 700 01 4 3 (1) ot (8-7)

u=1
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where, z(f)and () refer to elements of W(f), and W' the term n signifies the

arbitrary unit number of f" layers. Thus, the output vector of f" the layer
elements is as in Equation (8-8).

ol = 4N (LlM) (8-8)

(f)

where '’ refers to the activation function. Thus, activation functions, like the

Sigmoid function, are indicated by u(U) = tanh(U) rectified linear unit function

(ReLU) u(U) = max(U,h), and we represent the logistic sigmoid function as
1
,U(U)= oV the employed activation function. To simplify the prediction

, th . th .
process, consider £ weight as z(">and £ unit as o('*" and hence, we

specified the bias as shown in Equation (8-9).
0"or g = 4. (o0 L wlh), olf ) (8-9)

(1) o S. And W) is the input

(f)

Thus, the output of the classifier is indicated as O

propagation weight, recurrent layer weight as w), unitas o(**" and £ '’ refers

to the activation function. The classifier is tuned by a proposed optimisation
algorithm for updating the classifier's weights, enabling effective prediction
performance.

c) Training data

After the determination 8, we computed the training data value by correlating the
mean vector of data belonging to the class. The training data step is significant
for the selected six features instance in model building to generate an output, as

shown in Table 8-2.
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Table 8-2 Determination of training data

d;/fr f1 f2 f3 fr Target

d1 C (dl, fl) C (dl, f2) C (dl, f3) C (dla fT) .Btraining

dz C (dz, fl) C (dz, f2) C (dz, f3) C (dz, fT) ;Btraining
d C (d3, fl) C (ds, fZ) C (d3' f3) C (d3' fT) ,Btraining
dy C (d4, f1) C (d4, f2) C (da, f3) C (d4, f1) Btraining
We compute the output training £ using Equation (8-10).
B ining = Correlation(d;, Mg,) (8-10)

where M, refers to the mean vector of data d; belonging to the class.

d) Training of Deep Recurrent Neural Network using Social Ski Driver

Conditional Autoregressive

We carried out the training process of Deep RNN [54] using the developed
SSDCA technique for finding optimal weights to tune the Deep RNN [24] for
feature fusion and flight delay prediction. The feature fusion based on the
developed SSDCA categorises data by obtaining optimal weights and dealing
with new data characteristics from distributed resources. The naturally inspired
SSD algorithm [55] has several evolutionary optimisation algorithms for reducing
parameters and improving system performance. SSD aims to search in space for
near-optimal or optimal solutions. Thus, this approach efficiently generates
improved features for solving multi-aim optimisation problems. The method
solves highly non-linear problems with complicated constraints and can deal with
heterogeneous data.

On the other hand, the CAViaR model [59] has received much attention for
distributing direct returns to the quantile behaviour. We employ regression
guantile to estimate and update the parameters. Tests of the model adequacy
use a criterion independent of each probability period of all past information
processes. The method also increased the convergence process and the
diversity of solutions and improved the balance between exploitation and
exploration. CAViaR models can adapt to new risk environments. Thus,
integrating CAViaR with SSD enhances the overall algorithmic performance. We
give the algorithmic steps of the proposed SSDCA as follows.
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i) Initialisation: The initial step of the SSDCA algorithm is the search agent’s
location initialisation, where the user determines the total number of agents. As

shown in Equation (8-11), the agent's position is.
X, 1<sv<2) (8-11)

where the term x  refers to the agent’s location at a timet, v is the velocity and z

is the total number of samples.

i) Objective function evaluation: we select the optimal agent location using the
minimal learning error as an optimal solution. We estimate the objective function
error using Equations (8-12), Equation (8-13), Equation (8-14) and Equation (8-
15).

1
MSE = 2 ¥5-1(In — Bn)* (8-12)
1
RMSE = [155_,(1— B0 (8-13)
1
MAE = ZX}-1lln — Bl (8-14)
AC = TRUE POSITIVE + TRUE NEGATIVE (8-15)
TRUE POSITIVE + FALSE POSITIVE +TRUE NEGATIVE + FALSE NEGATIVE

where the classifiers estimated target, the outputis I, and B;,. The term z denotes

the total number of samples.

iii) Solution update using the SSDCA algorithm: Once we compute the
objective functions, the solution undergoes the location update based on SSDCA,

as shown in Equation (8-16). The standard equation of the SSD velocity Kk :* is

given by Equation (8-17).

Ximh = Xy + Kt (8'16)

_ {esin (ml)(Bfm - X.tm)+ sin (ml)(A:m - Xltm); 5,<0.5 (8-17)

ecos(ml)(B:m - Xltm)+ Cos(ml)(A:m - Xltm)’ S, > 0.5
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where K, signifies velocity of X,,, and uniformly distributed random numbers
represent Mand M, range between 0 to 1. B, refers to the optimal agent solution

and A,, denotes means a global solution for the entire population. Hence,

Equation (8-17) depicts the standard SSD equation incorporating the updated
CAViaR equation. Therefore, the CAViaR standard equation is given as in
Equation (8-18).

Xt = ap + Xk an Xim(t — h) + -y aif (X (t — h)) (8-18)

Substitutingk = r = 2 in Equation (8-18) becomes Equation (8-19).

Xb =y +ag X, (t—1)+a, X, (t—2)+ o F (X, (t—1))+ x, T (X, (t—2)) (8-19)

where f() denotes the fitness function considering the case-1 in Equation (8-
16), which we refer to as Equation (8-16a).

Now substituting Equation (8-17a) in Equation (8-16) results to:

X=Xt +esin (rnl)(B}m — X,tm)+ sin (rnl)(A}m — X,‘m) (8-20)

Rearranging, Equation (8-20), the solution becomes,

X = X [L1—esin(m,)—sin (m, )]+ esin (m,)B!,, +sin(m, )AL (8-21)

Substituting Equation (8-19) in Equation (8-21) yields:
Xim = 0ty + alxlm(t _1)+ alem(t - 2)+ o f (le(t _1))+ a, f (le(t - 2))

[1—esin(m,)—sin(m, )]+ esin (m, )B},, +sin(m, )A}, (8-22)

Following the same procedure when considering case-2 in Equation (8-17), which
we refer to as Equation (8-17b), we get:

Kin' = Xi[ecos(m, )+ cos(m, )]+ ecos(m,)B;, +cos(m, )+ Aj, (8-23)

Similarly, substituting Equation (8-19) in Equation (8-23) results to:
Kin' = + alxlm(t _1)+ aZXIm(t - 2)+ o f (le(t _1))+ a, f (le(t - 2))

8-2
[ecos(m, )+ cos(m, )]+ecos(m, B}, +cos(m, )= Al (8-24)
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Thus, the final expression for the updated equation of the proposed SSDCA
applied in performing the flight delay prediction is shown below in Equation (8-
25):

0(0+0[1X|m(t—1)+0[2X|m(t—2)+a1 ( Im(t ))+a2 ( (t—Z))
[1—esin(m,)—sin(m, )]+ esin (m,)BL +sin(m, A} ;s,<0.5
0‘0+0‘1X|m(t_1)+alem(t_2)+a1 ( (t ))"‘az ( (t—2))
s,>0.5

Kit = (8-25)

[ecos(m, )+ cos(m, )]+ ecos(m, B}, +cos(m, )* AL ;

Im

iv) Recheck the feasibility: Once we test the updated position and each solution
of the objective functions, we consider the optimal solution to be the one with

maximal fitness.

v) Termination: The steps i to iv continue until we meet a specified maximum
iteration number or achieve an optimal solution. The pseudocode of the
developed SSDCA approach is shown in Algorithm (8-1).

Algorithm 8-1: Pseudocode of the SSDCA-based Deep RNN
algorithm
1: Input: Search agents location

X&s@a=sv=<z)

2. Output: Optimal location

3:  Procedure:

4: |begin

5: Agent’s velocities and position are initialised (8-11)

6: Consider fitness value should be minimal

7: while stopping criteria are not met, do

8: for whole agents do

9: Compute fitness value based on equation (8-12)

10: Sort agents based on fitness value

11: Determine mean global solution and previous
optimal solution

12: Update the SSD (8-16) using (8-17)

13: Update the CAViaR (8-18) using (8-19)

14: Update the SSDCA (8-24) based on (8-25)

15: end for

16: Check solution feasibility

17: Return optimal solution

18: t=t+1

19: end while

20: The best solution is achieved

21: End

We call F the output obtained from line 20 of Algorithm (8-1).
Flight delay prediction based on proposed SSDCA-based Deep LSTM
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The feature fusion output ris plugged into the Deep LSTM classifier [57] for
predicting the flight delay training by the novel SSDCA, incorporating the SSD
algorithm [55] and CAViaR [56]. We employ the Deep LSTM classifier because
processing the input time series data takes less computational time. Another
significant benefit of Deep LSTM is that it requires less training data and can
generate optimal results at a specific instance. This section elaborates on the

Deep LSTM structure and framework utilised for optimising training weights.

8.4.5 Deep LSTM Architecture

We feed the Deep LSTM classifier with the fusion features r obtained from the
feature fusion to accomplish the flight delay prediction. The Deep LSTM
effectively achieves flight delay prediction by applying the classifier's memory
cell, which is advantageous for the other classifiers. Here, the memory cell utilises
the stored state information and acts as an accumulator. The Deep LSTM uses
the input and their neighbours’ past states to predict future states based on the
convolutional operator and Hadamard product. We achieve an effective flight
delay prediction using the high transitional kernel where the encoding and
forecasting layers form the Deep LSTM structure. The forecasting network
receives the initial input and outputs the cell encoding network. Also, the Deep
LSTM uses a self-parametrised gate to clear cell access. The memory cell
receives the state information if the gate gets activated when subject to the input.
The classifier forgets the past cell information whenever the forget gate is ON.
Because of insufficient decaying error backflow, information storage takes a long
over extended intervals with recurrent backpropagation. A significant advantage
of the classifier is how it manages the information flow.

LSTM is an efficient and gradient-based method. The LSTM can bridge the
minimal time lags learning to enforce constant error flow through “constant error
carrousels” over 1000 discrete time steps within the particular unit. In terms of
space and time, the LSTM is local. The LSTM algorithm can solve long-time lags
of complex tasks that other recurrent neural network algorithms cannot. Here, a
convolutional architecture exists in the input to the state-to-state transition, so the

forecasting problem solves a structure in the LSTM. The classifier's rows and
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columns are the 3D tensors in spatial dimensions with inputs, hidden states, and
gates utilised. We define the input cell and states as vectors in spatial grid form
to enhance the flight delay prediction performance. However, the classifier
employs the previous state and neighbours’ input cells to compute future states.

Thus, the Deep LSTM classifier includes an input {Tl,...Tm}, hidden states {Il,....lm}

, cell output {D,,.D,|, and gates X., Y., Z,. Figure 8-4 describes the

architecture of the Deep LSTM classifier.

Encoding Final Prediction

LSTM 2
Feature

fusion

Forecasting Network

Figure 8-4 Architecture of Deep LSTM Classifier

Equation (8-26) defines the input gate output:
X, =y (ST*T,+S!*1, ,+SPoD, ,+ 1) (8-26)
Where T, is the input vector and s T is the weight among the input layer and gate.

The gate activation function is given by ,, and sP is the weight vector between

the cell input and output layer, and s ! is the weight between memory input and

output layer, while |, represents the previous cell output, and D, ;is the

previous memory unit output. The term /' represents input layer bias, the
character* represents the Convolutional operator, and the charactercis the
element-wise multiplication. Equation (8-27) represents the forget gate output:

Yo =7(SI*T, +S!*1,,+SPoD, ,+2') (8-27)
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where S] denotes weight among the input layer forget gate while the term S; is

the weight among the memory unit of the previous layer and output gate and SyD

is the weight among output gate and cells. The term A represents the bias that
relates to forgetting gates. Equation (8-28) represents the output generated from

the output gate:

2, =y (ST*T, +S!*1, ,+SPoD, , +A) (8-28)

where SZT represents the weight between the input layer and the output gate, the
weight between the output gate and memory unit, and the weight between the

output gate and the cell; the term I is the output gate bias based on the activation

function. Equation (8-29) represents the temporary cell state output.

D, =tanh (Sy *T, +S! *1.,+ ') (8-29)

where/ represents the bias and sT the weight between the cell and the input

layer, while the symbolrepresents the weight between the cell and the memory
unit. The cell output estimates adding the previous and current layer, temporary
cell state and a memory unit. Equation (8-30) and Equation (8-31) represent the

cell output estimation.

D =y oD +X oD, (8-30)

T

m

D, =Y,°D, ,+ X otanh (SJ *T +S) >, + A") (8-31)
Equation (8-32) expresses the memory unit generated output:

|, =z, otanh(D,) (8-32)

where Z_, represents the output gate, and the term | represents the block

output memory. Thus, Equation (8-33) represents the generated output O,, :

O, =a(sl.1,+2°) (8-33)
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where the output vector of weight among the memory unit is s! and A°
represents the output layer bias.
8.5 Results and Discussion

This section describes the results of the proposed SSDCA-based Deep LSTM

based on some benchmark metrics and compares our method with a set of
methods from the literature. Table 8-3 presents the considered methods and the

corresponding special names we give them.

Table 8-3 Methods

S/No. Methods Special
Name

1 Deep Belief Network Med 1

(DBN)
2 Gradient boosting Med 2
classifier

3 Information gain-SVM Med 3
4 Multi-agent approach Med 4
5 Deep LSTM Med 5
6 PSO+Deep LSTM Med 6
7 ACO+Deep LSTM Med 7
8 SSD+Deep LSTM Med 8
9 HBO+Deep LSTM Med 9
10 EWA+Deep LSTM Med 10

8.5.1 Dataset Source

The dataset considered for the experimentation is the flight delay prediction
dataset with US flight data downloaded from the US Government Bureau of
transportation statistics [61, 62].

January Flight Delay Prediction dataset (dataset-1 [61]): This dataset
contains the flights in January 2019 and January 2020. It contains over 400,000
flights, which translates into 400,000 rows. It has 21 feature columns that specify
the features of each flight. It includes the destination airport, origin airport,
departure time, arrival time, and aircraft information. We used the dataset for
predicting flight delays at the destination airport for January.

February Flight Delay Prediction dataset (dataset-2 [62]): This dataset
contains the flights in February 2019 and February 2020. It contains over 400,000
flights, which translates into 400,000 rows. It has 21 feature columns that specify
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the features of each flight. It includes the destination airport, origin airport,
departure time, arrival time, and aircraft information. We used the dataset for
predicting flight delays at the destination airport for February.

8.5.2 Evaluation Metrics

We evaluate the proposed model performance using the MSE, RMSE, MAE and
Accuracy metrics [63, 64, 65, 66].

MSE measures the average square difference between the estimated and target
values, as shown in Equation (8-10).

RMSE measures the square root of the average square difference between the
actual and the predicted value, as shown in Equation (8-11).

MAE: This measures the Mean of the absolute values of individual prediction
errors over all instances in the test set, as shown in Equation (8-12).

Accuracy: This measures the estimated value’s closeness to a standard or
actual value, as shown in Equation (8-13).
8.5.3 Method Comparisons
We analyse the developed model performance and compare it with the existing
methods from the literature [1, 3, 5, 23] and other meta-heuristic approaches
implemented with the Deep LSTM in our study.
Model Evaluation
In this section, we compare the proposed SSDCA-based Deep LSTM by varying
the training and testing datasets percentage to investigate the impact on the
model’s performance.
Analysis using dataset-1

Figure 8-5 in the appendix illustrates the analysis of the developed approach
based on dataset-1 by considering the feature size as ‘6’. Figure (8-5a) shows
the analysis of RMSE regarding training data, with smaller values of RMSE being
the favourable ones. When we consider 60% as training data, RMSE measured
shows that our proposed method outperforms the existing methods, as shown in
Table 8-4. For 90% training data, the developed model gained a minimum RMSE
of 0.1114, whereas the remaining existing methods did not perform as well, with
the actual values shown in Table 8-4.

Figure 8-5b shows the analysis of MSE in terms of training and testing data

percentage. For 70% of training data, the MSE was measured by the existing
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methods, and our proposed method is shown in Table 8-4. For 90% training data,
the developed model achieved a minimum MSE of 0.0134 compared to the other
methods, with detailed values shown in Table 8-4.

Figure 8-5 shows the analysis of MAE in terms of training and testing data
percentage. For 60% of training data, the MAE measured by our proposed
method outperforms the other existing methods with a value of 0.1615. Detailed
values are shown in Table 8-4. For 90% training data, the developed model
achieved a minimum MAE of 0.0511 compared to the other methods, with
detailed values shown in Table 8-4.

Figure (8-5d) shows the analysis of Accuracy in terms of training and testing
data percentage. For 70% of training data, the Accuracy measured by our
proposed method outperforms the other existing methods with a value of 0.9156.
Table 8-4 shows the detailed values of the other existing methods. For 90% of
training data, the developed model achieves an accuracy of 0.9362 compared to

the other methods, with detailed values shown in Table 8-4.
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Table 8-4 Results comparison of our proposed method with other existing
methods across different evaluation metrics on dataset-1

S/ Training/ Method/ Med Med Med Med Med Med Med Med Med Med Proposed
No Testing Metrics 1 2 3 4 5 6 7 8 9 10 SSDCA-
(%) based
Deep
LSTM
1 60/40 RMSE 0589 0.44 0.37 0.24 0.23 0.22 0.22 0.22 0.22 0.22 0.2235
1 71 75 73 28 8 61 58 58 43
MSE 0.347 0.19 0.14 0.06 0.05 0.05 0.05 0.05 0.05 0.05 0.0499
1 9 25 11 42 19 11 11 09 03
MAE 0.529 0.39 0.31 0.19 0.18 0.17 0.16 0.16 0.16 0.16 0.1614
1 71 75 89 45 56 74 45 32 25
Accuracy 0.752 0.76 0.78 0.79 0.80 0.81 0.82 0.83 0.84 0.87 0.9013
8 56 57 24 67 56 37 98 78 56
2 70/30 RMSE 0521 0.38 0.32 0.20 0.20 0.19 0.19 0.19 0.19 0.19 0.1931
3 74 59 78 16 63 55 50 47 46
MSE 0.261 0.15 0.10 0.04 0.04 0.03 0.03 0.03 0.03 0.03 0.0373
5 0L 62 32 06 8 8 8 79 78
MAE 0.456 0.33 0.26 0.15 0.15 0.14 0.14 0.14 0.14 0.14 0.1375
7 67 56 73 15 85 54 50 44 36
Accuracy 0.759 0.77 0.78 0.79 0.81 0.81 0.82 0.84 0.85 0.87 0.9156
8 20 96 95 23 95 85 25 34 98
3 80/20 RMSE 0417 0.31 0.26 0.16 0.16 0.15 0.15 0.15 0.15 0.15 0.1576
4 54 64 82 46 88 84 82 80 77
MSE 0.174 0.09 0.07 0.02 0.02 0.02 0.02 0.25 0.02 0.02 0.0248
2 95 10 83 71 52 51 0 49 49
MAE 0.356 0.26 0.20 0.11 0.11 0.10 0.10 0.10 0.10 O0.10 0.1010
7 67 56 78 34 76 66 56 20 10
Accuracy 0.775 0.78 0.79 0.80 0.81 0.82 0.83 0.85 0.86 0.89 0.9268
4 45 45 45 96 95 67 43 34 56
4 90/10 RMSE 0.295 0.22 0.18 0.11 0.11 0.11 O0.11 0.11 0.11 0.11 0.1114
2 28 78 64 54 48 40 38 33 26
MSE 0.087 0.04 0.03 0.13 0.01 0.01 0.01 0.01 0.01 0.02 0.1024
1 9% 52 56 33 31 30 29 28 26
MAE 0.248 0.16 0.12 0.06 0.05 0.05 0.05 0.05 0.05 0.05 0.0511
7 74 67 16 94 8 80 72 72 67
Accuracy 0.803 0.82 0.85 0.86 0.87 0.88 0.89 0.90 0.91 0.92 0.9361

4 78 84 45 56 34 07 56 56 65
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Figure 8-5 Analysis using Dataset-1 with feature size 6, a) RMSE, b) MSE,
c) MAE, d) Accuracy

Analysis using dataset-2

Figure 8-6 in the appendix illustrates the analysis of the developed approach
based on dataset-2 by considering the feature size as ‘6’. Figure 8-6a shows the
analysis of RMSE regarding training data, with smaller values of RMSE being the
favourable ones. When we consider 60% as training data, RMSE measured

shows that our proposed method outperforms the existing methods, as shown in
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Table 8-5. For 90% training data, the developed model gained a minimum RMSE
of 0.1157, whereas the remaining existing methods did not perform as well, with
the actual values shown in Table 8-5.

Figure 8-6b shows the analysis of MSE in terms of training and testing data
percentage. For 70% of training data, the MSE was measured by the existing
methods, and our proposed method is shown in Table 8-4. For 90% training data,
the developed model achieved a minimum MSE of 0.0134 compared to the other
methods, with detailed values shown in Table 8-5.

Figure 8-6¢ shows the analysis of MAE in terms of training and testing data
percentage. For 60% of training data, the MAE measured by our proposed
method outperforms the other existing methods with a value of 0.1701. Detailed
values are shown in Table 8-5. For 90% training data, the developed model
achieved a minimum MAE of 0.0557 compared to the other methods, with
detailed values shown in Table 8-5.

Figure 8-6d shows the analysis of Accuracy in terms of training and testing
data percentage. For 70% of training data, the Accuracy measured by our
proposed method outperforms the other existing methods with a value of 0.
0.9085. Table 8-5 shows the detailed values of the other existing methods. For
90% of training data, the developed model achieves an accuracy of 0.9252

compared to the other methods, with detailed values shown in Table 8-5.
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Table 8-5 Results comparison of our proposed method with other existing
methods across different evaluation metrics on dataset-2

S/ Training/ Method/ Med Med Med Med Med Med Med Med Med Med Propose
No  Testing Metrics 1 2 3 4 5 6 7 8 9 10 d
(%) SSDCA-
based
Deep
LSTM
1 60/40 RMSE 0.59 0.447 0.37 0.24 0.24 0.24 0.23 0.23 0.235 0.23 0.2302
04 4 86 78 28 08 97 82 0 38
MSE 0.38 0.200 0.14 0.06 0.05 0.05 0.05 0.05 0.055 0.05 0.0530
6 1 33 14 89 80 74 67 2 46
MAE 053 0.395 0.32 0.19 0.19 0.18 0.18 0.17 0.175 0.17 0.1701
15 6 67 67 15 95 25 95 0 32
Accurac 0.75 0.775 0.78 0.79 0.80 0.81 0.82 0.83 0.857 0.86 0.8942
y 98 6 34 56 52 67 56 67 8 26
2 70/30 RMSE 051 0.386 0.32 0.21 0.20 0.20 0.20 0.20 0.204 0.20 0.1984
26 9 80 03 91 76 73 58 6 16
MSE 0.26 0.149 0.10 0.04 0.04 0.04 0.04 0.04 0.041 0.04 0.0393
28 7 76 42 37 31 29 23 8 06
MAE 046 0.336 0.27 0.15 0.14 0.14 0.14 0.14 0.142 0.14 0.1375
26 7 56 76 91 76 67 45 7 06
Accurac 0.76 0.783 0.79 0.80 0.81 0.82 0.83 0.84 0.859 0.86 0.9085
y 45 4 45 13 46 45 56 67 6 94
3 80/20 RMSE 041 0.315 0.26 0.17 0.17 0.17 0.17 0.16 0.168 0.16 0.1675
83 9 81 17 03 02 01 96 7 80
MSE 0.17 0.099 0.01 0.02 0.02 0.02 0.02 0.02 0.028 0.02 0.0280
50 8 78 94 90 90 89 87 4 82
MAE 035 0.265 0.21 0.12 0.12 0.12 0.12 0.11 0.118 0.11 0.1175
67 8 81 17 03 02 01 96 7 80
Accurac 0.77 0.795 0.80 0.81 0.82 0.83 0.84 0.85 0.863 0.87 0.9156
y 56 6 56 45 56 52 26 67 1 45
4 90/10 RMSE 0.29 0.223 0.18 0.12 0.12 0.11 0.11 0.11 0.117 0.11 0.1157
68 8 88 14 00 98 83 81 4 65
MSE 0.08 0.050 0.03 0.01 0.01 0.01 0.01 0.01 0.013 0.01 0.0134
81 0 56 47 44 43 40 39 7 35
MAE 0.23 0.223 0.13 0.06 0.06 0.05 0.05 0.05 0.057 0.05 0.0557
68 8 88 14 00 93 83 81 3 65
Accurac 0.79 0.804 0.81 0.82 0.83 0.84 085 0.86 0.874 0.90 0.9252

y 67 2 52 21 72 42 17 15 2 42
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Figure 8-6 Analysis using Dataset-2 with feature size 6, a) RMSE, b) MSE,
c) MAE, d) Accuracy

Delay prediction analysis

We now set the training data to be 70% of the dataset. Figure (8-7) represents
the delay prediction gained using dataset-1. On January 15, 2020, the actual
number of flights delayed was 1707, shown under the (original label). Our
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proposed method predicts 1640 and is the most accurate method. Detailed

results of all methods appear in Table 8-6.

Table 8-6 Delay prediction using dataset-1

Method DBN gradient information multi- Deep  Proposed
boosting gain-SVM agent LSTM SSDCA-
classifier approach based Deep

LSTM

Number

of flights

5300 3337 2534 1365 1365 1640
delayed

Number of Flight delayed
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1000 4

— Original
Proposed SSDCA-based Deep LSTM
—— DeepLSTM
—— Multi-Agent approach
—— Informatien Gain-SVM
—— Gradient boosting classifier
DBN

1 2 3 4 5 6 7 8 9 10 1 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31

Date

Figure 8-7 Delay Prediction using Dataset-1

We now set the training data to be 70% of the dataset. Figure 8-8 represents

the delay prediction gained using dataset-1. On February 20, 2020, the actual

number of flights delayed was 2772, shown under the (original label). Our

proposed method predicts 2874 and is the most accurate method. Detailed

results of all methods appear in Table 8-7.
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Table 8-7 Delay prediction using dataset-2

Method DBN gradient information multi- Deep  Proposed
boosting gain-SVM agent LSTM SSDCA-
classifier approach based Deep

LSTM

Number

of flights 6472 4357 3525 2217 2217 2874

delayed

—— Original
Proposed SSDCA-based Deep LSTM
—— DeepLSTM
—— Multi-Agent approach
—— Information Gain-SVM
—— Gradient boosting classifier
DBN

9000

8000

7000

6000

5000

Number of Flight delayed

4000

3000

2000

1000

1 2 3 4 5 6 T 8 9 10 1 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29
Date

Figure 8-8 Delay Prediction using Dataset-2

Convergence analysis

Figure 8-9 shows the analysis for convergence using dataset-1. For dataset-1,
the MSE of the considered Deep LSTM method coupled with the different
optimisers. PSO+Deep LSTM is 0.0132, ACO+Deep LSTM is 0.0130, SSD+Deep
LSTM is 0.0130, HBO+Deep LSTM is 0.0128, and EWA+Deep LSTM the
convergence is 0.0127. The MSE of the proposed SSDCA-based Deep LSTM is
0.0124. Hence, the proposed algorithm has the best convergence compared to
the other algorithms.
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Figure 8-9 Convergence Analysis using Dataset-1

Figure 8-10 shows the analysis of convergence using dataset-2. For dataset-2,
the MSE of the considered Deep LSTM method coupled with the different
optimisers. PSO+Deep LSTM is 0.0157, ACO+Deep LSTM is 0.0148, SSD+Deep
LSTM is 0.0136, HBO+Deep LSTM is 0.0130, and the convergence of
EWA+Deep LSTM is 0.0119, and for the Proposed SSDCA-based Deep LSTM
the convergence is 0.0108. Hence, the proposed algorithm has the best

convergence compared to the other algorithms.

0.14 4 —— PSO+Deep LSTM
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—— 55D+Deep LSTM

—— HBO+Deep LSTM

—— EWA+Deep LSTM

—— Proposed SSDCA-based Deep LSTM

0.12 4
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Mean Squared Error

0.04

0.02 4

Iteration

Figure 10: Convergence Analysis using Dataset-2
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8.5.4 Comparative Discussion

Table 8-8 illustrates the comparative results of the proposed SSDCA-based
Deep LSTM approach. When considering the feature size as ‘6’ for dataset-1our
proposed approach gained minimum RMSE and MSE values. The RMSE
measured by the proposed SSDCA-based Deep LSTM is 0.1114. In contrast, the
existing DBN, gradient boosting classifier, information gain-SVM, multi-agent
approach, and Deep LSTM achieved the RMSE of 0.2953, 0.2229, 0.1878,
0.1165, and 0.1154, respectively. The MSE achieved by the existing DBN,
gradient boosting classifier, information gain-SVM, multi-agent approach, Deep
LSTM, and proposed SSDCA-based Deep LSTM for feature size '6' is 0.0872,
0.0497, 0.0353, 0.0136, 0.0133, and 0.0124 respectively. Table 2 shows that the
proposed approach achieved minimal RMSE and MSE of 0.1065 and 0.0113 with
dataset-2. The existing DBN, gradient boosting classifier, information gain-SVM,
multi-agent approach, and Deep LSTM achieved the RMSE of 0.2971, 0.2240,
0.1892, 0.121, 0.1143 and 0.1065, respectively. The MSE achieved by the
existing DBN, gradient boosting classifier, information gain-SVM, multi-agent
approach, Deep LSTM, and proposed SSDCA-based Deep LSTM for feature size
'6' is 0.0883, 0.0502, 0.0358, 0.0148, 0.0131 and 0.0113 respectively.

Our analysis shows that our proposed method offers higher accuracy and
needs fewer iterations than the existing methods. Also, it is more versatile in
terms of skewness. CAViaR models can adapt to new risk environments, and
LSTMs avoid the long-term dependency problem. RNN can process inputs of any
length, and RNN with a deep network can approximate any function. Deep RNN
can be much more efficient regarding computation and the number of

parameters.
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Table 8-8 Comparative discussion

Dataset Metrics DBN Gradient Information Multi- Deep Proposed SSDCA-
boosting gain-SVM agent LSTM  based Deep LSTM
classifier approach

Dataset RMSE 2953 02229  0.1878  0.1165 0.1154 0.1114

1 MSE 0.0872 0.0497 0.0353 0.0136 0.0133 0.0124

Dataset RMSE 2971 02240 01892  0.1215 0.1143 0.1065

2 MSE 0.0883 0.0502 0.0358 0.0148 0.0131 0.0113

8.5.5 Statistical Analysis

Table 8-9 shows the statistical analysis. In the statistical analysis, the proposed
method's RMSE and MSE Mean are 0.1113, 0.0124, and the variance is 0.0002
using dataset-1. Conducting the same statistical analysis using dataset-2, the
mean and variance of the proposed method were 0.1063, 0.0111 and 0.0002.

The proposed method has a lower variance than the existing methods for RMSE

and MSE.
Table 8-9 Statistical analysis
Dataset Metrics DBN Gradient Information Multi- Deep Proposed
Boosting Gain-SVM Agent LSTM SSDCA-based
Classifier Approach Deep LSTM
Dataset- RMSE 0.2953 0.2229 0.1878 0.1165 0.1154 0.1115
1 Mean 0.2947 0.2225 0.1872 0.1162 0.1150 0.1113
Variance 0.0006 0.0004 0.0006 0.0003 0.0004 0.0002
MSE  0.0872 0.0497 0.0353 0.0136 0.0133 0.0124
Mean 0.0868 0.0490 0.0350 0.0131 0.0130 0.0122
Variance 0.0004 0.0007 0.0003 0.0005 0.0003 0.0002
Dataset- RMSE 0.2971 0.2240 0.1892 0.1215 0.1143 0.1065
2 Mean 0.2965 0.2236 0.1885 0.1210 0.1139 0.1063
Variance 0.0006 0.0004 0.0007 0.0005 0.0004 0.0002
MSE  0.0883 0.0502 0.0358 0.0148 0.0131 0.0113
Mean 0.0878 0.0498 0.0353 0.0144 0.0126 0.0111
Variance 0.0005 0.0004 0.0005 0.0004 0.0005 0.0002

8.5.6 Computational Time Analysis
We perform our experiment on a Personal Computer (PC) with an Intel(R)

Core(TM) i7-9700 CPU with a processor speed of 3.00GHz and 32GHz RAM.
We used libraries such as TensorFlow Core-2.4.1, TensorFlow GPU-2.4.1,
NumPy-1.19.1, pandas-0.25.3, sci-kit learn-0.23.2, Scipy-1.5.2, PySimpleGUI-
4.29.0 and Matplolib-3.3.1. Table 8-10 shows the computational wall time. The
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computational time analysis shows that our proposed SSDCA-based Deep LSTM
needs 300sec and outperforms all other methods. Table 8-4 shows detailed
computational time requirements.

Table 8-10 Computational time

Methods Computational time
(sec)

DBN 660.00

Gradient boosting classifier 690.00

Information gain-SVM 480.00

Multi-agent approach 630.00

Deep LSTM 420.00

Proposed SSDCA-based 300.00
Deep LSTM

8.6 Conclusions and Future Work
Many factors can cause flight delays, ranging from failure in processes to late

departure or aircraft arrival. The reasons for flight delays generate an enormous,
complex amount of data used by Machine Learning methods to make crucial
decisions because of the importance of flights arriving or departing on time for
the airport, airlines and passengers. Developing flight delay prediction models
with high accuracy is necessary. This paper proposes a novel optimised
forecasting model with Deep LSTM for flight delay prediction. We utilise the
developed SSDCA to train the Deep LSTM and the Deep RNN for fusing the
features. The newly proposed SSDCA works by combining SSD and CAViaR
algorithms. We employ the novel SSDCA to identify the best weights for effective
flight delay prediction using the US Government Bureau of Transportation
Statistics dataset.

Initially, we perform the pre-processing from the input data and then the data
transformation based on the Yeo-Johnson transformation. Afterwards, we
perform the feature fusion using the Deep RNN to extract the useful features from
the original datasets containing complex and non-linear structures with spatial
and temporal correlations. We introduced a two-step training procedure to help
integrate the model's fused features and prediction layer. Finally, we apply the
Deep LSTM for flight delay prediction. Here, we use an advanced optimisation
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method named SSDCA to train the Deep LSTM and Deep RNN. We evaluate our
proposed SSDCA-based Deep LSTM and compare it with four benchmark
methods: DBN, gradient boosting classifier, information gain-SVM, multi-agent
approach, and Deep LSTM, including other developed meta-heuristic
approaches PSO+Deep LSTM, ACO+Deep LSTM, SSD+Deep LSTM,
HBO+Deep LSTM and EWA+Deep LSTM. Our approach had a minimal RMSE
and MSE of 0.1115 and 0.0124 on dataset-1, with 0.1065 and 0.0113 on dataset-
2. The novel SSDCA-enabled approach performance has shown superior
accuracy with a higher convergence rate than the other five meta-heuristic
approaches regarding model accuracy and convergence analysis.

The results we get from our approach are promising. It illustrates how we can
improve predicting flight delays using Deep Learning techniques with optimisation
algorithms to inform departure and arrival policies and better management of
airport facilities. At the same time, the stakeholders can attain efficiency and
improve passenger satisfaction. The study can be extended further. One direction
could be to consider more attributes. While there is no perfect delay prediction,
in the future, we plan to investigate further flights with significant delays, even
though they are rare events. At the same time, we keep the error range on a
regular flight at a minimally acceptable level so that departing and arriving policies
are developed with less complexity. Secondly, to investigate the performance, we
will test our proposed technique on other data sets or sampling data from different
sectors, such as maritime or rail. Finally, we will explore advanced optimisation
approaches to improve the proposed method’s performance towards a data-
driven departure and arrival planning strategy, supporting airports, airlines and

passengers to plan travel.
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Chapter 9: Prediction of Flight Delay using Deep Operator
Network with Gradient-Mayfly Optimisation Algorithm

Accurate flight delay prediction is fundamental to establishing an efficient airline
business. It is considered one of the most critical intelligent aviation systems
components. Recently, flight delay has been a significant cause that deprives airlines
of good performance. Hence, airlines must accurately forecast flight delays and
comprehend their sources to have excellent passenger experiences, increase income
and minimise unwanted revenue loss. In this paper, we developed a novel approach
that is an optimisation-driven Deep Learning model for predicting flight delays by
extending a state-of-the-art method, DeepONet. We utilise the Box-Cox
transformation for data conversion with a minimal error rate.

Also, we employed a deep residual network for the feature fusion before training our
model. Furthermore, this research uses flight on-time data for flight delay prediction.
To validate our proposed model, we conducted a numerical study using the US Bureau
of Transportation of Statistics. Also, we predict the flight delay by selecting the
optimum weights using the novel DeepONet with the Gradient Mayfly Optimisation
Algorithm (GMOA). Our experiment results show that the proposed GMOA-based
DeepONet outperformed the existing methods with a Root Mean Square Error of
0.0765, Mean Square Error of 0.0058, Mean Absolute Error of 0.0049 and Mean
Absolute Percent Error of 0.0043, respectively. These results also show the
importance of optimisation algorithms in deciding the optimal weight to improve the
model performance. The efficacy of our proposed approach in predicting flight delays
with minimal errors well define from all the evaluation metrics. Also, utilising the
prediction outcome of our robust model to release information about the delayed flight
in advance from the aviation decision systems can effectively alleviate the passengers’
nervousness.

9.1 Introduction

The performance of air transportation operation systems has been affected by flight
delays leading to substantial economic losses and adversely affecting the planning of
passengers, airlines and airports [1-3]. Flight delay is recognised when discrepancies
exist between an aircraft’s schedule or arrival and actual departure and arrival time
[4—6]. Flights delay contributes to the advantages and disadvantages of airlines,

airports and passengers and is unavoidable [7-9]. In 2013 31.1% of flights in the
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United States were reported to be delayed by 15 minutes. Also, 36% of European
flights were delayed by 5 minutes, and 16.3% of Brazil flights were delayed by 30
minutes [10]. These reports show the importance of the flight delay topic and its effects
[5-11]. The estimated sum of $7.4 million is the annual cost in China caused by the
flight delay [10]. Flight delays in 2007 have a cost implication estimated at $ 32.9 in
the economy of the United States of America (USA) [12—-13]. The practical impact of
flight delays can affect the passenger experience and performance of the airport.
Passengers react with negative emotional dominance, especially service failures [10].
Some causes of flight delays are security, equipment problems and fight crew
delays[10, 12]. The delay affected the trade as improved transport relies on customers’
trust to minimise or increase ticket sales, so that time flight led to customer self-
reliance [2—4]. Thus, flight prediction can lead to an expert decision and functioning
for airports and agencies and gratify the client [16, 17, 26, 27, 18-25, 28]. Recently,
flight delay has become a severe issue for several travellers and the world’s civil
aviation industries. To solve the problems of flight delays, the Civil Aviation
Administration has devised several programs for reducing the average flight delay time
to improve the effectiveness of flight operations. The significant aspect refers to the
airport capacity and airspace being inadequate. Several reasons, like airport
scheduling, company plans, and luggage, caused delays [6—8].

Despite comprehending the spatial dependence amongst airports on a flight delay,
the previous techniques focused on evaluating delays’ qualitative impact and are
unsuitable for forecasts [9-12]. Even though some of the analyses were produced to
predict flight delay, they did not meet the needs of the realistic application. There exist
two major issues in prior techniques. The classical techniques consider small sample
sizes, so enhancing the prediction accuracy is complex. It is essential to minimise
airport dimensions as it can cause data loss [13-15]. Several sources activate the
flight delay, impacting the airlines, airports and on-the-way paths. Some airport
techniques combine destination and airlines to analyse the data to forecast flight
delays. The airport poses the top precedence of examination on the efficiency using
delays produced by carriers. The link between delay and congestion is inspected in
an ensemble of routes and airports. Other airlines and airports should be adapted for
computing capacity issues and deciding the airlines. Several ways exist to evaluate
the complete scope, and it is essential to adapt the air transport models, particularly if
the delays in the root are troubled [16-18].
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Various Machine Learning models are devised in prior works to predict flight delays.
Most studies predicted flight delays using binary classifiers, multi-class and regression
classifiers. The binary classifier reveals if the flight is delayed or not delayed. The
multi-class classifiers produce several delay classes. The regression classifier
estimates the value of delay [4, 19, 20]. Most of the research is proposed to address
the issue of predicting flight delays with classical Machine Learning methods. Classical
Machine Learning techniques, like decision trees, Bayesian networks and stochastic
forests, are introduced for predicting flight delay [4, 13, 21, 22]. Deep models are
developed to capture spatial and temporal dependencies to predict flight delays.
Predicting precise traffic has acquired focus in managing air transportation because
of several advantages. Here, a graph convolutional neural network (GCN) poses the
ability to mine complicated non-linear relations in graphs, bringing prospects in
managing complex traffic prediction issues using the deliberation of graph-structured
data. The authors have devised intellectual techniques based on GCN models to offer
guantified transportation diagnostics [23-26]. In [49], a recurrent neural network is
designed for modelling the sequential data to predict traffic. In [50], a Meta recurrent
neural network is integrated with an encoder-decoder model for predicting urban
traffic. In [51], improved GCN is devised by adapting the attention technique for
collecting neighbours’ features and developing a deep model for predicting the traffic.

Our research presents a novel approach optimisation-aware deep model to
forecast flight delays by extending a state-of-the-art DeepONet method. Considering
the weights and biases of the Deep Residual Network (DRN), we perform the feature
fusion by selecting the value of the optimal coefficient. The weight and bias update of
DRN is achieved with Political Social Ski Driver Conditional Autoregressive
(PSSDCA), which is generated by integrating social ski driver (SSD), CAViaR and
Political Optimisation (PO). In addition, the flight delay prediction is made with the
proposed Gradient Mayfly Optimisation Algorithm (GMOA) based DeepONet. The
weight update issue of DeepONet is solved with the proposed GMOA, wherein the
weight update in training exploited GMOA, which is the combination of MA and
gradient descent algorithm.

The major contributions of the paper include:
i. Proposed PSSDCA-based DRN for fusing features: The fusion of features
is performed with a designed PSSDCA-based DRN. The features are employed
on DRN to perform feature fusion with weights and biases based on hidden
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layers. The DRN training is performed using the proposed PSSDCA and
obtained by combining SSD, CAViaR and PO by tuning optimum weights.

ii. Proposed GMOA-based DeepONet to predict flight delay: The prediction of
flight delay is performed using the proposed GMOA-based DeepONet. The
weight update of DeepONet is achieved using the proposed GMOA by training
the DeepONet. The MA is integrated with a gradient descent algorithm for
selecting the best weights by minimising the error.

The rest of the sections are as follows: Section 9.2 discusses the literature review
on flight delay prediction models. Section 9.3 describes the proposed model for the
flight delay. Section 9.4 contains the results and discussions, while Section 9.5

presents lessons learned and the conclusion.

9.2 Literature Review

Several studies about airport flight delay prediction and management exist [39—46].
The flight delay prediction consists of arrival or departure time, depending on the
interest of the study. The aim of the prediction is generally to predict the flight arrival
or departure time accurately. The results of the predictions are utilised for decision-
making. Thus, the accuracy of the prediction affects the entire system. Several
classical forecasting methodologies and prediction theories have been mentioned in
the literature, including the Naive Bayes model, Support Vector Machine, Logistic
Regression, multivariate regression and time series prediction [28]. However, these
methods and theories may be less suitable as flight delays is a multidimensional time
series with features of high complexity that need more sophisticated fusion procedure
[47-49]. Therefore, we introduce a novel approach based on the state-of-the-art
approach called DeepONet [62] integrated with an optimisation algorithm to improve
the training and prediction performance of the model by reducing the error to the barest
minimum. In particular, the input is a function f(x), including all the important factors
that lead to delays. Predicting flight delays is easier based on the flight dynamics,
neural network, and real-world data collected from the BTS. Additionally, the model
performance is improved by the pre-processing procedure proposed.

The eight conventional flight delay prediction methods and their merits and
demerits are enlisted in Guvercin M et al. [63]; the authors devised clustered airport
modelling techniques to predict the delays in flight considering airport networks. The
technique offered a precise prediction of flight delays. However, the method did not
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choose imperative features to forecast delay. Lambelho Met al. [31] devised a generic
analysis of strategic schedules at an airport with a flight delay to include imperative
features. The method offered good efficiency, but this technique did not provide
improved prediction accuracy. To enhance accuracy, Chen Zet al. [64] developed the
Information Gain-Support Vector Machine method for discovering the Chinese airline
efficiency under Carbon dioxide (CO2) emissions and flight delays. The method
minimised the issues of the classical Data Envelopment Analysis (DEA) model but did
not offer more policy implications. Chen J and Li M [6] devised a Machine Learning
technique for predicting flight delays to offer policy implications. The method offered a
precise model for delay prediction but did not involve an effectual database to enhance
the accuracy.

To handle another database, Alla et al. [5] utilised artificial neural networks (ANN)
and Multilayer perceptron (MLP) for predicting flight delay. Here, the authors extract
chronological flight data to enhance efficiency. The technique offered better accuracy
but was unsuitable for real-time flight data. To deal with real-time data, Yi Jet al. [65]
developed a standard Stacking classification technique for predicting flight delay. The
method effectively dealt with the imbalanced datasets, and the Boruta algorithm was
used to choose effectual features. However, the method did not include other Machine
Learning methods to learn flight delays. Guo et al. [66] devised a hybrid model,
Random Forest Regression and Maximal Information Coefficient (RFR-MIC), to
include Machine Learning methods for predicting flight delay. The Regression Maximal
Information Coefficient and Random Forest were combined to predict the delay.
However, the technique did not use cloud or parallel computing to minimise the
computation time. To minimise the computation time, Shao, Wet al. [67] devised a
vision-based solution for predicting flight delay. A deep end-to-end model, TrajCNN,
was utilised to capture spatial and temporal data using the situational awareness map.
However, the method was not applicable for long-term prediction.

Bisandu et al. [17] developed a novel method for an accurate flight forecast using
social ski driver and conditional autoregressive value at risk. Their proposed model
outperforms existing models and meta-heuristic approaches in predicting flight delays.
However, the authors recommend other approaches to be developed based on other
optimisation algorithms compared with their proposed models’ performance. In [14],
Bisandu et al. design a model for predicting flight delay using a deep feedforward

network. Their model's performance is compared to shallow architectures, such as
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support vector machines and single-layer neural networks. Their model outperforms
the shallow architectures regarding the accuracy and classification of flight delays. Kim
et al. [37] proposed different architectural designs and implementation of LSTM and
RNN in predicting flight delays using sequences of thresholds. Lin et al. [38] the
authors performed airport flight delay prediction using convolutional LSTM (Conv-
LSTM) using temporal and spatial characteristics in China civil aviation. Their research
shows the importance of parameter tuning when dealing with huge datasets and deep-
learning neural networks.

The paper proposes a novel method by extending the state-of-the-art DeepONet,
flight time reliability and airport network disruption literature. The contribution listed in
the introduction can be emphasised as follows: First, we indicated the importance of
reliability to all the aviation industry stakeholders. Second, we demonstrate how single
airline disruption can negatively affect passenger satisfaction and cause airlines huge
losses and flight itinerary schedules. Third, our novel model shows superior results
through our extensive experiments by reducing the delay time to the barest minimum.
The evaluation results using the different error measures in our models reveal how
important having a small error of prediction on all the metrics and the lessons the
passenger and airline industry can learn from predicting, mitigating and navigating
flight delays in the future.

9.2.1 Problem Definition

According to the Federal Aviation Administration (FAA), any flight that departs or
arrives 15 minutes later than the scheduled time is considered late or delayed. Several
factors cause this delay at the origin or destination airports. The FAA has categorised
the delays as NAS, carrier, weather, security and late aircraft. Assume T is the
scheduled time for departure or arrival of flight F. Flight F is considered delayed if it
takes off or arrives at the Origin-Destination airport at a time T>15 minutes. A delay is
considered severe based on how later than 15 minutes the flight arrives or departs; a
delay is small if it is as small as T=5 minutes to T=20 minutes or severe if it is up to
T=65 minutes. All these factors play a significant role in airport departure or arrival
delays; a flight may encounter a mild or severe delay under any given conditions.
Therefore, this research aims to develop a novel deep-learning approach using

DeepONet to predict flight delay for a month.
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9.3 Proposed GMOA-based DeepONet for Prediction of Flight Delay

The delay in flights hurts passengers and airlines. The forecasting of delays is
essential in aviation. In addition, the design of precise prediction techniques for
predicting flight delays becomes complex because of complications of air
transportation models and the accumulation of flight data. The goal is to devise a
technique for predicting flight delay considering GMOA-based DeepONet. Initially, the
input data is subjected to data pre-processing to discard the data redundancies from
the data. After that, the data transformation is done using Box-Cox transformation to
make it suitable for improved processing. The feature fusion is done with DRN,
wherein the training of DRN is done with PSSDCA. The PSSDCA is obtained by
integrating SSD, CAViaR and PO. The flight delay prediction is performed with
DeepONet, trained with GMOA. The proposed GMOA combines Stochastic Gradient
Descent (SGD) and the mayfly algorithm (MA). Figure 9-1 shows the structure of the
flight delay prediction model using the proposed GMOA-based DeepONet.

/ Feature fusion \

‘ Deep residual network J

Data
transformation

Pre-processing

Box Cox
transformation

Political Social Ski Driver Conditional
Autoregressive (PSSDCA)
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Optimiser Driver

_/
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Figure 9-1 Structure of Flight Delay Prediction Model using Proposed Gmoa-
Based Deeponet

Consider a database M in which the input data is expressed as Z considering various
attributes, which is given by Equation (9-1):

M={Z;y(1<f<F);(1<g<6) (9-1)
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where, Z; gsignifies data present in dataset Msignifying gtattribute of ft* data and F

specify total data, and G signifies total attributes.

9.3.1 Pre-processing for Noise Removal

Here, the input data Z ; is employed to undergo pre-processing. Pre-processing is a

necessary step to inspect the data. The significance of pre-processing is to offer

smooth processing of input data. The pre-processing is done to make the data suitable

for enhanced processing. Thus, the output generated through pre-processed data is

expressed as (Hf,g)w in which the matrix gives pre-processed data dimension

[J' X K'].

9.3.2 Data Transformation with Box cox Transformation

The pre-processed data Hf, Obtained from pre-processing is subjected to data

transformation wherein Box-Cox transformation is adapted to perform a specific task.

Data transformation is a procedure to transform data from one structure to another.

Thus, the data transformation is adapted to organize data for improved processing.

The transformation assists in enhancing knowledge quality. Box-Cox transformation

[68] transforms non-normal data into some structure of data that undergoes normal

distribution. The Box-Cox transformation is applied to pre-processed data Hy ;, and is

expressed by Equation (9-2):

I L (9-2)
In(Hsy); =0

where Q@ is the outcome obtained from data transformation, and « is the transformation

parameter. Thus, the output of data transformation is denoted as Q whose dimension

is given by the matrix [J x K].

9.3.3 Fusion of Features with Developed PSSDCA-based DRN

After transforming data, the fusion of features is carried out with DRN [69], which is

trained by developed PSSDCA using the transformed data Q. The PSSDCA is the

incorporation of PO [70], SSD [71] and CAViaR [72]. After performing the

transformation of data, the data dimension is J X K, and thus, for minimising the

features, the feature fusion step is essential to discover flight delay in an effectual

manner. For instance, the G attributes have n columns; for example, n features are

there and is given as {d;, ..., d,,}.
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Sorting of Features with Correlation

Here, the correlation is calculated for the five features. For instance, the correlation is
evaluated using d; and target values. Hence, correlation values are generated. After
that, the columns are altered, considering high values of correlation. Thus, to minimise
the features, the fusion of features is performed.

Feature Fusion

After the alteration of columns with correlation values, the fusion of features is done
using the equation formulated as in Equation (9-3):

al"e =yl 1d, (9-3)

Wherer =1+ % , h = 1tou, Q is total features, u signifies the count of features to be
chosen, and is given by Equation (9-4):

u=%1StSL (9-4)

where t is the fused features index.
Discovery of n Considering DRN

Once the feature fusion is done, n is discovered using DRN. The features are adapted
on DRN to perform feature fusion with weights and biases based on hidden layers.
a) Structure of DRN

Generally, the deep model offers improved accuracy and efficiency in generalizing
data. In addition, the deep model can deduce features automatically and can be
optimally tuned to attain enhanced efficiency. In addition, the deep model is robust
and generates results quickly. The DRN [69] is a promising deep neural network model
in Deep Learning and is adapted to various pattern recognition processes. DRN poses
advantages like elevated training speed, the easy transmission of Gradient, etc. The
DRN can be employed to attain elevated efficiency in both regression and
classification procedures. The DRN comprises various layers like the convolutional
(Conv) layer, pooling layer, activation function, batch normalization, and residual

blocks. Figure 9-2 displays the structure of DRN.
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Figure 9-2 Architectural Model of DRN

(i) Conv layer

The Conv layer helps to extract effectual features automatically, considering inputted
feature maps with a group of small amenable domains known as kernels. The 2D Conv
layer (Conv2d) can reduce free attributes in the training process and improve the
efficiency of the local receptive field and weight sharing. The Conv2d operates with
the input using a sequence of filters termed kernels in a small domain with local
connections. The cross-correlation of Conv2d is formulated as Equation (9-5) and
Equation (9-6):

Conv2d(I,) = X34 X7=3 Yuz o (9-5)

Lu+w),(v+2)
Convid(l,) = X5y, « I, (9-6)

Here, I.refers to input, and I; and I,, are input with the sequence of filters, u and v
which are used for recording coordinates, Y is u x u kernel matrix and is known as a
learnable attribute in the process of training, w and z express position index of 2-D
kernel matrix, Y, is kernel size of zt" input neuron and * is a cross-correlation operator
without zero padding.

(it) Pooling layer

Here, the dimension evaluation is the same as that of Convld and Conv2d. The

pooling layer is placed amongst two successive convolution layers, and it is commonly
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adapted to minimise the spatial size of feature maps and overwhelms the overfitting
issue effectively. For functioning with individual depth and a slice of the feature map,

average pooling is chosen and is given by Equation (9-7) and Equation (9-8):

Woue = 222 4 1 (9-7)
Zou =2 41 (9-8)

where, w;,and z;, is the width and height of the input 2D matrix, w,,;and z,,; express
as output. In addition, the height and width of kernel size are expressed as t,,and t;,.
(iii) Activation function

The activation function is utilised for learning complicated non-linear features with the
original dataset and is adapted to reduce the non-linearity of mined features. The
Rectified Linear Unit (ReLU) is selected as a non-linear activation function, which is
given below. Here, I, signifies input feature maximises convergence rate and prevents
vanishing gradient issue. It can be represented in Equation (9-9):

0,1, <0

’“L"“”:{uuzo

(9-9)

(iv) Batch normalization

The batch normalization (Batch Norm) is devised for minimising the internal covariate
shift by handling the input layers with scaling. This maximises the rate of learning and
also vanishes gradient issues. The input I, comprises several counts of mini-batch
samples and u. and o, refers to the mean and variance of mini-batch samples. The
attributes v and p are employed as two learning attributes.

(v) Residual blocks

The residual block is formatted with a shortcut correlation between the input and
output. Here, the inputs are linked to outputs if both acquire the same dimension. The
dimension matching factor is given to matching input and output dimensions when the

dimension is dissimilar, as shown by Equations (9-10) and (9-11), respectively.
A, =4,) + 1, (9-10)

A, =3,) + 6.1, (9-11)
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where, I, and A, is input and output of residual block, ¢ signifies mapping relationship
functions amongst inputs and outputs, and § refers to dimension matching factor.
Thus, the output obtained from DRN is denoted as E.

b) Training data

The training data is essential for developing the model. After the discovery of n, the
value of the training data is evaluated by correlating the means of data that belongs to
a specific class. Table 9-1 exposes the discovery of training data.

Table 9-1 Discovery of training data
k; d, d, ds dg Target
/dqg
ki C(ky,di)  C(ky,dp) C(ky,d3) C(ki,dg)  Neraining
ky C(kydy) C(kydy) C(kgds) Clky, dQ) Ntraining
ks C(ks,dy) C(ksdy) C(ks,d3) C(ks dg) Neraining
ky C(kydy) C(ky,dy) C(ky,ds) Clky, dQ) Ntraining

The training of n is evaluated as in Equation (9-12):
()

ntraining

= Correlation(k,, Dy, ) (9-12)

where, D, is the mean vector of data k,. that belongs to a class.
¢) Training of DRN using PSSDCA

The training of DRN to find n is done using the proposed PSSDCA wherein the
proposed PSSDCA is devised by incorporating PO in SSDCA. SSDCA acquires the
benefits of both SSD and CaViaR by providing an enhanced balance between
exploitation and exploration. The method addressed highly non-linear problems using
complex constraints. It helped to address multi-objective optimisation issues.
Meanwhile, PO [70] is motivated by the multiple phases of politics. The PO models the
main stages of politics, like allocation of a constituency, switching of parties, election
campaign, and election of inter-party and parliamentary affairs. It applies to real-world
tools and can solve various engineering optimisation issues. It has a good speed of
convergence and improved exploration ability in early iterations. Thus, incorporating
PO in SSDCA improves the overall performance and attains a globally optimum
solution. The steps of developing PSSDCA are:

Step 1) Initialisation:

The first step is solution initialisation, which is given by Equation (9-13):

C = {CIJ Cz, ey CK, . Cﬂ} (9'13)
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Where 9 refers to total solution and C, signifies k" solution.

Step 2) Finding Error:
The best solution is chosen using error and is termed a minimisation issue. The

minimal error reveals the best solution and is given by Equation (9-14):
1
MSE = —[Yf_1 &~ E] (9-14)

where ¢ refers to actual output, E indicates estimated DRN output, and F is total data.
Step 3) Discovery of update equation of proposed PSSDCA:
To balance the exploration and exploitation phase, the SSDCA is adapted. Here, the

updated equation of SSDCA is given as in Equation (9-15):

Cotl =vo + V1Chct + ¥2C5 % + vaf (€YD + v2f (€521 — eSin(ly) — Sin(ly)] +
eSin(l,)Nj . + Sin(l,)P; . (9-15)

where, [;and [, are random numbers from 0 to 1. Ny indicates optimal agents solution,
and P, is the mean global solution for the whole population, CZ;*, C§z? represents

solution at iteration (a — 1) and (a — 2), y,and y,are constants and f(.) represent

fitness function.

The PO is utilised to obtain enhanced optimisation ability and solve engineering

issues. The updated equation as per PO is given as Equations (9-16) to (9-20):

Che' = Cho +m(Che — CY) (9-16)
cotl = cpt + mey, —meyp ! (9-17)
cotl = cp'(1—m) + mCy, (9-18)
cptl—mcg, = cpl(1—-m) (9-19)

a—-1 _ ngl_mcg,c _
Che = e (9-20)
Substitute Equation (9-20) in Equation (9-15), and simplify yields Equations (9-21) to

(9-25):

c¥tlmcg, _ _ _ i
Che' =Yoo+ 71 [ﬁ] +¥2C5° + v1f (€51 +v2f (C5H)[1 — eSin(ly) -
sin(ly)] + eSin(L)NE , + Sin(l)P%, (9-21)
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a+1

¥1Che ¥ mC§ . .
Coe' = Yo+ s — o T V265" + Vaf (G5 + v2f (€51 - eSin(ly) —

Sin(ly)] + eSin(l1)N}, . + Sin(l,) P}, (9-22)

y Ca-:l yim .
Che' — (1—1;}1) =Yoo~ m) S+ Y2Ch Y f(Cat) +v2f (€A1 — eSin(ly) —

Sin(ly)] + eSin(l1)N}, . + Sin(l,) P}, (9-23)

mcé c .
Coit[1 - | = vo — TR 4 1522 + va f (M) + ¥2f (€51 — eSin(ly) -

Sin(ly)] + eSin(l,)Nj . + Sin(l,) P}, (9-24)

1-m- Ch. ]
m y1] =y, — [, + V2052 + Vaf (CEM) + v2f (CEA[1 — eSin(ly) —

a+1
Che (1-m) 0 (1-m)

Sin(ly)] + eSin(L,)NE . + Sin(ly)PE, (9-25)

The final update equation of the developed PSSDCA is given as in Equation (9-26):

(1-m) Che. ,
Chtl = oo Yo — i T ¥2C57 + VAf (€D + 72 f (C5D[1 — eSin(ly) —

1-m-yq

Sin(ly)] + eSin(l;)NE . + Sin(ll)P;‘,’lc] (9-26)

Step 4) Re-calculate error to validate feasibility:
After obtaining the updated solution, the error is re-calculated, and the solution with

the least error is considered the best solution.

Step 5) Termination:
The process is repeated until maximum iteration. The pseudo-code of the PSSDCA

approach is revealed in Algorithm (9-1).
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Algorithm (9-1) Pseudo code of developed PSSDCA

1 Input: Solution Initialisation €

2 Output: Best Solution

3. |begin

4. Algorithmic parameters are initialised

S5: while stopping criteria are not met, do

6: for whole solutions

7 Re-evaluate error using equation (9-14)

8 Sort agents with error

9 Discover best solution

10: Update the SSDCA equation based on (9-15)

11: Update PO using equation (9-16)

12: Update proposed PSSDCA using equation

(9-26)

13: end for

14: Validate feasibility of solution using error with
equation (9-14)

15: return best solution

16: a=-a+1l

17: end while

18: best solution is attained
19: 'end

Hence, the output generated using PSSDCA-based DRN is R with dimension[t X #].

Prediction of Flight Delay with Developed Gmoa-Based Deeponet

The flight delay happens whenever the flight depart or arrives later than scheduled,
resulting in huge economic losses and inconvenience. Precise prediction of flight
delays is basic to form the most effective airline business. Recently, several
techniques have been adapted for predicting flight delays. Here, the proposed GMOA-
based DeepONet is employed for predicting the delay in flight using the fused
featureR. The training of DeepONet [62] is performed with the proposed GMOA. The
proposed GMOA combines MA [73] and the gradient descent algorithm [74]. The
structure of DeepONet and training of DeepONet with proposed GMOA are described
in subsections.

a) Structure of DeepONet

DeepONet [62] represents a neural network model for learning non-linear continuous
operators, like differential integrals and stochastic Ordinary Differential Equations

(ODEsS). It is devised based on the universal approximation theorem, which reveals
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that a single-layer neural network is adequate for learning a continuous non-linear
operator. To minimise the generalised error, DeepONet utilises a branch and trunk
module. The training of the branch network is done for encoding the inputted function
of the non-linear operator, whereas the trunk network encodes the area of the inputted
function. These two layers are combined to produce the output. The structure of

DeepONet is shown in Figure 9-3.

1
Hidden layers
Output
1 “
1

Branch net < layers

Input

_— >

Dt Predicted
product _lmtpul U

Trunk net

Input
Output
layers

Hidden layers

Figure 9-3 Schematic View of DeepONet

Initially, a trunk network is employed that considers ias input and

outputs[ny, ny, ..., n,]" € SP. Moreover, in the trunk network, there exists pbranch

network wherein each acquires [u(0,),u(0,), ..., u(0,,)]7as input and outputs, a scalar
b, € S fork = 1,2, ...,p. Then, the merging of them is done and is given by Equation
(9-27):

[T (@) — Xy Tt e o (T2 Siulo)) + 0F Jo(wi. i+ §)| < & (9-27)

where o(.) refers to a continuous non-polynomial function, n, p, m are constants, cf,

Zl-’fj, 6 and &, belongs to real number S, w;, € S%, o, € K; that is Banach space.

The trunk network adapts activation functions in the last layer such that ¢, = a(.) for

k =1,2,...,p and hence this trunk-branch network is considered a trunk network with
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each weight linked to the last layer parameterized by other branch networks despite a
single variable. Adding bias helps to maximize the performance by minimising the
generalization error. The addition of bias b, € Sin the last phase, which is given by

T(w)(i) = Yh_, biti + by. The branch networks are merged into one single branch

network that results in a vector given by [bl,bz,...,bp]T € Sp. Thus, the output of

DeepONet is denoted as U.

b) Training of DeepONet with proposed GMOA

The DeepONet training is performed with developed GMOA and is developed by
integrating the Gradient descent algorithm and MA. The MA is motivated by the flight
behaviour and mating process in mayflies. The rate of convergence and speed of
convergence is superior. The random flight and nuptial dance help to make better
trade-offs between the exploitation and exploration phase and helps escape from the
local optima. Meanwhile, the Gradient descent algorithm is an effective back-
propagation that helps converge faster. Moreover, it can be utilised to discover a
provided function’s local minimum or maximum. It reduces the error function in an
improved way. The method can handle huge datasets. Thus, combining the Gradient
descent algorithm and MA helps increase the overall performance rate. The steps of
the proposed GMOA are described in the next subsection.

i) Initialisation

The mayfly position in the search space indicates an impending solution. The
technique undergoes certain steps. At first, two sets of mayflies are arbitrarily
generated, modelling a population of males and females. Here, each mayfly is
arbitrarily placed in the e -dimensional vector W = (W,, ..., W,) and its efficiency is
computed on specific fitness function f(W). The velocity V = (V;, ..., V,) of a mayfly is
described as an alteration of its position and the direction of flying, considering each
mayfly is devised based on flying experiences. Here, the personal best position and
global best position of mayfly are given as pbest and gbest.

ii) Discovery of error

The error of each solution is computed to find the best solution and is given by
Equation (9-28):

1
MSE = —[Yf_1 &~ U] (9-28)
where ¢ refers to estimated output and Uindicates DeepONet output, andFis total data.
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iii) Male mayfly’s movement
As per MA, the male mayfly position is altered using its own experience and its
neighbour’s experience. Consider W, represents the present position of at*mayfly on

search space at timey and the position is altered by adding velocity V.Y *1 to the current

position and is expressed as shown in Equation (9-29):

y+1 y y+1
wrt =wr+ v (9-29)

The velocity of a male mayfly is given as shown in Equation (9-30):

Vi*t = V) + jie FrP (pbest, — W) + j,e FTi(gbest, — W) (9-30)

where, V.signifies velocity ofa®®mayfly at timey,W.is the current position of
mayfly,j,, joSignifies positive attraction constants, pbest,is the best personal solution

ofat®mayfly, and gbest,is the best global solution of at*mayfly.

Here, the personal best solution is given by Equation (9-31):

WitLIFFWL™ < f(pbest,)

. (9-31)
keptsameOtherwise;

pbest, = {

The global best solution is given by Equation (9-32):
gbest € {pbest,, pbest,, ...,pbesty|f(cbest)} =
min{f(pbest,), f (pbest,), ..., f (pbesty)} (9-32)

where N signifies total mayflies.

The distance is given by Equation (9-33):

[[wqg — W,l| = \/Zg=1(wa,v - Wa,v)2 (9'33)

where, w,  indicatesv*"*element of mayfly aand W,is linked to pbest,orgbest.

The best mayflies keep altering their velocity, which is given as shown by Equation (9-
34).

Vit =V, +exq (9-34)
where e is the nuptial dance coefficient and gis a random number between[—1,1].

Equation (9-29) can be given as Equation (9-35) to (9-37):
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Wit = Wy + Vi + jie P (pbest, — W2) + jze P3 (gbest, — W) (9-35)
W™ = Wy + Vi +jre Pipbest, — j1e PIWY + jre P gbest, — j2e PIWY g 56,

WZ“ =w? [1 —jle_pr%’ —jze_ﬁré] +V) +j1e‘/”"12’pbesta +]'ze_pr?’gb35ta (9-37)

The gradient descent algorithm helps to attain the optimal values quickly. As per the

gradient descent algorithm, the equation is given in Equation (9-38):
y+1 _ yy _ y
Wy, =Wy —94f(Wy,) (9-38)

where 9 is a parameter that scales the Gradient as shown by Equation (9-39):

1
w2 =9Af(W2) + w* (9-39)

Substitute Equation (9-39) in Equation (9-37) yields Equations (9-40) to (9-44):

w2t = [9ar(w?) + w2 [1 —jre P —jze"’;ré] + V2 + jie Fripbest, +

j.e Frigbest, (9-40)
wrt = 9af(W?) [1 —jie P — jze—f"r?z] +wrHt [1 —jiePrh — jze—/’r?:] + V) +

jie Pipbest, + j,e Pigbest, (9-41)

wit —wi [1 — jre Py —]'ze_ﬂr?’] = 94f(Wy) [1 —jie Fre —fze_ﬂré] +Vat

jie Pripbest, + j,e Figbest, (9-42)
Wi 1= 1+ j1e 7P + joe P5| = 0af (W) [1 — jie P — jpe o] + V) +

jie Fripbest, + j,e Figbest, (9-43)
Wit [jie s + joe PT| = 9Af(W)) [1— jie 5 — joe PTE| + VY +

jie Pripbest, + j,e Figbest, (9-44)

The final updated equation of GMOA is given by Equation (9-45):
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Wy+1 _ 1

a

= [94F(W2) [1 = jre P7h — jeF8] + V2, + jre Pripbest, +

jre PP 4jze
. _pr
j2e ggbesta] (9-45)

iv) Female mayfly’s movement

The female mayflies do not accumulate in swarms. They fly in the direction of breeding.
Consider n, represent the present position of female mayfly a in search space at time
y and position is changed by altering the velocity Vaer1 to the current position and is

given by Equation (9-46):
2t =n + 12 (9-46)

Based on fitness, the best female attracts the best male, and the second-best female

attracts the second-best male. Thus, the velocity can be given as Equation (9-47):

P
pret = Va +ize P Wey, = Sa0): 1ff(Sa) > f(Woa) (9-47)

Viw + L @ Iff(Sa) < f(Wo)

where g is the visibility coefficient,r,, is the Cartesian distance among male and

female mayflies, flsignifies random walk, and grefers random value between [-1, 1].

v) Mayflies mating

The Crossover operator indicates the process of mating between two mayflies.
Considering both female and male populations, a parent mayfly is chosen to make this
choice arbitrarily considering fithess. The outcomes of the crossover are given as
Equations (9-48) and (9-49):

offspringl = O * male + (1 — 0) * female (9-48)
of fspring & 2 = 0 = female + (1 — 0) * male (9-49)

Where male signifies the male parent, female specifies the female parent, 0 is an

arbitrary value. Here, the initial velocity of the offspring is set to 0.

vi) Compute feasibility
The error of each solution is evaluated, and the solution with the least error is selected

as the best.
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vii) Termination
The steps are repeated till the best solution is generated. Algorithm (9-2) illustrates
the pseudo-code of the designed GMOA.

Algorithm 9-2 Pseudo code of designed GMOA

Input: Population mayfly W
Output: W *

Initialize male and female populations of mayflies
Evaluate error using equation (9-28)

Discover gbest using equation (9-32)

do

while stopping criteria is not satisfied

Update solution of male and female mayflies using
equations (9-45) and (9-46)

9: Mate mayflies

10: Compute offspring using equations (9-48) and (9-49)

11: Compute feasibility using error with equation (9-28)

12: end while

13: |lend do

9.4 Results and Discussion

We perform our experiment on a Personal Computer (PC) with an Intel (R) Core (TM)
i7-9700 CPU with a processor speed of 3.00 GHz and 32 GHz RAM. We used libraries
such as TensorFlow Core-2.4.1, TensorFlow GPU-2.4.1, NumPy-1.19.1, pandas-
0.25.3, sci-kit learn-0.23.2, Scipyl1.5.2, PySimpleGUI-4.29.0 and Matplolib-3.3.1.
9.4.1 Dataset Description

We analysed the downloaded dataset from the US Bureau of Transportation Statistics
(BTS) [75]. This dataset comprises flight on-time details with various attributes. The
attributes considered in the proposed model include Year, Month, DayofMonth,
DayOfWeek, CRSDepTime, CRSArTime, Tail Number, Origin, Dest, DepTime,
UniqueCarrier, ArrTime, Cancelled, Diverted, FlightNum, UniqueCarrier, Distance,
Taxiln, TaxiOut, ArrDelay and DepDelay. The target attributes considered delays. We
used data from January 2021 and November 2021 for the experiment. In January 2021
data, the row size is 361428, and the column size is 21. In November 2021 data, the

row size is 547559, and the column size is 21.
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9.4.2 Performance Evaluation Measure

We evaluate the performance of the proposed model and other methods using the
specific metrics Root Mean Square Error (RMSE), Mean Square Error (MSE), Mean
Absolute Error (MAE) and Mean Absolute Percentage Error (MAPE). The metrics are

as follows:
a) RMSE

It is the error measure of the square root of the average square difference between

actual and predicted and is given by Equation (9-50),

Q _AZ
RMSE = FEA%¥QL (9-50)

Where v is variable, Q refers to the count of non-missing data, ¢,, indicates actual data

and 2, refers to estimated data.

b) MSE

It is defined as the average square measure of the difference between the target and
estimated class, as shown in Equation (9-28).

c) MAE
Mean Absolute Error is the average of the errors between all the measured values and

their true values. The MAE of a prediction can be computed as in Equation (9-51),

1
MAE = S j=11xj — x| (9-51)
Where s denotes the total number of samples, |x; — x| is the absolute error in the
prediction.

d) MAPE

Mean Absolute Percent Error is the average of the Absolute Percent Error of the
difference between the actual class and predicted class divided by the actual class.

The MAPE metric can be estimated using Equation (9-52),

MAPE = > 3n,_, "n=¥nlx 100 (9-52)

=1
m [%m|

Where n indicates the total number of samples, x,, is the actual output, and y,,

signifies the predicted output.
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9.4.3 Comparison of Techniques
We compared all methods with the proposed GMOA-based DeepONet approach for
a comprehensive evaluation. The benchmark methods are Deep Belief Network (DBN)
[8], Gradient boosting classifier [15], information gain-SVM [64], multi-agent approach
[52], and Deep LSTM [76], SSDCA-based Deep LSTM [17] and DeepONet [62].
9.4.4 Comparative Analysis
Our experiment evaluated the GMOA-based DeepONet model with the benchmark
methods for flight delay prediction tasks using the evaluation metrics defined in
Section 9.4. We perform the analysis using the dataset for January and November
2021, respectively. We further named the methods with special names for simplicity,
as shown in Table 9-2.

Table 9-2 Special name for methods

S/No. Method Special name
1 DBN Md1
2 Gradient boosting classifier Md2
3 Information Gain-SVM Md3
4 Multi-Agent approach Md4
5 Deep LSTM Md5
6 SSDCA-based Deep LSTM Md6
7 DeepONet Md7

Assessment using January 2021 data

Table 9-3 displays the experimental results from the evaluation of models on the
January 2021 dataset with all the training and testing sets split ratios; the bolded black
are the best performance values across all techniques. Figure 9-4 (a-d) shows the
performance results plots for all the techniques using the specific evaluation metrics,
considering the RMSE metric for evaluation, as seen in Figure 9-4a. For the training
and testing set split of 60:40, the performance of all the models, the performance error
for four of the benchmark methods are above 0.500, for DBN is 0.906, the Gradient
boosting classifier is 0.707, Information Gain-SVM is 0.604, and the Multi-Agent
approach is 0.537. While the Deep LSTM is 0.198, SSDCA-based Deep LSTM is
0.197, and DeepONetis 0.191, indicating more improvements of more than 0.200 from
the other methods. However, the goal is to have a model with as minimum prediction
error as possible because of the high risk associated with a problem like flight delays.
Our developed GMOA-based DeepONet further improves by reducing the prediction
error to 0.148 out of 1.000. Also, for a dataset split of 70:30, 80:20 and 90:10
training/testing set percentages, the RMSE of our proposed GMOA-based DeepONet
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consistently shows improvements better than the baseline methods with values of

0.0143, 0.119 and 0.076 as the best minimal error of predictions.

Table 9-3 Results comparison of the proposed method and benchmark
methods on various evaluation metric

S/No. Training/ Methods/ Md1 Md2 Md3 Md4 Md5 Md6 Md7  Proposed
Testing  metrics GMOA-
(%) based
DeepONet
1 60/40 MSE 0.8223 0.5003 0.3649 0.2878 0.0387 0.0386 0.0363 0.0217
RMSE 0.9068 0.7073 0.6041 0.5365 0.1968 0.1966 0.1905 0.1475
MAE 0.5408 0.2805 0.1758 0.1021 0.0386 0.0218 0.0202 0.0194
MAPE 0.2721 0.1451 0.0947 0.0557 0.0386 0.0218 0.0194 0.0186
2 70/30 MSE 0.6200 0.3783 0.2740 0.1646 0.0291 0.0283 0.02551 0.0199
RMSE 0.7874 0.6151 0.5235 0.4057 0.1705 0.1681 0.1597 0.1413
MAE 0.4073 0.2116 0.1329 0.0594 0.0283 0.0199 0.0152 0.0145
MAPE 0.2046 0.1095 0.0715 0.0331 0.0283 0.0199 0.0145 0.0134
3 80/20 MSE 0.4099 0.2527 0.1836 0.1395 0.0194 0.0192 0.0189 0.0143
RMSE 0.6403 0.5027 0.4285 0.3735 0.1392 0.1387 0.1376 0.1195
MAE 0.2709 0.1399 0.0888 0.0492 0.0192 0.0143 0.0099 0.0096
MAPE 0.1366 0.0723 0.0478 0.0267 0.0019 0.0149 0.0097 0.0096
4 90/10 MSE 0.2062 0.1262 0.0919 0.0385 0.0097 0.0094 0.0083 0.0058
RMSE 0.4541 0.3552 0.3032 0.1962 0.0986 0.0969 0.0910 0.0765
MAE 0.1354 0.0704 0.0443 0.0144 0.0094 0.0059 0.0049 0.0049
MAPE 0.0683 0.0364 0.0238 0.0093 0.0084 0.0059 0.0049 0.0043

Furthermore, we needed to validate the proposed GMOA-based DeepONet on

other performance evaluation metrics because of the differences in computing their

errors for vast performance confirmation. We analysed the models with three other
metrics mentioned in Section 9.4.3 (MSE, MAE and MAPE, as seen in Figure 9-4b-d).
For the dataset split for the 60:40 training and testing set, the proposed GMOA-based

DeepONet outperformed the other methods on all evaluation metrics, with the best

performance of value of 0.018 on the MAPE. It is worth noticing that some models

have the same performance despite the computation methods’ differences. For
example, Md5 and Md6 on metric MAE and MAPE obtained values of 0.038 and 0.021.
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These similarities could be due to the insensitivity of MAE and MAPE to outliers
because they are measures for absolute differences in error. It implies that the models
learn from the training samples at the same rate as during the training. Also, for dataset
splits for 70:30, 80:20 and 90:10 percentages, we observed similarity in Md5 and Md6
on MAE and MAPE metrics. The reason for the similarity may not be far from the
sensitivity towards outliers.

The prediction error of the GMOA-based DeepONet reduced consistently in a
better pattern than other proposed methods, with best values of 0.0134, 0.009 and
0.004 for the remaining dataset percentage splits. For this study, minimal prediction
error represents the rate at which the model correctly predicts flight delays. In
commercial aviation, it is important for resource allocation, improving passenger
experience, key performance indication and reducing unwanted loss. The
consequences of not being aware of the change in flight schedules may result in
missing huge contracts by passengers, huge financial loss and poor utilisation of
resources. It is much more serious than being delayed at the terminal due to security
checks. Therefore, the error rate is an essential indicator in flight delay prediction and
analysis. Here, the error varies due to the different computation approaches between
actual and predicted. Some take the average of the total sample, while others take
only the sum of the difference between the actual and predicted. Considering the four
evaluation metrics, we can say that when the datasets are divided into the four training
and testing ratio, the overall model effect of the proposed GMOA-based DeepONet is
better than the other models. The proposed GMOA-based DeepONet achieved a
minimal error of 0.0180 on 60:40 but also continued to reduce the error as the training

percentage increased on all metrics.
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Assessment using November 2021 data

Table 9-4 shows our analysis of techniques on the November 2021 dataset using
the metrics: RMSE, MSE, MAE and MAPE, as shown in Figure 9-5(a-d). We evaluated
the model’s effect with RMSE, as seen in Figure (9-5a). When we split our training and
testing set 60:40 per cent, it shows that Md1, Md2, Md3 and Md4 have a high error of
more than 0.500 out of 1.000. While Md5, Md6 and Md7 have an error rate below
0.500. However, the Proposed GMOA-based DeepONet outperforms the other
methods with a minimal error of 0.220 on RMSE and minimal error of values of 0.048,
0.029 and 0.029 for MSE, MAE and MAPE metrics, respectively, first, regarding the
importance of the training/testing splits as observed in Figure 9-5(b-d). Evaluating the
models further for 70:40, 80:20, and 90:10 training/testing dataset percentage splits
using all the evaluation metrics to measure the performance of the models. However,
the other models’ error rate shows some decrease. However, the GMOA-based
DeepONet still outperforms them with values 0.029, 0.147 and 0.0074 for MAPE on
the training/testing splits. It shows that the other models have less result quality from
the dataset partition than the developed GMOA-based DeepONet, which consistently
shows high differences in decreasing error rates. Indicating that all the predicted flights
have higher reliability is significant for flight delay prediction. Therefore, we can
conclude that the developed GMOA-based DeepONet model’s prediction results are
better than the other methods. Our experiment analysis shows that there are no fixed
dataset divisions. The dataset train/test partition difference changes the prediction

results for different models.
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Table 9-4 Results comparison of the proposed method and benchmark
methods on various evaluation metric

S/No. Traini Metho Mdl Md2 Md3 Md4 Md5 Md6 Md7 Proposed
ng/ ds/ GMOA-
Testi metrics based
ng DeepONet
(%)

1 60/40 MSE 0.7799 0.4796 0.3810 0.3407 0.0597 0.0597 0.0591 0.0486

RMSE 0.8831 0.6926 0.6172 0.5834 0.2443 0.2443 0.2430 0.2204
MAE 0.5105 0.2699 0.1738 0.1350 0.0597 0.0486 0.0299 0.0298
MAPE 0.2553 0.1424 0.0975 0.0735 0.0596 0.0486 0.0298 0.0296
2 70/30 MSE 0.2749 0.1497 0.1016 0.0492 0.0291 0.0248 0.0234 0.0209
RMSE 0.7556 0.6016 0.5887 0.5056 0.2116 0.2116 0.2069 0.1919
MAE 0.3825 0.2029 0.1311 0.1210 0.0447 0.0368 0.02392 0.0223
MAPE 0.1915 0.1071 0.0734 0.0646 0.0448 0.0368 0.0223 0.0220
3 80/20 MSE 0.3884 0.2423 0.1855 0.1703 0.0299 0.0298 0.0288 0.0189
RMSE 0.6232 0.4922 0.4307 0.4127 0.1728 0.1728 0.1697 0.1376
MAE 0.2549 0.1345 0.0877 0.0661 0.0299 0.0189 0.0155 0.0149
MAPE 0.1276 0.0710 0.0491 0.0362 0.0299 0.0189 0.0149 0.0147
4 90/10 MSE 0.1947 0.1205 0.0856 0.0749 0.0149 0.0149 0.01448 0.0120
RMSE 0.4412 0.3471 0.2926 0.2737 0.1222 0.1222 0.1204 0.1097
MAE 0.1277 0.0674 0.0437 0.0272 0.0149 0.0120 0.0079 0.0075
MAPE 0.0640 0.0355 0.0244 0.0152 0.0149 0.0120 0.0074 0.0074

We analyse the results from our experiments for the different models using different
percentages of the training/test data on the evaluation metrics to explore and exploit
the methods employed on the dataset. Our results clearly show that despite similarities
in some results of the proposed GMOA-based DeepONet and the DeepONet.
Changing the ratio ratios of the splits reveals the importance of having enough training
sets because the consistent decrease in the prediction errors of the models is an
improvement worth considering when developing critical decision systems such as
flight delay decision systems. It is also important to note the high performance of the
proposed GMOA-based DeepONet. It shows how important the variable learning rate
is from the optimisation algorithm because the consistent improvement in the results

against the baseline DeepONet is a result of the variation in the learning rate of the
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model as suggested by the optimiser at each iteration. This is also important in the
generalisation o the results as it is automated and decided from the global solution
returned by the optimiser. Though the best ratio of splits is not known for every model
until it is tested from the dataset’s knowledge, our experiment shows the best results
achieved by the 90%:10% for all the evaluation metrics. This is probably because the
higher the knowledge from the historical records for any model to learn, the better the

model validation.
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MAPE

Analysis for Delay Prediction

Figure 9-6(a-b) shows the analysis of all techniques for predicting delays for Jan
2021 and Nov 2021. In this research, we are interested in checking our model’s
efficacy to predict the total number of delays for each day for Jan 2021 and Nov 2021
compared with the ground truth. The prediction of delay with Jan 2021 data is shown
in Figure 9-6a). When the date is 15 Jan 2021, the number of flights delayed using the
Original, proposed GMOA-based DeepONet, DeepONet, SSDCA-based Deep LSTM,
Deep LSTM, Multi-Agent approach, Information Gain-SVM, Gradient boosting
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classifier, and DBN are 1254, 1003, 1053, 877, 1239, 877, 2925, 1999 and 2706.
When the date is 31 Jan 2021, the number of flights delayed using the Original,
proposed GMOA-based DeepONet, DeepONet, SSDCA-based Deep LSTM, Deep
LSTM, Multi-Agent approach, Information Gain-SVM, Gradient boosting classifier, and
DBN are 2032, 1625, 1808, 1507, 1757, 1422, 1684, 2565 and 3337. The delay
assessment with Nov 2021 data is shown in Figure 6b). When the date is 10 Nov 2021,
the number of flights delayed using the Original, proposed GMOA-based DeepONet,
DeepONet, SSDCA-based Deep LSTM, Deep LSTM, Multi-Agent approach,
Information Gain-SVM, Gradient boosting classifier, and DBN are 2086, 1919, 2056,
2223, 3101, 1460, 1460, 2046 and 4105. When the date is 30 Nov 2021, the number
of flights delayed using the Original, proposed GMOA-based DeepONet, DeepONet,
SSDCA-based Deep LSTM, Deep LSTM, Multi-Agent approach, Information Gain-
SVM, Gradient boosting classifier, and DBN are 2568, 2054, 1797, 3447, 2378, 1797,
1797, 2364 and 4563. It reveals the reliability of our proposed methods for the

prediction task.
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Figure 9-6 Analysis of Techniques using a) Jan 2021 data b) Nov 2021 data

9.4.5 Comparative Discussion of the Techniques

According to the comparative analysis of Table 9-5, the assessment of the proposed
GMOA-based DeepONet model established in the paper has the best effect compared
to other methods from the literature [15], 4, 32, 44, 48-50], and specific results. As

275




can be seen from the results, the proposed GMOA-based DeepONet obtained the best
minimal RMSE, MSE, MAE and MAPE values of 0.076, 0.005, 0.004 and 0.004 for
January 2021 dataset outperforming the other methods. The error results for the
proposed GMOA-based DeepONet is considered promising and demonstrate the
strong ability of the model prediction to be more reliable. For the November 2021
category, the GMOA-based DeepONet model obtained minimal RMSE, MSE, MAE
and MAPE values of 0.109, 0.012, 0.007 and 0.007. But the proposed GMOA-based
DeepONet model shows a huge improvement over the traditional DeepONet due to
the integration of the optimisation algorithm in finding the learning rate global solution.
Generally, the MSE, RMSE, MAE and MAPE are utilised to check how close
predictions’ estimates are to actual values. Hence, the lower the errors, the closer
forecast is to actual values and reveals the method’s reliability. It suggests that the
generalisation ability of the proposed GMOA-based DeepONet model is stronger than
the other methods in our applied datasets. However, there are reasons to believe that
the benchmark methods can obtain promising results on other problem application
areas or datasets.

Table 9-5: Comparative assessment

Data Metrics DBN Gradient Informa Multi- Deep SSDC DeepO Developed
boosting tion Agent LSTM A- Net GMOA-
classifier Gain- appro based based

SVM ach Deep DeepONet
LSTM

Jan.
2021 RMSE 0.4541 0.3551 0.3032 0.1962 0.0986 0.0969 0.0910 0.0765
MSE 0.2062 0.1262 0.0919 0.0385 0.0097 0.0093 0.0083 0.0059
MAE 0.1354 0.0704 0.0443 0.0144 0.0094 0.0059 0.0049 0.0048
MAPE 0.0683 0.0364 0.0238 0.0093 0.0084 0.0059 0.0049 0.0043

Nov.
2021 RMSE 0.4412 0.3472 0.2926 0.2737 0.1222 0.1222 0.1204 0.1097
MSE 0.1947 0.1205 0.0856 0.0749 0.0159 0.0149 0.0145 0.0120
MAE 0.1277 0.0674 0.0436 0.0272 0.0149 0.0120 0.0079 0.0074
MAPE 0.0640 0.0356  0.0244 0.0152 0.0149 0.0120 0.0074 0.0074
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9.5 Conclusion and Lesson Learned

It is critical to estimate the flight delay accurately and promptly in an intelligent
aviation system. Predicting flight delays can give travellers dependable travel plans to
reduce anxiety and give airports and airlines more proactive operation methods to
improve service quality. This research uses flight information on multiple air route
routes for flight delay prediction. We introduced a novel Deep Learning approach by
extending a state-of-the-art method known as DeepONet for predicting flight delays by
integrating the mayfly optimisation algorithm. According to our limited knowledge, it is
the first attempt at combining the DeepONet with GMOA. It is part of an ongoing
research project investigating improving air passenger experience through reliable
flight delay predictions based on Deep Learning models. We studied the efficacy of
integrating DeepONet and GMOA for flight delay prediction tasks. Our results show a
good fit and can achieve minimal prediction error compared with other benchmark
techniques.

Moreover, we have considered only the non-weather delays at all the available
airports. The Box-Cox transformation normalises the distributed data and eliminates
potential collinearity among variables. The modified DRN is employed to perform the
feature fusion. DRN’s weight and bias update is done using PSSDCA, which is
obtained by integrating SSD, CAViaR and PO. For the performance evaluation of the
proposed GMOA-based DeepONet model, we utilise real-world flight data on-time
from the US Transportation Bureau of Statistics in the numerical study. The new
training algorithm devised for predicting the flight delay uses the DeepONet by tuning
the optimal weights. Here, the weight update of DeepONet is performed with the
GMOA. Compared with the other benchmark techniques, the GMOA-based DeONet
model outperforms the other models. Despite the air transportation sophistication in
the empirical, the GMOA-based DeepONet performs well in the flight delay prediction
task with low MSE, RMSE, MAE, and MAPE. Specifically, the proposed GMOA-based
DeepONet provided superior performance with the smallest RMSE of 0.085, smallest
MSE of 0.007, smallest MAE of 0.005, and smallest MAPE of 0.007. The result shows
that our novel GMOA proposed in this research is vital in improving flight delay
prediction accuracy.

Our research contributes to the global discussions in the literature on efficient flight
delay prediction models, and there are some possible areas of extension. Further
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openness and analysis of these trustworthy flight plans are essential for the airline
industry’s performance as air passengers want more information and dependability in
their travel itineraries. In the future, we recommend other nature-inspired optimisation
techniques and databases to check the proposed approach’s reliability. Furthermore,
in the data science community, the Physics-Informed-Machine-Learning (PIML)
rapidly emerges, which seeks to develop a research discipline that leverages domain-
specific or wealth of science to improve the effectiveness of the Deep Learning model.
The main aim of PIML is to advance scientific understanding by generalising Machine
Learning models and ensuring they are consistent and interpretable. Therefore, in the
future, we will also attempt to use PIML methods for model development for flight delay
prediction. In addition, high-performance computing, parallel computing and cloud
computing facilities widen the research scope with real-time prediction results and

reduce computation time.
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Chapter 10: General Discussion and Findings

This Chapter presents a general discussion of the methods and findings in
this thesis. The methods focus mainly on classifying and predicting airline flight
delays and can serve as models for developing smart decision support systems.
They are based on the ground truth data of on-time performance from the United
States Bureau of Transportation Statistics. Predicting flight delays in a complex
network, such as the air transportation system, is a challenging and daunting task
due to the complexity of the system processes and the nature of the causal
factors. ldentifying abnormal patterns in a large amount of the generated ground
truth dataset is highly difficult because of the non-linear relationships among the
processes, components and subsystems. There is difficulty in accurately and
reliably classifying or predicting flight delays in air transport systems. The different
causal factors, intrinsic data characteristics, distributions and class overlaps
between arrival and departure flights, and irregular patterns of occurrences of
delays may impact the performances of the learning algorithms. In the aviation
industry, reliable flight delay prediction is a key performance indicator because of
the economic impact on daily airline business. As reported by the airlines and
other stakeholders of the aviation industry, a single flight delay of at least 15
minutes has a high negative impact on the business processes and passenger
experiences, costing a huge amount of money [1-8]. Therefore, reducing the
percentage of flight delays can significantly benefit airlines, airports and
passengers. The dataset employed in this thesis has two target classes: Not
delayed (0) and delayed (1). These target classes are based on the ground truth
and contain the original overall BTS dataset. Hence, different approaches for the
classification and prediction of flight delays, handling factors, complex
relationships and nature are proposed and implemented with validation based on
the ground truth classification and prediction by the developed models through
benchmark evaluation metrics.

To address all the potential research gaps this thesis identifies, mentioned in
Chapter 3. Algorithms and strategies have been proposed, implemented and

validated. These algorithms and approaches are explained as follows:
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10.1 A Deep Feedforward Neural Network Algorithm for Delay

Prediction and Analysis
The flight delay on-time performance dataset holds valuable hidden patterns

essential for data analysis, such as predictive analysis and pattern recognition.
However, the complexity of relationships among various factors makes
uncovering these patterns challenging due to non-linearity. To address this, we
propose an approach for flight delay predictive modelling, utilising filter-based
feature extraction to select relevant features correlated with the target class. This
approach combines deep feedforward neural networks with filtering techniques
for pre-processing and training the model. Results demonstrate that our
methodology outperforms similar approaches in the literature, providing at least
20% improvement in classifying delayed and non-delayed flights. The integrated
feature filtering techniques and deep neural network contribute to this
performance boost. The impact of our algorithm is significant as flight delays
cause economic losses and affect passenger experiences. Accurate predictions
can lead to improved planning, better passenger experience, and increased non-
aviation income through retail shopping at airports. While our approach shows
good results, we acknowledge the need for further optimisation to reduce false-
negative and false-positive rates and minimize potential errors.

10.2 An Enhanced Stacked Autoencoder Algorithm for Flight

Delay Prediction
This Chapter addresses fundamental questions regarding the modification of

stack-autoencoder architectures to compare their performances in flight
prediction tasks. To answer this, we developed an enhanced deep autoencoder
algorithm with three different architectures to effectively classify flight delays [9—
15]. The stack autoencoder, comprising an encoder and decoder, learns data
features and represents statistical characteristics of training samples. After
training, the encoder model is saved, and the decoder is deleted, making it useful
for feature extraction in new machine learning models [9,10,12,13]. The three
autoencoder architectures (multilayer perceptron, logistic regression, and vanilla)
handle data reconstruction differently after training, and the vanilla autoencoder
outperforms the others in terms of accuracy, precision, and recall. This is due to

factors like the use of the same input and output, the Adam optimizer, and the
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mean squared error loss function. The impact of the Vanilla procedure on
predicting flight delays is significant, with a 90% true-positive prediction for
delayed flights and a 70% true-negative for not delayed flights. However, further
modifications to the architecture's parameter settings could improve misclassified
classes and positively impact air transportation systems in reducing false

negative and false positive predictions in the flight monitoring system.

10.3 A Hybrid Voting Ensemble Approach for Flight Delay

Classification
In this Chapter, we developed a hybrid ensemble Machine Learning approach

for flight delay prediction, incorporating a feature sampling technique. The
method generates a pool of candidate classifiers as weak learners, which are
then combined through hard voting to form a strong committee. The aim is to
assess the efficacy of this hybrid ensemble compared to other benchmark
ensembles. Ensemble learning involves training multiple weak learners
individually and combining their outputs for improved overall performance. The
proposed approach addresses individual weaknesses of Machine Learning
models by merging their final performances and employing majority voting for the
final decision. We compared the hybrid ensemble (HVEM) with average,
boosting, and stacking ensemble algorithms. HVEM outperformed other baseline
techniques in precision, recall, accuracy and Fl-score. The integration of
sampling techniques and hard voting on weak heterogeneous learners in a binary
classification task contributes to HVEM's higher performance. Additionally, the
ensemble tackles bias and variance problems in the data, making it more robust
in the classification task. HVEM provides valuable insight to stakeholders by

reducing false positives and false negatives in flight delay predictions.

10.4 A Deep Bi-LSTM Approach for Flight Delay Modelling and
Simulation
In this Chapter, we employed a min-max normalisation procedure to normalize

the data and assess the performance of the Bi-LSTM for binary classification of
flight delays using the US BTS dataset. Bi-LSTM, a powerful Deep Learning
approach, efficiently analyses and extracts crucial data features for predictive
tasks [31]. The proposed Bi-LSTM is fully connected and uses dropout as a

regularization technique to prevent overfitting. The dataset is split into 70% for
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training and 30% for testing to validate the model's performance with an unknown
dataset portion. Thorough experiments were conducted using the BTS data, and
the approach's performance was evaluated using various metrics, comparing it
against a benchmark unidirectional LSTM model. The Bi-LSTM outperformed
with an accuracy of 97% and an MCC of 99%, indicating that the model's
predicted classes are 99% close to the original ground truth in training samples.
The classification task displayed more than 90% true positive and negative
predictions, with only a few misclassifications. This reliability enables effective
resource allocation in airports and aids service providers in managing passenger
flight delays. However, the model's performance was considered slow due to the
forward and backward direction during training, a bottleneck that could be
improved using high-performance computing facilities.

10.5 Social Ski Driver Conditional Auto-regressive Deep

Learning for Flight Delay Prediction
In Chapter 8, a novel optimisation-aware Deep Learning model called Social

Ski driver conditional autoregressive (SSDCA) Deep Learning was developed for
flight delay prediction. This approach utilises Yeo-Johnson data transformation
techniques in the pre-processing stage to stabilize the data and reduce variance.
The main goal is to address the complexity of the relationship in the US BTS
dataset using integrated optimisation and deep neural networks for pre-
processing, training, and prediction of flight delays. The input data, containing
time, numerical, and categorical attributes, undergoes missing value computation
using average and frequency methods. Yeo-Johnson transformation is then
applied to improve data symmetry, and a correlation table helps select highly
correlated features for feature fusion. Deep Recurrent Neural Network (DRNN) is
employed for feature fusion and target class determination due to its
effectiveness with inputs of varying length. During training, the SSDCA optimizer
is utilized to find optimal weights, accommodating the data's distributed resources
and diverse characteristics. The SSDCA-based Deep Learning approach stands
out by finding global best solutions through additional optimisation algorithms and
multi-objective functions, enhancing the deep neural network classifier. This
dynamic regulation of combined weights enhances the learning process and

prediction results. Experimental results demonstrate the superiority of the
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SSDCA-based Deep Learning model over other meta-heuristic and benchmark
approaches, evidenced by lower MSE, RMSE, MAE, and higher accuracy values.
The SSDCA optimisation contributes to improved model training by selecting
optimal global weights and biases. The DRNN's ability to process inputs of any
length and approximate any function adds to the model's effectiveness. SSDCA-
based Deep Learning shows superior performance in predicting the total number
of delayed flights for January and February 2020, providing valuable insights for
airline process managers to allocate resources and plan peak periods. The
proposed model outperforms other benchmarks, making it a reliable tool for flight

delay prediction.

10.6 Prediction of Flight Delay using Deep Operator Network with
Gradient-Mayfly Optimisation Algorithm
In Chapter 9, a novel approach is devised by extending the state-of-the-art

DeepONet algorithm, initially designed for solving partial differential equations
(PDEs), to the domain of flight delay prediction. DeepONet learns differential
operators directly from data, enabling accurate predictions without explicitly
solving the PDE. While DeepONet has shown promise in various fields, its
applicability for flight delay prediction using time series datasets like the US BTS
on-time performance data has been relatively unexplored. This study evaluates
whether an optimized version of DeepONet, integrated with the Gradient Mayfly
Optimisation algorithm, can enhance predictive modelling for flight delays. The
proposed algorithm, named Political Social Ski Driver Conditional Autoregressive
(PSSDCA) integrated with Deep Residual Network (DRR), uses DeepONet for
feature fusion and optimizes the learning rate during training. Comparisons with
other benchmark algorithms reveal that the optimized DeepONet outperforms
traditional DeepONet and other approaches, achieving lower prediction errors
with an MSE of 0.0058, RMSE of 0.0765, MAE of 0.0049 and MAPE of 0.0043.
The optimised DeepONet utilises the Mayfly optimisation algorithm to select the
best learning rate during training, which improves feature fusion and model
training. This approach positively impacts flight delay prediction and monitoring,
reducing errors that can lead to disruptions and increased costs. The proposed
model fosters trust and loyalty from air passengers while aiding operational

managers in making better decisions to mitigate delays' negative effects. Figure
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9-4 and Figure 9-5 demonstrate the superior performance of the optimised
DeepONet compared to existing approaches, indicating its potential for
integration into flight delay and monitoring systems. As a generic strategy, the
proposed approach can be applied to various domains with time series features
to tackle critical issues, such as unnecessary financial losses and improving
service provisions for better customer experiences. The findings offer a
foundation for the development of effective, reliable, and high-performing
predictive modelling systems in various industries. As a future direction, the
proposed optimised DeepONet can be continuously improved by incorporating
more data from different regions to understand variations in delay causes
worldwide. Although validated with the US BTS data in this study, the model's
applicability in global scenarios can be further explored. Ultimately, this research
offers a valuable solution for flight delay prediction and addressing on-time
datasets with time series features in diverse applications, leading to improved

operational efficiency and customer satisfaction.

10.7 A Comparative Analysis of the Proposed Methods and
Generalisation
During the period of this thesis, it has been discovered that the development

of Machine Learning models for any predictive analysis task, like the flight delays
prediction, requires critical analysis of the features and training the algorithms is
better when optimisation algorithms are applied in deciding the learning rate
instead of using a fixed learning rate. From the experiment conducted in this
thesis. It is evidently clear that the performance and generalisation of a model in
flight delay prediction are affected by not just the algorithm's robustness but the
entire pipeline for the model development as seen in the traditional Machine
Learning and the ensemble models. The results show the strength and
weaknesses of traditional Machine Learning when the training samples are much
as compared to the Novel Deep Learning models. However, the novel models'
performances are also affected by the pre-processing and type of
hyperparameter tuning adapted and applied. This is evident in the two-
optimisation data-driven approach developed in this thesis. Despite all the

excellent results achieved from the Deep Learning models for predicting flight
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delay, as similar in previous studies, the datasets need to be further enriched by
including other regional data to better compare the models across different
instances. The data quantity from different scenarios has been identified as a
common issue of Machine Learning tasks. To meet the industrial demand, there
is a need to implement these models across real-world systems. As far as we can
deduce, intelligent transportation system development still needs new
technologists to motivate inventions.

In summary, each flight delay prediction algorithm proposed in this thesis has
unique strengths and capabilities. The Deep Feedforward Neural Network offers
a fundamental framework for capturing relationships in large datasets, while the
Enhanced Stacked Autoencoder addresses the challenges of sequential data
and high-dimensional features. The Hybrid Voting Ensemble combines diverse
models for improved classification, and the Deep Bi-LSTM excels in modelling
flight delays. The Social Ski Driver Conditional Auto-regressive Deep Learning
approach leverages external factors, and the Prediction of Flight Delay using
Deep Operator Network with a Gradient-Mayfly Optimisation Algorithm offers an
innovative combination of a specialised deep learning architecture with advanced
optimisation techniques. The choice of the most suitable algorithm will depend on
the specific characteristics of the flight delay prediction task and the available

data sources.
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Chapter 11: Conclusion and Future Work

This thesis proposes, develops, explores and evaluates new data-driven
approaches for flight delay classifications and predictions. A United States
Bureau of Transportation Statistics (BTS) dataset and records were employed to
validate the algorithms proposed. The proposed approaches focused on finding
and resolving some data irregularities in the BTS dataset, such as irregular
patterns and trends, missing values, complex relationships among features and
invalid data. It can be a major bottleneck for traditional classification and
prediction tasks using Machine Learning algorithms. We have observed
interesting results from the performance evaluation of the developed models.
Having the best prediction model depends on the scope of the interrelationships
among the features considering all the combinations of parameters and reasons
for the delay. The model’s performance evaluation was challenging because of
the different parameterisations adapted to them and the variety of metrics used.
However, the performance of the proposed approaches outperformed the
existing ones seen in the literature. The overall research findings reveal that a
robust and advanced flight delay monitoring and prediction method is viable for
developing smart Artificial Intelligence data-driven flight delay models. The
Optimisation driven DeepONet strategies, specifically the proposed mayfly
optimisation-driven DeepONet, outperform other methods regarding minimum
prediction error rates. The validation results suggest that the Mayfly optimisation-
driven DeepONet model can predict flight delays with more than 90% reliability
with an overall minimum error of 0.0043 in the US BTS dataset studied in this
research. Compared to the other classical Machine Learning and meta-heuristic
algorithms for classification and prediction of future estimated values, the mayfly
optimisation-driven DeepONet algorithm performs better because of many
characteristics, such as the optimised feature fusion techniques. Secondly,
instead of training the model with a fixed learning rate, the algorithm utilised the
mayfly greedy behaviour towards getting the best global best in the entire sample
as the current learning in each iteration which means optimising the learning

process of the whole prediction procedure.
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11.1 How the Research Aim and Objectives Were Answered

As mentioned in Chapter 1, this research aims to develop a data-driven novel
Deep Learning and Machine Learning techniques for flight delay classification
and prediction for improved air passengers experience. The following objectives
will assist in achieving the aim.

Objective 1. To conduct a systematic literature review on the application of data
analytics to improve the air passenger experience through reliable flight delay
awareness and investigate the existing methods and approaches for flight delay
classification and prediction modelling. To find gaps in the existing studies by

understanding the limitations and emphasising the countermeasures' design.

Evidence 1: In Chapter 2, a systematic review of the flight delay problem has
been previously addressed, and the existing methods were studied to identify the
gaps. Also, in all the technical chapters related work sections (Chapters 4-10). A
review of flight delay classification and prediction techniques. All the literature
reviews concentrate on the solutions' impact on improving the reliability of flight
delay prediction. The open literature review reveals the need for more advanced
flight delay modelling and analysis techniques. It would assist in dealing with the
current and future datasets available from the airlines containing huge amounts
of information that mere eyes or traditional statistical approaches cannot analyse.
Chapters 2, 4,5, 6, 7, 8 and 9 highlighted the existing Machine Learning methods'
drawbacks in handling flight delay classification and prediction problems.

Objective 2: To perform data pre-processing to understand and quantify the
complexities and distribution in the US BTS dataset.

Evidence 2: In Chapters 3, 4, 5, 6 and 7, we present an exploratory data analysis
and pre-processing procedures to help understand the best fitting for each of the
models to be developed, which explain and quantifies the various complexities
and distribution intrinsic in the US BTS dataset. Employ the BTS dataset to
develop a reliable and robust data-driven predictive model. It is important to
interpret the data record, remove the noise attribute irrelevant to the set aim and
perform feature extraction. Also, collecting the non-delay instances of the target

variables is important for learning the model and evaluation. The appropriate
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learning scenarios for the problem must be defined with a performance metric
reflecting real-world demand. The challenge of predicting flight delays using real-
world dataset samples is the presence of complex irregular trends and patterns,
which affects temporal feature learning. The current methods for handling these
data inconsistencies are understandable for a small sample size of data on simple
machine-learning classification models. However, it is unclear if the existing
approaches can improve the model performance when trained on huge time
series datasets such as the BTS. Hence, carrying out exploratory data analysis
(EDA) was considered important. The novel algorithms find the complex patterns
and transform the BTS dataset for flight delay predictive modelling. This analysis
assists in identifying the features that have a direct link to the flight delay, causing
inconsistency in the information and processes of managing the passengers. It
was also revealed that not all airlines and airports have the same impacts from
all the factors causing the flight delay, and proper awareness of the passengers

can improve their loyalty to the airlines.

Objective 3: To identify the different data features, relations and impacts on the

flight delay.

Evidence 3: In Chapter 3, the result of the EDA shows the BTS dataset features
and their relationships through the correlation matrix. The impact of the features
on the target class is indicated by the correlation value, meaning the higher
correlation value means a higher impact feature on the flight delay.

Objective 4: To design, implement, evaluate and validate different architectures
of Deep Learning methods for flight delay classification and prediction.

Evidence 4: Objectives 2 and 4 work concurrently. Therefore, the proposed
algorithms implemented for the flight delay predictive modelling, dealing with the
complex relationships in the data for the classification and prediction problem, is
essential. The US BTS datasets employed for training and testing the proposed
algorithm are for different years. The data contains two major partitions the
individual flight delay causal features forming the independent variables and the
target class making the dependent variable. We used the sample instances of the

ground truth dataset to test each model's ability to predict the future occurrences
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of flight delays during validation. The dataset target comprises two major classes
for either there is a delay or not-delay, and the modelling task is to either build a
model to classify these delays with higher accuracy and reliability or a model that
can accurately predict the total number of delayed flights for each in a particular
month with minimum error. After transforming the dataset in objectives 2 and 3,
the data is then split into 70% for training and 30% for model testing. In other
cases, the data is partitioned into 60:40, 70:30, 80:20 and 90:10 for the train/test
ratio. It is for better exploitation and exploration of the model. Chapters 4, 5, 6, 7,
8 and 9 present an approach for flight delay classification and prediction to
improve air passenger experiences and manage unwanted financial losses.

The validation of the developed models was carried out using the data ground
truth. It ensures that the quality of the proposed flight delay predictive model is
confirmed. The ground truth is the actual record of the flight on-time dataset that
defines when there is a delay in the data. This definition is determined by the
International Air Transport Association (IATA) and is globally recognised as the
benchmark condition for indicating the presence of flight delay. The results of the
models were validated against the definition contained in the ground truth record
(sample instances leading to delay of flights). Analysing further reveals the
performance of the proposed model in predicting the total number of flights
delayed every day in a month. Predicting the flight in advance within a reasonable
period, not too early or too far from the decision-making period, to allow enough
time for proper mitigation strategies by the stakeholders (e.g., 2-3 days before

the flight day, until the flight have taken place).

Objective 5: To recommend the most appropriate Deep Learning architecture

implementation and approach for flight delay prediction based on our experiment.

Evidence 5: In Chapters 4, 5, 6, 7, 8 and 9, we have recommended the most
performing models based on the performance showcase in the given task of flight
delay classification and prediction. This recommendation follows the extensive
experiment conducted in this research. Further recommendations on further
improving the performances of the current models proposed in this research are

stated accordingly in the thesis.
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11.2 Contribution to Knowledge
During this research, significant contributions to knowledge have been made.

This research, to this end, has made the following contributions to knowledge.
a). In this research, we reviewed literature systematically that addresses
the problem of air passenger experience through flight delay from the
perspective of data scientists across the academia and industrial sectors
to understand current trends from the existing literature: The review of the
relevant literature contributes to knowledge by providing an understanding and
familiarisation with the state-of-the-art research trends in Machine Learning and
data analytics related to flight delay predictive modelling. It also confirms the
increase in the complexity and irregularities in the shape and records of the BTS
data, which means high demand for analytical methods to address the challenges
posed even in the flight delay classification and prediction tasks leading to poor
performance of the predictive modelling algorithms.

b). Exploratory Data Analysis (EDA) from the perspective of flight on-time
dataset: The analysis of the US BTS dataset through the visualisation and
graphs plots to discover the patterns, hidden information, outliers and missing
values. The analysis improved the overall knowledge of the variables through the
statistics, such as finding means and medians. The graphical display of the flights
across different airports and airlines shows the average of the delay and not-
delayed class to provide the required insight on the BTS datasets. This analysis
information is important for future direction and comparative studies of the
datasets for different years and regions.

c). Design and Implement an Approach for flight delay classifications and
predictions using Deep Feedforward Neural Network: Developing a predictive
model for classifying flight delays using the US BTS dataset is one of the
contributions of this research that remains significant. The dataset utilised
contains many outliers and inconsistent information that can affect the model's
overall performance. A pre-processing technique was applied to remove the
missing values and outliers. Then a well-known feature extraction method called
the filter-based feature extraction approach was applied to select the most

influential feature on the target class. Then a deep neural network was
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successfully utilised for the individual flight delay classification and prediction.
This algorithm can also classify any on-time performance datasets, such as train
or bus datasets.

d). Designed and developed an enhanced deep stack-autoencoder for flight
delay prediction: Another contribution worth mentioning is developing a
predictive modelling technique based on deep auto-encoder by comparing three
different modified architectures known as multilayer perceptron autoencoder,
logistic regression and vanilla based on their predictive performance of the flight
delay prediction. Autoencoder parameters were used to execute network training
to understand better the link between space and time and information gained
from the BTS data. The vanilla autoencoder's performance reconstructs and
classifies the delay with higher precision, recall, accuracy and F1-score using the
different number of hidden layers, input dimensions and epochs. The vanilla
autoencoder results on the classification of the flight delays indicate it is relevant
as an algorithm capable of learning varying shapes of input and improving
performance when fine-tuned appropriately with the correct hyper
parameterisation.

e). Developed a hybrid ensemble Machine Learning algorithm for flight
delay modelling and implemented a Bi-LSTM model for flight delay
classification: Another significant contribution is the development of a hybrid
ensemble learner using hard voting techniques. The algorithm focuses on
improving the classification accuracy of the predictive model using the US BTS
dataset. In addition, the proposed hybrid data-driven flight delay predictive model
utilises resampling techniques and combines the base classifiers to form the
classification committee based on a high probability of classifiers. This approach
solves the problem of a lazy learners algorithm by combining their predictive
power to form a strong committee of ensembles. The model's performance is
robust, with over 90% predictive accuracy. The Bi-LSTM methods developed in
this research performs well based on the evaluation metrics used and have a
higher Mathews correlation coefficient, which means there are few differences

between the actual or ground truth and predictive models.
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f). Proposed and developed a new optimisation-aware data-driven
approach for flight delay prediction: The Deep Learning approach is designed
to capture patterns in the BTS dataset and perform transformation using Yeo-
Johnson. A deep recurrent neural network is utilised for training the feature
fusion, and then the social ski conditional value at risk optimisation assists in
selecting the best weight and biases during the model's training. The model is
used to predict total flight delays for one month. The results from the model
validation on the BTS dataset were promising and thus contributed significantly
because the optimisation algorithm's efficacy is revealed based on the
prediction's minimum error.

e). Developed a novel flight delay prediction approach using the DeepONet
and mayfly optimisation algorithms: This newly developed data-driven
optimisation aware approach extends a state-of-the-art model for solving
approximation problems with partial differential equations. The model involves a
deep residual network integrated with political social ski driver conditional
autoregression for feature fusion for obtaining optimum weight and gradient
mayfly optimisation algorithm for training and predicting the flight delay. The new
approach is validated using a real-world dataset. Exploring the BTS dataset for
developing a robust optimisation-aware data-driven DeepONet is a significant
contribution because of its generalisation ability and the possibility to achieve
high-performance results in other related predictive modelling problems.

11.3 Intellectual Contribution and its Impact

In this research, we proposed novel algorithms and methods for flight delay
classification and prediction based on data-driven optimisation aware Deep
Learning (DL), Machine Learning (ML), Ensemble learning (EL) and Stack
autoencoder (SA). It presents alternative approaches to solving flight delay
classification and prediction problems using the real-world dataset from the

United States on-time performance data record lacking in the existing literature.

The research focuses on developing a flight delay predictive model with a unique
and robust ability to provide information about the flight before the scheduled
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departure or arrival time. The model can be integrated into flight delay decision
systems when fully validated in more real-world situations. Therefore, improve
passenger experience and reduce unnecessary loss of money by the airlines,
proper resource allocations and mitigation procedures to curtail processes

disruption, which benefits the airline's stakeholders.

Furthermore, the research impacts both academia and the airline industries. The
impacts in academia can be disseminating the research output as published
papers in conferences and journals. The industrial impact is contributed towards
effective flight delay predictive modelling. Additionally, the research not only
proposes flight delay prediction solutions for the air transportation system by the
gaps identified, focusing on improving airline and airport passenger experience
alone. It can be adapted and implemented in other domains faced with the
problem of effective predictive modelling problems. Therefore, the research
outcome can generally be employed in industries to develop robust classification

and predictive modelling solutions for similar problems.

The publications are available at ‘https://orcid.org/0000-0002-5723-8429.’
Cranfield’s Intellectual Property (IP) Policy governs the ownership of rights arising
from research and/or materials produced by Cranfield’s members of staff and
students, supports funding applications to public and private sector partners, and
establishes objectively fair and equitable criteria for the exploitation of knowledge.
Cranfield aims to provide support services through the Research & Innovation
Office (RIO) to promote the creation of Intellectual Property (IP) whilst seeking to
maximise the impact and commercial exploitation of the resulting.

11.4 Limitation of the Research

One notable limitation of this research is the exclusive use of the US BTS dataset
for training, testing, and validating the developed models. Consequently, the
findings and predictions are limited to a perspective focused solely on domestic
flights within the United States. To enhance the comprehensiveness and
generalisability of the study, future research could consider incorporating data
from other regions or international flights to provide a more holistic view of flight

delay prediction.
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11.5 Future Work

During this research, several areas have been identified for further future

research. They are as follows:

a). This research can be extended by including datasets from different countries
and regions to help understand the different regional impacts and patterns of flight

delays.

b). In the future, weather-related factors can be considered in the future to assist
in predicting weather-impacted flight delays. Though our dataset considered
weather delays with extreme event problems, this would be a good gap in the

future developed models.

c). In the future, we hope to develop a model that would predict the total number

of delays for a month, the delay for a short term, and specific time frames.

d). Further studies can be done to improve the generalisation of the robust
models developed in this research. The Physics-Inform-Machine-Learning (PiML)
and the use of explainable and interpretable Machine Learning or Deep Learning

can improve the general community's understanding of the prediction outcome.

e). All the Deep Learning models developed in this research have the potential to
be improved through additional variables and hyper parametrisation of the
models' architectures. Also, adding other environmental factors can improve the

model's performance.

f). The concept of transfer learning has been recently considered a promising
area because it provides room for knowledge learned from a different scenario of
Machine Learning applied in other domains, thereby improving inter-domain

knowledge sharing.

g) Grid search can be a valuable tool in automating the feature selection process
and determining the optimal combination of features for improved model
development. By systematically exploring various feature selection techniques
and their parameter combinations, grid search helps identify the most effective

features contributing to the model's predictive performance.
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