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Abstract

Condensation trails, or contrails, are line-shaped ice clouds that form in the exhaust
plume of aircraft engines under sufficiently cold and humid conditions. They can per-
sist for several hours, growing to be indistinguishable from natural cirrus clouds. Nu-
merical simulations of contrails (including contrail-cirrus) have estimated the global,
annual average, net radiative forcing (RF) to be 50 mW/m? in 2011, representing
2.3% of the RF due to all anthropogenic emissions. However, these estimates are
uncertain and model estimates vary by more than one order of magnitude. In this
thesis, I address three major sources of uncertainty: the number of black carbon (BC)
particles emitted by an engine, the accuracy of the meteorological datasets used for
modeling contrails, and the approach to simulate the evolution of a contrail.

The number of BC particles emitted by an aircraft engine is required to estimate
the number of crystals that form in a contrail. Decreasing the number of crystals
that form by 80% could reduce the contrail RF by 50%. The first part of this thesis
develops an approach to estimate the number of particles emitted by an engine. Using
two complementary datasets, I relate smoke number measurements to the BC mass
concentration, quantify losses in the measurement system, and connect mass emissions
to particle number emissions. The method is applied to existing BC measurements
achieving an R? of 0.80 and 0.82, respectively. Global BC emissions for all operations
in 2015 were estimated to be 2.0 Gg/year (95% CI = 1.7 — 2.3) and 2.42 x 10
particles/year (95% CI = 1.58 — 3.81 x 10%9).

Contrail formation is sensitive to the background atmospheric conditions, specif-
ically the temperature and humidity. These are estimated from reanalysis models
that assimilate observations with numerical estimates of the atmosphere. Upper tro-
pospheric water vapor has been found to be overestimated in multiple reanalyses, but
the effect on the formation of persistent contrails has not been quantified. In the
second part of this thesis, I quantify the error in predicting the formation of persis-
tent contrails using two reanalysis models - ERA5 and MERRA-2. Using data from
793,044 radiosondes, persistent contrails forming at cruise altitudes in 30°N — 60°N
are overestimated by factors of 2.0 and 3.5 for ERA5 and MERRA-2, respectively.



I also define the evaporation depth, which measures the depth to which a contrail
can survive based on the available ice mass and is thus a measure of contrail lifetime.
This metric is found to be overestimated by 17% in ERA5 and 45% in MERRA-2
suggesting the contrail lifetime is overestimated. Finally, the reanalyses incorrectly
identify individual regions that could form persistent contrails 87% and 52% of the
time, respectively. These results suggest that contrail models currently overestimate
the number and lifetime of persistent contrails.

Global contrail models simulate contrail evolution using simplified approaches.
These may not capture important physical phenomena of the contrail, such as the
size distribution of contrail ice particles, that more detailed simulations can. In the
final part of this thesis, I use an intermediate-fidelity model, the Aircraft Plume
Chemistry, Emissions, and Microphysics Model (APCEMM), to quantify the global
RF using statistical inference, where samples are randomly drawn from the distance
flown by aircraft in 2016. The global, annual average, net contrail instantaneous RF
in 2016 was found to be 96 mW/m?, within 6% of other literature estimates. The
contrail energy forcing per unit flown was highest for flights over Western Europe,
which was 39% and 66% higher than that for flights over the contiguous United States
and South and East Asia, respectively. I also used the particle emissions approach
as an input to APCEMM and found it had a correlation coefficient of 0.53 with the
initial number of crystals that form in the contrail. In comparison, it had a smaller
correlation coefficient of 0.10 with the energy forcing per contrail, suggesting that
reducing particle number emissions may not have a strong effect on contrail RF.
Finally, the effect of the overestimate in PCC in the MERRA-2 data was studied and
found to reduce the global, annual average, net RF by a factor of 2.8 from 96 mW /m?
to 30 mW/m?2. This difference could have important implications in identifying the
most important climate forcers to focus on to reduce aviation’s climate impact, but
further research is required to quantify it more thoroughly.
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Chapter 1

Introduction

1.1 Contrail climate impacts

Global climate change is a major environmental concern [1]. Aircraft operations are
estimated to contribute 4% of the global climate impact using the radiative forcing
metric [2]. As air transportation becomes more affordable and populations more
wealthy, aviation is one of the fastest growing industries at approximately 5% growth
in operations per year [3, 4]. The two major sources of aviation’s climate impact are
CO; emissions and contrails (including contrail-cirrus) contributing approximately
34% and 57% of the overall impact, respectively [5].

Condensation trails, or contrails, are line-shaped ice clouds that form in the ex-
haust plume of aircraft engines under sufficiently cold and humid conditions. The
formation process follows the Schmidt-Appleman criterion (SAC), which requires that
the mixing between the exhaust plume and ambient air lead to water supersaturated
conditions, before the ice crystals freeze in ice supersaturated conditions [6-8]. If lin-
ear contrails persist for several hours, they can grow into large, diffuse contrail-cirrus
clouds that are “indistinguishable from natural cirrus clouds” [9-13]. Contrails lead
to a climate impact by interacting with incoming solar radiation (ISR) and outgoing
thermal radiation (OTR) [14], by changing the difference between the radiation ab-
sorbed versus radiated out by the Earth, referred to as the radiative forcing (RF).

Contrail ice crystals scatter some portion of the ISR back into space leading to a cool-
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ing effect. The ice crystals also absorb OTR emitted from the surface of the Earth
and re-emit this at a lower temperature leading to a warming effect. The two effects
sum together to lead to a net warming effect across all contrails. Global simulations
of contrails have estimated the annual average net radiative forcing to be 50 mW /m?

in 2011. However, these estimates vary by almost an order of magnitude [15].

This uncertainty is due to a number of factors from the engine emissions and
operation [16] to the expected ice crystal habit [17, 18]. In this thesis, I address three
sources of uncertainty: the number of black carbon (BC) particles emitted by the
engine, the accuracy of the meteorological datasets used for modeling contrails, and

the approach to simulate the microphysical evolution of a contrail.

The number of BC particles emitted by aircraft engines is not well understood
due to the challenge of sampling particles from an aircraft exhaust and subsequently
counting the particles (see e.g.; [19, 20]). The number emitted by an engine must be
estimated for contrail modeling as they form the nuclei upon which ice can freeze as
the contrail forms [12]. They thus have an effect on the lifetime and optical properties
of a contrail. For example, Burkhardt, Bock, and Bier [21] found that reducing
the initial number of ice crystals by 80% could reduce the global climate impact
of contrails by 50%, however the size and direction of this effect is sensitive to the
assumed ice crystal habit [17]. To understand why this happens, consider a contrail
in fixed background conditions. Decreasing the number of BC particles emitted leads
to fewer, larger ice crystals, and this has two effects. First, each individual crystal
will be heavier and have a higher settling velocity. These crystals reach lower, warmer
altitudes where they can evaporate faster, reducing the overall lifetime of the contrail
and decreasing the integrated radiative forcing over its life. Second, the larger crystal
size and lower number concentration reduces the total cross-sectional area of the
crystals per unit contrail mass, which reduces the contrail’s optical depth [22], though
the effect on the global, annual average radiative forcing is less well understood [17].
An accurate representation of BC particle number emissions is therefore necessary to
model individual contrails. However, most global contrail simulations have assumed

a fixed number of BC particles emitted per mass of fuel [15, 23-26].
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Next, I quantify the dependence of contrail formation on the background atmo-
spheric conditions, specifically the temperature and humidity. Global contrail models
use meteorological reanalysis from data assimilation systems such as the NASA Mod-
ern Era Retrospective analysis for Research and Applications V2 (MERRA-2) [27].
These models assimilate observations with numerical estimates of the atmosphere.
Recent studies have shown that reanalyses tend to overestimate upper tropospheric
water vapor concentrations, in some cases by up to 150% [28, 29]. Overestimates have
also been observed when comparing the probability of a persistent contrail forming
from meteorological data against satellite measurements [30, 31]. These studies, how-
ever, do not provide a comprehensive and quantitative comparison between simulation

data and measurements.

Global contrail simulations model the evolution of contrails using simplified ap-
proaches [17, 23, 25, 26]. One approach is to track contrail cross-sections and assume
they evolve as a Gaussian plume in homogeneous, idealized conditions, and that all
ice particles are the same size at any given time (monodisperse). The size of contrail
ice particles can vary by up to an order of magnitude, with the largest particles car-
rying a large fraction of the ice mass to lower, warmer altitudes where they melt [32,
33]. This leaves behind a smaller number of particles representing a smaller amount
of ice, which settle more slowly and last longer. A Gaussian plume cannot reproduce
this behavior and the contrail is assumed to evolve with uniform properties and all
particles settling identically. Given the sensitivity of contrail impacts to the particle
size and internal structure of the contrail, this opens questions regarding the Gaussian
model’s ability to reproduce variability in contrail behavior and radiative forcing. On
the other hand, large-eddy simulations (LES) are able to capture the physics of con-
trail evolution, but are computationally intensive to be used for global simulations.
It is therefore necessary to develop a new approach to simulate contrails that can

accurately model their evolution, but is efficient enough to be applied globally.
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1.2 Thesis components

In this thesis, I address the three sources of uncertainty issues discussed previously:
BC particle emissions, background atmospheric conditions, and the modeling ap-

proach. The main contributions of this thesis are:

1. Quantifying BC particle emissions from aviation engines using ex-
isting measurements. In Chapter 2, I develop an approach to estimate the
emissions of BC particles from the exhaust of aircraft engines. This is achieved
using a set of complementary datasets that (1) allow the conversion of smoke
number, a filter-based approach to measuring the opacity of the exhaust plume,
to BC mass concentration; (2) relate mass emissions to particle number emis-
sions; and (3) correct for the loss of particles in the measurement process and
estimate the size of particles. Using the estimated mass concentration and par-
ticle size, I estimate the number of BC particles emitted by the engine. This

work was published in Environmental Science and Technology in 2019 [34].

2. Quantifying the error in using reanalysis data for modeling persistent
contrail formation. Given the overestimate of upper tropospheric water vapor
found in multiple reanalyses [28, 29], I quantify this error in using two reanal-
ysis datasets, the NASA Modern Era Retrospective analysis for Research and
Applications V2 (MERRA-2) [27] and the European Center for Medium-Range
Weather Forecasts (ECMWEF) ERA5 [35], in the prediction of the formation
of persistent contrails. This work shows that errors in simulated humidity are
the main cause of this overestimate and could lead global estimates of contrail

coverage to be overestimated by 100% - 250%.

3. Inferring global contrail radiative forcing using an intermediate fi-
delity model. Finally, I develop a new approach to model contrails on a
global scale using a statistical inference approach. This approach randomly
samples from the distance flown by aircraft in 2016 and models the potential

contrail formation and evolution using the Aircraft Plume Chemistry, Emis-
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sions, and Microphysics Model (APCEMM) [36]. APCEMM is a 2-dimensional
model capable of simulatng the formation of contrail ice crystals on the sur-
face of sulfate-coated BC particles, as well as the subsequent diffusion, settling,
and growth (evaporation) of ice crystals in supersaturated (subsaturated) con-
ditions. APCEMM is specifically able to capture the internal structure of the
contrail and resolve the size distribution of ice crystals over the contrail life-
time, neither of which have previously been captured in global scale contrail
modeling. As an intermediate fidelity model, APCEMM can be run on several
thousand contrail samples and global contrail properties can be inferred from
the mean properties over all samples. Finally, the Rapid Radiative Transfer
Model (RRTM) [37] is used with a two-habit particle model for ice crystals [38,

39] in order to estimate contrail RF.

Overall, this thesis improves upon current global contrail models by developing
new approaches to estimate particle emissions, quantifying existing biases in meteoro-
logical reanalyses, and developing a new method to estimate global contrail properties
using intermediate fidelity models. Having a deeper understanding of the uncertain-
ties and improving upon current modeling approaches is critical to inform mitigation

efforts.
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Chapter 2

Development of a method to
estimate aviation BC particle

emissions

2.1 Introduction

Global commercial aviation activity has been forecast to grow by 1.5-4.1% annually
between 2020 and 2050 under a range of IPCC scenarios [40]. The upper end of this
range is consistent with industry projections that forecast requiring almost double the
fleet size by 2036 [3, 4]. Emissions from aircraft engines near airports and at cruise lead
to a variety of climate impacts [5] and can increase surface-level particulate matter
(PM) and ozone (Oj3) concentrations, which can lead to adverse health impacts [41-
45].

Aviation BC emissions have three major effects on global warming. First, BC
particles absorb outgoing longwave radiation leading to a direct warming effect [5,
45]. Second, BC particles emitted at cruise altitudes serve as ice nuclei to promote the
formation of contrails. Contrails are considered to be one of the largest of aviation’s
climate impacts [46, 47] and have been found to be sensitive to the number of BC

particles. For example, Karcher and Yu [12] found that the number of ice crystals that
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form is proportional to the number of BC particles emitted by the engine at emission
levels above approximately 10'* particles/kg, depending on the ambient conditions
[12, 17]. Burkhardt, Bock, and Bier [21] found that reducing the initial number of
ice crystals by 80% could reduce the global radiative forcing of contrails by 50% for
hexagonal ice crystals. Caiazzo et al. [17], when assuming hexagonal ice columns,
found a smaller reduction of 9% in the contrail radiative forcing over the contiguous
United States for a 66% reduction in particle emissions. However, they also found that
the size and direction of this effect is sensitive to the assumed ice crystal habit [17].
Finally, BC particles can also affect natural clouds as they promote heterogeneous
nucleation, where droplets and ice crystals can form on them. For example, Penner
et al. [48] found that aircraft BC emissions cause a 200 mW /m? cooling effect since
the availability of BC particles can act to reduce the number of ice crystals that
form compared with the homogeneous nucleation of cirrus ice crystals. Being able to
quantify the number of BC particles emitted by an engine is thus crucial to assessing

the climate impact of aviation.

In addition to global warming, PM emissions can lead to adverse air quality and
health impacts. While current epidemiological evidence is based on mass concentra-
tions of PM emissions, increasing toxicological evidence points to the importance of
number (or surface area) as a metric of importance for adverse health impacts [49].
This is a particular concern for aircraft engines due to their emissions of “ultra-fine”
PM, with aerodynamic diameter below 100 nm [19, 50-54]. Ultra-fine particles can
increase the ambient particle number concentrations, where decreases in the average
particle size can increase lung deposition fractions [55-58]. Median estimates for pre-
mature mortalities attributable to all aviation emissions in 2006 vary between 9,000
[59] and 16,000 [41], which represents < 2% of premature mortalities caused by out-
door air quality degradation due to anthropogenic emissions. BC emissions account
for 0.2% of this health impact due to full flight, global emissions [60]. However, this
result does not account for differences between fine and ultra-fine PM, and the BC

contribution may be higher at a regional level [42].

These concerns have led the International Civil Aviation Organization’s (ICAO)
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Committee for Aviation Environmental Protection (CAEP) to develop emissions stan-
dards for aircraft engines, which currently include limits on NO,, unburned hydrocar-
bons, and carbon monoxide emissions during a standard landing and takeoff (LTO)
cycle [61]. Aircraft engine black carbon (BC) emissions have also been regulated

indirectly through the Smoke Number (SN) standard adopted in 1981.

The SN standard was developed to limit the visibility of the black soot from air-
craft engine exhaust plumes. It is measured by capturing the BC in the exhaust
stream on a filter and measuring its change in reflectance [62]. While the SN is useful
for estimating the visibility of the plume, it is not a suitable metric to quantify air
quality impacts on human health or climate impacts. Advanced measurement sys-
tems have therefore been developed to measure BC emissions from aircraft engines.
The systems have evolved over a series of engine measurement campaigns, including
the Aircraft Particle Emissions Experiment (APEX) [63], the Aviation-Particulate
Regulatory Instrumentation Demonstration Experiment (A-PRIDE) [50], and an ad-
ditional study demonstrating the method for smaller engines [19]. This work has
culminated in an Aerospace Recommended Practice (ARP) that provides guidelines

for the measurement of BC emissions [64].

In addition to improvements in the measurement systems, reporting requirements
and a mass concentration standard for engines produced after 1 January 2020 were
established at the 10th meeting of CAEP. While this reporting requirement is useful
for quantifying future emissions of mass and number of BC particles, there remain a
range of engines that are expected to continue active operation with no BC measure-
ments available. For this reason, various correlations have been developed that relate
SN with BC mass concentration, including the FOA3 method [65] and a correlation
developed by Stettler et al. [66]. These have been used as the basis of estimates for
several air quality studies, however they can vary by a factor of 4 in estimating total

global BC emissions [67].

In this thesis, I use a dataset of simultaneous SN and mass concentration mea-
surements to improve the estimation of aircraft engine BC mass concentration from

SN data (dataset-1). While similar in form to the original dataset used to develop
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FOA3 [65], the measurements used here were taken using a standardized measurement
system defined in ICAO Annex 16 Vol. II [61] and the SN and mass concentration
measurements were acquired simultaneously. The FOA3 method was developed us-
ing certification SN data, with mass concentration measured independently using
in-service engines. Thus, dataset-1 is expected to lead to a more reliable correlation
than these previous studies. Despite the advancements in measurement systems, the
long sampling lines required to transport the BC from engine exit to measurement de-
vices lead to particle losses as, for example, particles are deposited on the walls of the
sampling lines. These losses have been discussed in various measurement campaigns
[51, 63] and can be in excess of 50%, increasing as the GMD of particles decreases [68].
Using a dataset of simultaneous BC mass and particle number emissions (dataset-2),
I have developed a correlation to estimate mass system loss correction factors when
only mass concentration data is available. Using this same dataset, I also developed
a method to predict the number of BC particle emissions by assuming a lognormal
size distribution and correlating the GMD with a function of measured mass concen-
tration and the pressure at the combustor exit. These correlations and the method
to convert them to total BC mass and number emissions is referred to as the Smoke
COrrelation for Particle Emissions - CAEP11 (SCOPEL1), and will be used by air-
ports and ICAO-CAEP in developing international standards for the regulation of
aircraft engine BC emissions. In addition, this work can be used by modelers to im-
prove estimates for aviation BC emissions and evaluations of aviation’s environmental

impact.

2.2 Materials and methods

2.2.1 SN to BC mass concentration correlation

I use a dataset of 1407 paired BC mass concentration (Cpc) and SN measurements
referred to as dataset-1. These measurements were taken in order to support the

CAEP process, and comprise measurements of 24 aircraft engine models from 6 man-
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ufacturers over a range of engine thrust settings. The SN and C¢ measurements were
made using standardized measurement systems as defined in ICAO Annex 16 Vol. 1I
[61] and the data represents measurements at the instrument (Cpc ), rather than at
the engine exit plane (Cpc.), but does include corrections for thermophoretic losses
[61, 62]. The measurement system involves three sections: collection, transfer and
measurement. The collection of BC particles occurs through a single- or multi-point
rake with sampling probes, after which the sample flows through a heated sample
line. The sample is then transferred to a diluter to reduce further coagulation and
thermophoretic losses, before being passed through a 1 pm cyclone separator in or-
der to remove large particles that are assumed not to be generated by combustion.
Finally, BC mass measurements are made using either an AVL Micro Soot Sensor
(MSS) or Laser Induced Incandescence (LII), and number measurements are made
using an AVL Particle Counter (APC), which also requires a volatile particle remover
(VPR) to condition the sample for non-volatile particle number measurements. Ma-
jor sources of uncertainty are found in the measurement instruments, estimated to be
25% for both mass and number, as well as errors due to temperature and pressure

measurements, and errors due to dilution factor measurements [50].

By using standardized, certification-compliant measurement systems, dataset-1
contains high quality measured data from a wide variety of engines, which has pre-
viously been unavailable. The measurement points are shown in figure 2-1 (blue
circles). Note that while the data has a general exponential trend for SN > 5 (linear
in semi-logarithmic axes), the behavior below this SN is not as clear. In the SN <
5 regime, there is significant spread in the data, such that at SN = 0, the Cpc; can
vary by approximately 3 orders of magnitude. To help visualize the trends, I have
separated the data into 25 distinct bins by range of SN and plotted the median mass
concentration for each bin (orange, unfilled circles). The median set of data reveals

an exponential trend for SN < 5 that has a steeper gradient than that for higher SNs.

To account for the observed shape and the changing trend between low and high
SN, I develop a correlation using the product of an exponential function (governing

the behavior for high SN) and a logistic function (governing the behavior for low SN):
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klek:QSN

CBC”L’ = 1 + €k3(SN+k4)

(2.1)

where k; are constants that are determined by a two-step nonlinear least-squares
fit. In each step, the fit is carried out on the logarithm of Cgc; in order to produce a fit
that is applicable across the full range of SNs. In the first step, the constants k; and ko
are found by fitting the data for SN > 5 to the exponential function Cpc; = kieF25N.
In the second step, the full data set is fit to the combined equation, holding k; and
ko constant, in order to find k3 and ky.

To quantify the variability within the data, I also calculate prediction intervals.
These are the intervals between which I have a specified probability (e.g. 90%) that
a new concurrent SN and Cpc; measurement would lie. To determine these bounds,
I hold k9 and k3 fixed. k; is found using an optimization routine that uses the SN >
5 data and ensures 5% of the data above and 5% of the data below the upper and

lower bounding lines, respectively. The same method is used to find k4, but using the

data for SN < 5.

2.2.2 System loss corrections

As with any sampling-based particle measurement, there are particle losses in the
standardized measurement system which lead to differences between the BC emissions
measured at the instruments versus those actually emitted from the engine at the exit
plane. Losses occur due to changes in flow direction that cause particles to embed on
internal surfaces. This loss can occur due to bends in the sampling lines and the lack
of penetration of particles through individual components. The losses of particles in
individual components can also be a function of size. For example, losses in the VPR
are determined to be around 60% for particles with 15 nm aerodynamic diameter,
and 30% at a diameter of 50 nm [19], consistent with trends from measurements for
automotive vehicle emissions [69]. These losses, referred to as system losses, have
been found to reduce the measured mass of emissions by up to a factor of 2, while

losses for number emissions can be greater than a factor of 50 [68]. Losses depends
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on particle size due to device-specific penetration functions and the higher diffusion
of smaller particles that can be absorbed on the line walls. These losses can be
estimated by using a system loss calculator developed by SAE [68], which requires
input on the exhaust gas temperature, sampling line lengths and temperatures, and

measured values.

Given that dataset-1 contains measurements at the instrument, I must correct for
system losses to estimate emissions at the engine exit plane. Using a set of simul-
taneous BC mass and particle number data measured using the standard-compliant
measurement systems [70] (dataset-2) and corrected for differences in fuel hydrogen
content, system loss correction factors for mass (kg ) have been estimated using the
SAE system loss calculator [68]. I find that the mean particle size, or the geometric
mean diameter (GMD), tends to increase with increasing combustor mass concentra-
tion due to coagulation (see subsequent subsections) and thus can be used to predict
kgm. To allow for a closed-form equation for kg, I use the mass concentration per
unit volume of core flow at the instrument, which has also been found to be a good

predictor of the GMD and thus kgy,.

The system loss correction factors have been correlated with BC mass concentra-

tion using the functional form:

a1CBc,i(1 4 Bmix) + a2
kgm =1 ’ 2.2
1 ! ( Ce,i(1 + Pmix) + as (2.2)

where [y is equal to the bypass ratio for mixed-flow engines and zero otherwise.
The factor 14 [ corrects the exit plane mass concentration for mixed-flow engines
to a core-equivalent value. The form of the equation was chosen to obtain the expected
asymptotic behavior at high mass concentrations or high GMDs (kg — Inag) and a

bounded value at low concentrations or low GMDs (kg, — In Z—i)

The fit is conducted using non-linear regression, with 34 of the data points dis-
carded as they were either below the mass measurement limit of detection (Cyc 1im =
1.0 ng/m?), were considered anomalous due to measurement errors, or system loss

correction data was not available. kg, can be applied as a multiplicative factor on
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the emissions index for the mass of BC, El,, ;(BC), which measures the mass of BC
produced per mass of fuel burnt [mg/kg-fuel]. I use the Python package Kapteyn
[71], which uses a linear approximation of eq 2.2 to estimate the confidence and pre-
diction intervals. To prevent unrealistic values, I constrain the intervals to have a

value greater than or equal to 1.

2.2.3 Calculating emissions indices

Using the SCOPEL11 correlation, I can estimate Cgc from SN data. This can be
converted into an emissions index following the method described by Wayson et al.
[65]. El,,; (BC) is calculated by multiplying Cpc; with the volumetric flow rate, Q
[m?/kg-fuel]. By assuming a fuel hydrogen content of 13.8% by mass, this is calculated

as:

Qunmixed = 0.776AFR + 0.767
(2.3)
Quixed = 0.TT6AFR(1 + ) + 0.767

where, (Qunmixed 1S the volumetric flow rate for engines with an unmixed exhaust
nozzle and Qunmixed is for engines with mixed nozzles that require a correction for the
bypass ratio, 5. The derivation of these results is provided in Appendix A. These
equations require an estimate of the overall air to fuel ratio (AFR). Wayson et al.
[65] provide estimates for AFR at the four ICAO LTO thrust settings of 106 at idle
(7% of rated thrust), 83 at approach (30% of rated thrust), 51 at climb-out (85% of
rated thrust) and 45 at take-off (100% of rated thrust), which is also presented in
Table 2.1. I then apply the system loss correction factors to El,, ;(BC) to estimate

the emissions at the engine exit plane.

2.2.4 Estimating the number of BC particles at the engine

exit plane

The number of BC particle emissions index at the engine exit plane, Ely .(BC), can be

calculated using EI,, .(BC) and an estimate of the geometric mean diameter (GMD)
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at the same plane. Assuming a log-normal size distribution, the relationship between

these variables can be shown to be [72]:

6EL, . (BC)
ﬂ-pGMD?’ e4-5(In 0)?

Ely.(BC) = (2.4)

where p is the effective density of soot assumed to be 1000 kg/m? and o is the
geometric standard deviation (GSD), which has been found to be around 1.8 from
experimental observations [52, 73].

In order to apply this equation, I require an estimate for the GMD at the engine
exit plane. This value is a complex function of production rates in the combustor
primary zone, oxidation of BC in the secondary zone and coagulation of particles as
they grow downstream of these regions. Measurement campaigns have also shown
that the GMD tends to increase with thrust rating [47, 60], which is due in part to
the increase in pressure (and therefore density) at higher relative thrust that drives
coagulation rates. As such, I use a measure of the BC mass concentration at the
combustor exit, Cpcc, which is a function of both Cgc. and the conditions at the
combustor exit.

The data required for this correlation is estimated from measurements in dataset-2.
Cpc,e is found by converting the EI,, .(BC) in dataset-2 to a concentration using the
volumetric flow rate calculated via eq 2.3. The exit plane concentration is converted
to an estimate of Cpc . using the method outlined below. The GMD at the engine
exit plane is then estimated using eq 2.4. This first requires converting instrument
measured mass and particle number emission indices to exit plane values. The loss
correction factor for mass emissions ranges between 1.1 and 2.4 and that for particle
number between 1.3 and 20.7. Finally, I assume an effective soot density of 1000

kg/m? and GSD of 1.8. Using dataset-2, I have developed a correlation of the form:

GMD = aCf, (2.5)

where a and b are constants to be determined. Cpc is scaled to the concentration

at the combustor exit using the ratio of the combustor exit to ambient density:
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OBC,C = C(BC,e(l + 5mix)pt4/pa (26)

where Cpc . is the predicted BC mass concentration at the combustor exit, Cgc e is
the mass concentration at the engine exit plane, scaled to standard temperature and
pressure, Bnix 1S the same parameter as used in eq 2.2, p, is the density of ambient air
(1.2 kg/m?3) and Py is the total density of air at the combustor exit. py is dependent
on the pressure at the combustor exit, increasing with the thrust level, and can be

found using the ideal gas law:

_ Pu
P Rairﬂ4

(2.7)

where subscript ¢4 represents the turbine inlet /combustor exit location, P is the
pressure, T is the temperature and R,;. the specific gas constant of air. The pressure
and temperature at the turbine inlet can be estimated by assuming no pressure loss

in the combustor and using a first order energy balance across the combustor.

3
Py = Pip(1 + (mgo — 1)?)
00
_ AFRe, Ti3 + LCV

Ty —
M ¢, .(1+AFR)

(2.8)

where g is the overall pressure ratio in the engine at rated thrust, £/Fy is the
fractional thrust, AFR is the air to fuel ratio, ¢, , = 1.005 kJ /kg/K is the heat capacity
at constant pressure of air and ¢, = 1.250 kJ/kg/K is that for the combustion
products, LCV = 43.2 MJ/kg is the lower calorific value of the fuel and T3 is the
temperature at the inlet to the combustor. 7}3 can be estimated assuming a constant

polytropic efficiency, 7,, of 0.9 for the flow through the core fan and compressor:

(v=1)
P, Yp
Ty =Ty (PZ)

(2.9)

where T;5 and P, are the total temperature and pressure at inlet to the gas turbine
and ~ is the heat capacity ratio of air (taken to be 1.4). Using these relationships, I

can find the BC mass concentration at the combustor exit and subsequently conduct
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a linear regression on the logarithm of eq 2.5. The regression was conducted using the
Statsmodel package in Python [74], which also estimate the confidence and prediction
intervals. When conducting the regression, I discard the same data points that were

discarded in the regression conducted for system loss corrections.

2.2.5 Estimating global BC emissions

LTO BC emissions for commercial, passenger aviation activity in 2005 and 2015 can
be estimated directly from the number of aircraft operations and the type of aircraft
for each origin-destination pair. The Official Airline Guide (OAG) supplies schedule
data with information on airport pairs that includes both sets of information for a
full year. Matching the aircraft to an engine allows me to estimate SN and fuel flow
rates by identifying the engine in the ICAO engine emissions database [75]. This can
be used with the ICAO LTO cycle [61], reflective of aircraft operations up to 915 m
above ground level, as shown in Table 2.1 and the correlations for EI,,,(BC), kgm and
Eln(BC) developed in this paper to calculate the exit-plane mass and number of BC
particle emissions for a specified aircraft engine. Further details on the OAG data

and aircraft-engine pairs can be found in Stettler et al. [76].

Table 2.1: The power setting, time in mode, and AFR from the ICAO LTO cycle [61]

Power setting Time in mode AFR
(% of max thrust) (min)
Taxi/Idle 7 26 106
Approach 30 4 83
Climb out 85 2.2 51
Takeoff 100 0.7 45

Although the SCOPE11 method is developed for ground operations only, emissions
during cruise can be estimated using Dopelheuer and Lecht [77]. Their correlation
scales a reference ground emission at a thrust setting of 100% using the air-fuel ratio

(AFR), combustor inlet pressure, P, and the combustor flame temperature T} as

AFR,of )2.5 < Pcruise)1'35 20000/ T} cruise 20}

AFRcruise Pref 6_20000/Tf’ref

C’BC,cruise = CBC,ref (
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where Cpc is the Black Carbon mass concentration, subscript cruise and ref refer
to the cruise and ground reference value, respectively, and 7%, in Kelvin, is calculated

as

T; = 0.9T;5 + 2120 (2.11)

where T}3 is the combustor inlet temperature in Kelvin. Further details on the

method to calculating the AFR, pressures, and temperatures can be found in [78].

2.2.6 Propagating uncertainties

For all the correlations that have been conducted, I include confidence and prediction
intervals. Confidence intervals provide the range between which the true regression
line is expected to be found with probability (1 — «.). This can inform on the
uncertainty in estimating the mean results. Prediction intervals provides the range
between which an individual observation may lie with probability (1 — «,). This
interval includes the uncertainty in the mean result, as in confidence intervals, as well
as the scatter in the underlying data, leading to a wider interval. These two intervals
encompass the uncertainties inherent in all of the methods. For example, in the SN to
Cpc,; correlation, the uncertainty increases as the SN decreases. For kg, differences
between measurement systems and their setup and calibration can lead to variations
in the mass system loss correction. Finally, the GMD to Cpc, correlation relies on
assumptions on the effective soot density and GSD. Given sufficient data, all of these
uncertainties as well as the underlying measurement uncertainties will be reflected in
the variation of the measurements around the best fit line. In turn, this variability is
accounted for in the confidence and prediction intervals.

The confidence intervals can be used to estimate the uncertainty in the global BC
estimates for both LTO and cruise operations. I apply the lower and upper confidence
intervals for each correlation to get a lower and upper estimate of the uncertainty in
these estimates. The prediction intervals can be used to estimate the uncertainty in

individual predictions of El,, ;(BC), EL,, .(BC) and Ely.(BC).
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2.3 Results

2.3.1 SN to Cp; correlation

The two step, nonlinear least squares fit leads to the following best fit relationship:

648.4 0.0766SN
“g] ¢ (2.12)

Cpos Ln?’ - 1 4 ¢—1.098(SN—3.064)

This is shown by the black, solid line in figure 2-1. The 95% confidence intervals

in the parameters are:

k, = 648.4 +44.9 pg/m?®
ko = 0.0766 4 0.0038
(2.13)
ks = —1.098 4+ 0.120
ky = —3.064 + 0.277
The prediction intervals within which future measurements would lie with 90%

probability is also found using a similar two-step method. The resulting intervals are:

Lower: C {,ug} _ 378.50-0766SN
©OBC | 3 1 + ¢ L098(SN—5.066)

Upper' c |:,ug:| _ 1146.260'0766SN
- BGE13 1 + e—1.098(SN—1.480)

(2.14)

These equations, along with the best fit line, are shown in figure 2-1. The gradients
of the high SN and low SN limits are equal for the lower, upper and best fit lines.
However, the transition point between these regions moves from 1.480 for the upper
line to 5.066 for the lower line.

Figure 2-2 provides a comparison of the SCOPEI11 correlation to the FOA3 [65]
and Stettler et al. [66] correlations. The FOA3 relationship [65] was developed
using a dataset similar to dataset-1, where the measurements were not taken using a
standardized measurement system, which consisted of fewer than 75 points (compared
to 1406 data pairs used here), and used SN and mass concentration measurements

which were not taken concurrently. Due to these differences, the FOA3 relationship
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Figure 2-1: SCOPEI1 best fit line (black) with 95% confidence intervals (red) and
90% prediction intervals (blue). The unfilled orange circles represent the median
values of binned dataset-1 values.

tends to predict lower Cgc; than the SCOPEL1 correlation, except at a SN ~ 2 and
between 15 and 20. In addition, the FOA3 model assumes that that Cgc; = 0 when
SN =0, whereas the data shows a median of Cpc; = 19.6 ng/m?® and a variation
spanning 3 orders of magnitude at SN = 0.

Stettler et al. [66] used an inverse diffusion flame to generate BC, following a
standardized procedure for measuring SN. However, their methods to measure BC
mass differ from the certification-compliant system. They developed SN — BC mass
concentration relationships for GMDs between 20 and 30 nm and for GMDs of around
60 nm, advising use of the former correlation for aircraft engines. This correlation
tends to predict higher mass concentrations for a wide range of SN than the SCOPE11
correlation, lying outside of the range of the data found in dataset-1 for SNs between
10 and 25. Stettler et al. [66] also use a functional form which assumes that Cgc; = 0

when SN = 0.
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Figure 2-2: Comparison between SCOPE11 (black), FOA3 [65] (dashed, green line)
and the Stettler et al. [66] correlations (dotted, green line).

2.3.2 System loss corrections

The median relationship to estimate kg, from Cpe; is shown in eq 2.15. The 95%

confidence intervals for each of the constants is also shown in the set of eq 2.16.

kgm = In 2.15
1 Ciei(1 + Pix) + 42.6 ( )
a; = 3.219 £0.135
ap = 312.5 £ 119.1 pg/m? (2.16)

az = 42.6 +19.4 pug/m?

The results of this fit and the associated data is shown in figure 2-3. This functional
form predicts that as Cgc,; continues to increase, kg, tends towards a constant value

of 1.169 + 0.041. This is analogous to the tendency of kg, to approach a constant
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value as the GMD increases [68]. In addition, for Cpc,; tending towards 0, I find
kgm = 1.99, which is a typical value for GMD = 10 nm, the minimum size which the
measurement system can reliably capture. The spread in the measurement points are
caused by two effects. First, there are differences between the systems used by each
manufacturer, permitted within the measurement guidelines. These differences can
include, for example, specifications of components such as the VPR, or differences
in instrument calibration. Second, variations in the engine exhaust temperature can
change the degree of thermophoretic losses that occur along sampling lines, which is

estimated via an analytical form, also affecting kq,.

2.6 1 -
- —— Best fit

— 95% confidence interval
— 95% prediction interval
® Measurement points

2.4+
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1.8 4
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1.4

Mass system loss correction
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10° 10t 10? 10° 10%
BC mass concentration [tg/m?]

Figure 2-3: Measured BC mass concentration versus kg, estimated using the line loss
calculator.
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2.3.3 Exit plane GMD

The results of the linear least squares regression on the power law relationship between
Cgee (in pg/m?) and GMD is shown in eq 2.17 with associated 95% confidence

intervals for each constant in eq 2.18.

GMD [nm] = 5.08Cg:Y (2.17)

a = 5.08 & 0.55 nm
(2.18)

b=0.185+0.015

The results of this fit and the associated data are shown in figure 2-4. The adjusted
R-squared was found to be 0.72 and p-values < 0.001. This relationship can thus be
used to estimate the Ely .(BC) using eq 2.4.

80 A
701 @ Measurement points

60 { = Best fit
= 95% confidence interval
= 95% prediction interval

50 A

B
o
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]
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20 1

Exit plane GMD [nm

10 4

10° 101 102 103 104
Cac,c [ug/m?3]

Figure 2-4: Combustor exit BC mass concentration vs GMD in logarithmic axes.
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The correlation to predict GMD is dependent on the choice of the effective soot
density and GSD. These are both uncertain parameters and I only use estimates of
their mean value to produce this correlation. While the choice of these variables is
important in estimating the GMD, they are not critical to estimating Ely .(BC), since
the regression constants will vary according to the assumed density and GSD, leading

to a similar estimate in the Ely .(BC) but with a different estimate for the GMD.

2.3.4 Comparison of measured and predicted EI

Using the results presented in the earlier sections, I can estimate EI,,, ;(BC), EL,, .(BC)
and Ely .(BC) for engines found in dataset-2, beginning with the SN at each mode of
operation. Figure 2-5 shows the comparisons for EI,,,(BC) both with (B) and without
system loss corrections (A). Ely .(BC) is shown with system loss corrections only (C).
The R? and root mean square error (RMSE) for each mode of operation as well as
overall are shown in Table 2.2. These values show that the overall R? is around 0.8
for all cases, however the values for taxi operations for EI,, ;(BC) and EI,, .(BC) tend
to be lower than the other modes. RMSE values vary between 62.9 mg/kg-fuel and
74.7 mg/kg-fuel for EI,, ;(BC) and between 76.4 mg/kg-fuel and 87.6 mg/kg-fuel for
El,,.(BC). Table 2.2 also includes the R? and RMSE values when using the FOA3
[65] or the Stettler et al. [66] correlation in place of SCOPEL1, to estimate EI,,, ;(BC).
While the R? values are all similar, this method tends to produce a higher R? than
both, except at taxi thrust. The RMSE is lower using the SCOPE11 than the FOA3
method for all modes except taxi by 10-15%. The RMSE using the Stettler et al. [66]
correlation are 168% larger than using the SCOPE11 method overall, increasing as a
function of mode.

Figure 2-5(D) shows the uncertainty in the particle number emissions index for
the highest thrust variant for each engine studied. Here the uncertainty distribution
represents the 95% interval by propagating prediction intervals from each correlation.
Each correlation is assumed to follow a normal distribution around the best fit and
I propagate this distribution to the EI using a monte carlo sampling approach. The

uncertainty is represented by the 95" percentiles over all samples for each EI. I found
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Figure 2-5: Parity plots of predicted versus measured results for (A) EI,, ;(BC), (B)
El,.(BC) and (C) Ely .(BC), where each color represents the four ICAO LTO mode
settings where measurements were taken (Table 2.1). The R? in each case are 0.79,
0.80 and 0.82, respectively. Figure (D) is a parity plot of predicted versus measured
Ely.(BC) for the highest thrust variant of each engine studied and the error bars
represent the 95% prediction interval.
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Table 2.2: R? and RMSE values for instrument mass emissions index (EI,, ;(BC)), exit-plane mass
emissions index (El,, (BC)), and exit-plane number emissions index (Ely.(BC)), separated by
mode of operation and overall. For the exit-plane mass emissions, the SCOPE11 method is compared

to the FOA3 [65] and Stettler et al. [66] methods.

El,:(BC) El,.(BC) | Ely.(BC)
SCOPE11 FOA3 [65] Stettler et al [66] | SCOPE1l | SCOPEI11

Taxi R? 0.26 0.35 0.36 0.31 0.77
RMSE | 65 mg/kg 61 mg/ke 102 mg ke 78 mg/kg | S1 % 105
particles/kg

Approach ~ R? 0.83 0.76 0.78 0.83 0.84
RMSE | 63 mg/kg 73 mg/ke 149 mg ke 86 mg/kg | >0 % 105
particles/kg

Climb out  R? 0.83 0.79 0.81 0.84 0.89
RMSE | 74 mg/kg 84 mg/ke 224 mg/kg 86 mg/kg | 1O % 105
particles/kg

Take-off R? 0.75 0.73 0.75 0.80 0.85
RMSE | 75 mg/kg 82 mg/ke 249 mg/kg 86 mg/kg | o2 % 10°4
particles/kg

Overall R? 0.79 0.75 0.76 0.80 0.82
RMSE | 69 mg/kg 75 mg/kg 186 mg/kg 82 mg/kg L6 x 10°5
particles/kg

that 2000 samples was sufficient for convergence, but used 10,000 samples for the
results in figure 2-5. All uncertainty ranges span at least one order of magnitude and
this uncertainty tends to reduce as the emissions index increases. This trend is caused
by the uncertainty in the SN to Cpc,; correlation, where the uncertainty range grew

at the transition point below a SN of around 3.

2.3.5 Global BC emissions

Estimates of annual emissions of BC due to LTO activity for 2005 and 2015 are
presented in Table 2.3. Using the SCOPE11 correlation, I estimate LTO BC mass
emissions to be 0.85 Gg/yr (95% confidence interval (CI): 0.72 — 0.95) in 2005 and
0.76 Gg/yr (95% CI: 0.66 — 0.87) in 2015. I also find LTO BC particle number
emissions to be 3.23x10?° particles/yr (95% CI: 2.15 — 5.02 x10%) and 2.89x10%
particles/yr (95% CI: 1.89 — 4.55 x10%°) in 2005 and 2015, respectively.

The difference in annual LTO BC mass emissions between methods shows a similar

trend to that found in figure 2-1 for the correlation between SN and Cgc. The
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Table 2.3: Comparison of global LTO BC estimates. For SCOPE11-estimated BC mass and number
emissions, I include estimates of the 95% confidence intervals in parentheses.

Method LTO BC Mass Fleet average LTO EI,,,(BC)
(Gg/yr] [mg/kg]
2005 2015 2005 2015
SCOPEIL | 0.85 (0.72 - 0.95) 0.76 (0.66 - 0.87) | 55 (47 - 63) 40 (35 - 46)
FOA3 [65] 0.55 0.51 37 28
Stettler et al [66] 1.48 2.63 98 75
LTO BC Number Fleet average LTO Ely (BC)
[x1025 particles/yr] [x 10 particles/kg-fuel]
SCOPEI11 3.23 (2.15 - 5.02) 2.89 (1.89 - 4.55) | 21 (14-33) 15 (10 - 24)

SCOPE11 method predicts around 31% higher BC mass emissions than FOA3 and
around 86% lower than the Stettler et al. [66] correlation for 2015, and the trend
is similar for 2005. I also find that the fleet-average EL, (BC) using the SCOPE11
method is found to lie between the estimates using the other two methods, with

similar relative differences for each year.

I also note that SCOPE11-estimated mass emissions decreased by 11% between
2005 and 2015. The FOA3 [65] and Stettler et al. [66] correlations also predict a
decrease in mass emissions of 7% each. However, the total LTO fuel burn in 2015
was 22% higher than in 2005. This corresponds to a decrease in the fleet average
LTO EL,(BC) [67] correlation between 23 — 27% from 2005 to 2015. I also notice
a similar trend in number emissions, which decrease by 12% from 2005 to 2015, also

reflecting a decrease in fleet average Ely(BC) of 29%.

The Aviation Emissions Inventory Code (AEIC) [78] estimates landing and take-
off (LTO) emissions by mode of operation, which include taxi, approach, climb-out
and take-off. This allows me to estimate BC mass and number emissions by mode of
operation and I can use the upper and lower bound estimates to understand how the

uncertainty changes by mode of operation.

Table 2.4 shows BC mass and number emissions for each LTO mode of operation
and for all operations for the SCOPE11, FOA3 [65] and Stettler [66] correlations in
2015. As with the total LTO emissions, the SCOPE11 method predicts mass emissions

between the FOA3 and Stettler correlations for both LTO and cruise operations.
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I also include the uncertainty in the SCOPE11 results for both mass and number
emissions. The relative uncertainty (difference between the 95th and 5th percentiles
over the mean) increases from between 22% - 27% for approach, climb-out and take-
off operations to 45% for taxi operations. This is because taxi operations typically
have lower measured SN and this leads to the higher uncertainty from the SN — Cp¢
correlation. The total LTO emissions are driven by the climb-out and take-off modes
and thus the relative uncertainty is 28%, following the relative uncertainty in these
two modes. Around 62% of all BC mass emissions occur during cruise emissions
and this is comparable to results using the FOA3 and Stettler et al. [66] approaches
(61% and 58%, respectively). For particle number emissions, the trend is similar with
taxi operations having a relative uncertainty of 108%, approach of 94%, climb-out of
67% and take-off of 64%. In this case, however, cruise emissions contribute 88% of
particles emitted for all operations, 16 percentage points higher than that for BC
mass emissions. The cruise, fleet-average BC mass emissions index is 18.9 mg/kg,
a factor of 2.1 lower than that for LTO emissions, and the fleet-average BC particle
number emissions index is 11.4 x 10, only 26% lower than that for LTO emissions.
The difference between the reduction in mass EI versus particle number EI occurs
because the particle GMD is found to reduce at cruise conditions (commensurate with
the reduction in BC mass emissions index) leading the particle number EI to reduce

less than the mass EI.

Table 2.4: Global LTO BC mass and number emissions by mode of operation in 2015.

BC Mass [Gg/yr]
Taxi Approach Climb out Takeoff All (cruise + LTO)
SCOPE11 0.11 0.08 0.41 0.15 2.0
(5th - 95th percentile) | (0.08 - 0.13)  (0.07 - 0.09) (0.37 — 0.46) (0.13 - 0.17) (1.7 - 2.3)
FOA3 [65] 0.06 0.04 0.30 0.11 1.3
Stettler et al [66] 0.20 0.13 1.65 0.28 6.9
BC Number | x10% particles/yr]
Taxi Approach Climb out Takeoff All (cruise + LTO)
SCOPE11 1.30 0.54 0.72 0.25 24.2
(5th - 95th percentile) | (0.79 — 2.20) (0.35 — 0.86) (0.53 — 1.01) (0.18 — 0.34) (15.8 - 38.1)
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2.4 Discussion

The SCOPE11 SN - Cg¢ correlation reduces the error in estimating BC emissions from
aircraft engines in comparison to both the FOA3 [65] and Stettler [66] correlations.
This improvement stems from the use of (i) a new database of simultaneously-acquired
SN and BC mass concentration measurements taken using certification-compliant
measurement systems from a representative sample of modern aircraft engines; (ii)
a new functional form that better follows the trends between the SN and BC mass
concentration relationship at SN < 5; and (iii) a more complete approach to charac-
terize the prediction uncertainty. In addition, I have extended the method to predict
emissions at the engine exit plane, which accounts for measurement system losses.
If system losses are not accounted for, LTO BC emissions may be systematically
underestimated by around 20%. Given the direct climate and air quality impacts
of aviation BC emissions, it is important to account for measurement system losses
when developing emissions inventories. I have also developed a method for estimating
BC number emissions at the engine exit plane, by assuming a lognormal size distri-
bution and estimating the GMD from a measure of the BC mass concentration at the
combustor exit, and applied this to the development of an inventory of LTO num-
ber emissions. Cruise emissions were also estimated using the Dopelheuer and Lecht
correlation. To the best of our knowledge, this is the first estimate of BC number

emissions from global commercial aircraft operations.

In order to quantify and propagate uncertainty, confidence and prediction inter-
vals have been determined for each correlation and are shown in the figures. By
propagating confidence intervals through the calculation, lower and upper bounds on
the mean global LTO BC emissions are determined. These intervals depend not only
on the form of the fitting equation, but also on the spread in the underlying data.
This spread depends on variables for which information is available and includes un-
certainty in inputs and constant parameters such as the SN, effective soot density and
GSD that are required to apply the SCOPE11 method. The latter two variables are

of particular importance in the number estimation. While variations in the assumed
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mean values affects the prediction of the GMD, this has only a second-order effect
on the Ely.(BC) as the regression constants would also change if different values
of the effective soot density and GSD were used. The uncertainty ranges calculated
highlight the limited degree of correlation between SN and BC concentration at lower
emission levels, demonstrating the benefit of developing future emissions standards on
mass concentration and particle number bases and that direct measurements should
be used for assessment purposes where they are available.

While this work uses the Dopelheuer and Lecht correlation to estimate cruise BC
emissions [77], additional approaches that use the results of recent cruise flight mea-
surement campaigns [79] should be developed. Given the infrequent opportunities
to collect BC emissions data at cruise altitude, the development of comprehensive,
full-flight inventories of BC mass and number emissions must be based on ground-
level emissions estimates, such as those provided by the SCOPE11l method. Such
inventories are important components which enable the assessment of aviation’s en-
vironmental impacts. The ability to predict the size distribution of emissions at the
engine exit plane, as in the method developed here, is particularly important for
understanding the evolution and radiative impact of contrails, and in modeling the
indirect effects of BC particles on natural clouds [24], both of which are among the

most uncertain of aviation’s climate impacts.
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Chapter 3

Quantifying the error in using
reanalysis data for modeling

persistent contrail formation

3.1 Introduction

Condensation trails, or contrails, are line-shaped ice clouds that form in aircraft
exhaust under sufficiently cold and humid conditions. They are estimated to cause
an effective radiative forcing (ERF) of 17 — 98 mW /m? for 2011, around half of the
total aviation-attributable ERF [5]. The uncertainty is based on the dependence of
contrail ERF on black carbon emissions [34, 80, 81], how contrails are simulated [17,

18, 23, 82-84], and the background atmospheric conditions [16, 85].

To date, global contrail ERF estimates have relied on models using global at-
mospheric simulations to estimate upper tropospheric conditions. Two key variables
required to simulate contrails are the local temperature and humidity [8, 32]. These
variables are provided by meteorological reanalysis from data assimilation systems
like the NASA Modern Era Retrospective analysis for Research and Applications V2
(MERRA-2) [27] and the European Center for Medium-Range Weather Forecasts
(ECMWEF) ERAS5 [35], which assimilate observations. The accuracy of the meteorol-
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ogy therefore affects the accuracy of contrail simulations.

Reanalysis data can be used for global climate monitoring, initializing weather
forecasts, and climate predictions, being used for applications including wildfire mon-
itoring [86], storm-surge modeling [87] and offline air quality simulations [88]. Studies
have shown improvements of reanalyses in both tropospheric and stratospheric con-
ditions over the past several decades [89-92]. However, recent studies have shown
that reanalyses tend to overestimate upper tropospheric water vapor by up to 150%
28], limiting their suitability for studies focused on these altitudes [29]. Such trends
have also been observed in studies [30, 31] comparing the likelihood of persistent con-
trail formation from climate simulations and ECMWEF’s Integrated Forecast System
against satellite measurements. These studies, however, do not provide a comprehen-

sive and quantitative comparison between simulation data and measurements.

The frequency of occurrence and size of ice supersaturated (ISS) regions, in which
contrails can persist, has been studied using radiosondes in many studies [85, 93-96].
These have typically used the RS80 sensor, which has a temperature-dependent time
lag (approximately 80 s at -50°C). This time lag means that peaks in the relative
humidity may not be picked up by RS80 sensors, leading to undetected ISS regions.
This lag is around a factor of 2 — 3 smaller for the RS92 sensor, reducing the likelihood
of missing ISS regions [97]. The sensor is also affected by radiative heating that can
lead to a dry bias during the daytime. Comparisons with frost-point hygrometers,
an accurate approach to measure upper tropospheric humidity, suggest a mean dry
bias of up to 5% in the RS92 sensor at humidities between 29% - 99% in the day
and up to 40% in the night [98]. Aircraft and satellite-derived estimates of upper
tropospheric humidity can also be used. Satellite-based measurements have a coarse
vertical resolution (e.g.; Aura microwave limb sounder has a vertical resolution of
1.3 — 3.6 km [99]), so are unable to detect contrail forming regions shallower than
approximately 1 km. Aircraft-based measurements are unable to match the consistent
global coverage of radiosonde launches and do not provide vertical snapshots of the

atmosphere.

This thesis estimates the bias in using reanalysis data to simulate contrails. I
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quantify the likelihood of persistent contrail formation in 793,044 profiles — measure-
ments from a given sonde launch — from the Integrated Global Radiosonde Archive
[100], comparing this to results based on MERRA-2 and ERA5 data. I cover a five-
year period from 2012 — 2016 (inclusive), using only RS92 sensor data to minimize
systematic biases. For each launch, I extract the corresponding vertical tempera-
ture and humidity profile from reanalysis data based on the sonde launch location,
permitting fair comparison.

I first quantify the likelihood a persistent contrail would form in each profile if
an aircraft passed through it. I estimate whether each vertical profile — observed
and simulated — satisfies the persistent contrail condition (PCC). The PCC requires
that the air meet the Schmidt-Appleman Criterion [6-8] (SAC), permitting contrail
formation, and that the air is ISS, permitting contrail persistence. To provide an
estimate of overall likelihood of persistent contrail formation, I integrate the PCC
profile weighted by the global mean aviation fuel burn (see Methods).

I also provide estimates of contrail longevity by computing an “evaporation depth”
metric for each profile at 10 km. This measures the vertical distance newly formed
ice crystals could fall before evaporating, a proxy for contrail lifetime. Each of these
quantities is calculated using the sonde data as an approximate “ground truth”, and

then using collocated reanalysis data.

3.2 Method

3.2.1 Integrated global radiosonde archive (IGRA)

For this thesis, I use radiosonde data from the IGRA V2 from 2012 to 2016 [101, 102].
The soundings are generated from 2,788 stations globally, 1,081 of which contribute
between 2012 to 2016. The instruments used in each sounding can vary depending
on year and country. To be consistent between stations and times, I use only those
stations which use the Vaisala RS92 sensor. This choice is a compromise between the

need for a widely used sensor, to ensure sufficient coverage, and the need for accurate
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readings. The RS92 is used at 360 of the 1,081 contributing stations, providing global
coverage (see Figure 3-1). This sensor has also been shown to measure temperature
and relative humidity - the two measurements required for estimating contrail for-
mation and persistence - to within +1 K and 10%, respectively [98, 103]. The RS92
sensor is known to have a daytime dry bias due to radiation error of around 30% at
10 km and 50% at 15 km for humidity [104]. Information on sensors used by station
is available from the WMO [105].
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Figure 3-1: Number of profiles by stations using the RS92 sensor in 2012 — 2016.
Main panel shows the locations colored by the number of profiles over the five-year
period. Left panel shows the distribution of profiles by latitude and the lower panel
the distribution by longitude.

The number of RS92 sonde launches for each station globally between 2012 and
2016 is shown in Figure 3-1. The 360 stations using the RS92 sensor and providing
humidity readings globally launched 930,091 sondes (“profiles”) in this time period.
Observations with not-an-number (NaN) readings for any of pressure, temperature
or dewpoint depression are removed. Profiles where the vertical distance between
observations is greater than 3 km or where all observations are below 12 km are
removed. These two requirements account for 14.7% of profiles and our results use
the remaining 793,044.

The distribution of stations and profiles varies by latitude band as seen in Figures

3-1 and 3-2. 48% of profiles are in the northern mid-latitudes (30°N — 60°N). The
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number of profiles increases by 9.8% from 2012 to 2016 and the number of profiles
varies by up to 13% between seasons. By latitude band, I find the distribution
of profiles is heavily skewed towards the Northern Hemisphere representing 75% of
profiles, with the fewest profiles in the Antarctic (2.0%) and Southern mid-latitudes
(6.5%). Finally, 54% of the sondes are launched during the day, with this proportion
increasing from 53.6% in 2012 to 54.6% in 2016. Sondes are typically released twice a
day at noon and midnight. This is reflected in the IGRA data where 98.5% of sondes
are launched at 3-hour intervals (i.e. 3 AM UTC, 6 AM UTC, 9 AM UTC etc.),

matching the output time of both reanalysis data.
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Figure 3-2: Profile distribution for each year, separated by latitude band, season and
day versus night. Left stacked bars for each year show the distribution by latitude
bands. Northern Hemisphere bands are shown in purple and Southern Hemisphere
in green, with darker colors representing higher latitudes. The middle stacked bars
show the distribution by season where blue is September, October and November
(SON), red is June, July and August (JJA), pink is March, April and May (MAM)
and light blue is December, January and February (DJF). The right stacked bars
show the distribution by day versus night, where day is defined by a positive solar
zenith angle.

The selected locations of sondes are not uniformly distributed around the globe.
This means that they may not be representative of the overall meteorological condi-

tions. To assess whether they are representative, I use the persistent contrail criteria
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(PCC). The PCC quantifies the likelihood of a persistent contrail forming if an air-
craft passed (see Section 3.2.4 for further information) for the purposes of the PCC
distribution, Figures 3-3 and 3-5 show the percentage PCC in the northern mid-
latitudes for DJF and JJA comparing the sonde data with collocated ERA5 profiles,
all ERAS profiles in the given latitude band and season, and all ERA5 profiles on
land locations also in the given latitude band and season. The mean cruise-altitude
PCC in DJF is 10% lower than the data at sonde locations for ERA5 and 12% lower
for MERRA-2. In comparison, in JJA, the mean cruise-altitude PCC is 46% higher
than the simulated value for ERA5 and 34% higher for MERRA-2. This suggests a
seasonal bias in how representative the temperature and humidity data of the sonde
data is for persistent contrail formation. Including the PCC distribution for land lo-
cations only does not explain the differences between reanalysis data at sonde versus

all locations.

Humidity measurements in the sonde data are provided as a dew point depression
(T'—T,), which measures the difference between the ambient temperature, 7', and the
dew point temperature, T;. The dew point temperature measures the temperature to
which air must be cooled to become saturated with respect to water. The dew point
temperature can be converted to the water vapor partial pressure as

bTy

Dwy = aetTa (3.1)

where py, is the water vapor partial pressure, T, is the dewpoint temperature
and a = 611.2 Pa, b = 17.67 K~! and ¢ = 243.5 K are fitted coefficients [106]. This
is converted to a relative humidity by estimating the saturation water vapor partial

pressure as [106]

psat _ 1006w+16.6357g470.02711193T+1.673952><10—5T2+2.433501log(T) (3.2)
wv *

I estimate altitude based on pressure data. Each data point is considered to
represent a layer with constant temperature from the lower to upper edge of the layer.

A layer is defined by the geometric mid-point between consecutive observations. The
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Figure 3-3: Percentage of profiles that satisfy the PCC for 30°N — 60°N for (a) DJF
and (b) JJA. Sonde observations are shown in the black, solid lines, ERA5 at matching
sonde locations in the red, solid lines, ERAS5 at all locations in 30°N — 60°N and the
respective season in the red, dash-dotted lines, and ERA5 at all land locations in
30°N — 60°N and the respective season in the red, dotted lines. The grey shaded
region represents the range of aircraft cruise altitudes (9 — 12 km).

barometric formula with constant temperature is used to estimate the difference in
altitude between the upper and lower edge of the layer. The altitude is initialized

assuming the highest recorded pressure value is at the surface. I therefore calculate

RT D
zy =z + ——log () 3.3
+ 231 %8 o (3.3)

where z, and z_ are the altitude of the upper and lower edge of the layer, re-

spectively, R = 8.31 J/(mol K) is the universal gas constant, ¢ = 9.81 m/s is the

59



a DJF b JA

— Sonde
MERRA-2 (colocated)
MERRA-2 (all locations)
+ MERRA-2 (land only)

20

~.
-
G
N

DA
e
~N

Altitude [km]
-
o

-
s’

e
.
-
Py~
r
-
s

0 T T T T T T
0 5 10 15 20 0 5 10 15 20

Percentage PCC

Figure 3-4: Percentage of profiles that satisfy the PCC for 30°N — 60°N for (a) DJF
and (b) JJA. Sondes observations are shown in the black, solid lines, MERRA-2 at
matching sonde locations in the red, solid lines, MERRA-2 at all locations in 30°N
— 60°N and the respective season in the red, dash-dotted lines, and MERRA-2 at all
land locations in 30°N — 60°N and the respective season in the red, dotted lines. The
grey shaded region represents the range of aircraft cruise altitudes (9 — 12 km).

gravitational acceleration at the surface of the Earth, M = 0.028 kg/mol is the av-
erage molecular mass of air and p, and p_ are the pressure of the upper and lower

edge of the layer, respectively.

3.2.2 Reanalysis data

Two reanalysis datasets are tested in this thesis: the Modern Era Retrospective anal-

ysis for Research and Applications V2 (MERRA-2)15 and the European Center for
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Medium-Range Weather Forecasts’ (ECMWF) ERA5 [35]. The reanalysis data are
generated from data assimilation models that combine numerical simulations with a
wide range of atmospheric observations.

MERRA-2 is generated from the Goddard Earth Observation System model, Ver-
sion 5 (GEOS5) and is the latest reanalysis product from the Global Modeling and
Assimilation Office (GMAO). It was built off version 1 of MERRA [107] and changes
between versions are described in the literature. MERRA-2 uses a cube-sphere hor-
izontal discretization with a resolution of around 0.5° x 0.625° (~50 km) and 72
hybrid-eta levels from surface to 0.1 hPa. For this study, the 3-hourly, 0.5° x 0.625°,
72-layer data was used. Humidity data is assimilated using the normalized pseudorel-
ative humidity and a complete set of the data assimilated is provided in the literature
[27]. MERRA-2 assimilates radiosonde and other water vapor observations until 300
hPa since the accuracy of radiosonde water vapor observations at lower pressures is
lower [29].

ERAD5 is the second global reanalysis data used in this thesis. It is based on 4D-
Var data assimilation using Cycle 41r2 of the Integrated Forecasting System (IFS).
ERAS is a spectral model at the TL639 resolution ( 31 km) with 137 layers to 1 hPa.
For this study, the hourly 0.25° x 0.25° with 37 layers was used, provided from the
Copernicus Data Store (CDS). ERA5 assimilates radiosonde and other water vapor
observations until the diagnosed tropopause at ~300 hPa [29].

Radiosonde profiles are collocated to the same time and locations based on the
sonde release data. Additional temporal or spatial location information as the sonde
rises is not provided in the sonde data. The grid-average values are used from both
ERA5 and MERRA-2 and I retain all vertical layers from ground to the highest for

which observations are available for each individual profile.

3.2.3 GRUAN

The global climate observing system (GCOS) reference upper air network (GRUAN)
provides state-of-the-art, high quality humidity measurements from radiosondes [103].

These measurements use the RS92 sensor, but are corrected for time-lag, radiation dry
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bias and other errors. Detailed uncertainty estimates are also provided by GRUAN.
GRUAN only provide data for 32 locations and thus are unable to provide global
trends like the IGRA dataset. However, the accuracy and uncertainty data is used
as a benchmark to compare to IGRA and reanalysis data. In this section, I provide
an overview of how uncertainties in temperature and humidity are propagated to the
PCC.

GRUAN separate uncertainties in temperature and humidity measurements (in-
cluding corrections) according to whether they are correlated or uncorrelated. In
addition, a method to combine uncertainties across several observations in a given
profile is provided [108]. The uncertainty of the average conditions across M obser-
vations in a given profile, [, is calculated as

j=i+M

kig= > kirja (3.4)

j=i—M

j=i+M
— 2
=D Tiyg (3.5)
j=i—M
where k;y; and r;;; represents the (perfectly) correlated and uncorrelated uncer-
tainties at observation i + j, respectively, and 2M represents the number of obser-
vations in the layer depth. Each observation’s uncertainty is calculated using data

provided in each GRUAN dataset.

The combined uncertainty of the average signal of profile [, u;;, is

W = \/Hf + T (3.6)

I must now combine uncertainties across multiple profiles with observations in

the same layer. I assume that %;; is independent and uncorrelated across profiles,

allowing me to calculate the combined uncertainty, u;, using quadrature as

I
U= — ; 3.7
u N ;Zlu 1 (3.7)

To propagate uncertainties in temperature and relative humidity for the PCC, I
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can define the PCC in terms of four auxiliary variables, X;, that all must be greater

than zero as

4
PCC =[] [[X: > 0]] (3.8)

i=1
where [[...]] is the Iverson brackets, which maps the statement within to it’s

possible values (e.g. true when X; > 0, false otherwise). Each condition follows the

definitions of the SAC or ISS and are defined as

Xi(T,p) =Te(p) =T (3.9)
X, (RH, T, p) = RH — RIL(T, p) (3.10)
P
X3(RHLT) = RH 2o — 1 (3.11)
T.(p) is defined as [109]
T.(p) = 226.69 + 9.431n [G(p) — 0.053] + 0.721n [G (p) — 0.053]° (3.12)

where G(p) is the gradient of the mixing between the ambient air and engine ex-
haust conditions on the temperature-water vapor partial pressure curve. It is defined

as [109]

EI(H2O)c,p

(P) = G 622LEv (1 — ) (3.13)

where ¢, = 1004 J/K/kg is the specific heat capacity of air, p is the ambient
pressure, EI(H,0O) = 1.23 kg/kg is the mass of water emitted per mass of fuel burned,
M., = 28.97 g/mol and My,o = 18.02 g/mol is the molecular mass of air and water,
respectively, LHV = 43.13 MJ/kg is the lower heating value of aviation fuel and

1o = 0.35 is the engine overall efficiency. 7, is equal to the propulsive efficiency (7,)

63



multiplied by the thermal efficiency (7;). While fuel and ambient air properties are
relatively fixed globally and for each aircraft, n, can vary by 10 — 15 percentage points
depending on engine technology and mode of operation [110]. I assume 7, = 0.35 as
a mid-point between currently used engines as well as new engines that have recently
entered the market. Prior studies [111] have estimated 7, = 0.31 for the year 2006
using the BADA dataset [112].

RH.(T,p) is defined as [109]

Gp)(T — Te(p)) + piu(Te)
pRE(T)

Assuming each measured variable is randomly distributed with mean, pu., and

RH.(T,p) = (3.14)

uncertainty, o2, and uncorrelated with each other, then the combined uncertainty is

modeled as

X ~ N (X (feys s Hen ), 0%,) (3.15)

where the variance is found as

m aXZQ
0% = 5. J?j (3.16)
j=1 Y€

This also assumes that 7" and RH are uncorrelated with each other. While I
do expect these variables to be correlated, GRUAN do not provide information on
the correlation coefficient between the T" and RH uncertainties. If this information
became available, the 7" and RH measurements can be modeled by a multivariate
Gaussian distribution with its mean equal to the nominal measurement values and

its covariance matrix equal to

2
or POTORH

5= (3.17)

2
POTORH ORH

The probability PCC is then found as
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P (PCC) = f[ P(X;>0) = f[ é (’;ﬁ) (3.18)

i=1 i=1
Assuming that each estimate of P (PCC) is independent, I can estimate the pro-
portion of a layer that satisfies the PCC as
Jj=i+M

P(PCC),, = Y. P(PCC),

j=i—M

oz (3.19)

where dz;1;; is the distance between the midpoint of the given observation and

adjacent observations. The variance of this distribution is

Jj=i+M
V(PCC),, = > P(PCC),,, (1 P(PCC),,;,)d=2 (3.20)

j=i—M

3.2.4 Metrics

To quantify the likelihood of contrail formation and persistence, I define the persistent
contrail condition (PCC). The PCC identifies whether a contrail could both form
and persist in the local conditions, if an aircraft passed. Satisfying the PCC means
satisfying three conditions: (a) the air must be supersaturated with respect to ice
(RH; > 100%); (b) the relative humidity with respect to water must be above the
critical ambient relative humidity with respect to water (RHy,>RH, (see Eq 3.14))
at some point while the plume mixes with ambient air; and (c) the relative humidity

with respect to water must be below 100% (RH,, < 100%).

RH; is calculated as

psat
RH; = RH," (3.21)

sat 1

where RH,, is the measured relative humidity with respect to water, and p% i

the estimated saturated partial pressure with respect to ice. This is approximated as

[113]
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p§at _ 1006(w+24.7219+0.010613868T+1.319883><10*5T2+0.49382577log(T) (3 22)
1ce °

where T’ is the local, measured air temperature in Kelvin.

Multiplying the PCC at a given altitude (averaged over time) by the likelihood
of a flight passing through that altitude gives a metric of the frequency with which
contrails will form at the location. For a given vertical profile, I use the vertical
distribution of aviation fuel burn as a proxy for the likelihood that aircraft will be
present at that altitude. Accordingly, I calculate the fuel burn weighted PCC, Fpcc,
at any given time t as

| Pecc(2)F(2)dz

Fpce = [F () (3.23)

where Ppac(z) is the proportion of space-time that satisfies the PCC, F'(z) is the
fuel burn profile and z is the vertical coordinate. Fpcc thus represents the proportion
of the vertical fuel burn profile in a region that could lead to a persistent contrail
forming. It is calculated from the Aviation Environmental Design Tool (AEDT) [114]
for 2015 flight operations. I use a global, annual average value as aviation fuel burn
varies by less than 25% between a summer peak and winter trough [115]. The vertical
profile is also not expected to change between seasons or within the latitude bands

considered.

The final metric used is the evaporation depth, d., which measures the depth
below a specific altitude at which the area between the water concentration and ice
saturation concentration profile is zero. For this thesis, I specify the initial altitude,

Zy, to be 10 km. It is calculated by solving the equation
Zo .
Cu,o0 —Cio) =0 3.24
/zo—de( w0 — Ciino ) (3.24)

where Cpy,0 is the water vapor concentration, and C’ff‘;o represents the saturation

water vapor concentration.
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Throughout this thesis, I use a range of error metrics including the mean absolute
error (MAE), mean factor error (MFE), normalized mean bias (NMB) and correlation

coefficient (R?). The MAE is calculated as

1 N
MAE = N Z |yo,i — ye,i| (325)

where vy, represents the observation from the sonde data and g, the estimate from

the reanalysis data. The MFE is calculated as

1 N

Ye,i
MFE = — : 3.26
N ; Yo,i ( )
Finally, the NMB is calculated as
Ei Ye,i — Yo,i
NMB = 100—=——= 3.27
Zi yo,i ( )

3.3 Results

3.3.1 Formation of persistent contrails

The proportion of the vertical profile that is ISS by latitude is shown in Figure
3-5. Given that the sonde locations are not uniformly distributed globally, they
may not be representative of the overall meteorological conditions in a region and/or
timeframe. For this reason, I present quantities averaged by latitude and season,
rather than on individual observations. Comparisons between collocated reanalysis
profiles with reanalysis data at all locations are shown in Figures 3-3 and 3-5 for
ERA5 and MERRA-2, respectively and are further described in the Methods.

The proportion of the vertical profile that satisfies the PCC is shown in Figure
3-6, aggregated into three latitude bands. Typical subsonic cruise altitudes (9 — 12
km) are shaded in grey on each panel of Figure 3-6. The mean cruise-altitude PCC
is overestimated in both reanalysis models by a factor of 1.3 to 3.5. This bias factor
is highest in the mid-latitudes, at 2.0 for ERA5 and 3.5 for MERRA-2, and lowest
in the Arctic, at 1.3 and 1.8, respectively. This deviation by latitude could lead to
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Figure 3-5: Proportion of annual average profile that is ice supersaturated (ISS)
separated by latitude. ISS profile in 0° - 30°N (a), 30°N - 60°N (b) and 60°N -
90°N (c) for sonde observations (black), ERA5 (red) and MERRA-2 (blue). The grey
shaded region represents the range of aircraft cruise altitudes (9 — 12 km).

spurious trends in global estimates when traffic patterns vary over time. These biases
also vary with altitude and could result in additional errors when studying the effects

of future supersonic aircraft, which are expected to cruise at altitudes between 15 km

and 20 km [116].

Sonde observations show that the mean PCC-weighted altitude (i.e., first moment)
decreases as I move poleward, from 14 km in the tropics (0° - 30°N) to 8.1 km in
the Arctic (60°N - 90°N). This decrease is reproduced by ERA5 and MERRA-2.
In the tropics, ERA5 overestimates the first moment by 430 m, while MERRA-2
underestimates it by 410 m. In the Arctic, ERA5 overestimates the first moment by
590 m and MERRA-2 underestimates it by 322 m. Seasonal differences and other

analyses are shown in Figure 3-7.

I also quantify the variation in these errors by season. Previous studies have found
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Figure 3-6: Proportion of annual average profile that satisfies the PCC, separated by
latitude. PCC profile in 0° - 30°N (a), 30°N - 60°N (b) and 60°N - 90°N (c) for sonde
observations (black), ERA5 (red) and MERRA-2 (blue). The grey shaded region
represents the typical range of aircraft cruise altitudes (9 — 12 km). The proportion
of global aviation fuel burn in each latitude band is shown at the bottom of each
subplot.

that although only 22% of annual air traffic occurs during Northern hemispheric
winter, over half of the expected annual mean radiative forcing from contrails occurs
during this period [117]. Figure 3-8 shows how the observed and simulated PCC
profiles vary between Northern Hemisphere winter (DJF) and summer (JJA) for the

northern midlatitudes, covering 62% of global aviation fuel burn.

Based on sonde data, differences in the vertical PCC profile are dominated by
changes which occur between 5 and 11 km. Above 11 km, the percentage PCC is
roughly the same across seasons, with a 24% reduction from DJF to JJA at 11 km.
However, between 5 and 11 km, the mean percentage PCC is a factor of 4.1 greater
in DJF than in JJA. The shape of the profile within the cruise altitude region also
changes. In DJF, the peak PCC likelihood occurs below 9 km, and decreases with
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Figure 3-7: Parity plot of first moment of PCC profile [km]. Results are separated
by mode: (a) ERA5 and (b) MERRA-2. Latitude bands are separated by color with
purple representing the Northern Hemisphere and green the Southern Hemisphere.
Darker colors represent higher latitudes. Seasons are represented by markers with
DJF in circles, MAM in squares, JJA in upward-facing triangles and SON in rightward
facing triangles. Global, annual average results are also included in the black cross.

increasing altitude. In JJA, the peak instead occurs at 11 km. Combined, these
differences result in a mean cruise-altitude PCC proportion during DJF which is
three times greater than during JJA. This seasonal trend is also reflected in contrail
observation studies [118, 119].

Meteorological reanalysis data qualitatively reproduce observed seasonal varia-
tions in overall PCC likelihood. However, both ERA5 and MERRA-2 overestimate
the mean cruise-altitude PCC. ERAb overestimates this by a factor of 2.0 across both
seasons. MERRA-2 shows an overestimate of a factor of 3.4 and 3.6 in DJF and JJA,
respectively. Both reanalysis models also overestimate the increase in the mean PCC
altitude from DJF to JJA. The sonde data show a 7.6% increase while in ERA5 and
MERRA-2, I find a 19% and 14% increase, respectively.

3.3.2 Fuel burn weighted PCC

I use the fuel-burn weighted PCC to produce a single, aviation-specific performance
metric which can be compared between locations. This metric measures the percent-
age of aviation fuel burn that could lead to the formation of a persistent contrail.

The variation of fuel-burn weighted PCC over the full 2012 — 2016 period is shown
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Figure 3-8: Seasonal variation in the proportion of the average profile that satisfies
the PCC for 30°N — 60°N. Trends for DJF (solid line with filled circles) and JJA
(dashed line with crosses) are shown for (a) sonde compared with ERA5 and (b)
sonde compared with MERRA-2. The grey shaded region represents the range of
aircraft cruise altitudes (9 — 12 km).

in Figure 3-9 for each latitude band. The correlation coefficient (R?), mean absolute
error (MAE), and normalized mean bias (NMB) are calculated between each reanal-
ysis data time series and the sonde data and provided in the legend. Each time series

is a daily average of all fuel-burn weighted PCC.

For all latitudes, the reanalysis data overestimates the fuel-burn weighted PCC.
The greatest NMB occurs at mid-latitudes, where 62% of aviation fuel is burned.
ERAS5 shows a bias of 44%, while MERRA-2 has a bias that is a factor of 3.1 greater.
Both reanalysis data show a positive bias in the tropics and Arctic. For ERA5, this

71



a 60° -90°N

15
—— Sonde
—— ERA5 (R?=0.86, MAE = 0.3 %-pts, NMB = 8%)
—— MERRA-2 (R?=0.93, MAE = 1.5 %-pts, NMB = 38%)
10 A

15

—— Sonde
—— ERA5 (R?=0.74, MAE = 1.5 %-pts, NMB = 44%)
—— MERRA-2 (R?=0.79, MAE = 4.7 %-pts, NMB = 138%)

fﬁ A IA

Fuel burn weighted PCC [%]

0 T
c 0°-30°N
15
—— Sonde
—— ERA5 (R?2=0.52, MAE = 0.1 %-pts, NMB = 9%)
—— MERRA-2 (R?=0.55, MAE = 1.8 %-pts, NMB = 126%)
10 A
5 4
AN A .
. ANA P & f\b\ . P w ¢ -
0 T

2012 2013 2014 ' 2015 2016

Figure 3-9: 30-day rolling mean time series of daily averaged fuel burn weighted PCC
separated by latitude band. Time series are shown for 60°N - 90°N (a), 30°N - 60°N
(b) and 0° - 30°N (c) for sonde observations (black), ERA5 (red) and MERRA-2
(blue). For ERA5 and MERRA-2, the correlation coefficient (R2), mean absolute
error (MAE) in units of percentage points (%-pts), and normalized mean bias (NMB)
between sonde and reanalysis time series are shown in each legend.

bias is +9% and +8%, respectively. In comparison, for MERRA-2, the bias is +126%
in the tropics and +38% in the Arctic.

I use the coefficient of determination to assess the extent to which temporal varia-

tions in fuel-burn weighted PCC are well-represented in the reanalysis data. MERRA-
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2 achieves an R? of 0.55 in the tropics and 0.93 in the Arctic. This suggests that, in
spite of the normalized mean bias, MERRA-2 captures a large fraction of the seasonal
variability in persistent contrail formation. ERAD5 is also able to capture the seasonal
variability with an R? of 0.52 in the tropics and 0.86 in the Arctic.

I also quantify the effect of engine overall efficiency (7,) on the fuel burn weighted
PCC (Figure 3-10). Increasing 7, is expected to lead to an increase in the likelihood of
contrail formation [8]. In the sonde data, I find that an increase in 7, from 0.30 to 0.40
causes the fuel burn weighted PCC to increase by approximately 9.4%. This increase
in fuel burn weighted PCC varies with time between a maximum of 14% and minimum
of 5.8%. The sensitivity to efficiency is similar in ERA5 and MERRA-2, with a mean
increase in fuel burn weighted PCC of 11% and 9.8%, respectively. Both models
exhibit a larger variability over the five-year period studied, with the percentage
change in fuel burn weighted PCC varying between 4.4% - 26% for MERRA-2 and
6.2% - 21% for ERA5. This could lead to unexpectedly strong seasonal or latitudinal
variations in model-based predictions that would not be reproduced in reality.

The fuel burn weighted PCC can also be aggregated to a single metric for each
latitude band and season as shown in Figure 3-11, with the mean factor error (MFE,
see Eq 3.26) shown in the legend. MERRA-2 overestimates the fuel burn weighted
PCC in all cases, while ERA5 overestimates in all but two cases (0° — 30°S in DJF
and 60°S — 90°S in JJA). In addition, the MFE is higher for MERRA-2 than ERA5
in all cases except 60°S — 90°S. Finally, the MFE is greatest for ERA5 and second
greatest for MERRA-2 in the northern mid-latitudes, where the 62% of fuel is burned.

3.3.3 Contrail longevity

Contrail lifetime is determined by the time taken for contrail ice crystals to fall into
sub-saturated air and evaporate. Initially, ice crystals fall and grow in supersaturated
conditions until the relative humidity with respect to ice, RH; = 100%. Once they
reach subsaturated conditions, they lose ice mass until the surrounding air reaches
an RH; = 100%. As they continue to fall in subsaturated conditions, they will lose

more ice mass until they evaporate. The evaporation depth thus measures the vertical
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Figure 3-10: Effect of engine overall efficiency (7,) on fuel burn weighted PCC. (a)
Timeseries of fuel burn weighted PCC from 2012 to 2016 for 7, = 0.30 (light shades)
and 7, = 0.40 (dark shades) for the sonde data (black), ERA5 (red) and MERRA-2
(blue). (b) Percent change in fuel burn weighted PCC for 2013 only for a change from
1, = 0.30 to 1, = 0.40 for each model.

displacement a newly formed ice crystal could fall before evaporating, so is related to

the contrail lifetime, depending also on the settling velocity of the crystals.

Figure 3-12 shows how the mean evaporation depth for regions satisfying the PCC
at 10 km varies from 2012 to 2016. The sonde data shows a mean depth of 1.3 km,
varying between a minimum of 1.0 km in NH summer and maximum of 1.8 km in NH
winter. Comparing with reanalysis data, ERA5 has a NMB of 17% and a MAE of 0.2
km, which is smaller than for MERRA-2 (45% and 0.6 km, respectively). The contrail
lifetime estimated using ERAD5 is thus likely to be more accurate than when using
MERRA-2, although an overestimate would be expected from both. Both models
predict a similar, positive R? of 0.85, suggesting that seasonal variations are well
represented. This suggests that the reanalysis models predict the vertical gradients

in temperature and water vapor correctly.

Figure 3-13 shows a timeseries of the median and inter-quartile range (IQR) of
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Figure 3-11: Parity plot of fuel-burn weighted PCC by latitude band and season.
Results are separated by model: (a) ERA5 and (b) MERRA-2. Latitude bands
are separated by color with purple representing the Northern Hemisphere and green
the Southern Hemisphere. Darker colors represent higher latitudes. Seasons are
represented by markers with DJF in circles, MAM in squares, JJA in upward-facing
triangles and SON in rightward facing triangles. Global, annual average results are
also included in the black cross. The mean factor error (MFE) between each reanalysis
data and the sonde is included for results by latitude band and season. The subscript
“E” refers to ERA5 and subscript “M” to MERRA-2.
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Figure 3-12: Timeseries of mean evaporation depth for PCC regions at 10 km. The
black solid line represents the sonde data, red line ERA5 and blue line MERRA-2.
The caption includes the metrics comparing each reanalysis data with sonde including
the R2, mean absolute error (MAE) and normalized mean bias (NMB).

the evaporation depth for the sonde data and each data assimilation system. These

results follow those discussed for the mean evaporation depth except for two differ-
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Figure 3-13: Median and interquartile range (IQR) of the evaporation depth at 10
km. Black lines represent sonde data, red lines ERA5 and blue lines MERRA-2. Solid
lines refer to the median of the distribution and the dashed lines are the lower and
upper quartile, together representing the interquartile range.

ences. Firstly, the distribution of evaporation depth is skewed by a small number of
large evaporation depths, exceeding 5 km in 3.9% of cases. This causes the mean
evaporation depth to be 0.5 km greater than the median. Secondly, both ERA5 and
MERRA-2 do not capture the strength of the seasonal cycle in the median evapora-
tion depth. The observations vary by a factor of 2.2 between a maximum of 1.3 km
in JJA and minimum of 0.6 km in DJF. In comparison, ERA5 varies from 1.4 km in
JJA to 1.0 km in DJF, a factor of 1.4 seasonality, and MERRA-2 varies from 1.9 km
in JJA to 1.2 km in DJF, a factor of 1.6 seasonality.

3.3.4 Individual observations

Multiple contrail studies have shown that in-flight, operational strategies to divert
flights around PCC or ISS regions may reduce the number of contrails that form
[16, 120, 121]. These strategies rely upon forecasts being accurate enough to predict
PCC regions. To assess this, I compare individual observations of PCC regions with
estimates from the reanalysis data. ERA5 and MERRA-2 correctly predict PCC
regions (true positives) 13% and 52% of the time respectively between 9 and 12 km

globally. In comparison, non-PCC regions (true negatives) are correctly predicted
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95% and 93% of the time, respectively (see Tables 3.1 and 3.2). The results are
similar to recent comparisons between aircraft observations and ERAD5, where ice
supersaturation is found to be correctly predicted 18% of the time [122]. These
results suggest that mitigation strategies using reanalysis data focusing on individual

contrails may be unreliable.

Table 3.1: Error matrix for ERA5 against sonde data for observations globally at
altitudes between 9 and 12 km.

ERA5
Not PCC PCC
Sonde Not PCC | 90.2%  4.7% | 95.0%
PCC 4.4% 0.7% | 5.0%
94.6%  5.4% | 100%

Table 3.2: Error matrix for MERRA-2 against sonde data for observations globally
at altitudes between 9 and 12 km.

MERRA-2
Not PCC PCC
Sonde Not PCC | 87.9%  7.1% | 95.0%
PCC 2.4% 2.6% | 5.0%
90.3%  9.7% | 100%

I also assess whether the ability of reanalysis data to predict individual PCC
regions is driven by errors in temperature or humidity by swapping either the tem-
perature or humidity profiles in sonde data with that in the reanalysis data. Figure
3-14 shows the improvement on various metrics of swapping temperature or humidity
for both ERA5 and MERRA-2 in the northern mid-latitudes, between 9 — 12 km.
For both ERA5 and MERRA-2, swapping the temperature profile has a small effect,
improving the number of true positives by 2 and 1 percentage points, respectively. In
comparison, swapping the humidity profiles leads to a 54 and 28 %-pts improvement.
This confirms that errors in humidity are driving the difference between the sonde
and reanalysis estimates of percentage PCC [123]. The remaining difference may be

due to the lower vertical resolution of the reanalysis compared with the sonde data.
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Figure 3-14: Proportion of individual observations satisfying the PCC in the reanal-
ysis and sonde for ERA5 (left three bars) and MERRA-2 (right three bars). The
left bar in each group compares the raw reanalysis data with the sonde data. The
central bar uses the temperature (7') profile from the sonde data and the specific
humidity (SH) profile from the reanalysis data, compared with the sonde data. The
right bar uses the humidity profile from sonde data and the temperature profile from
the reanalysis data, compared with the sonde data.

3.4 Discussion

I find four central results. Firstly, both ERA5 and MERRA-2 overestimate the fuel
burn weighted PCC by 8% to 138% varying by model and latitude band. In the
northern mid-latitudes, where 62% of aviation fuel is burned, the mean percentage
PCC at cruise altitudes is overestimated by a factor of 2.0 and 3.5, respectively for
ERA5 and MERRA-2. Similar biases are also found in the tropics and Arctic. These
results suggest that contrail simulations using reanalysis data will overestimate the
number of persitent contrails that form.

Secondly, the sonde data exhibits seasonality in PCC in the mid-latitudes, where
the mean cruise percentage PCC is a factor of 1.7 higher in DJF than JJA. MERRA-2
consistently overestimates this mean cruise PCC by a factor of 3.4 — 3.6 and ERAH
by a factor of 2.0. Both models correctly predict the seasonality in PCC, which is

78



important to capture as studies suggest contrails forming in the winter are expected

to have an outsized climate impact [117].

Thirdly, the evaporation depth, a proxy for contrail lifetime, is overestimated by
45% in MERRA-2 and 17% in ERAS5. This suggests that simulations using MERRA-
2 and ERA5 would predict contrails surviving to lower depths than expected from

observations and, thus, with longer lifetimes.

Finally, both reanalyses are unable to identify individual PCC regions. At cruise
altitudes, MERRA-2 correctly predicts PCC regions 52% of the time, while ERAS
correctly predicts 13% of these. This suggests that mitigation strategies focusing on
avoiding individual contrails may not be practical given the inability of reanalysis data
and, by extension, forecasts in predicting individual PCC regions. Sensitivity tests
show that model improvements should focus on estimating humidity more accurately

to improve individual PCC estimates.

These findings come with some caveats. First, the relative measurement uncer-
tainty of the RS92 humidity sensor is 10% [103], however, our findings show biases
in the reanalysis data that are higher than this. The RS92 sensor also has a daytime
dry relative bias due to radiative heating that is 30% at 10 km and 50% at 15
km [98, 103, 104, 124]. This dry bias can explain some differences between sonde
and reanalysis data. To test the robustness of our findings, I compared 2,877 profiles
from the Global Climate Observing System (GCOS) Reference Upper Air Network
(GRUAN), which corrects raw RS92 measurements for time lag and radiation bias.
Figure 3-15 shows that the GRUAN data predicts a 4.2% occurrence of PCC regions
between 9 — 12 km. The IGRA data underestimates the occurrence of PCC regions
by 24% relative to GRUAN, while MERRA-2 and ERA5 show a factor of 2.5 and 1.6
overestimate, respectively. For comparison, the 95% confidence interval in the mean
occurrence of PCC regions at cruise altitudes in the GRUAN data is 3.7% - 4.6%.
This bias also cannot explain spatial and temporal differences between the sources.
In addition, the comparison between the sonde and reanalysis data are based on the
grid average. I do not interpolate the reanalysis data in either time or space. As a

result, PCC regions smaller than an individual layer will not be resolved, but this is
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not expected to have an effect on the ability to resolve deeper PCC regions.
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Figure 3-15: Percentage of profiles that satisfy the PCC for four different sources at
2,877 collocated location. Sondes observations are shown in the black, solid lines,
MERRA-2 in the red, solid lines, ERA5 in the blue, solid lines, and GRUAN in
the grey, solid lines. Error bars represent the 95% confidence interval of percentage
PCC estimated in each layer. Further details on the calculation are provided in the
Methods. The grey shaded region represents the range of aircraft cruise altitudes (9
— 12 km).

Reanalysis data are a necessary tool in contrail modeling and other applications.
Our results show biases in the predicted number of persistent contrails that could
form using reanalysis data. The biases have shown that ERA5 and MERRA-2 both
overestimate the likelihood of persistent contrail formation at cruise altitudes on av-
erage by a factor of 1.9 and 3.5, respectively in the mid-latitudes. Furthermore, both
models fail to capture variations in the likelihood and expected lifetime of contrails
with season, altitude, and latitude, which cannot be accounted for with a single scalar

correction. Meteorological data that prioritizes upper tropospheric and lower strato-
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spheric humidity, coupled with direct observational estimates of contrail coverage and

properties are needed to improve and better constrain current model estimates.

81



82



Chapter 4

Inference of global contrail

properties

4.1 Introduction

Global, numerical models of contrails make a range of assumptions about how con-
trails evolve over time. Two broad approaches have been developed. First, contrail
modules have been developed within global climate models (GCMs). These modules
are similar to those for natural cirrus clouds, but the formation of contrails is based on
the Schmidt-Appleman Criterion (SAC) (see Chapter 3) [6-8]. Second, Lagrangian
contrail models have been developed that track the evolution of the contrail cross-
section, explicitly modeling the ice mass and number of particles. A “Gaussian plume
approach” - where the concentration of contrail ice particles are assumed to follow
a Gaussian distribution - has been widely used in this role due to its computational
speed and adaptability for use in diffusion and shear-driven flows [17, 23, 125]. This
approach has been used to quantify the annual average, global, net instantaneous
radiative forcing (RF) of contrails in 2006 to be 74 mW /m?.

These global modeling approaches require simplifications to be made. For ex-
ample, all present implementations of a Gaussian plume model for contrails assume
that the ambient conditions are homogeneous and that the contrail ice crystals are

monodisperse in size - i.e. all particles have the same diameter. Jacobson et al. [126]
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are able to account for the crystal size distribution, however use the subgrid plume
model [127] to simulate the evolution of contrail dimensions (width and depth). This
approach is similar to the Gaussian plume in that ambient conditions are assumed
to be homogeneous throughout the contrail cross-section. Large eddy simulations
(LES) have shown that the effective size of contrail ice particles can vary by an or-
der of magnitude within the contrail, with the largest particles settling faster than
the smaller particles (see, for example, Paoli and Shariff [32] and Unterstrasser and
Gierens [33]). This can lead to contrails that are deeper than those modeled using
the Gaussian plume approach, with the largest particles reaching warmer conditions
where they evaporate earlier than the smallest particles. The effect of accounting for

these factors on the global contrail RF has not been quantified.

In this chapter, I use statistical inference to estimate the global contrail RF using
a medium-fidelity contrail model. Statistical inference is commonly used in situ-
ations where measuring or modeling a full population is difficult, such as opinion
surveys [128], or modeling uncertain distributions that can take infinitely many val-
ues [129]. For a full flight schedule with around 35 million operations, I randomly
sample from the distance flown by the full population of flights. Contrail proper-
ties are estimated using the Aircraft Plume Chemistry, Emissions, and Microphysics
Model (APCEMM), a model that can simulate the evolution of a contrail, capturing
the crystal size distribution and spatial variations over time [36]. Meteorological con-
ditions and aviation emissions, required as inputs to APCEMM, are estimated from
MERRA-2 and the Aviation Emissions Inventory Code (AEIC), respectively [78].
Next, the rapid radiative transfer model (RRTM) [37] is used to quantify contrail
radiative properties. Finally, contrail properties of the full population of flights, such
as the RF, can then be inferred from the sample set [130], providing a new, higher

fidelity estimate of global contrail properties and climate impacts.

84



4.2 Method

In this section, the modeling and inference approach is described in more detail. It
begins with an overview of the sampling and modeling approach, before describing

each model in more detail, focusing on changes and applications for this work.

4.2.1 Sampling approach and modeling overview

Starting with a flight schedule for scheduled commercial aviation in 2016 generated
by the Official Airline Guide (OAG) [131], AEIC is used to model the flight paths
for each operation using the great circle distance between the origin and destination
airport. In 2016, the total distance flown by commercial aircraft was estimated to
be 4.5 x 10" m. To select a sample, a uniformly-distributed random real number is
drawn between 0 and the total distance flown. Using the order defined in the schedule
(by date-time, then origin-destination pair, and then aircraft type), and the distance
flown per operation calculated from AEIC, the exact operation and distance along
that operation can be found for each sample. For example, if the sample drawn is
500 km, I find the flight within the order of the schedule that would have flown the
500" km. Selecting from the distance flown means that any global estimate using
the samples requires multiplying the desired mean property across all samples by
the total distance flown (i.e. 4.5 x 10® m). The time, location (altitude, latitude,
and longitude), and emissions are calculated using AEIC. For this work, I generate
100,000 random samples from which to extract operating conditions from AEIC and
calculate contrail properties in APCEMM.

To test whether this sampling approach is adequate, Figure 4-1 shows the esti-
mated fuel burn per unit distance flown against the number of samples. The left
panel shows the estimated sample mean and 95% confidence interval, as well as the
actual fuel burn per unit distance calculated by AEIC for the full schedule. This
shows that, for this particular variable, the sample mean converges towards a con-
stant value, which is within 0.06% of the AEIC calculated value after 100,000 samples.

The rate of convergence is dependent on the population standard deviation, where a
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higher standard deviation would lead to a wider confidence interval after modeling
all samples. The convergence properties can also be measured by the coefficient of
variation (CoV), which equals the sample standard deviation over the sample mean.
If the random samples are independent and identically distributed, then the Central
Limit Theorem (CLT) implies that the gradient of the CoV with the number of sam-
ples should be —1/2 in log-log scale. This is shown in the right panel of Figure 4-1,
where the CoV reaches 1% after approximately 3,400 samples.
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Figure 4-1: Convergence of the fuel burn per unit distance flown against the number
of samples. The left panel shows the convergence of the Monte Carlo (MC) mean
(black solid line), the 95% confidence interval (CI) of the mean (grey shaded region),
and the actual fuel burn per unit distance calculated by AEIC (red dashed line). The
percentage error is shown by the blue line with the right hand side axis of the left
panel. The right panel shows the coefficient of variation (standard deviation over the
mean) of the samples.

In addition to the fuel burn, the aircraft type is also an important variable in
modeling contrails. The size and weight of the aircraft influences the wing-tip vortices
that drive the engine exhaust plume and contrail downwards over the first few minutes
after emissions [32, 132]. In addition, the aircraft engine operation affects the exhaust
temperature and particle emissions, which can change whether the exhaust plume
satisfies the SAC and the number of particles that form [8]. For this reason, I also

test the bias in proportion of the total distance flown by each aircraft type, which
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is shown in Figure 4-2. This shows the actual proportion of distance flown by each
aircraft type against that estimated from the samples. At proportions above 1073,

the sampling approach has an error below 10% of the actual proportion flown.
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Figure 4-2: Actual proportion of distance flown by each aircraft type versus that
estimated by the samples. The axes are logarithmic above 10~ and linear below.

The colocated vertical meteorological profile is extracted from the MERRA-2 re-
analysis output. Temperature and humidity profiles are extracted and used as inputs
to APCEMM for modeling the evolution of the contrail. The radiative forcing of the
contrail is estimated using RRTM with the Monte Carlo Independent Column Ap-
proximation (McICA). Natural cloud properties are also extracted from MERRA-2
and the maximum-random overlap approach is used between natural clouds [133].
Contrail properties are input separately from natural cloud properties and random
overlap is assumed between natural clouds and contrails. Further details on the

RRTM changes and modeling approach are provided in Section 4.2.5.
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These steps are repeated over all samples that are selected from the schedule. In
the subsequent sections, each model is described in more detail, with a focus on the

changes made specifically for this work.

4.2.2 Emissions and exhaust conditions

The Aviation Emissions Inventory Code (AEIC) was developed by Simone, Stettler,
and Barrett [78] and, starting from a flight schedule, can estimate global civil avia-
tion routes and emissions. AEIC uses the EUROCONTROL Base of Aircraft Data
(BADA) version 3.15 to model the performance of aircraft operations throughout
their flight envelopes [112]. Emissions species, including NO,, unburned hydrocar-
bons, and sulfur emissions, can also be estimated. For modeling contrails, the number
of particles being emitted is required as this is required to estimate the number of
contrail ice particles. I use the SCOPE11 method developed in Chapter 2 to estimate
the total number of particles and the distribution’s geometric mean diameter (GMD),
used to calculate the rate of ice sedimentation on ice crystals via the Kelvin effect
[134].

To model the formation of contrails, APCEMM uses a 1-D plume model that sim-
ulates the mixing between the mixed-out engine core and bypass conditions with the
ambient air [135, 136]. This allows for modeling the plume mixing process explicitly
and accounts for the sulfate coating of black carbon particles that are assumed to
be the contrail ice nuclei [9, 11, 13]. Using this model requires an estimate of the
exhaust temperature and nozzle area. The mixed-out stagnation temperature is used
since the core and bypass nozzles are expected to mix faster than the bypass and
exhaust due to the larger velocity difference between the core and nozzle flows. This
approach is consistent with existing contrail models [8]. The exhaust temperature
and nozzle area are estimated in two steps, using gas turbine thermodynamic cycle
analysis [137]. An overview of the methods is provided below, with more details in
Appendix B.

First, I estimate the exhaust area. To do this, the thrust, overall pressure ratio,

bypass ratio, and fuel flow rate at the 100% thrust condition from the ICAO EDB
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[75] is used. The bypass to jet velocity ratio, «, is assume to be fixed at 0.7 at this
thrust condition. o can vary between engines and across operating points, however a
value of 0.7 is a typical design variable used when developing an engine (Dr. Jayant
Sabnis, personal communication, October 16, 2020). Assuming efficiencies for the fan,
compressor, and turbine (again, personal communications with Dr. Jayant Sabnis),

the exhaust area can be calculated.

Second, I estimate the engine conditions at cruise. First, fuel flow rates at the
four operating points at ground, sea-level static data from the ICAO EDB are used
[75] to develop a linear relationship between the non-dimensional fuel flow rate and
the fraction of rated gross thrust for each engine. The non-dimensional fuel flow rate,

my, is calculated as

neL
iy = —ULCV (A1)

- \/ Cp,cEQAZPtQ
where 7y is the fuel flow rate in kg/s, LCV = 43.1 MJ /kg is the lower calorific
value of the fuel, ¢,. = 1,005 J/kg/K is the specific heat capacity of air at constant
pressure, Tjs and P, are the stagnation temperature and pressure, respectively, at

the inlet to the engine, and A is the exhaust area of the engine.

Since both the non-dimensional fuel flow rate and the fraction of rated gross thrust
are both non-dimensional properties of the engine, they can be used to relate fuel flow
conditions at cruise to the fraction of rated gross thrust generated by the engine [137].
In cruise, the non-dimensional fuel flow rate is computed from Eq using the fuel flow
rate estimated in AEIC. The fraction of rated thrust is then found by interpolating the
ground data relating non-dimensional fuel flow rate and the fraction of rated thrust.
This provides an estimated fraction of rated gross thrust that represents the operation
of an engine in AEIC, which is used to estimate the gross thrust, overall pressure ratio,
and the fuel flow rate at cruise. This is used to estimate the temperature and pressure
throughout the engine and, using the exhaust area calculated in the first step, the

exhaust plume stagnation temperature is found.
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4.2.3 MERRA-2

For this work, I use the MERRA-2 reanalysis product from the Global Modeling
and Assimilation Office (GMAO) [27]. MERRA-2 uses a cube-sphere horizontal dis-
cretization with a resolution of 50 km and 72 hybrid-eta levels from surface to 0.1
hPa. For this study, the 2016 3-hourly, 0.5° x 0.625°, 72-layer data was used. As
described in Section 4.2.1, humidity, temperature, and wind speeds are used. The
ambient humidity profile is assumed to be stationary in time since the contrail and
water vapor will advect together. Temperature and wind speed can be changed by
external factors (e.g.; radiation and/or pressure changes). For this reason, I account
for temporal changes in the temperature and wind speed, extracting the profile from
each variable from MERRA-2 as a function of time after formation, to be consistent
with MERRA-2. Wind speeds are interpolated vertically and used to advect crystals
relative to the aircraft flight altitude, and thus represent the effect of shear. For the
temperature and humidity, a nearest neighbor approach is used for the vertical dis-
tribution, while temporal variables are interpolated linearly in time. Cloud fraction,
liquid water path, and ice water path are also extracted from MERRA-2 every three

hours and used for the radiative forcing calculations.

4.2.4 APCEMM

The Aircraft Plume Chemistry, Emissions, and Microphysics Model (APCEMM) was
developed by Fritz et al. [36] and is able to simulate the evolution of the gaseous,
aerosol, and ice microphysical properties of an aircraft plume. It was developed to
model plume evolution under a variety of conditions, as well as to study interac-
tions between contrail ice and plume chemistry. In this work, only the emissions and
ice microphysics components of APCEMM are used. The model simulates the early
plume using a box model which is used to whether the contrail forms and indicate the
number of sulfate-coated soot particles that lead to ice crystals [135, 136]. Diffusion,
advection (including settling), and shear are then used to model the bulk of the con-

trail using a spatially-resolved, 2-D spectral method [138], and particle growth using
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a moving-center size structure [139]. The simulation constants (e.g.; diffusivities) are
retained from Fritz et al. [36] except for the soot emissions index and geometric mean
diameter, fuel flow rate, aircraft mass, wingspan, number of engines, flight speed,
exhaust temperature, exhaust bypass area, and flight altitude generated from AEIC
and the turbofan solver described in Section 4.2.2. The spatial resolution is set to
approximately 100 m in the horizontal direction and 10 m in the vertical direction,
and the time step set to 600 s. The ice particles are modeled using 38 size bins from

a minimum radius of 50 nm to a maximum of 80 pm

For all simulations, contrails are assumed to persist for a maximum of 24 hours
within APCEMM given the low likelihood of contrails surviving beyond this duration
[16, 111]. Contrails are also assumed to have evaporated when both the ice mass and
number of crystals are below 1072 kg/m and 10° crystals/m, respectively. In addition,
contrails are only modeled to an height of 4 km below the flight altitude. In a subset
of cases where a large proportion of contrail ice particles grow beyond approximately
50 pm, particles can fall more than 10 vertical grid cells in a given timesteps, leading
to gaps in the vertical spacing of contrail ice mass. These cases are re-simulated at

the same spatial resolution but with a time step of 120 s.

Three changes are made to APCEMM for this work. First, as APCEMM uses
a spectral solver for diffusion and shear, periodic boundary conditions are required.
MERRA-2 profiles are not periodic and thus I separate APCEMM’s humidity profile
into a meteorological or “met” portion and a “plume” portion. The met portion is
equivalent to the input profile from MERRA-2 and is fixed with time. The plume
portion represents the change in the background meteorological conditions due to
the presence of ice crystals. Given that the background humidity is assumed to
be stationary, the plume portion is the only component that needs to be diffused,
advected, and sheared. Ensuring that the domain is large enough to contain the

contrails, the plume component is zero at the domain edges and thus periodic.

Second, a low-pass filter is applied to the shear and advection components of the
spectral solver [140]. This alleviates stability issues in the form of Gibbs oscillations

that were found during the formation and evaporation stages of contrail evolution
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[140]. The low-pass filter acts similar to approaches using artificial dissipation, al-
leviating the instability issues. The added stability allows me to simulate at lower

temporal resolutions than Fritz et al. [36].

Finally, APCEMM is updated to read humidity, temperature, and shear data
from MERRA-2. As mentioned in Section 4.2.3, I use a nearest neighbor approach
for filling variables vertically and linearly interpolate temperature and velocity in

time.

4.2.5 RRTM

The rapid radiative transfer model (RRTM) is a widely used model for estimating
radiative fluxes in the atmosphere [37, 141]. For this work, the standalone version
of RRTM is used. The vertical pressure, temperature, and humidity profiles from
MERRA-2 are used directly with RRTM, with built-in values for 5 chemical species
(CO4, O3, N,O, CO, CHy, and Os) used based on the global, annual average. Surface
properties (temperature and surface emissivity) and natural cloud properties (cloud
fraction, liquid water path, and ice water path) are also extracted from MERRA-2.
The cloud properties are used with the Monte Carlo Independent Column Approxi-
mation (McICA) with the maximum-random overlap assumption to allow for partially
cloudy layers [133, 142, 143]. The liquid water cloud effective radius is assumed to

be 14.2 pm and ice water cloud effective radius to be 24.8 pm.

The McICA estimates radiative transfer by simulating multiple, randomly gen-
erated columns (also referred to as subcolumns), where each layer is homogeneously
cloudy or clear. The proportion of subcolumns that are cloudy for a given layer
matches the cloud fraction assuming a sufficient sample size. For a layer in a subcol-
umn, the liquid and ice cloud properties are calculated separately, but then combined
together for use in forcing calculations. For example, for layers with non-zero cloud

fraction, the cloud optical depth, 7. is calculated as

7. = IWP0;ce + LWPoyq (4.2)
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where IWP stands for the ice water path and LWP the liquid water path, both
in g/m?; o represents the absorption coefficient; and subscripts ice and liq repre-
sent the ice and liquid portions, respectively. This combination and the fact that a
layer is considered either homogeneously cloudy or clear allows me to incorporate an

additional calculation for contrails as

7. = IWPG . + LWPoyq + CWPo o (4.3)

where CWP stands for the contrail water path in g¢/m? and subscript con is short
for contrail. For layers with no clouds, the cloud fraction is always zero, so only
the contrail portion of the cloud calculations is included. For cloudy conditions, all
three (ice, liquid, and contrail) portions are included. In this case, maximum-random
overlap approach is used for natural clouds [142], and random overlap is used for the

overlap between natural clouds and contrails.

In order to use this implementation, the contrail ice water path and effective radius
(to estimate the absorption coefficient, asymmetry parameter, and single scattering
albedo) are required as inputs to RRTM. The contrail properties from APCEMM
are separated into layers matching the edges of the MERRA-2 layers. Additional
layers are included for the lower and upper extremes of the contrail, matching the
15 and 99" percentile of the ice mass or crystal number, whichever is at a lower or
higher altitude, respectively. Horizontally, the ice mass and number of crystals of
eight APCEMM columns are combined together to form a single column in RRTM as
shown in Figure 4-3. Calculations are conducted separately for each RRTM column
using the independent column approximation (ICA), which assumes that columns
do not interact with each other radiatively [33, 144]. In each RRTM column, the
contrail water path is calculated by integrating the ice water concentration vertically.
The average effective radius is estimated by weighting the effective radius in each
APCEMM grid cell by the ice crystal surface area. The radiative forcing is estimated
at the thermal tropopause (provided by MERRA-2) and the total forcing of the

contrail at a given time is calculated by integrating across each RRTM column.
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Figure 4-3: Vertical column and horizontal row mapping from APCEMM to RRTM.
Blue shaded regions indicate a non-zero ice mass or number of crystals. 8 vertical
APCEMM columns are combined for use in RRTM.

4.2.6 Inferring contrail properties

94,393 random samples are generated from the 2016 flight schedule, which requires
modeling contrails for around 5,964 samples based on the persistent contrail criterion
(see Chapter 3). 39% of these cases do not survive the vortex sinking process. (In
Section 4.3.1, I will show that this is sufficient to estimate the annual average, global,
net RF to within £7 mW/m?). To estimate annual average contrail properties (e.g.;
contrail radiative forcing), two calculation steps are required. First, the desired con-
trail property must be integrated in time until the contrail evaporates. For a single

contrail, this is calculated as
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where Fy; is the time-integrated property of the i*" contrail, fey.p is the time the
contrail persists before evaporating, F;(t) is the contrail property at time ¢, and At
is the simulation time step. Second, the average value of F7; is calculated over all
flight samples (including cases where no contrail forms) and multiplied by the average

value with the total distance flown in the schedule, Dy, as

. DfN
=L Fy; 4.5
N;:l: I, (4.5)

where F' is the annual average property of interest and N is the number of samples.
For all metrics, confidence intervals can also be calculated following similar prin-
ciples to confidence intervals in Monte Carlo simulations. For a sufficiently large
number of samples, the Central Limit Theorem finds that the distribution of the

mean of a random variable, X, will be normally distributed with mean, u = Zf\io X;

Ziio (Xi*X)Q

) . A confidence interval of a% defines the

and standard deviation, s =
interval within which I have a% confidence that the actual mean lies. Throughout
the results of this chapter, « = 95% is used. This allows me to calculate confidence
intervals that have a 95% likelihood of containing the population mean. This confi-
dence interval does not measure the uncertainty due to uncertain inputs, but instead

represents the uncertainty due to the use of a sampling-based approach instead of

modeling all contrails possible in the schedule.

4.2.7 MERRA-2 correction for overestimate in persistent
contrail formation

In chapter 3, MERRA-2 was found to overestimate the number of persistent contrails

that form by a factor of 1.8 to 3.6 dependent on the altitude, latitude and season.

To quantify the effect of this overestimate on the annual average, global contrail RF,

contrails that have been simulated are randomly selected such that the proportion
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of contrails that form is lower by the desired factor for each altitude, latitude, and
season. This is accomplished by generating a uniformly-distributed random number
between 0 and 1 for each modeled contrail, and assuming a contrail would actually
form and persist if the random number is above one over the factor overestimate. For
example, if the factor overestimate is 2.0 for a particle location, then a contrail would
be considered to form and persist if the random number is above 0.5. For this work,
I repeat the selection process 10,000 times in order to generate a distribution repre-
senting the effect of the correction on the global, annual average, radiative forcing.
Note that this approach is a simplified approach to quantify the effect of the bias in
MERRA-2 data and only provides an order of magnitude effect on the contrail RF.

4.3 Results

4.3.1 Annual average properties

The climate impact of many forcers, including contrails, is often measured via radia-
tive forcing (RF). This measures the energy imbalance caused by the presence of a
climate forcer due to its interaction with incoming and outgoing radiation. In this
chapter, I calculate the instantaneous RF at the thermal tropopause. Additional RF
metrics such as the effective RF provide a closer metric to estimate global temper-
ature effects. However, these require simulations using a global climate model [,
5].

The RF for contrails in 2016 is estimated to be 96 & 7 mW/m?. The effect of
contrails on the shortwave (SW) and longwave (LW) components of the radiation
spectrum are found to be 13248 mW /m? and —3743 mW /m?, respectively. Figure 4-
4 shows the running mean and 95% confidence intervals against the number of samples
for each RF component. The LW RF converges the slowest requiring approximately
45,000 samples before reaching within 1% of its value using all samples, while the SW
component requires around 10,000 samples. The combined, net RF results require

approximately 20,000 samples to reach 1% of the value using all samples.
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Figure 4-4: Running mean of net, shortwave, and longwave RF components with 95%
confidence intervals.

Figure 4-5 shows the annual average, global, net RF estimates from seven different
studies in addition to my result. The RF values are estimated for the year 2002 in
one study and 2006 in 5 studies. To compare with this work, contrail RF estimates
are scaled to the year 2016 based on the distance flown following the approach in Lee
et al. [5]. The highest net RF is estimated in Lee et al. [5], who conducted a review
of multiple contrail studies and provided a central estimate of contrail RF that is 3%
higher than my estimate. This estimate is higher than all other published results
included in Figure 4-5 as Lee et al. [5] correct for differences in aircraft routing and
emissions models, and the use of bulk radiative transfer models versus more detailed
line-by-line radiative transfer models. This difference is within the 95% confidence

intervals and thus there is no statistical evidence to suggest that these estimates differ.

Schumann et al. [111] and Schumann and Graf [145] used an instance-based model
similar to this work but assumed individual contrails to evolve as a monodisperse

Gaussian plume [23]. I find their results to be within 6% higher and 28% lower of
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this work, respectively, the former result being within the 95% confidence intervals
of this work. Both studies, however, used the ERA5 reanalysis dataset, which was
found to have a smaller wet bias than the MERRA-2 dataset used in this analysis.
In chapter 3, ERA5 was also found to overestimate the probability of a persistent
contrail forming by a factor of 2.0 in the northern mid-latitudes, versus a factor of
3.5 for MERRA-2. This suggests that the Gaussian plume approach overestimates
the contrail ice mass and thus radiative properties of contrails relative to APCEMM.
However, further studies on individual cases must be studied to confirm this.

The remaining estimates, shaded in green, simulate contrails within a global cli-
mate model and calculate the stratospherically-adjusted RF. This RF estimate has
been found to be around 58% lower than the instantaneous RF for contrails [5]. This
leads the net RF to be lower in these published estimates than this work for the
results highlighted in green. Additional differences can be attributed to differences
in models and assumptions used to model contrails. The estimated net RF in Chen
and Gettelman [26] was significantly lower than other published results as they used
an initial crystal size of 10 pm, which may be a factor of 2 or higher than expected
from measurement data [145]. A sensitivity study in Chen and Gettelman [26] found
that reducing the initial crystals size to 7.5 pm increases the net RF by a factor of
2.5, which would bring the difference with this work to 53%. Overall, the contrail
inference approach using APCEMM generates a net RF that is in line with published

results.

4.3.2 Spatial distribution of contrail impacts

Figure 4-6 shows the spatial distribution of the contrail energy forcing (EF) per
distance flown in 11 regions in the Northern hemisphere and the associated 95%
confidence interval over means in each region. The EF is calculated as the time
integral of the radiative forcing multiplied by the contrail width [146]. For this work,
instead of using estimate a contrail width, I calculate the RF in groups of eight vertical
APCEMM columns (see Section 4.2.5), multiply each RF by the width of the group

of columns, and then sum across all groups. The contrail width is thus the sum of the
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Figure 4-5: Comparison of annual average, global, net radiative forcing estimates
from literature with this work (red bar). Grey bars represent instantaneous RF
estimates and green bars stratospheric-adjusted RF. The two results for Schumann
et al. [111] are with (higher value) and without (lower value) coupling with a global
aerosol-climate model.

width of all groups with non-zero forcing. The highest contrail EF per distance flown
occurs in W. EU with a forcing of 71 MJ/m. This is 23% higher than the contrails
from flights over Russia and 35% higher than those over Canada/Alaska, the next
two highest forcing values. In the other regions of heavy air traffic, CONUS and
SEA, the contrail EF is 39% and 69% lower than in W. EU, respectively. The lower
panel of Figure 4-6 shows that the highest proportion of flight distance that leads
to contrails is in the North Atlantic at 6.7%, followed by W. EU at 6.4%. CONUS
and SEA have a 32% and 74% lower likelihood of formation, respectively, closely
matching the difference in the contrail EF per distance flown by region. The regional
differences in contrail energy forcing per distance flown is particularly relevant given
that aviation is expected to grow faster in the SEA region at a compound annual
growth rate (CAGR) of 5.5% - 7.0% in terms of revenue passenger kilometers (RPK)
compared with growth rates of around 2.7% and 3.1% in North America and Europe
[4]. Given that flights that form over W. EU have a higher impact on average than
those over CONUS and SEA, this shows that scaling contrail impacts by the distance
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flown may lead to overestimates.
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Figure 4-6: Spatial distribution of mean contrail energy forcing (EF) per distance
flown (upper panel), 95% confidence interval over means (central panel), and the
proportion of samples leading to a contrail (lower panel) in 11 regions in the Northern
hemisphere.

Measuring impacts per distance flown is useful to understand the propensity for
contrails to form and interact with radiation for a given flight or set of flights. How-
ever, to understand the average impact of contrails, Figure 4-7 shows the EF per
distance flown leading to a contrail showing the net, SW, and LW components. These
results highlight two key features. First, despite the net EF per distance flown being
highest in W. EU, the net EF per total contrail length formed is highest in SEA, 18%
higher than that over W. EU. Relative to CONUS, the EF per total contrail length
formed is 33% higher over SEA. Second, the middle and lower panels of Figure 4-7
show that the regional differences are caused by differences in the LW energy forcing,
rather than the SW energy forcing. The SW EF tends to vary by surface conditions,

varying by 29% between minimum and maximum values over land, but varying by
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106% over the oceans.
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Figure 4-7: Spatial distribution of mean contrail energy forcing per distance flown
leading to contrail. Upper panel portrays the net energy forcing, middle panel the
shortwave (SW) energy forcing, and upper panel the longwave (LW) energy forcing
in 11 regions in the Northern hemisphere.

The formation of persistent contrails was also found to change by latitude (see
Chapter 3), so Figure 4-8 shows the average energy forcing per km flown by latitude.
95% confidence intervals are included in the energy forcing estimates and the red
line shows the underlying flight distribution by latitude. 71% of distance flown is in
the Northern mid-latitudes between around 25°N to 60°N. In this region, the average
energy forcing per distance flown gradually increases, peaking at 50°N. This peak is
a factor of 27 greater than the lowest energy forcing found in the tropics. Comparing
0° to 60°N with 60°S to 0°, the contrail energy forcing is found to be a factor of 2.2
lower in the Southern hemisphere than Northern hemisphere. Most of this difference
is caused by the probability of distance flown leading to persistent contrails in the

Southern Hemisphere being a factor of 2.0 lower than that in the Northern hemisphere.
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The remaining difference is caused by contrails in the Southern hemisphere having a
16% lower energy forcing than those in the Northern hemisphere. This is particularly
important in the SEA region as, despite 53% of distance flown in the SEA region
occurs in the tropics, I found that the contrail energy forcing per distance flown to

be a factor of 4.2 lower between 0° — 30°N than at higher latitudes.
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Figure 4-8: Average energy forcing per distance flow by latitude with 95% confidence
intervals. Latitude bins are defined to give an equal number of samples per bin. The
red bars show the number of operations by latitude.

Mannstein, Spichtinger, and Gierens [147] showed that flying up to 6,000 ft (1,830
m) lower could reduce the number of contrails that form by 50%. Fichter et al.
[148] extended this and found the contrail RF to decrease approximately linearly as
aircraft cruise altitudes were decreased in 2,000 ft increments. Modeling a maximum
downwards shift of 6,000 ft, this led to a decrease in contrail RF of 45%. Schumann,

Graf, and Mannstein [146] used a global contrail model that assumes contrails evolve
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as a Gaussian plume to show that reducing aircraft cruise flight altitudes by 2,000
ft (610 m) could reduce the contrail RF by 8.1%. Figure 4-9 shows the average
contrail energy forcing as a function of flight altitude as well as the underlying flight
distribution in red. The flight distribution shows two cruise altitudes at around 10
km and 11 km. The 10 km peak aligns with the peak in contrail energy forcing
and contrails forming 0.5 km (around 1,600 ft) below this altitude have a 56% lower
impact. In comparison, the contrails forming at the aircraft cruise altitude of 11 km
have a 62% lower impact that contrails forming at 10 km. AEIC assumes aircraft fly
at a fixed altitude of 7,000 ft below the flight ceiling. Given how sensitive contrail
results are to altitude, more precise approaches to estimate aircraft cruise altitudes
should be used in future work.
Flight density by altitude
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Figure 4-9: Average energy forcing per distance flow by altitude with 95% confidence

intervals. Altitude bins are defined to ensure an equal number of samples per bin.
The red bars show the number of operations by altitude.
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4.3.3 Temporal variations of contrail impacts

The time of year that an aircraft is flown can also have an effect on the radiative
forcing. Stuber et al. [117] found that the contrail net radiative forcing peaked in
February at around 130 mW/m? and was a factor of 6 lower during June, July, and
August. Similar trends were also found by Chen and Gettelman [26]. Figure 4-10
shows the monthly average, global net radiative forcing. These results match the
findings found in the literature where the peak radiative forcing of contrails occurs in
April and is a factor of 7.6 higher than the lowest value in July. In addition, I find
that contrails are a factor of 3.4 more likely to form in MAM than JJA, while the
average contrail lifetimes varies by only 7%. Combined, these two effects mean that
March, April, and May (MAM) contribute around 38% of the annual average, global
net RF and June, July, and August (JJA), contribute around 13.5%, while aircraft
fly 11% further distance in JJA. This finding is also similar to those in Chapter 3,
where the probability of a persistent contrail forming was a factor of 3.5 higher in

Northern Hemisphere winter than summer.

Finally, in Figure 4-11, I show diurnal trends in contrail properties. The upper
panels shows the contrail RF against the local time of the contrail, where the local
time is the coordinated universal time (UTC) corrected for the local longitude. This
shows that the peak net contrail impact occurs during the night between 18:00 h and
06:00 h when the shortwave forcing is lowest. I find that contrails at night cause
67% of the annual average, global net contrail RF, while this period accounts for
only 36% of the overall distance flown in 2016 as depicted in the lower panel. This
result matches those found by Stuber et al. [117], who found that nighttime flights
accounted for 60% of the net RF in 1992. During the day, the shortwave forcing
increases and causes a cooling effect offsetting 71% of the warming effect caused by
the longwave radiation. The contrail energy forcing per distance flown is lowest for
flights where contrails form at around 06:00 h. The longwave energy forcing varies
by a factor of 1.5 between its maximum and minimum value through the day. In

comparison, the shortwave portion varies by a factor of 13.4, with a maximum of 33.6
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Figure 4-10: Monthly average, net contrail radiative forcing with 95% confidence
intervals.

MJ/m at around 05:00 h and a minimum at around 16:00 h. At the same time, the
proportion of distance flown that leads to a contrail does not depend on the time
of day. This suggests that shifting to flights earlier in the morning could reduce the

climate impact.

4.3.4 Effect of engine emissions on contrail impacts

To account for the variability in particle emissions between engines, the SCOPE11
method developed in Chapter 2 was used. The left panel of Figure 4-12 shows the
relationship between the BC particle emissions index and the initial number of crystals
that form in the contrail and survive vortex sinking. As expected, this plot shows
that increasing the number of particles emitted by the engine increases the number of

crystals leading to a correlation coefficient of 0.53. The aircraft mass and wingspan are
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Figure 4-11: Variation of contrail by local time. Upper panel shows the average
radiative forcing with 95% confidence intervals against the local time of the contrail
with net RF in blue, SW RF in orange, and LW RF in green. Middle panel shows the
average contrail energy forcing against the time at contrail formation and uses the
same color scheme as the upper panel. Lower panel shows the proportion of distance
flown by local time (solid grey line) and the proportion of distance flown leading to

a persistent contrail (solid black line).
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the next most important variables in determining the initial number of crystals, with
correlation coefficients of -0.43 and -0.42. Both of these variables are closely related
and impact the initial number of crystals as they influence the vortex sinking process.
Vortex sinking causes the plume, and thus contrail, to descend and heat up, and this
warming can cause crystals to evaporate after forming. Heavier aircraft, requiring
wider wingspans, have a stronger vortex leading to a higher increase in temperature
and thus more crystals evaporating. Finally, the initial, ambient temperature is the
next most important variable in determining the initial number of crystals, with a
correlation coefficient of 0.31. The ambient temperature is important as, alongside
the exhaust temperature, it defines the evolution of the temperature in the exhaust
plume. This determines the proportion of BC particles that get coated in sulfates

and thus can form crystals.

The effect of the initial number of crystals on the contrail energy forcing is shown
in the right panel of Figure 4-12. The scatter plots shows a weak relationship between
the two, which suggests that increasing the initial number of crystals leads to a higher
energy forcing. The weak relationship is also portrayed in the correlation coefficient
of 0.14 between these two variables. As expected, the relationship of energy forcing
with the BC particle emissions index is weaker (correlation coefficient of 0.10). This
suggests that the variability in the number of particles emitted across engines does
not drive changes in the radiative impact of a single contrail. Instead, the spatial and
temporal variations in the atmospheric conditions (mainly temperature and humid-
ity) have a stronger effect. Teoh et al. [16] incorporated the effect of variations in
particle number emissions between engines with the Contrail Cirrus Prediction tool
(CoCiP) focusing on the Japanese airspace, however they did not study the relation-
ship between emissions and energy forcing. Their contrail EF was found 53.5 GJ/m
(distance flown), which was a factor of 3.6 higher than that estimated from Schumann
et al. [111] in a global study. However, as shown in Figure 4-6, contrail EF is higher
in North America and Western Europe, so extensions from the Japanese airspace to

a global domain could drive this difference.

In addition to the effects of variations in particle emissions between engines, devel-
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oping technologies to reduce the number of particles emitted has also been suggested
as an approach to reduce the contrail radiative forcing [12, 15, 79, 149]. My results
suggest a weak, positive, relationship between the impact of an individual contrail and
particle emissions, and thus the effect of reducing emissions should lead to a modest
decrease in overall contrail climate impact. Conflicting results have been found in
the literature, however. For example, Burkhardt, Bock, and Bier [21] found that an
80% reduction in the initial number of ice crystals could reduce the contrail RF by
50%, assuming spherically-shaped ice crystals. In contrast, Caiazzo et al. [17] found
that reducing the number of particles emitted by 67% could decrease the contrail RF
by up to 13% or increase it by up to 5%, with the range depending on the assumed
crystal shape. For spherical crystals, they found a reduction of only 2%. Although
the correlation between particle emissions and contrail EF provides a sense of the
variability, it does not directly inform us on the effect of fleet-wide reductions in par-
ticle emissions on the overall contrail radiative forcing. Additional simulations with

reduced particle emissions are required to study this.
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Figure 4-12: Relationship between BC particle emissions index in cruise and the
initial number of crystals that form in the contrail and survive vortex sinking (left
panel) and the initial number of crystals against the energy forcing (right panel).
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4.3.5 MERRA-2 correction for overestimate in persistent

contrail formation

Figure 4-13 shows the distribution in the net RF after correcting for the bias in
MERRA-2 in identifying regions where a persistent contrail can form. Overall, the
global, annual average, net RF decreases by a factor of 3.3 from 96 mW /m? with
no correction applied to 29 mW /m? with corrections applied randomly by altitude,
latitude, and season. I find that the 5" to 95" percentile of the corrected RF ranges
from 26 to 33 mW/m?. This correction implies that the contrail net RF reduces from
being a factor of 2.9 higher than the aviation COg net RF to 13% lower than this.
While this approach corrects for the overestimate in the number of contrails that
form, it does not account for the overestimate that may occur as the contrail ages
and picks up additional ice mass. This could lead to a larger reduction in the contrail

net RF.
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Figure 4-13: Distribution of annual average, global, net RF after corrected for
MERRA-2 bias in identifying regions where persistent contrails can form
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4.4 Discussion

In this chapter, I have shown that statistical inference can be used to quantify global
contrail properties. The annual average, global, net radiative forcing in 2016 was
found to be 96 mW /m?, within the range of other literature estimates, and required
around 20,000 samples to converge. This property makes inference for contrail prop-
erties particularly powerful for two reasons. First, additional detail can be included
within APCEMM or another contrail model (e.g. large eddy simulations). For ex-
ample, APCEMM did not include the effects of turbulence or radiative effects, which
can affect the ice mass and ice surface area by around 20%. This can allow for more

potentially more accurate estimates of global contrail properties.

The statistical approach was also used to disaggregate results in a number of ways.
First, spatial trends were evaluated. The highest contrail energy forcing per distance
flown was found to be in Western Europe, aligning with a peak in aircraft distance
flown. This was 39% and 69% higher than the contrail energy forcing per unit distance
over the contiguous United States and South and East Asia, respectively. In addition
to region, the contrail energy forcing was found to be highly dependent on latitude.
For example, in the South and East Asia region, the contrail energy forcing was a

factor of 4.2 higher at latitudes above 30°N than below.

Current cruise altitudes vary between around 9 km and 12 km. The lower altitude
aligns with a peak in the contrail energy forcing per distance flown suggesting that
lowering flight altitudes may decrease the contrail impact, corroborating other liter-
ature results. However, at the 11 km altitude, the contrail energy forcing is around
62% lower than that at 10 km. This shows that uniform reductions in flight altitude

may not reduce the net impact, but avoiding altitudes of around 10 km could.

Second, temporal trends were assessed. The monthly radiative forcing results
showed that the highest impact occurred in April and was a factor of 7.6 than the
lowest in July, despite the distance flown increasing by only 22%. The local time also
affects the radiative forcing, with nighttime contrails contributing 67% of the annual

average, global net RF, while 36% of the flight distance is flown at night. Comparing
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to the local time at contrail formation, shortwave impacts show a six hour delay

between formation and peak impact.

Finally, the effect of the overestimate in PCC in the MERRA-2 data was studied.
Using the bias in the MERRA-2 versus sonde data found in Chapter 3, I find that
the global, annual average, net RF could decrease by a factor of around 2.8 from 96
mW /m? to 30 mW /m?. Relative to the RF due to aviation CO5 emissions, the contrail
RF would reduce from being a factor of 3.0 higher to a 13% lower. This difference
could have important implications in identifying the most important climate forcers

to focus on to reduce aviation’s climate impact.

While the focus of this chapter has been on developing and testing the statistical
inference approach, this work can be improved and extended in three key ways. First,
the number of samples generated can be extended. At approximately 100,000 samples,
the results have been disaggregated by a single variable across up to eleven groups.
Simulating contrails from more samples would allow for disaggregating against mul-
tiple variables. For example, trends by latitude and altitude could be considered to-
gether. More samples would also allow for the breakdown of results in more groups,
which is important for variables such as aircraft-engine combination and emissions. A
second, related, improvement is to use variance reduction techniques that would allow
for results to converge faster. For example, stratified sampling, where pseudo-random
samples are generated from a population that can be separated into sub-populations
(e.g.; aircraft type or latitude), or importance sampling, which can preferentially
sample the input space to match a desired distribution allowing for a higher focus
on, for examples, regions where contrails form. Finally, the underlying model can
be changed to use a more detailed, sophisticated approach to capture more complex
physical phenomena that can affect contrail evolution (e.g.; plume and atmospheric
turbulence, and the effect of radiation on contrail ice mass [33, 144, 150]).

Overall, the ability to quantify the global contrail impact using around 20,000
flight samples presents a unique opportunity to improve the current understanding
of contrails at a global scale. The adaptability of the method can make it useful

for researchers interested in applying more detail to the evolution of contrails and
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showing the effect of these changes to the global contrail impact.s
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Chapter 5

Conclusions

This thesis aims to improve understanding of the global contrail climate impact. I
have focused on three aspects of global contrail modeling approaches - predicting
particle number emissions, the accuracy of global meteorological datasets, and the

modeling approach for global numerical estimates.

5.1 Summary of findings and contributions

In Chapter 2, a new approach to estimate the number of black carbon (BC) parti-
cles emitted from the exhaust of aircraft engines is developed. The approach uses two
complementary datasets that relate smoke number measurement to the BC mass con-
centration, quantify losses in the measurement system, and connect mass emissions
to particle number emissions by estimating the geometric mean diameter (GMD) of
particles. The method is applied to existing BC mass and particle number mea-
surements achieving an R? of 0.80 and 0.82, respectively. Global BC emissions for
all operations in 2015 were estimated to be 2.0 Gg/year (95% CI = 1.7 — 2.3) and
2.42 x 10?® particles/year (95% CI = 1.58 — 3.81 x 10%9).

In Chapter 3, I quantify the error in using meteorological data provided by reanal-
ysis models like ERA5 and MERRA-2. Most numerical estimates of the global contrail
impact rely on reanalysis models or other numerical simulations of the atmosphere to

estimate temperature and humidity. However, no studies have systematically studied
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the accuracy of using such datasets. Using data from 793,044 radiosondes, persistent
contrails forming at cruise altitudes in 30°N — 60°N are found to be overestimated
by factors of 2.0 and 3.5 for ERA5 and MERRA-2, respectively. Seasonal and inter-
annual trends are well-reproduced by both models (R? = 0.79 and 0.74). T also define
the evaporation depth, which measures the depth to which a contrail can survive
based on the available ice mass and is thus a measure of contrail lifetime. This met-
ric is found to be overestimated by 17% in ERA5 and 45% in MERRA-2 suggesting
the contrail lifetime may be overestimated. Finally, the reanalyses incorrectly iden-
tify individual regions that could form persistent contrails 87% and 52% of the time,
respectively. These results suggest that contrail models currently overestimate the

number and lifetime of persistent contrails.

Finally, in Chapter 4, I use contrail inference to take advantage of a intermediate
fidelity contrail model, APCEMM, by running it for a random sample of the distance
flown by aircraft in 2016 and calculate the contrail physical and radiative properties.
For an aviation schedule in 2016, the global, annual average, contrail instantaneous
radiative forcing was found to be 96 mW /m?, within around 6% of other literature
estimates. The approach also allows for disaggregating results by input variables.
The spatial distribution of impacts showed that flights over Western Europe had the
highest contrail energy forcing per unit flown, 39% and 66% higher than the same
metric over the contiguous United States and South and East Asia. A major factor
affecting was latitude and I found that the peak contrail energy forcing per distance
flown was at a latitude of around 50°N. Temporal effects were also studied and flights
during the summer were found to be up to a factor of 7.6 lower than other months.
Similarly, nighttime flights were found to contribute to 67% of the annual average
impact despite accounting for only 36% of distance flown. I also used the particle
emissions approach as an input to APCEMM and found that it had a correlation
coefficient of 0.53 with the initial number of crystals that form in the contrail. In
comparison, it had a smaller correlation coefficient of 0.10 with the energy forcing
per contrail, suggesting that approaches to reduce particle number emissions may not

have a strong effect on contrail RF. Finally, the effect of the overestimate in PCC
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in the MERRA-2 data was applied to the global, annual average, net RF, decreasing
it by a factor of 2.8 from 96 mW/m? to 30 mW/m?. This difference could have
important implications in identifying the most important climate forcers to focus on
to reduce aviation’s climate impact. These results display the potential of statistical
inference to quantify the impact of contrails at a global scale and further dissect the

impacts in multiple ways.

5.2 Future work

As emissions reductions becomes a stronger priority for the aviation industry [151],
new combustor technologies are being developed, such as the lean-burn combustor
developed by GE [152]. Since the black carbon emissions method in this thesis relies
on smoke number data, as measurement data for new technologies becomes available,
the same equations can be used and re-fitted for the new technologies. Computational
methods to estimate black carbon emissions from the combustor that do not require
emissions measurements are also being developed and these can provide more insight
on approaches to reduce particle emissions [153]. Finally, multiple studies find that
contrail ice particles form on sulfate-coated BC particles [11, 136], which requires
information on the number of volatile particles emitted by the engine. Extending this
approach to account for volatile particles and using it for estimating the number of
crystals that form would provide a major advancement.

When quantifying the biases in the ERA5 and MERRA-2 reanalysis datasets, a
single source of upper tropopsheric, lower stratospheric (UTLS) water vapor mea-
surements - sondes - was used. While this is a large, pervasive, and reliable dataset,
and provides a vertical snapshot of the atmosphere, flight data and satellite data
can also provide more information in the UTLS. These could be useful to provide
additional information to quantify the accuracy of reanalysis data. In addition, my
work focused on the formation of persistent contrails. A logical extension would be
to quantify the overestimate in the contrail physical and radiative properties over its

lifetime. This would need to account for potential differences in the overestimate by
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altitude and latitude, but also account for aircraft/engine parameters, such as air-
craft mass, BC particle emissions, and engine overall efficiency, that can affect the
contrail throughout its lifetime. Correcting for the biases found would be invalu-
able for improving estimates of global contrail coverage and radiative forcing, helping
policy-makers and industry identify the most important climate forcers to focus on.
Finally, a key takeaway from this work is the need for more UTLS measurements and

methods to constrain water vapor concentrations in numerical weather simulations.

The contrail inference method is a tool that allows for using intermediate-resolution
models to quantify the contrail physical and radiative properties on a global scale.
Two major advancements could be made to this work. Firstly, a simple, unbiased,
random sampling approach is used. While this is sufficient for quantifying global con-
trail impacts, it is difficult to quantify mean contrail properties in regions where there
are fewer flights, since the random sampling would lead to an insufficient number of
samples to converge for these regions. This could be important given that around
20% of contrails account for 78% of the annual average, global, net RF. Stratified or
importance sampling approaches that can ensure a wider coverage of samples could
improve the ability to simulate contrails in spatial regions or for aircraft types that
are not commonly found in the schedule. Secondly, while APCEMM is an invaluable
tool for the purposes of this work, improvements to the contrail modeling approach
could be made in two directions. (1) APCEMM does not account for radiative ef-
fects or turbulence, which could have an important effect on contrail evolution [144].
The contrail inference framework allows for the inclusion of more complex physical
effects. (2) The computational resources required to simulate APCEMM allow for
around 10,000 contrails to be simulated within a 2 month timeframe. Additional
samples would allow for disaggregating impacts by multiple variables and still retain
statistical convergence in the results. As such, faster models that can still simulate

the key physics of contrail evolution could be valuable to extend the results.

Overall, the methods developed in this thesis improve the understanding of and
ability to model contrails both individually, with the use of the particle emissions

approach, and at a global scale, via the reanalysis bias quantification and the use of
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statistical inference. While these methods should improve the accuracy of global con-
trail radiative forcing results, this should be measured using two approaches. Firstly,
observations of contrails must be used to constrain the results from APCEMM as
well to identify regions of the atmosphere that are favorable for contrail formation.
In-situ measurements of particle emissions and contrail ice particles are invaluable to
understand how contrail ice crystals form and persist within the first few minutes to
hours [79]. Observations of contrails using satellite images can also identify contrail
forming regions, which can be used to constrain the output from reanalysis models,
as well be used to quantify the accuracy in contrail coverage and radiative forcing
estimates as well [154]. Secondly, using faster, simplified approaches to simulating
contrails with statistical inference could allow modelers to quantify the uncertainty
in the underlying models using Monte Carlo simulations. This would quantify the
effect of parameter uncertainties in the overall contrail radiative forcing, a topic that

has not yet been studied in detail.
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Appendix A

Derivation of volumetric low rate

The volumetric flow rate, @), is a parameter required to convert the BC mass con-
centration to an emissions index. Derivations in the literature have found different
coefficients and do not show this derivation as a function of the fuel hydrogen content,
H.. As such, we provide an overview of the method for unmixed engines following

Stettler et al [67], but generalize this for a fuel of any hydrogen content.

We assume the fuel can be written in the form C,H,,, and the resulting combustion

reaction is:

which assumes 100% combustion efficiency from fuel to products. For H, = 13.8%
and n = 12, we find m = 22.8928 and the resulting moles per emissions product can

be calculated.

To estimate the volumetric flow rate, we begin with conservation of mass. We
can convert between our reaction equation and mass by multiply by the molecular
masses of each species. As such, 1 kg of fuel would require (n + 7 ) ﬁ kg of

O, for complete combustion and similar calculations can be made for the remaining

species. Conservation of mass thus results in:
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where M; refers to the molecular mass of species . We use the standard atomic
weight values from the International Union of Pure and Applied Chemistry (IUPAC)
[155]. The volumetric flow rate is then estimated by scaling each term by the ap-
propriate species’ density. The densities are calculated at STP using the ideal gas

law.
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For n = 12 and m = 22.8928, the resulting volumetric flow rate is:

3

m
Qcore |exhaust

K ] = (0.614 + 0.163) - AFR — 2.376 + 1.609 + 1.534
Ztuel

(A.3)
=0.777 - AFR + 0.767

For a mixed turbofan engine, the bypass and core streams are internally mixed,
thus the mass concentration is based on the combined flow streams. As such, the

volumetric flow rate is adjusted by a factor of (1 + /), where § is the bypass ratio.

3

m
Qmixed |exhaust

. ] = 0.777 - AFR - (1 + B) + 0.767 (A4)
fuel
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Appendix B

Gas turbine calculations

In this section, an overview is provided of the calculation procedure and key equations
solved to estimate the engine exhaust flow area (combined bypass and core flow area),
as well as the exhaust temperature. Both procedures use a similar set of equations,
however the iterative calculation approach and the available input parameters differ

between the two.

B.1 Estimating the exhaust area

To calculate the engine exhaust flow area, we begin with publicly available data from
the engine emissions data bank (EEDB) [75]. The EEDB provides ground, sea-level
static, operating conditions of the engine. At the 100% of an engine’s rated thrust
(Foo), the overall pressure ratio (OPR), bypass ratio (BPR), and fuel flow rate (1)
are provided. Finally, I use the jet velocity ratio, a;, which is calculated as the core
exhaust jet velocity, Vj., over the bypass exhaust jet velocity, Vj.. a is used a design
parameter in order to maximize the engine overall efficiency, 7,, and is set to be 0.7
(Dr. Jayant Sabnis, personal communication, October 16, 2020). Finally, we assume
the ambient conditions to follow the normal temperature and pressure conditions
where the temperature and pressure at ground conditions are 288 K and 1013 hPa,
respectively.

To calculate the internal temperature and pressure within the engine, I found an
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iterative approach was required. To begin this, an initial guess is made for fan pressure
ratio (FPR). This is used to calculate the conditions at location 13 downstream of

the fan as

313 == FPR,PtQ (Bl)

T = T;sFPR%mn (B.2)

where P and T represent the pressure and temperature, respectively, subscript
2 and 13 represent conditions upstream and downstream of the fan, 7. = 1.4 is the
specific heat ratio of the air passing through the compressor, and ng, = 0.92 is the

fan polytropic efficiency. Using «, the core exhaust jet velocity can be calculated as

(B.3)

and using Fj, the mass flow rate through the core of the engine, m.., is calculated

as

FOO

B.4
V;.(1+aBPR) (B4)

me =

Using OPR, the conditions downstream at location 3 downstream of the compres-

sor can be calculated as

Ptg - OPR,PtQ (B5)
Tys = TjyOPR Fercom (B.6)

where 7eom = 0.90 is the compressor polytropic efficiency. The compressor typ-
ically consists of two or three separate components (e.g. high-pressure and low-
pressure compressor), however, information on the pressure ratio of each part of com-

pressor is not always publicly available. For this reason, the compressor is treated as a
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single component. Using the polytropic efficiency is particularly advantageous in this
situation as it is independent of the baseline pressure unlike the adiabatic efficiency
[156].

Using the input vy, the conditions downstream of the combustor at location 4

can be estimated as

Pu= Py (B.7)
%;Cp,c,-z—;ﬁ + LCV

e (14 55)

T =

where ¢, = 1005 J/K/kg and ¢, = 1250 J/K/kg are the heat capacity at constant
pressure in the compressor and turbine, respectively, and LCV = 43.3 MJ/kg is the
lower calorific value of the fuel. The combustor is assumed to have no pressure loss.
While this is not physically correct since the flow requires that the pressure reduces
slightly in order to move forwards through the combustor, it has a small effect on the
overall efficiency and thus we do not account for it. Finally, the power between the
compressor and turbine is matched in order to calculated the temperature downstream

of the turbine at location 5 as

Cp,c
Tis = Ty — (Tis — Tia) — (Trs — Ti2) PBPR (B.9)

Cppt

The associated pressure, P;5, is calculated as

Tiais = Tra — (Tra — Tis) /M (B.10)
T is ’Y:ﬁl
Pi =P () (B.11)
t4

where 7, is the adiabatic efficiency of the turbine and v, = 1.3 is the specific heat
ratio of the air passing through the turbine. Finally, this provides a second approach

to calculate the core exhaust jet velocity, V., as
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Pot\ 50
‘/}70* = 2Cp,ltTtS (1 - < b> > (B.12)
B

The iterative solver optimizes on the FPR until the squared error between V. *
and V;,. converges to a constant value with a tolerance of 107!, Assuming the flow

to be perfectly expanded, the bypass flow exhaust area, A;g, can be calculated as

Vib
Tig = Tns — 52 (B.13)
2Cpe
Parn
P19 = R ng (B.14)
m.BPR
Ay = Vs (B.15)

where subscript 19 represent conditions at the exhaust of the bypass, p is the
density of air, and R. = 287 J/K/kg is the specific gas constant of dry air. The core

flow exhaust area, Ag is calculated following the same approach as

\
Ty = T — 725 .
b= Tas — 50 (B.16)
Pamb
= B.17
P9 R/ T, ( )
m
Ag = = B.18
? PoVip ( )

where subscript 9 represent conditions at the exhaust of the core. The combined

area, A = Ag + Ajg, is used as an input to APCEMM.

B.2 Estimating exhaust temperature

The iterative procedure for estimating the exhaust temperature is analogous to that
for the exhaust area, however information for engines in cruise are not publicly avail-

able. AEIC provides information on fuel flow rate using aircraft performance data
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from BADA [112]. Assuming International Standard Atmosphere (ISA) conditions,
the altitude and flight speed define the stagnation temperature and pressure at the en-
gine inlet. This is used to calculate the non-dimensional fuel flow rate 72, calculated

as

i LCV

\/ Cp,cﬂ2,0A2R2,c

where subscript ¢ represents cruise conditions. The EEDB also includes fuel flow

iy = (B.19)

rate data for four different thrust settings for each engine at sea-level, static, con-
ditions - idle conditions with the non-dimensional thrust setting, F'/Fyy = 4%, ap-
proach conditions with F'/Fyy = 30%, climb-out conditions with F/Fyy = 85%, and
take-off conditions with F/Fy, = 100%. These thrust settings are related with the
non-dimensional fuel flow rate at the ground conditions. Using 7 at cruise, the
F/Fyy at cruise conditions can be linearly interpolated from the ground-based EEDB
data points. Examples of the relationship between non-dimensional thrust and non-
dimensional fuel flow rate are shown in Figure B-1 for five different engines. These
results show that a simple interpolation approach is reasonable for the ground condi-
tions.

By interpolating from relationships similar to the ones in Figure B-1, the thrust
can be calculated as F, = (F/Fuy), Foo, where subscript c refers to cruise conditions.
Similar, the pressure ratio at cruise, OPR,, is estimated as

F

The estimated values of thrust, pressure ratio, and fuel flow rate at cruise can be
combined with the exhaust areas calculated in Section B.1. The overall approach is
similar, but I found that I was required to guess the core mass flow rate in addition
to the FPR. Since two variables are being guessed, a second variable is also required
to converge on. In this case, I use the thrust, F', and the core flow exhaust area, Ay,

to converge on the FPR and ..
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Figure B-1: Non-dimensional fuel flow rate against non-dimensional thrust for five
different engines.
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