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The environmental impacts of commercial aviation, including climate change, are of growing importance in

aircraft design. A framework is needed for comparing the climate impacts of competing aircraft designs and

technologies. A metric is presented for this purpose: average temperature response. This metric quantifies the

lifetime global mean temperature change caused by operation of a particular aircraft. This metric can be computed

using any climate model. An example study of five aircraft using a linear climate model with altitude variation

illustrates the range of climate performance for aircraft designed to the same requirements. For the particular

example assumptions used, aircraft are designed with 10–50% lower average temperature responses and 1%higher

operating costs relative to a minimum cost design. An uncertainty quantification study is also presented,

demonstrating that uncertainty is not too great to make conclusions about the relative performance of different

aircraft configurations.

Nomenclature

Ai = radiative efficiency of species i, �W=m2�=kg
Ei = annual emissions rate of species i, kg=year
EIi = emissions index of species i, kg=kg
ei = emissions of species i per mission, kg
fi = efficacy of species i
H = operating lifetime, years
h = altitude, ft
L = mission distance, n mile
l�h� = fraction of fleet distance flown at altitude h
RF = radiative forcing, W=m2

r = function devaluation rate
RF� = normalized radiative forcing
S = climate sensitivity, K
si = forcing factor for species i
t = time, years
tmax = weighting function maximum integration period, years
U = aircraft utilization rate, number of missions per year,

yr�1

w�t� = weighting function
Wfuel = fuel consumption per mission, kg
�T = global mean temperature change, K
� = time constant, years

Introduction

C ONCERN about the environmental impacts of commercial
aviation has grown over the past few decades as the industry

continues to expand. Recent attention has focused on limiting avia-
tion effects on the global climate. In 2005, aircraft operations were
estimated to have produced 4.9% of the worldwide anthropogenic
forcing that causes climate change [1]. This fraction is projected to
grow over the next several decades [1].

Commercial aircraft cause climate change through physical
mechanisms that are described in detail in [1–4]. These effects

include emissions of the direct greenhouse gas carbon dioxide (CO2)
and other species that affect the radiative balance of the Earth system.
Nitrogen oxides (NOx) impact the climate in two important ways.
First, NOx produces ozone through a process with a short lifetime
(O3S), which is a warming effect. Second, over long timescales,NOx

enhances the destruction of the greenhouse gasesmethane (CH4) and
ozone (O3L), which are cooling effects. At smaller magnitudes,
emissions of water vapor (H2O) and aerosols of soot and sulfate
(SO4) also directly influence climate. Finally, the effects of linear
contrails and altered cirrus cloudiness, collectively referred to as
aviation-induced cloudiness (AIC), are estimated to have a signifi-
cant warming effect. Total radiative forcing (RF) from aircraft is a
factor of two to four times greater than forcing due to CO2 alone [3].
However, it should be noted that RF is an instantaneous measure that
does not capture the integrated effects of a new unit of aviation
emissions. For the time-integrated future impacts, the ratio of non-
CO2 to CO2 effects is, in general, different: an issue we address
further in this paper.

The climate effect of each species depends on ambient conditions
and emission rate, radiative properties, and impact lifetime (which
describes the timescales of an atmospheric perturbation). CO2,NOx,
H2O and particle emissions quantities, radiative efficiencies, and
lifetimes vary by several orders of magnitude. So, to aggregate the
total effects of all aircraft emissions, a climate model is needed.
Global climate models (GCMs) compute the physical, chemical, and
biological processes of each climate component on a time-varying
three-dimensional global grid. The Intergovernmental Panel on
Climate Change (IPCC) is confident in the ability of these models to
accurately characterize climate responses on global and hemispheric
scales [5]. However, their high computational costs makes GCMs
poorly suited for aircraft conceptual design and uncertainty studies.
Instead, the climate response from aircraft emissions can be
estimated using a simple climatemodel, applying linear relationships
derived from the results of more complex GCMs.

Given the significance of aviation climate change, it is important
for the aircraft design community to have a meaningful method for
comparing the climate impacts of various aircraft configurations and
technologies. This estimation must account for the multiple
radiatively active species that aircraft emit. This paper discusses
metrics that can be applied to quantify the climate impacts of differ-
ent aircraft designs, and it presents a methodology for estimating
aircraft climate performancewith a single candidatemetric. Perform-
ance measurements with this metric and alternative impact-based
metrics are shown to yield similar results. The candidate metric
provides a framework for assessing relative performance and is
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paired with a climate model that can be continually refined to reflect
advancements in knowledge of aircraft climate impacts.

Measuring Aviation Climate Change

Climate change is defined by the IPCC as “a change in the state of
the climate that can be identified by changes in the mean and/or the
variability of its properties, and that persists for an extended period,
typically decades or longer” [6]. Climate properties for which the
variation can indicate climate change include temperature, precip-
itation, humidity, soil moisture, sea surface temperature, and sea ice
location and thickness. Global mean surface temperature change is
predictedmore easily thanvariation in other climate properties [7]. In
this paper, discussion of climate change will refer to changes in
globally averaged surface temperature, noting that the operation of
commercial aircraft may also affect other climate properties.

In the case of commercial aircraft, emissions of CO2, NOx, H2O,
SO4, and soot from fuel combustion alter both atmospheric compo-
sition and cloud properties. The causal sequence of emissions to the
impacts and damages caused by climate change is shown in Fig. 1
(adapted from [8]). Atmospheric processes convert direct aircraft
emissions into chemicals and clouds that change the balance of
incoming and outgoing energies in the Earth-atmosphere system,
producing RF. RF components then cause climate change, mani-
fested as changes to global mean temperature, precipitation, sea
level, etc. Next, climate change influences agriculture, coastal geog-
raphy, and other systems. The likelihood of significant impacts on
these systems as a function of temperature rise is discussed in [6].
Finally, climate change impacts can be quantified monetarily as
damages or costs to society.

Along each step of the path shown in Fig. 1, variables can be
identified that could serve as climate change metrics. Metrics based
on lower steps in the figure are increasingly relevant in quantifying
the potential effects of climate change sought to be avoided. How-
ever, these quantities are also increasingly uncertain and difficult to
predict. When selecting a metric for measuring climate change, one
must balance the relevance of the metric against the uncertainty its
use leads to in making decisions.

Researchers have adopted numerous climate metrics to quantify
the impacts of aviation emissions. The strengths and weaknesses of

these metrics are reviewed in [7,9–15]. Many of these metrics have
been applied widely to the comparison of impacts from different
sectors, the prediction of impacts based on future emission scenarios,
and the assessment of various technology and policy mitigation
strategies. In this paper, we seek to identify a metric for comparing
the climate impacts of various aircraft configurations. To narrow the
set of possible aircraft design climate metrics, discussion will focus
on the appropriate properties of a metric for this purpose.

Metric Properties

Measured Quantity

A climate metric could measure many different physical or
economic values, ranging from mass of emissions, to RF, to temper-
ature change, to impacts and damages, as shown in Fig. 1. For
estimating the impacts of aircraft operations, the mass of radiatively
active emissions is not a meaningful metric because of the wide
variety of aircraft emissions that affect climate. For example, the
timescales and intensity of climate impacts due to emissions of 1 kg
of CO2 are very different from those of 1 kg of NOx; furthermore,
AIC impacts are not simply related to a single emissions quantity.
Because of this, emissions-quantitymetrics are less useful for aircraft
design studies.

Economic metrics evaluate the damages and abatement costs of
different emissions scenarios. Several climate change studies have
used economic metrics: for example, [16–19]. These economic
metrics use damage functions that estimate the effects of climate
change in terms of the consumption-equivalent value of both market
and nonmarket goods [20]. Such models are highly uncertain:
Nordhaus describes the damage function in his model as “extremely
conjectural given the thin base of empirical studies on which it rests”
[21]. Uncertainty in estimating damages is more challenging to
quantify and greater in magnitude than that of physical metrics such
as RF and temperature change. Furthermore, temperature change is a
tangible measure of climate change that is more accessible than
damage metrics, and many policies focus on the objective of temper-
ature rather than social damages. For comparative studies, under
certain restrictive assumptions described in [12], conclusions drawn
using global cost potential and global temperature potential (GTP)
metrics coincide. Additionally, because the purpose of this metric is
for use in aircraft design, and not policy decisions, economic metrics
are not necessarily preferred. To inform future policy decisions, it is
important to measure each environmental impact (noise, local emis-
sions, and climate change) and understand how environmental and
economic performance can be changed in design. This paper focuses
on climate impacts, and a physical metric is suitable to characterize
climate performance. For these reasons, economic-basedmetricswill
not be used herein for comparative aircraft design study.

Other climate properties include RF and temperature change. RF
measures the net imbalance of incoming and outgoing energies in the
Earth-atmosphere system caused by a perturbation. RF does not
directly measure a change in climate behavior, but it instead quan-
tifies the change in energy that produces changes in climate prop-
erties, including temperature and precipitation. Under certain
restrictive assumptions, RF is directly related to changes in equilib-
rium surface temperature [3]. The primary limitation of RF is that it is
an instantaneous metric that captures impacts from emissions at a
single point in time; however, time-integrated RFmetrics can be used
to quantify lifetime impacts. Temperature change, on the other hand,
is a direct measure of a change in global climate behavior. RF is
therefore a less direct measure of the level of impact of aircraft emis-
sions. RF has the advantage of lower scientific uncertainty compared
with temperature change and has been widely applied in climate
change research, including aviation studies by the IPCC. Both RF
and temperature change are identified as potential candidates for the
basis of an aircraft design climate metric.

Emissions Case

Most climate metrics are computed based on a specified, general
emissions case. For instance, consider global warming potential
(GWP) metrics. Sustained 100-year GWPs are calculated assuming
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Fig. 1 Cause and effect chain for aircraft climate change, adapted

from [8].
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constant emissions for 100 years, while pulse 100-year GWPs are
calculated assuming emissions for only one year and zero emissions
thereafter. GWPs are used broadly formany applications and are also
frequently referenced for 20-year and 500-year horizons. For the
application of aircraft design, a more specific emissions case is
appropriate. To compare the impacts of different aircraft designs,
climate impacts can be computed with an emissions case repre-
sentative of the likely operation of these designs. Based on typical
commercial aircraft operation today, an appropriate emissions case
might be constant operation for 30 years followed by aircraft
retirement and zero emissions (other operating lifetimes could be
considered for different aircraft design applications). The scenario of
constant emissions during the operational lifetime and zero emis-
sions thereafter is a simplistic representation of the emissions from a
new aircraft design: in reality, new aircraft are adopted gradually and
the net emissions rates from the new design change annually.
However, this simple emissions case is sufficient to capture the
differences in lifetime climate impacts in a comparative design study.

Snapshot Versus Integrated Impact

A climate metric can be based on the evaluation of a property at a
single point in time or the integration of that property over a period of
time. Common snapshot metrics include single-year RF and GTP,
and common integratedmetrics includeGWPand integrated temper-
ature change [14,15,19]. For aircraft design, a snapshot metric can be
applied at the end of the operating lifetime, quantifying the value of a
climate property near its peak value. Snapshot metrics could also be
appliedwithin the operating lifetime if considering a climate goal: for
instance, a temperature change target in the year 2050. It should be
noted that, even for a comparative study, snapshot metrics are very
sensitive to timing, and a studywith a lifetime of 10years could give a
different result than that with a lifetime of 50 years. Time-integrated
climate metrics are less sensitive to lifetime and quantify mean
impacts over an integration period. Because components of RF and
temperature change are accumulative and vary annually, lifetime-
averaged metrics are preferred.

Temporal Weighting

Given an integrated impact metric based on the emissions case
described previously, the relative importance of short-lived and long-
lived impacts can be altered by applying temporal weighting.
Common methods for weighting include discounting and window-
ing, but other weighting functions can also be used. Discounting is
frequently used in economic studies to express future value in present
monetary terms and has been applied in climate change studies
[19,22,23]. In a similar manner as discounting, weighting factors can
be applied to a physical impact to specify the relative importance of
immediate and far-future impacts. The integration window also
affects this balance by setting the maximum time horizon for inclu-
sion of impacts. Short-lived impacts decay quickly (10–30 years)
after aircraft operations terminate, but long-lived impacts decay
slowly (100s of years for CO2). Therefore, an integration window
that is long comparedwith the aircraft operating lifetime favors long-
lived impacts, while a short window biases toward short-lived
impacts. Aweighting function can combineweighting factors and an
integration window. Because choices of weighting represent judg-
ments on the value of immediate and far-future impacts, an aircraft
design climate metric should be flexible and allow user specification
of the associated function.

Treatment of Uncertainty

Considerable uncertainty exists in the quantification of climate
impacts from aircraft emissions and other sources. The relevant
uncertainty may be categorized as described in [24]. Scientific
uncertainty is associated with limits in scientific knowledge and
inexact modeling approaches for estimating impacts from an emis-
sions scenario. Valuation uncertainty exists because value judgments
are required to temporally weight impacts. Scenario uncertainty
refers to unknowns surrounding the projections of future anthropo-

genic activities and system responses that are required to estimate
aircraft climate impacts. For an aircraft design climate metric to be
practical, scientific uncertainty must be quantifiable. Scenario and
valuation uncertainties should also be addressed by allowing user
specification of trajectory and temporal weight assumptions.

Based on this discussion of the desired properties of an aircraft
design climate metric, several metrics could be conceived. One such
metric is presented in the following section.

Candidate Metric: Average Temperature Response

To compare the climate impacts of different aircraft designs, a
metric is needed that appropriately characterizes the net global
climate effect of the operation of a particular aircraft. We propose a
metric and choose to base the metric on temperature change for
several reasons. First, temperature change is commonly used within
the climate modeling community but is also understood by non-
experts. Second, it measures a physical change in climate behavior
that could be controlled in order to limit climate change damages.
The purpose of the candidate metric is to quantify for a particular
aircraft the climate impacts realized from emissions during operation
and climate impacts that result from perturbations remaining in the
Earth-atmosphere system after the aircraft operating lifetime has
ended.

The metric presented in this study is the average temperature
response (ATR) over an aircraft operating lifetime. ATR combines
integrated temperature change with the concept of temporal
weighting and follows the general emissions metric formulation
given in [5,18]. ATR is defined in Eq. (1):

ATR H �
1

H

Z 1
0

�Tsust;H�t�w�t� dt (1)

ATR is measured in units of temperature. The first step in
computing ATR is calculating the global mean temperature change.
In the preceding equation,�Tsust;H refers to the time-varying global
mean temperature change caused by H years of sustained operation
of a particular aircraft configuration. The function �Tsust;H�t� is
determined based on constant annual emissions rates for the first
H years ofCO2,NOx,H2O, soot, and sulfate, and then constant stage
length and zero emissions thereafter. Aircraft operating lifetimes
typically range between 25 and 35 years [3]. All studies herein
assume an operating lifetime of 30 years.

Temperature change can be quickly calculated using a simple
linear temperature response (LTR) model for aircraft conceptual
design studies, or more sophisticated climate models can be used.
LTR methods calculate the time-varying temperature change from a
set of emissions using simplified expressions derived from the results
of complexGCMs. LTRs of varying complexity have been applied to
several aviation emissions studies [1,14,19,25–28].

Weighted temperature change per year is integrated and divided by
H to yield anATR.Any unitlessweighting functionmay be used, and
multiple functions could be appropriate for this purpose.Windowing
and discounting are commonly applied [5,7,9–15,22]. Window
weighting functions include only impacts occurring within a speci-
fied time frame, and an example of their application is the integrated
RF metric GWP. Discounted metrics weight future impacts with an
exponentially decaying function using either a constant or time-
varying discount rate. Discount weighting functions are often
applied in net present value economicmetrics but can also be applied
to physical metrics for many studies [29]. Conventional temporal
weighting methods of windowing and discounting can be applied to
an aircraft design climatemetric, but other functions can also be used.
To demonstrate this, the weighting function defined in Eq. (2) is
presented:

wr�t� �

8<
:
1 t � H

1
�1�r�t�H H < t � tmax

0 tmax < t
(2)

This function assigns unity weighting to temperature change
during the operating lifetime of the aircraft. An exponential
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devaluation rate is applied to temperature change occurring after the
aircraft has ceased operation (t � H). A rate of zero means that
postoperation impacts are equally important compared with impacts
during operating years: a rate of infinity means that postoperation
impacts have no importance; and a positive, finite rate means that
temperature change each postoperation year is less important than the
temperature change experienced the previous year. ATRs calculated
using this weighting function are denoted as ATRH;r whereH and r
indicate the values of the operating lifetime and devaluation rate.

The function wr�t� is designed so that long-term effects are
included but do not dominate ATR. As described by the IPCC, the
design of a reduced climate impact next-generation commercial
aircraft and other short-term climate abatement decisions involves
“balancing the economic risks of rapid abatement now and the
reshaping of the capital stock that could later be proven unnecessary,
against the corresponding risks of delay” [30]. Designing an aircraft
based on its climate impacts in 100 years is a higher risk than
designing an aircraft based on its impacts in the next 30 years,
because there is greater confidence that avoided climate change in the
near term will be highly valued. The relative importance of a unit of
temperature change in the far future is uncertain and unpredictable,
and it depends on future trajectories of technological growth, realized
physical impacts, and mitigation and adaptation. In contrast, the
value of short-term impacts are more certain. We define short-term
impacts by the window of approximately 30 years, which coincides
with the operating lifetime of typical commercial aircraft. In Eq. (2),
short-term impacts are weighted at unity, and long-term effects are
weighted with importance, which decays exponentially. Decaying
weighting factors are delayed 30 years for two reasons. First, as
previously mentioned, scenario uncertainty is more moderate during
this period: emissions, technological change, and policy scenarios
are more certain for the next generation. Second, scientific uncer-
tainty is lower during this period: results in [5] indicate that during a
30-year window, predictions of temperature change reasonably
agree, not only within and across models but also between emissions
scenarios.

This weighting function and other monotonically decreasing
functions are consistent with approaching climate change abatement
as a task of sequential decision-making under uncertainty [30]. The
task is to design the next generation of commercial aircraft with cost-
effective climate impact reduction solutions, so that in 30 years,
climate change has not reached such high levels as to limit future
options [31]. In themeantime, technology advancement and learning
will continue. For the design of the following generation of aircraft,
decisions will be better informed and aircraft climate mitigation will
be reevaluated.

Selection of the weighting function involves a value judgment of
the relative importance of short-lived and long-lived impacts. For the
given weighting function, the devaluation is provided as a user-
specified value judgment. Temperature change caused by short-lived
impacts decays quickly after operation stops, while long-lived
species such as CO2 cause a residual temperature change for many
years postoperation. In this paper, zero, moderate (0< r < 5%), and
infinite rates will be considered. Discount rates of 2–5% are often
applied in climate impact economic analyses [20]. The effect of
changes to the devaluation rate on aircraft design decisions is
explored in [32,33], where design conclusions are shown to be
insensitive to choice of r (with a finite integration period). This
insensitivity results because reductions in NOx and AIC impacts are
more easily achieved than reductions in CO2 emissions. The
integrationwindow is taken to bevery large comparedwith operating
lifetime (if desired, shorter windows could also be used). A finite
window is required for very low rates, because a fraction of CO2

emissions remain in the atmosphere for many 1000s of years; there-
fore, most models forCO2-induced temperature change do not decay
to zero [34], and with larger rates, an infinite window is possible. For
all examples in this paper, tmax is taken to be 500 years, following the
longest time horizon adopted by the IPCC for GWP calculations [5].
Other devaluation rates, integration windows, and operating life-
times can be applied; however, the same rates, windows, and life-
times should be used when comparing two different design options.

The relationship between ATR with the presented weighting
function and temperature change is shown graphically in Fig. 2 based
on the commercial aircraft fleet emission rates in 2005, with H �
30 years and r� 3% [1]. Calculation of ATR for this emissions
scenario represents the climate impacts that would result if every
aircraft in the commercial fleet in 2005 was operated continuously
until 2035 without fleet replacements or additions. This notional
scenario illustrates the magnitudes and timescales of impacts of
various aircraft emission components at current emissions rates.
However, the ATR metric is designed for calculation of impacts for
individual future aircraft configurations where the assumption of
continuous emissions for 30 years is more realistic.

First, global mean temperature change is calculated assuming
constant emission rates for the first H years and zero emissions
thereafter, shown in Fig. 2a. Temperature change is computed using
the linear climate model described in a later section of this paper.
Next, the weighting function is applied to temperature change,
reducing impacts occurring afterH years, shown in Fig. 2b. Then, the
weighted temperature change is integrated to find the total lifetime
impact in units of Kelvins per year, represented by the shaded area in
Fig. 2c. Finally, this quantity is divided by the operating lifetime to
find the ATR, represented by the bar height in Fig. 2d. The shaded
regions in Figs. 2c and 2d have equal area, H 	 ATR. The notional
2005 fleet ATR30;r�3% is approximately 35 mK.

To summarize, the ATR metric is proposed as a tool to condense
the lifetime impacts of a particular aircraft into a single, meaningful
quantity. The metric is designed for comparison of the lifetime
temperature change of different aircraft design and technology
options. This metric is not intended for use in aviation policy
decisions or characterizing the absolute temperature change caused
by operating a heterogeneous, evolving commercial aircraft fleet. By
using a linear climate model, ATR can be calculated simply and
quickly. Parameters and expressions in the linear climate model can
be continuously updated to reflect best-available scientific knowl-
edge of the effects of aircraft emissions. Additionally, by assessing
the scientific uncertainty in the climate model, confidence in ATR
calculations can be estimated. Uncertainty quantification will be
discussed later in this paper.

Calculating Average Temperature Response

In this section, we describe a method for calculating the ATR of an
aircraft. First, aircraft emissions are quantified. Then, using a climate
model, emissions are translated into time-varying temperature
change. Finally, ATR is computed and the uncertainty in this
calculation is discussed. This study uses a LTR model with altitude-
varying impacts, but other climate models could be used.

Aircraft Emissions

Total emissions of an aircraft over a specified mission are
computed using the emissions index (EI), which is the mass ratio of
emitted species to fuel burned, given in Eq. (3):

ei � EIiWfuel (3)

With this relationship, the mass of emitted species per mission can
be found based on mission fuel consumption. The EIs of CO2, H2O,
and SO4

‡ are solely dependent on the composition of the fuel and
taken to be constants [3]. The EI for soot can vary with engine
operating condition, but because soot comprises a small fraction of
total climate impacts (on the order of less than 5%; see [4], for
example), this factor can also be assumed constant without signifi-
cant loss in accuracy for many studies of interest. These EIs are listed
in Table 1.

The EI for NOx depends strongly on operating conditions,
including engine throttle setting. Engines are required to comply
with NOx emissions regulations during landing and takeoff.
International Civil Aviation Organization (ICAO) measures and

‡This is an effective EI based on the EI of fuel sulfur [EI�S� � 0:4 g=kg]
and a 50% effective conversion factor from fuel–sulfur to optically active
sulfate aerosols [3].
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publishes certification data relating fuelflow, thrust, andEINOx at four
sea-level static throttle settings that simulate taxi, takeoff, climb, and
approach operating conditions.§ However, ICAO does not measure
NOx at cruise conditions, because these emissions are not currently
regulated. Therefore, a model is needed to compute EINOx at high
altitudes based on sea-level static measurements. Fuel flow
correlationmethods have been developed for this purpose. TheDLR,
GermanAerospaceCenter (DLR)method described in [35] is used in
this study. This semiempirical method models the relationship
between engine throttle setting andEINOx at varying ambient temper-
ature and pressure conditions. The DLR method has been shown to
predict EINOx to within approximately 10% of measurements at
typical cruise conditions [36].

Once emissions over the design mission are estimated, the time-
varying annual emissions rate is found by considering the aircraft
utilization rate, shown in Eq. (4):

Ei�t� � eiU�t� (4)

The utilization rate refers to the number of missions flown in
year t.

Linear Climate Model with Altitude Variation

Once emissions rates are known, a climate model can be used to
determine the temperature change resulting from aircraft operation.
Any climate model can be used: options range from simple LTR
models to complex three-dimensional GCMs. In this study, we
employ the former option,which enables quick calculation of climate
impacts and is appropriate for aircraft conceptual design.

Linear climate models have been developed to quantify emissions
impacts and have been applied to several aviation emissions studies
[1,14,19,25–28]. These models compute the impacts from emissions
deposited by aircraft directly into the upper troposphere and lower
stratosphere, which can lead to different climate impacts compared
with ground-based emissions from other sectors. Although studies
differ in howRF is computed for each pollutant, each of these studies
relies on a similar methodology. First, emissions are computed and
then translated into a time-varying RF of each species. Finally, a
globalmean temperature change is found by applying the forcing to a
climate impulse response function. Because thesemodels are derived
from the results of one or more GCMs, linear models replicate the
globally averaged results of the GCM(s) on which they are based.
These climate models greatly simplify the physics and chemistry of
aircraft-induced climate change, and the analysis generated by these
models captures only first-order effects. The effects of varying
background concentrations, latitude and longitude, timing, and inter-
actionswith other pollutants are notmodeled. Scientific uncertainties
associated with the modeling of climate responses are quantified
within a Monte Carlo study. Impacts are computed based on current
temporal and latitudinal flight distributions, and the effects of
changes to routing, aside from altitude shifts, are beyond the scope of
this paper.

Table 1 Emissions indices [3]

Species Emissions index

CO2 3:16 kg CO2=kg fuel
H2O 1:26 kg H2O=kg fuel
SO4 2:0e � 4 kg S=kg fuel
Soot 4:0e � 5 kg soot=kg fuel
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Fig. 2 Graphical representation of steps for calculating ATR. In this example, H � 30 years, r� 3%, and tmax � 500 years.

§Data available at http://www.caa.co.uk/default.aspx?catid=702 [retrieved
in November 2010].
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The climate model developed for this study distinguishes itself
from other linear climate models through its inclusion of altitude
variation forNOx, contrails, and cirrus impacts. This model relies on
emissions impact studies published to date by the scientific
community. However, model parameter best estimates are expected
to change in the future and can be updated to reflect improved
knowledge.

Radiative Forcing

Methods are provided for computing time-varying RF for each
emitted species. Different models are required for long-lived gases,
short-lived pollutants, and AIC. Models for RF from all emissions
except CO2, which has a very long atmospheric lifetime, are
dependent on the assumed geographical distribution of emissions.
The models described next are based on average impacts from
fleetwide routing in a single year within the last decade. This routing
is concentrated largely in the northern hemisphere midlatitudes.
These models therefore quantify the average forcing caused by
emissions spatially distributed according to routing similar to current
traffic; if the geographical distribution of routes for a particular
aircraft differs significantly from current routing, then these
parameter values become less accurate.

The parameters used in this model are based on current best
estimates, and many of these parameters are associated with large
uncertainty. Uncertainty distributions for each of these parameters
are listed in the Appendix.

Carbon Dioxide

Carbon dioxide is a well-mixed greenhouse gas with a long
lifetime relative to chemical processes in the atmosphere. Because of
this, aviationCO2 impacts do not varywith altitude and can be treated
in the same manner as all other anthropogenic CO2 sources.

A relationship describing the RF caused by small perturbational
emissions of CO2 is given by the IPCC in [5], and it is shown in
Eqs. (5) and (6). This linear model is based on the assumption of
constant background CO2 concentrations of 378 ppmv. This is an
unlikely trajectory in the near term, and the impact of this scenario
uncertainty is discussed later:

RF CO2
�t� �

Z
t

0

GCO2
�t � ��ECO2

��� d� (5)

GCO2
�t� � ACO2

�
1�

X3
j�1

�cj

�
exp

�
�t
�cj

�
� 1

��
(6)

In these equations, the expression GC�t� represents the decay of
RF caused by a pulse emission ofCO2, measured in watts per meters
squared per kilogram of CO2. The portion of Eq. (6) in brackets
describes the fraction of CO2 emitted at t� 0, which remains in the
atmosphere at time t [37]. Values of the parameters ACO2

, �cj, and �cj
are listed in Table A1 of the Appendix.

Methane and Long-Lived Ozone

NOx affects climate through ozone production/destruction and
methane destruction. Ozone modeling must account for both short-
term and long-term responses. In this section, the long-term forcings
caused by methane destruction and ozone destruction are modeled.

Following [19], response functionsGi are derived for the RF from
methane and long-term ozone destruction caused by a pulse emission
of NOx. These response functions are shown in Eq. (7):

Gi�t� � Ai exp
�
�t
�n

�
for i� CH4;O3L (7)

Values of the radiative efficiencies of methane and long-term
ozone are calculated using the method described in [19], with results
from [4,5,38]. Values of the radiative efficiencies ACH4

and AO3L
, and

the long-term ozone and methane adjustment time �n, are given in
Table A2 in the Appendix.

The time-varying RF due to arbitrary emissions functions can then
be computed using the response functions Gi. These response
functions are derived based on fleetwide emissions and altitudes. By
applying height-dependent forcing factors, RFs can be computed as
altitude-specific values with Eq. (8):

RF i�t; h� � si�h�
Z
t

0

Gi�t � ��ENOx
��� d� for i� CH4;O3L

(8)

Altitude-dependent forcing factors are unitless parameters that
represent the RF per emission at a particular altitude, normalized by
fleetwide average RF. These functions si�h� are based on data for RF
per emission as a function of altitude, as derived in [39], from
perturbational studies of aircraft NOx emissions. Separate NOx

forcing factors are applied to short-lived ozone RFs (described in the
next section) and long-lived ozone andmethane forcings. These data
are normalized by the distance-weighted average RF per emission to
define si�h�, shown in Eq. (9):

si�h� �
�RFi=ENOx

��h�R1
0 �RFi=ENOx

��h�l�h� dh for i� CH4;O3L;O3S (9)

The function l�h� is the ratio of the distance flown by the
commercial fleet at altitude h to the total distance flown and is based
on the inventory used in [39]. It should be noted that �RFi=ENOx

��h�
is not available for h < 16; 500 ft, and l�h� is nonzero in this range.
To compute the denominator of Eq. (9), �RFi=ENOx

��h < 16; 500 ft�
is assumed constant and equal to �RFi=ENOx

��h� 16; 500 ft�. This
assumption has a small effect on the magnitude of forcing factors: a
shift of 10% in �RFO3S

=ENOx
��h < 16; 500 ft� causes a change in sO3S

of less than 1%.This is because forcing factors are comparatively low
at these altitudes and a small fraction of distance is flown below
16,500 ft.

Forcing factors for methane and long-lived ozone are plotted
versus altitude in Fig. 3.

Short-Lived Emissions

Several aviation emissions have lifetimes much shorter than
one year. Short-lived species include water vapor, short-lived ozone,
soot, and sulfate aerosols. These species cause RF for only a short
time after emission.

RF is assumed to be directly proportional to the RF per emission
for a reference year, from [3,4]. This model averages and greatly
simplifies the effects of the complex processes associated with
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Fig. 3 RF factor data forNOx impacts and AIC, based on results from

[39,41].
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forcing from NOx-induced ozone production, leading to large
uncertainty, which is addressed later:

RF i�t; h� � si�h�
�
RFref

Eref

�
i

Ei�t�

for i� H2O;NOx � O3S; soot; SO4

(10)

Forcing factors are unity for all short-lived species except short-
term ozone, for which the forcing factors are shown in Fig. 3 and
computed using Eq. (9). Values of the parameters �RFref=Eref�i are
listed in Tables A2 and A3 in the Appendix.

Aviation-Induced Cloudiness

AIC refers to the combination of contrails and aviation-induced
cirrus clouds. AIC is also a short-lived effect. The linear model of RF
due to contrails and cirrus relies on the basic assumption by Stordal
et al. that a change in the cloud cover over an area is proportional to a
change in aircraft flight distance [40]. Thus, AICRF is assumed to be
directly proportional to a reference AIC RF per distance traveled.
This model does not reflect variation in AIC impact with changing
water vapor emissions and exhaust temperature, and it will likely be
refined in the future:

RF AIC�t; h� � sAIC�h�
�
RFref

Lref

�
AIC

L�t� (11)

In Eq. (11), L is the stage length flown per year. The value of the
parameter �RFref=Lref�AIC is listed in Table A3 in the Appendix. AIC
forcing factors are derived in a similar manner to the forcing factors
ofNOx effects. AIC forcing factors are defined by Eq. (12) using data
from [41]:

sAIC�h� �
�RFAIC=L��h�R1

0 �RFAIC=L��h�l�h� dh
(12)

The clouds forcing factor data from [41] were computed for
contrails only. However, as noted in [42], cirrus cloud coverage is
expected to scale with contrails to the first order. Therefore, the
contrails forcing factor is applied to AIC RF.

Forcing factors for AIC and NOx impacts are each based on data
generated by a single GCM, and the effects of resulting uncertainties
are quantified within a Monte Carlo study. These forcing factors
characterize globally and annually averaged RFs based on current
flight routes. Forcing factors, particularly for AIC impacts, are
expected to vary diurnally, seasonally, and latitudinally, and quantifi-
cation of these sensitivities is needed in future work.

Temperature Response

Before computing temperature change, RF for each species is
converted into normalized RF. Normalized RF is adjusted based on
each species efficacy parameter fi and is divided by the RF that
would result from a doubling of CO2, shown in Eq. (13):

RF �i �t; h� � fi
RFi�t; h�
RF2xCO2

for i� CO2;CH4;O3L;O3S;H2O; soot; SO4;AIC

(13)

Efficacy is a unitless parameter that compares the change in
surface temperature for equal forcings of species i and CO2 [5]. By
definition, the efficacy of CO2 is one. Efficacies are computed based
on distributions of forcing from inventoried aircraft emissions and
are assumed to be independent of altitude. Significant changes to
flight routing could alter a species efficacy, but these sensitivities are
expected to be small compared with the altitude dependencies of
RFs. Values for efficacies and RF2xCO2

are listed in Tables A2–A4 in
the Appendix.

Once normalized RFs have been computed for each species, they
are summed and applied to a climate impulse response function to
find a time-varying global mean temperature change. Several
climate impulse response functions have been developed for this

purpose [10,37,43,44]. In this study, we adopt the impulse response
function of [37], which has two decay modes. These time constants
describe the thermal response of the Earth system to an energy
perturbation, measured by normalized RF, produced from any
emissions species. Temperature change is calculated from RF�

using Eqs. (14) and (15):

�T�t� �
Z
t

0

GT�t � ��
�X

i

RF�i ���
�
d�

for i� CO2;CH4;O3L;O3S;H2O; soot; SO4;AIC

(14)

GT�t� � S
�
�t
�t1

exp

�
�t
�t1

�
� 1 � �t

�t2
exp

�
�t
�t2

��
(15)

In Eq. (15), the climate sensitivity parameter S is the steady-state
temperature change that would result from a constant annual forcing
of RF2xCO2

. Values for each of the parameters S, �t1, �t2, and �t are
listed in Table A4 of the Appendix.

It should also be noted that this temperature change is based on a
global mean response to RFs, which can be produced either globally
or regionally. CO2 has a long lifetime, allowing the gas to mix
throughout the atmosphere so that RF is independent from emission
location. Shorter-lived perturbations, such as ozone production from
NOx emissions, only cause RF near flight routes. Thus, RF due toO3

production is greatest in the northern midlatitudes where aircraft
traffic is most dense [3]. This study does not consider varying
regional impacts from aircraft emissions and instead focuses on the
climate response averaged over the Earth’s surface. Regional impacts
are uncertain and difficult to predict, even with GCMs [5]. Thus, at
present regional climate impact, metrics are not appropriate for
comparative aircraft design studies.

Average Temperature Response

With the linear climate model described previously, time-varying
temperature change can be calculated for an arbitrary aircraft
emissions scenario. To determine ATR,�T�t�must be calculated for
the scenario of constant emissions during the first H years of
operation and zero emissions thereafter. This yields the quantity
�Tsust;H�t�, defined in Eqs. (16) and (17):

�Tsust;H�t� ��T�t�jsi��si;Ei�t��eiUsust�H�t� (16)

�H�t� �
�
1 t � H
0 H < t � tmax

(17)

InEq. (16), the index i includes all radiatively active emissions and
effects (CO2, NOx, H2O, SO4, soot, and AIC). Emissions rates are
based on the performance of a particular aircraft on a specified
mission. Utilization rate is assumed to be constant. The function
�H�t� in Eq. (17) is a unity backward step that characterizes the input
emissions scenario. �Tsust;H�t� is calculated with mission-averaged
forcing factors �si, computed with Eq. (18):

�s i �
Lcruise

Ltotal

�
1

hf � hi

Z
hf

hi

si�h� dh
�
�
�
1 � Lcruise

Ltotal

�
si;low (18)

where �si denotes the average forcing factor over the entire mission.
This quantity is a weighted average of the forcing factors during the
cruise and the climb/descent phases of the mission based on the
fraction of mission stage length flown in each segment. The cruise
forcing factor is calculated assuming a continuous cruise climb with
initial and final cruise altitudes hi and hf, respectively. The forcing
factors during climb and descent si;low are based on NOx forcing
factors at hlow � 16; 500 ft and an AIC forcing factor of zero. For
current commercial aircraft on typical missions, a total distance of
approximately 250 n mile is flown during climb and descent [45].

Once�Tsust;H is known, ATR with specified devaluation rate and
operating lifetime can be computed with Eq. (1). However, because
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the climate model described herein is linear, ATRH;r of multiple
designs can be computed more simply by defining a new quantity:
unit ATR of species i. The variable uATRH;r�i� is defined as the ATR
resulting fromH years of unit emissions (1 kg per year or 1 nmile per
year) of only species i and excluding altitude effects, shown in
Eq. (19). It should be noted that atmospheric processes are nonlinear,
but globally averaged responses to small perturbations (inmagnitude
similar to commercial aircraft emissions) of CO2, NOx, and AIC
perturbations have been shown to be nearly linear [1,39,41].
Response linearity is a fundamental assumption of the climate model
described in the previous section, and the associated uncertainties in
this formulation are captured in the scientific uncertainty quantifi-
cation study:

uATRH;r�i� � ATRH;rjsi�1;Ej�t���H�t� if i�j and 0 otherwise

(19)

With these unit ATRs precomputed, ATRH;r becomes a simple
summation for given utilization rate, cruise altitudes, and emissions
per flight, as in Eq. (20). Emissions per flight for a current aircraft can
be estimated based on mission fuel consumption and overallNOx EI
(which can be computed from published landing–takeoff emissions
using an empirical method):

ATR H;r �Usust

X
i

�sieiuATRH;r�i� (20)

Unit ATRs are calculated for several devaluation rates, an
operating lifetime of 30 years, and a maximum integration period of
500 years in Table 2.

Uncertainty Quantification

As previously discussed, a number of sources of uncertainty exist
in estimating the ATR of an aircraft. Scientific modeling uncertainty
is quantified in the sections to follow.Other sources includevaluation
and scenario uncertainty. The selection of a temporal weighting
function and its associated parameters affects the relative importance
of short-term and long-term impacts, and therefore involves
valuation uncertainty. This uncertainty is not assessed, and these
judgments are instead presented as user-specified inputs in the ATR
framework. Scenario assumptions are implicit in the linear climate
model presented in this paper. The linear CO2 RF model assumes
constant background concentrations. The impact of this assumption
is investigated by comparing results with a model with varying
background concentrations. The climate model also assumes that
physical climate responses will not change in the future: that climate
feedback mechanisms and all species radiative efficiencies remain
constant. This uncertainty is not quantified in this study and relates to
future scenarios, which are difficult to predict. Scenario judgments
are also provided as user-specified inputs through the selection of a
climate model.

Next, the method for quantifying scientific uncertainty in ATR
estimation is discussed. By analyzing the uncertainty in each compo-
nent of the climate model, information can be determined about the
uncertainty in outputs from the model. Exact values of parameters
used in the linear climate model are not known; instead, parameters
can bemore appropriately described by probability distributions over

the range of possible parameter values. Distribution information for
model parameters used in this study are given in the Appendix in
Tables A1–A4.

Following [1], the uncertainties in NOx-induced RF parameters
[ACH4

, AO3L
, and �RFref=Eref�O3S

] are likely to be linked. Correlation
coefficients of 0.5 are assumed between these three parameters. All
other uncertain parameters are assumed to be independent.

Uncertainties in forcing factor functions are based on uncertainty
in data for �RFi=ENOx

��h� and �RFAIC=L��h� from [39,41]. This
information is used to calculate si�h� via Eqs. (9) and (12). The
probability distributions for �RFCH4

=ENOx
��h� and �RFO3S

=ENOx
��h�

are assumed to be normal, with a 66% likelihood each parameter is
within
15% of the published value. These distributions are inferred
from results in [46], where the change in NOx impacts for altitude
shifts of �2; 000 and �6; 000 ft were assessed by multiple climate
models. The altitude-dependent component of �RFAIC=L��h� is
assumed to be normally distributed with a 90% likelihood that the
value is within
70% of the published result.¶

While there is uncertainty in, for example, �RFO3S
=ENOx

��h� at
each altitude h, it is likely that uncertainty at a particular altitude is
closely related to uncertainty at nearby altitudes. That is to say, it is
unlikely that the actual value of �RFO3S

=ENOx
��h� at 25,000 ft is 15%

lower and at 27,000 ft is 15% higher than the data published in [41].
To account for this, this study assumes that uncertainties in
�RFi=ENOx

��h� and �RFAIC=L��h� are independent in 8000 ft
intervals. Specifically, the uncertainties of these parameters at
17,500, 25,500, 33,500, and 41,500 ft are independent, and the
uncertainty at altitudes between these levels is based on a linear
variation between the nodes. To calculate forcing factors si�h� based
on uncertain values of �RFi=ENOx

��h� and �RFAIC=L��h�, this
information is renormalized via Eqs. (9) and (12) so that the distance-
weighted integral of si remains unity. Figure 4 shows the 66%
likelihood ranges based on this method for sO3S

, sCH4
, and sAIC.

Once probability distributions for model parameters are known,
scientific uncertainty can be studied. In this paper, Monte Carlo
analysis with Latin hypercube sampling is performed using the
Design Analysis Kit for Optimization and Terascale Applications
(DAKOTA) software package [47]. Paired Monte Carlo analysis,
described in [24], is used to estimate only the uncertainty, which is
relevant for comparative study. This analysis relies on a large number
of trials of calculating ATR with random values from each
parameter’s probability distribution. A sufficient number of trials are
computed so that the output distribution converges. Sensitivity
analysis can also be performed using DAKOTA to quantitatively
determine the effect of uncertainty in each model input parameter on
the variance in ATR. This study uses variance-based decomposition
methods described in [48].

Example

Next, an example is presented comparing the climate performance
of several configurations. Five aircraft meeting the same takeoff,
climb, cruise, and landing requirements are compared. Each of these
aircraft carries 162 passengers over a maximum range of 3000 nmile

Table 2 Values of unit ATRs for H� 30 years, tmax � 500 years, and four different values

of r calculated with the linear climate model described in this paper

Species, i uATR30;r�0�i� uATR30;r�1%�i� uATR30;r�3%�i� uATR30;r�1�i�
CO2, K per kg CO2 1:66 � 10�13 4:36 � 10�14 1:96 � 10�14 5:59 � 10�15

CH4, K per kg NOx �4:76 � 10�12 �3:40 � 10�12 �2:78 � 10�12 �1:44 � 10�12

O3S, K per kg NOx 9:46 � 10�12 7:19 � 10�12 6:46 � 10�12 4:85 � 10�12

O3L, K per kg NOx �1:29 � 10�12 �9:25 � 10�13 �7:57 � 10�13 �3:91 � 10�13

H2O, K per kg H2O 5:77 � 10�15 4:38 � 10�15 3:94 � 10�15 2:96 � 10�15

SO4, K per kg SO4 �6:13 � 10�11 �4:66 � 10�11 �4:18 � 10�11 �3:14 � 10�11

Soot, K per kg soot 2:38 � 10�10 1:81 � 10�10 1:63 � 10�10 1:22 � 10�10

AIC, K per n mile 8:90 � 10�13 6:76 � 10�13 6:07 � 10�13 4:56 � 10�13

¶G. Rädel, personal communication, 2009.
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and meets performance requirements similar to those of a 737-800.
Designs A, B, C, and D were generated for the study presented in
[49]. These aircraft were designed to illustrate the tradeoff between
designing for low operating costs and low climate change impact.
Design E is a new configuration.

Performance of these designs is estimated using the Program for
Aircraft Synthesis Studies aircraft conceptual design tool [50].
This tool integrates a set of industry design methods to compute
aircraft performance, including operating costs, fuel consumption,
emissions, and ATR based on aircraft design variables. Technology
levels for these aircraft, including engineNOx emissions indices, are
assumed to be consistent with an entry into service of 2010. Total

operating cost estimates are based on 2008 labor rates and a fuel price
of $2.50 per gallon.

Characteristics of the five aircraft designs are shown in Table 3.
Design A corresponds to an aircraft designed exclusively for
minimum operating costs. Designs B, C, and D are designed for low
operating costs and increasingly low climate change impacts. These
aircraft tend to cruise more slowly and at lower altitudes than the
current fleet to reduce impacts from ozone and AIC. Design E is
designed to have low climate impacts excluding the effects of AIC.
This aircraft will be discussed separately. Top-view images of these
aircraft are shown, illustrating the similarity between these designs
and conventional aircraft flying today.

Table 3 also shows the environmental and economic performances
of the five designs. Performance results are based on a typical
mission with a 100% load factor, no additional cargo, and a stage
length of 1000 nmile. ATR, fuel burn, emissions, and operating costs
are all shown relative to the reference minimum cost aircraft:
design A. The utilization rate of each of these aircraft is equal.
Because relative performance is assessed and a linear climate model
is used, the value of utilization rate has no effect on performance
results. ATRH;r values are determined using the climate model with
the best estimate parameter values, which are listed in the Appendix.
An uncertainty study taking into account model parameter distri-
butions will be discussed later.

First, we examine theATR30;r of design A for various devaluation
rates. For r� 0, CO2 impacts are very significant, comprising 62%
of ATR. Long-term impacts (CO2, CH4, and O3L) become less
important for nonzero rates. At devaluation rates of 1 and 3%, CO2

impacts account for 35 and 21% of ATR, respectively. Nearly all of
the remainingATR is caused in approximately equal portions byNOx

andAIC impacts. Small short-term impacts fromH2O, SO4, and soot
combine to contribute on the order of 1% of design A’s ATR. Finally,
for r�1, only 8% of the aircraft ATR is attributable to CO2, and
NOx and AIC each contribute nearly 50%.

Comparing the relative ATR30;r�0 of designs A–D, it is clear that
flying at lower altitudes enables a significant reduction inAIC and net

Table 3 Description and performance of five aircraft on a typical 1000 n mile mission designed with a payload of 162

passengers and a maximum range of 3000 n mile

Design A Design B Design C Design D Design E

Design description

Maximum takeoff weight, lb 157,000 153,000 152,000 151,000 155,000
Wing area, ft2 1320 1150 1120 1080 1220
Wing aspect ratio 9.1 11.2 11.9 13.3 10.2
Wing sweep, deg 36 28 26 21 32
Sea-level-static thrust, lb 22,900 21,700 21,300 20,600 22,200
Engine bypass ratio 9.0 9.5 9.7 10.7 9.4
Cruise Mach number 0.85 0.78 0.76 0.71 0.81
Initial/final cruise altitude, kft 37=39 28=31 26=28 22=23 33=35

Performance

Relative ATR30;r�0 1 0.89 0.79 0.69 1.03
Fraction of ATR30;r�0 from CO2=NOx=AIC, %

a 62=16=22 71=6=22 81=4=14 97=0=1 60=9=30
Relative ATR30;r�1% 1 0.80 0.62 0.43 1.05
Fraction of ATR30;r�1% from CO2=NOx=AIC, %

a 35=28=36 45=13=41 59=10=30 89=4=4 34=16=49
Relative ATR30;r�3% 1 0.76 0.54 0.30 1.05
Fraction of ATR30;r�3% from CO2=NOx=AIC, %

a 21=36=42 28=19=51 40=18=40 74=16=6 20=21=58
Relative ATR30;r�1 1 0.73 0.50 0.26 1.04
Fraction of ATR30;r�1 from CO2=NOx=AIC, %

a 8=47=44 12=31=56 17=36=45 35=53=8 8=30=61
Relative fuel burn 1 1.02 1.04 1.08 1.00
Relative NOx emissions 1 0.97 1.00 1.08 0.94
EINOx , g=kg 21.7 20.6 20.8 21.6 20.5
Ozone forcing factor 1.37 0.82 0.72 0.61 1.03
Methane forcing factor 1.12 0.92 0.92 0.94 0.99
AIC forcing factor 1.04 0.97 0.54 0.05 1.51
Average cruise velocity, kt 487 458 450 434 467
Relative total operating costs 1 1.008 1.012 1.023 1.002

aPercentages do not add to 100 because of rounding and because small forcings (H2O, soot, and sulfate) are not included.

Fig. 4 Forcing factors (lines) with 66% likelihood ranges (shaded

areas). Altitudeswith forcing factors based on radiative forcing datawith

independent probability distributions are marked with black points.
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NOx impacts. DesignsB,C, andDhave 11, 21, 31% lowerATR30;r�0
compared with design A, primarily due to the effect of reduced O3S

and AIC forcing factors. Design D cruises at 22,000 ft, where NOx

and AIC impacts are essentially eliminated. The cost of flying at
lower altitudes is increased fuel burn (between 2 and 8% increase)
and total operating costs (0.8 to 2.3%). However, the reduction in
climate impacts fromNOx andAIC impacts easily exceeds the effects
of increased CO2, even with a devaluation rate of zero.

With devaluation rates of 1 and 3%, the effects of reduced altitude
are more pronounced, since short-term impacts become dominant.
Between a 20 and 70% reduction inATR is attainablewith designs B,
C, andD at these rates.With an infinite devaluation rate, designD has
nearly three-quarters lower ATR than the reference design.

The benefits of decreasing cruise altitude for NOx-caused ATR
diminishes somewhat with increased devaluation rate. For r� 0,
ATR fromNOx is completely eliminated, while for r�1, this effect
is only reduced by approximately two-thirds. This is because
warming effects (O3S) from NOx are short term, and cooling effects
(CH4 and O3L) are long term. High devaluation rates are biased
toward short-term impacts, and therefore NOx warming; and low
rates are biased toward long-term impacts andNOx cooling. This net
NOx effect is also sensitive to the choice of weighting function, and
relative performance improvements will change for different
function structures.

Design E is designed to have reduced climate impacts asmeasured
under a different set of assumptions. This aircraft is optimized to have
low cost and low impact fromCO2 andNOx emissions but excluding
the effects of AIC. This notional example represents the aircraft that
might be designed if either scientists discovered forcing due toAIC is
close to zero or a technology was developed to eliminate the impacts
AIC without penalty to aircraft efficiency (for example, an opera-
tional contrail avoidance strategy that reduces impacts from AIC
with small fuel burn penalties, described in [45,51]). Estimation of
the performance effects of specific climate mitigation technol-
ogies, including operational contrail avoidance and adoption of
alternative fuels, is beyond the scope of this paper and is explored
in [32,33].

Design E cruises at a slightly lower altitude than design A to
reduce NOx impacts. At this altitude, AIC impacts would be very
severe if included in ATR. Design E also flies slower, with a slightly
higher wing aspect ratio and engine bypass ratio and a lower wing
sweep, resulting in a very small reduction in fuel burn comparedwith
design A. Because of longer flight times, design E has 0.2% higher
total operating costs. If AIC impacts are included, the ATR of
design E is between 3 and 5%higher than that of designA, depending
on the devaluation rate. However, by excluding AIC impacts,
design A’s ATR is reduced by 22–44% and design E’s is reduced by
30–61%. The net result is that theATRno-AIC of design E is between 8
and 28% lower than the ATRno-AIC of design A. This configuration
demonstrates that if AIC effects could be eliminated, additional
reductions in ATR could be achieved with a very low increase in

operating costs via small reductions in cruise altitude and Mach of
4000 ft and 0.04.

We also consider the scenario of designing a configuration for
minimum cost but operating the aircraft at a lower altitude to reduce
climate impact. In this example, design A (designed to fly at 37,000–
39,000 ft) is instead flown at the cruise altitudes of design B (28,000–
31,000 ft), denoted as design A�. Two cruise Machs are considered:
Mach 0.85 and Mach 0.78. Performance results on these two
missions are summarized in Table 4. These data show that, by
slowing down, design A� achieves nearly the same ATR reductions
as design B. Without slowing down, up to half of the ATR reduction
is lost. Furthermore, without slowing down, the aircraft’s maximum
range decreases from 3000 to 2838 n mile. Because this aircraft was
not designed to fly at lower altitudes and speeds, design A� has
operating costs that are 0.2% higher at Mach 0.85 or 0.9% higher at
Mach 0.78 than design B. Thus, flying an aircraft designed for
conventional cruise altitudes at both lower altitude and lower speed
can enable significant reductions in climate impact, but this is not as
cost- or fuel-efficient as designing an aircraft for flight at these
reduced altitudes.

Next, the impact of scientific modeling uncertainty on ATR
calculations is considered. An uncertainty study is performed using
paired Monte Carlo analysis with Latin hypercube sampling. For
each trial, ATR is calculated for designs A, B, C, and D using the
same set of random model parameter values. All model parameters
and forcing factor functions are assumed to be uncertain, except the
climate sensitivity parameter S, applied in Eq. (15). This parameter is
simply a scaling factor that is applied to all calculations of ATR, and
its uncertainty is not relevant for comparing relative impacts of
different designs.

From the Monte Carlo analysis, we examine the variation in the
reduction in ATR, ATR30;r�A� � ATR30;r�j�. By quantifying the
uncertainty in the ATR reduction of each design as opposed to the
uncertainty in the absolute ATR of each design, only the uncertainty
relevant to the differences between the designs is captured.
Uncertainty in ATR reduction is more appropriate for comparative
study. For example, if two aircraft have identical fuel burn and fly at
identical altitudes, but they have differentNOx emissions indices, the
uncertainty in ATR reduction between the two designs solely
depends on uncertainty in components of the climate model related
to NOx impacts. If, on the other hand, the uncertainty in absolute
ATR is examined, uncertainty in all components of the climatemodel
(CO2, AIC, etc.) is included; a large portion of this uncertainty
affects both designs identically and is extraneous in a comparative
study.

In Fig. 5, bars indicate the ATR of designs A, B, C, and D
calculated with best estimate model parameters. Error bars show the
66% likelihood ranges and themedianvalue for the reduction inATR
compared with ATR (design A). Results are normalized so that the
ATR of design A is unity, and they are shown for devaluation rates of
0% (left) and 3% (right).

Table 4 Performance of design A operating at its design point of 37,000–39,000 ft and at lower altitudes

of 28,000–31,000 ft (design A�) on a typical 1000 n mile mission

Design A Design A� (Mach 0.85) Design A� (Mach 0.78)

Performance

Relative ATR30;r�0 1 0.95 0.91
Fraction of ATR30;r�0 from CO2=NOx=AIC, %

a 62=16=22 72=7=21 71=6=22
Relative ATR30;r�3% 1 0.80 0.76
Fraction of ATR30;r�3% from CO2=NOx=AIC, %

a 21=36=42 29=21=48 29=19=51
Relative fuel burn 1 1.09 1.04
Relative NOx emissions 1 1.15 0.96
EINOx , g=kg 21.7 23.0 20.1
Ozone forcing factor 1.37 0.82 0.82
Methane forcing factor 1.12 0.92 0.92
AIC forcing factor 1.04 0.97 0.97
Average cruise velocity, kt 487 501 458
Relative total operating costs 1 1.010 1.017

aPercentages do not add to 100 because of rounding and because small forcings (H2O, soot, and sulfate) are not included.
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Figure 5 demonstrates that scientific uncertainty is not too large to
make conclusions about the relative performance of competing
designs. There is at least an 83% likelihood that designs B, C, and D
have lower ATRs than design A. The figure also shows that the
uncertainty ranges for r� 3% are larger than the ranges for r� 0.
This occurs because the magnitudes of reductions in ATRr�3% are
greater, and the likelihood ranges scale with reduction size. The
ATRr�3% of design A is dominated by NOx and AIC, and the
considerably smaller ATRr�3% of designs B, C, and D illustrate
the powerful effect of altitude reduction to reduce NOx and AIC
impacts, which is traded for a much smaller increase inCO2 impacts.

The 66% likelihood ranges are not symmetric about the median
value. Instead, very large ATR reductions are more probable than
very small reductions. This is the case because the most significant
differences between designA and designs B, C, andD lie inNOx and
AIC impacts; the RF parameters for both of these effects are
lognormally distributed, which leads to higher probability of large
savings for lower altitude flight.

Sensitivity analysis is performed using variance-based decom-
position methods with the software package DAKOTA [47,48]. This
analysis indicates that the uncertain model parameter that causes the
largest variation in ATR reduction is �RFref=Eref�O3S

. For designs B
and C, the parameter contributing the most to uncertainty in ATR
reduction is saic at altitudes over 20,000 ft. For design D, this
parameter is �RFref=Lref�AIC. The importance of the uncertainty in
these parameters is not surprising, since these parameters describe
the primary differences between design A and designs B, C, and D.
Improved knowledge about the values of these parameters will
allow increased confidence in the comparison of ATRs of different
aircraft.

Next, the effect of the background CO2 scenario uncertainty is
considered. Results from the CO2 forcing models in this paper and
[25] are compared. For the alternative model, background CO2

concentrations are taken fromTable VIII of [25] for the years 2000 to
2100, with stable concentrations after 2100 of 685 ppm by volume.
With a devaluation rate of 3%, results from the twomodels are nearly

identical. Differences of less than 0.3% are observed in relative ATR
and fractional CO2 contributions. Results differ more significantly
with a devaluation rate of zero. The relative ATRs of designs B, C,
and D are 4, 6, and 10% lower when calculated with varying
background CO2 concentrations. The fractional contributions of
CO2 are also lower with this alternative model. There are two
observations worth noting about these results. First, the assumed
scenario for background CO2 concentrations is far more important
for zero devaluation rates because all CO2 far-future impacts are
included. Second, the assumption of varying background concen-
trations diminishes the impacts of future aircraftCO2 emissions (only
in the case of r� 0), because as background concentrations increase,
each unit of CO2 emissions causes a smaller fractional increase in
atmospheric CO2.

Alternative Aircraft Design Climate Metrics

ATR is proposed as a climate metric for the application of aircraft
design. However, other metrics could be developed to serve the same
purpose. Analysis is performed for two alternative metrics, each
based on the same aircraft emissions scenario ofH years of constant
emissions followed by zero emissions.

The first is an integrated normalized RF metric, similar to GWP
[14]. This metric, referred to as average RF response (ARFR), is
defined as in Eqs. (1) and (16), where RF� replaces �T. The
weighting function given in Eq. (2) is applied. The second alternative
is an endpoint metric: �Tsust;H is the temperature change after
H years of sustained emissions and is similar toGTP [14]. Results for
the relative performance of designs A, B, C, and D, as measured with
these alternative metrics, are provided in Table 5.

Results for the relative climate impacts measured by the metrics
ATR and ARFR are nearly identical for a given weighting function.
With the LTR climate model presented in this paper, normalized RF
and temperature change are distinguished from one another by a
convolution operation with the function given in Eq. (15). Compared
with RF, which is experienced more immediately after emissions are
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Fig. 5 Relative ATR of four aircraft designs for r� 0 (left) and r� 3% (right). Error bars indicate 66% likelihood range and median value of ATR

reduction, ATR�A� � ATR�j�.

Table 5 Climate performance with alternative impact-based metrics of example aircraft
on a typical 1000 n mile mission

Design A Design B Design C Design D

Performance

Relative ARFR30;r�0 1 0.90 0.81 0.72
Fraction of ARFR30;r�0 from CO2=NOx=AIC, %

a 65=14=20 74=5=20 84=3=13 98=0=1
Relative ARFR30;r�3 1 0.76 0.55 0.31
Fraction of ARFR30;r�3 from CO2=NOx=AIC, %

a 23=33=42 32=16=51 44=14=39 81=9=6
Relative�Tsust;30 1 0.73 0.51 0.25
Fraction of �Tsust;30 from CO2=NOx=AIC, %

a 14=40=45 19=22=57 29=23=46 61=26=8

aPercentages do not add to 100 because of rounding and because small forcings (H2O, soot, and sulfate) are not included.
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released, temperature change is a lagged response. With nonzero
devaluation rates, contributions from long-lived gases CO2 and CH4

are slightly higher for relative ARFR than relative ATR. This
occurs because the magnitude of impacts from long-lived gases
are diminished more by long-term devaluation weighting in a
temperature metric than in a RFmetric. However, this effect is minor
and leads to differences in the contributions ofCO2,NOx, andAIC of
2 to 7% for r� 3%. With no long-term devaluation, CO2 contrib-
utions are 1 to 3% greater for relative ARFR than for relative ATR,
because CO2 forcing does not decay to zero within the finite
integration period and the lag in temperature response.

Measuring relative impacts with �Tsust;30 yields results that are
very similar to those measured by ATR with 3%< r <1. This is
expected for two reasons. First, both metrics quantify temperature
change; therefore, the relative contributions of emissions at the end of
the operating lifetime are equal. Second, endpoint metrics such as
�Tsust;30 exclude impacts occurring after the operation ends, just as
ATRs with moderately high devaluation rates devalue postoperation
impacts.

These results demonstrate that measurements of climate per-
formance are essentially insensitive to choice of metric between the
options of integrated �T, integrated RF, and endpoint �T for the
specified emissions scenario. The differences in results with each of
these metrics lies primarily in the weighting of short-lived and long-
lived effects, which can be adjustedwithin the ATR framework using
weighting function parameters r and tmax.

Climate impacts could be quantified more simply and with less
uncertainty using a metric based on direct emission quantities.
Without applying a climate model, the total impacts of different
aircraft emissions cannot be combined and, instead, the effects of
CO2, NOx, and AIC must be considered separately. As previously
described, because of the disparate sources of aircraft climate forcing
and dependence of impacts on ambient conditions, emissions-based
metrics are less useful than RF- and temperature-based metrics.
Nonetheless, aircraft climate impacts could be estimated by total
emitted CO2 or NOx, for example. If CO2 emissions are applied as a
climate metric, then designs B, C, and D would be assessed to have
worse climate performance than design A, despite causing consid-
erably smaller discounted and undiscounted temperature changes, as
shown in Table 3. Similarly, basing climate impacts on missionNOx

emissions leads to the conclusion that design A has lower climate
impacts than design D. Designing aircraft to limit individual
emission quantities, rather than total resulting RF or temperature
change, leads to configurations that cause considerably greater total
RF and temperature change [32,33].

Conclusions

A metric is needed to assess the climate performance of various
aircraft designs. The ATR metric quantifies the lifetime temperature
change experienced due to operation of a particular aircraft. This
quantity can be estimated using a climate model of any complexity,
but linear climate models enable quick calculation of ATR and are
appropriate for aircraft conceptual design studies. The climate model
presented here accounts for the variation in NOx and AIC impacts
with cruise altitude. Alternative metrics based on the same emissions
scenario and measuring integrated RF or endpoint temperature
change yield similar results to ATR.

The example presented demonstrates that, for the assumptions we
have adopted here, there is a significant disparity in climate
performance of aircraft designed for the same mission requirements.
Compared with an aircraft designed exclusively for minimum
operating costs, reductions in ATR of 10–50% are achievable for
aircraft with approximately 1% higher operating costs. These
savings are achieved through considerable reductions in short-term
impacts from ozone production andAICwith small increases toCO2

emissions. Moreover, nearly the same ATR reduction can be
achieved by flying at lower altitudes with a conventional aircraft∗∗ or

with a low-altitude aircraft design; however, the fuel burn and
operating cost penalties are twice as high for the conventional
aircraft. Because the impacts of NOx emissions and contrail form-
ation are sensitive to emission location, design cruise altitude has a
powerful effect on the total climate impacts of individual aircraft. If
AIC impacts were eliminated (through improved estimates of cloud
effects or application of technology), then ATR reductions of 30–
60% could be achieved with an operating cost penalty of 0.4%
through more moderate reductions in speed and altitude (for the time
weighting and other metric assumptions adopted for this example
calculation).

This study also assesses the scientific uncertainty associated with
ATR calculations. By determining the probability distributions of
model parameters, the probability distribution for the output climate
metric can also be found using paired Monte Carlo analysis. Results
from the example study demonstrate that the uncertainty is not too
large to make conclusions about the relative climate performance of
competing designs.

Appendix

This Appendix contains information for the parameters used in the
linear climate model. Best estimate values and probability
distributions are provided in Tables A1–A4. These tables also cite
references for the value and distribution information of each
parameter.

Table A1 provides information for parameters used in computing
CO2 RF. Fifteen percent uncertainty bounds are assumed for each
CO2 parameter based on the IPCC statement that calculation
of integrated RF using this CO2 model yields a total uncertainty
of 15% [5]. Thus, the uncertainty of individual parameters is
overestimated.

Table A2 lists parameter information used in calculating RF
caused by NOx emissions. Following [1], NOx-induced RF
coefficients [ACH4

,AO3L
, and �RFref=Eref�O3S

] are 50% correlated. All
other uncertain parameters are independent. Best estimate values for
ACH4

and AO3L
are computed based on the method outlined in [19],

using averaged results of Stevenson et al. in Table 4 of [38].
Uncertainty bounds given in [28] for fCH4

and fO3
are assumed to

correspond to a 66% likelihood range.
Table A3 gives parameter information used in calculating RF

from AIC and H2O, SO4, and soot emissions. Uncertainty bounds
given in [28] for fH2O

and fAIC are assumed to correspond to a 66%
likelihood range. Additionally, [5] states that there is not a consensus
on the best estimate or distribution of fsoot. Based on studies
discussed in Sec. 2.8.5.6 of [5], a best estimate of 0.7 is assumedwith
a 66% likelihood that the parameter is within a factor of two of this
estimate.

Table A4 lists parameter information used in calculating
temperature change. Probability distributions for these parameters
are inferred based on thevariation between four different temperature
impulse response functions described in [10,37,43,44]. S is an
uncertain parameter, but this uncertainty is excluded from the
example study in this paper, because it has no effect on relative
climate impact.

Table A1 CO2 parameter values and distributions based

on Sec. 2.10.2 of [5]

CO2

parameter
Best estimate Distribution: 90%

likelihood range

ACO2
1:80 � 10�15 �W=m2�

=�kgCO2�
Normal:

f 1:53 � 10�15; 2:07 � 10�15 g
�c1 0.259 Normal: f 0:220; 0:298 g
�c2 0.338 Normal: f 0:287; 0:389 g
�c3 0.186 Normal: f 0:158; 0:214 g
�c1 172.9 yr Lognormal: f 150; 199 g
�c2 18.51 yr Lognormal: f 16:1; 21:3 g
�c3 1.186 yr Lognormal: f 1:03; 1:36 g∗∗Conventional aircraft designs refer to aircraft designed to fly at typical

altitudes and speeds for minimum operating costs.
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