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SUMMARY

Catalyzed by advances in data quantity and quality, e ective and scalable al-
gorithms, and high-performance computation, the data-intensive transformation is
rapidly reframing the aerospace industry. The integration of data-driven methods
brings many new opportunities, such as (1) streamlining the aerospace design, test-
ing, certi cation, and manufacturing process, (2) driving fundamental advancements
in the traditional aerospace elds, and (3) enhancing the business and operations
side of the industry. However, modern aerospace datasets collected from real-world
operations, simulations, and scienti ¢ observations can be massive, high-dimensional,
heterogeneous, and noisy. While sometimes being beyond people's capacity to store,
analyze, and archive, these large datasets almost always contain redundant, trivial,
and irrelevant information. Because the design and analysis of complex aerospace
systems value computational e ciency, robustness, and interpretation, an additional
procedure is required to process large datasets and extract/re ne a small amount of
representative information for in-depth analysis. This dissertation utilizes improved
representations of operations data and aircraft models for e cient, accurate, and
interpretable air transportation system analysis.

Under the overall scope of representative data and models, this dissertation con-
sists of three main parts. Part |, representative operations data, considers the prob-
lem of selecting a small subset of the operations data from a large population for
more e cient yet accurate probabilistic analyses. This is tackled by a novel distribu-
tional data reduction method called Probabilistic REpresentatives Mining (PREM),
which is consistent in generating small samples with the same data distribution. Part
I, representative aircraft model portfolios, considers the problem of selecting a small
proportion of representative aircraft models to su ciently cover the richness and com-

plexity of a large population when the modeling of every participant in the complex

XViii



system is infeasible. This is tackled through a clustering framework which optimizes
for the minimax criterion and can conduct a trade-o between multiple criteria of
the selected portfolio's representativeness. Part Ill, representative aircraft model fea-
tures, considers the problem of obtaining improved aircraft model representations
for environmental impacts modeling. This is accomplished through using a combi-
nation of large-scale computer experiment and multi-level feature representation and
selection. The proposed methodologies are demonstrated and tested on four selected
experiments through data visualization and quantitative metrics. Overall, this dis-
sertation aims to contribute to both the general methodologies and the solutions to

speci ¢ aerospace applications.
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CHAPTER 1
INTRODUCTION

1.1 Background and Motivation

Aerospace engineering is an engineering eld that has brought immense in uence to
people's lives since its inception. Within just a few decades, aerospace technologies
grew from Wright Brothers' rst successful ight to supersonic aircraft, space shuttle,
and interplanetary spacecraft. While traditional aerospace areas such as aerodynam-
ics, structures and materials, dynamics and control, and propulsion are continuing to
develop, newly emerged interdisciplinary areas have opened up new opportunities to
further advance the state of the art in aerospace systems. Within the area of Sys-
tems Design and Optimization (SDO), the design and analysis of complex aerospace
systems is an interdisciplinary area which has been active since the turn of the millen-
nium. It applies a variety of analytical and computational tools to design aerospace

systems that are more e cient, robust, and reliable.

1.1.1 Data-driven AerospaceEngineering

In the past decade, key breakthroughs in data-driven analysis have been catalyzed
by (1) advances in data quantity and quality; (2) e ective and scalable algorithms
from applied mathematics and statistics; and (3) high-performance computation. Be-
cause of the unprecedented capability to collect and store data in modern aerospace
engineering, the data-intensive transformation is rapidly reframing the aerospace in-
dustry. The transformative impact of data-driven analysis will spread across the eld

of aerospace engineering and augment the established modes of theoretical, compu-

tational, and experimental inquiries [1]. The integration of data-driven analysis into



the aerospace industry will bring many new opportunities. First, it will improve and
streamline the entire aerospace design, testing, evaluation, certi cation, and manu-
facturing process. This includes using digital twin and surrogate models to accelerate
design and testing cycles, using predictive modeling and anomaly detection to en-
hance the reliability of manufacturing and maintenance, using data-driven modeling
to enable future product development, etc. Second, it will drive fundamental ad-
vancements in the more traditional aerospace elds. This includes discovery and
improved models for uid dynamics and advanced material science, improved algo-
rithms for Guidance, Navigation, and Control (GN&C), etc. Third, it will enhance

the business and operations side of the industry. Some examples include applying
data-driven methods on revenue management, supply chain engineering, air trac
management, and environmental impact modeling. Figure 1.1 displays the landscape
of aerospace engineering, where the rst three branches are key methodology enablers
and the last three branches are connected to speci ¢ application scenes in aerospace
engineering. The following paragraphs further highlight six areas where data-driven
methods have started to play a pivotal role: aviation environmental impact analy-
sis, air tra ¢ management, safety analysis, predictive maintenance, digital twin, and
system veri cation.

Aviation environmental impact analysisis one of the indispensable topics in recent
aerospace engineering research. Being di erent from the development of advanced
technologies to reduce emissions and noise, the environmental impact analysis con-
tributes to the understanding and quanti cation of aviation's environmental impacts.
The research outcomes can help to better (1) design operational procedures to mit-
igate aviation environmental impacts particularly to communities in the vicinity of
airports; (2) make policies; and (3) assess the impacts of novel technologies after inte-
gration into the air transportation system. Because of its importance in promoting a

sustainable future for aviation, accurate modeling of aviation environmental impacts
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is of great interest to aerospace researchers and has attracted investment from many
entities. Data-driven analysis is expected to play a substantial role in accurate avi-
ation environmental impact modeling and has the following three primary use cases:
(1) utilization of real-world operations data for accurate ight simulations; (2) ap-
plication of machine learning and surrogate models for e cient and rapid modeling;
and (3) integration of uncertainty quanti cation for robust decision making.

Air Tra c Management (ATM) is becoming increasingly important due to the
foreseeable growth in air tra ¢ volume and the addition of new components such as
Unmanned Aerial Vehicle (UAV) and electric Vertical Take-O and Landing (eVTOL)
aircraft in the near future. ATM is the System of Systems (SoS) which ensures a safe
and orderly ow of aircraft through the airspace [2]. The three primary functions of
ATM are: (1) Air Tra c Control (ATC), which is responsible for guaranteeing safe
separation between aircraft and between aircraft and obstacles; (2) airspace manage-
ment, which allocates airspace to di erent users; and (3) Air Tra ¢ Flow Management
(ATFM), which adjusts the air tra c ows under special conditions. To tackle the
future air transportation challenges, the transformation of ATM system is composed
of new technologies, new operational procedures, and new tools to e ciently manage
and analyze data and information from air transportation system. Vast amounts of air
tra c operations data are generated each day and awaits innovative ways for discover-
ing patterns and knowledge, enhancing the system predictive power, and creating new
decision support systems to facilitate strategic and tactical plannings. Data-driven
modelings of air trac ows, airport and airspace capacity, air tra c delays, and
aircraft performance can help transform the ATM system towards a more proactive,
adaptive, and intelligent state [2].

Safety analysishas always been one of the most crucial component of design and
operation activities in aerospace. The global aviation industry has established rigor-

ous standards on safety-related issues to prevent accidents and incidents. With the



deployment of new technologies, the commercial aviation industry has achieved re-
markable improvements in safety over the past six decadedHowever, there are still
several challenges for future improvement. First, as an essential part of the aviation
industry, the ight safety of General Aviation (GA) have not improved signi cantly
due to the heterogeneous eet, pilots' varying levels of experience, variability in the
implementation of safety programs and systems, etc [3]. Second, some of the top
safety issues still exist across the aviation industry. Examples of the top safety issues
include Loss Of Control In-ight (LOC-I), Controlled Flight Into Terrain (CFIT),
runway safety (especially during approach and landing), etc Third, there is likely to
be emerging threats to aviation safety because the industry is growing and evolving.
Some examples include the safe integration of Unmanned Aircraft Systems (UAS)
and the shortage of infrastructure and capacity. With the vast treasure troves of
data and information from ights and aviation data programs, data-driven analysis
is of greater importance to convert data into knowledge that can enhance operation
safety. The combination of big data and Machine Learning (ML) algorithms brings
new opportunities to uncover safety patterns that are previously unknown. Collabo-
rative e orts such as the \Risk Observatory'® have started to integrate safety data
from di erent domains of the total aviation system and utilize new methodologies
and metrics to translate data into actionable safety information. The overall aim is
to automate the collection and analysis of aviation safety data and discover safety
concerns prior to the accidents or incidents for timely mitigation and prevention.
Predictive maintenanceis another promising area of data-driven aerospace en-
gineering. The traditional preventive maintenance (or scheduled maintenance) per-

forms maintenance on a component or equipment well in advance and on a regular

From Airbus website, \A Statistical Analysis of Commercial Aviation Accidents 1958-2020",
Date retrieved: Jan 08, 2022.

2From NBAA website, \2019 Top Safety Focus Areas", Date retrieved: Jan 08, 2022.

3From Future Sky Safety website, \Risk Observatory for data-driven safety analysis", Date re-
trieved: Jan 08, 2022,



Figure 1.2: An eight-step data-driven predictive maintenance procedure

basis [4, 5]. As a common practice in the aviation industry, preventive maintenance
follows stringent requirements to replace or repair parts before their failure. Based
on statistical analysis and operational experience, preventive maintenance is largely
responsible for aviation industry's remarkable safety record. In comparison, predic-
tive maintenance is a more intelligent way of performing maintenance. It monitors an
asset's everyday operating conditions and uses advanced analytics to predict the up-
coming failure of the asset. Predictive maintenance maximizes equipment availability
through minimizing the maintenance frequency to prevent unplanned reactive main-
tenance. The eight-step procedure shown in Figure 1.2 includes all the essential steps
in data-driven predictive maintenance, from critical assets identi cation to model de-
ployment. The impacts of preventive maintenance in aviation include (1) improving
the e ciency of operations via better resource management; and (2) reducing costs
via decreased maintenance time, equipment replacement, and Aircraft On Ground
(AOG). Now is a good time to shift from preventive maintenance to predictive main-
tenance because today's aircraft are equipped with sensors which generate massive
streams of operational data. The next step is to build analytics platforms that can

process the data streams, use sophisticated models to predict when a machine could



fail, and recommend maintenance strategies.

Digital twin is a paradigm that has the potential to revolutionize the entire engi-
neering design and manufacturing landscape [1]. The de nition of a digital twin is a
virtual representation that is dynamically updated with data streams from the real
world to mimic the structure, context, and behavior of a physical asset [1, 6]. A digital
twin therefore requires three elements: (1) a virtual representation (computational
model); (2) a physical realization (such as an individual component, a system, or an
engineering process); and (3) the connection to transfer data/information between the
two. Figure 1.3 illustrates the concept of digital twin applied on the self-aware UAV
application [7]. The objective of digital twin is to bridge the virtual and physical
worlds and provide a proxy virtual environment to (1) perform modeling, simula-
tion, and testing on designs or systems at reduced time and cost; and (2) use data
and information collected throughout the lifecycle of the system to make informed
decisions and discover knowledge [6]. The success of digital twin relies on accurate
virtual representations of the physical system. This requires the integration of data
and multi-physics models across the system which still remains as a grand challenge,
requiring learning and control architectures that are intelligent, adaptive, and ro-
bust [1]. Data-driven strategies can help to better tackle the challenges and build
viable and accurate digital twin models.

System veri cation is a set of actions that check the correctness of a system and
asks the question whether a system mod@& meets the requirementQ [8]. A ver-

i cation algorithm takes as input A and Q, and returns whether the systemA is
safe (proof that all possible behaviors oA meet Q) or unsafe (one counterexample
behavior that A violates Q). Autonomous systems and cyber-physical systems are
nowadays important research elds in aerospace engineering, yet their safety veri -
cation is a hard problem. Some recent research [8] has looked into the problem of

data-driven veri cation which has a wide range of applicability. Data-driven veri-



Figure 1.3: An example of a digital twin and its physical twin on a UAV (from [7])

cation combines numerical simulation with sensitivity analysis to provide bounds
on how much the states of a system can change in a non-deterministic setting. It
generalizes an execution to a set of reachable states, and then conducts veri cation
on this generalized set. Through generalizations, the data-driven approach aims to
cover all possible behaviors of a system using only a nite number of executions.
After introducing the new opportunities brought by data-driven methods, the
landscape of data-driven aerospace engineering, and the six areas within aerospace
systems design and analysis where data-driven methods have been making large im-

pacts, below we have the rst formal observation:

Observation 1

Data-driven and computational methods can help to better design and analyze

the next generation of complex aerospace systems.

Despite the great potential of data-driven aerospace engineering, the smooth in-
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tegration of data-driven methods into the aerospace industry still faces several chal-
lenges [1]. First and foremost, due to the fact that aerospace systems are safety-
critical in nature, the data-driven models must be veri able and certi able. Second,
since most aerospace systems and processes are governed by physics, the data-driven
models must incorporate known physics and be interpretable and generalizable be-
yond the training data. Third, massive datasets from many aerospace disciplines
are both costly to collect and maintain, and cumbersome to process and analyze in
the downstream. Fourth, aerospace datasets are heterogeneous, multi-modal, and
multi- delity, which are challenging to directly apply common data-driven method-
ologies. Lastly, collaborative e orts are still needed to promote data sharing and
reproducible practices. Therefore, there is still much work to be done to realize the
data-intensive transformation in the aerospace industry and build data-driven models

that are interpretable, generalizable, veri able, and certi able.

1.1.2 Big Data and AerospaceData Programs

The aerospace industry is data rich because each stage of modern aerospace systems
design, manufacturing, and operation is data-intensive [1]. And the scale of massive
aerospace datasets will only grow over time. Figure 1.4 is an example which shows the
surge of data produced by global aircraft eet each year. The same repbestimates

that the global eet is likely to generate over 98 million terabytes of data by end of
2026 due to the increase in global eet size and the deployment of new technologies
to collect and transmit data. In fact, data generated by aircraft eet is just the

tip of the iceberg of big data in aerospace. Table 1.1 includes a list of aerospace
data sources/programs that can be classi ed as big data from certain perspectives.
The set of nine example data sources covers aerospace datasets from manufacturing,

testing, operations, environment, and performance. Table 1.1 also introduces the

4From Oliver Wyman, \MRO Big Data - A Lion or a Lamb?", Date retrieved: Jan 09, 2022.



main characteristics of these data programs and their potential functions in improving
elds such as manufacturing, testing, operations, design, training, ATM, etc. Some

of these datasets will appear in the use cases later in this dissertation.

Figure 1.4: The trend of data scale produced by projected global aircraft eet

The next comparison links the example aerospace datasets in Table 1.1 to the fea-
tures of big data. It is widely recognized that big data has four V's: (1) volume (large
scale of data); (2) variety (di erent forms of data); (3) velocity (streaming data); and
(4) veracity (uncertainty in data). The majority of the datasets in Table 1.1 sat-
isfy multiple big data dimensions simultaneously. For example, the Manufacturing
and Supply Chain (MSC) Data has both volume because it describes over 2 million
parts, and variety since it includes di erent types of data such as inspection records,
engineering notes, and video feeds. Another example, the Flight Operation Quality
Assurance (FOQA) data ful lls all four dimensions and therefore poses many chal-
lenges to analyze and extract knowledge. Even through this highly incomplete list of
data programs in aerospace, we can get a glimpse of the size and complexity in real-
world aerospace datasets, which motivate engineers and researchers to develop more
e ective data-driven analytical solutions. The second observation on large datasets

in aerospace engineering is stated below.
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Figure 1.5: Aerospace datasets and the four V's in big data

Observation 2

Real-world datasets generated from modern aerospace data programs can be

massive, high-dimensional, heterogeneous, and noisy.

1.1.3 Requirementsof Complex SystemsDesignand Analysis

While massive aerospace datasets are always associated with large scales and uncer-
tainties, the requirements of complex systems design and analysis tasks have been a
di erent story. In this section we highlight three facets of systems design and analysis

that are in contrast to the characteristics of big data.

Computational E ciency

Computer simulation/experiment has become an indispensable part in contempo-
rary engineering design optimization and systems analysis problems. There are two
reasons that make computational e ciency a major concern in such processes. First,

high- delity simulation and analysis models are typically computationally expensive
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and time consuming. One common approach to tackle this challenge is the Surrogate-
Based Analysis and Optimization (SBAO) [14] approach depicted in Figure 1.6 which
relies on surrogate models to provide fast approximations of the sophisticated high-
delity models. Second, the design optimization of a complex system inevitably
involves the exploration of a broad design space. This usually translates to a large
number of candidate design points and simulation runs, depending on the actual size
of the design space and the number of design parameters. Some statistical and data-
driven approaches can further reduce the number of simulation runs to improve the
e ciency, as described later in the main text. Overall, these two facts can lead to
excessive computational costs and prohibitive run times in the design and analysis
process. Below are three examples of computationally expensive simulations in the

design and analysis of aerospace systems.

Figure 1.6: Key stages of the SBAO approach (from [14], with modi cations)

" Example 1 - Computational Fluid Dynamics (CFD): CFD is a branch of uid

mechanics that uses digital computers and numerical analysis to predict uid-
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ow phenomena governed by the conservation laws (conservation of mass, mo-
mentum, and energy) [15]. High- delity CFD simulations plays a vital role in

the design and analysis of complex aerospace systems such as aircraft, engine,
and rocket. However, it is too computationally expensive and time consuming
for design evaluation purposes. For example, in the design of swirl injector, a key
component in rocket combustion devices, each high- delity Large-Eddy Simu-
lation (LES) of the three-dimensional ow evolution could take 500,000 CPU
hours to complete [16]. In another example, the mission analysis of a transonic
transport aircraft, the Reynolds-Averaged Navier-Stokes (RANS) CFD analysis

of a single design candidate could take over 200,000 CPU hours to nish [17].

Example 2 - Aircraft Noise Modeling: quanti cation of aircraft noise exposure in
the vicinity of airports is crucial for designing mitigation strategies and assessing
the impact of advanced noise reduction technologies. Nevertheless, depending
on factors such as the number of aircraft operations, the size of the region, the
length of the time interval, and the delity level of the models, the current state-
of-the-art noise modeling tools could require long setup and computational times
for a single case study. A previous study [18] reported that running the high-
delity Integrated Noise Model (INM) to perform airport-level noise study for a
four-parallel-runway airport in cross ow takes between two days to two weeks to
nish. Another study [19] reported that on the Aviation Environmental Design
Tool (AEDT), a national-level noise study comprising a moderate number of

airports and ights could take several days to complete.

Example 3 - Multidisciplinary Vehicle Modeling: a multidisciplinary vehicle
Modeling and Simulation (M&S) environment encompasses di erent modules
and enables automated information ow between them. For example, the En-

vironmental Design Space (EDS) is a physics-based, multidisciplinary M&S
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environment for aircraft design and evaluation. EDS includes modules for air-
craft sizing and performance analysis, engine simulation, emissions analysis,
noise analysis, etc [20]. When used for purposes like Design Space Exploration
(DSE) and technology exploration, the number of executions on multidisci-
plinary analysis tools like EDS could make the task time consuming. A past
study [21] mentioned that running 12,000 EDS cases on a single PC would take

months to complete.

Robustness

Robustness is de ned by statistician George E. P. Box as \a procedure which ren-
ders the answers it gives insensitive to departures, of a kind which occur in practice,
from ideal assumptions” [22]. In the statistics literature, robustness is also gener-
alized as stability, i.e., whether a procedure is stable with respect to appropriate
perturbations [23]. In recent decades, robustness had become a key consideration in
the design and analysis of complex systems and been associated with design, opti-
mization, and decision making. Robust design refers to the design that satis es the
functional requirements even under the in uence of factors causing variability [24,
25]. Figure 1.7 illustrates di erent categories of robust design. Type | and Type I
robust design methods seek \on target” solutions while minimizing variations caused
by uncertainties in noise factors (uncontrollable parameters) and control factors (de-
sign variables), respectively [26]. Type 1l robust design method further considers and
minimizes variations caused by uncertainty in model structure/parameter [27]. Ro-
bust optimization (RO) tackles optimization problems in which the data/parameters
are uncertain and is only known to belong to some uncertainty set [28]. In RO,
the practitioner aims to construct a solution to the optimization under uncertainty
problem that is feasible to any realization of the uncertainty in the set [29]. Robust
Decision Making (RDM) is a process of making better decisions with a considerable

number of highly imperfect forecasts of the future [30].
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Figure 1.7: Comparison between di erent types of robust designs and the optimal
deign based on minimum of the objective function (from [31])

Because of the high complexity and stringent reliability requirements in aerospace
systems/products, robustness has to be addressed in the Research and Development
(R&D) process of almost all its sub-disciplines. As an incomplete survey, in re-
cent years robust approaches have been applied to aircraft conceptual design [32,
33], aerodynamic and airfoil design [34, 35, 36, 37], aerospace structure design [38,
39], UAV design [40], hypersonic vehicle design [41], reentry unmanned space vehicle
design [42], rocket design [43], control systems design [44, 45, 46], high-gain space
antennas design [47], spacecraft operations [48], interplanetary missions design [49],
etc. An overview of the theories of robust design, including Taguchi method, robust

optimization, and robust design in axiomatic approach, can be found in [50].

Interpretation

State-of-the-art data-driven methods, especially machine learning and deep learn-
ing models, have demonstrated exceptional capabilities in learning a wide variety of
complex patterns from data and making predictions about unobserved data. How-

ever, in addition to obtaining models with high performance, the interpretability of
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the models is also critical in complex systems design and analysis. Interpretation is
de ned as the extraction of knowledge about domain relationships either contained
in data or learned by the model [23]. The extracted knowledge can be represented by
formats such as mathematical equations, visualizations, or natural language, depend-
ing on the particular audience and problem. A literature review of the interpretability
methods in machine learning can be found in [51]. Overall, the interpretable results
can be used in three ways: fundamental knowledge discovery, actionable items, and
e ective communications.

The use of data-driven methods for fundamental knowledge discovery can nd its
root in numerous science and engineering disciplines, such as astronomy, materials
science, combustion, and atmospheric sciences. Researchers from those scienti ¢ dis-
ciplines often aim to gain fundamental understanding of a chosen problem through
analyzing massive datasets produced by scienti ¢ experiments, simulations, and ob-
servations. In aerospace engineering applications, such need is also universal. For
example, in aviation environmental impact analysis, a main use case in this disserta-
tion, one of the research questions is: \what aircraft features contribute most to the
levels of fuel burn, emissions, and noise?." In such problems, people either attempt
to understand casual relationships, i.e., statements that changing one variable will
cause a change in another [23], through experiments and statistical modeling, or cap-
ture correlations from observed data. In fundamental knowledge discovery, a complex
data-driven model must be interpretable.

In many other aerospace applications, an e ective model needs to convert the
result into insights and actionable items. More speci cally, details on how a data-
driven model produces outputs must be clearly explained and understood by a human
Subject Matter Expert (SME). Here we further illustrate this necessity with two ex-
ample applications: predictive maintenance and safety analysis. Methods like the

Deep Neural Networks (DNNs) have shown their superiority in a large variety of pre-
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dictive modeling tasks and are promising in predicting maintenance measures such
as Time-To-Failure (TTF) and Remaining Useful Life (RUL) [52]. However, conven-
tional DNNs are considered black-box models which lack transparency. For use cases
like aircraft maintenance which is safety critical and heavily regulated, being able to
fully understand the decision-making process is vital. The inability to trust black-
box models has limited the usability of those complex models in aircraft predictive
maintenance [52]. The similar logic also applies to data-driven safety analysis, where
explainable models [53, 54] are vital. When applying predictive models to aviation
safety assurance, the objective is to not only accurately predict unsafe events and
identify anomalies, but also yield insights on why they arise (precursors identi ca-
tion) and how to mitigate safety-related risks in the future.

Lastly, interpretable models can be used to guide communication between people
from di erent backgrounds. In one scenario, it enables data scientists who extract
knowledge from data to clearly communicate with domain experts who will then make
sense of the knowledge and put it into practice. In a second scenario, policy mak-
ers can use the result to communicate with the public and make the policy-making
process more transparent and understandable. To summarize the requirements of

complex systems design and analysis, below is the third observation of the section.

Observation 3

The data-driven design and analysis of complex aerospace systems value compu-

tational e ciency, robustness, and interpretation.

Overall, this section starts with a brief review of the development of the aerospace
industry and raises the observation that data-driven methods will bring exciting op-
portunities and transform the industry. Subsequently, by looking into the characteris-

tics of modern massive aerospace datasets and the requirements of complex aerospace
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systems design and analysis, it is found out that the two sets of descriptions are in
marked contrast. When all three observations are merged into one sentence, the over-
all observation of the motivation section is stated below. The overall observation will
further connect to the overall gap and overarching research objectives at the start of

Chapter 3 - Research Formulation.

Overall Observation

Massive datasets from real-world operations are valuable but intractable for
achieving computationally e cient, robust, and interpretable data-driven com-

plex systems design and analysis tasks.

1.2 Dissertation Overview

This dissertation considers the problem of using improved representations of data
and models for e cient, robust, and interpretable aerospace systems analysis. The
smaller and sparser representations are obtained through data-driven approaches from
statistical learning and data mining. The main use cases are from the environmental

impact modeling of air transportation system. The dissertation is organized as follows:

" Chapter 1 introduces the background and motivation of this research. It
includes the trend of data-driven aerospace engineering, characteristics of big
data and data programs in aerospace industry, key requirements of complex

aerospace systems design and analysis, and the overall observation.

Chapter 2 provides the fundamentals and literature survey. It consists of three
main themes: fundamentals of analytical methods from statistics and machine
learning, related topics in air transportation system analysis, and a summary

of recent research trends.
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" Chapter 3 explains the research formulation of this dissertation. It includes
details of the overall gap, research objectives, research questions, hypotheses,

and experiments.

Chapter 4 describes the rst contribution of this dissertation { representative
operations data. Speci cally, we propose a methodology called Probabilistic
REpresentatives Mining (PREM) for distributional data reduction. We then
apply PREM on representing multivariate probability distributions, conducting
e cient uncertainty propagation, and reducing large aerospace datasets, and

evaluate PREM using rigorous quantitative metrics.

Chapter 5 describes the second contribution of this dissertation { representa-
tive aircraft model portfolios. We rst consider the problem of how to properly

represent an aircraft in environmental impact modeling, and then select a small
amount of representative models through minimax and multi-criteria selection.
Data visualization and quantitative metrics are used to evaluate both the rep-

resentation and selection parts.

Chapter 6 describes the third contribution of this dissertation { representative
aircraft model features. It consider the problems of selecting aircraft features
which are more in uential on environmental impacts and obtaining improved
aircraft representations for aircraft grouping. This chapter proposes the use of
multi-level feature representation and selection on large-scale computer simula-

tion data to tackle the problems.

Chapter 7 summarizes the main ndings and contributions, discusses the cur-

rent limitations, and includes recommendations for future work.
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CHAPTER 2
PRELIMINARIES AND LITERATURE REVIEW

2.1 Relevant Analytical Methods

This section provides a high-level summary of the concepts and fundamentals of rel-
evant methodologies from statistics and machine learning. It is organized to o er a
viewpoint from macroscopic to microscopic. To start with, Section 2.1.1 rst intro-
duces the key building blocks and work ows of statistics and machine learning as well
as their development trends. Section 2.1.2 then zooms in and focuses on the solutions
to tackle the challenges in big data and high-dimensional data. Section 2.1.3 further
discusses data reduction, which can be viewed as a subset of the strategies for an-
alyzing big and high-dimensional data. Sections 2.1.4 to 2.1.6 present and compare
three detailed categories of methods within the range of Sections 2.1.2 and 2.1.3 {

clustering, dimensionality reduction, and feature selection.

2.1.1 Methods from Statistics and Machine Learning

Statistics is the mathematical science of developing theories and methods for collect-
ing, presenting, analyzing, and interpreting empirical data. There is also an opinion
that statistical inference is at the triple point of mathematics, empirical science, and
philosophy [55]. Statistics is a highly interdisciplinary eld which nds applications

in virtually all types of scienti ¢ disciplines. And the advancements of new statistical
theories and methods have also been motivated by research questions from disciplines
such as science, medicine, engineering, economics, and business. Statistical thinking
particularly concerns the relation of quantitative data to a real-world problem in the

presence of uncertainty and variability [56, 57]. Therefore, probability is the language
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used by statistics and plays a key role in the eld. Statisticians map problems of in-
terest into formal probability models, compute inferences from the data and models,
and explore the adequacy of the inferences [58].

Inductive inference is one of the core ideas in statistics. Inductive inference uses
sample data to derive results that extend beyond the data, such as predictions over
future data and information about the population [59]. Unlike deductive inference
which is logically certain, inductive inference is uncertain in nature. In a typical
survey problem, inductive inference needs to go through four stages: (1) raw data,
(2) study sample, (3) study population, and (4) target population. From (1) to
(2) is the problem of measurement, i.e., how accurate (honest) the observations are;
from (2) to (3) needs internal validity, i.e., that the sample must be a representative
random sample, which is also the most challenging step; from (3) to (4) requires
external validity, i.e., that the sample covers the complete population, which can
be ensured by careful experimental design. Another core idea is to claim discovery
through hypothesis testing. The null hypothesidd, of a question refers to a working
conjecture until there is su cient evidence against it [60]. It always denies di erences,
progresses, and changes. To test the null hypothesis, a test statistic is chosen and
its sampling distribution is generated given thatH is true. If the observed statistic
turns out to be extreme enough (lies in the tails of the distribution), the test supports
the rejection of Hy. The result is declared statistically signi cant if the P-value
(P (ObservationHy = True) is below some critical threshold.

Statistics has many branches, depending on the angle of classi cation. Descriptive
statistics collects data from experiment and describes the properties of data. Infer-
ential statistics then uses those properties to test hypotheses and draw conclusions.
The two key elements in this process are (1) designing the right experiment to ob-
tain a small sample, and (2) applying the right approach/model to draw predictions

and generalizations on how the population behaves. Stringent scienti ¢ approaches
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are required in both steps to obtain reliable results. Frequentist statistics considers
a parameter to estimate as a xed unknown and draws conclusions from only the
sample data. Through methods such as design of experiments and regression analysis,
Frequentist inference constructs hypothesis testing and con dence interval. Bayesian
statistics, on the other hand, considers the parameter of interestas a random vari-
able with a certain probability distribution, also known as the prior distribution. The
prior distribution represents the external knowledge/belief of the problem outside of
data. Bayesian inference then utilizes Bayes' theorem to update the prior distribution
using likelihood function and observed data, resulting in the posterior distribution.
And since there might not exist a ‘true' prior distribution, the analysis should in-
clude the sensitivity to multiple alternative choices, encompassing a range of di erent
candidate opinions [60]. Causal inference, as opposed to just statistical inference, is
another crucial topic in statistics as identifying causal rather than associative rela-
tionships is one of the foundational tasks in science. It analyzes the response of an
e ect variable when a cause variable is changed. Because correlation does not imply
causation, such causal questions cannot be addressed from observational data alone
and require certain knowledge of the data-generating process [61]. Experimental data
from a well-designed randomized (natural or arti cial) can provide a basis for inves-
tigating causal relations and drawing valid causal conclusions. One can refer to [61,
62] for more details on causal inference from a statistics point of view.

In recent decades, the eld of statistics has also been evolving to accommodate
the latest trends, capabilities, and needs. Those changes can be summarized into
two main facets. First, it has been changing from a focus on mathematical meth-
ods to one that covers the entire problem-solving cycle. For example, the PPDAC
problem-solving cycle shown in Figure 2.1 goes from Problem (de nition), Plan (de-
sign), Data (collection and processing), Analysis, to Conclusion, and starts to repeat

another cycle. Even though the PPDAC cycle seems to not emphasize the more

24



Figure 2.1: Elements in the PPDAC problem-solving cycle (from [60])

theoretical side of statistics, each step is in fact technical and can inspire the devel-
opment of innovative methodologies. Second, it has been adapting to the change in
computational power, which was originally the bottleneck of statistical analysis [55].
Computational statistics has become more signi cant and covered a large part of
topics in twenty- rst-century statistics. And because the rising eld of data science
emphasizes algorithmic thinking rather than inferential justi cation, large-scale pre-
diction algorithms have become the focus of many statisticians today. This causes
a blurring of the boundary between computational statistics and one of the hottest
eld in the present, machine learning. Nevertheless, the interplay between compu-
tational methodologies and inferential theories, or the justi cation of the ambitious

algorithms, has become the new task of modern statistical inference [55].
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Machine learning (or data mining, predictive modeling) is the science of auto-
matically learn programs from data [63]. The term encompasses techniques, auto-
mated tools, and the entire process of intelligently transforming data into important
knowledge and making predictions on future, yet-to-be-seen data. Machine learning
algorithms can learn to perform complex tasks by generalizing from examples and
are widely used in computer science and beyond. There exists a bewildering variety
of machine learning tasks and algorithms. Despite this, at the kernel of all learning
algorithms are a combination of three components, i.e., learning = representation +

evaluation + optimization.

" Representation In the rst step, a learner must be represented in a format for
computer to handle. Selecting a set of representations for a learner forms the
hypothesis spac®f the learner. A learner cannot be learned if it is not in the

hypothesis space.

Evaluation. An evaluation function, also referred to as thebjective function
is needed to distinguish good learners from bad ones. The construction of the
objective function must consider issues in optimization such that it may di er

from the direct objective we want to optimize.

Optimization. An optimization method searches through the space of possi-
ble hypotheses for one with the best performance. The choice of optimization
method is key to both the e ciency and e cacy of the learner. Table 2.1

includes typical examples of each of the three components.

A diverse set of machine learning algorithms tackles di erent types of learning,
among which the three primary types of learning problems are supervised, unsu-
pervised, and reinforcement learning. Supervised learning is a category of problem
that learns a mappingf (x) from labeled data, i.e., training data comprised of both

input and output vectors. Two common supervised learning problems are classi ca-
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Table 2.1: Examples of the three components of learning algorithm (from [63], with
modi cations)

Component Examples

Instance-basedk-nearest Neighbor, Support Vector Machines
HyperplanesNaive Bayes, Logistic Regression
Trees-basedClassi cation and Regression Trees, Boosted Trees
Rule-basedAssociation Rules

Neural NetworksArti cial Neural Networks

Graphical ModeisBayesian Networks, Markov Random Fields
Mean Squared Error, Likelihood R?

Accuracy, Precision, Recall

Mutual Information, Homogeneity

Posterior Probability, K-L Divergence, Cost/Utility

Discrete: Greedy Search, Branch-and-bound, Beam Search
Optimization Continuous (U): Gradient Descent, Newton's Method
Continuous (C): Linear Programming, Augmented Lagrangian

Representation

Evaluation

tion and regression, which involve the predictions of class label and numerical label
respectively. By contrast, unsupervised learning involves learning to make sense of
unlabeled data where only input vectors are available. Four common unsupervised
learning problems include clustering which groups similar examples in the data, den-
sity estimation which determines the distribution of data, dimensionality reduction
which nds a low-dimensional representation of data, and anomaly detection which
identi es rare patterns. The third type of learning problem, reinforcement learning,
learns how to operate (map situations to actions) in an environment so as to maxi-
mize numerical reward [64]. Reinforcement learning algorithms do not rely on xed
training data and instead interact with an environment to gain feedback from its ex-
periences. Outside of these three main paradigms, deep learning is a family of learning
algorithms based on large deep neural networks, whose performance could outperform
traditional machine learning algorithms on massive datasets. With the scalability of
neural networks, the learning outcome gets better with more data, larger models,
and more computation. Another appealing aspect of deep learning is representation

learning, where deep learning models can perform hierarchical feature learning to ex-
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tract features at multiple levels of abstraction. Some complex algorithms, however,
may lack transparency and interpretability. When the performance of a particular

learning problem is good enough, it may be worthy of trading o small performance
increases for simplicity.

A few other learning algorithms use a hybrid of di erent learning types above to
tackle certain scenarios. Semi-supervised learning is useful when the training data
includes very few labeled data and a signi cant number of unlabeled data because
of the high expense for labeling data. Semi-supervised learning attempts to com-
bine labeled and unlabeled data and improve the performance of supervised learning
tasks. The success of a semi-supervised learning algorithm depends critically on the
underlying assumption [65]. Examples of semi-supervised learning approaches include
self-training, mixture models, co-training, and graph-based learning. Self-supervised
learning frames an unsupervised learning problem as a supervised learning problem
such that supervised learning algorithms apply to solve the problem. One common
example of self-supervised learning algorithm is the autoencoder. An autoencoder is a
feed-forward neural network that is trained to reproduce its input at the output [66].

It consists of an encoder networken(X) which creates a compact representation of the
input and a decoder networkx®= f 4e.(h) which reconstructs it back to the original.
Generative Adversarial Networks (GANSs) [67] is another example of self-supervised
learning. Multi-instance learning deals with problems in which the individual data are
unlabeled, and the label information is associated with bags or groups of data. Ma-
chine learning algorithms can also be categorized by di erent paradigms for inference.
Inductive learning ts general models or rules from examples (data); deductive infer-
ence applies the model to make predictions; transductive learning makes predictions
directly based on speci c examples without generalization (e.gk;NN algorithm).

Aside from the di erent types of learning problems mentioned above, some more

advanced learning techniques/strategies have also become game changers. Ensemble
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learning uses multiple learning algorithms to achieve better predictive performance
than any individual learning algorithm alone. In cases where an optimal hypothe-
sis is di cult to nd, an ensemble represents a single hypothesis that allows better
exibility among the set of alternative hypotheses. A machine learning ensemble can
be either homogeneous or heterogeneous, depending on whether it contains multiple
hypotheses with the same base learner (e.g., random forest) or from di erent base
learners. The general objectives of ensemble methods are three-fold: (1) decreasing
variance through voting (in classi cation) and averaging (in regression); (2) decreasing
bias through giving greater weights to more accurate learners; and (3) improving pre-
dictions through meta-classi er or meta-regressor. Ensembles tend to perform even
better when there exists a signi cant diversity (low correlation) among the learning
algorithms. In the ideal case, the base learners are both maximally accurate and
diverse. Common ensemble learning methods include Bayes optimal classi er, boot-
strap aggregating (bagging), boosting, and stacking. The two main disadvantages
of ensemble learning are reduction in interpretability and increase in computational
time. Multi-task learning learns a shared model/representation across multiple re-
lated tasks to improve generalization, e ciency, and potentially accuracy as well.
Transfer learning learns multiple tasks sequentially and uses an existing model as the
starting point for continued training on another relevant task. Active learning distin-
guishes itself from \passive learning" because it can adaptively or interactively query
a user during the learning process to resolve ambiguity. It can choose which data to
label and learn from and therefore can achieve better accuracy with fewer training
labels [68], making it particularly attractive to cases where labels are expensive to
obtain. Compared to traditional machine learning methods which are o ine, online
learning is performed incrementally on streaming data to update the model as new
data arrives [69]. Online learning is appropriate for problems where observations are

collected and changing over time.
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The discussion now moves from learning algorithms, problem types, and tech-
niques to the entire machine learning work ow and production system. There are
ve aspects that are crucial for the successful training of a machine learning algo-
rithm. First, generalization is the fundamental goal of a machine learning task, i.e.,
to generalize beyond the observations in the training set. This can be achieved by
either using both training and test sets or using cross-validation which mitigates the
reduction in training data. Second, the bias-variance trade-o is a central problem in
supervised machine learning. The objective is to simultaneously avoid both bias (an
error source caused by under tting) and variance (an error source caused by over-
tting). Especially in the case of insu cient data, over tting is prone to happen.
Common remedies for over tting include cross-validation, regularization, and statis-
tical signi cance tests. Third, feature engineering is one of the most important factors
for the success of a machine learning project. The original features in the raw data are
often not at the best conditions for learning, which favors independent features that
each correlate well with the outputs [63]. Construction of features often requires most
of the e ort in a machine learning project, because it needs intuition, creativity, and
expertise in both machine learning algorithms and the application domain. Fourth,
a learner which incorporates data with knowledge can make a good solution on the
speci c problem, because every learner (representation) embodies some knowledge or
assumptions. Lastly, apart from the algorithm perspective (design and use), a ma-
chine learning task is still centered around data. Gathering a large amount of high
guality data can even enable a simple algorithm to beat a clever algorithm with less
data. Therefore, the performance of a machine learning task can always be further
improved by ameliorating the quantity and/or quality of data.

The deployment of machine learning algorithms is only one component in the
entire end-to-end machine learning work ow (also called machine learning engineer-

ing), which is depicted in Figure 2.2. A similar concept in data mining literature is
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Figure 2.2: The machine learning engineering work ow

the Knowledge Discovery from Data (KDD) process, which consists of seven steps
from data cleaning to knowledge representation [70]. The end-to-end work ow con-
sists of various components of a data intensive project. In industry, such an end-to-
end machine learning production system which transforms theoretical knowledge into
production-ready capabilities is referred to as machine learning engineering in pro-
duction (MLOps). The MLOps system is comprised of four primary blocks: project
scoping, data engineering, machine learning model engineering, and deployment. In
scoping, practitioners identify the most valuable problems, ask initial questions, eval-
uate the project's feasibility, set up overall objectives, and integrate resources to start
the project. Then, data engineering is about acquiring the right raw data for the prob-

lem and transforming it into structured data to apply machine learning algorithms.
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Data engineering mainly consists of data selection, initial exploratory analysis, data
cleaning (wrangling), data integration, feature extraction and engineering, feature
selection, and feature transformation. Machine learning model engineering is the
phase of applying machine learning algorithms to obtain a high performing machine
learning model. The modeling engineering includes multiple operations such as model
training, model evaluation, hyperparameter tuning, and evaluation to arrive at a nal
model. In the end, the machine learning model is integrated into existing software and
deployed as part of an application in business, engineering, and scienti ¢ research.
The deployment phase includes the determination of deployment pattern (full au-
tomation, partial automation with human in the loop, etc.) and system monitoring

to potentially update and improve the model.

Figure 2.3: The evolution of machine learning (from Al Explanations Whitepaper,
Google Cloud)

The availability of increasingly massive datasets and computational resources have
fueled the evolution of machine learning from handcrafted heuristics and rules, to lin-
ear models and decision trees, complex nonlinear models such as deep neural networks
and ensembles, to meta learning. Meta learning, which learns a learning algorithm
from data, aims to train models orders of magnitude more e ciently than classic
deep learning approaches. It captures the common knowledge among a large num-
ber of related tasks in training while only relying on a small amount of labeled data

for each task. Meta learning for supervised learning, also referred to as few-shot
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learning, mainly includes metric-based methods, optimization-based methods, and
model-based methods. Metric-based meta learning aims to learn an adaptive metric
or distance function to identify a small subset of training data that is most relevant to

the test data, and make prediction based on their labels. The core idea has an analogy
to nearest neighbors algorithms. Optimization-based meta learning uses adjusted op-
timization algorithms such that the learning process performs better at learning with

fewer examples. Model-based meta learning applies models with speci ¢ architectures

to update the model parameters rapidly after only a few training examples.

2.1.2 Analysis of Big and High-DimensionalData

Dataset size and dimension are two primary indicators to choose among data analysis
frameworks. Although a large proportion of modern datasets are both big and high-
dimensional, overall there are four categories of problems in data analysis. Depending
on the sample sizen and dimensionp, Table 2.2 displays the four frameworks and dis-
tinguishes between big data challenge and high-dimensional data challenge. Big data
refers to datasets that are characterized by the four V's: volume, variety, velocity,
and veracity, as shown in Figure 1.5. Each feature adds challenges to data acquisi-
tion, storage, and analysis such that researchers and data science professionals are
always seeking more e cient and reliable methods to tackle the technical challenges.
The solutions include new technologies for improved data processing, storage, and
computation, such as Internet of Things (IoT), data centers, MapReduce, Hadoop,

cloud computing, high performance computing, etc.

Table 2.2: High-dimensional data vs. big data

Small n Largen
Small p Traditional statistics Classic large sample theory:
with limited samples Big data challenge
Large p | High-dimen. statistics and optimization: Deep learning and
High-dimensional data challenge deep neural networks
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High-dimensional data refers to data sets with a large number of attributgsthat

can be of comparable size or even larger than the number of observationsSome
examples of high-dimensional data include time series data, images, and videos. In
high-dimensional data challenge, traditional statistical theories and methodologies are
inadequate and can break down in unexpected ways. The main issues are caused by
the Curse of Dimensionality (CoD), which refers to a set of phenomena and challenges
that do not normally occur in low-dimensional spaces yet arise when the data has
too many attributes/features. From the perspective of statistical learning and data

mining, the two common facets associated with CoD are:

1. Distance concentration as the dimensionality increases, pairwise distance be-
tween observations increases and becomes more homogeneous such that obser-
vations appear to be equally dissimilar and distant to each other. An intuitive
example of this trend is displayed in Figure 2.4, in which the Euclidean distances
between random samples grow and become more homogeneous with dimension
p. A previous research [71] argued that the ratio of the distances of the nearest
and farthest neighbors to a given observation in a high-dimensional space is

almost one for a wide variety of data distributions and distance functions.

2. Data sparsity: the data becomes sparser in a higher dimensional space such
that the sample size required for learning a generalized statistical or machine

learning model grows exponentially.

The choice of distance metric is crucial for high-dimensional data analysis prob-
lems. Di erent measures may provide di erent orders of proximity of points to a given
observation. Many algorithms use the Euclidean distance as a natural extension of
its traditional use in two- or three-dimensional cases. A study [72] on the behavior

of distance metrics in high-dimensional space showed that the meaningfulness pf
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Figure 2.4: Distance histogram by dimension: random samples from unit cube

(Minkowski) distance function
[

L
Lo(Xy) = X i yiP p forx;y 2 R%p2 z (2.1)
i=1

is sensitive to the valuep. They showed that for a problem with xed high di-
mensionality d, it may be preferable to use lower values gb, e.g., theL; norm
(Manhattan distance) is more preferable than the., norm (Euclidean distance) in
high-dimensional applications. The fractional distance metrics, in whicp is allowed
to be a fraction smaller than 1, is even more e ective at preserving the meaningful-
ness of proximity measures in high-dimensional space for clustering algorithms such
as k-means. It is worth mentioning that in some applications, the squared Euclidean
distance is a preferred metric because: (1) it can be used to strengthen the e ect of
longer distances; and (2) it is a smooth and strictly convex function which is preferred
in optimization theory.

Modern advances in high-dimensional data analysis can perform statistical in-
ference and prediction in high-dimensional settings. A key assumption behind most
such analyses is that high-dimensional data typically concentrates on low-dimensional,
sparse, or degenerate structures. Table 2.3 includes examples of high-dimensional

data analysis methods from ten categories. The majority of methods in Table 2.3 are

related to either dimensionality reduction or feature selection/extraction, which will

35



Table 2.3: Some typical methods for high-dimensional data analysis

Example _—
Category Methods Objective(s)
Lasso UsesL 1 regularization to perform variable selection
Linear Models . CombinesL; and L» regularizations to allow
Elastic Net

with
Regularization

variable selection under highly correlated variables

Group Lasso

Uses alternative regularization to allow the joint
selection of prede ned groups of variables

Linear . .
. . . Uses orthogonal linear transformation to transform
Dimensionality | PCA : : .
: data to a lower-dimensional coordinate system
Reduction
Nonlinear ISOMAP U_ses spectral theory to m_alnta_un the geod_esm _
. ) . distance between data points in a lower dimension
Dimensionality . : : — .
. Manifold Projects multiple datasets on a similar underlying
Reduction . . . . .
Alignment manifold in a lower-dimensional space
Et;r;;tlonal Smoothing Conducts feature extraction on functional data
Analysis Splines of time or space through splines
Tensor Tensor Uses decomposition to compress tensor data
Analysis Decomposition | for more e cient processing and analysis
Rank De cient | Matrix Recovers a sparsely observed large matrix
Methods Completion through assuming the matrix is low-rank
MANOVA Tests the statistical signi cance of_mean di erences
L on multiple dependent variables simultaneously
Multivariate - ; : —
- Covariance Conducts covariance matrix estimation when
Statistics L o
Estimation the matrix is large and/or sparse
Data Visualizing high-dimensional data in a 2-D or 3-D
. — t-SNE - :
Visualization map such that similar objects stay close
High-dim. Subspace Uncovers clusters of high-dimensional data in
Clustering Clustering di erent and possibly overlapping subspaces
: . Penalized - -
High-dim. - Imposes a penalty to the logistic model for building
o Logistic . . .
Classi cation . an improved model with a subset of variables
Regression

be further discussed in Section 2.1.5 and Section 2.1.6 respectively. And the roles of

high-dimensional data analysis techniques are typically three-fold. First, they help

to generate better predictive models. Among the large number of attributes in a

high-dimensional dataset, many of them could be redundant or non-informative such

that their inclusion could have a negative impact on the performance of machine

learning models. One such example is that linear models which regularization, such

as lasso and elastic net, conduct bias-variance trade-o to nd an optimal subset of
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attributes that leads to the best model performance. Second, they help to improve the
interpretability/comprehensibility of high-dimensional data. In contrast to datasets

in a 2-D or 3-D space, how data is distributed in a higher-dimensional space is less
intuitive and sometimes extremely obscure. Through identifying a lower-dimensional
embedding of the high-dimensional data and data visualization, the key structures in
the dataset can be more easily comprehended. Third, they help to process data for
more e cient storage and computation. For example, through applying smoothing
splines on a functional dataset that is recorded under high frequency, the dimension-
ality of the dataset can be reduced to orders of magnitude smaller while still keeping
the most salient features in the original data. Other than these three e ects, some ad-
vanced high-dimensional data analysis methods are designed to tackle scenarios that
are infeasible for traditional statistical or machine learning models, such as whpris

much larger thann and the multivariate cases.

2.1.3 Data Reduction

Performing complex analysis and computation on big and high-dimensional datasets
can be impractical or infeasible. In such cases, data reduction can be applied to
obtain a reduced representation of the dataset that is much smaller in volume, yet
still closely maintains the integrity of the original dataset [70]. Applying a reduced
dataset in analysis and computation trades accuracy for speed in response to the need
of obtaining quick approximate answers to queries on massive datasets.

The development of data reduction techniques for science and engineering appli-
cations has gained increasing interest in the community. The motivation behind the
trend is that contemporary scienti ¢ observations, experiments, and simulations are
generating unwieldy amounts of data which are beyond people's capacity to store,
stream, analyze, and archive. In the meantime, these massive datasets almost always

contain redundancies and trivialities. The U.S. Department of Energy (DOE) has
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recently announced ove10 million research funding on data reduction for founda-
tional research to address the challenges of managing and processing the increasingly
massive datasets produced by today's scienti ¢ instruments, facilities, and super-
computers in order to facilitate more e cient analysis. The Funding Opportunity
Announcement (FOA) highlights the need for general paradigms and approaches with
mathematical rigor to shrink the massive datasets by removing trivial or repetitive
information while preserving the crucial scienti ¢ information that can lead to discov-
ery. The FOA also identi es the following four Priority Research Directions (PRDs):
(1) e ective algorithms and tools that can be trusted by scientists for accuracy and
e ciency, (2) progressive reduction algorithms that enable data to be prioritized for
e cient streaming, (3) algorithms which can preserve information in features and
guantities of interest with quanti ed uncertainty, and (4) mapping techniques to new
architectures and use cases.

As shown in Figure 2.5, data reduction strategies mainly include three broad cat-
egories: dimensionality reduction, numerosity reduction, and data compression. Di-
mensionality reduction techniques reduce the number of attributes/featurgs under
consideration. Some dimensionality reduction methods, such as principal components
analysis and wavelet transform, aim to transform or project the original data onto
a lower-dimensional space. Other methods such as attribute subset selection detect
and remove non-informative, irrelevant, and redundant attributes from the full fea-
ture set. Numerosity reduction, on the other hand, reduces the number of data points
n in the original dataset. Numerosity reduction can be classi ed as either parametric
or nonparametric. For parametric methods, the data is represented by a paramet-
ric model which consists of model form and model parameters. After the modeling
process, only the model parameters are stored instead of the actual dataset, thus

reducing the size of the data. Some examples of parametric data reduction methods

1From the website of U.S. DOE O ce of Science, \Data Reduction for Science, Funding Oppor-
tunity Announcement”, Date retrieved: Feb 09, 2022.
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include regression models, log-linear models, and graphical models. For nonparamet-
ric methods, the data reduction process does not assume a speci ¢ parametric model
for the data. Therefore, nonparametric methods are overall more exible yet more
challenging. Some typical examples of nonparametric data reduction methods include
histogram, clustering, sampling, and data cube aggregation. Data compression is the
third category of methods which rst transforms the original data into a compressed
representation, then reconstructs the data in a later recovery process. Data compres-
sion belongs to either lossless or lossy, depending on whether the original data can be
reconstructed from the compressed representation without any information loss. In
general, the computational time of a data reduction process should not outweigh the

amount of time saved by analyzing the reduced dataset.

2.1.4 Clustering

Clustering is one of the most fundamental tasks in machine learning and data mining,
and one of the most important unsupervised methods. It is the process of grouping
a set of objects into multiple clusters so that objects within the same cluster are
highly similar, but are dissimilar to objects in other di erent clusters [70]. Because
understanding the similarities and di erences between objects is one of human's fun-
damental desires, clustering nds its applications in a broad range of disciplines from
computer science, biology, to business and social sciences. Most often, clustering is
utilized to (1) gain insights into the structure/distribution of data, (2) serve as a
pre-processing step for other tasks, (3) conduct data segmentation, and (4) detect

outliers. A standard clustering process involves the following steps/decisions:

1. Feature extraction and selectioninclude only the most representative features
to represent an object
2. Distance measure selectionchoose a meaningful distance function to measure

the dissimilarity between objects
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3. Clustering algorithm design/selection design or select the most appropriate

clustering algorithm(s) based on the actual problem and needs

4. Result evaluation use evaluation criteria to assess and compare the clustering

results and judge the validity of the task
5. Result visualization and interpretation explain and communicate the result

The step one, feature selection, will be discussed in details in Section 2.1.6. Se-
lection of a distance measure is the basis of any clustering task because clustering
is about grouping similar objects. A distance measure quanti es the dissimilarity
between two objects. In addition, a measure for similarity quanti es the extent of
similarity between two objects. Therefore, to be used by a clustering algorithm,
in most cases a similarity measure needs to be converted into a distance measure
rst. Denote the distance between two vectors<;y 2 R" asd(x;y), a valid d(x;y)
should follow the properties of symmetry d(x;y) = d(y;x)) and the identity of in-
discernibles @(x;y) $ x = y). A distance measure is called a metric if it further
satis es the triangle inequality d(x;y) d(x;z)+ d(z;y) for any z 2 R". Table 2.4
summarizes some typical distance measures used in clustering and other applications.
Some distance measures in Table 2.4, such as the cosine distance, are derived from
similarity measures. Overall, distance measures in Table 2.4 can be classied as
measures for either numeric attributes or categorical attributes. Among the numeric
ones, Euclidean distance (Minkowski distance whem = 2) is the most commonly
used distance in clustering. Distance measures for categorical attributes cover binary,
nominal, and ordinal attributes. A combined distance is also provided when there
exists a mixture of di erent attribute types.

There are numerous clustering algorithms in the literature. Table 2.5 summarizes
the 8 main categories of traditional clustering algorithms and presents 19 example al-

gorithms. Among the 8 categories of clustering algorithms, the four most commonly
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Table 2.4: Some typical distance measures used in and beyond clustering

Attribute Distance .
Type Measure Formula d(x;y) Notes
|, Connections:
Minkowski X . Manhattan distance whenp = 1
Distance Xi il Euclidean distance whenp = 2
=1 Chebyshev distance whemp ! 1
. Depends on the angle between vectors
Cosine Xy - ) )
. ) Commonly used in information retrieval
Numeric Distance kx kky k
Has advantage for sparse vectors
Pearson cov is the covariance
. cov(x; 3 .
Correlation 1 M is the standard deviation
Distance Xy Based on linear correlation
1 q S is the nonsingular covariance matrix
Mahalanobis 1 : ) )
. X TS (x ) | Standardized Euclidean distance when
Distance x ) y .
S is diagonal
M_atchlng O -diagonal numbers
Distance 0
Binary (I\/Isgt@r:?r.n) Obtained from confusion matrix
) 9 O -diagonal numbers
Distance G h
(Asymm.) p negative matches
Nominal Ratio of p m m is the number of matches
Mismatches p p is the total number of attributes
M is the number of possible states
. Data rie 1 .
Ordinal . rig 2f1;:::;M¢gis the correspond rank
Ranking M: 1 .
_ Then use any numeric distance measure
. F ) 4(f i i i
_ Combined ?: S )di(j ) pis thg number of mixed type attributes
Mixed-type ; All attributes scaled to the interval [0, 1]
Distance p (f) .
f=1 i See below for explanations (from [70])
Between objectsi and j, the indicator iﬁ” =0 if either (1) x; or xj; is missing, or
Xi = X =0 and attribute f is asymmetric binary, otherwise i(jf) =1.
di(jf) is computed dependent on its attribute type:
If f is numeric: di(jf) = Xt X j:(mﬁx Xhf mhin Xht )
If f is nominal or binary: di(j” =0if xi = Xxj ; otherwise, di(jf) =1
If f is ordinal: compute the ranksri and (ry 1)=(M; 1), and treat zz as numeric.

used in science and engineering applications are partitioning, hierarchical, density-
based, and model-based. Partitioning methods typically partitions all data points
into k mutually exclusive clusters, where the number of clusteksis a pre-determined
parameter. They nd clustering structures that minimize a speci c error criterion,
such as the Sum of Squared Error (SSE), and work well with isolated and compact
clusters [92]. Finding a global optimal solution of a partitioning method normally

requires exhaustively enumerating all possibilities and is NP-hard. Therefore, heuris-
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tics are usually used to nd an approximate (locally optimal) solution in a more
e cient way. Hierarchical methods, as indicated by the name, construct a hierar-
chical relationship among data points in the clustering process, in either a top-down
(divisive) or bottom-up (agglomerative) fashion. The hierarchical structure, which
can be visualized by a dendrogram, is a knowledge discovery process and can uncover
the intrinsic structures in the dataset. Hierarchical methods have the exibility to
accommodate di erent objective functions, generate partitions at di erent levels of
granularity, and cluster datasets with arbitrary shape. However, most hierarchical
clustering methods do not scale well on large datasets (with very few exceptions such
as BIRCH [78]) and do not have back-tracking capability. Density-based methods
are based on a fundamental idea that data points in a high density region can be
considered a cluster. Density-based methods can discover clusters of arbitrary shape
and are in general e cient for large datasets. Some density-based methods (such
as DBSCAN [81]) can also be utilized in anomaly detection to nd outliers in the
dataset. Model-based methods attempt to t the data using a mathematical model.
One typical model-based clustering method is the Gaussian Mixture Model (GMM),
where each component in the mixture model can be regarded as a cluster. Other
examples also involve the use of decision trees and neural networks. An advantage
of model-based methods is the capability of characterizing each data cluster more
adequately. Recently, some modern clustering algorithms have started to integrate
elements such as kernel, ensemble, swarm intelligence, and quantum theory to deal
with datasets that are larger, higher-dimensional, and more complex in structure [93].
It is challenging to evaluate whether a clustering is good or not because there is
no universal criteria for a good clustering [92]. Most evaluation criteria in the litera-
ture belong to two categories: internal and external quality criteria. Internal quality
criteria use only the input data to measure the compactness of a clustering, such as

intra-cluster homogeneity, inter-cluster separability, or a combination of both. Some
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examples of internal quality criteria include the SSE, scatter matrix criteria, Con-
dorcet criterion, etc. External quality criteria rely on some pre-de ned classi cation
information. Some examples include mutual information-based measures, precision-
recall, Rand index, etc. Another challenge in clustering is to determine the number
of clustersk, which may signi cantly a ect the performance of clustering. In some
circumstances,k is chosen based on contextual knowledge of the problem. When
such information is unavailable, certain metrics, such as intra-cluster scatter, inter-
cluster scatter, or both, are calculated over a range &fvalues to determine whichk

is preferable. Last but not least, selection of an appropriate clustering algorithm is
vital to the success of the project. Overall, di erent clustering algorithms have their
own advantages and disadvantages. Selecting a clustering algorithm should combine
the analysis of the problem, characteristics of the dataset, and systematic comparison
of clustering algorithms. From the problem requirement one can determine whether
there is a desired number of clusterk and the required type and/or interpretabil-

ity in the output. The dataset contains information such as the size, dimensionality,
type (numerical, categorical), and potential shape of clusters (convex, arbitrary). The
clustering algorithms should be compared by scalability, initialization, hyperparame-
ters, capability to handle high-dimensional data, capability to handle noisy data and

outliers, and capability to handle arbitrary cluster shapes.

2.1.5 Dimensionality reduction

As discussed in Section 2.1.2, today's real-world datasets are usually high-dimensional
in nature. To more adequately handle such datasets, dimensionality reduction is an
indispensable step to explore the structure in data, extract meaningful features, de-
noise or compress data, visualize data, and more. Dimensionality reduction aims to
transform high-dimensional data into a lower dimensional representation while pre-

serving the intrinsic properties of the data. A key assumption in this process is that
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there exists a low-dimensional structure of the high-dimensional data without losing
much information (e.g., high-dimensional pairwise distances). Formally, assume that
the datasetX 2 R" ¢ is represented as am  d matrix where n is the number of
observations andd is the dimension, dimensionality reduction transforms< into a
lower dimensional data matrixY 2 R" kK wherek <d, and oftenk  d. Dimension-
ality reduction techniques can be categorized in di erent ways [94, 95]. Depending on
whether the reduced dimensions are linear combinations or nonlinear transformations
of the original dimensions, di erent techniques can be classi ed into linear dimension-
ality reduction and nonlinear nonlinear dimensionality reduction. The techniques can
also be classi ed into supervised or unsupervised according to whether they involve
labeled data. Based on whether a technique considers only neighborhood relationship
or all pairwise distances, it can belong to local or global dimensionality reduction.
And there are also parametric vs. nonparametric techniques, convex vs. noncon-
vex techniques, full spectral vs. sparse spectral techniques, etc. The discussions in
this section main focus on the angles of linear vs. nonlinear and unsupervised vs.
supervised dimensionality reduction.
Linear dimensionality reduction methods produce a low-dimensional linear map-
ping of high-dimensional data. As a cornerstone of analyzing high-dimensional data,
they have simple geometric interpretations, good computational properties, and prop-
erties to capture features of interest such as correlation, covariance, and input-output
relationships [96]. A linear dimensionality reduction method can be viewed as solving
the following optimization problem:
min fyx (M)
. (2.2)
stt. M2M

wheref x () denotes some objective feature of interest to be captured, and the matrix

manifold M encodes certain aspects of a linear transformatidi 2 RY ¥ such that
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Y = XM . For example, the Principal Component Analysis (PCA) maximizes the
data variance captured by the low-dimensional projection through minimizing the

reconstruction error in the Frobenious norm:
fx(M)= kX XMM Tk2 (2.3)

subject to the orthogonality constraintM = fM : MTM = | g. Essentially, a linear
dimensionality reduction problem is an optimization problem over a matrix manifold
constraint. Nonlinear dimensionality reduction (also called manifold learning) meth-
ods aim to address the limitations of traditional linear methods in handling complex
nonlinear data. Nonlinear dimensionality reduction methods may have an advantage
over linear methods on real-world datasets which are likely to have highly nonlinear
manifold. Some elements employed by nonlinear dimensionality reduction methods
include kernel methods, graphs which represent the manifold topology, alternative
metrics such as the geodesic distance, and new optimization schemes based on spec-
tral decomposition [97].

Another angle to compare between di erent dimensionality reduction methods is
the learning type, i.e., whether the method is unsupervised or supervised. The major-
ity of the popular dimensionality reduction methods in the literature are unsupervised
which act on only the (input) data matrix. The unsupervised methods are powerful
tools that nd applications in a large variety of problems. However, when label in-
formation is available, it might be of interest to incorporate such information in the
dimensionality reduction process. Supervised dimensionality reduction methods can
take advantage of the information in the responses (outputs) when identifying the
low-dimensional subspace. Through learning the low-dimensional representation and
predictive model simultaneously, new embeddings of data produced by supervised di-
mensionality reduction methods encode label information which is bene cial for both

visualization and the subsequent prediction task such as classi cation or regression.
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Table 2.6: Matrix of some typical dimensionality reduction methods

Unsupervised Supervised
Principal component analysis Linear discriminant analysis
(PCA) [98] (LDA) [99]
Singular value decomposition Canonical correlation analysis
(SVD) [100] (CCA) [101]
Independent component analysis Partial least squares
Linear (ICA) [102] (PLS) [103]
Locality preserving projections Least-squares PCA
(LPP) [104] (LSPCA) [105]
Latent semantic indexing Supervised probabilistic PCA
(LSI) [106] (SPPCA) [107]
Multidimensional scaling Learning vector quantization
(MDS) [108] (LVQ) [85]
Kernel PCA Supervised ISOMAP
(KPCA) [109] (S-ISOMAP) [110]
Isometric mapping Supervised laplacian eigenmaps
(ISOMAP) [111] (S-LE) [112]
Nonlinear Locally linear embedding Kernel partial least squares
(LLE) [113] (KPLS) [114]
Local tangent space alignment
(LTSA) [115]
T-distributed stochastic neighbor
embedding (t-SNE) [116]

Table 2.6 summarizes some typical dimensionality reduction methods organized by the
two categorization angles discussed above. Most algorithms in Table 2.6 have connec-
tions to each other. Overall, the objectives of the common dimensionality reduction
methods fall into one of the following: variance preservation, neighborhood preser-
vation, manifold learning, manifold extraction, and prediction accuracy [94]. For
detailed introduction of the fundamental ideas behind these algorithms, the reader
can refer to relevant references. Other valuable comparative studies on dimension-
ality reduction methods include their common issues and challenges (sensitivity to
outliers, computational cost, etc.) and application areas (image recognition, text

classi cation, visualization, etc.).

2.1.6 Feature Selection

Feature selection (or variable selection, model selection, among many other names) is

an important and interesting research area in the analysis of big and high-dimensional
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datasets. Itis a process of selecting a subset of the original features that are most rep-
resentative in retaining the optimal salient characteristics of the observed data [117,
118]. This translates to the removal of irrelevant and redundant features from data. In
contrast to feature extraction which projects high-dimensional data onto a newly con-
structed low-dimensional feature space (linear or nonlinear), feature selection keeps a
subset of the original features which is better in readability and interpretability. The
superiority of feature selection is three-fold [119]: (1) to improve the performance
of predictive models, (2) to save computational resources through reducing the di-
mensionality of the data, and (3) to enhance the interpretability/comprehensibility
of the results. In general, feature selection methods fall into three categories: lter
methods, wrapper methods, and embedded methods [120, 121, 122]. Filter methods
rely on the intrinsic properties of the data to Iter out less informative ones without
involving any machine learning algorithms. Wrapper methods select feature subsets
using a predetermined learning algorithm and its performance on certain evaluation
criteria. Embedded methods perform feature selection in the model training process.
Wrapper and embedded methods tend to nd a subset of features which has superior
performance on a particular learning algorithm, but lack generality and are typically
computationally expensive. Another distinction among feature selection methods is
that between supervised and unsupervised feature selection, depending on whether
labeled data is used to select features. Di erent feature selection methods can also
generate di erent types of outputs { mainly feature ranking (weighting) and opti-
mal subset. Evaluation measure (for either feature similarity or model performance)
plays a signi cant role in feature selection. In most cases, the performance of a feature
selection method is evaluated by the e cacy of machine learning models.
Unsupervised feature selection methods could be either Iter method or wrap-
per method. In the literature, unsupervised lter methods can be divided into two

broad groups: statistical/information based methods, and spectral/sparse learning
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based methods [120]. The former performs feature selection using statistical and/or
information theory measures such as variance-covariance, linear correlation, entropy,
mutual information, etc.; the latter includes methods based on spectral analysis or a
combination of spectral analysis and spectral learning. Among the existing statisti-
cal/information based methods in the literature, the two most representative and rele-
vant works are Feature Selection using Feature Similarity (FSFS) [118] and Relevance
Redundancy Feature Selection (RRFS) [123]. FSFS introduced a statistical measure
of dependency/similarity called Maximal Information Compression Index (MICI),
which is used by a feature clustering step to reduce feature redundancy. RRFS rst
sorts features according to a relevance measure and then follows the order to evaluate
features using a feature similarity measure. On the other hand, the spectral/sparse
learning based methods seek a trade-0 between some goodness-of- t measure and the
sparsity. Some representative works in this group include Multi-Cluster Feature Se-
lection (MCFS) [124], Unsupervised Discriminative Feature Selection (UDFS) [125],
and Nonnegative Discriminative Feature Selection (NDFS) [121]. The spectral/sparse
learning methods better prepare for and have superior performances in tasks like clas-
si cation and clustering [120], yet could also make assumptions on the structure of
data. Another important aspect of related algorithms is the scalability, which is
vital for datasets in very high dimensions. In general, lter methods are compu-
tationally most e cient and therefore attractive for high-dimensional data as well.
Unsupervised wrapper methods select feature subsets via the results of a particular
clustering algorithm. The corresponding feature selection result can lead to better
performance of the clustering algorithm, yet the process is computationally expensive,
and the resulting feature subset cannot generalize beyond the clustering algorithm.
Depending on the feature search strategy, unsupervised wrapper methods can be cat-
egorized into three groups: sequential methods, iterative methods, and bio-inspired

methods. Sequential methods add or remove features sequentially. One of the most
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representative sequential methods is the Feature Subset Selection using Expectation-
Maximization (FSSEM) clustering [126]. Iterative methods formulates unsupervised
feature selection as an estimation problem which avoids combinatorial search. Some
representative iterative methods include using expectation-maximization (EM) algo-
rithm to estimate the feature saliencies [127] and Embedded Unsupervised Feature
Selection (EUFS) [128]. The last category of unsupervised wrapper methods, bio-
inspired methods, aim to escape from local optimal through incorporating random-
ness in the search process. One such example is the Evolutionary Local Selection
Algorithm (ELSA) [129].

Supervised feature selection methods utilize information from the responses and
are often associated with a classi cation or regression problem. Essentially, super-
vised methods rely on the relevance/correlation between features and responses to
select signi cant features [130]. Under the supervised framework, all three cate-
gories of feature selection methods exist. Supervised Iter methods use evaluation
measures for feature relevance, redundancy, and diversity, and apply them between
features (inputs) and between features and responses (outputs) to evaluate feature
importance. Some methods perform relevance (feature-response) and redundancy
(feature-feature) analysis which consists of two optimization problems: maximize rel-
evance and minimize redundancy. A criterion called minimal-redundancy-maximal-
relevance (MRMR) [117] combines the maximal relevance criterion and the minimal
redundancy criterion such that the two criteria can be optimized simultaneously. In-
formation theory-based metrics such as mutual information and conditional mutual
information can be used to measure relevance and redundancy. A study [131] suggests
that the original feature set can be divided into four disjoint groups: (1) completely
irrelevant features, (2) redundant and weakly relevant features, (3) non-redundant
and weakly relevant features, and (4) strongly relevant features, and that an optimal

subset should contain features from groups (3) and (4). Other Iter methods perform
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relevance and diversity analysis which maximizes both relevance and diversity among
features. Although smaller redundancy among features in general implies greater
diversity, the redundancy measure is di erent from the diversity measure. Methods
which maximize diversity include clustering-based feature selection methods such as
sparse clustering [132], FAST [133], and the Max-Relevance-Max-Distance (MRMD)
feature ranking method [134]. Supervised wrapper methods use the performance of a
predictive model (e.g., classi cation error, MSE) to evaluate a speci c set of features.
A typical wrapper method conducts feature selection via two steps: (1) searches for
a subset of the original features, and (2) evaluates the feature subset using a speci c
learning algorithm, and repeat. Compared to the lter methods, the wrapper meth-
ods in general lead to better machine learning models, yet also lack generalization
capability and have high computational cost. One representative supervised wrap-
per method is the Support Vector Machine based on Recursive Feature Elimination
(SVM-RFE) [135] which uses SVM to evaluate and select features for yielding bet-
ter classi cation performance. Supervised embedded methods are based on learning
algorithms which can perform feature selection during the learning process. This
category of methods is a trade-o that attempts to integrate the merits of both I-

ter and wrapper methods. Some representative examples of supervised embedded
methods include regularization methods such as LASSO [136] dreSVM [137], and
tree-based methods such as Classi cation and Regression Tree (CART).

Readers that are interested in diving deeper into the methodologies of feature se-
lection can refer to a recent comprehensive survey paper [138]. The paper summarizes
the recent advances in feature selection methods and reviews representative methods
from a novel data perspective { for conventional data, streaming data, structured
data, and heterogeneous data. Some open problems and challenges in the eld of fea-
ture selection include creating methods for better scalability, stability, and selecting

the optimal number of features (model selection).
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2.2 Topics on Air Transportation System Analysis

The analysis of air transportation system covers many di erent aspects. Recent re-
search e orts are organized around areas such as air tra ¢ control, environmental im-
pact modeling, airline operations, airport operations, safety analysis, air transporta-
tion networks, transportation economics and operations analysis, etc. This section
mainly introduces two aspects that are highly relevant to the use cases of this dis-
sertation research: aviation environmental impact analysis and aircraft performance
models. Some challenging problems from these two areas are the motivations for
methodology development. Section 2.2.1 covers details and trends for aviation emis-
sions and noise, mitigation strategies, and current analysis capabilities. Section 2.2.2
covers the two families of aircraft performance models that are commonly used in rel-
evant analyses: Aircraft Noise and Performance (ANP) database and Base of Aircraft

Data (BADA) models.

2.2.1 Aviation Environmental Impact Analysis

The rapid growth of global air transportation in the past ve decades has made its
negative environmental impact a major concern internationally. While aircraft opera-
tions around the globe greatly facilitates people's travel and cargo delivery, it produces
emissions and noise that can exacerbate health-harming air pollution and undermine
certain population's mental well-being [139]. Consequently, the environmental im-
pacts of aviation are identi ed by some entities as the most signi cant adverse impact
of aviation [140]. Going forward, the aviation industry must keep developing to meet
the needs of a growing economy but simultaneously be environmentally sustainable,
operating harmoniously within the constraints imposed by requisites such as good
air quality, limited noise impacts, and livable climate. The three primary aspects of

aviation's impacts on the environment are local air quality impacts, climate change
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impacts, and community noise impacts [141].

Aviation Emissions

Aircraft, ground vehicles, Ground Support Equipment (GSE), and other station-
ary sources at the airport create emissions as a result of the combustion of fuel.
Aircraft engines mainly produce carbon dioxide (C&), which comprises around 70%
of the exhaust, and water vapor (HO), which comprises around 30% of the exhaust.
Less than 1% of the emissions is composed of nitrogen oxides (NGulfur oxides
(SOy), carbon monoxide (CO), partially combusted or unburned hydrocarbons (HC),
particulate matter (PM), other trace compounds, soot and sulfate aerosols, and in-
creased cloudiness due to contrail formation [141, 142]. These emissions undergo
complex interactions among themselves and with the changing background atmo-
sphere [143]. Figure 2.6 displays a schematic overview of aviation emissions' impacts
to the change of climate system. Net positive radiative forcing (warming) contribu-
tions arise from CQ, H,0O, NOy, soot emissions, and from contrail cirrus (consisting
of linear contrails and the cirrus cloudiness arising from them). Negative radiative
forcing (cooling) contributions arise from sulfate aerosol production [142]. A summary
of aviation emissions, their sources and impacts is provided in Table 2.7. Around 10%
of aircraft pollutant emissions are emitted near the surface of earth (below 3,000 ft
above ground level) while the remaining 90% are emitted at altitudes above 3,000
ft, primarily at cruise altitudes within the Upper Troposphere and the Lower Strato-
sphere (UTLS).

A useful metric for comparing greenhouse gas emissions among di erent trans-
portation modes is the energy intensity { the amount of energy consumed to transport
one passenger one mile [141]. Figure 2.7 shows a comparison of vehicle fuel e ciency

among ve common transportation mode% As of 2018, commuter rail has the low-

2Data from the website of Oak Ridge National Laboratory (ORNL) Transportation Energy Data
Book: Edition 39
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Figure 2.6: Schematic overview of the processes by which aviation emissions and
increased cirrus cloudiness a ect the climate system. These contributions involve a
large number of chemical, microphysical, transport, and radiative processes in the
global atmosphere (from [142])

est energy use per passenger mile among primary transportation modes at 1,603
BTU/passenger miles and transit buses the highest at 4,560 BTU/passenger miles.
Aircraft is the second most energy e cient mode at 2,408 BTU/passenger miles fol-
lowed by car and light truck. Nevertheless, aircraft stands out among transportation
modes in terms of improvement in fuel e ciency over the past three decades. Between
1988 and 2018, aircraft energy intensity fell from 4,861 BTU/passenger miles to 2,408
BTU/passenger miles, for an 50.5% improvement. The fuel e ciency improvement
for car and light truck are 29.6% and 26.7%, respectively. While the energy intensity

for commuter rail has maintained the same level over the years, it is being approached
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Table 2.7: Aviation emissions: sources and impacts

Emission Sources

Impacts

EmISSION ~Engine [ APU | GSE | Stationary

Vehicles

Local Air

Climate Change

CO;

H>0O

NOy

HC

CHy4

CoO

SO

PM

by aircraft as the most energy e cient transportation mode based on the amount of

energy consumed per passenger mile. Technology advancements in aircraft design

and manufacturing, engine technologies, alternative fuels, control and operations are

expected to keep reducing aircraft fuel consumption and emissions on a per ight

basis in the near future.

Figure 2.7. Comparison of vehicle energy intensity (Source: ORNL)

While air transportation has become more fuel e cient, the overall emissions from

aviation has risen due to the rapidly increasing volume of air travel. Statistics reveal
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that the annually averaged growth rate in global aviation CQ emissions was 2.2%
per year over the period 1970 to 2012 and 5% per year for 2013 to 2018. In 2018,
global aviation CO, emissions exceeded 1000 million tonnes per year for the rst
time, which accounts for approximately 2.4% of all anthropogenic emissions of €O
(including land use change) [142]. These observations indicate that aviation emissions

remains a challenging issue towards a more sustainable future of aviation.

Aviation Noise

Aircraft noise pollution refers to \unwanted sound" produced by aircraft or its
components in ight. It can cause community annoyance, disrupt sleep, adversely
a ect academic performance of children, and could increase the risk for cardiovascular
disease of people living in the vicinity of airports [144]. In general, aircraft noise is
produced by three main sources. Engine noise is the main source of aircraft noise. For
propeller aircraft and helicopter, engine noise includes both aerodynamically induced
noise from the propeller and mechanically induced noise from other moving parts
of the engine. For jet aircraft, engine noise is dominated by jet noise from the gas
turbine engines, which is responsible for much of the aircraft noise during takeo and
climb. Jet noise is caused by the high speed ow leaving the exhaust of the engine
which is highly unstable and turbulent. New technologies that help reduce engine
noise include high bypass ratio engine, geared turbofan engine, Chevrons on the
trailing edge of engine nozzles, and over-wing nacelles for Hybrid Wing Body (HWB)
aircraft. Aerodynamic noise is the second source of aircraft noise. Aerodynamic noise
arises from air ow around the aircraft fuselage and control surfaces and increases
with aircraft speed and air density. Supersonic aircraft, such as ghter jets, often
creates intense aerodynamic noise called sonic boom due to the formation of shock
waves during supersonic ight. Aerodynamic noise can sometimes be mitigated by

designing the shape of airframe. The third source of aircraft noise is the aircraft
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