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SUMMARY

Many aviation forecasts agree that global passenger demawdl continue to
increase steadily over the next few decades. The increasitigculty of balancing
environmental impacts with these operations is a major obestle to the sustainable
growth of the aviation industry. These environmental impats include, but are
not limited to, community noise exposure, local air qualityaround the airport
terminal-area, and climate e ects. Organizational bodiesuch as the Joint Planning
and Development O ce (JPDO) in the United States and the Intemational Air
Transport Association (IATA) have stressed the importance ohew aircraft-level
technologies as the enabler for sustainable growth, but deled eet-level models
like the Aviation Environmental Design Tool (AEDT) feature camplicated setups
and prohibitively long run times for enumerating multiple £chnology scenarios. The
goal of this thesis was to develop a framework for modelinglegant environmental
performance metrics and objectively simulating the futureenvironmental impacts
of aviation given the evolution of the eet, the developmentof new technologies,
and the expansion of airports. The research focuses on howewaluate eet-level
impacts of vehicle-level technologies with enough comptitznal speed to enable
scenario analysis. By exchanging delity for computationaspeed, a screening-level
framework for assessing aviation's environmental impactan be developed to observe
new insights on eet-level trends and inform environmentamitigation strategies.

This was accomplished by developing per class average \getwehicle" models
that can reduce the eet to a few representative aircraft moels for predicting eet
results with reasonable accuracy. The method for GeneragjrEmissions and Noise,

Evaluating Residuals and using Inverse method for Choosirige best Alternatives

Xiii



(GENERICA) expands a previous generic vehicle formulation tadditionally match
DNL contours across a subset of airports. Discriminant anadis was leveraged to
assign aircraft to groups that reduced the variance per clesDesigns of experiments,
surrogate models, Monte Carlo simulations, and \desirality" scores were combined
to set the vehicle design parameters and reduce the mean tigda error across the
subset of airports. Results show these vehicle models mox@rately represented
contours at busy airports operating a wide variety of aircrth as compared to
a traditional representative-in-class approach. Additioally, a rapid method for
assessing population exposure counts was developed anaiporated into the noise
tool, and the generic vehicles demonstrated accuracy witlespect to population
exposure counts for the actual eet in the baseline year.

To demonstrate the capabilities enabled by these generidweles, a few technology
scenarios and replacement schedules were de ned. The genarehicles were
used as virtual test-beds for quantifying aircraft-level prformance improvements.
Existing system-wide eet performance tools were integratl to simultaneously assess
savings in fuel burn and noise contours for each technologgesario relative to
a Business-as-Usual scenario. The technology scenarios destrated signi cant
improvements in fuel e ciency and reductions in populationexposure over time, with
the replacement schedule for the single aisle vehicles gray most critical for each.
Finally, the rapid noise tool was leveraged to explore plagents of new runways at ten
capacity constrained airports. Contour areas and populan exposure counts from
a continuous space of possible new runway locations were leaged for 2030 ight
schedules at these airports. The con gurations for minimajontour area proved quite
di erent than con gurations for minimal population exposure. Fleet-level integration
of the best runways showed additional reductions in popul@n exposure counts for

each technology scenario despite increases in contour atea

Xiv



CHAPTER |

INTRODUCTION

Despite powerful market shocks the aviation sector has reded robust growth in
recent history, and experts from industry and government e expect this trend
to continue in the coming years. The Boeing Company recentlaised its 20-year
forecast for commercial jet demand by 3.8% due to market irghtors which show
that \air tra ¢ outstrips global economic growth" and that \ passenger tra c has
been very resilient,” thus requiring an increase in produn of vehicles to replace
an aging eet [1]. Airlines have also demonstrated their comlence in the industry
over the long term, as indicated by the large number of purclsas announced at the
2013 Paris Air Show, including \signed orders and purchaseromitments... for 466
planes" from Airbus and a \tally of 442 planes" for Boeing [2]. Between Boeing
and Airbus there are now 24 planes rolling o assembly lines paeek; the number
stood at 11 a decade ago [3]. That rate of growth is expected ¢ontinue climbing
as airlines move to replace older \gas-guzzling" aircrafnithe wake of higher fuel
costs. Moreover, the FAA predicts that passenger enplanentsmwill increase 92.3%
by 2040, or approximately 2.3% annually [4]. All of these preg¢tions, however, are
demand-based forecasts that assume national and interratial air transportation
systems will be able to support the increasing size of the tand a corresponding
increase in the volume of ights.

While airport capacity limits and air tra c decon iction ar e important issues
that must be resolved to accommodate this future demand, tBe are not the only
constraints on the sustainable growth of the aviation indusy. In fact, a Government

Accounting O ce survey of the 50 busiest airports in the year 200 revealed that the



increasing di culty of balancing environmental concerns wh airport operations was
one of the primary obstacles to completing new runway proje; which is in turn the
most e ective method for increasing airport capacity [5]. il fact, the Joint Planning
and Development O ce's (JPDO) 2007 Concept of Operations prjected that based
on current operational trends, environmental impacts wilbe the primary constraint
on the capacity and exibility of the Next Generation Air Transportation System
(NextGen) unless these impacts are managed and mitigated. &Hatter document

suggests the following strategies for mitigating environemtal impacts:

\New technology, procedures, and policies in NextGen minimeézimpacts
on community noise and local air quality and mitigate water gality
impacts, energy use, and climate eects. NextGen environmih
compatibility is achieved through a combination of improveents
in aircraft design, aircraft performance and operational necedures,
land use around airports, and policies and incentives to aaerate
technology introduction into the eet. Intelligent ight p lanning and
improved ight management capabilities enable the optimiation of route
selection, landing, and approach procedures based on a rangf data
including noise, emissions, and fuel burn, thus enhancingna ability
to reduce environmental e ects on the ground and in the airgze.
Reinvigorated R&D and re ned technology implementation stategies
balancing near-term technology development and maturity eeds with
long-term cutting-edge research help aircraft keep pace tlvichanging

environmental requirements [6]."

The Concept of Operations assumes that technologies foadisen improving
aircraft performance with respect to noise, fuel burn, and naéissions will be

developed and integrated into the eet at a rate that, combied with more e cient



ight management, will mitigate increasing demand on the awation infrastructure.
Policymakers would then be able to enact more aggressive ukgdions to ensure
reductions in community noise, climate e ects, and emissis that a ect local air and
water quality are achieved. Enacting these aggressive réafions would also serve to
alleviate community concerns about land use and runway ddegpment, which would
in turn allow airports and the air transportation system to ncrease its capacity.
While the Concept of Operations is an initiative by the United States, the
international community has come to similar conclusions ogerning the necessary
methods for achieving reductions in environmental impactsf aviation. An example
of this conclusion is represented in the International Air Tansport Association

(IATA) schematic roadmap for CO, emission reduction displayed in Figure 1 [7].

. , . No action
Aircraft technology, operations and infrastructure measues

Biofuels and radically new technologies

Economic measures ~+— Technology
== Emissions assuming no action = Operations
o | Carbon-neutral growth 2020 < Infrastructure
S | == Gross emissions trajector T -
8 Biofuels and
£ :
radical tech
& CNG 2020
@)

-50% by 2050
(Not to scale)

20052010 2020 2030 2040 2050

Figure 1: IATA Schematic CO , Emissions Reduction Roadmap [7]

This schematic re ects IATA's four-pillar strategy to help achieve the aviation

industry's ambitious emission reduction goals. The four fpars are as follows:

Investment in new technology (more e cient airframe, engies and equipment,

sustainable biofuels, new energy sources)



E cient operations (drive for maximum e ciency and minimum weight)

E ective infrastructure (improve air routes, air tra ¢ man agement and airport

procedures)

Positive economic measures (carbon o sets, global emissarading)

Both of these entities agree that new technologies are the st®igni cant enabler
of sustainable growth for the aviation industry. However, toproperly assess the
capability of a future eet of aircraft to achieve certain gals and thresholds of
environmental impact, a framework must be developed that caobjectively analyze
the impact of technologies and the in uence of evolving aigat infrastructures.

In an eort to reect on JPDO and IATA's proposals for mitigati ng the
environmental impacts of aviation, Chapter 1 focuses on the areas related to this

problem:
1. Environmental policy-making in the context of aviation

2. Technology development programs designed to protect tlemvironment while

enabling sustained aviation growth

3. Airport development and land use planning to improve capég constraints at

major airports

Exploring each of these areas helps to motivate the objeadiof this research by

providing some context and identifying current limitatiors and capability gaps.

1.1 Environmental Policy

The purpose of environmental policy-making is to developwss and regulations that
allow for sustainable growth of the industry while simultaeously protecting the health

and well-being of the local, national, or global communityin the area of civil aviation



environmental protection, these regulations set limits oharmful pollutants that are
produced by aircraft, which includes emissions from the cdmastion of hydrocarbons
as well as unwanted and disruptive noise. While each countestablishes its own
laws and regulations through their respective regulatory ddies, civil aviation is
by its nature a global enterprise and requires a global indtive to mitigate the
impacts of increasing aviation demand. For this reason, thenited Nations (UN)
created the International Civil Aviation Organization (ICAO) in 1945 to govern
standards for aviation worldwide. ICAQO's environmental eorts were originally
divided between the Committee on Aircraft Engine Emissionsral the Committee
on Aircraft Noise, but these committees were simultaneouslygerseded in 1983 by
the formation of the Committee on Aviation Environmental Prdection (CAEP).
As of 2013, CAEP consists of 23 member nations and 16 observeepresenting
other nations and organizational bodies that have an intes¢ in its work, such
as the International Coordinating Council of Aerospace Indtries Associations
(ICCAIA), the International Air Transport Association (IATA), a nd the United
Nations Framework Convention on Climate Change (UNFCCC) [8]. ie committee
was established \for the purpose of assisting in the furthetevelopment of Standards,
Recommended Practices and Procedures (SARPs) and/or guidzn material on
aircraft noise and engine emissions” [9]. CAEP meetings takdace every three
years, and in the past have alternated focus between new reistandards and new
emissions standards. At CAEP/6 in 2004, however, participas recognized that
e ective mitigation strategies require a better understading of the interdependencies
between noise and emissions and their overall impacts. Thel to the identi cation

of the following three goals [10]:

1. To limit or reduce the impact of aviation greenhouse gas (85) emissions on

the global climate



2. To limit or reduce the impact of aviation emissions on lot¢air quality

3. To limit or reduce the number of people a ected by signi cat aircraft noise

The latter goals have led to ongoing development of analy#ittools and databases
that can account for these interdependencies and help to de e ective mitigation
strategies that meet these three goals simultaneously. Imé United States, the
FAA O ce of Environment and Energy (AEE) worked with the US Department
of Transportation (USDOT) Volpe National Transportation Sydgems Center (Volpe
Center), the ATAC Corporation, Metron Aviation, and CSSI Inc. to develop the
next generation of airport analysis tool, known as the Aviatin Environmental Design
Tool (AEDT) [11]. AEDT is a software system that is designed to gnamically model
aircraft performance in space and time to compute fuel burremissions, and noise.
Full ight gate-to-gate analyses are possible for study s&s ranging from a single ight
at an airport to scenarios at the regional, national, and glmal levels. AEDT replaces
the traditional public-use aviation environmental tools,such as the Integrated Noise
Model (INM) and the Emissions and Dispersion Modeling SysteifieDMS). AEDT
incorporates procedures and performance calculations trere similar to these legacy
tools, leveraging extensive system databases coveringpaits, airspace, and eet
information that span the global nature of the aviation indstry. The coe cients
in these databases are very speci cally de ned with resped¢b the standards and
algorithms on which AEDT is built. A diagram of the AEDT system gructure with
all of its capabilities is shown in Figure 2 [11].

While CAEP establishes global standards for evaluating thengironmental impact
of each aircraft-engine combination, the responsibility foestablishing laws and
enforcing them still lies with the member nations. In the Unied States, The National
Environmental Policy Act of 1969 (NEPA) requires each Federalgency to disclose

to the interested public a clear, accurate description of pential environmental
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Figure 2: AEDT System Structure [11]

impacts that may result from proposed Federal actions. Addinally, these agencies
must explore reasonable alternatives to those actions andogluce comparisons with
respect to these environmental impacts. Through NEPA, Congse directed federal
agencies to incorporate environmental factors in their ptaning and decision making
processes [12]. The Environmental Protection Agency (EPA) ite primary U.S.
government entity in charge of establishing aircraft and araft engine emissions
standards \for any air pollutant that could reasonably endager public health and
welfare,” as directed by the Clean Air Act (CAA) of 1970 [13]. The BA requires the
EPA to set national ambient air quality standards for the folowing six pollutants:
nitrogen oxides (NQ), sulfur oxides (SQ), carbon monoxide (CO), ozone (©),
particulate matter (PM), and lead (Pb) [14]. When establising aircraft engine
emissions standards, the EPA must consult with the Departnm¢ of Transportation
(DOT) to ensure these regulations align with current and futre aircraft technology
capabilities with appropriate consideration to compliane cost as well as any potential
negative impacts on aircraft safety. Once these standardseaagreed upon, the

DOT delegates responsibility for enforcing these standasdo the Federal Aviation



Administration (FAA). The FAA ensures compliance with these reglations by
reviewing and approving certi cation test plans, procedwss, test reports, and engine
emissions certi cation levels. The EPA aligns its goals wlit certi cation standards
that are developed by ICAO under CAEP [13].

Similarly in 1970, the United States Congress directed issu€oncerning noise
beyond aviation to the Environmental Protection Agency (EPA) Congress charged
the EPA with conducting studies regarding the \e ects of nose on public health
and welfare,” which was achieved through the EPA's O ce of Nois Abatement and
Control (ONAC) [15]. Part of this study concluded that transportation and aviation
noise had negatively impacted the property values of over #illion people, which
led to the establishment of noise emission standards via tlidoise Control Act of
1972 [16]. The document, among other achievements, codi @tk measurements for
the impact of community noise, established through metricgenerally referred to as
equivalent (or equivalency) sound metrics [17]. These areferred to as equivalency
metrics because they \average the intensity [of sound] over given period of time
[18]." Di erent government agencies, however, disagree @it the noise-level threshold
which corresponds to signi cant noise exposure. Additionigl the metrics used for
aircraft and engine certi cation are di erent from those ud to determine population
exposed to signi cant noise.

Determining the interdependencies between noise and enuvss can become
convoluted given the variety of noise metrics and the di engt emissions species from
hydrocarbon combustion. Given the United States' member stas in CAEP, the
EPA and the FAA generally align their goals with that of ICAO. Thus, the metrics
should support the three goals concerning greenhouse gasssions, local air quality,
and signi cant noise exposure. These metrics will be disaed in detail in Chapter

2.



1.2 Technology Development

The challenge of maintaining and improving mobility in the &ce of increasingly
congested airspace while simultaneously addressing aioats environmental
footprint is the main driving force for new technology develpment in aviation. This
has led to strategic aviation technology programs in the Ureéd States, Europe,
and other countries with emerging aeronautics industries. These programs are
often supported by governments and structured in partnergps between industry
and research establishments [7]. In Europe, the Clean Sky J{Joint Technology
Initiative) was born in 2008 and represents a unique PubliPrivate Partnership
between the European Commission and industry. This initiate is made up of six
Integrated Technology Demonstrators (ITDs), including ative wing technologies
and new aircraft con gurations, lightweight and e cient cores, and novel engine
designs, just to name a few [19]. This initiative, combineditth the Single European
Sky ATM Research (SESAR) for developing advances in air-trac management, is
funded under the European Union's Framework Program to meehé goals outlined
by the Advisory Council for Aeronautical Research in Europe (BARE) in their
Strategic Research Agendas [7, 20, 21]. Some of the shortieznvironmental goals
of these agendas, combined with the more long-term goals ded in the Strategic
Research and Innovation Agenda (SRIA), are outlined in the Vien 2020/Flightpath
2050 goal set in Table 1 below [22, 23]:

Table 1: Vision 2020/Flightpath 2050 Environmental Goals

Goals Technology Bene ts Relative to a
Year 2000 Reference Aircraft
Vision 2020 Flightpath 2050
CO;, reduction per passenger km 50% 75%
NO, reduction 80% 90%
EPNL4s noise reduction 50% 65%




In Table 1, EPNL4g stands for E ective Perceived Noise Level in decibels, which
is a metric that takes into account the duration of the signahnd the presence of pure
tones to better approximate the human response to unwantedise [24]. It should be
noted that a 50% reduction in perceived noise is equivalent ta reduction of 10-dB
according to the conventions of a decibel scale and human peption of sound. The
focus of these technology programs is to identify promisirtgchnologies and advance
their maturity levels such that their bene ts can be realize within the time-frame
speci ed [7].

In the United States, aviation technology research goals aestablished by the
National Aeronautics and Space Administration (NASA). NASA de nes ts goals
with respect to current aircraft at generation N, with a 3-tieed goal structure referred
to as N+1, N+2, and N+3 generations. The goals for each of these mgrations are

de ned in Table 2 [25].

Table 2: NASA N+ Goals

Goals N+1 = 2015 N+2 = 2020 N+3 = 2025
Reference Single Aisle Large Twin Single Aisle
Con guration Aisle

Technology Bene ts

Cumulative Noise 32 dB 42 dB 52 dB
LTO NO, emissions 60% 75% 80%
Aircraft Fuel Burn 33% 50% 60%

In Table 2, cumulative noise refers to the sum of EPNJg values at three locations
around the runway that are used for aircraft noise certi caion ( yover, lateral, and
approach) [26]. LTO NQ, refers to NQ, emissions during the Landing-Takeo cycle,
which generally comprises emissions below an air eld eqalent altitude of 3,000

ft, including taxi-in and -out, take-o, climb-out, and approach-landing [27]. The
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N+1 goals are pursued primarily by the FAA's Continuous Lower Eargy Emissions
and Noise (CLEEN) technology program, with support from NASA. TheCLEEN
program is a NextGen e ort to accelerate development and comarcial deployment
of environmentally promising aircraft technologies and stiainable alternative fuels
[28]. Because of the short time-frame, this program tends focus on technologies
that can either be retro tted to existing aircraft in the eet or quickly integrated into
the manufacturing of the next generation of conventional eoguration aircraft. The
N+2 goals are pursued primarily by NASA's Environmentally Respuasible Aviation
(ERA) project. This project explores and documents the fedsiity, bene ts, and
technical risk of vehicle concepts and enabling technolegi to reduce aviation's
impact on the environment [29]. Because of the increasingbggressive goals of
the N+2 generation, ERA tends to focus on more advanced techliogies with
particular emphasis on unconventional aircraft con gurabns such as the hybrid
wing body (HWB) due to promising reductions in fuel burn, emisions, and noise
[30]. The N+3 goals are pursued via NASA's Subsonic Fixed Wing (8% program,
with a focus on low-maturity technologies as well as advartenalysis techniques
[31]. Like their European counterparts, these programs armesigned to advance
the maturity levels of promising technologies. The technofjy advancement goals
for each program are de ned in terms of Technology Readinetgvels (TRLs), a
systematic metric/measurement system that supports assasents of the maturity of
a particular technology and the consistent comparison of raity between di erent
types of technology [32]. The values range from lowest maityrat TRL 1 to highest
maturity at TRL 9, as demonstrated in Figure 3 [33].

The CLEEN program focuses on advancing technologies from TRevels of 3-4,
corresponding to a proof-of-concept or a demonstration inlaboratory environment,
to TRL levels of 6-7, corresponding to a developmental stagand a demonstration

in a relevant environment [28, 32]. The ERA program similayl aims at advancing
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technologies to a systems integration level (TRL level of déast 6), while the SFW
program focuses on achieving lower maturity TRL levels beaen 2-4 with the goal

of infusing these technologies into the eet much further ithe future [34].

These program goals are stated with respect to various redeice vehicles
with vehicle-level metrics. The European goals do not cite apecic vehicle,
instead referring to single aircraft technology bene ts ar year 2000 technology [7].
NASA's N+1 and N+3 goals are referenced against a single-aisle @efnce vehicle,
speci cally a Boeing B737-800 aircraft with CFM56-7B engies, whereas the N+2
goals are referenced against a large twin-aisle referenehicle, speci cally a Boeing
B777-200 aircraft with GE9QO engines [25]. While these aigdt represent the current
state-of-the-art, proper assessment of eet-wide improwgents due to technology
infusion requires aggregating the technology impact on dacurrently in-production
aircraft according to forecast schedules of operations [30he previously mentioned

reference vehicles do not fully represent the diversity ohé¢ eet, thus achieving the
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speci ¢ goals outlined by NASA and ACARE may not yield the systentevel results
anticipated. In reality, the eetis made up of several thouand aircraft, with hundreds
of unique airframe-engine combinations. Typical eet-leal analyses, such as the
inventory studies conducted by the John A. Volpe National Tragportation Systems
Center using AEDT, rely on extensive databases that cataloché performance of
every aircraft-engine combination in the eet and link thisperformance to operational
schedules [35]. These databases are validated against nfaoturer provided data,
but this type of information is unavailable for future vehides infused with future
technologies that are currently at low TRL levels, and thus mjections rely on
assumptions of improved performance that are not connectéal speci ¢ technologies.
Simultaneous quanti cation of these technology impacts ahthe interdependencies
of the environmental metrics at the eet level would requiranodeling technologies at
the vehicle-level for every unique aircraft-engine comtation and then aggregating
to the eet level, but this would be time-consuming and comptationally expensive.
A common approach when forecasting the impact of future tenblogy vehicles
is to simplify the eet into \generic vehicles" that represent the performance of
various classes of aircraft. An example of this is included ithe World Fleet
Modeling chapter of the IATA Technology Roadmap 2013, wheraverage vehicles
with generic technologies are de ned for each of the CAEP/8 ded seat classes
[7]. The performance of these generic vehicles are simutht@ a vehicle design
tool capable of modeling impacts of future technologies. Hewer, seat classes are
de ned based on internal seat con gurations rather than velcle performance, and
thus a single airframe-engine combination may be classi eéd multiple classes despite
the fact that the vehicle's performance changes very littlelue to these dierent
seating con gurations. Furthermore, these generic veh&sd are designed to average
the fuel-burn and emissions within each class without any osideration for noise,

making it di cult to gauge the impact of technologies on fuetburn, emissions, and
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noise simultaneously.

This work proposes an average generic vehicle approach wallassi cation based
on vehicle performance rather than seating con gurationsThe eet is categorized
based on the performance of each aircraft-engine combirmati with respect to
the metrics de ned in Chapter 2. The method for de ning theseaverage generic
vehicles also becomes more complicated when trying to ind& noise due to the
airport-dependent nature of the noise metrics. A novel metd for nding average

generic vehicles that include average noise will be formteéd in Chapter 3.

1.3 Airport Development and Land Use Planning

As mentioned previously, new runways present the most extews capacity change
that can occur at an airport. The capacity e ect of new runwag depend most on
(a) orientation and dependence in relation to other runway§.e., parallel, converging,
intersecting), and (b) expected runway use (i.e., arrivaJglepartures, or mixed mode).
With a new runway project, there may be a need for convincingvielence that
the benet of the capacity improvement is justied becauseti may have adverse
environmental e ects [36]. The FAA requires an EnvironmentaAssessment (EA) to
unconditionally approve an Airport Layout Plan (ALP) depicting a proposed runway
to determine if the project will have signi cant impact on nase, air quality, water
quality, or historical artifacts [12]. If the environmentd impact is determined to
be signi cant, an Environmental Impact Study (EIS) must be pepared and made
available to the public [37]. Community opposition due to aacerns about aviation
noise and other environmental impacts can arise during theuplic outreach required
by federal law when federally-funded airport expansion pjects are proposed and can
contribute to project delays at some airports, with the medin time for completion

of a new runway increasing from 10-years to 14-years as a tesdi these delays [38].
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Currently, aircraft noise is the single most signi cant loal objection to airport
expansion and construction [39]. As the national aerospacgstem becomes
increasingly capacity-constrained it will be ever more ingrtant to remove the limits
introduced by community noise impacts. The federal governent often provides some
funding for local abatement, such as sound insulation andnd-purchases to reduce
future concerns, but local government decisions that allowommunities to expand
land use into these noise-sensitive areas erode these nogseiction gains, according
to a 2004 FAA report to Congress [40]. The United States Generdélccounting
O ce (GAO) predicts that future increases in air tra ¢ and ch anges in aircraft ight
paths could lead to more noise complaints from the communit89]. A balanced
approach is necessary to mitigate these complaints in theck of increasing tra c,
with operational procedures providing the greatest nearetm bene ts, and reductions
in source noise (airframes and engines) being required irettong-term for further
reductions. Continuing policy e orts to encourage appropate land use will be
required throughout [40].

Although noise is the primary environmental constraint on aport operations
and expansion, many airports either put local air quality cocerns on equal footing
with noise or anticipate they will be on equal footing soon. missions of nitrogen
oxides (NOXx), carbon monoxide (CO), unburned hydrocarbon&JHC) and particulate
matter (PM) from a variety of airport sources contribute to lcal air quality
deterioration, resulting in human health and welfare impéas [40]. Although some
airports may be required to mitigate emission increases sing from projects covered
by NEPA and the CAA, a GAO study in 2003 indicated that most emisgin reduction
actions are done voluntarily. However, aviation industry reresentatives as well as
federal and state o cials testi ed before the House of Represtatives that new air
guality standards, combined with the boost in emissions ergted from increases in

air travel, could cause airports to be subject to more emigsi control requirements
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in the future [41]. This may put another damper on attempts teexpand airports and
build new runways.

In 2003, the FAA convened a team to begin the Future Airport Capeity
Task (FACT). The team was led by the FAA's Airports organization (ARP) and
included representatives from the Air Tra ¢ Organization (ATO) and the MITRE
Corporation's Center for Advanced Aviation System Developnm (CAASD). FACT1
was an assessment of the future capacity of the nation's aogis and metropolitan
areas, FACT2 was a follow-up study in 2007; the FACT3 study veapublished in
January of 2015. The goal of the FACT studies was to determinghich airports and
metropolitan areas have the greatest need for additional gacity. Each FACT study
included detailed analysis of 56 commercial service airporselected from a larger
set of 291 commercial service airports based on potentialpegity issues [42]. The
FACT3 analysis includes current aircraft eet mix projections, updated NextGen
planning, and modeling of gate and surface constraints orrport capacity [43]. This
study found that while NextGen provided incremental bene ts the demand growth
at many airports projects to outpace these increases in capg. The study identi ed
10 airports (listed in Table 3) that could potentially be camcity constrained by 2030
if not earlier. Of these 10 airports, only Philadelphia Intenational Airport (PHL)
has a plan for building a new runway that could potentially deviate airport capacity

by 2030.
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Table 3: FACT3 Capacity Constrained Airports

Airport Code 2011 2020 2030
Harts eld-Jackson Atlanta International Airport  ATL 7 7 7
Charlotte Douglas International Airport CLT 7
Newark Liberty International Airport EWR 7 7 7
George Bush Intercontinental Airport IAH 7
John F. Kennedy International Airport JFK 7 7 7
McCarran International Airport LAS 7
LaGuardia Airport LGA 7 7 7
Philadelphia International Airport PHL 7 7 71
Pheonix Sky Harbor International Airport PHX 7
San Francisco International Airport SFO 72 7

1 New runway planned may mitigate delays by 2030
2 NextGen implementation may mitigate delays in 2020

This analysis focused solely on capacity constraints andldgs, and did not take
into account future noise restrictions or emission contrakequirements. This may be
due to the con dence that JPDO initiatives will advance tecimologies and operating
procedures enough that these environmental constraints lwvinever be realized.
Runway placements and orientations would most likely be liited due to surrounding
populations and noise-sensitive areas. To avoid these asgedeparture and approach
ight tracks with sharp turns may be employed; this creates genalty in terminal
area fuel burn and emissions. Advanced technologies for fumlrn and emission
reduction may be able to mitigate these penalties. Alternately, noise reduction
technologies may allow for the construction of new runwaysitlvout requiring these
sharp turning ight tracks for noise abatement. A method forrapidly evaluating
community noise exposure for di erent runway/airport con gurations in conjunction

with a eet of technology-infused aircraft will be discussgin more detail in Chapter 4.
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1.4 Summary of Motivation

The nal goal of this research is to outline a framework for etuating the future state
of aviation and its relative impacts on the environment. Sice this type of analysis
concerns future technologies that are still under develognt, the framework must

hinge on modeling and simulation. Thus, the objective of tBiresearch is as follows:

Research Objective: To develop a framework for modeling relevant
environmental performance metrics and objectively simulag the future
environmental impacts of aviation given the evolution of ¢h eet, the development

of new technologies, and the expansion of airports.

This framework should be exible enough to evaluate multi@ scenarios against
each other such that promising mitigation strategies can beown-selected and
explored in detail. Given the computational expense typidly associated with high
delity modeling and simulation, this methodology should éverage lower delity
methods. By exchanging delity for computational speed, nt@ scenarios can be
evaluated. In this way, the framework will serve as a screey capability, and
the most promising scenarios could be re-evaluated using maocomputationally
demanding high delity models. Thus, the overarching hypdtesis for this research

is as follows:

Overarching Hypothesis: By exchanging delity for computational speed,
a screening-level framework for assessing aviation's emvimental impacts can be
developed to observe new insights on eet-level trends amdorm environmental

mitigation strategies.

An overview of this framework is displayed in Figure 4. Fiddl is reduced
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by simplifying the eet to a handful of per class average gene vehicles that are
optimized to match the eet-level aggregate results of a derse eet for a given
baseline schedule of operations. This simpli cation redes the combinatorial nature
of the eet-level problem, which becomes even more complied when exploring
multiple technology scenarios. The generic vehicles camaeas virtual testbeds for
modeling technology infusion, and the performance of thegechnology vehicles can
be linked to a model of eet evolution to conduct bottom-up itegrated eet-level

analysis of multiple environmental metrics simultaneougl Flight schedules from
these simulations can also be extracted to rapidly exploreuttiple runway locations.

If these explorations can be linked to a simple method for qoafying population

distribution around an airport, the contour areas and popuwtion exposure counts
for every possible runway location can be quickly comparech@ the ideal locations

can be identi ed.
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Figure 4: Overview of Proposed Framework

Chapter 2 establishes the relevant environmental impact rtrecs. Background

is provided on existing methods for eet-level analysis andapability gaps are
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identi ed. These capability gaps and technical challengdgad to research questions
and hypothesis statements. In Chapter 3, approaches for aggdsing these technical
challenges are formulated. These approaches center on exafing delity for
computational speed, including a method for de ning perfenance-based average
generic vehicles that include average noise as well as a noethfor incorporating
population counts into an existing rapid noise tool. Chapte4 demonstrates the
implementation of these methods in an eort to answer the remrch questions
and support the hypothesis statements. Chapter 5 demonstes some examples
of eet-level capabilities that leverage the average geriervehicle and population
methods. These capabilities include eet-level analysisnder various technology
and replacement scenarios as well as a low- delity envirorental assessment of new
runway locations. Chapter 6 summarizes the contributionsfahis work and outlines
potential future work that builds upon the methods and analgis presented in this

research.
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CHAPTER Il

BACKGROUND AND TECHNICAL CHALLENGES

Chapter 1 introduced the overarching research objective dnan overview of the
proposed framework. This chapter begins with literature r@ew on the relevant
metrics for quantifying the environmental impacts of aviabn. Once these metrics
are established, a review of previous work on eet-level melihg is included,
with particular focus on Becker's generic vehicle methodmjy [44]. Additionally,

a rapid airport-level noise tool developed by Bernardo andutrent best practices
for quantifying population exposure are reviewed. The motieg and simulation

requirements associated with integrating the eet-level ralysis for each of the
environmental impact metrics are formulated.

The generic vehicle methodology hinges on reducing the dis#y of the eet
to a few representative classes, and thus the actual aircrah the eet should be
intelligently assigned to a small subset of classes. The diaack of traditional seat
capacity based groupings is discussed, which motivates theed for a more rigorous
multiclass classi cation method. It is proposed that classassignments should be
made with the goal of reducing in-class variability with rgsect to the relevant
metrics, and this can be accomplished through the use of gtical techniques.
The exclusion of community noise exposure from Becker's faulation represents a
capability gap, and the airport-dependent nature of the nge metrics necessitates a
modi cation of Becker's approach centered on accuracy aach airport as opposed
to just cumulative metrics across all airports. In order to tace the in uence of
di erent sources of operational complexity on the genericehicle designs, a series of

validation tests of sequentially increasing complexity isuggested. Given that the
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generic vehicles must balance accuracy for multiple metsicsimultaneously, these
tests must be formulated as multiobjective optimization poblems that can identify
a set of Pareto optimal aircraft for each class rather than airgyle optimal solution.
The inability to rapidly compute population exposure couns is identi ed as another
capability gap. An approach that conforms to Bernardo's ragi noise computation

method is proposed to address this gap.

2.1 Review of Prior Work

Chapter 1 cited a few goals by various US and European techngjoprograms, but
a variety of di erent metrics were included in these goals. Alecomposition of the
CAEP goals helps to de ne the relevant environmental impact etrics, and previous

methods for quantifying these metrics are reviewed.

2.1.1 Environmental Impact Metrics

As discussed in Chapter 1, the need to capture the interdepesmities between
noise and emissions and their overall impacts led CAEP to ded#iate three specic
goals. Each of these goals are discussed in more detail andnal list of relevant

environmental performance metrics are selected.

2.1.1.1 Greenhouse Gas (GHG) Emissions

GHGs are gases that trap heat in the atmosphere via the cycle rdenstrated in

Figure 5. While some incoming solar radiation is re ected bthe Earth's atmosphere,
some of it is able to penetrate and warm the Earth's surface,here it is converted to
heat and emitted as infrared radiation. Some of this infrace radiation escapes the

Earth's atmosphere, but as the concentration of GHGs increas so does the amount
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of radiation absorbed and re-emitted, leading to increasextirface and tropospheric

temperatures [45].

The Greenhouse Effect

3 Ssome solar radiation is 6 Spnje of the infrared
reflected by the atmosphere radiation passes through

and earth’s surface the atmosphere and is
lost in space

Net outgoing infrared radiation:
240 Watt per m?

2 Net incoming solar radiation:
240 Watt per m?

Figure 5: The Greenhouse E ect  [45]

GHGs species' contributions to changes in the Earth's energudget are quanti ed
in terms of radiative forcing (RF), a measure of the change ienergy ux (typically in
Watts per meter squared) due to changes in these GHGs. PoséiRRF leads to surface
warming, whereas negative RF leads to surface cooling. Thedrgovernmental Panel
on Climate Change (IPCC) Working Group I's list of major greehouse gases and
their relative contributions to RF relative to levels in theyear 1750 is shown in Figure
6 [46].

The \well-mixed" species feature uniform distributions thloughout the

atmosphere, regardless of the location of the emission soeirdue to longer
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atmospheric residence times, whereas the concentratiorfs\short-lived gases" tend
to vary by location. Figure 6 shows that CQ is the primary anthropogenic species
contributing to a net positive RF. For this reason it is oftenused as a reference when
comparing relative in uences of GHGs. The two most importantharacteristics of a
GHG in terms of climate impact are how well the gas absorbs ewggr (preventing it
from immediately escaping to space), and how long the gas ytan the atmosphere
[47]. The Global Warming Potential (GWP) for a gas is a measerof the total energy
that a gas absorbs over a particular period of time (usuallyQD years), compared to
carbon dioxide [48]. As a reference, Cas a GWP of 1, with an atmospheric lifetime
of 50-200 years. Methane (Ch, by comparison, has a GWP of 21, but only has an

atmospheric lifetime of 12 years. Nitrous oxide (MD) has a GWP of 310 with an
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atmospheric lifetime of 120 years, but the relative concemttions in the atmosphere
are much smaller than that of CQ [47]. Thus, CG is the GHG that accounts for the
greatest impact to current and historical warming trends [4].

CO, emissions typically demonstrate direct correlations witlthe amount of fuel
burned by an aircraft because C@is a direct product of hydrocarbon fuel combustion,

as evidenced by the following simpli ed global kinetic me@mism [50]:

CyHy + x+% 0,! xCOz+>—2/H20 @)

Therefore, an aircraft that reduces the amount of fuel requed to complete a
mission will likely demonstrate a reduction in CQ emissions as well. Equation (1)
only lists the products of ideal combustion, but in reality here are often many
other species that are produced due to some incomplete corsthon. The relative
concentrations of these products also change depending tw toperating regime. A
list of typical aircraft engine combustion products and reltive concentrations is shown
in Table 4 [51].

In Table 4, ppmv is parts per million by volume, such that one | of the gas in 1
liter of air is equal to 1 ppmv. The term ppmw refers to parts pemillion by weight
(ppbw is parts per billion by weight), and ppmC refers to par$ per million by carbon.
The unit ppmC is calculated by multiplying the concentration of the compound in
ppmv by the number of carbon atoms in that compound. This unitis typically
used for reporting ambient hydrocarbons because the numbef carbon atoms is a
very crude indicator of the total reactivity of a group of hydocarbon compounds
[52]. Comparing the low-power and high-power concentratis in Table 4 shows that
combustion is less e cient at the idle power setting as this @presents an o -design
condition typically corresponding to landing proceduresThus, the concentrations of
CO, and H,O are lower while the concentrations of CO, total hydrocarbts (such as

CH,), and partially oxidized hydrocarbons are higher.
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Table 4: Engine Combustion Products

and Typical Concentrat

ions

Approximate Concentrations

Type Species Low-power (idle)  High-power
N, 77% 7%
Air O, 17.3-19% 13-16.3%
Ar 0.9% 0.9%
Complete Combustion H>O 1.4-2.4% 3-5%
Products CO, 1.4-2.4% 3-5%
CO 50-2000 ppmv 1-50 ppmv
| et Total HCs 50-1000 ppmC 1-20 ppmC
C”C"”t:p cte brod Part. Ox. HCs 25-500 ppmC  1-20 ppmC
ombustion Products H, 5-50 ppmv 5-100 ppmv
Soot 0.5-25 ppmw 0.5-50 ppmw
Nonhydrocarbon Fuel SO,, SO; 1-5 ppmw 1-10 ppmw
Components Metals, Metal Oxides 5-20 ppbw 5-20 ppbw
Oxides of Nitrogen NO, NQ 5-50 ppmv 50-500 ppmv

Cross-referencing Table 4 with Figure 6, it becomes clearahtracking CO,
will be the most signi cant indicator of aviation's contribution to the well-mixed
GHG emissions. While methane is also a signi cant contributato RF amongst the
well-mixed gases, the relative concentrations of GHemissions are small, especially
during the higher-power cruise phase of ight that account$or the majority of an
aircraft mission.

Of the short-lived gases listed in Figure 6, the most signiant species with respect
to aircraft engine emissions are the nitrogen oxides (N® which includes nitric
oxide (NO) and nitrogen dioxide (NQ). These emissions are produced when air
passes through high temperature and high pressure combuostj as is common in
the combustors of jet engines. The nitrogen and oxygen cont&tions in the air
combine to form these NQ gases, with these concentrations increasing when the
engines operate at high-power [53]. NOjases have competing e ects with respect to
RF. These emissions in the upper troposphere act as an inaditésHG by causing a

short-term increase of ozone (§) which is an important greenhouse gas. This increase
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in O3z is a result of the following chemical mechanism [54]:

OH + CO! HO,+ CO, (2)
HO,+ NO! NO,+ OH (3)
NO,+ hv! NO + O(CP) 4)
OCP)+ O,! O (5)

Where:

hv = photon from sunlight

O(®P) = Oxygen atom in ground state

This short term increase is caused by nitric oxide (NO) gase®ropeting for
hydroperoxyl (HO,) radicals, a species that typically eliminates atmospheriOs.
With less HO, radicals to eliminate G;, the level of G; increases and, consequently,
so does the amount of energy retained by the atmosphere. Additally, the
reaction represented in Equation (3) produces nitrogen dime (NO,), which in turn
participates in net photochemical Q production via Equations (4) and (5). On a
longer scale, emissions of NOlead to reduced levels of methane (CH, which is
the second-most signi cant GHG after CQ [49]. This relationship occurs due to the
increase in hydroxyl (OH) radicals via Equation (3). CH is one of the main reactants
for the OH radical, which is the primary oxidant in the tropogphere. Hence, CH
controls the abundance of OH in the troposphere. OxidationfdCH,4 leads to O
production due to the increasing production of carbon monake molecules that in

turn react with the OH radicals in Equation (2). In addition, oxidation of CH, in the
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presence of su cient concentrations of NQ leads to further production of OH and,
hence, acts as an ampli er of HQ species [55]. Therefore, NCemissions in the upper
troposphere contribute both to negative RF mechanisms thugh its destruction of
atmospheric methane as well as positive RF via its contribign to Oz production. In

the stratosphere, NQ emissions actually serve to deplete by the following chemical

mechanism [56]:

O3+ NO! NO,+ O, (6)
NO,+O! NO+ O, (7)
NO,+ 03! NO+20, ®)

Both Equations (6) and (8) represent Q sinks. These reactions are more common
in the stratosphere because of the larger concentrations ©f, as demonstrated in
Figure 7 [57]. The peak in @ concentration in the stratosphere, commonly referred
to as the \ozone layer", re ects much of the incoming solar m@iation. Depletion of
the stratospheric Q thus increases the amount of incoming radiation, leading toet
positive RF. Commercial aircraft typically operate in the ypper troposphere and lower
stratosphere, but the future commercial eet may feature ammercial supersonic jets
that operate at higher stratospheric altitudes. Thereforean increase in supersonic
ights would increase the positive RF from aircraft engine NQ emissions.

The combination of all of these reactions make it di cult to ascertain the exact
impact of NO, emissions on RF and climate change, which is why the level of
con dence in the impact of these emissions is listed as mediuin Figure 6. The
potential impact, however, suggests a need to track NGemissions, especially during
a high-altitude cruise.

In addition to the above species, a substantial part of the @tion climate impact

may be due to aviation induced cloudiness including contfacirrus, changes in
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Figure 7: Ozone Concentration by Altitude [57]

cirrus properties, and cirrus occurrences due to soot emdasss [58]. These contrail
formations form under favorable meteorological conditimmand sometimes depend
on concentrations of soot particles in the upper-troposphe [59]. This implies that
contrail formation will vary regionally and seasonally, with greatly increases the
uncertainty related to its impact on the climate. Given thisuncertainty, the inclusion
of contrails was scoped from this research, but as modelin§ @ntrails improves
and the impacts are better understood they should be includein future problem
formulations connecting aviation activities to changes imadiative forcing.

Therefore, the primary metrics for quantifying aviation'scontribution to GHG
emissions should be the aggregate G@nd aggregate NQ emissions by all aircraft;

this should include emissions for the entirety of every igh Currently an aircraft
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CO, emission standard does not exist [60]. In October 2013, ICA€@ached a
preliminary agreement to develop global rules by the end oh¢ decade that would
control airline emissions, partially as a compromise to thEuropean Union's stance
on levying carbon fees on airlines operating in European sjrace [61]. For the near
term, fuel burn can be used as a surrogate measure of carboaoxitie emissions until
a CO, emission standard is de ned, as these values are directlylaeed [60]. This is
consistent with the NASA N+ goals from Table 2, which do not cite ay targets with
respect to CQ speci cally but rather express goals with respect to aircfafuel burn.
Because CQ is a well-mixed species, the metric of interest is total miss fuel burn,
which is dominated by fuel burn during the cruise segment. &icking terminal area
fuel burn should be considered as well since this serves aadjindicator of vehicle
performance during the more transient phases of the missiomcluding takeo,
climb-out and approach-landing conditions when engines eroperating near idle.
Thus, the metrics that shall be used for quantifying aviatia's contribution to GHG
emissions for this study are total mission fuel burn and totanission NO, emissions.
It should be noted that ICAO does not currently de ne a standad for NO, emissions
in the upper atmosphere because these emissions are di culh measure directly
for certi cation tests [62]. However, experiments have begperformed to investigate
the relationship between the engine emission index of NOthe compressor outlet
temperature, and the engine pressure ratio. These experimte have led to regression
equations that can be used to estimate total NQemissions given knowledge of the

latter engine speci cations [63].

2.1.1.2 Local Air Quality

While there is much uncertainty about the net impacts of NQ emissions in the upper

atmosphere, the contribution of these emissions on the gradiand in the terminal area
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to reduction in local air quality is much better understood §4]. ICAO has established
and regularly updates emissions standards for terminalea nitrogen oxides (NQ).
More speci cally, these standards are de ned for the LandmTakeo (LTO) cycle,
which is represented pictorially in Figure 8 [65]. When CAEP mposes new changes
to existing standards, the changes are usually cited with spect to a reference engine
with an overall pressure ratio (OPR) of 30, but due to the diret relationship between
NO, and OPR, CAEP de nes standard curves as a function of OPR. An exaple
of CAEP/6 (2004) and CAEP/8 (2010) standards for higher thrustengines is shown
in Figure 9 [62]. Currently, the EPA has adopted these interttional standards with
the CAEP/8 standards o cially enacted for any engine introduced after January 1,
2014 [62]. Previously manufactured engines are held to thEP/6 standard. The
adoption of these standards explains why NASA de nes its localir-quality goals
with respect to LTO NOy, as seen in Table 2.

When NO, and volatile organic compounds (VOCSs) in the terminal-areaeact
in the presence of sunlight, they form photochemical smog, signi cant form of
air pollution. Children, people with lung diseases such asthma, and people who

work or exercise outside are particularly susceptible to adrse e ects of smog, such as
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damage to lung tissue and reduction in lung function [66]. Adgonally, when nitrogen

dioxide (NO,) reacts with atmospheric moisture, the following chemicahechanism

contributes to increasing occurrences of acid rain [67]:

2NO, + H,0! HNO,+ HNO3 (9)
3HNO,! HNO3+2NO + H,0 (10)
ANO +30,+2H,0! 4HNO; (11)

Equation (9) shows how nitrogen dioxide reacts with water tdorm nitrous acid
(HNO,) and nitric acid (HNO3). The nitrous acid further decomposes as shown in
Equation (10), which generates more nitric oxide and water abtecules to react with
atmospheric oxygen to further increase nitric acid levelgs shown in Equation (11).

Nitric acid increases the acidity in rainwater, which can degde the pH balance of
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soil, cause a decline in local plant and animal life and everamiage infrastructure
built from stone.

While particulate matter, carbon monoxide, and other minorspecies also
contribute to degradation of local air-quality, national aad international agencies
focus attention on terminal area NQ as evidenced by its inclusion in both the
ACARE goals in Table 1 and the NASA N+ goals in Table 2. This is becae
considerable progress has been made in the past few decade®ducing unburned
hydrocarbons and carbon monoxide emissions. Much of thesductions are due
to improvements in combustor e ciencies, as the latter spaes are products of
incomplete combustion that are more prevalent during o -dsign low-power engine
operation, but NO, emissions have proven more di cult to control considering lteir
increased concentration during high-power engine operaii. Therefore, LTO NG,
shall be the metric for quantifying aviation's impact on loal air-quality. In order to
gain transparency for these emissions and how they correagdao each phase of an
aircraft mission, the LTO cycle shall be disaggregated intdeparture and approach

emissions (each including runway taxiing).

2.1.1.3 Community Exposure to Signi cant Aircraft Noise

Fuel burn and emissions are easily quanti ed and compared twiunits of mass or
concentration, but measuring noise can be complicated dugits spatial and temporal
variations. As a result, many di erent noise metrics exist. i the ACARE and
NASA N+ goals in Tables 1 and 2, respectively, targeted improveamts in noise
are stated with respect to E ective Perceived Noise Level ineatibels (EPNLgg).
The goals choose this perception-corrected metric becausés commonly used by
agencies (including the FAA) for engine certi cation. EPNIlg is derived from

the Tone-corrected Perceived Noise-Level (PNLT) metric thatises a complicated
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formula for adjusting noise values by calculating a correicin factor as a function
of sound-pressure-levels (SPL) in each of the 1¥3octave frequency bands between
80-Hz and 10-kHz. These tone-correction factors are depenten the frequency of
the tone and its excess over the level of noise present in thdjacent 1/3-octave
frequency bands, approximately capturing the presence ofepcing pure tones that
can be perceived as a greater nuisance. PNLT is measured intsirof TPNgg [68].

EPNLg4 expands upon PNLT by correcting for duration as follows [69]:

n d #
r PNLT (k)
D = 10log,, 10 © PNLTmax 13 (12)
k=0
EPNLgs = PNLT jax + D (13)

Where:
PNLT nax = max Tone-corrected Perceived Noise Level of the PNLT time Hisry
D = duration correction factor
d = time interval during which the level exceeds PNLT,ax  10-TPNgg

k = index of the time step

As mentioned in Chapter 1, the NASA N+ goals in Table 2 speci callytarget
reductions in cumulative EPNLgg, which refers to three locations around the runway
that are used by the FAA for engine noise certi cation. Theseolcations are depicted
in Figure 10 [70]. The community and sideline reference ptsrcharacterize departure
noise, whereas the approach reference point characterizesise during approach
procedures. The community reference point (also referred tas yover, takeo,
centerline, or cutback location) is located along the exteled runway centerline

at a distance of 21,325 ft (6,500 m) from the start of the takeaoll [26]. The

34



sideline reference point has a xed lateral distance of 1,87t (450 m) from the
runway centerline, but the longitudinal location is deternmed by the maximum noise
observed along the sideline reference axis and varies witiclk aircraft [26]. This
peak typically occurs after the aircraft has lifted o and orte lateral attenuation has
diminished [70]. The approach reference point is located dhe extended runway
centerline at a distance of 6,562 ft (2,000 m) from the runwathreshold [26]. The
cumulative EPNLgs is the sum of the EPNLlgg measurements at each of these

locations, which is commonly used by industry as well as the NASN+ goals [70].

Approach
_ - Reference
Lateral -7 JPtias
Reference _-" ‘X 2000 m
- S0 m \— (6562 ft

E PR (1476 ft)

Flyover (with cutback)
Reference

Figure 10: EPNL Certi cation Reference Points [70]

These reference points provide a standard for monitoring 3@ from new
aircraft-engine combinations and allows the FAA to de ne thesholds that must be
met by new aircraft. The FAA uses standards for these referemgoints in a similar
manner as the LTO NQ standard described earlier, with acceptable cumulative
EPNLgg levels typically being dependent on maximum aircraft weighand number
of engines. The FAA de nes dierent \stages" of noise compliace for classifying
aircraft according to these certi cation measurements, wbh allows them to compare

and contrast noise-levels for various aircraft and priofize which vehicles need to be
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phased out of the eet rst [26]. These certi cation measurenents, however, do not
provide any indication of population exposure or annoyanaile to aircraft noise, and
thus another noise metric is required.

As mentioned in Chapter 1, the Noise Control Act of 1972 codied he
measurements for community noise impacts via equivalencyetnics. The primary
equivalency metrics used for assessing noise exposure duaviation are the Sound
Exposure Level (SEL) and the Day Night Level (DNL). The SEL is arequivalency
exposure metric that represents a single event by expresginn decibels, the sound
exposure level as if the entire event occurred in one secordime. The entire pressure
signal is integrated with respect to time over the duration the event and the decibel

level is then calculated using a reference time of unity, asltows [71]:

z
1 2p2(t) dt
tl t1 POZtO

SELgs = 10l0gy (14)
2

Where:
PZ(t) = A-weighted pressure squared, as a function of time
Po = Reference sound pressure (20Pa)
to = Reference time (1 second)
t; = Time at the beginning of the event

t, = Time at the end of the event

In Equation (14), the term A-weighted refers to a spectral wghting scheme
that represents how humans perceive noise at di erent fregacies by emphasizing
sound components in the frequency range where most speecforimation resides.

This yields higher levels in the mid-frequency (2000 to 6008z) range and lower
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levels in both low frequency and high frequency ranges [11]Decibel measures
using A-weighting are commonly referenced with the units dBAA semi-logarithmic
frequency plot of A-weighting is shown in Figure 11. A-weightg tends to be used

when evaluating impact of airport noise on the human populain.

Weighting [dB]

10 100 1000 10000 100000
Frequency [Hz]

Figure 11: A-Weighted Adjustment Curve [11]

Given a grid of points de ned around an airport runway, the SE values for
any single event (such as a takeo or landing) can be calcukd at each grid
point. The procedure for calculating these SEL values is duted in the Society
of Automotive Engineers Aerospace Information Report 1845 A&-AIR-1845) [71].
This document explicitly de nes reference conditions anchie manner in which aircraft
trajectories and velocities shall be calculated. Once thigircraft performance is
determined, SEL noise values at each grid point are calcuéat using the referenced
Noise-Power-Distance (NPD) data sets. The NPD data for a xed-img aircraft

consists of a set of decibel levels for various combinatioos aircraft engine power

37



states and slant distances from observer to aircraft. This NP data contains source
noise from the entire aircraft, including airframe, engirg high-lift devices, etc. An
underlying assumption is that the NPD data represents an airaft proceeding along a
straight ight path of in nite length and parallel to the gro und at a reference velocity
of 160 kts and standard day atmospheric conditions. SepaeatlPD-curves are de ned
for approach and departure procedures to represent the drences between these two
operating states. Standard curves are de ned for the follamg reference distances:
200, 400, 630, 1000, 2000, 4000, 6300, 10000, 16000, and)X8@0 [72]. A notional
plot of approach and departure SEL-NPDs is displayed in Figerl2. Sometimes these
NPD curves are plotted on logarithmic plots with distance onHhe x-axis and SEL
decibels on they-axis, with di erent series corresponding to di erent thrust levels.
However, the information conveyed is the same. It should be ted that similar NPDs
can be de ned for other noise metrics (such as EPNL), but the SENPDs are the
standard set of curves used for assessing community noispasure.

The SEL grids are calculated by measuring the distance fromhe aircraft
(approximated as a point source) to each grid location for e segment. Given
the distance to the location and the engine power level, neiss interpolated from
the NPD data set. Linear interpolations are used between takated power-settings,
whereas logarithmic interpolation is used between tabuled distances. Corrections
are made to account for extra ground attenuation and shieldg by both the airframe
and separate jet engine exhaust ows, the combination of wth is commonly referred
to as lateral attenuation. Since the NPD data corresponds to eeference velocity of
160 kts, a duration correction due to a dierence from the grand speed implicit
in this basic noise data must be made as well [73]. These segteeare then
logarithmically summed up and averaged over the duration dhe entire event [71].
By plotting contours of equal SEL values, the aircraft noissignature can be de ned

and understood spatially, as is demonstrated in the notioh&EL contour plots in
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Figure 13.

The plot on the left results from a notional approach procede with the runway
threshold de ned at the origin, whereas the plot on the rightesults from a notional
departure procedure with the brake-release point at the @in. As can be seen, the
di erent contour levels resemble photographic scalings adach other, with higher
decibel SEL contours corresponding to smaller contour aseaThe shapes of these
contours approximate how the aircraft noise radiates awaydm the axis of the ight
path as the aircraft moves from left-to-right along the x-ais for each event. The
decrease in SEL levels demonstrates how the noise attensases it radiates from the
aircraft. The SEL maximum contour width (perpendicular to the runway axis) is
characterized primarily by the maximum takeo thrust on the runway, whereas The

SEL maximum contour length (along the runway axis) is charderized by the aircraft
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Figure 13: Notional Approach and Departure SEL Contours

climb-out trajectory and thrust pro le.

It should be noted that the choice of spacing between the grjgbints determines
the extent to which uctuations of SEL noise are taken into acount. Consequently,
the quality of the noise contours will depend on the choice dhe grid spacing,
especially in such zones where sharp changes occur in thesaaontours. Interpolation
errors on the noise contours are minimized by a close grid spag, but this increases
on the other hand the computation time as the SEL noise then kao be calculated
in a large number of grid points. Comparative studies have stvn that a maximum
value of about 0.16 nmi for a xed, even grid spacing constitas a good compromise
between accuracy (standard deviation less than 0.5 dB forwoand medium noise
contours) of the interpolated noise contours and the compation time spent [73].
For the purposes of this work, a slightly ner resolution of M8 nmi spacing in each
direction shall be used.

The DNL is a closely related airport-level equivalency-exgare-metric that
attempts to characterize the soundscape of an environmenvey the course of an
entire day. DNL serves as a measure of average sound level @a/period of 24-hours,

obtained from the accumulation of all events (i.e. approacind departure operations)
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with the addition of 10 decibels to events that occur betweehOpm and 7am. This
penalty is applied because aircraft noise at night is oftengpceived as more intrusive
due to the fact that nighttime ambient noise is less than dayine ambient noise, and
several negative e ects of noise are related to sleep digbance. This cumulative
metric is airport speci ¢ and requires knowledge of the volae of operations as well
as the distribution of vehicles. The calculation of DNL valug requires aggregating

SEL noise as follows [71]:

n #
X SEL | xXn SEL ; +10

J

DNL ¢g = 10l0g,, N, 10s° +  N; 10 1 494  (15)

Where:
DNL = Day-Night Average Noise Level at grid point (dB)
SEL; = Sound Exposure Level at gridpoint of thei™ daytime ight
N; = Number of operations of thei" daytime ight
n = Total number of aircraft with daytime ights

SEL; = Sound Exposure Level at gridpoint of thej th

nighttime ight
N; = Number of operations of thej ™ daytime ight

m = Total number of aircraft with daytime ights

The constant term in Equation (15) is derived from averagingthe sound
pressure over the total number of seconds in a day. The Amencd\ational
Standards Institute (ANSI), the U.S. National Research Counci{NRC), and several

other federal agencies and administrations recommend DNL rf@assessment of
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environmental noise [74]. This recommendation is based orays of attitudinal
survey studies, beginning with the seminal work by Schultznni1978 that detailed the
percent of population annoyed as a function of DNL in decibebs shown in Figure

14 [75].
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Figure 14: Percentage of Population Highly Annoyed versus DN L [75]

Currently, the FAA states goals for noise mitigation in termsof reducing the
number of people exposed to signi cant noise, where signant noise is de ned
as aircraft noise above a DNL of 65-decibels [76]. For exampie calendar year
2012, the FAA aimed at decreasing the amount of population erped to DNL
65-dB to less than 386,000. The FAA regularly sets targets bynalyzing the
historical rate of change of noise exposure versus longreprojections of air tra c
demand. According to the National Environmental Policy Act (NER), areas

exposed to DNL levels of 65-dB or greater are entitled to feddraid in terms of
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elements of the Noise Compatibility Plan (NCP), such as soundsulation for homes
[77]. The population exposed to this level of noise is calatéd by performing
a Federal Aviation Regulation (FAR) Part 150 study, which refes to a part of
Title 14 of the U.S Code of Federal Regulations (CFR). A FAR Part150 study
is a noise-compatibility/land-use study designed to ideify and evaluate measures
to mitigate the impact of aircraft noise in the vicinity of airports [74]. These
studies de ne contours of equal DNL noise exposure (partiarly DNL 65-dB) and
superimpose these contours over population density mapsorin Census data, as
demonstrated by the example 2011 noise contour map for Cléued-Hopkins airport

in Figure 15 [78].
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Figure 15: Example FAR Part 150 DNL Contour Map [78]

Given the observed relationship between annoyance and DNévels as well as the
ability to calculate spatial noise exposure cross-referggd with population density, the

DNL metric is better than the certi cation EPNL 4z metric for quantifying signi cant
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noise exposure. The true metric of interest is the count of palation exposed to this
signi cant noise, but the areas and shapes covered by the DNlbmour will serve as
valuable intermediate metrics that capture the contributons of the eet, operations,
and airport con gurations. Despite the fact that the FAA only considers signi cant
noise to be DNL levels of 65-dB or greater, many other U.S. agé&sset the signi cant
noise exposure threshold at DNL 55-dB [74]. Therefore, it isseful to use both the
DNL 65-dB and 55-dB contour areas and shapes as the relevaniseometrics, with
the latter representing a potentially more stringent futue metric.

The complexity of airport geometries and infrastructures ead to irregularly
shaped DNL contours such that the maximum contour lengths andidths do not
provide enough information about the contour shape. Eachraiort features unique
numbers of runways and runway locations that determine thehape of the airport
noise signature. Bernardo reviewed multiple shape metrieamd determined that
Detour and Spin provide a good reference for shape compansd79]. Detour is
de ned as the perimeter of the convex hull of the shape, whipin is de ned as the
average of the square Euclidean distance between all intarpoints and the centroid
[80]. Notional diagrams of these shape metrics are displayedFigure 16. To de ne
shape indices that range from 0 to 1, each of these shape nwdrare normalized

with respect to the measure for a circle of equal area.

Detour = Perimeter
ConvexHull

di+d;+ .. +d;

Spin = -
# of points

Convex Hull
—

Figure 16: Detour (left) and Spin (right) Shape Metrics [79]
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Finally, overlaying these DNL contours on spatially distriluted population data
around an airport allow for the calculation of population cants exposed to signi cant
noise. For the US, the source for population data is the US CerssBureau, which
reports population counts by Census-blocks (smallest pggnal unit), block groups

(aggregated blocks), and tracts (aggregated block groupa$ shown in the hierarchy
in Figure 17 [81].
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Figure 17: Standard Hierarchy of Census Geographic Entitie s [81]

At the nest resolution (block level), a uniform population distribution is often
assumed, or the population values may be an attribute assigghto the block (polygon)
centroids. Similarly, population values for block groupsral tracts are reported at
the centroids of the block group and tract polygons. For exoire and risk analyses,

these centroids often serve as \receptor” points for cal@ating exposure or dosage
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from some agent (such as cumulative airport/aircraft noige The Census Bureau
links this population and housing unit counts to spatial inbrmation through the
Topologically Integrated Geographic Encoding and Refereimg (TIGER) products,
which includes shape les and geodatabases for use with Ar&Sl [82]. An example
of this spatial data can be seen in Figure 18, which displaykd Census-blocks for the
state of Georgia. As can be seen the resolution is very ne, WiGeorgia containing
291,086 Census-blocks and population counts ranging fromt® 3,228 people per
Census-block. By visualizing the data spatially, an area ofterest can be de ned
with a bu er from a given location. In Figure 18, for examplea Latitude-Longitude
point is de ned to mark Harts eld-Jackson airport, and a 50 natical mile radius is
de ned around this point. Each state Census-block containa large magnitude of

data, so in this way the data can be lItered by spatial relevace.
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Figure 18: State of Georgia Census Blocks
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2.1.1.4 Summary of Metrics

The nal list of environmental impact metrics considered fo this research are
included below in Tables 5 and 6. For each of the CAEP goals, tivehicle-level and

eet-level metrics are listed.

Table 5: Environmental Impact Metrics: Vehicle-Level
CAEP Goal Metric

Total Mission Fuel Burn [kg]
Total Mission NO, Emissions [g]

GHGs

Terminal Area Departure NO, Emissions [g]
Terminal Area Approach NQ, Emissions [g]

SEL Contour Areas [nmf]
Noise Exposuré SEL Contour Maximum Widths [nmi]
SEL Contour Maximum Lengths [nmi]

Local Air Quality *

1 Also track terminal area fuel burn (below 3,000-ft)
2 Track multiple SEL decibel levels

Table 6: Environmental Impact Metrics: Fleet-Level
CAEP Goal Metric

Aggregate Fuel Burn [kg]

GHGs Aggregate NQ Emissions [g]

1 Aggregate Departure NQ Emissions [g]
Aggregate Approach NQ Emissions [g]

DNL Contour Areas [nm#]

DNL Contour Shapes: Detour IndeX
DNL Contour Shapes: Spin IndeX
Population Exposure Counts

Local Air Quality

Noise Exposuré

1 Also track aggregate terminal area fuel burn (below 3,000}t
2 DNL 65-dB and DNL 55-dB
3 Normalized on a 0-1 scale

Aggregate fuel burn and NQ emissions can be calculated by linking vehicle-level

performance to operational frequencies. This formulatiors relatively simple, as it
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essentially represents a weighted sum of the vehicle levadrfprmance metrics as
summarized by Equation (16):
!

Y = Nix Yi (X) (16)

Where:
Y = Fleet-level aggregation of fuel-burn or NQ emissions
I = Unique aircraft index
Numac = Total number of unique aircraft in the eet
x = Unique mission lengths
nix = Number of operations by aircrafti at mission lengthx

yi (x) = Performance of aircrafti as a function of mission lengttx

This formulation lends itself to very rapid calculations, specially if the
performance of aircraft as a function of mission lengty (x) is reduced to a second
order regression. These calculations can be performed bymgding from these
regressions and multiplying by the ight frequency. This fomulation does not
work for noise, however, because noise is inherently an arplevel metric. Noise
contour areas and population exposure depend on vehiclede noise footprints,
operational distributions and volumes at each airport, ruway con gurations at these
airports, and the distribution of population around the aiport. Fleet-level noise is
characterized by accumulating contour areas and populaticexposure counts across
all of the airports. However, many of the airports do not featte signi cant volume of
operations or are isolated from local communities. Given ¢hcomputational expense

of noise calculations, noise studies often identify a sulbbsa relevant airports with
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signi cant noise exposure to make the problem more managdab The subset of
airports to be used for this research are the MAGENTA 95 airpts which account
for the majority of the national counts of population expose to signi cant noise [83].
This subset is consistent with the airport set used by Berndp in developing his
Generic Airport categories, and thus the airport runway congurations and baseline
schedules were conveniently available [79]. The methodstlmed in this work are
applicable regardless of the subset of airports, althoughe inclusion of international
airports with di erent operational volumes and distributions may lead to di erent

results for the generic vehicle approach.

2.1.2 Review of Surrogate Methods for Fleet-Level Analysis

Fleet simpli cations are often used for eet-level studies For example, Purdue
University has and continues to develop their Fleet-Level Bsronmental Evaluation
Tool (FLEET) to investigate how eet-level environmental impacts will evolve over
time [84]. This tool centers on an aircraft allocation modeihat represents airline
operations and decision-making rather than focusing on sp& technologies or
technology packages. To manage the number of aircraft typesed by the airline,
current (and potential future) aircraft are aggregated inb six classes based on
seat capacity. To represent di erent technology \ages" wiiin these classes, each
class is further segregated into categories of represeiatin-class, best-in-class,
new-in-class, and future-in-class. Representative-itass aircraft are those that had
the highest number of operations in 2005 within each seat skaand are typically older
aircraft. The best-in-class aircraft are those that had thenost recent service entry
date within each seat class as of 2005 and, thus, incorporatere recent technological
advances. A list of the classes with their corresponding negsentative-in-class and

best-in-class aircraft is shown in Table 7 [84].
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Table 7: Purdue FLEET Aircraft Classes
Class Seats Representative-in-class Best-in-class

Class1 20-50 Canadair RJ200/RJ440 Embraer ERJ145

Class 2 51-99 Canadair RJ700 Embraer 170

Class 3 100-149 Boeing 737-300 Boeing 737-700
Class 4 150-199 Boeing 757-200 Boeing 737-800
Class 5 200-299 Boeing 767-300 Airbus A330-200
Class 6 300+ Boeing 747-400 Boeing 777-200ER

The new-in-class aircraft are either aircraft currently uder development that
will enter service in the future or concept aircraft that inorporate technology
improvements expected in the future. Likewise, the future@i-class aircraft are those
aircraft expected to include another generation of technayy improvements and
therefore expected to enter in service a date further in theifture. The airline model
operates only these aircraft as a representative eet mix48 While this method does
provide a useful example of ways to simplify the eet, by usm xed new-in-class
and future-in-class vehicles, this model is limited in itskility to explore a variety of
future technology scenarios.

In an e ort to address this limitation, Becker introduced \generic vehicle" concepts
for modeling and simulating aggregate eet fuel burn and NOemissions [44]. The
goal of these generic vehicles were to reduce a complex ancedie eet to a subset
of physics-based vehicle-level models that could match tlaggregate metrics of the
full eet when linked to the same operational schedules as @hn in Equation (16).
Traditionally, vehicles have been grouped by internal se#youts and seating capacity
into seat classes, such as the CAEP/8 seat classes listed irblEa8.

Under this approach a single airframe type can be classi edton multiple seat
classes depending on the internal seat layout. For exampkagure 19 shows the same
vehicle with the same fuselage under two di erent seating yauts for two di erent
airlines. One airline ts 178 seats into the fuselage, claggsng the aircraft as a Seat

Class 5 vehicle. The other airline increases the seat-pitbetween rows, which only
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Table 8: CAEP/8 Seat-Class De nitions

Seat Class ID Passenger Capacity Type of Aircraft/Layout

SCZP 1-20 General Aviation
SC2 21-50 Regional Jet
SC3 51-100 Regional Jet
SC4 101-150 Single Aisle
SC5 151-210 Single Aisle
SC6 211-300 Small Twin Aisle
SC7 301-400 Large Twin Aisle
SC8 401-500 Large Quad
SC9 501-600 Large Quad

1 Most common type of aircraft associated with each seat-ckas
2 SC1 not included in this study due to few operations at

relevant airports

allows for 150 seats, classifying the same aircraft as a S€dass 4 vehicle.

B EEEEEEEEEEEEEEEEEEEEEEEEEES
< el ol e ) 178 seals = SC5
B
)
Figure 19: Multiple Seat-Class Con gurations for Same Vehi cle

SeatGuru® provides extensive lists of vehicles and seating con gurahs. A few
examples of aircraft that fall into multiple seat classes g¢eending on how airlines

con gure the internal seat layout include [85]:

The Embraer ERJ-190 may range from 94 to 114 passengers (Sp&TC3-SC4).
The Airbus A321 may range from 185-220 passengers (spans SC®)S

The Boeing 767-300ER may range from 218-350 passengersi{sg@C6-SC7).

The performance of the aircraft itself, however, does notycally vary greatly due

to this internal layout. Becker instead proposed groupingehicles on multiple metrics
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to create a better distinction between groups. He de nes \cability groups" which
take into account the maximum payload and the maximum rangefceeach airframe

[44]. Becker used these metrics to identify four groups:
Regional Jet (RJ)
Single Aisle (SA)
Small Twin Aisle (STA)
Large Twin Aisle (LTA)

Given these groups, Becker explored three methods for sugating the eet. The
rst method used a best-in-class representation similar tthat used in the Purdue
FLEET model, but this yielded signi cant errors at the eet-level with respect to a
set of reference operations and increased error with resptx variable schedules of
operations. The second method employed a parametric cottiea factor applied
to these best-in-class vehicles, which signi cantly impxed results for both the
reference operations and variable operations. These catien factors, however, were
de ned for a xed technology condition, and thus proved incpable of accurately
capturing impacts of technology infusion. The third methodutilized an average
vehicle approach, which Iters settings for vehicle desigparameters in order to
reduce the error of aggregate results. This method was insgd by a similar approach
used by the Environmental Protection Agency (EPA) for condudhg an analysis of
annual automobile emissions data in the context of corporataverage fuel economy
regulations [86]. Becker enumerated the following stepsrfthis average vehicle

approach:

1. Conduct e ect screening to determine which input paramets are in fact the

most in uential on the relevant eet-level metrics.

53



2. Calculate a target representing the aggregate performaa of the eet for each

metric of interest using Equation (16).

3. Vary the key input parameters from e ect screening arounthe reference vehicle
to generate engine cycle and airframe geometry combinat®for design space

exploration.

4. Conduct thorough design space exploration to identify # best option for an
averaged vehicle that hits the aggregate targets calculador the entire eet

for each environmental metric.

The problem of matching aggregate targets can equivalentlge described as
attempting to minimize error with respect to these targets.Given the linear nature of
Equation (16), minimizing error within each class minimize the combined eet-level
error. Relative error is used to compare multiple metrics odi erent scales and avoid
biasing the generic vehicles toward accuracy in any one mietover the others, but
the method doesn't favor over-predicting or under-prediagtg and instead focuses
on minimizing the magnitude of this relative error. The resling physics-based
models can then be used for modeling technology infusion atet component or
subsystem level such that the interdependencies and comibdities for multiple
technologies can be quanti ed and propagated to aircraft syem-level performance.
These technology-infused models can then be used in conjtimc with forecasts and
eet-evolution models to objectively project the future ernironmental impacts under
various technology scenarios.

This method provided better accuracy for a set of referenceperations and
acceptable accuracy for variable operations and technojomfusion. The maximum
relative error among the metrics (total-mission fuel burnterminal-area fuel burn,
total-mission NO, emissions, and terminal-area NQemissions) for each of Becker's

method is summarized in Table 9 [44].
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Table 9: Maximum Errors from Becker's Experimental Results

Experiment Surrogate Fleet Method
Best-in-class Parametric Average
Correction Vehicle
Factor
Reference Operations 51.00% 0.71% 0.96%
Variable Operations 52.73% 0.87% 2.42%
Technology Implementation 110.91% 3.73%

Becker's work demonstrated that the average vehicle apprda can match
aggregate eet data within a reasonable level of accuracyrfthe baseline reference
eet, a eet with variations in operations, and a eet with technology infusion.
A similar approach was used in the World Fleet Modeling chapt of the IATA

Technology Roadmap 2013 previously mentioned in Chapter 7] [

2.1.3 Review of Rapid Airport-Level Noise Computation Mode I

Bernardo developed and validated the Airport Noise Grid Integtion Method
(ANGIM) for rapid computation of noise grids and contours to eable scenario
analysis. This method simpli es and accelerates the prosessed in the Integrated
Noise Model (INM) by pre-calculating the vehicle-level SEL+gds under the
simplifying assumptions of standard sea-level atmospheitonditions and straight-in,
straight-out ground tracks. These assumptions allow the &cle-level SEL grids to be
precalculated and stored in local memory such that they canebcalled using simple
table lookup routines. In this way, ANGIM serves as a screenirigvel capability that
complements detailed models like INM or AEDT [79]. ANGIM is an exaple of a
method that exchanges delity for computational speed, andhus it can serve as an
integral piece of the proposed framework.

ANGIM uses a schedule of operations on each runway at an airpotb

logarithmically sum the vehicle-level SEL grids to runwayevel DNL grids. These
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runway-level grids are then translated and rotated with rgsect to the runway
con gurations. ANGIM nally overlays the properly oriented runway-level grids,
interpolates them to account for inexact grid-meshing, andsums these grids
logarithmically to approximate an airport-level DNL grid. Contours of equal DNL
decibel values can be de ned from these airport-level DNL g@is, and ANGIM is
capable of calculating the areas of these contours as wellaseries of shape-metrics
such as the previously mentioned Detour Index and Spin IndexThis method is
diagrammed in Figure 20. It should be noted that in the abseecof speci ¢ runway
utilization information, ANGIM assumes that each runway featires cross-ow
operations (i.e. runway operates evenly in each directiover the course of the day)
and that operations by each aircraft in the ight-schedule ee evenly divided over all

available runways.

s N
| s ANGIM

7| | Precalculated Aircraft SEL Grids | Runway DNL Grids Airport DNL Grid

Figure 20: Airport Noise Grid Integration Method (ANGIM) [79]

2.2 Formulation of Modeling and Simulation Requirements

The framework proposed in this work hinges on modeling andnailation at both

the eet- and vehicle-level, but delity and speed must be benced such that many
alternatives can be explored while still enabling meaningff and traceable analysis.
Thus, requirements must be derived for both eet-level and ehicle-level modeling

and simulation tools to ensure this balance is appropriate.
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2.2.1 Requirements for a Fleet-Level Model

Much like the legacy tools that preceded it, AEDT is designedot perform o cial
inventory analyses such as FAR Part 150 studies. For this reas it includes many
layers of complexity such as detailed weather and terrain rdels. While these
layers are necessary for o cial inventories, the complicad setups and computational
expense associated with them inhibits the ability to use AEDTor a screening-level
scenario analysis that isolates the sensitivities of aimit performance improvements.
In order to perform this screening-level analysis, a eetbel tool must be designed
to re ect the structure of AEDT (shown in Figure 2 in Chapter 1) but reduce it to a
more simpli ed formulation.

Becker outlines the requirements for eet-level modelingral simulation of fuel
burn and NO, emissions [44]. Inputs to the model include aircraft perforance results
derived from vehicle-level modeling and simulation toolsalong with operational
schedules that represent the frequency of ights by each vieke type at each mission
length. This formulation is relatively simple, as it essemtlly represents a weighted
sum of the vehicle level performance metrics. This formulan does not work for
noise, however, because noise is inherently an airportéévnetric as is evident
from the discussion of noise metrics. Noise contour areas gmopulation exposure
depend on the operational distributions and volumes at eachirport, the runway
con gurations at these airports, and the distribution of pgulation around the airport.
Thus, a unique set of requirements must be de ned for a noiseoateling tool, and
this tool must focus on airport-level analysis.

Dikshit and Crossley de ne the following ve requirements dr a generic airport

noise modeling tool [87]:
1. Single-valued:Provides a single point of comparison.

2. Rapidly Computable:To enable evaluation of a multitude of scenarios.
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3. Simple Formulation: To avoid resource allocation problems.
4. Correlated: Compares favorably to a detailed model for validation.

5. Flexible: Able to incorporate and evaluate impacts of new technologiesd/or

aircraft.

The generic eet-level model proposed by the authors focuken a single-metric,
the DNL 65-dB contour area. The model approximated the area aund the airport
with a regression dependent on the number of operations anket aircraft EPNLgg
certi cation measurements. This model, however, did not qaure any spatial
details about the noise. Bernardo critiques these requiremts and proposes slight
modi cations to them. Bernardo accepts the notion that the nodel should be
rapid, correlated with an industry standard or detailed moél, and exible enough
to incorporate new technologies and aircraft. However, hejeets the simplicity of
the regression model, instead replacing it with a requiremefor automation and
comparatively short setup times relative to a detailed mode Bernardo additionally
rejects the single-valued metric requirement and the solesel of the DNL 65-dB
contour area. A simple regression for contour area cannotgmerly capture the
number of people exposed to signi cant noise due to its lackf spatial data.

Bernardo's six requirements for a generic eet-level noiseodel are as follows [79]:
1. Easily incorporates new and technology-modi ed aircraf
2. Computational speed with respect to detailed models
3. Acceptable accuracy with respect to detailed models
4. Simple-to-manage inputs
5. Full automation

6. Contour area and shape information captured
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The latter methods and requirements, however, are limitedot eet-level noise.
Given the three CAEP goals de ned in Chapter 1 and the correspading metrics, it
naturally follows that the eet-level tool must be able to ewaluate total mission metrics
(such as total fuel burn and NQ emissions) as well as terminal area metrics (such as
LTO NO, emissions and DNL contours) while adhering to current best actices. In
the past, eet-level analyses of aviation's contributiongo each of these metrics were
divided amongst many di erent tools. The consequence of tee decoupled analyses
was an inability to capture the interdependencies of fuel loo, emissions, and noise.

Thus, an appropriate eet-level environmental impact toolshall:

1. Measure total mission and terminal area metrics for fueluon and NOy

emissions.
2. Measure DNL contour area and shape information.
3. Capture interdependencies between all of the metrics.
4. Adhere to current standards and best practices.
5. Incorporate existing aircraft with industry validated data where available.
6. Easily incorporate new and technology modi ed aircraft.
7. Demonstrate computational speed with respect to detademodels.
8. Demonstrate acceptable accuracy with respect to detailenodels.
9. Feature simple-to-manage inputs.
10. Leverage automation as much as possible.

A notional formulation of a screening-level tool for eet#vel analysis that
meets these requirements is diagrammed in Figure 21. The rfarlation hinges on

linking the operational schedules between simple fuel buand NOy calculations as
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represented in Equation (16) and the airport-level formulkégon for computing noise

contours and eventually population exposure.

Figure 21: Notional Diagram of Integrated Fleet-Level Envir onment

2.2.2 Requirements for a Vehicle-Level Model

The integrated tool suite in Figure 21 captures eet-level esponses that depend
on operational schedules and eet mixes, but it is limited inits capabilities to
objectively assess the impacts of technology infusion andet evolution of the eet.
Most technology development is focused on aircraft-leveysgem and subsystem
improvements. Thus, an alternative modeling and simulatrmenvironment is required
in order to assess vehicle-level technology impacts.

Many of the requirements for the vehicle-level model shoulanatch the
requirements established for the eet-level tool in the prgous section. The
model must focus on the same type of metrics as the eet-levidol and capture
interdependencies between these metrics. The noise anayswust focus on the
SEL metric as opposed to the DNL metric, as the latter is an aiqut-level metric
whereas the former is a vehicle-level metric. This model siid be validated against

industry data when available, and should feature manageabketup procedures with
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an emphasis on automation. The most important requirementof the vehicle-level
tool is to Il in the gaps that can't be accomplished with the eet-level tool and to

interface with said eet-level tool. Thus, the vehicle-legl model shall:

1. Model component-level performance using as much physiEsed formulations

as possible.
2. Model system- and subsystem-level impacts from techngioinfusion.

3. Model interactions and compatibilities for technology @ckages with multiple

technology concepts infused simultaneously.

4. Generate an integrated analysis of aircraft performancexhaust emissions, and

source noise.

5. Employ a simple formulation with automation for explorirg multiple technology

scenarios on multiple vehicle types.
6. Be traceable, validated, and endorsed by industry and gesnment agencies.
7. Interface with the eet-level tool suite.

By capturing the technology impacts at the subsystem levelhe model will be
able to more objectively evaluate the impacts of technologat the aircraft system
level, including any potential incompatibilities from mutiple technologies infused

simultaneously on the same aircraft.

2.3 Technical Challenges

The previously developed generic vehicles only focused aygeegate fuel burn and
emissions metrics. Fleet-level accuracy is important fororse as well, because the

true measure of noise impact is the number of people exposedsigni cant noise.
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To determine this, noise impacts must be aggregated to de rM@NL 65-dB contours,
and these contours must be superimposed over population nsaim a Geographical
Information System (GIS) such as Esri's ArcGIS framework. If the airport-level
DNL 65-dB contour is inaccurate, these counts of people exgaisto signi cant noise
can be misleading.

One objective of this study is to add the complexities of naéscalculations for
de ning these generic vehicles. If the vehicles in the eetan be binned into categories
and reduced to a handful of per class average generic vetsdleat can match aggregate
eet results for fuel burn, emissionsand noisewith reasonably accuracy, this would
reduce run-times considerably while still providing a sceming-level delity for an
objective eet-level evaluation of various technology p&ages. This is especially
critical for noise analysis due to the computational expersof the grid-based noise
methods. These generic vehicles can be used as replacementadt in future years
to approximate fuel burn, emissions, and noise under the ustainty of future eet
composition. Additionally, these generic vehicles can senas virtual test beds to
estimate the eet-level impacts of various technology infsion scenarios, capturing
the interdependencies of noise and emissions.

Expanding the generic vehicles to include noise introduces few additional
technical challenges beyond Becker's approach. The eetski cation problem must
be revisited and reformulated in a manner designed to redugeclass variance for
multiple metrics simultaneously. Validation with respectto eet-level targets must
be reformulated as airport-level targets, but the operatimal complexities that are
unique to each airport may confound this validation. Additimally, the true noise
metric of population exposure to signi cant noise must son®w be incorporated

into the noise analysis for proper validation of the accurgcof the generic vehicles.
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2.3.1 Fleet Classi cation

While Becker's capability groups classi ed vehicles intorgups that y similar route
types, they do not take into account the actual performancefdhese aircraft with
respect to the environmental metrics of interest. This leadto the following research

guestion:

RQ 1. What parameters should be used to classify aircraft into gaic vehicle

groups?

Given that the end goal is to de ne vehicles that match aggrege metrics for
the combined eet, the classi cation scheme should delinga groups based on the
corresponding vehicle-level performance metrics from Tab5 that map to these
eet-level metrics. To reduce the variability of vehicle pgormance per group, this
study proposes classifying aircraft into \vehicle classésvhich are de ned by both
the payload-range capability as well as the vehicle-levelegormance with respect
to the environmental metrics discussed previously. The tshypothesis proposes
that this type of classi cation scheme will result in a bette generic eet than the

traditional seat-class groupings:

Hypothesis 1: A per-class average generic eet of vehicles dened by
vehicle-class groupings based on similarities in the erommental performance
metrics will feature superior eet-level accuracy compack to a per-class average

generic eet of vehicles de ned by traditional seat-class@upings.

The justi cation for this hypothesis can be derived from sirple probability theory
and statistics. Suppose that for a given metric, the relater error of the best average

generic vehicle within a class relative to the target metrgcacross a subset of airports
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can be represented by a univariate normal distribution,;, N ; 2 . The ideal
generic vehicle will reduce the mean error within the groupotapproximately zero,
but the variance is a function of the variance in performancacross the subset of
airports. Probability theory then suggests that under the asumption of independence
between each group, the aggregated performance of the géneget is also normally
distributed with the mean being the sum of the individual grap means and the
square of the standard deviation being equal to the sum of tisguares of the standard
deviations of each group, as shown in Equation (17) [88].

X X X
i N - 2 17)

Where:
i = Normally distributed error for i™ vehicle class
. = Mean error for i vehicle class

zi = Variance of error for i vehicle class

Equation (17) is only true under the assumption of independee, as this leads to
a correlation of zero and allows for the omission of covarie@ terms. It should also
be noted that separate normally distributed random varialds can be uncorrelated
without being independent, in which case Equation (17) wodlnot hold. However,
given that each per-class generic vehicle will only be usemrepresent vehicles within
its own group, it is reasonable to assume that the error disbutions for each generic
vehicle class is independent of the error for the other vehécclasses. Given this
assumption, it can clearly be seen that a grouping that redes the variance within

each class should lead to a reduction in the overall variana¢ the eet level.
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In reality, this abstract justication is overly simplied for a number of
reasons. First, the generic vehicles will actually be remented by multivariate error
distributions as opposed to a single univariate error distvution, and the metrics for
each error distributionwithin a classare likely correlated with each other. Second, the
variance of the vehicle-level performance is not necessarepresentative of the actual
variance within each group, as the aggregate performancellveictually be weighted
by the frequency of operations by each constituent vehicl@hird, the relative error
may not actually be normally distributed for each metric. Inorder to objectively test
this hypothesis, the generic vehicle tests introduced in ihresearch will be performed
in parallel for the proposed vehicle-class groupings as e the traditional seat-class
groupings.

Equation (17) suggests that the eet-level variance wouldKely bene t from more
groups with less deviations from the mean in each group, th&eeme beingn groups
corresponding ton unique aircraft in the eet. For this extreme, each of then groups
feature one unique aircraft and thus zero variance. This i®@mputationally ine cient,
however, and was the impetus for the overarching hypothesi$ exchanging delity
for speed. A generic eet ofm groups, wherem < n, will reduce computation
time but will increase the deviations from the mean. The seatlass formulation
features eight classes (excluding SC1), and to ensure thadtter eet-level results for
the vehicle-class formulation are not confounded by the mstion of the classes a
number less than eight should be chosen. For this work, Beckevehicle classes have
been modi ed from four to six classes to re ect the structuref current research and

development programs by the major aircraft manufacturers3p]J:
1. Regional Jet (RJ)

2. Small Single Aisle (SSA)

1Becker's Single Aisle (SA) class was split into the SSA and LS classes primarily due to
distinctions in noise contour lengths for di erent single aisle stretch-variants.
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3. Large Single Aisle (LSA)
4. Small Twin Aisle (STA)

5. Large Twin Aisle (LTA)

6. Very Large Aircraft (VLA) ?

Assigning vehicles to these vehicle-class groups to redudee tvariance in
the performance metrics requires the implementation of sepvised multiclass
classi cation algorithms. There are generally a few apprahes to the classi cation
problem, with each typically attempting to map training data to the assignment of a
class label through mathematical or statistical technique[90]. Regardless of which
approach is used, the vehicle-level performance metricsosid be used as training

data, and the method should be able to assign aircraft into enof these six classes.

2.3.2 Fleet-Level Characterization

Fuel burn and NO, emission metrics are very simply mapped from vehicle-level
performance to eet-level aggregations due to the fact thathey are mass-based
metrics. Noise, however, depends on instantaneous sound gswge levels that
spread out spatially and must be integrated over the duratio of events. This
spatio-temporal dependence means that the noise metric dgpuls on the local
airport con gurations and operational schedules, and thugannot be mapped to
eet-level aggregations with simple linear summations ofehicle-level performance as

is possible for the mass-based metrics. This motivates th@lbwing research question:

RQ 2: Given that noise is an airport-level metric, how can it be irzporated into

the average-generic vehicle formulation?

2Becker did not include this class in his formulation. This class features larger four-engine aircratft.

66



Research Question 2 implies that Becker's formulation re@es a modi cation to
incorporate noise. The importance of accuracy in contour @as and shapes at each
airport for accurate population exposure counts further implies that this formulation
should not simply be centered around aggregated eet resslbut rather should focus
on accuracy ateach airport. This airport-level characterization was suggestd in
Equation (17) which de ned the accuracy of a generic vehicimodel across a subset
of airports, where the errors for each metric at each airpodgample in the subset are
combined into adistribution of errors.

Becker has already demonstrated that an average generic @& approach
provides better eet-level accuracy than a traditional repesentative vehicle approach
for fuel burn and NQ, emissions, and the linear equations for these metrics sugge
that the method should work similarly for an airport-level brmulation. The second

hypothesis proposes that this also holds for the DNL noise donrs:

Hypothesis 2: A eet of average generic vehicles will more accurately
approximate the DNL 65-dB noise contours across a subset afparts as compared

to a traditional representative-in-class approach.

The complexities of the noise calculations prevent this hghesis from being
accepted strictly from mathematical arguments, and thus gerimentation is required.
This hypothesis shall be tested in a similar manner as Becleprevious formulation.
The cumulative noise contour areas from both the represetinge-in-class approach
and the average generic vehicle approach shall be quanti etid compared against a
set of airport-level targets using actual vehicles. The regsentative-in-class vehicles

shall be de ned using traditional seat-classdesignations and choosing the vehicle in

3For the purposes of this study, seat class refers speci callto the CAEP/8 de nitions as listed
in Table 8 [60].
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each seat class with greatest prevalence in the operatiorsghedules. As mentioned
in the previous section, the generic vehicle approach willebrepeated for both
seat-class and the proposed vehicle-class groupings. Tleeusacy of each approach
will be evaluated with respect toeach airport in addition to the cumulative results

across the entire subset.

2.3.3 Airport Operational Complexities

Once the vehicle classes and the target airports are estahled, a series of validation
tests must be de ned for benchmarking the best average geiwvehicle designs. The
airport-level characterization requires these tests to aount for di erent factors that

contribute to the variability of the airport-level results, with target aggregate metrics
generated from the combination of vehicle-level performea of the constituent
vehicles linked to frequency weightings from the baselinep@rational schedules
at each airport These airport-level results depend on many di erent opet@nal

complexities, which motivates the following research quign:

RQ 3: Given the unique operations and mission speci cations assated with

each airport, can the generic vehicles still balance accayeacross a subset of airports?

For this work the stochasticity of atmospheric conditions ad airport-specic
diverging ground tracks have been removed to enable rapid is® calculations.
However, each airport still features unique operational disbutions, trip-length
distributions, operational volumes, and infrastructures The fuel burn and NG
emissions relationships to these operational complexgiean be readily understood
from simple examination of Equation (16) which is a linear egtion that is weighted

by operational frequencies. As mentioned previously, velaelevel performance for
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these metrics typically vary quadratically with mission rage. Furthermore, the fuel
burn and NO, emissions do not depend on the airport infrastructures (assing
standard day atmospheric conditions and no diverging grodntracks). It can be
reasoned that the airport-level error for these metrics came minimized by matching
the vehicle-level performance of each average generic eihio a weighted average of
the actual vehicle operations at each airport.

For the noise contours, the relationship to these operatiah complexities is not
as clear. This is due to the spatial nature of noise propagat and attenuation
which features unique SEL contour sizes and shapes for eadhicle in the eet.
Each unique stage-length mission is modeled using a di etetakeo weight. This
modi es the climb-out trajectory which impacts the lengthsof the SEL contours.
The noise metrics also use logarithmic summations, and thube frequency of
operations by each unique vehicle and each class type canbet clearly mapped to
the airport-level metric, especially given the spatial disibution of noise introduced
by each unique airport runway layout. Determining how eachfahese operational
complexities impacts the airport-level noise metrics redpes investigation through
simulation-based experiments. Of all of these complexitie however, the per class
operational distributions capture the frequency-weighté variability within each
class, and thus it is anticipated to be the most important faor for selecting the

average generic vehicle input parameters. This leads to tifi@lowing hypothesis:

Hypothesis 3: If the operational distributions of each vehicle class a@® a
subset of airports can be isolated from other operational mplexities, the average
generic vehicle that minimizes the mean error for the DNL n®é contours across
the subset of airports will also minimize the error at each rgort when all of these

operational complexities are reintroduced.
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Once again, the justication for this hypothesis can be deved from simple
probability theory and Equation (17). By isolating the erra distributions for each
class (;) and minimizing the mean error for each ( ,), the combined classes should
also minimize the airport-level mean error. The additionabperational complexities
can be thought of as adding variance to the target metrics awss the di erent airports.
Given that the generic eet will operate under the same tridength distributions,
operational volume, and airport infrastructures as the acfal target eet, it can be
assumed that the variance of the generic eet performance liwexpand to match the
additional variance of the target metrics. Thus, the operabnal distributions of the
constituent vehicles in each class at each airport shouldtimhately de ne the average
generic vehicles. To test this hypothesis, a series of valttbn tests with sequentially
increasing complexity shall be formulated in an e ort to r4 decouple the mean and
variances of the error distributions. Sequentially increang the complexity of the
validation tests enables traceability for each source of epational complexity.

One challenge for these generic vehicle tests is the need mimize multiple
metrics simultaneously, which suggests that there is not ensolution but rather a
series of Pareto optimal solutions [91]. Adding to this chahge is the fact that
these metrics are measured on di erent scales, and thus thetmnization problem
must be formulated in a manner that maps multiple objectiveso a single objective
function without biasing the generic vehicles towards accacy in one metric over
another. This type of mapping is often referred to ascalarization, and typically
makes use of value adesirability functions which convert the objective of minimizing
each objective function to a goal of maximizing amverall desirability across all of
the objectives simultaneously. This conversion allows fdhe use of conventional

single-objective optimization routines for a multiple obgctive optimization problem.
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2.3.4 Methods for Calculating Population Exposure

All airport-level noise analysis included in this researchhsll use ANGIM, but this
method currently lacks a capability for calculating populion exposure counts around
the airport. Airport noise exposure studies typically use gher Census-block centroids
or speci ¢ population receptor points as de ned by a user [12In common practice,
Census data are intersected with bu ers of in uence (such aBNL contours) using

two primary approaches to quantify population at risk [92]:

1. Tally the entire population (if the centroid is inside thebu er) or zero population

(if the centroid is outside the bu er)

2. Use an area weighted population accounting approach (bdsen the ratio of

the areas of the polygon included in and excluded from the bar).

The homogeneous population distributions assumed by thees-weighted method,
unfortunately, seldom occur in the real world [93]. Howevegnalytical approaches
that use Census polygon centroids to represent populationedikely to produce results
containing substantial errors [92]. By assuming the popuian is concentrated at
these receptor points, DNL decibel levels need only to be aallated at these centroid
points instead of calculating an entire grid of receptor pots as is required for
visualizing the DNL contours. This saves some computatiomtie, but the drawback of
this method is that there is a mismatch between the Census lao centroids contained
within a contour and the Census blocks actually intersectetly the contour, as is
demonstrated in Figure 22. Additionally, using this approdt is overly discretized
and does not allow a continuous reduction in the extent of a DNktontour to map
to a continuous reduction in population exposure counts. lis preferable that the
spatial representation features continuous variability.

Thus rather than using the discrete centroids, the area-wghted population

approach should be utilized on Census-block data with the gti cation that the
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Figure 22: Drawbacks of Polygon Centroid Population Methods

high-resolution associated with this smallest areal unit fopopulation data shall
minimize the potential error associated with the assumptio of uniform population
distribution. More advanced techniques such as pycnophyléc interpolation or areal
interpolation with the incorporation of ancillary data coud be used, but given the
complexity of these methods compared to the intended use ¢fis Census-block data
for a screening-level tool, the basic area-weighted appobabene ts from its relative
simplicity [93].

ANGIM has the ability to compute airport DNL grids as well as DNL catours
for a given spatial reference setting the rst primary runwg brake-release point at
the (0,0) grid point. These grids are currently set to a very ne grid-resolution of

0.08-nmi, and contours contain spatial data referenced tdis brake-release point.
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Thus if the brake-release point can be mapped to the actualagraphical coordinates,
the entire grid and the contours can also be mapped to geoghagal coordinates.
Contour polygons can be de ned in a GIS program such as ArcGl$ and these
contours can be overlaid with Census-block data to calcuktpopulation exposed to
signi cant noise. However, it can be data intensive and timeansuming to import
contours for every potential scenario into ArcGIS for performing these population
exposure counts. One of the objectives of this research is @nable rapid noise
computation models like ANGIM to include a screening-level atysis of population
exposure counts. The generated contours from ANGIM must be ked to this

Census block data in some other manner than calling a Geoghagal Information

System every time a new scenario is calculated. This leadstte following research

guestion:

RQ 4: How can assessment of community exposure to signi cant neide

accounted for in a rapid airport-level noise computation nu|?

The population method proposed in this work balances the cqutational
bene ts of the centroid method with the better assumption ofuniform population
distribution within the Census blocks. This shall be acconighed by mapping
population data around airports to grid points correspondig to the resolution of
noise analysis in ANGIM. The data can be exported from ArcGIS through a
one-time pre-processing and stored in ANGIM for rapid calcuian of population

exposure counts. This method will be discussed in more déten Chapter 3.
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2.4 Summary of Research Questions and Hypothesis
Statements

Four research questions and three hypothesis statementsreantroduced in this

chapter. They are repeated here for convenience with a brislimmary of new

formulations and methods that must be introduced to answeragh research question:

RQ 1. What parameters should be used to classify aircraft into gaic vehicle

groups?

Hypothesis 1: A per-class average generic eet of vehicles dened by
vehicle-class groupings based on similarities in the erommental performance
metrics will feature superior eet-level accuracy compace to a per-class average

generic eet of vehicles de ned by traditional seat-classg@upings.

Research question 1 and the corresponding hypothesis staent suggest that
classifying aircraft based on internal seat layouts intragces unnecessary per class
variance with respect to each of the vehicle-level performee metrics. Instead, the
vehicles should be classi ed using a multiclass classi gah method that leverages the
vehicle-level performance metrics for class assignmentghwthe goal of minimizing
per class variance. Minimizing the variance within each da should lead to improved

eet-level accuracy for the combined generic eet.

RQ 2: Given that noise is an airport-level metric, how can it be imzporated

into the average-generic vehicle formulation?

Hypothesis 2: A eet of average generic vehicles will more accurately

approximate the DNL 65-dB noise contours across a subset @fparts as compared
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to a traditional representative-in-class approach.

Research question 2 and the corresponding hypothesis staent suggest that
Becker's average generic vehicle methodology can be extthdo capture eet-level
noise in addition to fuel burn and NQ emissions. However, the airport-dependent
nature of the noise metrics requires the eet-level problento be characterized
di erently than in Becker's original formulation. This modied characterization
of the eet-level problem shall focus on accuracy aeach airport in addition to

minimizing cumulative error.

RQ 3: Given the unigue operations and mission speci cations assated with

each airport, can the generic vehicles still balance accayeacross a subset of airports?

Hypothesis 3: If the operational distributions of each vehicle class a@s a
subset of airports can be isolated from other operational mplexities, the average
generic vehicle that minimizes the mean error for the DNL n®é contours across
the subset of airports will also minimize the error at each rgort when all of these

operational complexities are reintroduced.

Research question 3 and the corresponding hypothesis stant suggest a need
for a series of validation tests with sequentially increasy operational complexity.
In this manner, the inuence of each level of complexity on nse computations
across the subset of airports can be traced, but it is anticiped that the simplest
formulation will su ce for optimizing the generic vehicle input parameter settings.
This simpler formulation reduces the complexity of the mulbbjective optimization
problem for simultaneous accuracy in multiple metrics withpotentially competing

trends. Scalarization through the use of desirability furtons allows for the use of
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traditional single-objective optimization techniques orthe multiobjective problem.

RQ 4: How can assessment of community exposure to signi cant neide

accounted for in a rapid airport-level noise computation nuz|?

While Bernardo's rapid airport-level noise computation mdel provides a good
compromise between delity and computational speed, in itsurrent form it lacks a
capability for rapidly computing community noise exposuran terms of population
counts within the DNL contours. Area-weighted population acounting allows for
the spatial representation of noise exposure to feature d¢omwous variability, but
importing georeferenced contour shape les into a Geograiphl Information System
to calculate these area weightings is computationally inecient. A method that maps
population data to a grid of equal resolution to the noise coputation model would
allow for quick calculations of exposure counts while stikllowing the continuous

variability associated with area-weighted population a@unting.
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CHAPTER Il

PROBLEM FORMULATION AND TECHNICAL
APPROACH

Becker's methodology is posed as an equivalent optimizatigproblem, but the
computational expense introduced by including noise in thegeneric vehicle
formulation requires a modi cation of his methodology. Exhustive design space
exploration for a high- delity vehicle-level model is impactical, and instead
surrogate-based optimization techniques are proposed toxchange delity for
computational speed.

Fleet classication into generic vehicle classes is accolisped through
discriminant analysis, and the characterization of generi vehicle accuracy is
reformulated as distributions of relative errors for each gtric across a subset of
airports. The distributions are characterized by the mean ra the variance of
these relative errors. Optimization of the generic vehicdeis accomplished through a
simpli ed test structure that decouples the mean and the vaance such that the ideal
generic vehicle matches the airport average for each targetetric simultaneously.
The generic vehicles can then be characterized by a singletmu for each metric,
which allows for the construction of surrogate models mappg vehicle-level input
parameters to airport-level metrics. Multiobjective optmization is accomplished by
mapping each metric to desirability functions on a zero-tone scale and combining
these functions into an overall desirability score that ishe geometric mean of the
individual desirabilities. This overall desirability regresents a single objective which
enables the use of traditional optimization techniques.

Subsequent tests that reintroduce operational complexés no longer feature the
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convenience of a single-output per metric, and thus the swgate models can no
longer be used. For these tests, only a subset of best genemticle alternatives
from previous tests are carried forward and evaluated againeach other using
multicriteria decision making techniques. Finally, a gricbased method is introduced
for pre-calculating population counts using Voronoi tes#iation, intersections with

2010 Census block polygons, and area-weighted equationshisTmethod requires
a one-time pre-processing of population distributions ataeh airport to allow for

instantaneous calculations of population exposure for angoise computations at

these airports.

3.1 Modi cation of Average Generic Vehicle Methodology

The steps in Becker's methodology successfully identi echput parameter settings

for the best per class average generic vehicles, but his apgpeh depended on design
space exploration and enumeration of many alternatives. \ila Becker attempts

to exhaustively explore the vehicle-level parameter desigspace to observe the
impacts on each metric simultaneously, his approach couldave been formulated
as a mathematical optimization problem. The goal is to minimze the magnitude of

the relative error with respect to targets generated from th actual eet, as shown in

Equation (18):

Yov  YTarget (18)

minimize f (X;) = =
Xi ( I) Y YTarget

Where:
X; = Input parameter settings for i"" generic vehicle class

vy = Magnitude of relative error for metric Y with respect to targets
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Yev = Fleet-level aggregated metric for eet of generic vehicte

Yrarget = Fleet-level aggregated target metric for actual eet

The input parameters in the physics-based model for each geit vehicle class
(X;) are selected in a manner that minimizes the eet-level errofor each metric.
This optimization problem must be conducted for all of the migics simultaneously,
but each generic vehicle class can be optimized independgnEor Becker's problem,
computations of vehicle-level fuel burn and NQemissions for each alternative are
computationally inexpensive which enables brute force elgpation of the entire design
space. The vehicle-level results for each alternative areery simply mapped to
eet-level results as a function of ight distances and numbr of operations, and
thus the tness of every alternative can quickly be determied and Itered to identify
the input parameter settings that simultaneously balancetness across all metrics.

The addition of noise analysis prohibits this brute force ggoach due to the
increased computation time associated with noise grids. Aadi cation of Becker's
method is thus required that still enables exhaustive desigspace exploration
with reasonable computation times, but also leverages optization techniques.
Conventional optimization algorithms often require many bjective function calls per
run. As modeling and simulation capabilities and the corregmding computational
expenses have increased in recent years, there has been antegush in academics
and industry towards surrogate-based optimization (SBO) dchniques. These
SBO techniques replace direct optimization of expensivedh- delity models with
iterative re nement and reoptimization of a coarser low- celity model that is less
computationally demanding [94]. The most popular surrogatmodels are polynomial
response surfaces, kriging, support vector machines, spawapping, and arti cial

neural networks [95]. The optimal alternatives from the lowdelity model can
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always be veri ed in the high- delity model regardless of te choice of surrogate, but
the use of the surrogate avoids the unnecessary expense e@ased with computing
intermediate alternatives in the high delity model that fall between the initial guess
and the nal convergence of the optimizer.

These SBO techniques represent another method of excharyirdelity for
computational speed. To include noise in the generic velecinethodology, Becker's
approach should be modi ed to leverage these low- delity niels. The steps for this

modi ed methodology are as follows:

1. Calculate targets representing the aggregate perforn@n per generic vehicle

class for each environmental metric of interest.

2. Conduct e ect screening to determine which input paramets are in fact the

most in uential on the relevant vehicle-level metrics.

3. Create designs of experiments from threducedset of in uential input parameter

settings.

4. Evaluate the designs of experiments in the high- delity @hicle-level model and

collect the metric performance for each alternative.

5. Create surrogate models that map these metrics to a tnes$snction leveraging
multicriteria decision making techniques to identify altenatives that best match

the metric targets.
6. Optimize the input parameter settings using the surrogat model.

7. Verify the optimized input parameter settings through ealuation in the

high- delity model and comparison against eet-level targts.

The rst few steps are identical to Becker's methodology, dithe use of surrogate

models, multicriteria decision making, and optimization @nstitute new approaches
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that are necessitated by the additional computational expese associated with noise
analysis. This new methodology also di ers from Becker's itihe statistical approach
to aircraft classi cation, the airport-level characterization of the problem, and the

operational simpli cations necessary to enable the surrate-based optimization.

3.1.1 Multiclass Classi cation Method for Generic Vehicle S

Previous methods for eet classi cation have relied on onerdwo metrics (payload
and range) to assign aircraft to groups. While these metriosan delineate aircraft
that y similar route types, this does not serve to minimize he performance variance
within a group. To accomplish this, the classi cations musbe de ned using a vector
of the actual performance metrics.

There are a wide variety of multiclass classi cation methasl in the literature.
Some of these methods are extensions of more classical hir@assi cation problems,
including neural networks, decision trees, ankl-nearest neighbors. In some cases, the
multiclass problem can be converted into a set of binary clgiscation problems with
traditional methods like support vector machines. An exampl of a more traceable
method designed speci cally for the multiclass problem isiérarchical clustering.
Hierarchical clustering techniques begin with every aircfaassumed to be its own
cluster, and at each step the two closest clusters are joingdducing the total number
of clusters by one [90]. This method is highly dependent orsisequential nature, does
not give any indication as to when to stop the groupings, andags not take advantage
of heuristic understanding of what these groups should appimately look like.

For this work a technique referred to as linear discriminananalysis is suggested.
Discriminant analysis is a method for predicting misclassiations among a priori
groups of multivariate observations [96]. The method is bition linear algebra,

principal component analysis, and multi-response permuian tests. The math for
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discriminant analysis is complicated, but the basic stepsif the context of the aircraft

classi cation problem are as follows:

1. Collect performance metrics for every unique aircraft imhe eet and assign

each to a class (a priori group).

2. For each aircraft, perform a \leave-one-out" cross-valation method where the
aircraft is removed from the analysis, and must be allocate® a group as if it

were a new observation.

3. De ne a set of canonical axes that are linear combinatiorsf the performance
metrics that best distinguish the di erent a priori groups (minus the removed

aircraft).

4. Calculate the Euclidean distance in the canonical spacestiveen the \new"
observation and the centroids of each of the groups to deteime the probability

of classi cation in each group.

5. Repeat for every aircraft and determine which are corrdgtclassi ed and which

may be misclassi ed.

6. Reassign any misclassi ed aircraft to the appropriate gup and repeat the

process until there are no more misclassi cations.

A notional canonical plot of the top two canonical variabless demonstrated in
Figure 23. This example is for a representative problem inged as part of the
statistical software JMP™ | but it visually demonstrates how discriminant analysis
works. The example de nes three groups using four descripdi variables. Canonical
variables are constructed through linear combinations ofhe four variables with
standardized coe cients for each. The standardized coe ants are used to o set

di ering scales among the variables [97]. The rst canonidavariable is the most
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discriminating, meaning that the centroids between the dierent groups are spread
out as much as possible in terms of variance. In this way, demg the canonical or
discriminant variables amounts to nding principal comporent subspaces of the group

centroids themselves [98].
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Canonical 1

Standardized Scoring Coefficients

Var. 1 Var. 2 Var. 3 Var. 4
Canonical 1 -0.426955 -0.521242 0.9472572 0.5751608
Canonical 2 0.0124075 0.7352613 -0.401038 0.5810399

Counts: Actual Rows by Predicted Columns
Group1l Group2 Group 3

Group 1 50 0 0

Group 2 0 48 2

Group 3 0 1 49
Discriminant Scores
Row Actual Square Dist. Probability -Log(Prob) . Predicted Prob(Pred) Others
71 Group2  8.66970 0.2532  1.373 : . |* Group3  0.7468
73 Group2  4.87619 0.8155 0204 [1:::: | Group2 0.8155 Group3:0.1
78 Group2  4.66698 06892 0372 [I:: i ! | Group2 0.6892 Group 3:0.3
84 Group2  8.43926 0.1434 1.942 ¢ |* Group3  0.8566
120 Group3  8.19641 07792 0249 [: ::: Group3  0.7792 Group 2:0.2
124 Group3  3.57858 0.9029 0102 |:::: Group3  0.9029
127 Group3  3.90184 0.8116 0209 [: : :: Group3  0.8116 Group 2:0.1
128 Group3  3.31470 0.8658 0.144 [ : ::: | Group3 0.8658 Group 2:0.1
130 Group3  9.08495 0.8963 0109 |:: i1 | Group3  0.8963 Group2:0.1
134 Group3  7.23593 0.2706 1307 | 1: i |* Group2  0.7294
135 Group 3  15.83301 0.9340 0.068 | : ::: Group3  0.9340
139 Group 3 4.09385 0.8075 0214 [1: ¢ Group 3 0.8075 Group 2 0.1¢
*' indicates misclassified

Figure 23: Notional Canonical Plot for Discriminant Analysi S

As can be seen, some of the color-coded groups are well de ngdtlhese two
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canonical variables, but other groups overlap so closely ahthere is a greater
possibility of misclassi cation. The small circles represnt 95% con dence intervals
for the group centroids, and the larger circles contain 50% the members in each
group. The closer these circles are to each other in the caiai plot, the poorer the
distinction between the groups and the higher likelihood ahisclassi cation. In the
discriminant scores table, the probability of misclassi ation is reported as well as
the most likely class assignment. If the probability of asgnment to another class is
greater than the probability of assignment to the a priori @ss, then that alternative
becomes a candidate for reclassi cation. The discriminaminalysis must be repeated
after reclassi cation because these canonical variablesdathe resulting canonical
plots change with each iteration.

This method was chosen due to the advantage of pre-de ning é¢hnumber of
groups (the six vehicle classes) and the ability to leverageeuristic knowledge
of competitive aircraft with similar physical and performace characteristics for
the a priori assignments. The heuristics allow for a good stang guess such
that the method converges in only a few iterations, and the nigod is built on
traceable statistical analysis aimed at reducing in-classriance with respect to the

performance metrics.

3.1.2 Airport-Level Characterization

The optimization problem posed in Equation (18) characteries the eet-level
performance of the generic vehicles for each metric as a #n@ggregate value
compared against a single aggregate target. Research qimst2 and the
corresponding hypothesis dictate a need for accuracy each airport, which implies
that generic vehicle performance cannot be characterizeg bingle aggregate metric

values but rather by distributions of metric values across aubset of airports. The
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tness of a particular generic vehicle model must be evaluadl by comparing against
target metrics at each airport. This can create di culties when trying to implement
optimization techniques which typically require a single lojective function.

One common approach for evaluating model accuracy across ltiple sample
values is the use of root mean squared error (RMSE). When coarmg two data
sets (one set from theoretical prediction and the other fromctual measurement),
the RMSE of the pairwise di erences of the two data sets canrse as a measure of
how far on average the error is from zero [99]. In the context the generic vehicle

problem, RMSE across a subset of airports is de ned as follows:

1 X 2
RMSE = n (Yova YTarget;a) (19)

a=1

o<

Where:
Yov:a = Aggregated metric for eet of generic vehicles at unique guort a

Yrargeta = Aggregated target metric for actual eet at unique airport a

While RMSE represents a single value for optimization, it i® scale-dependent
measure [100]. Given that the optimization problem actuaflincludes multiple metrics
each with dierent scales, it becomes di cult to compare RME between metrics
or to formulate a multiobjective optimization problem that isn't biased towards a
speci ¢ metric. Becker used relative error to avoid this big, but for the airport-level
formulation relative error must be de ned on a per-airport lasis. The distribution of
relative error for each metric can then be characterized byh¢ mean and variance of

this relative error across the subset of airports as shown Equation (20):
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Yova = f (Xry; Xssa; Xisa; Xsta; Xita ; Xvia)

_ YGV;a YActuall;a

- YActual;a
_ X (20)
Y — H a)y
a=1
, _ 1X 2
Y T 4 ( ay Y)
n
a=1

Where:
X; = Input parameter settings for i"" generic vehicle class
ay = Relative error for metric Y at unique airport a
v = Mean error for metric Y across subset of airports

2 = Variance of error for metric Y across subset of airports

This characterization measures the generic vehicle penfoaince for each metric
on a common scale, but each metric is represented by two measuents (mean and
variance) instead of one. In principle, the RMSE for the retave errors, ,.v, could be
used for optimization of a single value per metric, but the tative errors at smaller
airports tend to be magni ed relative to the larger airportsdue to smaller target values
in the denominator. Thus, this approach would unnecessayibias the optimization
towards better accuracy at smaller airports.

Instead, a multi-tiered approach is proposed where rst thevariance and then
the mean of these relative error distributions are minimize The variance within a
class shall be minimized through the previously discussethtsstical classi cation

of the actual eet into performance-based vehicle classe$he mean error for each
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metric across the subset of airports shall then be minimizeay optimizing the input

parameter settings for each generic vehicle model.

3.1.3 Method for Optimization of Average Generic Vehicles

Once the aircraft are assigned to the appropriate vehicleasses, a series of validation

tests must be formulated to trace the di erent sources of opational variability. The

test structure outlined in Table 10 sequentially adds moreamnplexity such that the

impact of each can be independently understood.

Table 10: Average Generic Vehicle Test Speci cations

Test ID Distributions Mission Lengths Operational Runway Layouts’
Volumes
A Isolated Classes Most Common 200(.) Ops per Single Runway
Stage-Lengths airport
Discretized 2000 Ops per .
B Isolated Classes Stage-Lengths airport Single Runway
Combined Discretized 2000 Ops per .
= Classes Stage-Lengths airport Single Runway
D Combined Discretized Actual Airport Sinale Runwa
Classes Stage-Lengths Volumes g y
£ Combined Discretized Actual Airport Actual RUNWAYS
Classes Stage-Lengths Volumes y
- Combined Discretized Randomly Actual RUNWAYS
Classes Stage-Lengths Scaled Ops y

1 Assumes 50% split between approach and departure operations
2 Assumes uniform runway utilization with cross- ow

Test A is formulated to isolate the impact of the operationabistributions of the

constituent vehicles within each of the vehicle classes. @&wavehicle class is tested
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separately, so Test A actually comprises multiple tests. Feeach of the Test A class
tests, itis assumed that all of the operations at each airpbconsist only of the relevant
class being tested. The only source of variability in the tget metrics from airport to
airport is due to the percent distributions of each constitant vehicle within the class.
The advantage of this formulation is that each of the generieehicle alternatives is
characterized by a single value for each metric. For a givenetnic, the quantity Ygya
is identical for each unique airporta because the generic vehicle is allotted all of the
scheduled ights, whereas the quantityYyageta IS Unique for each unique airport.
As a result, the relative error distributions for each metriccalculated using Equation
(20) feature identical variance for each generic vehiclet@lnative. The objective can
now be simpli ed to minimizing the mean relative error for eeh metric.

A mean relative error of zero corresponds to the case when theneric vehicle
performance matches the average target metric across thebsat of airports (with
respect to the Test A speci cations). This ideal generic vatle performance with
respect to a given metric is represented in Equation (21):

1 X

Yaviideal = Target — n YTarget;a (21)
a=1

Where:
Yovidea = Aggregated airport-level metric for ideal generic vehiclenodel
Target = Average target metric for actual eet across a subset of airprts

Yrargeta = Aggregated target metric for actual eet at unique airport a

This formulation makes the optimization problem much moreractable because

the input parameter settings for each generic vehicle modean be mapped to a
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single value per airport-level metric { (X;) ! Ygv), enabling the use of surrogate
models. There are many potential choices for surrogate mdsle but arti cial
feed-forward neural networks are suggested given the unkwo functional forms
relative to the input parameters. A neural network is a twotage regression model

typically represented by a network diagram as shown in Figar24:

Input Output
Hidden Layer

Figure 24: Diagram of Feed-Forward Neural Network

Derived hidden nodes,z,,, are created from linear combinations of the input
parameters fed into an activation function, (v). The activation function is typically
a sigmoid function ( (v) = ﬁ), but other activation functions are possible. Then

each metric, Yy, is modeled as a function of linear combinations of the hiddenodes

as shown in Equaation (22) [98].
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Zm = om+ WmXi ,m=1;:5M
(22)
Ye= ot oZ,k=1;:3K

Where:
z. = Derived function for m™ hidden node
= Activation function (sigmoid)

n = Vector of linear weights applied to inputs form™ hidden node
X; = Vector of input parameter settings fori" generic vehicle class
M = Total number of hidden nodes
Y, = Output unit for k™ metric

« = Vector of linear weights applied to hidden nodes fok™ metric
Z = \ector of hidden nodes

K = Total number of metrics

The number of hidden nodes is exible, but for model accuraayis better to have
too many than too few [98]. More hidden nodes, however, reqeiimore iterations for
training the models, and they can also be more computationglexpensive function
calls when used with an optimizer. Thus, as always, delity md speed must be
balanced. The unknown parameters in Equation (22) are the vghts applied to the
input parameters ( ) and the weights applied to the hidden nodes ). These
unknowns are determined by su ciently sampling the high- delity model, using a
mayjority of the samples as training data and reserving somarsples for validation.

Sum of squared errors with respect to the actual outputs froitine high- delity model
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are used as a measure of t with respect to both training and Vi@ation data, as is
common for regression models.

The network diagram in Figure 24 shows the input parametersapped to multiple
metrics, and the ideal generic vehicle must satisfy Equatiq21) for all of these metrics
simultaneously. Given the dierent scales for the di erentmetrics, scalarization
is necessary. This can be accomplished by de ning \desirdity functions" for
each metric such that each metric is mapped to a common scal€he ideal metric
value from Equation (21) should map to a maximum desirabijt The further the
performance of the generic vehicle alternative strays fromhis ideal, the lower the

desirability score. A notional example of a desirability faction is shown in Figure 25:

+ﬁTarget
p"l'argel R R
'G'l'urgrl
0 0.5 1
Desirability
Figure 25: Notional Desirability Function for Generic Vehic le Target

The desirability function in Figure 25 resembles a Gaussiaturve. The peak of
the curve coincides with the mean of the target distributionas de ned in Equation
(21), and maps to a maximum desirability score of one. In thisxample, the bounds
of the desirability function are set by the standard deviabns of the target metrics.
In this manner, if the deviation of the generic vehicle perfmance from the ideal is

greater than the standard deviation observed for the targenetrics across the subset
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of airports, the generic vehicle alternative is assigned asirability score of zero. By
formulating the desirability functions in this manner, eab metric can be mapped to
a common scale with each desirability function normalizedylthe existing variation
across the subset of airports. This mapping assumes a unifoweighting for the
importance of each metric, but practically other weighting could be explored by
adjusting the bounds of each desirability function. Wider bunds implies a greater
tolerance of error for a given metric, whereas narrower bods implies a requirement
for greater accuracy.

With each metric mapped to a common scale, the desirabilityceres can be
combined to de ne a single-objective. An arithmetic mean of he individual
desirability scores would provide a single-objective, buthis formulation could
potentially over-value a generic vehicle alternative thabalances very bad accuracy in
one metric with very good accuracy in another. Instead, an evall desirability score
that is the geometric mean of the individual desirability sares is proposed. The
geometric mean is less forgiving to generic vehicle altetivaes that struggle for any
one metric. Thus, the optimization problem can now be posed terms of maximizing

this overall desirability, as shown in Equation (23):

o<
<

maximize D =

Xi i=1

such that min BPR; BPRyx, maxBPR; (23)
min OPR; OPRyx, maxOPR,

min Thrust; Thrustx, max Thrust;

Where:

X; = Vector of input parameter settings fori"" generic vehicle class
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d; = Desirability score for j " metric
D = Overall desirability score (geometric mean of metric desabilities)
BP R, = Vector of bypass ratio values ini"" generic vehicle class
OPR; = Vector of overall pressure ratio values iri™ generic vehicle class
T hrust; = Vector of sea-level static thrust values ini™ generic vehicle class
BP Ryx, = Generic vehicle bypass ratio as (X;)
OP Ry, = Generic vehicle overall pressure ratio as(X;)

Thrusty, = Generic vehicle sea-level static thrust a$ (X;)

Equation (23) also subjects the input parameter settings t@onstraints on the
nal engine design. The purpose of these constraints is to sure that the generic
vehicle actually resembles the constituent vehicles withiits class. If the optimizer
were unconstrained, it could potentially nd input parameter settings that match the
target metrics but with infeasible engine designs. Techraies applied to this baseline
generic vehicle with infeasible engines might lead to uniesic or misleading levels
of improvement. The constraints bound the OPR, BPR, and sel@vel static thrust of
the generic vehicle by the range of values observed for thensttuent aircraft within
the class.

The optimization problem shall be executed on the surrogataodels, but results
must be veri ed in the high- delity model. Even the most accuate surrogate model
is still an approximation of the actual model, so the best ingt parameter settings
from the optimization may not be as t once veried in the high delity model.
Furthermore, the optimization is performed with respect tdhe Test A speci cations,
but the resulting generic vehicles must also be validated aigst each of the subsequent

test speci cations. Thus the goal of the optimization shoul not be to nd a global
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maximum of overall desirability for each generic vehicleass, but rather to populate
a subset of t alternatives for each class.

To accomplish this, Monte Carlo simulations should be used tbroadly explore
the design space and identify promising combinations of theput parameter settings.
The surrogate models make these simulations computatiohacheap such that the
space can be explored at a high resolution. Thousands of ingarameter settings
can be instantaneously evaluated and ranked by overall deshility score. Only
the top ranking alternatives need to be veried in the high-delity model, but it
is anticipated that equally good or possibly better input peameter settings exist
nearby in the design space. A focused design of experimertsttslightly perturbs
the input parameter settings around the top few alternative from the Monte Carlo
simulations on the surrogate models should be able to idefytithese potentially

better alternatives.

3.1.4 Multicriteria Decision Making (MCDM)

Test A decouples the mean and the variance to enable the siegiutput formulation
of the generic vehicle problem, but each of the successivettedoes not feature this
decoupling. Thus, the surrogate-based optimization appach can only be applied
for Test A. Hypothesis 3 suggests that the best alternativesdm Test A will still
perform well for each of the subsequent tests, but for TestsBeach alternative must
be evaluated against each other which requires a comparisoherror distributions
for multiple metrics. Thus, a decision making technique isequired that can evaluate
multiple criteria each de ned by distributions as opposedd single values.

In practice, any MCDM technique that meets this requirementan be used, but
for this work Stochastic Multicriteria Acceptability Analysis (SMAA) was chosen.

The technical approach does not hinge on this speci ¢ methpdnd thus only a brief
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description is included here. A more detailed discussion 8MAA is included in
Appendix A. Not only can this method accept distributions for eeah criterion, it
also doesn't require preference information. Most MCDM téniques take preference
information from a decision maker and evaluate alternatigwewith respect to these
weightings. SMAA is described as amverse multicriteria decision aiding technique,
meaning the method provides descriptive measures for eadtemative as opposed to
simply ranking the alternatives. This is accomplished by eduating multidimensional
integrals with respect to the weight space and the criteriaistributions to explore
how each alternative may be ranked given di erent preferees for each metric, thus
providing a decision maker with more detail and transparemnc

The best alternatives from Test A and the perturbed design a#xperiments shall
be evaluated against each other with respect to Test B specations. A handful of
the best alternatives from each generic vehicle class witespect to Test B shall be
down-selected and carried forward for Tests C-F. These combed class tests shall
compare full-factorial eet combinations of the most t alternatives from each class,

once again using this SMAA formulation.

3.1.5 Summary of Approach to Generic Vehicles

Becker's original average generic vehicle methodology BHae modi ed to leverage

surrogate-based optimization techniques. The performamcvariance within each
generic vehicle class is minimized using discriminant agals, and the generic vehicle
optimization problem is characterized by minimizing the man error across the
subset of airports. Operational simpli cations allow the ehicle-level input parameter
settings for each generic vehicle class to be mapped to aifplevel metrics, which

enables the construction of surrogate models for each metri Mappings of these

output metrics to desirability functions reduces the multobjective optimization
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problem to a more tractable single-objective of maximizinghe overall desirability
score. Monte Carlo simulations on the surrogate models idéy promising
combinations of the input parameter settings for each geriervehicle class.

These best input parameter settings shall be veried in the igh- delity
vehicle-level model, and other t alternatives are identied by slightly perturbing the
input parameters. Only a subset can be carried forward becsel these subsequent
tests introduce more operational complexities such that #hsurrogate models can no
longer be used. For these more complex tests, an alternatinulticriteria decision
making technique shall be used to evaluate criteria charamized by distributions
instead of single values. The best alternatives from eaclas$ shall be down-selected,
and full-factorial combinations of these alternatives shiabe explored to identify the

best generic eet.

3.2 Method for Rapid Computation of Community Noise
Exposure

All of the preceding discussions on noise have focused on thdlDcontour areas and
shapes. As previously mentioned, the true noise metric of arest is the population
exposed to this signi cant noise, which can be determined lyerlaying these contours
on maps of Census population densities. Assessing populatexposure is one of the
primary motivations for including Esri's ArcGIS® framework at the core of the AEDT
system [11]. For a rapid airport-level noise computation ta like ANGIM, however,
it is too cumbersome to import contours for every potential enario into ArcGIS®
for performing these population exposure counts.

Instead, a population grid method is proposed which export€ensus block
population to a grid conforming to the grid dimensions of theairport-level noise
analysis. The reference grids are imported into ArcGFfS and geospatially aligned

with a given airport runway endpoint. Each grid point is conerted to a \Thiessen
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polygon" via the Voronoi tessellation method [101]. The mabd of Voronoi
tessellation generates polygons from a set of points thateamathematically de ned
by the perpendicular bisectors between all of the points. [Eh resulting polygon
can be mapped to a single seed point, and the boundaries of shepolygons are
de ned such that every point within the polygon has the smadéist Euclidean distance
with respect to that seed point as compared to any of the otheseed points. A
notional example of Voronoi tessellation for a seed of twgnpoints generating twenty

polygons is shown in Figure 26.

Figure 26: Notional Example of Voronoi Tessellation [102]

By using a grid of evenly spaced points conforming to the rdation of the
noise analysis as the seed points for the Voronoi tesseltatj the resulting Thiessen
polygons are each a 0.08 nmi by 0.08 nmi square with the gridipiat the center, as
is notionally depicted in Figure 27. These square Thiessemlggons are intersected
with the Census block polygon shape les. If a Census block tnadary crosses a

square Thiessen polygon, the latter is split into multiple plygons as is depicted

97



in Figure 27. The irregular shaped polygon in Figure 27 repents a 2010 Census
block polygon, and the intersection of this polygon with onef the square Thiessen

polygons is outlined.

Figure 27: Intersection of Census Block and Thiessen Polygo ns

The population counts for the polygons resulting from the irersection operation

can be calculated using the area-weighted formula in Equati (24):

Area intersect

P OPintersect = m P 0ppiock (24)
oc

Where:
P Opintersect = Population count for polygon resulting from intersection

P opyiock = Population count joined to 2010 Census block polygon
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Area inersect = Polygon area resulting from intersection

Area pock = 2010 Census block polygon area

Once the population counts are determined for each of thesgdrsected polygons,
the total population contained within the original square Thiessen polygons is
summed and these counts are assigned to the original seednpi In this manner
the 2010 Census block population counts are e ectively distized by the grid points
from the noise analysis such that the total population coustsurrounding the airport
are conserved. This method takes advantage of the simplemgoutations associated
with the centroid method but at a ner resolution with an assumption of uniform
population distribution within a 2010 Census block polygonSince the noise analysis
is already calculating DNL decibel levels at each of these grpoints, population
exposure counts can be easily calculated by identifying vehi grid points are above a
given noise threshold (typically DNL 65-dB but other decibelevels can be calculated
as well) and summing the corresponding population at theseig points. In this
manner, a continuous change in the size and shape of the notsmtour maps to a
continuous change in population exposure counts.

By conforming to the existing data structure in the noise moel, these population
grids enhance its capability to evaluate community noise pesure with minimal
increase in run-time. To demonstrate the utility of pairingthis method with the
generic vehicle approach, population exposure counts for2@10 baseline year shall
be compared using the actual eet of aircraft and then repeatl using the nal

generic vehicle designs from the previous sequence of \atiioh tests.
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3.3 Summary of Technical Approach

While there is some exibility in the techniques and models hat can be used,
the modi ed generic vehicle methodology hinges on statistl classi cation of the
eet, airport-level characterization of generic vehicle ecuracy, and surrogate-based
optimization. These surrogates enable cheaper exploitati of the input parameter
settings for each generic vehicle class, which allows formadocused exploration in the
high- delity models. This focused exploration populates &ubset of t alternatives,
and multicriteria decision making evaluates these alterti@es with respect to each
of the validation test speci cations. Once this best generi eet is identi ed, their
utility for airport-level noise analysis can be demonstrad and enhanced by adding
a method for quantifying population exposure counts that adorms to the existing

data structure in the rapid airport-level noise computatio model.
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CHAPTER IV

IMPLEMENTATION

With the technical approach for optimizing the generic velules established, the
methodology was implemented by selecting modeling and silation tools that
meet the previously established requirements. Discriminta analysis was carried
out to nalize the vehicle class assignments, which is vislia shown to have less
in-class variance than traditional seat-class groupingsA sensitivity analysis with
respect to noise metrics was conducted on the physics-basezhicle-level model
and cross-referenced against Becker's list of signi cantnables for fuel-burn and
NO, emissions to de ne a reduced subset of important variables.Space- lling
designs of experiments were executed, and the results wesedito train feed-forward
neural networks for each metric. These surrogate models weincorporated in a
prediction-pro ler environment to enable Monte Carlo simiations. Desirability scores
were calculated to identify good locations in the design spa, and the performance
with respect to these input parameter settings were veri edn the physics-based
vehicle-level model. Perturbed designs of experiments alhdhese optimal locations
were explored to identify slightly better alternatives, ad SMAA was used to choose
a subset of best alternatives for each class. Full-factofri@ombinations of these
alternatives from each class were evaluated and a best geneeet was de ned for
both the vehicle-class and seat-class based formulations.

Fleet-level results for each generic vehicle formulationene shown to be more
accurate than a traditional representative-in-class appiach, with the vehicle-class
groupings proving slightly better than the seat-class grqungs. The generic vehicles

were then used in conjunction with pre-processed populatiayrids at each airport.
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These vehicles demonstrated good accuracy in populationuots with respect to
the actual eet using the same population grid method, but ata much reduced
computation time. Therefore, the generic vehicles and theopulation grids represent
e ective exchanges of delity for speed that enable the sceaing-level framework for

assessing aviation's environmental impacts.

4.1 Selection of Modeling and Simulation Tools

The general requirements for modeling and simulation capiéibes were outlined in
Chapter 2. The types of analyses conducted in this study carelrepeated with any
set of tools that satisfy these requirements, but for the pposes of demonstration

speci c tools shall be selected. These tools are discusse ly in this section.

4.1.1 \Vehicle Performance Model and Schedule of Operations

The Aerospace Systems Design Laboratory (ASDL) at Georgia Tetas developed
an in-house tool referred to as the \AEDT Tester." This tool ugs the built-in
AEDT algorithms and performance modules discussed previdyso rapidly generate
single-aircraft performance, fuel burn, emissions, andngie-event SEL noise grids
[103]. Vehicle coe cients can be extracted from the relevandatabases and run
through the AEDT Tester to capture the performance of existig vehicles. New
vehicles can also be run through this tool provided that theelevant coe cients
can be dened. The user can de ne unique operations, deparal and arrival
airport/runway locations, and atmospheric conditions to ee how the performance
of these vehicles change for dierent types of missions. Th&®EDT Tester does
introduce some simpli cations, such as an assumption of sight-in and straight-out
ground tracks. However, the AEDT Tester does not incorporatehe Geographical

Information System (GIS) core that the full AEDT is built on, so inclusion of
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location-speci ¢ information such as terrain and typical wather is not included.

4.1.2 Schedule of Operations and Airport-Level Computatio ns

The AEDT Tester is still a vehicle-level tool for measuring enronmental impacts of
aviation. Thus, it cannot independently serve as a eet-leal model. The vehicle-level
results from the AEDT Tester must be aggregated to generaterpbort-level results,

which requires the inclusion of operational volumes and safules that track the
distribution of these operations between di erent vehicke as well as over di erent
mission ranges. The source of this operational data may varyut eet-level tools

often require simpli cation of the continuous range of misen trip lengths. One
simpli cation for trip-length that is commonly associated with noise analysis is
the use of a stage-length designation, as was common use fw tntegrated Noise
Model and currently in use for AEDT. Stage-length designaties simplify mission
trip lengths by discretizing them into nine bins. INM also dened a representative

mission range per stage-length, as is demonstrated in Taldlé [72].

Table 11: Stage Length Designations

Stage Min Distance Max Distance Representative
Length [nmi] [nmi] Mission
Range [nmi]
1 0 500 350
2 501 1000 850
3 1001 1500 1350
4 1501 2500 2200
5 2501 3500 3200
6 3501 4500 4200
7 4501 5500 5200
8 5501 6500 6200
9 6501 - 7200

To simplify the operations and to assure proper comparisorf the impacts of
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fuel burn, NOy,, and noise, the gate-to-gate ights shall also be discregd by
stage-length. Fuel burn and NQ measurements will be restricted to operations at the
representative mission ranges listed in Table 11. With thisimpli ed operations set,
aggregate fuel burn and NQ can be calculated using vehicle-level performance for
each stage-length and simple spreadsheet calculationstthiak the performance to a
schedule of operations. This can be done for both the totalission and terminal-area
metrics. DNL noise grids and contours, however, have an adidihal dependence on
runway con guration and utilization. This contributes to t he spatial nature of this
metric, and thus an additional capability is required to aggegate noise.

Bernardo formulated ANGIM to satisfy all of his requirementsdr an airport-level
noise model, and if the schedules used by ANGIM can simultanesbyi be linked
to spreadsheet aggregations for fuel burn and NQ the additional requirements
introduced in this work can also be met. Therefore, the airptlevel tool for this
work will actually be an integration of the AEDT Tester, ANGIM, and Excel

spreadsheet aggregations for fuel burn and NO

4.1.3 Physics-Based Vehicle-Level Model with Technology | nfusion
Capabilities

At the Georgia Institute of Technology, the issuance of the 8EP goals led to the
development of the Environmental Design Space (EDS). EDS astool developed by
Georgia Tech's Aerospace Systems Design Laboratory (ASDLY fihe U.S. Federal
Aviation Administration's O ce of Environment and Energy (FAA/ AEE) as part
of a comprehensive suite of software tools that allows for &drough assessment
of the environmental e ects of aviation [104]. EDS provideghe capability to
generate an integrated analysis of aircraft performancepwce noise, and exhaust
emissions at the aircraft level for potential future aircrét designs under di erent

policy and technological scenarios. The integrated analgsenables the assessment
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of the interdependencies and associated trade-os betweeaircraft performance,
noise and emissions in a transparent and traceable mannerD& employs mostly
physics-based, integrated, multidisciplinary modelingrad simulation that seamlessly
combines core modules originally developed by NASA coupledthvidesign rules
and logic along with user-de ned engine and airframe desigmrameters to create

aircraft designs. The general EDS architecture is diagramed in Figure 28 [105].
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Figure 28: EDS Architecture

The EDS environment can be thought of as executed in four ples for a
single vehicle. Phase 1 begins with the initialization step which establishes the
di erent modes and options for running EDS and determines # settings of all
the design variables. These design variables can includenddueds of dierent
engine, aerodynamic, weight, and geometry settings. Pha2es the vehicle design
phase which performs the necessary cycle analysis and theéres the engine and

airframe. The primary modules covering engine design incle the Compressor Map
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Generation (CMPGEN) program for compressor map generatiorthe Numerical
Propulsion System Simulation (NPSS) for thermodynamic cyelanalysis, and the
Weight Analysis of Turbine Engines (WATE) for engine ow pathanalysis and weight
estimation [106, 107, 108, 109, 110, 111]. In this phase,rhés rst a design loop for
the engine and then a design loop between the engine and arfre. The engine design
loop rst performs the thermodynamic cycle design with CMP@&N and NPSS at the
aerodynamic design point; integrating a multi-point desig methodology to ensure
the engine meets thrust requirements at both top of climb (TQ) and take-o [112].
There are then iterations between the NPSS thermodynamic dgcand the WATE
ow path analysis until the two analyses converge. After comption of the engine
design loop, the vehicle design loop starts by running the éhmodynamic cycle model
in o -design mode throughout the ight envelope to generatean engine deck for the
aircraft mission analysis. The aircraft mission analysissiperformed in the Flight
Optimization System (FLOPS) for a given mission, payload,hrust to weight ratio,
and wing loading, scaling the engine deck thrust and the veité size to meet the
targets [113]. If the engine deck thrust is scaled, the engirdesign loop is executed
again with the new thrust targets. This loop is repeated untithe engine does not
scale in the aircraft mission analysis. The vehicle is xedtdhe end of this phase.
Phase 3 is the vehicle performance evaluation phase. In thghase all
desired performance evaluations are conducted includingsgous emissions, noise
certi cation, takeo and landing performance evaluations and fuel burn for o -design
points on a payload-range chart. Vehicle fuel burn perfornrmae for design and
o -design conditions are executed in FLOPS, while emissienare estimated based
on correlations derived from the P3-T3 method [114]. At theral of this phase, the
aircraft engine state tables from NPSS and the certi cation fajectories generated
from FLOPS are fed into the Aircraft Noise Prediction Program ANOPP) to

calculate certi cation EPNL4s values and NPD-curves for multiple noise metrics
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[115, 116].

Phase 4 is the output data phase. Here all desired data is comepi into
user-speci ed summary les. EDS includes an option to genste an AEDT Tester
input le by matching the various performance tools to each fothe required AEDT
coe cients, which satis es the requirement of an interfacewith the eet-level tool.
The methods for mapping EDS vehicles to the AEDT coe cients isdescribed in
detail in de Luis' PhD dissertation, although some modi caibns have been made to
match improvements and changes to the AEDT detailed model [I]L In this way, the
integrated fuel burn, NQ, and noise performance generated by EDS can be evaluated
in the integrated eet-level tool suite in the same manner aany industry validated
vehicle de ned by the relevant coe cients. This allows for he use of the AEDT
Tester as a common truth model for the existing eet as well aiture vehicles with
technology infusion.

EDS models technology infusion using a series of additive amultiplicative
factors at various levels of the analyses. These factors leotively encompass the
technology design space de ned by rst formally collectingechnology data in terms
of its quantitative impacts and interactions with other potential technologies. The
technology data is then formally recorded into a Technologynteraction Matrix
(TIM) and Technology Compatibility Matrix (TCM) respectiv ely. These matrices
provide both traceability and transparency to the technolgy modeling and auditing
process. Technology information may be gathered from putly available literature,
including peer reviewed publications, and subject matterxperts, either at NASA
or in industry. It is important to note that technology impacts are modeled at the
component level and allowed to propagate through the EDS melihg and simulation

environment in order to determine the system level bene tsl[L8].
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4.1.4 Integrated Airport-Level Environment with Specic T ools

The Environmental Design Space will be used to explore potéd average generic
vehicle designs. These vehicles will serve as technologgtheds to project the
performance of future vehicles with advanced technologjesuch as those currently
being studied by the CLEEN and ERA programs. Given the seleon of specic
tools, the notional diagram in Figure 21 can now be updated thi the speci ¢ tools
used for this study as shown in Figure 29. This integrated emenment will be used

for optimization of the average generic vehicles.

AEDT TESTER

Figure 29: Integrated Airport-Level Environment with Spec i c Tools

4.2 Vehicle Classi cation through Discriminant Analysis

Before the current eet of aircraft can be grouped into binssome criteria must
be established to determine which vehicles should be inckdlin the study. The
generic vehicle models are intended to serve as a represtwtareplacement vehicle
for future years when older vehicles are retired. Many of theehicles that are
currently out-of-production are being phased out becauséhe¢y are unreasonably
loud or have very poor fuel economy relative to the current ate-of-the-art vehicles.

It is reasonable to assume that a new vehicle introduced inttue years will have
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performance more comparable to current in-production vetles rather than the
obsolete out-of-production vehicles, thus only in-prodtion vehicles were included.
This signi cantly reduced the eet to the important and relevant aircraft. The

vehicles must also have a signi cant number of operations dnbe signi cant

contributors to aggregate fuel burn, emissions, and noiséhis criteria eliminated

most non-commercial aircraft such as general aviation araft, vehicles with fewer
than 20 passengers, and turboprop aircraft.

Fuel burn and NO, masses for total mission, terminal area departure, and teinal
area approach for existing aircraft were calculated usingné AEDT tester. For noise
guanti cation the end goal requires that the combinations bgeneric vehicles should
be able to match DNL contours for a given airport with a given s$wedule, but for
the purposes of vehicle grouping the focus must remain on ahae-level metric such
as the SEL contours. Measurements of SEL contours providesight into the noise
footprint of individual vehicles. Groupings focus on contars from SEL 70-dB to SEL
85-dB, as these SEL values at the vehicle level correlate lweith the DNL 55-dB and
65-dB contours for a busy reference airport with 2,000 daityperations, as determined
mathematically using Equation (15) in Chapter 2. In order tocapture the size and
extent of the contours, the metrics of interest are the conto areas, the maximum
widths of the contours, and the maximum lengths.

With the eet trimmed down to relevant in-production aircraft and given the
metrics above, the performance of these vehicles can be camgol and used for
groupings. Di erent vehicles have di erent design rangesral thus to compare all of
the vehicles on similar grounds, a short stage-length 1 miss of 350-nmi with the
mission pro le shown in Figure 30 was chosen. The mission repents a straight
ight from an airport at sea-level static atmospheric condions to another airport at

sea-level static atmospheric conditions, cruising at 3R0 ft.
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Figure 30: Common Stage-Length 1 Mission Pro le

The performance metrics were collected for all of the airdtain the eet and
used for discriminant analysis. Aircraft were assigned to gups based on heuristic
knowledge and intuition. For example, the Airbus A320 and A321lehicles should
likely be classi ed in a group with its competitors, the Boeig B737-8 and B737-9
vehicles, based on similar geometries, passenger capasjtand mission pro les.

Once the a priori assignments were made and discriminant dysis was carried
out, parallel plots were created to visually examine the reamning variability and
determine if any of the groups needed to be disaggregatedadntwo groups. A
parallel plot, sometimes referred to as a parallel coorditeaplot, is a common way of
visualizing and analyzing high-dimensional and multivaate data. The visualization
is closely related to time-series visualization, except & it applies to data where
the vertical axes do not correspond to points in time. Thesexas represent each
of the di erent metrics, and thus di erent trends and patterns can be identi ed by
rearranging the order of the metrics. The vertices of eachntieal line represent the
minimum and maximum values for that metric amongst all of thealternatives, with
the line representing a linear scale between these extrem&sr example, if the line
associated with an alternative crosses the vertical linerfa metric at its midpoint, the

value of the metric for that alternative is equal to the midpat between the minimum
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value and maximum value, or the minimum value plus 50% of theange. Lines that
cluster close together represent alternatives with similanetric values, whereas lines
that bound a larger area represent alternatives with greatevariability with respect
to the metric values.

For the parallel plots that follow, the various groups are mtted separately for
increased visual clarity. It should be noted that the origial vehicle-class groupings
included both a Small Regional Jet (SRJ) and a Large Regiondkt (LRJ) class,
but eventually the vehicles in the SRJ class were deemed aftproduction and not
included in the generic vehicle exercise. Further researcdm market forecasts for
regional jet aircraft showed that these smaller designs ane fact being phased out
in favor of larger regional jet designs due to the projectedhéreases in passenger
demand for short-range ights [119, 120, 121, 122]. Theredothe SRJ vehicles were
reclassi ed as out-of-production vehicles, and only the LRvehicles were carried
forward. Henceforth, the LRJ class shall simply be referredtas the RJ class, which
corresponds to the LRJ class in the parallel plots. The patal plots for the vehicle
classes are shown in Figure 31 whereas the equivalent paigblots for the seat classes
are shown in Figure 32. The aircraft are color-coded by therehicle-class assignments
to visually demonstrate that the seat classes include a bréaange of vehicle types.
While the metrics represented by the vertical lines are listl in groups in the gures
to reduce the clutter on the horizontal axis, the vertical ines from left-to-right are as

follows:

1. Maximum Range [nmi]
2. Maximum Payload [metric tons]
3. Total Mission Fuel-Burn [kg]

4. Departure Terminal-Area Fuel-Burn below 3,000-ft [kg]
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10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24,

. Approach Terminal-Area Fuel-Burn below 3,000-ft [kg]

. Total Mission NO, Emissions [g]

Departure Terminal-Area NQ, Emissions below 3,000-ft [g]

. Approach Terminal-Area NQ, Emissions below 3,000-ft [g]

Departure SEL 70-dB Contour Area [nnf]

Departure SEL 70-dB Contour Maximum Width [nmi]
Departure SEL 70-dB Contour Maximum Length [nmi]
Departure SEL 75-dB Contour Area [nnd]

Departure SEL 75-dB Contour Maximum Width [nmi]
Departure SEL 75-dB Contour Maximum Length [nmi]
Departure SEL 80-dB Contour Area [nnd

Departure SEL 80-dB Contour Maximum Width [nmi]
Departure SEL 80-dB Contour Maximum Length [nmi]
Departure SEL 85-dB Contour Area [nnd]

Departure SEL 85-dB Contour Maximum Width [nmi]
Departure SEL 85-dB Contour Maximum Length [nmi]
Approach SEL 70-dB Contour Area [nnfi

Approach SEL 70-dB Contour Maximum Width [nmi]
Approach SEL 70-dB Contour Maximum Length [nmi]

Approach SEL 75-dB Contour Area [nnfi

112



25.

26.

27.

28.

29.

30.

31.

32.

Approach SEL 75-dB Contour Maximum Width [nmi]
Approach SEL 75-dB Contour Maximum Length [nmi]
Approach SEL 80-dB Contour Area [nnfi

Approach SEL 80-dB Contour Maximum Width [nmi]
Approach SEL 80-dB Contour Maximum Length [nmi]
Approach SEL 85-dB Contour Area [nnfi

Approach SEL 85-dB Contour Maximum Width [nmi]

Approach SEL 85-dB Contour Maximum Length [nmi]
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A comparison of the parallel plots shows the advantage of gnoing vehicles
through discriminant analysis on the vector of performancmetrics versus traditional
seat-class groupings, as the latter feature much wider vability per class. This is
demonstrated more speci cally in Figure 33 by plotting the rission fuel burn and
the departure noise contours corresponding to a stage-léimg mission for aircraft in

the eet classi ed in Seat Class 6 (SC6).

Fuel Burn Comparison Departure 80-dB SEL Contour Comparis
x 10 = ‘ ‘
5 g :
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£
a
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Total Mission Above 10kt X Distance from Runway Threshold [nmi]

Figure 33: Stage-Length 4 Mission Comparison for Seat Class 6 Aircraft

Names of the specic vehicles are purposely removed to protegotentially
sensitive data. All ve of these vehicles have possible inteal seat con gurations
that fall within the 210-300 passenger range, but the perforance of these aircraft
vary widely. Only vehicles 2 and 3, however, would be charaetzed as Small Twin
Aisle (STA) vehicles. An average SC6 generic vehicle must batenthe frequency
weighted performance of all ve of these vehicles, whereas average STA generic
vehicle would only have to balance the frequency weighted nfi@mance of vehicles
with similar fuel burn and noise characteristics as vehice2 and 3.

The generic vehicle tests that follow were performed in pdral for both the
vehicle classes and the seat classes. The generic vehictgnes must be bounded by

the ranges of observed values of the constituent vehicles &ach class. The engine
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constraints for the vehicle classes and seat classes arenshin Tables 12 and 13,

respectively.

Table 12: Vehicle Class Engine Constraints

SLS Thrust

Vehicle Class Uninstalled OPR BPR
[Ibf]

Min Max Min Max Min Max
SRJ 7420 8350 17.2 19.06 4.72 5.23
LRJ 12670 13420 22.15 23.8 5.13 5.13
SSA 17400 27000 22.6 27.69 4.81 6.00
LSA 24200 32010 25.78 33.44 4.46 6.00
STA 48000 71110 23.4 35.8 4.2 5.2
LTA 74910 115530 32.2 42.24 5.7 8.6
VLA 56000 62000 28.37 34 4.2 5.1

Table 13: Seat Class Engine Constraints

SLS Thrust

Seat Class Uninstalled OPR BPR
[Ibf]

Min Max Min Max Min Max
SC2 7420 8350 17.2 19.06 4,72 5.23
SC3 12670 25000 22.15 26.6 5.09 6.00
SC4 20600 50000 22.6 33.44 4.46 6.00
SC5 24200 68000 23.4 34.0 4.2 6.00
SC6 29990 97300 23.4 41.52 4.2 8.6
SC7 56000 115530 28.37 42.24 4.2 8.44
SC8 56000 115530 28.37 42.24 4.25 7.08
SC9 57160 115530 30.13 42.24 5.1 7.08

4.3 Input Parameter Reduction through Sensitivity
Analysis

Becker also used EDS as his physics-based vehicle-level ehodnd he compiled
an exhaustive list of parameters that signi cantly impactel fuel burn and NG,

emissions for both total mission and terminal area metricgl4]. A similar sensitivity
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analysis was conducted on EDS to determine if any additionahput parameters

should be included when constructing surrogate models fooise.

4.3.1 Identifying Design Variables

Within the EDS architecture, ANOPP is the tool used to estimatesource noise and
calculate the resulting Noise-Power-Distance data necepg#or quantifying the SEL
grids. In order to identify the necessary design variables tinclude in the sensitivity
analysis for noise metrics, a thorough examination of the ANGPinput le structure
proved necessary. EDS has hundreds of possible input vategto choose from, but
not all of these variables actually a ect ANOPP inputs. Miscdlneous variables such
as passenger compartment lengths or the number of passesger rst class or coach
were defaulted. While airframe noise is considered a sigoant contributor to takeo
and landing noise, several of the aerodynamic and airframelated variables have
redundant e ects. For this reason, only a few of these varidds were allowed to vary,
including aspect ratio, sweeps on the wings and tails, thioksses, ap ratios, and
maximum lift coe cients at takeo and landing.

The main contributors to departure noise are the engines due the high thrust
levels required, and thus the majority of the parameters itheded were engine-related
variables. The ANOPP input les require the inclusion of engie cycle information
generated by NPSS, and thus a majority of the cycle-design Valbles were included.
ANOPP also has inputs for applying chevron geometries to the mand fan nozzles
of the engines, which directly in uence the noise responses these variables were
included as well.

Broad variable ranges were initially de ned for each of thesinput parameters,
and a series of tests were conducted to tighten these ranges manner that

increased the success rate in EDS. Space-lling Latin hyperbe designs of
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experiments were constructed on these input parameters angh through the model.
Noise-Power-Distance data for approach and departure at aweslant distances
were parsed and characterized by their slopes and intercedtom linear regression.
Additionally, each case was evaluated in the AEDT Tester to meare SEL contour

areas in an e ort to link the NPD trends with the contour trends.

4.3.2 Half-Normal Probability Plots

While many statistical tests were available, including arlgsis of variance, student
t-tests, and half-normal probability plots, the latter waschosen for its visual clarity
as well as its inclusion of both factor e ects and interactio e ects. A half-normal
probability plot is a graphical tool that uses ordered estirate e ects based on
least squares estimation to help assess which factors areportant and which are

unimportant. A notional example of a half-normal plot is shwn in Figure 34.

3.0E8

Most AB
Significant
— Effects .
BC

1 4E8

E.ess Significant Effect
S 6E7 /

2E-1 1 5€E0
Y

Empirical
straight line
K

Y Values

\

Figure 34: Notional Half-Normal Probability Plot

The horizontal axis represents statistical medians from aalff-normal probability
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distribution, while the vertical axis represents the ordeed absolute value of
the estimated e ects for the main factors and interactions. For each factor,
the distribution of errors from least-squared estimates isompared to a normal
distribution.  If the normal distribution is centered near =zro, the factor is
unimportant and will appear on an empirical straight line. f the normal distribution

of errors is skewed and centered away from zero, the factorimportant and will

appear well o the empirical straight line. The further a pont associated with a
factor appears from this empirical straight line, the more dminant its e ect. In this

notional example, the interaction e ect AB is the most dominat factor, followed by
the BC interaction e ect. The A factor has minor signi cance while the B, C, and
AC factors are insigni cant. The plot is referred to as \halfnormal" because the
variables are ordered by the absolute value of the e ect-gzwithout consideration
of whether the e ect is positive or negative, thus represeimmtg the positive half
of a normal distribution. The points are color-coded to dishguish whether the

relationship is positive (i.e. direct relationship) or negtive (i.e. inverse relationship).

4.3.3 Summary of Sensitivity Analysis

Many of these half-normal probability plots were generatedor the various noise
metrics tracked (NPD slopes, intercepts, contour areas), dnthe procedure was
repeated for each vehicle class. Trends were mostly consigt between classes,
and thus only a few qualitative tables of these observed trda are included here
as examples. More detail is included in Reference [123].

The primary observation was that only a handful of variablessigni cantly
impacted noise, and these impacts tended to be consistentregs di erent slant
distances. These variables tended to have combined e ects ¢he NPD linear

regressions such that an increase in slope would be combingth a decrease in the
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intercept, or vice versa. The impacts on the NPDs are thus chacterized as \steep"
or \ at" with respect to an increase in a design variable, as dmonstrated for the

Large Single Aisle EDS model in Table 14.

Table 14: NPD Sensitivities for Large Single Aisle EDS Model

R . L Impact on Impact on
Variable Name Physical Description Significant
Approach Curves| Departure Curves
Minimal
FLAPR Area ratio of flaps to total wing area Insignificant
SwW Wing area
TOC Wratio Mass-flow ratio o.f the tlop-of-climb to the
— aerodynamicdesign point

FPR Fan pressure ratio
Ext_Ratio Extraction ratio ataero design point Flat
Ratio of core-nozzle perimeter with chevrons to
PER1 . ’ Flat
core nozzle with no-chevron
. NPSS thrust rating fraction for uprating or deratin
Rating ) g ) P g g Steep Steep
of an engine after design
Maximum allowable temperature at combustor
T4dmax ) L P Reduces Slope |Reduces Intercept
exit/turbine inlet
Low-pressure compressor pressure ratio ataero
LPCPR press! . P Flat Flat
design point
High-pressure compressor pressure ratio ataero
HPCPR Bhpress ) P Flat Flat
design point

A steeper NPD implies that the noise levels are more sensitit@thrust setting. It
should be noted that the airframe design variables like apatio and wing-area lead
to more at NPDs, particularly for approach. This does not mea that the variable
has a less signi cant impact on noise, but rather implies thathe noise level is less
dependent on thrust levels. By comparing the sensitivity alysis for the NPDs with
the equivalent sensitivity analysis on contour areas for v@us SEL decibel values, a
general relationship can be inferred. Steeper departure NBDead to larger contour
areas, whereas more at NPDs lead to smaller contour areas. &lopposite is true
for approach, where steeper NPDs lead to smaller contour asgavhereas more at
NPDs lead to larger contour areas. This is notionally demonstted below Table 15.

Engine noise dominates airframe noise during departure laese the engines are
operating at highest performance levels during takeo . Imeasing fan-pressure-ratio

(FPR) leads to higher turbulence levels, which increases broadin fan noise. This
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Table 15: SEL Contour Sensitivities for Large Single Aisle E DS Model

Impact on 55dB | Impact on 65dB | Impact on 75dB |Impact on 55dB | Impact on 65dB |Impact on 75dB
Variable Name Physical Description Approach Approach Approach Departure Departure Departure
Contour Area | ContourArea | ContourArea [ Contour Area | ContourArea | ContourArea
FLAPR Area ratio of flaps to total wingarea Increase Increase Decrease
sw Wing area Increase Increase Increase Increase Increase Increase
. Mass-flow ratio of the top-of-climb to the
TOC_Wratio w0 op ! Decrease Decrease Increase
= aerodynamicdesign point
FPR Fan pressure ratio Decrease Decrease Increase
Ext_Ratio Extraction ratio ataero design point Increase Increase Increase
Ratio of core-nozzle perimeter with chevrons to -
PER1 : £ ; Increase Increase Increase
core nozzle with no-chevron
5 INPSS thrust rating fraction for uprating or deratin
Rating " g . p € g Decrease Decrease Decrease Decrease Decrease Increase
Jof an engine after design
Maximum allowable temperature at combustor
T4max . - P Decrease Decrease Decrease Decrease Decrease Decrease
lexit/turbine inlet
Low-pressure compressor pressure ratio ataero
LPCPR d JREES2 E P Increase Increase Decrease Decrease Decrease Decrease
esign point
High-pressure compressor pressure ratio ataero
L I ig‘:‘ oo P 3 Increase Increase Increase Decrease Decrease Decrease

Departure

variable also contributes to higher jet noise by driving thean-nozzle jet velocity

Steeper NPD Curve — il Increased SEL

Contour Area

Decreased SEL

Flatter NPD Curve —— ContourArea

higher. Therefore, an increase iIFPR leads to steeper NPDs and increased
contour areas. Mass- ow ratio of the top-of-climb to the aerdynamic design point
(TOC_Wratio) is inversely proportional to bypass ratio, which is not a dggn variable
in the EDS environment but rather a response that comes fronhe¢ iterations of the
engine multi-point design loop. Higher bypass ratios oftenride larger fan diameters
which leads to more fan noise, but this is countered by a redi@n in jet noise from an
increased bu er between the higher-velocity core ow and th ambient air, as well as
improved mixing with the cooler fan-nozzle ow. Higher bypasratios also can reduce
the required jet-velocity to achieve a certain level of thrst, as the fan-nozzle increases
the overall thrust by increasing its exiting mass- ow. Sine jet noise tends to have a
bigger impact than fan noise, the net e ect of increased bypga ratio is typically lower
overall noise. Therefore, increasesiNOC_Wratio drive smaller bypass ratios, leading
to steeper NPDs and larger noise contours. Extraction ratioExt _Ratio) is directly
proportional to bypass ratio, so increases in this design nable drive larger bypass

ratios, leading to more at NPDs and smaller noise contours. l@&vron geometries
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(PER1) are designed specically to reduce noise, and increasiRER1 leads to
more at NPDs and smaller noise contours. The chevrons increa mixing between
the core-nozzle stream and the fan-nozzle stream, which desrses low-frequency noise
sources, but may result in signi cant high-frequency noisgeneration.

For approach, it was observed that ap ratios FLAPR) and wing areas §W)
both contribute to more at NPDs, which results in larger conbur areas and thus
louder approach noise. During approach the aps and other gin-lift devices are
deployed in order to increase lift and decrease stall velggiand the high de ection
angle of these aps introduces a signi cant amount of drag. Aedynamic noise
is closely associated with drag creation mechanisms beaauwd the introduction of
turbulent ow, which contributes to broadband noise. Additionally, vortices created
by the ap-edge can introduce signi cant low-frequency nae. Similarly, increasing
the wing area increases the areas of the de ected aps, as aatio is de ned
with respect to the given wing area. The increase in wing aredso leads to some
confounding because of the impact on the duration of the enti approach procedure,
keeping in mind that SEL is an integration of the entire noisevent. Engine variable
impacts are not dominant during approach because the engseare operating at
near idle conditions. This is especially true for the Consté Descent Angle (CDA)
approach procedures assumed in EDS, as no powered pull-upeavers are executed
(which would generate additional engine noise). Still, trs® engine design variables,
such asFPR and TOC Wratio, do show some signi cance for approach. This
signi cance can likely be explained by the fan operating at alesign conditions,
which can result in noise characterized by multiple tonal eoponents.

The inclusion of these few signicant variables for the nogs analysis with
Becker's list of important variables for fuel burn and NQ emissions makes for
a more manageable list of input parameters. A reduced set ofput parameters

allows for construction of higher resolution space- llingdesigns of experiments.
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Better resolution for these design of experiments allow theeural network-based
surrogate models to capture more detail, which helps to inease the power of the

surrogate-based optimization techniques.

4.4 Optimization and Selection of Generic Vehicles

With the aircraft classied into classes and the vehicle-leel models reduced to
a manageable subset of input parameters, the generic vehiahethod described
in Chapter 3 can be implemented. The combination of airporevel targets,
surrogate-based optimization, perturbed design space dogation on the vehicle-level
design tool, and inverse multi-criteria decision-makingetchniques form what shall
heretofore be referred to as the method for Generating Emisss and Noise,
Evaluating Residuals, and using Inverse methods for Chongithe best Alternatives,

or the GENERICA method. This method is diagrammed in Figure 35
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The test structure from Table 10 in Chapter 3 was executed segntially. Targets
for each airport were generated from the baseline schedulesng the actual aircraft
according to each test speci cation. The generic vehicletatnatives were assigned
similar schedules, and the relative errors for each metrict a&ach airport were
qguanti ed. These distribution of errors were used in conjuection with Stochastic
Multicriteria Acceptability Analysis to provide informatio n about the tness of each

alternative and choose which alternatives to carry forwartb the next test.

4.4.1 Isolated Class Tests

As discussed in Chapter 3, Test A was formulated such that the vehicles are
characterized by a single value per metric. The performancé each potential EDS
generic vehicle was aggregated in a manner consistent withetTest A speci cations
and relative errors were calculated at each airport, resitty in error distributions

for each metric. This is notionally diagrammed in Figure 36.
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Figure 36: Diagram of Test A Structure

The choice of 2,000 ights ensured observable di erences the DNL contours.

This volume of operations is consistent with some of the best airports in the
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subset. The percentages of ights by each target vehicle veemultiplied by the
total number of ights (2,000 ights with 1,000 approaches ad 1,000 departures) to
determine the number of operations by each vehicle at eachgort. In this manner,
the target metrics were actually weighted by the frequencyfmperations for each
constituent vehicle. Each vehicle was assumed to y the samepresentative mission,
with this mission determined using the most common stagedgth operation per
vehicle class in the representative schedule, as listed imble 16. The seat classes

featured a similar breakout of most common stage-lengths pelass.

Table 16: Most Common Stage-Lengths per Class
Most Common Representative

Vehicle Class Stage Length Mission [nmi]
SRJ 1 350
LRJ 1 350
SSA 1 350
LSA 1 350
STA 4 2200
LTA 6 4200
VLA 7 5200

The target airport fuel burn and NO, metrics were computed by multiplying the
vehicle-level performance of each constituent vehicle dye total number of operations
at the airport. The target airport DNL contour areas, lengths and widths (for DNL
55-dB and DNL 65-dB) were computed using ANGIM. The combinatiomf the fuel
burn, NO, emissions, and DNL contour targets establish benchmarks thite generic
vehicle model must be able to match.

To make certain that the generic vehicle models would be restlc representations
of the constituent vehicles in each class, the design spagpleration in EDS needed to
be constrained to the feasible space. For the aircraft geotng these constraints were
simple to enforce by bounding the input parameter ranges. Rges were derived based

on subject matter expert feedback. Latin hypercube desigrdf experiments were
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employed on the design space, and neural-net-based surtegaodels corresponding
to each metric were t to enable surrogate-based optimizain for the best generic
vehicle models. Simple feed-forward neural-network artbctures with between 5 and
10 hidden nodes were su cient for each metric.

The engine designs were more complicated to constrain due tioe iterative
nature of the thermodynamic cycle design and engine-sizingols within the EDS
architecture (see Figure 28). Therefore the sea-level sta(SLS) uninstalled thrust,
overall pressure ratio (OPR), and the bypass ratio (BPR) wer each outputs from
EDS. These engine metrics were also modeled with feed-fordvaneural networks
such that they could be used in conjunction with the surrogas for the environmental
impact metrics.

The neural network surrogate models for each metric were imged into JMP™ |
which enabled the prediction-pro ler environment. A subseof this prediction pro ler
environment for the LSA generic vehicle design space exm@bon is displayed in
Figure 37. This environment allows for dynamic exploratiorof the design space
with views of the partial derivative traces for each metric wh respect to each input
parameter. Figure 37 only shows a subset of the metrics (oretly-axis) and the input
parameters (on the x-axis) for the sake of visual clarity. Whin the prediction-pro ler
environment, the desirability functions were de ned to gie each design a utility score
with respect to each metric. The desirabilities for the envonmental impact metrics
were designed with a nominal-is-best formulation, such théhe maximum desirability
of a metric corresponds to the mean of the target distributios of the 94 airports for
that vehicle or seat class. Initially, the bounds for theseasirability curves were set
to match the standard deviations of the target distributiors as suggested in Figure
25, but some of the bounds had to be relaxed due to existing bibetween the actual
vehicles and the EDS models. The overall desirability of aritarnative is computed as

the geometric mean of the desirability score with respect &ach metric, as previously
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Figure 37: Prediction Pro ler for LSA Generic Vehicle

described in Equation (23). The bottom row in Figure 37 showthe partial derivative
traces for the overall desirability with respect to each deg variable.

To bound the generic vehicle engine design, the ranges showrrables 12 and
13 were incorporated with additional desirability functims, e ectively bringing the
constraints into the objective function. Any EDS vehicle dagn with an engine falling
outside of these ranges was deemed an inferior solution nefiess of its performance
with respect to the target metrics. Engine designs within tbse ranges received a
desirability score of one for each engine metric, whereagere designs outside of these
bounds received a desirability of zero. This is demonstraten Figure 37 for BPR.
The desirability function for the rst row corresponds to the minimum constraint
on BPR, whereas the desirability function for the second roworresponds to the

maximum constraint, although each maps to the same surrogatmodel.
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The prediction-pro ler environment allowed for rapid expbration of the design
space through Monte Carlo simulations. Uniform distributios were used for each
design variable, although the ranges of the uniform distriliion were varied to
isolate dierent portions of the design space. The resultsfahe Monte Carlo
samplings were aggregated in the far right column of Figure73 including the
overall desirability scores in the bottom-right cell. In ths way, the subset of best
generic vehicle models (with the highest overall desiraityl) were identi ed from
thousands of sample points throughout the design space. Wit was anticipated
that the best generic vehicle designs within a class wouldatafeature approximately
the same input parameter settings, the results of the Monte &@lo simulations
yielded highly feasible designs from various dierent pota in the design space.
Each of these best designs, however, tended to occur in spedbcations of the
engine metric space with respect to SLS uninstalled thrusQPR, and BPR. This

is demonstrated for the Large Single Aisle class via the scatplot matrix in Figure 38.
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Figure 38: Scatterplot Matrix of LSA GV Engine Metric Space

This indicates the importance of the thermodynamic cycle ahthe engine sizing
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in selecting a generic vehicle model and further validateh@ engine constraints
required for the prediction-pro ler environment. These dsigns were then validated
by setting the design variables in EDS and generating the adl performance metrics
to con rm the surrogate model results. After con rming the results for each vehicle
class (as well as each seat class), it was assumed that otheasible generic vehicle
models existed within close proximity of these best altertimes. Thus, to perform a
focused design space exploration, the input parameters waverturbed around these
best settings. For each of the top ve alternatives per claskom the Monte Carlo
simulations, a 50-case Latin hypercube design of experinenvas constructed with
the input parameter ranges bound by 1% deviation around these best alternatives
with respect to the original input parameter ranges. This d&gn space perturbation
is demonstrated notionally in Figure 39 for a subset of the put parameters for the

LTA vehicle class.
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Figure 39: Scatterplot Matrix of LTA Design Space Perturbati on
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The performance of these designs were then evaluated for thest generic vehicle
designs with respect to both Test A and Test B targets using SAA to calculate
descriptive measures for each alternative. Test B added tlsemplexity of trip length
variations for each aircraft at each airport. A Matlab-basd ANGIM wrapper was
designed to run each EDS generic vehicle alternative acras® subset of airports

using a matching stage-length distribution for each airporas notionally diagrammed

in Figure 40.

Figure 40: Diagram of Test B Structure

For each class, marginally better generic vehicle alterriags were identi ed
from the focused perturbation design of experiments, but labf the alternatives
featured similar accuracy and each were assigned compaeabdnk-1 acceptability
scores. Each alternative also featured central weight vexs that were approximately
uniform across the di erent criteria, suggesting that all 6 the alternatives featured

balanced accuracy for all of the metrics. Examples of theselative error distributions
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for total fuel burn and terminal area departure are shown in igure 41. The total
mission fuel burn distribution features very small relatie error for most of the
airports, whereas the terminal area departure fuel burn disbution is multimodal.

The shapes of each are characteristic of the di erent scalés each metric.
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Figure 41: Tests A and B Error Distributions: Fuel Burn

Recall that Test A decouples the variance and the mean of therer distributions
such that every generic vehicle alternative has identicakviance. As a result, every
alternative features an identically shaped distributionput the distribution is shifted
depending on the accuracy of the generic vehicle relative the mean of the target
distribution. The optimization routine attempts to center each metric distribution
around zero simultaneously. The Test B formulation adds ugue stage length
distributions at each airport. This increases the variancef the target distribution,
and the generic vehicles adhere to the same trip-length diktutions. As a result
the error distributions may be di erently shaped between derent alternatives. A
comparison of the Test A and Test B distributions in Figure 43show that the error
distributions are nearly identical, however, and that unige mission lengths did not
greatly increase the variance. Similar trends were obsedvéor the NO, emissions.

This suggested that the representative mission length was & ective way to reduce
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the complexity of the generic vehicle optimization problem

The error distributions for the noise contour areas were asmultimodal and
featured much wider variance, as shown in Figure 42. Contoarea was measured
in square nautical miles, which is a much smaller scale thalma mass metrics for
fuel burn and NO, emissions. The distributions are shaped such that there is
approximately a 30% di erence between the mean and the modéf the optimizer
had targeted the mode instead of the mean, the generic velgislwould consistently

over-predict contour areas at most airports.

Test A Error Distributions  Test B Error Distributia
DNL 65-dB Contour Area DNL 65-dB Contour Area

r25

r25 Summary Statistics Summary Statistics
r -0.007973 [
0211718 s
89 r
-0.292931 rs
0 0

Relative Error

DNL 55-dB Contour Area DNL 55-dB Contour Area

20 - 20 -
Summary Statistics Summary Statistics
[1s -0.062509 [1s
F10 0.209854 F10
[s 89 [s
-0.033135
0 0

Figure 42: Tests A and B Error Distributions: Contour Area

A comparison between Test A and B once again showed little dirence in the
shape and variance for the noise contour area error distritbtons. This was the
rst evidence that Hypothesis 3 is supported. The subsequenésts combine all of
the vehicle classes together, which makes the selection bétbest generic eet a
combinatorial problem between the best alternatives in ehcclass. A small subset
of the best alternatives in each class were carried forwardrfthe subsequent mixed

class tests.
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4.42 Mixed Class Tests

Tests C-E were each very similar in formulation, as is demanated by the notional
diagram in Figure 43. If Hypothesis 3 is correct, Test A idened the best generic
vehicle alternatives per class such that when these vehglare mixed together
they should accurately predict eet-level fuel burn, NQ emissions, and DNL noise
contours. Test C was designed to test this assumption by geagng target schedules
that use the actual distributions of all the in-production \ehicles and all of their
stage-length operations. Test D was similar, but instead @ssuming a xed number
of operations at each airport, the variability of actual aveage daily operations at each
airport were introduced. This test also accounted for the t& of day ights to night
ights (recall that night ights receive a 10-dB penalty). Test E is similar to Test
D, but each airport features a unique infrastructure charaerized by the number of
runways and the airport layout. Both the targets and the gengc eet are assumed to
utilize each runway uniformly with cross- ow. The contour Ength and width netrics
were replaced with the Detour Index and Spin Index, given thiaach airport contour
features a unique shape.

For the eet mixture tests, every generic vehicle family pdormed well with
marginal di erences in eet-level accuracy between each etination. Between Tests
C and D, it was observed that the relative error distributiors for the fuel burn and
NO, emissions metrics did not change. These metrics are justdar summations of
vehicle-level metrics multiplied by the number of operatias, as was shown in Equation
(16). Thus the target metrics and the generic eet performace metrics scale together,
leading to these identical relative error distributions. "he noise metrics, however,
do not scale linearly, and thus the error distributions chage between these tests.
For Test D, the actual volume of operations at some of the aigets are relatively
small compared to the default of 2,000 operations used for skeC. This can lead

to misleading results when considering relative error, asnall di erences in the
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Figure 43: Diagram of Tests C-E Structure

measurements are magni ed as large relative errors.

For Test E, the fuel burn and NQ, emissions were identical in formulation to
Test D, since these metrics did not depend on the con guratioof the airport. The
noise metrics were di cult to compare to previous tests dued the introduction of
unique shapes and the use of the shape metrics from Figure Ii.order to compare
the e ectiveness of the best average generic vehicles (adetimined by the SMAA
analysis) against the traditional approach of using represtative vehicles, relative
error distributions for each method are shown side-by-side Figures 44, 45, and 46
for fuel burn, NO, emissions, and noise, respectively. It should be noted th#te
errors for the Detour index and Spin index in Figure 46 are psented as absolute
error rather than relative error, as these metrics are alrelg scaled between 0 and 1
by normalizing with respect to an equal area circle.

As can be seen in Figure 44, the average generic vehicles fahlibe vehicle-class
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and seat-class groupings feature a lower mean error and redd standard deviations

with respect to target total mission and terminal area depaure fuel burn compared
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to the traditional representative seat-class vehicles. Wk Figure 45 shows that the
representative vehicles have a lower mean error than the geit vehicles for total
mission and terminal area departure N@Q the generic vehicles still feature quality
average error and with less variance across the 94 airports.

For the terminal area approach metrics, the representatiweehicles are consistently
more accurate than the average generic vehicles. The apprbanetrics were omitted
from the SMAA analysis due to the bias introduced by the defauContinuous Descent
Approach (CDA) procedures performed by all EDS vehicles (sebé& discussion at
the end of Appendix A). The targets generated from the actual Vecles include
many aircraft that y dive-and-drive approaches with pull-up maneuvers at a 3,000-ft
altitude, and as a result the average generic vehicles catsntly under-predict
approach fuel burn and NQ emissions. Because the representative vehicles are simply
a subset of the actual vehicles, many of them include theseséliand-drive procedures,
and as a result the representative vehicle method does muaktter at capturing these
terminal area approach metrics. However, CDA is gaining momeim and is expected
to be more wide-spread in the future. Given the fact that thighesis is addressing
future eet and technology scenarios, it is anticipated tha CDA will be broadly
implemented and this assumption is reasonable.

At rst glance, the representative vehicles seem to demonstte more robustness
than the average generic vehicles with respect to the noisargets across the subset
of airports, as evidenced from lower average error and staard deviations for the
contour-area and shape-metric distributions in Figure 46A closer inspection of the
results revealed that the outliers at the tails of the averag generic vehicle error
distributions corresponded to airports where the operatits were dominated by only
one constituent vehicle within a class, which typically oegs at airports with a low
volume of operations. The noise contours at these airportseve very small, which

magni ed the relative error. For airports with more operatons spread across a variety
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Figure 47: Sample DNL Contour Comparison

of aircraft, such as that shown in Figure 47, the generic vatiés proved to be very
accurate. The only observable di erences in the contours cur at the closure points
of each contour lobe. These lobes are more sensitive to thepegach operations,
and thus the di erences are attributable to the aforementined bias introduced by
di ering approach procedures.

For the representative vehicles, the opposite trend was ased with larger errors
at airports with more operations and a greater variety of agraft. The representative
vehicles perform well at small airports with less variety odircraft, particularly if the
few aircraft operating at that airport are actually contained within the representative

set of vehicles. The relative error can sometimes be misle@agl because it is
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Table 17: Relative Error of Cumulative Metrics across 94 Air ports

. Average

Cumulative Metrics A"er?‘ge Generic Generic Seat Rep. Seat
Vehicle Classes Classes

Classes
Total Fuel Burn -1.87% -3.57% -9.91%
Departure Fuel Burn 0.19% 0.95% -10.46%
Total NO, Emissions 2.25% -3.27% -12.19%
Departure NO, Emissions -3.89% -2.05% -9.89%
DNL 65-dB Contour Areas 6.77% 8.28% 11.91%
DNL 55-dB Contour Areas 4.77% 5.95% 12.91%

normalized by the magnitude of the target metric. Thus, minoerrors at smaller

airports may be magni ed as larger relative error. The relave error of the cumulative

sums for each metric across the 94 airports provided anothgoint of reference for the
performance of the generic vehicles and representative ieds. The relative errors
of these sums are displayed in Table 17. These aggregate errdemonstrate the
superior performance of the generic vehicles relative todhrepresentative vehicles,
particularly with respect to noise. This analysis is furthe supported by examining

the cumulative results at a smaller subset of 34 airports witsigni cant volume of

operations, which is listed in Table 18. As can be seen, the aBVe error of the

representative vehicles increases for most metrics, whishto be expected given the
tendency of smaller target metrics to magnify relative erms. On the contrary, the

average generic vehicles actually improved in relative errfor most metrics for this

subset of signi cant airports, particularly the noise conbur areas.

The last major observation from the error distributions was that the
vehicle-class-based average generic eets performed ordyghtly better across
the 94 airports than the seat-class-based average generahicles. This result was
anticipated in Hypothesis 1, but the relative di erence betwen the performance of
these two groupings was less pronounced than expected, ®gjmg a robustness of

the average generic vehicle methodology for various clagsuping techniques.

140



Table 18: Relative Error of Cumulative Metrics for the Top 34 Airports

. Average

Cumulative Metrics A"er?‘ge Generic Generic Seat Rep. Seat
Vehicle Classes Classes

Classes
Total Fuel Burn -1.95% -4.12% -11.03%
Departure Fuel Burn -0.27% -0.04% -11.42%
Total NO, Emissions 1.82% -4.69% -14.10%
Departure NO, Emissions -4.56% -3.55% -11.99%
DNL 65-dB Contour Areas 4.49% 6.22% 14.84%
DNL 55-dB Contour Areas 5.82% 6.31% 14.38%

4.4.3 Variable Operations Test

The nal test explored the robustness of the best generic ¢¢o changing operational
schedules. The volume of operations by each class were irelggently scaled from
a baseline as shown in Equation (25). The scalars for eachsdavere independently
scaled from random draws on uniform distributions with a mimum of 1 (no increase
in operations by that class) and a maximum of 3 (a threefold grease in operations
by that class). Sixty random scenarios were generated andchascenario was applied
across the 94 airports. This resulted in many di erent schades featuring di erent
volumes of operation and di erent class distributions.

X
OpStotal = Ki Ops (25)

Where:
Opstotar = Total operations for scaled scenario
Ops = Baseline schedule operations fa" vehicle class

ki = Operations scalar multiplier for i vehicle class
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For this test a new baseline schedule was used, but the perfance of the
generic eet with respect to these new baseline targets didohchange much from
the observations in Test E. The biggest degradation occudein the Total NOy
emissions, where the increase in error is due to the greateedquency of aircraft
with advanced combustor technologies in the baseline eebmpared to the original
baseline schedule. These advanced combustors speci caiguce the NQ emissions
indices for a given engine, but do not have any in uence on fuburn or noise. As
a result, the average generic vehicles over-predict the &tNO, emissions, but still
feature good accuracy for fuel burn and noise. This demonates the dependency
of the average generic vehicle method on the relative frequoy of the constituent
vehicles in each class. The means and standard deviationstfte error distributions
across the scaled scenarios, however, were consistent wité baseline scenarios, as

is demonstrated in Figure 48.
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Figure 48: Test F Error Distribution Comparisons

The observations from Test F suggests the GENERICA method demstrates

robustness to changes in total volume of operations as wedl ehanges to the relative
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frequency of operations by each class.

4.5 Review of Hypothesis Statements

Given the observations from these average generic vehidsts, the three hypothesis
statements can now be addressed. These hypotheses are regueen this section for

the convenience of the reader.

Hypothesis 1: A per-class average generic eet of vehicles dened by
vehicle-class groupings based on similarities in the erommental performance
metrics will feature superior eet-level accuracy compack to a per-class average

generic eet of vehicles de ned by traditional seat-class@upings.

This hypothesis is weakly supported by the results from TedE. The average
generic vehicle class tends to perform better than the aveya generic seat class, but
the di erences in the error distributions and cumulative eror are marginal, and both
formulations outperform the representative seat-class ppach. This demonstrates
the robustness of the GENERICA method to any vehicle classiation scheme, but
groupings with less performance variability per class shioustill yield marginally
better eet-level accuracy. It should be noted that the veldle-class formulation
achieved slightly better accuracy with fewer groups, whicls attributable to the

minimization of in-class variance through discriminant aalysis.
Hypothesis 2: A eet of average generic vehicles will more accurately
approximate the DNL 65-dB noise contours across a subset afparts as compared

to a traditional representative-in-class approach.

This hypothesis is supported based on the results from Test, particularly as
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demonstrated for the cumulative metric errors listed in Tales 17 and 18. The results
suggest that the GENERICA method is actually more critical fo noise than for the
other metrics, as the generic vehicles were more accurate Busier airports with
larger contours and wider varieties of aircraft operationsvhereas the representative
seat-class vehicles lost accuracy with increasing opeoatal volumes and aircraft

variety.

Hypothesis 3: If the operational distributions of each vehicle class a@® a
subset of airports can be isolated from other operational mplexities, the average
generic vehicle that minimizes the mean error for the DNL n®é contours across
the subset of airports will also minimize the error at each rgort when all of these

operational complexities are reintroduced.

This hypothesis is supported by the observations from Tests-F. The best generic
vehicle models from Test A continued to perform well as eachyler of complexity was
sequentially added with each test. This suggests that onlyebt A is required for the
GENERICA method. The power of using this simpli ed test is thda each design
can be characterized by single point performance for each tne whereas Tests
B-F featured multiple performance points for the generic Vvecles (one per airport
for each metric). This enables the use of surrogate-basedtiopzation techniques.
Monte Carlo simulations can be used to rapidly and repeatgdsample these surrogate
models thousands of time, and desirability scores allow fquick Itering of results
to isolate the best average vehicle design. Thus, if the GENERA method were
to be repeated for an updated baseline year, the surrogate de approach would
be sucient. Assuming the vehicle-level modeling tool remais static, the same
surrogates can be used and only the desirability functionsead to be modied to

re ect the change in the baseline targets.
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4.6 Implementation of Population Grid Method

The generic vehicles demonstrate accuracy for contour aremd shape across
the subset of airports, but without measuring the populatio exposure counts
it is dicult to determine how sensitive the true metric is to error introduced

by these reduced delity models. This required incorporatig population data
conforming to the grid dimensions in ANGIM. An airport with sign cant population

exposure was selected as a sample problem to compare varipogulation methods,
with the previously described Thiessen polygon method primg to be the most
appropriate. Population grids were collected for all of thairports in the subset, and

the population counts between the actual aircraft and the geeric eet were compared.

4.6.1 Comparison of Population Methods

The goal of the population method was to best approximate tharea-weighted
approach that typically requires importing contours into AcGIS® and performing
overlay functions on the Census block polygons. Contours falarge hub airport with
multiple parallel runways were generated in ANGIM from a 2010dseline schedule
and geospatially referenced to the Latitude and Longitudef @ne airport runway. The
contours were converted to shape les and imported into Arc@&®, and the overlay
and area ratio calculations were executed on the 2010 Censlisck polygons to get
targets for the rapid population methods to match. The cenwid method was also
executed as a point of reference and proved to be the leastaedte approach. Four
grid-based methods were attempted and compared, with theswts shown in Table
19.

The rst three methods were each raster-based methods, wéithe fourth method
was the Thiessen polygon grids previously described in Chap 3. A raster is a

regular array of cells, or pixels, containing numeric valge[124]. They are commonly
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Table 19: Population Method Comparison at Large Hub Airport

Population Method Population Exposed (% Error)

DNL 65-dB DNL 55-dB

ArcGIS® Overlay 10657 (-) 78714 (-)
Centroid Method 11366 (6.65%) 77369 (-1.71%)
1X Resolution Raster 9977 (-6.38%) 73578 (-6.52%)
15X Resolution Raster 10845 (1.76%) 78582 (-0.17%)
Pycnophylactic Interpolation 10871 (2.01%) 78286 (-0.54%)
Thiessen Polygon Grid 10842 (1.74%) 78576 (-0.18%)

used to represent map data or imagery, but can be used for quitative data as well.
The rasters worked similarly to the Thiessen polygon appreh, but at the same
resolution the rasters sometimes skipped over very smallnseis blocks and total
population counts were not conserved. Increasing the restibn of the raster by a
factor of 15 (0.0053-nmi resolution) enabled conservatiaf total population counts,
but at much greater computational expense. Additionally, tle high-resolution raster
was coupled with a pycnophylactic interpolation techniquefor smoother spatial
gradations, but even after 50 iterations of the smoothing fiction the population
results did not change much, suggesting the grid-resolutiovas ne enough. The
Thiessen polygon grid method matched the 15X resolution r@s grid results with
much less computational expense, and thus it was selectedthe most appropriate

method for mapping 2010 Census block data into ANGIM.

4.6.2 Pairing Generic Vehicles with Population Grid Method

The Thiessen polygon method for exporting area-weighted pualation grids was
executed in ArcGIS® for each of the 94 airports within the ANGIM subset, and the
resulting population grids became a library of inputs withn the ANGIM framework
to be called at the end of noise grid calculations. To demomate the utility of the

generic vehicles, the Thiessen polygons were used in ANGIM hvithe actual eet,
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the generic vehicle classes, and the representative-iass aircraft. The cumulative

results across the subset of airports are shown in Table 20.

Table 20: Fleet-Level Comparisons across Subset of Airport S
Metrics Actual  Generic Vehicles Representative
Fleet (% Error) (% Error)

DNL 65-dB Contour Area  180.63 183.90 (1.81%) 204.49 (13.21%)
DNL 65-dB Pop Exposure 254352 250146 (-1.65%) 318037 (25.04%)

DNL 55-dB Contour Area 1183.38  1168.82 (-1.23%)  1377.62 (16.41%)
DNL 55-dB Pop Exposure 4551725 4395746 (-3.43%) 5421435 (19.11%)

The contour accuracy for each of the surrogate eet approaeh is re ected in the
accuracy for the population counts relative to the actual et. The generic vehicles
are very accurate relative to the actual eet, but the represntative-in-class feature
signi cant error due to inaccuracy at larger airports with geater population densities
in the surrounding communities. To quantify the contour aras and population
counts for all 94 airports using the actual eet, executionime in ANGIM exceeded
80 minutes. The same analysis using the six generic vehidesk only two minutes.
While inclusion of more technology vehicle grids will incesse ANGIM's execution
time, reducing the eet to these generic vehicles introdusesigni cant computational

savings and enables more scenario comparisons.

4.7 Summary of Implementation

Discriminant analysis combined heuristics and statistidaclassi cation to assign
aircraft to vehicle classes that minimized the variance whin each class. Important
input parameters to the physics-based vehicle-level modekre identi ed through
sensitivity analysis, and designs of experiments were ctusted to create surrogate

models for each metric. Surrogate-based optimization ugirdesirability functions
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and Monte Carlo simulations honed in on the best alternativsefor each vehicle class
and seat class model, and a subset of these alternatives weegried forward for
the mixed class tests. The generic vehicles achieved betrmulative accuracy
across the airports compared to the traditional representi@e-in-class approach. The
vehicle-class groupings performed slightly better than thseat-class groupings, but the
accuracy of both approaches demonstrated the robustnessiod GENERICA method
to di erent classi cation schemes. Pairing these genericehicles with the Thiessen
polygon grid method for population exposure counts demomated good accuracy
compared to the actual eet at a signi cantly reduced execubn time. Therefore,
the generic vehicle models and the Thiessen polygon gridpmesent good methods
for exchanging delity for increased computational speedThe combination of these
methods form the critical components of the screening-ldvieamework for assessing

aviation's environmental impacts.
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CHAPTER V

CAPABILITY DEMONSTRATION

Chapter 4 demonstrated the GENERICA method for optimizing geeric vehicle
models for use with eet-level analysis. The generic eet canow be used as
virtual testbeds for projecting eet-level impacts of vehtle-level technologies. By
modeling compatibilities, bene ts, and penalties of varios technology packages at
the subsystem level in a vehicle design tool, bottom-up assenents of projected
technological bene ts can be conducted. Fleet-level expéiory forecasting requires
linking the vehicle level bene ts to forecasts of operatiain the National Airspace
System (NAS). This required some enhancements of the integedt eet-level
environment diagrammed in Figure 29, which was limited to a dseline year
schedule of operations discretized into the nine missiomigths listed in Table 11.
These enhancements include leveraging existing algoriterfor projecting operation
counts at each airport and creating technology introductio scenarios for eet-level
comparisons. Incorporating these enhancements completes proposed framework.
A few examples of screening-level capabilities for eetJdel scenario analysis are
demonstrated, including eet-level comparisons of di emet replacement schedules

and an assessment of new runway locations under di erent tewlogy scenarios.

5.1 System-Wide Fleet-Level Environmental Performance
Model

Jimenez et. al extensively reviewed the current state of thet and standard methods
for system-wide/ eet-level environmental performance maeling and assessment in

their work [30]. They propose a system dynamics model thatdorporates available

149



forecasts from regulatory bodies applied to a reference kbése set of operations
tabulated by frequency for origin-destination (OD) pairs ér each aircraft type. The
Fratar algorithm is applied to converge operations at thes®D pairs to a balance of
operations (arrivals versus departures), as documented Ref. [125] and notionally
diagrammed in Figure 49. The model includes a scale factor foperations growth
to allow for variations from the provided forecasts to allownore parametric scenario

analysis.

Figure 49: Forecasts and Fratar Algorithm for Origin-Destin ation Pairs

Fleet-level evolution is formulated by means of a retiremérand replacement
scheme notionally depicted in Figure 50. Retirements modt#ie removal of aircraft
from the operating eet, whereas replacements capture thentroduction of new
aircraft. Age of the current aircraft types are tracked, and mpirical survival curves

based on regulatory standards prescribe the percentage dafceaft that remain in
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operation as a function of age [126]. The replacements algom implements aircraft
type assignments for operations associated with retiremsras well as for operations
comprising activity growth for a given out year. The replaceent formulation is
chronological (Out-of-Production, In-Production, and Faure), dependent on the
mission capabilities (range and payload/seat capacity) dhe new eet as compared
to the operations that must be allocated, and assumes that weaircraft have

comparable or improved fuel burn relative to the vehicles #y replace.

Figure 50: Fleet-Level Evolution via Retirement and Replac ement

Once nal operational assignments are set, the operationflequencies for each
aircraft at each mission range are linked to regressions fimel burn versus range, as
formulated in Equation (16). The regressions are deriveddim standard least-squares
method for each aircraft assuming a quadratic functional fo, using operation counts
as frequency weights [127]. In this manner, fuel burn and essions are calculated over
time depending on the chosen forecast scenario and the sptivehicle introduction
rate. This modeling tool is commonly referred to as the Glolbaand Regional
Environmental Aviation Trade-o (GREAT) tool [30, 128]. GRE AT, however, was
only designed for modeling fuel burn and NQemissions. Noise analysis was not
included in its formulation because of the additional compkities and computational

burdens of calculating noise.
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By using the GREAT formulation to dynamically create the ight schedule input
les required by ANGIM, these two eet-level modeling tools ca link system-wide
performance with respect to each of the relevant metrics. Ehlogic for linking these
tools is diagrammed in Figure 51. GREAT contains a comprehsive list of airports
to capture the OD pair dynamic across the entire NAS, but the nee analysis is
only focused on the previously de ned subset of airports witcommunity exposure
to signi cant noise. Furthermore, GREAT models operationsannually, but the
computation run-times of even a rapid noise tool like ANGIM prhibit yearly noise
calculations. Instead, the noise analysis lIters only the gerations at the subset of
airports for every tenth year (2010, 2020, 2030, 2040, ands®).> Operations by each
vehicle type at each airport are tabulated, and percentages replacement operations
at each airport are also tracked. The baseline schedule of operations are then scaled
to match the total operations and percentages per vehicle. h€se scaled operations
are mapped to ight schedule input les for ANGIM, which are then paired with
the runway con gurations at each airport and executed to gesrate DNL grids and
de ne DNL contours. In this manner, the changes in these conties can be observed
as a function of the GREAT eet-evolution scenario enablinggomparisons between

metrics subjected to common operational assumptions.

1The resolution of noise analysis could be re ned to every veyears, but as always improved
resolution requires a tradeo in run-times.

2Currently the method includes only the baseline average gearic vehicles and future technology
vehicles. Out-of-production noise grids are not includedalthough the total volume of operations in
the base year are conserved and allocated to the baseline amge generic vehicles. This means
that the noise analysis may under-predict contour sizes in arly years, but the results become
more representative in future years as out-of-production acraft are retired. The method could
be enhanced in the future to include noise grids for the out-Bproduction aircraft, but once again
at cost of computation run-time.
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Figure 51: Linking GREAT and ANGIM



5.2 Technology Infusion on Average Generic Vehicles

The average generic vehicles were designed to be used asuairtestbeds. By
designing these vehicles in EDS, technology infusion canmedeled at the subsystem
level to capture system level benets or penalties and capte trade-o s between
di erent environmental performance metrics. A library of many di erent technology
models have been developed at Georgia Tech under the CLEENdaBRA programs.
These technologies map to changes in the input design varies® with respect to the
baseline average generic vehicles throughkeactor approach, implemented through
a Technology Impact Matrix (TIM) [129]. Technologies conslered fall into one of

seven categories:
1. 2010 Baseline Technologies
2. Airframe Lightweight Structural and Sub-System Technolgies
3. Airframe Aerodynamic Technologies
4. Airframe Noise Technologies
5. Engine Fuel Burn Technologies
6. Engine Noise Technologies
7. Engine Emission Technologies

The amount of change for each input design variable dependsa the specic
technologies considered, compatibilities between tecHogies, and interdependencies
of simultaneously infused technologies that may mitigate édme ts relative to each
technology in isolation. In practice many di erent technobgy packages may be infused
for exploring many di erent technology scenarios, but for immple demonstration of
how these new technology vehicles are used in a eet-levebtoonly two scenarios

shall be de ned. A Moderate (MOD) investment in technology ad an Accelerated
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(ACC) technology scenario were de ned, with each scenariedturing an N+1 and
an N+2 generation. The MOD scenario focuses on polymer matrigomposite
technologies on the engine and advanced engine liners foriseoreduction in the
N+1 time frame. In the N+2 time frame, the MOD scenario adds to tle previous
technologies with advances in materials for engine compotewith advanced powder
metallurgy and high temperature erosion/thermal barrier oatings. Damage arresting
stitched composites lead to reductions in aircraft structal weight, and other airframe
improvements lead to improvement in aerodynamics and a rechion in airframe noise
from aps and landing gear. For the ACC scenario, the N+1 vehies match the MOD
N+2 vehicles, with an optimistic assumption that these techalogies advance in TRL
faster and are incorporated into the manufacturing processarlier. This allows for
additional advancements in the N+2 timeframe, including adte ow and clearance
control for compressors and turbines, improved airframe emlynamics through hybrid
laminar ow control (HLFC), and reduced structural weight from advanced composite
fabrication and structure joining methodologies. The onlpdditional noise technology
for the N+2 vehicles are acoustic lines for slat inner surfase

The same technology scenarios were applied to each of theddis® generic vehicle
models. The resulting changes in the engine speci cationsicg aircraft thrust and
weight for each class subject to each technology scenarie disted in Tables 21
and 22. It should be noted that no engine emission technolegi were considered
for these scenarios. While the CLEEN and ERA project have meted several
advanced combustor technologies that signi cantly reduc®O, emissions, most of
these technology models were deemed proprietary and thusulcbnot be used in this
analysis. As a result, all savings in NQemissions are due strictly to corresponding
reductions in fuel burn, and at times these emissions evernciease due to the fact
that many of the engine technologies enable higher overallgssure ratio (OPR) for

higher fuel e ciency while mitigating increases in engine wight as listed in Table
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21. For this reason, the results presented from this point fi@ard will only focus on

fuel burn and noise, with explorations of NQ emissions reserved for future work.

Table 21: Engine Speci cations for Technology Scenarios

OPR BPR
Vehicle G MOD MOD ACC GV MOD MOD ACC
Class N+1 N+21 N+2 N+1 N+21 N+2

RJ 23.08 2311 2311 23.10 5.10 5.23 5.24 5.25

SSA 27.38 43.622 47.07 54.78 5.59 8.80 10.85 12.30
LSA 28.25 40.13 4325 50.35 5.95 9.02 11.01 1241
STA 33.76  41.10 48.20 61.60 5.15 11.36 1295 13.49
LTA 36.85 40.81 46.77  59.83 8.41 11.48 13.06 13.76
VLA2 29.03 3270 39.39 50.12 5.14 14.09 16.25 1731

L ACC N+1 aircraft is the same as MOD N+2 aircraft
2 VLA has 4 engines, all other vehicles have 2 engines

Table 22: Aircraft Static Thrust and MTOW for Technology Sce narios

Static Thrust [Ibf] Maximum Takeo Weight [Ib]

Vehicle GV MOD MOD ACC GV MOD MOD ACC
Class N+1 N+21  N+2 N+1 N+21  N+2
RJ 14362 13624 13758 14024 84343 68495 69182 70549
SSA 22970 21543 20110 18803 151557 142208 132803 124272
LSA 30634 28651 26626 25087 200057 186624 174369 164975
STA 57090 46883 43925 40279 386710 316278 295892 272560
LTA 100972 80884 74376 67468 675272 539375 496442 450977
VLA? 54361 48917 44887 40951 852452 768888 702731 641346

L ACC N+1 aircraft is the same as MOD N+2 aircraft
2 VLA has 4 engines, all other vehicles have 2 engines

Table 21 also shows that the technologies drive the enginesvards higher bypass
ratios. Historically, this is the best way to reduce engine jenoise, and thus it is
anticipated that these high BPR engines should signi caryl reduce the aircraft noise
signature. Table 22 demonstrates how the technologies geally reduce the maximum

takeo weight (MTOW) and the static thrust. The reduction in thrust required is
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related to the weight savings, which should lead to signi a& fuel savings. The weight
and thrust reductions have competing e ects with respect tmoise. The reduction in
takeo thrust required should reduce the noise signature dghe aircraft, but reducing
thrust may also impact the climb performance with shallowetrajectories leading to
extended contour lengths.

The resulting fuel burn savings corresponding to each sceimaare displayed in
Figures 52 and 53, with results broken up into narrow-body (B SSA, LSA) and
wide-body (STA, LTA, VLA) aircraft for visual clarity. As can be seen, the fuel
savings increase with longer mission ranges, and the sawrage much greater for the
wide-body aircraft. The fuel savings increase with each teeology advancement for
all aircraft except the RJ vehicles, which actually featuremarginal degradation in
fuel savings with technology advancement. The OPR and BPR rfdhe RJ vehicles
do not change much between technology scenarios, and whiletRJ MOD N+1
does feature some thrust and weight savings, the succesd®ehnology generations

actually lead to increases in both thrust and weight.
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Figure 52: Fuel Savings for Narrow-Body Aircraft
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Figure 53: Fuel Savings for Wide-Body Aircraft

The noise technologies lead to signi cant reductions relae to the baseline
average generic vehicles, but the relative di erences beten each technology vehicle
are minor. A sample of the SEL 80-dB approach and departure mours for the
LSA vehicle are shown in Figures 54 and 55, respectively. Theparture contours
correspond to a representative stage-length 1 mission. ThOD N+1 technology
infusion signi cantly reduces the noise signature due priarily to a 50% increase in
BPR. The more advanced technology portfolios, however, fa€ more on structural
weight reductions which results in only incremental impragments in the noise
signature. The ACC N+2 vehicle actually features a slightlydnger contour, which is
a consequence of the reduced engine thrust and the termine¢a trajectories. Similar
trends were observed for the other vehicle classes, with thevel of improvement
varying with size. The LTA and VLA aircraft feature greater reduction in the noise
signature. The RJ aircraft already had a small noise signate, and the BPR does
not change much with technology integration and thus the radttion in the noise
footprint is less pronounced. It should be noted that whilelte RJ noise contours are

small, this vehicle signi cantly contributes to DNL noise catours at many airports
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due to the frequency of operations [130].
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Figure 54: Noise Contour Reductions for LSA: Approach
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Figure 55: Noise Contour Reductions for LSA: Departure

While the vehicle-level results from technology infusion einonstrate greatly
improved performance, the true impact of this technology fsion depends on
the relative frequency of operations by each vehicle type. oTreduce eet-level
environmental impacts, these new technology vehicles mube introduced to the
eet, and thus eet-level performance will also depend on t replacement schedules

for each vehicle type.
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5.3 Fleet-Level Scenario Analysis

After including the link between GREAT and ANGIM, the technology infused
generic vehicles, and the population grid method introdudein the previous
chapter, the nal enhanced integrated environmental desigtool can be used for
eet-level analysis. This enhanced environment is diagramed in Figure 56. This
enhanced environment is referred to as the GREAT-A method, sait links the
previously developed capabilities of GREAT and ANGIM to commo and consistent

operational schedules.

Figure 56: Enhanced Fleet-Level Environment with Specic T ools

5.3.1 Technology Vehicle Replacement Schedules

With these enhancements, various market introduction scanos can be explored
to simultaneously visualize resulting impacts on fuel burnNO, emissions, and
signi cant noise exposure. These impacts will vary depenaj on the forecast used,
but the scenarios analyzed in this chapter use the FAA's Termal Area Forecast

(TAF) as a baseline [131]. GREAT includes a capability to panmaetrically scale a
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given forecast to explore di erent scenarios, but for the pposes of demonstrating
the capability no scalings were applied. The forecast of apg¢ions by each class
are shown in Figures 57 and 58. As can be seen from the scales amh glot, total

operations by aircraft in the narrow-body classes (RJ, SSA,3A) is an order of
magnitude greater than total operations by aircraft in the vide-body classes (STA,
LTA, VLA). The operations by the existing eet are represented ly the solid lines,
while replacement operations are represented by dashedekn The TAF forecasts
a signi cant increase in demand for RJ, SSA, and STA replacemis compared to
current day operations by existing aircraft, whereas demafor LSA, LTA, and VLA

replacements increase more steadily. It should be noted th@REAT uses an earlier

baseline year, which explains why the replacement operat® are not zero in 2015.
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Figure 57: Forecast of Operations for Narrow-Body Aircraft

Aircraft manufacturers typically have limited resources tccarry out research and
development for multiple programs simultaneously, and traithey must prioritize
certain aircraft types depending on customer demand for rigzements [89]. As a

sample problem, the market introduction schedules from Ref89] were used. The
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Figure 58: Forecast of Operations for Wide-Body Aircraft

introduction rates for each vehicle class are shown in Figars9. Note that \SA"
refers to the Single Aisle classes (SSA and LSA). Since the s in the LSA class
are essentially stretched versions of those in the SSA clagsis assumed that they

will share similar future designs which should allow them tbe developed in parallel.

Figure 59: Baseline Technology Vehicle Replacement Schedu le

Until the rst introduction of N+1 technology vehicles in 2016, all replacement
operations due to the combination of retirements and growtlare assigned to the
baseline average generic vehicles that represent curremtgroduction vehicles. Each
N+1 technology vehicle is phased in gradually over four year#n the rst year, 25%

of replacement vehicles are N+1 technology vehicles, whilbet other 75% are still
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average generic vehicles. The following year the replacamngeare split 50%-50%, and
so forth until after four years 100% of replacement operatg are allocated to N+1
technology vehicles.

Further in the future, the N+2 vehicles are also phased in ovdour years while the
N+1 vehicles are phased out. This does not mean the N+1 vehiclase retired, but
rather that all replacement operations are eventually allated to the N+2 vehicles.
This phase-in structure is common for each vehicle class, tbthe introduction
dates are staggered due to the limitations on R&D investmenn parallel vehicle
development programs. This schedule was derived from a matlstudy described in
Ref. [132].

The baseline replacement schedules were applied to both tM©OD and ACC
technology scenarios. Since they each use the same markétuhuction schedule it
is di cult to glean any information about the sensitivity of results to the technology
introduction rates. In order to demonstrate how critical the vehicle introduction dates
are to the projected results, a simple deviation from the baine market introduction
schedule was formulated and run through the integrated emainment for comparison.
The same technology scenarios were considered, but a new kearscenario was
created such that the Very Large Aircraft (VLA) technology aireaft are introduced
earlier and the Small Single Aisle (SSA) and Large Single Aisle§A) programs are
delayed. This notional scenario, shown in Figure 60, repesgs a future where airlines
demand advancements in the larger aircraft due to the cumulge fuel savings over
large range missions.

In this notional scenario, the aircraft manufacturers pridtize the VLA program
at the expense of delays in the SSA and LSA programs. This p@ular scenario was
chosen to exploit previous observations of the area and sf@tcontributions of the
SSA and LSA classes to DNL contours at these airports [130, 133 he VLA, by

comparison, contributes very little to the DNL contours desjpe having the largest
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Figure 60: Alternate Technology Vehicle Replacement Sched ule

vehicle-level noise footprint because of the relative ifquency of ights compared

to other vehicle classes.

5.3.2 Fleet-Level Results

The rst analysis isolated the impacts of each technology enario with respect
to a common baseline replacement schedule. Results were pamd against a
Business-as-Usual (BAU) scenario where all future replacente are allocated to the
baseline average generic vehicles. This scenario repréesanvery conservative worst
case, where no new aircraft types or improved technologieseenter use in the eet.
This means that after all out-of-production aircraft have lkeen retired the entire eet
behaves as a homogeneous mix of current in-production typeBhe second analysis
repeated the technology scenarios under the alternate rapement schedule, once
again comparing against the BAU scenario. The results for éawere quanti ed in
terms of savings relative to this BAU scenario.

Figure 61 overlays the cumulative fuel savings versus timerfeach technology
and replacement scenario. The cumulative savings relatite the BAU scenario
grow in time due to the increasing prevalence of operationy bechnology vehicles.
Additionally, the total volume of operations is steadily inceasing over time. For the
alternate schedule, it was anticipated that the earlier emy of the VLA technology

aircraft would lead to better cumulative savings in time dueto the signi cant
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Figure 61: Cumulative Fuel Burn Savings

vehicle-level savings observed in Figure 53, but in fact theumulative savings lag
the baseline schedule. The shift in the cumulative savingsirwes directly correspond
to the delay in the single aisle programs. This highlights # importance of the SSA
and LSA classes which account for a majority of the NAS operatis.

A better way to measure the eet-level e ciency of each scen# is to normalize
the total fuel burn by the cumulative own distance by the enire eet. Figure 62
shows these e ciencies for each technology scenario as wadl the BAU scenario.
Even the BAU scenario improves in e ciency in the early yearsas out-of-production
vehicles with poor fuel economy are retired from the eet andeplaced by current
in-production aircraft. Over time, however, the fuel e ciency starts to degrade due
to changes in the distribution of ights between the classesparticularly due to
the sharper increase in demand for SSA ights. The MOD scenraralso features
a parabolic change in fuel e ciency, but the in ection point is delayed later in
time. The ACC scenario repeats the pattern, but with a much shllower parabolic
shape and an in ection point occurring much later in time. Tle alternative schedule

scenarios demonstrate the same trends, but at slightly reded e ciency. In order to
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avoid the eventual degradation in fuel e ciency in these futire years, more advanced
vehicles with unconventional con gurations must be introdced, but adopting a more
aggressive technology scenario in the near term delays thexassity for these advanced

con guration vehicles.
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Figure 62: Fuel Burn per Distance Flown

Noise analysis was only conducted every ten years and thusulés are presented
as stacked bar charts instead of continuous curves. The gtacfor the bar charts
correspond to the di erent operational groupings displaye in the parallel plots in
Figure 63. Bernardo used hierarchical clustering of operahal volumes (Small,
Medium, and Large) and distributions by vehicle class to gup the subset of
airports into eight operational classes [134]. These classwere then paired with
calibrated average runway geometries to de ne a reduced set generic airports
which accurately represent the cumulative sum of contour ea across the 94 airports
with less computational burden. The analysis in this study des not use Bernardo's
generic airports because this would require the de nitionfa generic population grid
for population exposure comparisons. However, organizingsults with respect to

these operational groupings provide better resolution ohé impacts of the di erent
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vehicle classes for di erent airport types.

Figure 63: Generic Airport Operational Classes

The reductions in DNL 65-dB contour areas are displayed in Rige 64. It should
be noted that these results are not reductions relative to ctent day noise contour
areas, but rather to the worst case BAU scenario. In fact, theoise contour areas for
each technology scenario remain relatively static with imeasing volume of operations.
The extreme contour area reductions in 2040 and 2050 are matemonstrative
of potential noise concerns due to operational growth if nodsanced vehicles are
introduced to the eet.

The rst observation is that there is little di erence between the two technology
scenarios. The ACC scenario features slightly better nois®ntour reduction than
the MOD scenario, but given that little di erence was obsered between technology
scenarios at the vehicle level (see Figures 54 and 55), it istrsurprising that
the eet-level results feature similar behavior. The sec@hobservation is that the
alternate schedule features the expected noise penalty doethe delay in the critical

single aisle program. The o set in noise reductions betwedme baseline and alternate
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Figure 64: Reductions in DNL 65-dB Contour Areas

schedules seems to be consistent with time, much the same aswbserved in the
analysis of fuel savings. This o set is most noticeable fohé S1 airport class, where
the SSA vehicle class comprises as much as 80% of daily oderst (see Figure 63).

The reductions in population exposed to signi cant noise ardisplayed in Figure
65. The trends between scenarios are relatively similar tdvdase observed for the
contour area reduction, although it is interesting to note hhat by 2050 there is no
perceptible di erence in population exposure between the ®D and ACC scenarios.

The main takeaway from cross-referencing Figure 65 with Rige 64 is the
di erence between the relative importance of each airportlass. The contour area
reductions are fairly evenly distributed between the dieent airport classes, but
some of these classes feature much greater reductions in ydapon exposure. For
example, the M1 class shows the greatest savings in popubatiexposure but not
much more contour area reduction than the other classes. Bnclass features an
approximately even balance of SSA, LSA, and STA operations. €hM1 class

consists of international airports situated in densely papated areas, with most of
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Figure 65: Reductions in DNL 65-dB Population Exposure

these international ights allocated to the STA aircraft. The STA aircraft account
for 20-40% of operations at these airports, while they acaatufor less than 20% of
operations for most of the other airport classes. With expead increase in demand
for international ights, these airports will likely see the most growth relative to
present day and much of this demand will be met with replaceme STA aircraft.

Given the proximity and density of the surrounding populatbn, these airports
more critically depend on advanced technology vehicles. Qime other hand, the S2
airport class demonstrates sizable reductions in contourem but barely noticeable
reductions in population exposure. These airports are nobt¢ated in population
dense areas, and thus the savings in contour areas do not adty contribute much

to the goal of reducing population exposed to signi cant nee.
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5.3.3 Summary of Observations

The analysis for each technology scenario showed that the EGscenario leads to
considerably greater cumulative fuel savings, but there wanot much di erence in
the contour area and population exposure reductions betwe¢he MOD and ACC

scenarios. The noise results particularly demonstrate thenportance of technology
infusion, as current population exposure counts may doublegy 2050 under a BAU
scenario. The alternate scenario demonstrated how criticthe single aisle vehicle
class is to eet-level savings, with a delay in the single &sprogram translating
to consistent o sets in both cumulative fuel savings and ragttions in population

exposed to signi cant noise. Comparisons between contourea and population
exposure reductions showed that the M1 class is most critlda the total population

exposure, which will bene t most from noise technologies pped to the single aisle
and small twin aisle vehicle classes. Focusing only on comt@rea reduction doesn't
provide proper perspective on the relative importance of el airport class. By
enabling rapid calculation of community exposure, the relawe importance of each

airport class can be better understood.

5.4 Placement of New Runways

The previous analysis demonstrated the implementation ofhé average generic
vehicles in an integrated eet-level environment for exphing forecast scenarios
which can introduce vehicles with various technology pacias for di erent market
introduction scenarios. This formulation, however, assues that the airports will be
able to increase capacity to handle projected growth in opations. As mentioned in
Chapter 1, the evolution of the airports themselves must beasidered simultaneously.
While there are many ongoing studies for improving airport apacity through

advanced NextGen Air Trac Management (ATM) techniques, the aly way for
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airport capacity to keep up with the projected major increass in demand is to expand
airports and build new runways. This led to the third over-aching research question
concerning a balanced evaluation of the impacts of these newnways in conjunction

with the infusion of new technology. Further questions comening the placement of
new runways and the assessment of the impact to surroundingnemunities stem from

this research question.

ANGIM's simple formulation places no constraints on locatios, orientations, or
dimensions of runways, and thus the entire design space isethetically available
for exploration. In actuality, choices for new runways are ependent on several
other factors beyond just the environmental impact includig safety, e ciency, and
economics. The weight and degree of concern given to eachhwdse factors depend,
in part, on: the Runway Design Code (RDC) which accounts fothie types of aircraft
operating on the runway, the meteorological conditions, #gansurrounding environment
(including potential wildlife hazards), topography, and he volume of air trac
expected at the airport [135].

Runway orientations are typically chosen to take advantagef the prevailing winds.
The most advantageous runway orientation based on wind isé¢hone which provides
the greatest wind coverage with the minimum crosswind compents. Wind coverage
is the percent of time crosswind components are below an gotble velocity. The
desirable wind coverage for an airport is 95%, based on theéabnumbers of weather
observations during the record period, typically 10 consetive years [135]. Historical
wind and weather data can be obtained from the National Oceanand Atmospheric
Administration (NOAA). This analysis is used to determine if addional runways
are needed to provide the necessary wind coverage [136]. daithat most of the
airports considered in this study have long histories of aaion activities, it is assumed
that current airport infrastructures and runway orientations were chosen with all

of these issues under consideration. Thus, the orientati®rof new runways should
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likely re ect the current orientations, which suggests tha with rare exceptions a
capacity-justi ed runway should be parallel to an existingprimary runway [135].
Furthermore, additional primary runways for capacity just cation are typically equal

in length to the existing primary runway, unless they are intnded for smaller aircraft
[137]. A new parallel runway should also aim to minimize theumber of runway
crossings, as this is likely to maximize the airport capagitbene ts by reducing the
complexity of air eld simulation modeling [36].

Past standards for parallel runways have identi ed a sepati@n distance of 4,300-ft
(0.71-nmi) or greater to maximize e ciency and provide higlest hourly capacity
[138]. This is because under current FAA regulations, simaheous landings on
parallel runways under low-visibility conditions are onlypermitted if those runways
are 4,300-ft apart. Many airports have parallel runways thaare much closer to each
other than 4,300-ft, which means those airports' capacityan be cut as much as
in half under low-visibility conditions [139]. NextGen drin airspace improvements
may enable improved levels of e ciency at closer separatiodistances even under
low-visibility, which will have a substantial e ect on devdopment at airports that
lack available lands for new runways, such as in dense metadipan areas [6]. In fact,
technical reports on Automatic Dependent Surveillance-Bemicast (ADS-B) along
with advanced cockpit displays may make it feasible to redecunway spacing to as
low as 750 feet (0.12-nmi) [139]. This closer separation tdisce may also have some
positive bene ts with respect to encroachment of DNL noise atours.

With these potential improvements in mind, three degrees ofreedom can

constrain potential new runway placements:

1. Choice of primary runway to build parallel runway next to (liscrete variable

which depends on the number of existing runways)

2. Runway separation distance\,: [750-ft, 4300-ft] or [0.12-nmi, 0.71-nmi])
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3. Runway endpoint stagger X ,: range is airport/runway dependent)

Figure 66: Degrees of Freedom for Parallel Runway Placement

Bernardo showed that the last degree of freedom (runway enaipt stagger) has
little in uence on overall contour area [79]. However, the stgger does translate the

locations of the contours, which may have an impact on populan exposure.

5.5 Community Noise Exposure and New Runways

Given the simpli cations of the eet-level tool suite, the terminal-area fuel-burn and
NO, emission calculations were not spatially dependent. Thisakes it di cult to
address the impact of new runways on fuel-burn and emissiomnsthout resorting
to detailed tools such as AEDT which can include and evaluateuél-burn and
NO, penalties for various taxiing procedures and ight groundracks. However,
the structure of ANGIM displayed in Figure 20 enables the inckion of airport
infrastructure and runway con gurations to capture the spéal nature of the noise
metrics. Furthermore, the population grid method descrilbetin Chapter 5 enables this
spatial data to capture population exposure counts surrouting the airport. While
changes in the eet-composition, ight ground-tracks, valme of operations, and
aircraft technologies will lead to changes in the size andtext of the DNL-contours,

changes in airport infrastructure will lead to the most signcant changes in the shape
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of these contours. Given that noise exposure is the most sigant environmental
concern for communities near airports, ANGIM can be used as arsening-level tool
for conducting preliminary Environmental Assessment (EA) stdies with regards to
new Airport Layout Plans (ALP). Furthermore, ANGIM's formulati on and speed
allows for the exibility of exploring several potential locations for new runways.
Combinatorial designs of experiments were formulated to isgle the continuous
space of new runway locations corresponding to the previdyisnentioned three
degrees of freedom at a subset of ten airports in need of adlial capacity. Custom
ranges for parallel and lateral spacing of new runway endpts with respect to each
primary runway were derived heuristically by examining aport layout diagrams from
FlightAware® as well as satellite maps of the surrounding communities, @rthus
each airport featured unique designs of experiments. Rarmsger each spatial variable
were kept as wide as possible, with minimum parallel sepai@at corresponding to the
750-ft separation enabled by ADS-B. Care was taken to avoid weaunway locations
that intersected interstate highways or clearly occupiedesidential areas, but bay I
was assumed to be an acceptable option at a few airports. Rumwlocations were
also chosen in an e ort to minimize runway crossings and if geible avoid the need
for moving existing airport terminals. An example of a runwayexploration design of
experiments for an airport with two sets of parallel runwayss shown in Figure 67.
The solid lines represent existing airport runways, and thdashed lines are samples
of possible new runways. The rectangles display the spatiatea explored for one
runway endpoint, with the length of the runway set equal to i¢ parallel existing
runway. It should be noted that the size of the runway endpotrdesign space varies
for each runway due to surrounding obstacles including higlays, terminals, and
other runways. For example, the parallel runway to Runway 4sivery limited in
placement due the existence of a terminal, and the runway epmodint design space

intersects Runway 1 near the edges. A parallel runway to Ruiay 2 has much more
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exibility in placement and thus the runway endpoint designspace is wider. Each
design space was sampled with 1000 experiments, with the lscaf the resolution
varying depending on the size of the design space. For eacmpée, the DNL contour
areas and population exposure counts were computed. Thidoals for visualization
of the continuous space by \heat maps" that show the best andasst locations in the

design space depending on which metric is used (contour acggopulation exposure).
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Figure 67: Example of Runway Placement Explorations

Given that new runways take 10-14 years to nish, it was assued that each
runway would be introduced after a decade and be availablerfase in 2030 [38]. The
2030 ight schedules at each airport from the previous thregechnology scenarios
(BAU, MOD, and ACC) under the baseline market introduction raes were used for
analysis. By using average generic vehicles with technojomfusion, the combined
community impacts of technology integration and new runwaylocations can be
evaluated. Vehicle-level noise technologies may be a kegtta for enabling capacity
expansions at otherwise capacity constrained airports viacreased exibility for new

runway placements. This is justi ed by the manner that noisdas calculated within
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ANGIM as described in Chapter 4. ANGIM rst calculates the runwaylevel DNL
grids. These grids are strictly a function of the vehiclesel contours for aircraft with
operations on that runway, and thus the only way to signi catly change the size
and extent of the runway-level contour is to infuse vehiclevel noise technologies.
After the runway-level DNL grids are calculated, they are traslated and rotated
to correspond to the specied runway con guration. This de¢rmines the spatial
reference for the runway-level contours, and the overlap wiultiple runway-level grids
determines the airport-level noise contours. Assuming thaiise technologies are able
to reduce the size of the noise contours emanating from eacimway axis, more margin
may be built into the placement of the new runway before sigmiant encroachment
on the surrounding population occurs.

Examples of results for two of the ten airports are includedni this chapter.
The speci c airport names are not listed for sensitivity resons. Additionally, all
results in the heat maps are normalized by the 2030 contouresr and population
exposure for the BAU scenario, which represents the worstsga scenario with no
technology vehicle introduction and no new runways. The heanaps and runway
layout plots presented in this chapter were repeated for eyerunway at each of the
ten airports. The results for each airport and each potentiarunway location are
unique due to di erences in runway con gurations and distfutions of population in

the surrounding communities.

5.5.1 Example Airport: Multiple Parallel Runways

The rst example is a large hub airport with multiple paralld runways as shown in
Figure 68. This is the most e cient runway con guration for capacity considerations,
and with ADS-B allowing for closely spaced runways this airpbis an excellent

candidate for expansion. The noise analysis quickly detemmed that each of the three
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runway explorations led to comparable noise contour areasdts, but the exploration
of a runway parallel to Runway 1 featured signi cantly redued population exposure

compared to the other two explorations.
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Figure 68: Multiple Parallel Runway Placement Exploration S

An example of a heat map for the runway exploration experimens shown in
Figure 69. The lled contours demonstrate the best locatias (blue) and worst
locations (red) for placement of a new runway with respect ta given metric. It
should be noted that the parameters in the design of experimis were referenced to
the endpoint of the parallel runway, and thus the results in lgure 69 are actually
vertical mirror images with respect to the orientation disfayed in Figure 68. The
results are presented for the ACC scenario, with contour aagleft) and population
exposure (right) shown side-by-side for comparison. All ohé normalized values are
less than one, which is indicative of the noise reductionsofn the infusion of the
advanced technologies.

If choosing a runway location for minimal contour area undethis technology

scenario, the heat map shows the importance of the parallgbaxing. The best
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Figure 69: Parallel Runway 1 Heat Maps

locations correspond to the closest and furthest parallgbacings. Given the proximity
of Runway 5 to this runway exploration space, the results sggst that area is reduced
by placing a new runway as close as possible to an existing way. This close
spacing would not be a feasible solution for alleviating capity constraints without
ADS-B technology. Cross-referencing the contour area heatps with the population
exposure heat maps, it can be seen that wider parallel spagifrom Runway 1 (closer
to Runway 5) is ideal. Furthermore, population exposure demds on the lateral o set
of the new runway whereas contour area showed little depemde on lateral spacing.
By including the population exposure counts in the analysisan airport planner can
gain a clearer picture of spatial dependencies and inteligtly choose a new runway
location. The best runway locations for each metric are showin Figure 70.

The con gurations for minimal contour area versus minimal ppulation exposure
show quite dierent results. An overlay plot of the DNL 65-dB caotours for each
con guration are shown in Figure 71. Due to the sensitivity bthe data, the axes
and scales for these contours are purposely omitted. A guative comparison of
shape su ces to understand the results. Runway 1 and Runway are already very
closely spaced, and thus their overlapping runway-level mours lead to lobes that

extend further than the lobes from Runways 3, 4, and 5. For mimal area, a runway
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Figure 70: Best Runway Locations from Runway 1 Exploration

placement with minimal parallel spacing further extends tese center lobes, but
the lobes for the other runways remain small. For minimal papation exposure, a
new runway placed closer to Runway 5 leads to more balancedbés. This runway
location increases the size of the bottom contour lobes, btltis prevents the center

lobes from encroaching on the nearby population.
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Figure 71: New Runway Contour Comparison: Area v. Populatio n
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5.5.2 Example Airport: Dual Parallel & Intersecting Runways

The second example is a medium sized airport that is expectéa have signi cant
growth in operations in the future. The airport con guration features two sets of

parallel runways, with each set perpendicular to the otheras shown in Figure 72.
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Figure 72: Dual Parallel & Intersecting Runway Placement Exp lorations

This is an example of an airport on a waterfront. Generally gborts on the
water try to take advantage of ight tracks over waterways tominimize population
exposure. Extending a runway into the water accomplishes mu of the same
reduction in population, but there are other environmentalimpacts to lling in a
bay for constructing new runways. ldeally these impacts ancapacity considerations
could be evaluated in conjunction with the noise analysisubthis is beyond the scope
of this analysis. In Figure 72, Runway 4 borders the water ara new parallel runway
would require some bay I, but allows for minimal population exposure compared
to the other options. The runway exploration parallel to Rumay 2 also extends one

runway endpoint into the water, but these runways extend omt the land between
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Runways 2 and 3. Thus the bay- Il associated with this explation would not be as
signi cant.

Heat maps for the contour area and population exposure for tmenway placement
exploration between Runways 2 and 3 are shown in Figure 73,thvithe parameters
referenced to the Runway 2 endpoint. These heat maps inclubdeth the BAU (top)
and the ACC (bottom) scenarios for comparison. Once again éhparameters are
referenced to the endpoint of Runway 2, and the results in Rige 73 are actually

rotated 90 with respect to the orientation of the exploration space shn in Figure 72.
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Figure 73: Parallel Runway 2 Heat Maps

Between the two scenarios, the heat maps for minimizing canir area look fairly
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similar, with the best locations corresponding to a negatév lateral spacing. This
lateral spacing translates the new runway location as far lend as possible, which
means extending the runway into the water (positive laterabpacing in this case)
actually leads to larger contour areas. However, most of themtour growth for a

runway that extends into the water would be concentrated ovethe water where no
one lives. This is re ected in the BAU population exposure t& map, which favors
new runway locations that extend into the water. The correspnding population

exposure heat map for the ACC scenario features very di erebehavior. All of the

locations lead to greatly reduced population exposure réilge to the BAU scenario
thanks to the advanced technology infusion. However, the desew runway locations
for the ACC scenario no longer show as much dependence on theeidal spacing.
The heat map suggests the best locations correspond to a riaywith wide parallel

spacing relative to Runway 2 (closer to Runway 3). Figure 7ews the best new
runway con gurations for minimizing population under the BAU and ACC scenarios,
respectively.

The vastly di erent new runway layouts re ect the observations from the heat
map. Under the BAU scenario, the corresponding growth in theze of the contour
requires a mitigation strategy that pushes the runway endpuwt as far into the water
as possible, which minimizes the encroachment on the comnityrliving on the other
side of the airport. For the ACC scenario, technology infush reduces the vehicle-level
noise footprint. This technology infusion actually allowsan airport planner to open
up the design space for the new runway location. In this scei@ the location that
minimizes population exposure also requires less extemsioto the bay, which would
likely reduce other environmental concerns related to camgction of new runways.

An overlay plot of the DNL 65-dB contours for each con gurationare shown
in Figure 75. Once again, the axes and scales for these comsoare purposely

omitted. A qualitative comparison of shape su ces to undersand the results. The
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Figure 74: Best Runway Locations from Runway 2 Exploration

rst observation is the level of reduction in the contour tha results from infusion of
technologies. This is most evident from the recession at thebe closure points. In
the BAU scenario, adding a new runway between Runways 2 andeéads to overlap of
their runway-level contours and a corresponding encroackemt at the contour ends.
Under the ACC technology scenario, the new runway is placedoske to Runway 3,
and signi cant recession in the contour closure point corsponding to Runway 2 is
observed. The reduction in the closure point for Runway 2 elgins the reduction in

population exposure.
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Figure 75: New Runway Contour Comparison: BAU v. ACC
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5.5.3 Fleet-Level Integration of New Runways

The runway exploration experiments were unique for each aort, but the two
examples included are representative of general obsereas. The explorations
enabled quick identi cation of the best locations for new roway placement, and
the heat maps provided visual feedback on spatial trends. Merarely did the new
runway location for minimal contour area correspond to theolcation for minimal
population exposure. The locations for minimal contour aee did not typically
change much between technology scenarios, although theesiof the contours were
considerably reduced with technology infusion regardles$ runway placement. The
locations for minimal population exposure sometimes chaeg between the BAU
scenario and the MOD or ACC scenarios as was observed in Figsii73 and 74. This
wasnt true for every experiment because each airport and sounding community is
unique, but reductions in vehicle noise signatures preveehcroachment of contours
into densely populated areas and allow airport planners mer exibility with new
runway placements. This implies that an airport planner musconsider the future
composition of the eet when choosing a location for a new rway for best allocation
of noise.

While the runway placement experiments were designed to ngate expected
increases in population exposure, the analysis revealedttaddition of a new runway
can actually reduce population exposure counts at many of ¢hairports. Most of
these experiments found new runway locations that led to legpopulation exposure
than the baseline con guration, even for the BAU eet scendao. These experiments,
however, were performed only for a single year (2030). By @grating these new
runway con gurations into the eet-level analysis, total population exposure counts
over time were directly compared to the same scenarios witltonew runways to
guantify the savings introduced by these new runway locatis. The results from this

nal analysis are shown in Figure 76. Only a few of the airportlasses from Figure
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63 were included in the new runway study, and thus only this $set of airport

classes is included in Figure 76.

[ Im1
45000 - [ ]
[ D
40000 M3
o L
5 35000 |-
8
L%. 30000 - j— —
- 25000 - L e
8
T 20000 -
2 15000
8 .
10000 -
5000 -
0 ) O N} O N O
F 'S € 'S € <
Figure 76: Reductions in Population Exposure with New Runwa ys

These results are referenced to the previous eet-level segios that did not
include new runways. For the BAU scenario, the results showgsi cant savings
which are strictly due to intelligent placement of runways. In this case, no
technology vehicles were introduced and yet population egpure reductions were
still achievable. For the MOD and the ACC scenarios, the re#s are additional
savings relative to the scenarios shown in Figure 65. The says are less than the
BAU scenario because reduction of aircraft noise signatgref the aircraft already
introduces signi cant reductions in population exposureput the results show that
intelligent selection of new runway placement enables amp capacity expansion
without additional encroachment on the surrounding commuty. Often this selection

of new runways leads to an increase in the contour area, as derstrated in Figure 77.
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Figure 77: Increases in DNL 65-dB Contour Area with New Runway S

The results in Figure 77 demonstrate that simply measuring BL 65-dB contour
area without considering the distribution of population aound an airport may lead
to misleading analysis. While at the vehicle-level decraag the aircraft noise foot
print is always recommended, the true metric of interest ishie population exposure
to signi cant noise. For this reason the spatial distributon of noise is much more
important than the geometric size of the DNL contours. For althree technology
scenarios, the new runways that reduce population exposwinultaneously increase

in the net contour area across the subset of airports.

5.6 Summary of Capability Demonstrations

The generic vehicles and the Thiessen polygon populationidg were incorporated
into an enhanced eet-level environment to perform scenarianalysis. A system
dynamics model that uses existing forecasts to generate do¢ operational schedules

at each airport was linked to the rapid noise computation maal in an automated
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fashion. Technologies were infused on the generic vehicledsals in the physics-based
vehicle-level tool demonstrating improvements in fuel barand reductions in aircraft
noise signatures. Various technology scenarios were dedneand these technology
vehicles were used as replacement aircraft for two replacembh scenarios. Each
scenario was compared to observe trends in cumulative fuedveigs as well as
reductions in contour area and population exposure for dirent airport types.
Finally, an exploration of new runway locations was conduetl at ten capacity
constrained airports for each technology scenario.

Fleet-level analysis showed the critical importance of tenology improvements
speci cally for the single aisle vehicles for both fuel sawys and reduction in
population exposure to signi cant noise. Infusion of noiskechnologies for the small
twin aisle class is also critical, as these aircraft are atlated a signi cant share
of operations at international airports. These airports a expected to see the
largest growth in demand, with much of this demand leading tonore ights by the
small twin aisle vehicle class. The runway explorations demstrated the di erence
between airport planning for contour reduction versus plaring for reduced population
exposure. Best locations for new runways sometimes changelden considering the
infusion of advanced technology vehicles. Fleet-level @gration of new runways for
each of the ten airports showed that it is possible to increasairport capacity and
simultaneously reduce population exposure to signi cantaise, even for a scenario
with no technology vehicles. These locations for minimizinpopulation exposure
corresponded to increases in contour area, which suggestattthe latter is not the

appropriate metric to consider when planning for airport egansion with new runways.
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CHAPTER VI

CONCLUSION

All of the capabilities and analyses presented in this disgation address the

overarching research objective as presented in Chapter 1:

Research Objective: To develop a framework for modeling relevant
environmental performance metrics and objectively simulag the future
environmental impacts of aviation given the evolution of ¢h eet, the development

of new technologies, and the expansion of airports.

This objective was motivated by recent international focu®n the environmental
impacts of aviation, speci cally the ICAO goals concerningsHGs, terminal-area air
guality, and community exposure to signi cant noise. The famework was formulated
for exible exploration of di erent technology scenarios,and hinges on modeling and

simulation. This led to the following overarching hypothes:

Overarching Hypothesis: By exchanging delity for computational speed,
a screening-level framework for assessing aviation's emvimental impacts can be
developed to observe new insights on eet-level trends amdorm environmental

mitigation strategies.

The reduction of the eet to a handful of generic vehicles repsents an exchange

of delity for computational speed. Mapping Census block pmulation data to a

grid conforming to the dimensions of a rapid noise computatn model is another

189



example of exchanging delity for speed. These methods enath the framework
for assessing aviation's environmental impacts. This wasc@mplished through
modeling and simulation of performance improvements anddenology compatibilities
at the subsystem level for the generic vehicle models and pemgating these results
to aircraft-level environmental performance. The aircraflevel results are linked
to forecast schedules of operations to project the eet-lel/results with respect to
assumptions of growth rates and replacement schedules. Theodularity of the
methodology also allowed for exploration of new runway cogurations to account
for potential evolution of airport infrastructures, which has implications for capacity
constraints as well as community noise exposure around aims.

The capability demonstration and analysis included in Chapr 5 led to a few
insights on eet-level trends that can inform environmentamitigation strategies. A

few examples of eet-level trends observed are listed below

Technology improvements for the Single Aisle vehicle classeanost critical due
to the projected increase in demand for replacement airctafom this class,

and thus Single Aisle aircraft technology programs should h@ioritized.

International hub airports contribute to a large percentag of the total
population exposure counts across the subset of major US arfs. These
airports feature more operations by Small Twin Aisle aircrathan other airport
classes, and these operations may increase dramaticallythmMhe anticipated
growth in demand for international travel. Noise technologyrograms should

prioritize these Small Twin Aisle aircraft (along with the Shgle Aisle aircraft).

Increases in airport capacity by construction of new runway can be
accomplished without increasing population exposure caisn particularly when
paired with noise technologies applied to aircraft. This wires intelligent

placement of runways with knowledge of population densigein communities
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surrounding the airport. Often a solution for reducing poplation exposure also

corresponds to arincreasein contour area.

The analysis conducted and this list of observations is by nmoeans exhaustive, but
they demonstrate the utility of this framework to inform envronmental mitigation
strategies. This supports the overarching hypothesis, argtesumably more specic
strategies can be derived by exploring more technology andptacement scenarios.
By reducing the computational expense associated with thigpe of analysis, the
framework demonstrates more exibility to enumerate and ampare more scenarios
and provide policy-makers with better perspective on the fure environmental

impact of aviation.

6.1 Summary of Contributions

The GENERICA method for optimizing generic vehicles, the erdncements of
existing airport-level (ANGIM) and eet-level (GREAT) tools, and the exploration
of new runway locations each represent major contributioriatroduced in this work.

The techniques and lessons learned for each are brie y sunmazad.

6.1.1 Average Generic Vehicles with Noise

Chapter 2 reviewed the average generic vehicle methodologyroduced by Becker
in his dissertation, but this approach was limited to evalugon of fuel burn and
NO, emissions. Because DNL noise is an airport-level metric, Becs test structure
was insu cient for optimizing generic vehicles that can als approximate eet-level
noise performance. In response to this capability gap, theatihod for Generating
Emissions and Noise, Evaluating Residuals, and using Inversmethods for Choosing

the best Alternatives (GENERICA) was developed. The primary derence between
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Becker's method and GENERICA was the characterization of ddevel performance
at each airport in addition to the cumulative eet-level metics. Instead of just
minimizing cumulative error, GENERICA attempts to minimize the mean error and
variance of the relative error distributions for each metd across the subset of airports.
Becker showed in his work that the generic vehicle method wasore e ective at
representing aggregate eet-level fuel burn and NOemissions than a traditional
representative-in-class approach, and it was hypothesizghat the enhancements
enabled by GENERICA would show that this also holds for DNL 6548 noise contours
as well.

An alternative vehicle classi cation scheme was introducetthat used discriminant
analysis to bin aircraft according to common vehicle-leveperformance with
respect to the collection of environmental metrics. Thesevehicle classes" were
expected to reduce performance variance within each classmpared to traditional
seat-class-based groupings, and it was hypothesized thhtst would enable individual
generic vehicles to better represent the aggregate perfante of each group. To
test this hypothesis, the GENERICA method was repeated usinigoth classi cation
schemes. A test structure of sequentially increasing coneglty was designed for
traceability of generic vehicle performance with respectot di erent operational
variations across the subset of airports. It was shown thatfisolating the operational
distributions of each vehicle class from other operationalomplexities, rapid design
space exploration and exploitation was possible using dgsiof experiments, surrogate
modeling, Monte Carlo simulation, and \desirability" scoes for multi-criteria decision
making, as formulated in Chapter 3 and implemented in Chapte4. It was
hypothesized that the surrogate models would identify the dést locations in the
vehicle-level design space for matching eet-level ressijt and that these models
would continue to demonstrate accurate performance acrodge subset of airports as

other sources of variability (trip-length distributions, volumes of operation, airport

192



infrastructure, etc.) were re-introduced.

The results showed that the generic vehicle models depend stip on the
thermodynamic cycle design and the sizing of the engine. Thep ranked vehicles
for each test were widely distributed with respect to many othe vehicle-level
input parameters, but the best models featured similar engge OPR, BPR, and
sea-level static thrust. These best designs continued to rpam well as the
operational complexity of the target metrics were increade The nal tests showed
that the generic vehicle method demonstrated better accurg than traditional
representative-in-class vehicles. This method proved evemore critical for the
cumulative DNL 65-dB contour areas. The representative veties performed well
for noise at smaller airports with less operational variabiy, particularly if the
representative vehicles were allocated the majority of theperations per class at these
airports. For larger airports with more variability and greater volumes of operations,
the generic vehicles performed better. Since the large ans contribute more to the
cumulative contour areas, the generic vehicle models feetd superior accuracy for
cumulative noise. All hypotheses were supported, but the gerc vehicle classes only
demonstrated marginal improvement relative to generic sealasses. The hypothesis
concerning the aircraft classi cation schemes was weaklygoorted, but this served as
a testament to the exibility of the GENERICA method to optimi ze generic vehicles
with respect to any vehicle classi cation technique.

As baseline schedules and the composition of the current eehange over time,
the GENERICA method can be repeated and the generic eet can hapdated to
re ect these changes. The surrogate modeling approach uséat Test A would
be sucient, which signicantly reduces the amount of data peparation and
computational burden required to repeat the generic vehiloptimization. In this
manner, the GENERICA method can serve as a standard for redg the complexity

of the eet regardless of the speci c modeling tools used priged these tools meet
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the requirements enumerated in Chapter 2. The resulting gerc vehicles can serve

as virtual testbeds for technology infusion that can be usedr eet-level analysis.

6.1.2 Fleet Analysis with Average Generic Vehicles

Chapter 5 focused on the enhancement of the integrated eddvel environment for the
purpose of meaningful analysis. The goal of these enhancetsevere to leverage the
generic vehicles and link them to existing forecasts of opgional schedules. The rst
enhancement required logic to lter and export ight schedles for each of the airports
from an existing system-wide eet-level environmental p&ormance model to the rapid
noise tool. This allowed for simultaneous evaluation of daperformance metric with
respect to a common set of operations, forecast assumptipasd vehicle replacement
schedules. In this manner, bottom-up analysis that was prewusly only possible for
fuel burn and NG, emission evaluations can now be linked to noise projections
The rapid noise tool only featured a capability for calculahg DNL grids and noise
contours, but the true metric of interest is the population gposure to signi cant
noise. Importing the noise contours into a Geographical lafmation System such as
ArcGISR® is possible given proper geospatial referencing of runwaydgoints, but this
approach is computationally expensive and requires comgdited setup. Furthermore,
this doesn't take advantage of the existing architecture othe rapid noise tool.
Instead, a method was created that exported population datanto discretized grids
that matched the dimensions and resolution already used fohe rapid noise tool's
DNL grids. This population data was collected for each airpbrthrough one time
pre-processing of 2010 Census blocks in ArcGl$hrough the area-weighted method
described in Chapter 3. The end result was a library of popuian grids that can be
called by the rapid noise tool and link noise analysis to theigtribution of population

surrounding an airport. By cross-referencing the DNL grids i the corresponding
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population grids, community noise exposure may be rapidlyatculated simply by
summing the population counts for grid points with DNL decibk levels above a
given threshold (typically DNL 65-dB). In this manner, community noise exposure is
integrated into the noise tool with almost no increase in ruime, thus leveraging the
speed of the existing tool.

The nal enhancement was the infusion of technology on the avage generic
vehicle baselines. In the near term, replacement operat®rare allocated to the
baseline generic vehicles, but the main goal of the integeat analysis is to quantify
the level of improvement due to various technology packagesd the dependence
of these results on the forecast and replacement assumpsgonTo demonstrate this
capability, a Moderate (MOD) and an Accelerated (ACC) technlmgy scenario were
each de ned and savings with respect to a Business-as-UsuBIAU) scenario were
guanti ed. A baseline and an alternate replacement schedzwere each implemented
to demonstrate the criticality of rst integrating advanced technologies on the Small
Single Aisle (SSA) and Large Single Aisle (LSA) classes.

Results from eet-level fuel burn analysis showed variougVels of cumulative
fuel savings. By normalizing the results with respect to diance own, it was
observed that for each scenario there was an in ection poimh fuel burn e ciency.
These in ection points occur at di erent points of time for each scenario, with more
accelerated technology infusion pushing this in ection pot far into the future. The
takeaway from this analysis is that accelerating these teshlogy programs in the
N+1 and N+2 time frames buys more time for the development of ummmventional
designs with revolutionary fuel burn savings as is targeted the N+3 time frame.

Results from eet-level noise analysis showed signi cantagings in contour area
and population exposure relative to the BAU scenario. The gangs were comparable
between the MOD and ACC technology scenarios, as the vehitdel improvements

in noise were signi cant compared to the baseline vehicleours but did not vary

195



greatly between scenarios. The noise savings were more otivwe of the problem in
the BAU scenario than a decrease in the DNL contours across thebset of airports.
In fact, the contour areas for the MOD and ACC scenarios remaed relatively
static over each decade while the volumes of operation inased signi cantly at each
airport. Comparisons between contour area savings and pdation exposure savings
showed that the relative importance of each airport class éred depending on the
metric of choice. The savings at the M1 class if airports, fdnstance, represented
a greater proportion of the population savings than the coour area savings. The
savings at the S3 class of airports represented a greater pootion of the contour

area savings than the population savings.

6.1.3 Exploration of New Runway Locations

Chapter 5 explored potential options for placement of new nways to increase
airport capacity. This was accomplished through spatial dggns of experiments
conducted for a set of ten airports in need of capacity enhagment by 2030. These
experimental designs were derived heuristically by exaning airport layout diagrams
and attempting to constrain new runway locations based on &sting obstacles. For
each airport and each potential new runway, \heat maps" wergenerated that show
the continuous dependence of contour area and populationp@sure on the location of
the new runway endpoint. Visualization of results through tese heat maps was made
possible by the inexpensive computation times associatedthwthe rapid noise tool
coupled with average generic vehicle classes and the pregiy developed population
grid method.

The designs of experiments were repeated across the ten aitp for the 2030
ight schedules corresponding to the three technology scamos (BAU, MOD, and

ACC), and the heat maps were normalized by the results for thBAU scenario
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with baseline runway con gurations (no new runways). A few gneral trends were
observed, although results were unique for each airport due dierent layouts
and population distributions. The locations of new runwayg$or minimum contour
areas were often very di erent from the locations for minimm population exposure,
as the latter attempted to balance the encroachment of the otour lobes into
population centers while the former focused on the overalize of the contours. The
locations for minimizing population exposure sometimes ahged between the BAU
and the two technology scenarios, demonstrating the incread exibility of runway
placements enabled by reduced vehicle-level noise footpsi Most importantly,
integration of the best new runway locations for minimizingpopulation exposure
showed that intelligent runway design can identify future aport con gurations with
new runways and simultaneouslecreasein population exposure, even in the BAU
scenario. The results from this eet-level integration sheed that these new runway
locations typically lead to increase in cumulative contouareas, which suggests that

airport-level noise analysis must not focus on contour aredone.

6.2 Future Work

Many simplifying assumptions were necessary to scope thesearch, and future work
can be derived by exploring these assumptions in greater dét Some future work
items are discussed with respect to each of the major contutions, but the list is

not exhaustive.

6.2.1 Incorporate Stochastic Parameters in GENERICA Metho d

The test structure for the GENERICA method identied several sources of
operational complexity, but the weighted frequency of eaobf the unique constituent

vehicles proved to be the most important factor. A few compkities were not
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included, however, including the unique atmospheric cordins and ight tracks
associated with each airport. While these represent stodtec parameters associated
with the airports, it is not certain how including these paraneters when generating
the target metric distributions may change the input paramter settings of the
best generic vehicles. Furthermore, surrogate models obule developed that map
variations in vehicle-level performance to deviations fro standard day sea-level
atmospheric conditions or alternatives to the currently usd straight-in straight-out
ground tracks. Some of these methods have been explored ifsR§L40], [141], and
[142]. Enabling average generic vehicles to capture thesevidtions would broaden

the scope of scenario-analysis capabilities for the integed eet-level environment.

6.2.2 Additional Analysis with GREAT-A

The eet-level analysis was scoped considerably for this o but there are
several areas for potential improvement. Many more techragy scenarios may be
enumerated, including novel engine architectures (such geared turbofan engines)
and unconventional con gurations (such as hybrid-wing bogand box-wing concepts).
These designs would not require a generic vehicle approadveg the fact that
the current eet does not include these vehicles, althoughats should be made
to match baseline concepts to publicly available data on pjected performance of
these aircraft. Sensitivities of eet-level performancea market penetrations of these
advanced concepts could then be weighed against advancebldtand-wing technology
vehicles.

The analysis did not take advantage of many of the parametritormulations
for operational schedules available in the system-wide ekvel environmental
performance model. Options for scaling the growth of opeiahs and adjusting

retirement curves were set to default values for all analysin this work. Future work
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may take advantage of these additional parameters for broad scenario analysis.
More alternate replacement schedules could also be expthre Furthermore, the

noise analysis did not include vehicle-level noise gridg fout-of-production vehicles.

Volume of operations were conserved at each airport, but theut-of-production

operations were allocated to baseline generic vehicles. cluding the actual

out-of-production vehicle grids or at least a representate set of these vehicles
would allow for bene ts analysis of policies that acceleratthe retirement of these
older, noisier aircraft. It should be noted that the fuel bun analysis did include
out-of-production aircratft.

The analysis of terminal-area N@ emissions was scoped from the nal analysis,
primarily because engine combustor technologies were notluded in the technology
packages for the MOD and ACC scenarios. NQevaluations should be included
in the future, but terminal-area NO, evaluations require a surrogate modeling
approach that links changes in baseline emissions to devaats from standard day
sea-level atmospheric conditions. Preliminary observatis of advanced combustor
technology models have demonstrated signi cant reductienin NO, emissions.
These technologies will be key enablers for higher OPR enggnby mitigating the
corresponding increases in NO

The noise analysis assumed uniform utilization of runwaysith cross- ow, but in
fact many airports feature dedicated runways for departurer approach operations.
While runway utilization at these airports are not publiclyavailable, access to existing
inventories would allow for more accurate representatiorms airport usage which could
lead to signi cant changes in the DNL contour shapes. The imga of the uniform
utilization should be investigated in more detail, and if psesible these utilization
factors and constraints should be incorporated into the rag noise formulation.

In addition, all analysis was performed using static poputeon data from the

2010 Census blocks. Including population dynamics to sinatié potential growth

199



or decay in population counts around airports would be moreepresentative of
reality, although much uncertainty is associated with progcting future population
distributions at this level of resolution. These populatio growth models could
possibly be calibrated by repeating the population grid exgting procedure at
Census blocks from 1990 and 2000 and observing the populataynamics per grid

point over time.

6.2.3 Evaluating New Runways for Capacity Improvements

The new runway explorations limited the analysis to noise wi the assumption that

these runways would create the necessary increase in cagacruture work should

link these explorations to capacity models to show the trades between capacity
enhancement and noise exposure. The costs associated widy-dl should also

be investigated in more detail, and eet-level integratiorof new runways should be
adjusted if bay- Il is not a feasible option.

The runway explorations would also be improved by actual rwmy utilization
information. Future scenario analysis could explore not &y new runway locations
but also optimal utilization for best spatial allocation ofnoise. Further population
exposure reductions may be possible through curved groundatks or steeper
continuous descent approaches, and thus these tracks shliblle considered in

conjunction with the runway placements.

200



APPENDIX A

STOCHASTIC MULTI-CRITERIA ACCEPTABILITY
ANALYSIS (SMAA)

Many traditional Multi-Criteria Decision Analysis (MCDA) me thods exist today and
can be applied to a variety of problems. Several of these raguthe decision-maker
to provide preference information, often in the form of welgs. Complications
associated with these methods arise because the solutioms$ttese problems are highly
dependent on the preference information. The preferencefarmation is subjective
and dependent on the dierent stakeholders involved in the reblem. In some
situations, the preference information can be incompleteand in other situations
involving multiple decision-makers, inconsistent prefence information may result
due to the di erences in opinions [149, 164].

One of the oldest MCDA methods is the utility function-basedapproach. This
approach uses a utility function to calculate a utility scoe for each alternative,
given the evaluations of the alternative's criteria. The utity function expresses
the decision-makers' preferences in the form of numeric uak, the utility score,
where larger values are favorable. This method has been imsévely researched
and applied in various applications, however it has becomepparent that the
exact parameter values required from earlier methods are tnsu cient in all
decision-making situations.

Assigning exact values to parameters disregards the ignoc@nin a problem,
where ignorance is classied by three subcategories: incoleteness, imprecision,
and uncertainty. Assigning exact parameter values may alsceldi cult when the

problem involves multiple decision-makers whom possessedences in opinions. By
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assigning these exact values, the solution found for the frdlem becomes di cult to
justify. Alternatively, an inverse method should be applied Instead of inputting
exact parameter values and nding one solution, the paramet values are described
as a result from analyzing di erent sets of outcomes. In 1978harnetski introduced
the comparative hypervolume criterion, with further studyin 1978 by Charnetski and
Soland. This criterion is based on calculating the volume dhe multi-dimensional
weight space for each alternative which make that alternate the preferred one. The
method uses preference information in the form of linear cstnaints for weights,
but it is limited to deterministic values for criteria measuements, only allowing the
use of additive utility functions [145, 146]. The overall aopromise criterion was
introduced in 1986 by Bana e Costa. The objective of this medl is to identify a set of
weights which results in the least amount of con ict betweerarious decision-makers.
Each decision-makers preferences are taken into considiemra in de ning the joint
probability density function for the weight space. Each pait in the weight space
corresponds to an acceptability index, a measure of the degrof acceptability. The
aggregation of the acceptability indices leads to the ovdf@ompromise criterion, the
parameter used for nding the set of weights with the least aoict [147]. In theory,
the method is very useful; however in practice, it is limitedo only handle three
criteria [164].

The latter methods signi cantly in uenced the developmentof the Stochastic
Multicriteria Acceptability Analysis (SMAA) by Lahdelma et al. in 1998 [155].
SMAA is an inverse MCDA method, which explores the feasible pmeter spaces with
multidimensional integrals. SMAA calculates descriptive masures which provide
information to assist the decision making process. This als the ignorance within
a parameter and the inconsistent preferences to be de neddbecome bene cial in
nding a solution instead of being detrimental to the justi cation of a solution.

SMAA is a utility function-based MCDA technique, which allows decision-makers
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the ability to explore the weight space as an alternative to ng-de ning subjective

and possibly inconsistent preferences or weights. The fuardental idea behind
SMAA is to support decision-makers by calculating descripte measures, which help
describe the potential weights and the corresponding outees. SMAA describes the

set of weighting combinations, which make each alternativtbe preferred alternative.

A.l SMAA [164, 155]

In a discrete multi-objective problem, there are m alternatives x =

where g; (x;) represents the evaluation ofx; by criterion g. The method allows
multiple decision-makers the ability to express their prefences by an individual
weight vector, w and any type of utility function u(x;;w) which is jointly accepted
by all the decision-makers. The additive linear utility furction is the most commonly

used and given by the following:

xXo
uxi;w) = wig(xi) (26)
=1

The weight vectors are comprised of individual weightsy; for each criterion. Each
weight value is positive and normalized acting as a scalingdtor. The set of feasible
weight vectors de ne the weight spaceyw as shown below:

( )
W= w2R":w 0 w=1 (27)

Unlike many traditional utility function-based methods, SMAA allows
decision-makers to de ne the ignorance in a problem such as the criteria and
in the weights. Ignorance includes the imprecision, incortgieness and uncertainty

as previously mentioned. The criteria's ignorance is remented by stochastic
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parameters () corresponding to the evaluation ofy (x;) with the density function,
f (), where the density function is de ned in the space R™ " Similarly the
ignorance in the weights is represented by weight distribigins with joint density
function f,(w) de ned in the weight space W. In certain problems, where a complete
lack of weight information exists, the density function is epresented by a uniform

distribution in W.

1

volume(W) (28)

fw(w) =

For each alternative, x; the set of favorable weights\W;( ) is determined. The
set of favorable weights is de ned as the set of weight vecwhich make the utility
score of alternativex; larger than or equal to any of the other alternative's utility

scoreu( x;w), making the alternative x; the most preferred alternative.

Wi()=fw2W:u(i;w) u( «;w);8k=1;::;mg (29)

The original SMAA method calculates three descriptive meases including the
acceptability index, the central weight vector, and the comlence factor. The
descriptive measures are computed using Monte Carlo simtidens and therefore may
contain errors, which are usually small enough where they dot need to be accounted
for. The number of simulations drives the accuracy of the cgmtations and can be
determined to maintain a speci ed error limit.

The rst of the descriptive measures is the acceptability idex, a. The
acceptability index measures the probability that an altemative is the preferred
one for the assumed weight distributions used in the computans. It describes
the variety of di erent weight combinations which make an aernative the most
preferred alternative. It is computed as a multidimensiorlantegral over the criteria

distributions and favorable weight space.
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Z Z

g = f() fw(w)dwd (30)
2 W2W; ()

A high acceptability index suggests that the correspondinglternative is highly
acceptable as the preferred alternative, whereas an accaptity index of zero
indicates that the corresponding alternative is never the rpferred alternative for
the given preference model.

The central weight vector,w{ gives the expected center of gravity of the favorable
weight space. It is computed as the multidimensional integt over the criteria
distributions and the favorable weights.

Z Z

1 f() fw(W)wdwd (31)
a o w2Wi ()

we =
The central weight vector describes the weights which a hypwetical
decision-maker supporting the alternative would most likg select. However,
in application, deviations between the actual preferencesnd the central weight
vector may exist. Nonetheless, presenting the central weigkectors provides
decision-makers an inverse approach to collect informatioabout the outcomes
of di erent preferences, providing decision-makers indig on how di erent sets of
weightings lead to speci ¢ outcomes.
The con dence factor, pf calculates the probability that an alternative is the

preferred one for the given central weight vector. It is comyted as a multidimensional

integral over the criteria distributions.

o = f()d (32)

The con dence factor measures whether the criteria measunents are su cient
in accuracy to discern between the alternatives when the wgit vector is xed. A

high con dence factor suggests that the corresponding aitetive is likely to be the

205



preferred alternative, whereas a low con dence factor suggts that the alternative

is unlikely to become the preferred alternative with the gen central weight vector.

A2 SMAA-2 [164, 156]

SMAA-2 was introduced in 2001 by Lahdelma and Salminen. It buit on the
original SMAA method by incorporating ranks among the alteratives and by
generalizing the utility function, made possible by allowig additional types of
preference information. Additional descriptive measures@computed with SMAA-2,
providing decision-makers with more insight to the multi-bjective problem. The
new descriptive measures include the rank acceptability dex, the best rank-type
measures, and the holistic acceptability index. In order tde ne the new measures,
rank must rst be established. Rank is de ned by the followin:
X
rank(i; ;w)=1+ (u( k;w) >u( i;w) (33)
k& i
where the function outputs \1" if the inequality holds true and outputs \0"
if the inequality is false. The rank is de ned by an integer, Wwere a lower integer
indicates a higher rank. Rank \1" identi es the most prefered alternative and rank
\'m" identi es the worst alternative. Once the rank is establited, the sets of favorable

rank weights, W," are determined by the following:

W/()=fw2 W jrank(i; ;w)=rg (34)

A set of favorable rank weights contains all the weight vects which results in
the corresponding alternative achieving the speci ed rank. SMAA-2 analyzes these
spaces in order to determine the rank descriptive measureBhe rank acceptability

index, I, is similar to the acceptability index in the original SMAA mehod, the
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di erence being the measure now considers the acceptabhilifor a certain rank. It
measures the probability that an alternative is of rankr for the assumed weight
distributions used in the computations. It describes the vaety of di erent weight
combinations, which results in the alternative obtaining ank r. It is computed as
the multidimensional integral over the criteria distribution and the favorable rank
weights.
z z
H = f() fw(w)dwd (35)
2 w2W/ ()

A rank acceptability index of \1" indicates that the corresponding alternative
will always obtain rank r for any given set of weights, whereas a rank acceptability
of \0" indicates that the alternative will never obtain the specied rank r. In an
ideal case, the preferred alternative will result in a rank aeptability index of 1 for
the rst rank. For the purposes of this study the focus will belimited to the rank-1
acceptability index, the central-weight vectors, and the @n dence factors. Figure 78
below demonstrates how the SMAA algorithm works for a notiorigroblem featuring
three criteria. The \weight-space"” is depicted as a triang because the weights
must add up to one, and thus they are dependent on each othera¢h point in the
weight-space represents a single weighting scenario. Bveiternative is evaluated
and ranked with respect to that weighting scenario, and therpcess is repeated for
a number of di erent sampled weighting scenarios. The rankare then accumulated
for all of these scenarios and used to calculate the rank-1captability indices, the
central weight vectors for each alternative, and a con demcfactor associated with

each central weight vector.
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Figure 78: Notional Diagram of Weight Space and SMAA Method

A.3 Simulations

In order to calculate the descriptive measures of SMAA, multichensional integrations
are required. The high dimensionality and the various disitoutions involved in a
problem introduce a high level of complexity in calculatinghe integrals. Numerical
integration techniques are computationally expensive aniifeasible as the required
e ort increases exponentially with the number of dimensian Instead, Monte Carlo
simulations are conducted to handle the complexity. In the linte Carlo simulations,
values for the parameters (weights, criteria, etc.) are ssted from their joint
probability distributions. The set of parameter values arghen used in calculations to
determine the rank for the parameter values. Numerous iterians are executed and
the aggregation of the results approximates the descripgvmeasures. The accuracy
of these approximations can be set by executing a certain nber of simulations. To
obtain a 95% con dence accuracy level, for the acceptability indices, the number

of simulations required,K , is determined by the following [99]:
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1:96%
K= 4A2

(36)

Similarly, a 95% con dence accuracy level for central weiglvectors can be

achieved with the following number of simulations:

K = 1:96?

= —— 7
where g; is the acceptability index. In most cases, 10,000 simulatie provide

Su cient accuracy [163].

There have been several applications of SMAA ranging from dyubene t-risk
analysis to ranking potential locations for a university kidergarten. Furthermore,
many applications have dealt with supporting, planning andlevelopment programs
such as cleaning polluted soil, ecosystem management, arehtcalizing cargo at
an airport hub. This wide range of applications demonstrate the versatility of
the SMAA algorithm. The ability to explore preference (weigt) and parameter
(criteria) spaces without preference information allowshe algorithm to maintain as

much objectivity as possible.

A.4  Generic Vehicle Error-Distributions as Stochastic

Criteria Measures
The SMAA method was implemented using open source softwardled JSMAA [162].
The method allows for de ning a set of alternatives (in this ase the potential generic
vehicle designs), a set of criteria to evaluate the alterniaes (in this case the 12 metrics
that follow), and measurements of these criteria associat&ith each alternative. The
software allows for the measurements to be de ned by exactluas or by distributions

to capture uncertainty in the metrics, which can be used to @uate the con dence

209



factors mentioned in Section A.1. There are several optionsrfdistributions, but the
nature of the error distributions for the generic vehicle mblem have very irregular
shapes depending on the metric. Thus, instead of assumingumdtional form for
these error distributions, the discrete observations of i for the subset of airports
were used for the stochastic sampling with each observatibaving equal probability

of being sampled. The metrics of interest are as follows:

1. Total mission fuel burn [kg]
2. Terminal area departure fuel burn (below 3,000-ft) [kg]
3. Terminal area approach fuel burn (below 3,000-ft) [kg]
4. Total mission NG, emissions [g]
5. Terminal area departure NQ emissions (below 3,000-ft) [g]
6. Terminal area approach N@ emissions (below 3,000-ft) [g]
7. DNL 55-dB contour area [nnm]
8. DNL 55-dB contour maximum width [nmi]
9. DNL 55-dB contour maximum length [nmi]
10. DNL 65-dB contour area [nnf]
11. DNL 65-dB contour maximum width [nmi]

12. DNL 65-dB contour maximum length [nmi]

One issue concerning the use of the JSMAA software for this fmlem is that the
value functions associated with each criteria can only be @nding or descending,
whereas the nominal is best formulation for these metrics wil require a value

function that peaks at zero, and decreases for values lesaithor greater than zero.
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Since no preference is placed on under-predicting versugmepredicting, this problem
can be avoided by instead using the distribution of the abaake value of the relative
error. This essentially folds the distribution over the zes-relative error point and
turns the problem into a minimum is best formulation.

One advantage of this approach is that the ranges for theserer distributions
can be used to quickly gauge the existence of a design that taps zero-error.
The absolute value of the relative error distribution foldsthe distribution over the
zero-error axis, as is demonstrated in Figure 79. If the dgsi fails to capture
zero-error, however, then the relative error distributionand the absolute value of
the relative error distribution will have similar shapes, a is demonstrated in Figure
80. In this example, the terminal area approach fuel-burn fadhe potential Generic
Vehicle is under-predicting the target metrics at every aport. As a result, the
relative error distribution does not capture zero error, ath thus the absolute relative
error distribution is purely a re ection of the relative error distribution with a similar
shape. If the Generic Vehicle alternative had over-predietl terminal area approach
fuel-burn at every airport, then the distribution of the ab®lute value of the relative

error will be exactly identical to the distribution of the relative error.

Count
Count

Total Fuel Burn - Relative Error Total Fuel Burn - Absolute Relative Error

Summary Summary
Statistics Statistics
Mean Mean
Figure 79: Di erent Relative and Absolute Relative Error Dist ributions
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Count

-0.42 -0.4 -0.39 -0.37 -0.35 -0.33
Approach Fuel Burn - Relative Error ~ Approach Fuel Burn - Absolute Relative Error

Summary Summary
Statistics Statistics
Mean Mean
89 89
Figure 80: Similar Relative and Absolute Relative Error Dist ributions

In the latter example, it was determined that a bias existed &tween the
EDS vehicle approach fuel-burn and N emissions and the targets generated
from the constituent database vehicles. Upon closer examtian, this bias exists
because the EDS vehicles assume Continuous Descent AppreacfCDAS) whereas
many of the database vehicles feature traditional dive-andrive approaches with
a level-o at approximately 3,000-ft altitude, as is demortsated in Figure 81.
Until CDA procedures are developed for all of the actual veHes or dive-and-drive
approach procedures are designed within the EDS-AEDT mapmnthis bias remains
irreducible. As a result, every potential Generic Vehicle @m EDS features this bias.
Given that these di erences are due to di erent operationabssumptions rather than
vehicle characteristics, this observation indicated thaerminal-area approach metrics
should be left out of the SMAA analysis. This di erence in appwach procedures
also manifested itself in the form of the DNL contour maximumengths, and thus
contour length was also removed from the SMAA analysis. Thisegtively reduced
the number of metrics included in the SMAA analysis from 12 t0.8

It should be noted that the setup for the SMAA analysis is the sae for each of

the validation Tests A-F. The only change that occurred is fofest E and F, the DNL
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contour widths were removed and replaced by the Detour indeand the Spin index

described in Figure 16. This increased the number of metrit®m 8 to 10.
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