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Abstract. As aviation’s contribution to anthropogenic cli-
mate change is increasing, the sector aims at reducing its cli-
mate effect in accordance with international agreements. The
strong and variable non-CO; effects are complex, making re-
liable climate effect quantification a necessary first step. To
support this, we develop the easy-to-use first-order climate
effect estimator for single flights FlightClim v1.0. The tool
estimates the flight-specific climate effect with a simplified
calculation model, without requiring detailed information on
exact routing, amount of fuel burn, or weather conditions.
For this purpose, we first analyze a global flight dataset
containing detailed trajectories, associated flight emissions,
and climate responses. Similar flights are grouped into clus-
ters, and regression formulas are derived to estimate the Av-
erage Temperature Response over 100 years (ATR100) for
CO; and non-CO;, effects. To prevent abrupt changes at clus-
ter boundaries, we apply linear smoothing as postprocessing.
Second, we compare a Multiple and a Symbolic Regression
approach, where choice of method depends on the specific
application as they differ in effort and complexity. The two
approaches offer similar estimation quality, which shows that
the errors are based on the database, the regression parame-
ters as well as the regression error metric and the physical
processes rather than on too easy regression models. Both
methods are designed for climate footprint assessments due
to their simplicity though not suitable for policy measures.
Emission trading or monitoring and reporting systems in-
stead require detailed weather and route data to incentivize
operational non-CO; mitigation. Compared to previous stud-
ies, our approach relies on a globally representative and con-

siderably larger dataset covering more aircraft types, includ-
ing most commercial airliners. In addition it improves preci-
sion through smoothed clustering and a dedicated parameter-
ization of aircraft size influence on the contrail effects.

The resulting climate effect functions are embedded into
the Excel-based tool FlightClim v1.0, which implements
the formulas of the Multiple Regression approach due to
slight qualitative advantages. Requiring only aircraft size
and origin-destination airports as input, FlightClim estimates
climate effect for CO,, H,O, NO, emissions and contrail-
induced cloudiness. It includes per seat allocation and sup-
ports different climate metrics.

1 Introduction

Global aviation more than doubled from 2006 to 2019
in terms of revenue passenger kilometers (ICAO,
2015, 2021). The associated CO; emissions grew by
40% to 1036 Tg(CO,)yr~! during this time span (IEA,
2022). After the considerable reduction of air transportation
through COVID-19, it reached pre-pandemic levels again
by 2023 and now continues to grow (IATA Sustainability &
Economics, 2024). Projections show that aviation’s share in
global CO, emissions could rise from currently about 2 %
to 22% in 2050 (Cames et al., 2015). This amplifies the
pressure on the sector for finding solutions to reach the Paris
agreement climate goals.
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A number of measures are suited to reduce the climate ef-
fect of aviation ranging from technological (e.g. Dahlmann
et al., 2016b; Silberhorn et al., 2022; Delbecq et al., 2023)
and fuel-related solutions (e.g. Teoh et al., 2022; Markl
et al., 2024; Quante et al., 2025) to operational (e.g. Grewe
et al., 2014, 2017b; Liihrs et al., 2016, 2021; Teoh et al.,
2020; Matthes et al., 2021; Yin et al., 2023; Martin Frias
et al., 2024; Sausen et al., 2024) and regulatory options (e.g.
Scheelhaase et al., 2016; Larsson et al., 2019; Niklaf} et al.,
2021, 2025). To be overall effective, these measures do not
only need to target the reduction of CO; emissions, but also
the so called non-CO; effects. Non-CO, effects were respon-
sible for about two thirds of the total effective radiative forc-
ing (ERF) in 2018 when considering all aviation emissions
from 1940 to 2018 (Lee et al., 2021). Especially the effects of
persistent contrail cirrus formation and of NO, emissions on
the ozone concentration increase the total impact of air traf-
fic on the climate. The uncertainties of the non-CO,-effects
are high compared to the climate effect of CO, emissions,
according to Lee et al. (2021) about 60 % for HyO emis-
sions, 65 % to 95 % for NO, emissions and 70 % for contrail-
induced cloudiness (CiC).

The basis for the development of effective mitigation mea-
sures, as well as the first step for climate effect compensa-
tion programs is a reliable estimate of the total climate effect
of a flight, including the non-CO, effects. However, while
the CO, climate effect can be estimated easily, as it is in-
dependent of emission source, location and time, the effects
of non-CO; emissions are much more complex to determine
(Dahlmann et al., 2023). For simplicity, often the global ratio
of non-CO; to CO, climate effects is used as a factor for to-
tal climate effect estimation, based solely on CO, emissions.
An example of this simple estimation option for aviation is
the Radiative Forcing Index (RFI, IPCC, 1999), which is the
ratio of the total radiative forcing to the radiative forcing of
CO, emissions.

However, Forster et al. (2006) highlighted the limiting
shortcomings of the RFI concept, such as a large variation
with time for constant emissions, and concluded that RFI is
inappropriate for comparing emissions. In addition, the alti-
tude dependency of non-CO; effects has to be considered in
the estimation method to avoid misguiding incentives (Faber
et al., 2008; Scheelhaase et al., 2016; NiklaB et al., 2019).
However, this requires detailed information of the flown tra-
jectory, the aircraft and atmospheric conditions to estimate
the various climate effects. To query this data is an elabo-
rate process, public accessibility is limited and the data is
not available before the flight. Hence, a simplified estimation
method that is easy to use for the climate footprint assess-
ment of single flights yet realistically representing non-CO;
climate effects is needed.

There are a few methods for simplified climate footprint
assessment of single flights publicly available. Popular ones
are the “ICAO Carbon Emissions Calculator” (ICAQO, 2025),
the “Flight Emissions Label” of the European Union (EASA,
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2025), the “Aviation 1 Master emissions calculator 2023” of
the European Environment Agency (EEA, 2023), Google’s
“Travel Impact Module” (Google, 2025) and the “myclimate
flight emission calculator” (Foundation myclimate, 2025).
All of them have particular areas of application and strengths,
but all of them only take into account CO;-emissions, use
constant factors to quantify non-CO;-effects or are lacking
the climate effect of CiC. A method that overcomes these
shortcomings and only relies on mission parameters as dis-
tance and geographic flight region has been introduced by
Dahlmann et al. (2023). Dahlmann et al. (2023) analyzed
the climate effect of the typical long-haul aircraft type Air-
bus A330-200 for more than 1000 international city pairs us-
ing the climate response model AirClim (Grewe and Stenke,
2008; Dahlmann et al., 2016a) and then fitted altitude and lat-
itude dependent regression formulas to the AirClim results.
The regression formulas enable an easy to use estimation of
the ratio of HyO, NO, and CiC climate effect in relation to
the CO; climate effect of single flights and show a much bet-
ter estimation quality than a constant factor. While the root
mean square error for a constant factor of 3.4 for the ratio of
total climate effect to the one of CO, was about 1.18 [—], the
one obtained with the regression formulas was about 0.24 [—],
with 95 % of the estimates lying within a £20 % range for
the A330-dataset. However, there is no easy-to-use method
available that provides a thorough estimate of the non-CO;
climate effects for individual passengers or organizations, al-
lowing them to assess their footprint pre-flight for travel de-
cisions and post-flight to track their personal climate impact,
without requiring detailed information about the actual flown
trajectory, the amount of emissions produced and the prevail-
ing weather situation. Such a method would also enables a
quick climate effect estimation for large flightplans, support-
ing scientific research and organizational carbon accounting.

In the present study, we expand the work by Dahlmann
et al. (2023) and develop an easy-to-use estimation method
for aircraft climate effects, using climate effect regression
functions that are valid for all jet passenger aircraft with a
seat capacity of over 20. While Dahlmann et al. (2023) only
analyzed one aircraft type, we here analyze the climate ef-
fect for various commercial aircraft. Instead of using con-
stant emissions over a typical aircraft lifetime of 32 years,
we here use the more realistic assumption of increasing emis-
sions over the next 100 years, which influences the weighting
of the individual non-CO; effects according to Megill et al.
(2024). We consider the climate effects of aircraft emissions
of CO,, NO,, and H,O as well as CiC, but exclude the effects
of aerosol emissions through aerosol-radiation interactions
and aerosol—cloud interactions as the understanding and as-
sessment is not yet mature enough to be included here. This
easy-to-use method is only based on the aircraft size as well
as the distance and latitude of the flight, and the two latter
quantities can be easily computed from the airport pair.

The method is based on the combination of atmospheric
climate response surfaces, that are derived from chemistry-
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Figure 1. High-level modelling workfow FlightClim is based on.

climate model simulations, and a detailed 3-D aviation emis-
sion inventory for a full year. From those AirClim estimates
the individual flights’ climate response that serves as the re-
gression database. The derived FlightClim regression models
are route and aircraft specific parametrisations of the flight-
specific climate effects. The described modeling workflow is
depicted in Fig. 1.

The paper is structured as follows. In the first step, we
describe the preparation of the regression flight dataset in-
cluding a distance and latitude dependent clustering (Sect. 2).
Then we apply both Multiple Regression (MR) and Symbolic
Regression (SR) to generate specific climate effect regression
functions for each cluster (Sect. 3). Finally, we compare and
discuss the resulting formulas for the climate effect of indi-
vidual flights (Sect. 3.4). The resulting equations have been
implemented into an easy-to-use estimation tool, for which
the user manual is available in Sect. S7 in the Supplement.

We want to stress here that the method presented in this pa-
per, is not intended to assess the effects of neither individual
trajectories, weather situations, specific aircraft or different
aircraft generations/technologies.

2 Preparation of the regression dataset

The regression formulas for the estimation of the climate
effect of single flights are based on a dataset consisting of
about 57 thousand flight trajectory simulations. These simu-
lations represent global jet-powered civil aviation, covering
approximately 30 million flights on 21 thousand routes be-
tween 11 thousand city pairs, which accounts for 98 % of
globally available seat kilometers (ASK). The dataset is de-
rived from a global flightplan of the year 2012, which serves
as the base for the creation of flight emission inventories
(Sect. 2.1). The inventories are then used to derive the cli-
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mate effect per flight, that represents the dependent variable
of the regression (Sect. 2.2). In the final step of the dataset
preparation a clustering is derived to group similar flights for
the regression analysis (Sect. 2.3).

2.1 Global emission inventory

As the basis for the derivation of regression formulas for cli-
mate effect estimation, data from the project WeCare (Uti-
lizing WEather information for ClimAte efficient and eco-
efficient futuRE aviation, Grewe et al., 2017a) was used,
which was an internal project of the German Aerospace Cen-
ter (Deutsches Zentrum fiir Luft- und Raumfahrt; DLR). The
project addressed both an improvement of the understanding
of aviation-influenced atmospheric processes and an assess-
ment of different mitigation options. An essential output of
the project was a new set of emission inventories for global
aviation (Grewe et al., 2017a). The network of flight trajec-
tories was developed following a four-layer approach imple-
mented in the AIRCAST method (Ghosh et al., 2016). It is
starting from an origin—destination passenger demand net-
work that was built up from exogenous socio-economic sce-
narios, via the passenger routes network (sequence of flight
segments, a passenger actually travelled from origin to desti-
nation) to an aircraft movements network, which assigns air-
craft seat categories to the resulting flight routes and provides
flight frequency information. The final step is a simulation of
trajectories based on the aircraft movements obtained from
the aircraft movements network layer using DLR’s Global
Air Traffic Emissions Distribution Laboratory (GRIDLAB;
Linke, 2016). Each mission, defined by departure and arrival
cities, aircraft type, and load factor, was simulated under typ-
ical operational conditions, resulting in a network of flight
trajectories. For this purpose, DLR’s Trajectory Calculation
Module (TCM; Liihrs et al., 2014) was used that applies
simplified equations of motion known as the Total Energy
Model.

Based on the aircraft’s engine state determined by param-
eters such as thrust and fuel flow, the engine emission dis-
tribution of NO,, CO, and HC species along the trajectory
was determined by applying the Boeing Fuel Flow Method
2 (DuBois and Paynter, 2006). The amount of CO; and H,O
emissions was calculated assuming a linear relationship to
the fuel burn. The mapping of emission distributions of all
flights onto a geographical grid resulted in 3-D inventories.
In WeCare, using the approach mentioned above, emission
inventories and the corresponding climate effect were esti-
mated for the years 2015 to 2050 in 5-year steps. The fore-
cast was based on the dataset from the reference year 2012.
Seven different aircraft seat categories (based on the num-
ber of seats) were considered in the inventories (20-50 seats;
51-100 seats; 101-151 seats; 152201 seats; 202251 seats;
252-301 seats; 302—-600 seats). Each seat category was mod-
eled using one representative jet powered aircraft type (plus
one backup aircraft type). The representative aircraft type
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was selected such that it contributes to a significant share
of the respective seat category. Respective engine emission
characteristics were taken from the Aircraft Engine Emis-
sions Databank of the International Civil Aviation Organi-
zation (ICAQO, 2023).

2.2 Climate effect estimation

In order to obtain the climate effect for each flight corre-
sponding to the flight plan, the climate effect for the emis-
sions calculated along each single trajectory is estimated with
the non-linear climate response model AirClim (Grewe and
Stenke, 2008; Dahlmann et al., 2016a) using gridded emis-
sion data for each species. Therefore, AirClim combines 3-
D aircraft emission data with a set of pre-calculated non-
linear emission—response relations for a set of atmospheric
locations to estimate the temporal development of the global
near-surface temperature change. AirClim includes the ef-
fects of the climate agents CO,, HyO, CH4, O3 and pri-
mary mode ozone (PMO) (the latter three result from NO,
emissions), as well as CiC. For deriving the atmospheric re-
sponses for HyO and NO,-induced changes, 85 steady-state
simulations for the year 2000 were performed with the chem-
istry climate model E39/CA (Stenke et al., 2009), prescrib-
ing normalized emissions of NO, and H>O at various at-
mospheric regions (Fichter, 2009). For the effect of CiC,
we use atmospheric and climate responses considering the
local probability of fulfilling the Schmidt-Appleman crite-
rion as well as ice-supersaturated regions, which were ob-
tained from simulations with ECHAM4-CCMod (Burkhardt
and Kircher, 2011). We follow a climatological approach in
the estimation of the climate effect, meaning that the cal-
culated values represent a mean over all weather situations
averaging over individual spatially and temporally resolved
responses.

For analyzing the climate effect, a physical climate met-
ric is selected which assumes growing emissions for char-
acterizing radiative effect of the single flight emission in a
future atmosphere, instead of applying a pulse metric. The
reason behind this choice is that there exists a mismatch
between the summed effect of pulse emissions and the re-
spective scenario analysis (equal to the effect of aggregated
pulse emissions). Therefore, we calculate CO;-equivalents
based on a scenario with ATR100 as a metric and apply these
equivalence factors to the pulse emissions in FlightClim. As
a consequence, when selecting ATR100 as a physical cli-
mate metric, the climate effect of these single flight emis-
sions is evaluated assuming a future increase of emissions
and concentrations from future flights and future contribu-
tions from non-aviation sectors over the next 100 years. This
is relevant for the radiative effects estimated as changing con-
centrations in the future are taken into account. Hence, we
assume emissions starting in 2012 and a future increase in
emissions according to the scenario Fal of the Intergovern-
mental Panel on Climate Change (IPCC, 1992), which is a
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reference scenario developed by the International Civil Avia-
tion Organization Forecasting and Economic Support Group
(ICAO FESG) with mid-range economic growth and tech-
nology for both improved fuel efficiency and NO, reduc-
tion (IPCC, 1999). Historical emissions are neglected. For
background concentrations of CO; and CHy, which influ-
ence the climate effect of CO, and CH4 emissions, we as-
sume IPCC scenario RCP4.5 (Meinshausen et al., 2011). A
number of different climate metrics can be applied to account
for the different components of the aviation climate effect.
However, selecting a suitable metric is challenging due to
the uncertainties and varying lifetimes of non-CO, effects.
Megill et al. (2024) recommend using the average tempera-
ture response (ATR) or the efficacy-weighted global warm-
ing potential (EGWP) with a time horizon of more than 70
years. As a time horizon of 100 years was used for the Ky-
oto Protocol and other political applications, we quantify the
climate effect using ATR100, which is the mean near-surface
temperature change over 100 years. For any climate metric,
non-CO; effects can be expressed as an equivalent amount
of CO, emissions, so called COz-equivalents (CO2 ), that
would produce the same effect over a defined time horizon
and a given emission scenario. Hence these CO;-equivalents
are derived from a scenario analysis and applied in Flight-
Clim to a pulse emission to obtain the best possible consis-
tency between the effects of pulses and the scenario.

AirClim does not account for the influence of different air-
craft sizes on contrail climate effect. To account for that we
use a parametrization derived from Unterstrasser and Gorsch
(2014) (see Sect. S1). While this parametrization is already
included in the ATR100-values used for the Symbolic Re-
gression (see Sect. 3.2), the MR-formulas for CiC have to be
scaled afterwards (see Sect. 3.1).

In the data structure for each of the about 57 thousand sim-
ulated flight trajectories, characterized by origin and destina-
tion airport as well as aircraft size, the resulting amounts of
engine emissions were stored together with the ATR100 cli-
mate effect per species. This database was then used to derive
the climate effect regression functions as well as regression
formulas for fuel use and NO, emissions necessary for the
MR-approach.

2.3 Clustering of flights by relative climate effects

Due to the large variety of importance of the different climate
effect components among different flights, it is challenging
to find a single set of equations that would reasonably esti-
mate the climate effect under most circumstances. Therefore,
in the first step, we apply a K-Means clustering algorithm to
separate the flights into several clusters. This clustering is
based solely on the share of the six aforementioned compo-
nents of the climate effect in the total climate effect:
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This ensures that flights in a given cluster have similar cli-
mate effect characteristics. The clustering is not directly de-
pendent on proxy quantities to the climate effect, such as the
amount and location of the emissions. We use an implemen-
tation by the free software machine learning library for the
Python programming language scikit-learn (Pedregosa et al.,
2011) and scale the input quantities to the standard normal
distribution before clustering. We find a partition into three
clusters to be most useful, as larger numbers of clusters lead
to some cluster distinctions lacking a clear physical interpre-
tation. The resulting three clusters occupy distinct areas in
the latitude-distance space (Fig. 2 left). We therefore name
them the short-flight cluster (green), the tropical cluster (or-
ange), and the mid-latitude cluster (blue).

In the second step, simple thresholds are derived which
separate the flights into three categories that approximate the
found clusters. This is necessary to enable easy categoriza-
tion of additional flights not contained in this data set. One
threshold is a maximum distance for the short-flight cluster,
and another threshold is the absolute mean latitude of great
circle trajectories confining the tropical cluster. We choose
the values for these thresholds in such a way that the amount
of wrongly categorized flights is minimized. This leads to a
threshold distance of 462.5 km below which flights are cate-
gorized as belonging to the short-flight cluster, and a thresh-
old mean latitude of +29.7° within which flights are catego-
rized as belonging to the tropical cluster. All other flights are
categorized into the mid-latitude cluster. This approximation
wrongly categorizes 16.8 % of all flights used for clustering.
The resulting simplified clustering is shown in Fig. 2 in the
right plot.

The three clusters have distinct characteristics (Fig. 3).
The short-flight cluster has a negligible contribution of con-
trails to the climate effect at an average of 3.5 %, and a strong
contribution of CO; at an average of 57.4 % of the total cli-
mate effect. Flights in this cluster are often too short to reach
the required altitude of at least about 8km (e.g.; Kércher,
2018) for contrail formation. The climate effect of the trop-
ical cluster is dominated by contrails (average contribution
of 56.6 %) because strong contrail formation occurs at tropi-
cal latitudes. The mid-latitude cluster contains the remaining
flights and has large climate effect contributions from NO,
and H,O (average contributions of 49.1 % and 6.8 %, respec-
tively; see below for further discussion).

For the cluster analyses only flights with seat category 3
to 7 are used. The remaining seat categories 1 and 2 (less
than 100 seats) were only added to the dataset later in de-
velopment. They contribute only 4.2 % to global ASK and
therefore a minor share of total aviation emissions. Never-
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theless the number of flights with seat category 1 and 2 is
high. Therefore, an additional cluster for regional jets was
used for MR. For SR all flights were clustered in one of the
three clusters.

3 Derivation of climate effect regression functions

Based on the dataset described in Sect. 2, we derive climate
effect regression functions for each emitted species (COp,
NO,, H,0, as well as CiC) separately. These formulas use
the size of the aircraft and the locations of departure and ar-
rival airports as input to quickly estimate of the climate effect
of individual flights. We explore the use of both MR and SR
models for easy-to-use climate effect estimation of individual
flights. In the two regression analyses the following quanti-
ties are used: flight distance along a great circle d [km], mean
latitude along the great circle @ [°], fuel use f [kgl, NO,
emissions e [kg], maximum takeoff mass (MTOW) m [kg],
wing span b [m] and ATR100 [mK].

MR is a widely used statistical approach that models the
relationship between a dependent variable (e.g., climate ef-
fect of NO, emissions) and multiple predefined indepen-
dent variables, called predictors. The functional relationship
between the dependent variable and the predictors has to
be predefined. Therefore this approach is especially useful
when the factors influencing the climate effect of the single
species are well-understood. However, the predefined func-
tional form may fail to capture more complex, non-linear in-
teractions between variables. On the other hand, SR is an ad-
vanced technique that searches for the best mathematical ex-
pression to describe the data, offering greater flexibility and
the potential to uncover hidden relationships. While SR can
model highly complex, non-linear interactions, it requires
more computational resources and bears the peril of over-
fitting. By applying both methods, we aim to identify the
approach that most effectively models especially non-CO;
effects, while prioritizing solutions that offer better accuracy
and easy interpretability.

For both methods, we derived regression functions that
approximate the climate effect for a particular flight as es-
timated by using the AirClim model. Following Dahlmann
et al. (2023), the total climate effect as expressed by ATR100
can be obtained by the sum of the effects from the in-
dividual climate agents, where ATR100n0, = ATR1000, +
ATR100pmo + ATR100cH, is the combined climate effect of
NO, emissions:

ATR100y; = ATR100c0, + ATR100,0 + ATR100cic
+ ATR1000, (1)

3.1 Multiple Regression formulas
Multiple Regression is a common method in environmental

science, with primary advantages being its simple applica-
tion and interpretability. The structure of MR functions is

Geosci. Model Dev., 19, 3551-3567, 2026
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climate effect components (CO,, CiC, H>O, and NOy) to the total
climate effect for the 3 flight clusters.

predefined as a sum of predictor dependent terms each mul-
tiplied by a coefficient. Each coefficient indicates the impact
of a specific predictor, allowing to understand the effects of
each variable on the climate. It also enables the inclusion
of numerous variables and can incorporate interaction terms
of multiple predictors. However, MR assumes a predefined
mathematical form making knowledge about the interactions
necessary, which can be a limitation when relationships are
non-linear. The necessary assumption may lead to misspeci-
fication of the model if the actual relationships are not well-
captured by these forms. Additionally, MR can be vulnerable
to multicollinearity (when predictors are highly correlated),
which can distort coefficient estimates.

The MR-approach extends the idea of Dahlmann et al.
(2023) and leads to the following structure for the derived
formulas for all clusters:

ATR100y = cco, - f + cno, (d, @) - e + cny0(d, d)
- f +ccic(d, ) - d - facsize(D), 2)

Geosci. Model Dev., 19, 3551-3567, 2026

where facsize 1S the adaptation factor for the contrail climate
effect due to the wing span b (see Eq. S2), and cco,, ¢NoO, »
CH,0, ccic are the cluster-dependent climate effect regression
functions. Therefore, the climate effect of a species is esti-
mated as a product of the respective climate effect regression
function and the relevant reference quantity (f, e, d- faCsize)-
These MR-formulas are composed of polynomial and arctan
functions and are designed to fit the respective partial cli-
mate effects cco, = ATR100co,/f, cno, = ATR100N0, /e,
cH,0 = ATR100n,0/f, and ccic = ATR100¢ic/d. The cli-
mate effect function for CO; is fixed at cco, = 8.145 x
10~11 kag(fuel)_l, because the climate effect of CO; is
independent of the emission location in AirClim, so that no
fit is required. Details on the derivation of the MR-formulas
are given in Sect. S2.2.

Note that for the derivation of the climate effect regres-
sion functions apart from the predictors d and ¢ we use the
WeCare estimates for the burnt fuel f and emitted NO; e,
implying that those are also required for the application of
these formulas. If those are not available we provide addi-
tional Fuel and NO, MR functions, that only use the flight
distance d and seat category (see Sect. S2.1). For the com-
parison with the SR-approach in Sect. 3.4 the derived Fuel,
NO, and climate effect regression functions are considered,
combined determining the quality of the climate effect esti-
mation.

3.2 Symbolic Regression formulas

The Symbolic Regression method used here, avoids a pre-
defined structure of the formula. Instead an evolutionary al-
gorithm provides a best fit and thereby defines the struc-
ture of the formulas. This structure can be represented by
an expression tree, called gene. Each node in the gene repre-
sents a variable, a mathematical operation or a constant. The
nodes are merged to a formula by the tree structure (Koza,
1992). The tool we apply, GPTIPS 2 (Searson, 2015), specif-
ically uses Multi-Gene Symbolic Regression, which com-
bines multiple genes with an additional scaling factor per
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Figure 4. Structure of a Multi-Gene Symbolic Regression formula
consisting of two genes with factors (b1, by) and a bias term (bg).

gene (b1, by) and a bias term (bg) to assemble the whole for-
mula (Fig. 4).

The optimization process to find an optimal formula uses
an evolutionary algorithm based on a fitness function, in
this case the root mean square error for the given dataset.
Beneficiary solutions based on a random start population
of multiple formulas are evolved over several generations.
The evolution-inspired mechanisms forming the final for-
mulas are fitness-based selection, as well as mutation and
crossover (Koza, 1992).

For the derivation of regression functions the flight
database is split into 80 % training and 20 % test data. Four
different formulas are computed for the climate effect of the
climate agents CO,, H,O, NO,, and CiC (see Eq. 1). The two
main predictors, d and ¢ from the first approach are used in
the second one as well complemented by m, that replaces
the segmentation into seat categories. The flight distance d
is meant to cover effects based on the flight length like fuel
use, ¢ geographically differing climate effects of emissions
and m different aircraft sizes. The dependent variable of the
SR-formulas is the ATR100 for CO,, H,O, CiC and NO,.

To check the effectiveness of the clustering derived in
Sect. 2.3, regression formulas with and without use of the
three clusters are computed. In the clustered version, sepa-
rate formulas are derived for each cluster. This leads to in to-
tal twelve formulas for the clustered version and four for the
unclustered one. For each resulting formula of the clustered
and unclustered version a multiple runs of GPTIPS 2 (1296
for unclustered and 648 for clustered) are executed as part
of a gridsearch for the regression hyperparameters. The main
settings of the GPTIPS-software are used as hyperparame-
ters. The reason for the selected gridsearch-approach with
many runs is the high variability in the resulting estimation
quality of regression formulas.

From all derived formulas the Pareto-optimal individuals
according to the coefficient of determination R? (Eq. 3) and
the number of nodes are considered as candidates for the fi-
nal formula of the species and cluster (see Sect. S3.1). To
obtain one formula for the total climate effect the formu-
las for CO,, H,O, CiC and NO, have to be combined ac-
cording to Eq. (1). In this step the numbers of nodes for the
ATR100 add, but the quality of estimation measured as R?
has to be newly computed. It is not apparent, which Pareto-
formula to choose for each species to achieve an optimum
in estimation quality and number of nodes for ATR100.
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Figure 5. Pareto-optimal solutions for the combination of Symbolic
Regression formulas of the climate effects (CO,, H>O, CiC, NOy)
with respect to R? and number of nodes by using the unclustered
data (blue) and a combined pareto-front of the clustered data (pur-
ple). The pareto-optimal solutions, that are chosen, are indicated in
red and green.

However, by trying all combinations it is possible to identify
Pareto-optimal combinations that represent a optimal trade-
off between a high value of R? and a low number of nodes.
Figure 5 shows these ATR 100,-Pareto-fronts for the unclus-
tered (blue) and the aggregated clustered version (purple; for
the individual clusters please see Fig. S10). The final choices
made are indicated by red and green dots. The selected for-
mulas are given in Sect. S3.1.

SV (ATR100%¢¢ — ATR100%<!)>

R?=1- —
SN | (ATR100% — ATR1003)2

3)

For ATR100y in the short-flight cluster the clustered ap-
proach shows a significantly better estimation quality than
the unclustered one (see Fig. S11). For the two other clus-
ters the quality is comparable. Therefore as a combination of
low complexity and a high quality of estimation the clustered
formulas are applied for flights in the short-flight cluster in
the further analysis and the unclustered formulas are used for
mid-latitude and tropical cluster flights.

3.3 Smoothing of regression formulas at the cluster
boundaries

The use of different regression formulas for the derived clus-
ters leads to discontinuities at the cluster boundaries that do
not reflect real behavior and might result in inconsistencies.
The significant difference in estimated climate effect over
the cluster boundaries (e.g. see Fig. 6) makes it necessary to
smooth this effect. The smoothing is implemented by using
a weighted sum of the cluster-specifically computed climate
effects. The weighting factor evolves linearly from a starting
point inside the particular cluster until the cluster boundary.
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Figure 6. ATR100 estimates for flights with an Airbus A320 over
the cluster boundary distance of 462.5 km depending on the mean
latitude. The plot shows the estimation with the unclustered SR-
formulas, the formulas for the short-flight cluster as well as the
smoothed version, taking the mean of the partially largely differing
estimates.
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Figure 7. Concept for smoothing of regression results at cluster
boundaries. The smoothing takes place linearly in a predefined
range (smoothing boundary) on both sides of the cluster boundary.

At the cluster boundary the weighting of both cluster for-
mulas is equal. Figure 7 sketches this general scheme of the
smoothing. The climate effect of a flight within the smooth-
ing area is accordingly estimated by

ATR100 =

ATR100c; - (0.5 + 55121) + ATR100c; - (0.5 — 56121,
ifdcyp € [—bc1,0

ATR100c; - (0.5 — 5512 + ATR100c; - (0.5 + 5512,
if dcy 2 €[0,bca].

“

with ATR100c1/ATR100c; as the cluster 1/2 estimates,
dc1 2 the distance from the cluster boundary and bc1/bca the
smoothing boundary 1/2 values. The smoothing boundaries
mark the starting points of the smoothing area and are de-
rived as the R?-optimal values within preset boundaries.

For both approaches smoothing is applied to the existing
cluster boundaries of the recommended versions. The details
on the individual smoothing are outlined in Sects. S2.3 and
S3.2.
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Table 1. Comparison of Multiple Regression and Symbolic Regres-
sion formulas for the estimation of the climate effect of individ-
ual flights. Quality of fit is quantified by R? and MARE. Due to
zero or almost zero values in the dataset MARE is not defined for
ATR100y,0 and ATR100¢jc. The number of formulas is counted
before smoothing. The first value is the number of formulas for the
climate effect estimation and the second for supporting equations
like the fuel and NO, -regressions.

Regression formulas R? MARE  number of

formulas
ATR100¢0, g/g{:: 8;3213 55 _'563 ZZ 1+ ;
ATR1004,0: 2415 8;32;3 _ o ;
ARIONOS G gosy e 2
ATR100¢ic: 1;[15 : 8;2322 _ H ;
ARIOw: G gogs asmae 8

3.4 Comparison of climate effect regression approaches

The climate effect functions were developed to represent a
fitting of more detailed results from the non-linear response-
model AirClim with algebraic relationships. Hence, the re-
liability of representing the estimated total climate effect is
influenced by the applied fitting procedure. To evaluate the
quality and reliability of the estimates, the derived, smoothed
formulas from MR and SR are compared in this section. For
SR, the formulas estimate the ATR100 directly leading to one
formula per cluster and species. For MR the climate effect
functions have to be computed for each cluster, which are
four formulas per species apart from CO;, on the one hand, as
well as the regression formulas for the used reference quan-
tity on the other. Those are seven formulas for the fuel regres-
sions, one per seat category, and 14 formulas for the NO,
regressions, two per seat category. The last formula of the
MR-approach is the subsequent contrail wing span adaption.
In total, this leads to 35 formulas for MR compared to 8 for-
mulas for SR without smoothing (see Table 1).

One advantage of the MR-approach are the separate fuel
and NO, functions, which the SR-approach does not include
directly, hence fuel can still be derived from the CO; climate
effect. Furthermore all MR-formulas have the same prede-
fined structure, while each SR-formula is different in shape
and operators. Also, even though the SR-approach is opti-
mized towards minimum formula complexity, it generally
tends to include irrelevant, over-fitting terms and does not
include certain input parameters into formulas for species,
where correlations are present (e.g. ¢ into ATR100n0, ). As
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advantages the SR-approach evolves according the optimum
predictive accuracy and yields a better ratio of complexity in
terms of the number of formulas to quality. In addition it en-
ables a continuous estimation over the aircraft size by using
the MTOW instead of categorical seat categories. The num-
ber of formulas and the input parameters are a result of the
different study designs for the two approaches and not inher-
ent to the methods, even though the SR approach supports
a lower number of formulas by being able to adapt to com-
plex dynamics independently, whereas the MR-approach de-
pends on a predefined structure. Therefore the MR-approach
features separate seat categories and a separate estimation of
fuel consumption and NO,-emissions to distinguish their dy-
namics.

The estimation quality of both approaches is similar (Ta-
ble 1). Overall, the SR-formulas show a slightly higher
coefficient of determination R> (Eq. 3). This might result
from the optimization towards R? in the SR-approach, even
though for CO, and CiC the MR-formulas show a slightly
greater R2. In terms of the mean absolute relative error
(MARE; Eq. 5) the MR-formulas surpass the SR ones. This
mainly results from the better relative estimation for short
and medium range flights compared to the long range flights
(see Fig. 8). The better estimation of longer flights of the SR-
formulas is a result of the absolute error-based evolutionary
optimization process, which gives a greater weight to longer
flights with higher climate effect. The MARE for H>O and
CiC cannot be calculated due to flights with almost or exactly
zero ATR100 in the dataset distorting the relative metric.

1 i ATR100%! — ATR1007" )

MARE = ATR100%!
i=1 tot

The MARE of the climate effect estimation is generally
higher for short flights, as for these the variety in flight trajec-
tories and non-CO;-effects generation increases (Fig. 8). The
correlation of both approaches with the AirClim estimated
values is shown in Fig. 9 (for MR) and Fig. 10 (for SR). For
the estimation of ATR100co, the MR-formulas show a bet-
ter performance than those of the SR-approach, especially for
long distance flights, because the points in Fig. 9a are located
closer to or almost on the diagonal compared to Fig. 10a. The
SR-formulas generally tend to underestimate those flights
with two noticeable groups of flights being overestimated.
These two groups are also distinguishable in the MR-Fig. 9a.
One of them is estimated better and the smaller one is instead
underestimated.

ATR100y,0-estimation (see Fig. 9b and b) shows relevant
differences between both approaches with the MR-formulas
generally overestimating the climate effect especially for
long flights. The SR-formulas show a better accuracy for
those flights and do in general neither tend to over- nor un-
derestimate.

The quality of estimation for the climate effect of contrails
is similar for both approaches (see Figs. 9d and 10d). As the
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occurrence of contrails is hard to predict and model, the ac-
curacy of the CiC formula is low. The calculation of a mean-
ingful MARE for contrails is not possible for short flights
due to some flights with zero or close to zero ATR100 val-
ues, but for longer flight distances the MARE is by 2 to 4
times higher than that of ATR100.

For ATR100n0, the SR-approach leads to a better quality
of estimation, with fewer points far away from the diagonal
in Fig. 10e than for MR in Fig. 9e, indicating fewer large
estimation errors. In contrast to the SR-formulas the MR-
formulas have a tendency to under- or overestimate some dis-
tinguishable groups of flights.

The ATR100 correlations in Figs. 9c and 10c show only
minor differences between the two approaches. Hence we
can conclude that the total quality of both approaches is sim-
ilar, only with certain advantages for single species.

Apart from the results for the used dataset, the perfor-
mance of the estimated ATR100¢, for a validation dataset
is analyzed. The validation dataset includes 439 flights of the
German cargo airline EAT. The mainly short and medium
haul flights took place with Airbus A300, A330 and Boeing
757 aircraft in 2021 and 2022. The AirClim climate effect
estimates based on the real trajectories of these flights serve
as the validation reference. The formulas of both approaches
show reasonable correlations for the validation dataset, in-
dicating a valid estimation. Longer flights are rather under-
than overestimated (see Figs. 9f and 10f). This trend is
stronger for the MR-formulas, which do also have a lower
R? value for the validation dataset.

Assessing the sum of all ATR100 estimates for the re-
gression dataset shows the SR-approach to be closer to the
actual AirClim values than the MR-estimates. The sum of
MR-approach estimates is, apart from ATR100y,0, in aver-
age smaller than the actual values, which results in the total
sum of ATR100 estimates being 5.4 % smaller than the sum
of all actual AirClim estimates. For SR the estimated sum is
0.3 % greater than the actual sum. The median signed rela-
tive error shows a different trend for both approaches, as it
indicates a median relative overestimation of 0.6 % for MR,
while SR-formulas in median overestimate by 9.8 %, mainly
caused by many overestimated short flights with larger rela-
tive errors. This indicates different characteristics for differ-
ent group of flights of different total amounts of climate ef-
fect. But in total about half of the flights are over- and half of
them are underestimated for the MR-approach, while for the
SR-approach about two third of the flights are overestimated.

4 FlightClim v1.0 implementation

The derived regression models from MR are implemented in
an Excel application called FlightClim v1.0, which is avail-
able in the Supplement. FlightClim offers an easy-to-use es-
timation of CO;, and non-CO; climate effects solely based
on the aircraft size, as well as origin and destination airports
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Figure 8. Trend comparison of the MARE for the ATR100¢o¢ estimation with the Multiple and Symbolic Regression approach over the flight

distance.
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Figure 9. For Multiple Regression, correlation of estimated ATR100 of CO5- (a), HyO- (b), NO,-emissions (e) and produced contrails (d)
with the AirClim estimates (referred here as to “actual”), as well as the ATR100¢y¢-estimation for the dataset (c¢) and a validation dataset (f).

The color code indicates the flown distance.

without further knowledge about the actual flight conditions.
FlightClim’s core is a simple, tabular input mask supporting
the estimation of single flights as well as whole flight plans.
Thereby, the tool is suited for individuals estimating the cli-
mate effect of a holiday trip, organizations assessing their one
year carbon footprint, but also airlines approximating the cli-
mate effect of their flight plan.

After a selection of input values in the input mask (climate
metric; aircraft size; origin and destination airports; optional:
flight frequency and flight class), the interactive tool returns
the climate effect of a flight for CO;, H,O, NO, emissions
and CiC in the selected metric and as CO,-equivalents. If a
flight class is entered, FlightClim also calculates a statisti-
cally backed allocation per passenger (see Sect. S4). In addi-
tion to the climate effect, the fuel burn estimate as well as the
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estimated CO, and NO, -emissions are returned as interme-
diate results of the MR-formulas. The interpretation of the
inputs is based on two tool-integrated databases for airport
coordinates and aircraft characteristics. In Sect. S7 the user
guide of the tool is included.

In FlightClim the MR-formulas are implemented. Com-
pared to the SR-formulas they show a slightly better quality
of estimation for short- and medium-haul flights, which are
dominating long-haul flights in number. In addition the tool’s
main area of application is seen in Europe, where inner-
European short- and medium-haul flights are dominant. The
one-time implementation of the MR-formulas makes their
greater complexity in terms of number of formulas less rele-
vant. An extended version of FlightClim contains the models
of both regression approaches and is available upon request,
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Figure 10. Same as Fig. 9 for Symbolic Regression.

but less suited for ordinary use, due to the necessary choice
of model.

5 Discussion

One of the key aspects of our work is that aviation emissions
have different effects depending on their emission location
and characteristics. FlightClim tries to model the high-level
effects with a regression model. In the regression dataset
the sensitivity of the atmospheric response is represented by
AirClim and the underlying response surfaces, whereas the
emission characteristics are given by the aircraft/engine com-
bination and the flight route. This leads to spatially and tech-
nologically varying non-CO, to CO; ratios in the estimation.
In Sect. 5.1 we discuss the developed estimation models and
especially also this factor in more detail. In Sect. 5.2 we con-
centrate on uncertainties in the calculation and in Sect. 5.3
on FlightClim’s applicability.

5.1 Estimation of flight climate effect

The goal of this study is to develop an easy-to-use calculation
method for estimating the total climate effect of individual
flights, including CO; and non-CO; effects. Two approaches
with smoothed formulas from MR and from SR have been
compared. Due to the similar estimation quality of both ap-
proaches their greatest differences are the number of formu-
las and the input parameters, which can hence serve as crucial
points for making a choice. Therefore, the SR-formulas can
be recommended for application, if the complexity of the cal-
culation in terms of the number of formulas is an important
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factor or if the aircraft size should be modeled continuously.
If the estimation quality of short- and medium-haul flights is
of greater importance, like for the FlightClim implementa-
tion, the MR-formulas are the better choice. In general, the
specific requirements of an application towards the complex-
ity, interpretability or the quality of estimation should serve
as decisive points, which approach to use.

For both approaches applied in this study the ratio between
non-CO; and CO; effects is approximately 4 for the used
global aviation emission dataset. This number is higher than
in other alternative publicly available methods for simplified
climate footprint assessment of single flights. They use a con-
stant factor of 2 to 3, which is based on assessments of total
historical aviation emissions (e.g., from 1940 to 2018 for Lee
et al., 2021), which is in principle consistent with AirClim
results (see Sect. 5.2). It has to be noted that the relation be-
tween non-CO;, and CO; strongly depends on the level of
the CO; reference and the climate metric. Since the regres-
sion functions are designed to estimate the climate effect of
present and future flights, we do not consider any emissions
of historic aviation. Given the long lifetime of CO;, histor-
ical assessments such as Lee et al. (2021), who analyzed
aviation emissions from 1940 to 2018 in terms of ERF, re-
port a stronger dominance of CO; (31 %) than in the present
study (19 %). A direct comparison is, however, limited be-
cause different metrics (ATR vs. ERF) and emission patterns
(historical vs. present and future) are considered. Neverthe-
less, the relative importance of non-CO; species is broadly
similar, with shares of 4 % for H,O, 33 % for NO, and 44 %
for CiC in our dataset versus 2 % for H>O, 16 % for NO, and
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52 % for CiC in Lee et al. (2021), when excluding the studied
aerosol effects.

5.2 Uncertainties in the estimation of flight climate
effects

Clearly, aviation non-CO,-effects are subject to large uncer-
tainties. The uncertainties regarding the climate effect of in-
dividual routes as described here, are likely to be even larger
than those for the global average. Here we conceptually (and
mathematically) distinguish between uncertainties in the im-
portance of individual aviation effects that are globally appli-
cable (global uncertainty) and the sensitivity of these effects
to certain influences like location or aircraft technology (dif-
ferential uncertainty). This discrimination is shown in Fig. 11
that describes a full approach in assessing uncertainties in the
climate effect of individual flights estimated with FlightClim.
Figure 11 is based on the high-level modeling workflow of
FlightClim as illustrated in Fig. 1 (grey box).

We start by considering a one-year 3-D emission inven-
tory, as usually done in climate effect assessments, and de-
rive the climate response to individual flights by using Air-
Clim that is based on athmospheric response surfaces derived
from chemistry climate model simulations. Overall assess-
ments of aviation climate effect, such as that from Lee et al.
(2021) may serve as an uncertainty estimate for the impor-
tance of individual effects that basically represents the un-
certainty in the ratio of CO» to individual non-CO, effects.
Note that in the calculation of the uncertainty ranges in such
assessments, different models are applied that are charac-
terised by different spatial sensitivities. The main point here,
however, is to distinguish between globally applicable uncer-
tainty estimates and the effects of certain influences (differ-
ential uncertainty) like spatial variations. The approach ap-
plying globally applicable uncertainty estimates for individ-
ual flights has been used recently by Prather et al. (2025) and
is applied to our results to derive global uncertainties in the
applied aviation climate effect modeling.

In Fig. 11, the global part in the uncertainty description
is complemented by an assessment of flight-specific, here
called differential, uncertainties like the spatial sensitivity
of the responses or the influence of differences in aircraft
technology, which requires a much more detailed analysis
than merely estimating globally applicable values. In addi-
tion, only limited data of the uncertainties in those sensitiv-
ities is available. A detailed analysis is clearly beyond the
scope of this work. Therefore, in the following, we concen-
trate on the first part only, bearing in mind that the differential
uncertainty is not represented.

As we break down the overall mean effect into contribu-
tions from individual routes also opposite should apply for
the uncertainties: The sum of the uncertainties of the climate
impact from individual routes should result in the overall un-
certainty of the best estimate e.g. as given in Lee et al. (2021).
The regression formulas always try to model the median es-
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Table 2. Confidence interval (90 % ranging from the 5 %- to 95 %-
percentile) for both regression approaches (MR & SR) in terms of
the relative regression error for the estimated total ATR100 sec-
tioned according to great circle flight distance d.

Rel. regression error d< 1000km<d < 4500km
1000 km 4500 km <d

MR: 5 %-perc.: —40 % -35% —38%
" 95 %-perc.: 81 % 32% 19%
SR: 5 %o-perc.: —-33% —-30% —27 %
" 95 %-perc.: 80 % 60 % 33%

timate. However, this might differ from median estimates in
assessments (Sect. 5.1). Hence, for the estimate of the 90 %
confidence interval, we apply a mapping to the Lee et al.
(2021) data, before applying the confidence interval globally
to the FlightClim estimates. For the mapping from AirClim
to the Lee et al. (2021) median we use reported data for esti-
mates of the 2005 radiative forcing (RF) (Grewe et al., 2021;
Lee et al., 2021) and for the confidence interval ERF 2018
data (Lee et al., 2021) (Eq. 6 and Sect. S5 for more details).
Hence, this approach guarantees a consistency of the confi-
dence interval with values from Lee et al. (2021), while the
actual calculated value represents the AirClim’s best estimate
including its spatial sensitivity. The CO; as well as the total
RF AirClim estimate fits well with that of Lee et al. and the
90 %-confidence interval is roughly £50 %. However, Air-
Clim’s contrail and water vapor RF is lower and the ozone
and PMO effect are greater than those from Lee et al. (2021)

confidence interval (low/high)
RFL2! ERFL?! (low /high)
Fairctim@! ERFL?!
= ATR, x 7™ x rI2! (low/high)
= ATR, x r®(low/high) (6)

= ATR, x

The second part of global uncertainties of the FlightClim
estimates is the regression error, which adds on the before
described uncertainty of the regression database. In this sec-
tion we expand the analysis on the regression error from
Sect. 3.4, where the MARE and R? of the two applied re-
gression approaches, MR and SR was discussed. To analyse
the uncertainty of the regression the 90 % confidence interval
of the relative error of the total ATR100 FlightClim result is
calculated based on all flights in the regression dataset. Fig-
ure 12 shows that the 95 %-percentile varies over the length
of flights for both regression approaches in a similar manner.
The percentiles vary for short- (< 1000 km) medium- (1000-
4500 km) and long-range (> 4500 km) flights (see Table 2).
While short-range flights have a larger confidence interval of
the relative error of roughly —40 % to 80 %, the others are
mostly in the range of +1/3.
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Figure 12. Confidence interval (90 %) of the relative error for MR and SR regression approaches over flight distance.

5.3 Applicability of FlightClim

The derived MR-formulas are integrated into the easy-to-use
Excel-tool FlightClim v1.0. When applying the estimator it
is of key importance to consider its limitations. FlightClim
is based on regression formulas, that fit the results of the cli-
mate response model AirClim, which is itself derived from
chemistry-climate model simulations. This means that the es-
timation quality and precision is not comparable to complex
climate-chemistry models. For example, the developed tool
is not suited to compare the climate effect of flights with sim-
ilar aircraft of different generations or different travel times
in the year, meaning that for an individual flight the real cli-
mate effect can strongly deviate from the estimated average.
It is also not suited to study certain atmospheric character-
istics and their impact on the climate effect or the influence
of trajectory optimization. To answer those questions more

https://doi.org/10.5194/gmd-19-3551-2026

complex models are needed. The main advantage of Flight-
Clim is that it produces reasonable estimates including CO;
and non-CO;-effects while being easy to use and requiring
very few input data per flight, in fact only origin and destina-
tion airport as well as aircraft size.

FlightClim is suited for climate footprint assessments by
passengers to compare individual flights and even different
travel modes (e.g. aircraft, train, car). Organizations can use
it for climate effect monitoring as well as for travel plan-
ning. Moreover, the tool can be used for scientific research
for quick and coarse quantification of the climate effect of
even large flight plans, wherever the restrictions of the devel-
oped method are acceptable.
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6 Conclusions

This study presents two methods for an easy-to-use estimate
of the climate effect per flight considering CO, and non-CO,
effects, of which one is included into the flight climate effect
estimator FlightClim v1.0. The tool is made available as an
Excel application, which is available in the Supplementary
Material. The estimation only depends on the origin and des-
tination airports and the aircraft size (seat category for MR
or MTOW for SR). It is independent from information about
the actual flights like the flown trajectory, real fuel burn or
current weather. Thereby the estimation describes an aver-
age in terms of time of the year and day as well as aircraft
and assumes great circle trajectories. The estimation meth-
ods are based on a global dataset of ATR100 climate effects
per flight for CO;, H,O, NO, and CiC estimated with Air-
Clim representative for jet aircraft with a capacity of 20 to
600 seats.

Potential use cases for FlightClim are advanced analyses
on the climate effect of a full year airline, as its effect av-
erages over the year, plausibility checks, or a backup when
airlines are unable to provide more detailed data on aircraft
and engine used, trajectory and deviations flown, and me-
teorological conditions on the day of flight. FlightClim al-
lows an airline to achieve an initial estimate of the total cli-
mate effects of their whole flight network. Additionally it
can be used for the extension of online climate effect es-
timator tools by non-CO; effects or to include a compari-
son of the climate effect of flights into booking platforms
considering non-CO»-effects. However, when applying the
estimator its limitations always have to be considered and
the methods must only be used for questions they are able
to answer. For example, it is not applicable to any kind of
flight route optimisation. Further we note that we have not
described route-specific uncertainty estimates of the climate
effects. The overall non-CO; climate effects have large un-
certainties and the route-specific estimates are expected to be
equally, or possibly even larger, affected. We recommend the
inclusion of per flight uncertainty estimates in FlightClim in
future studies to expand the scope of the tool.

Compared to the predecessor study by Dahlmann et al.
(2023), we here expand the area of application building on a
global dataset representative for a worldwide flightplan and
a wide range of jet aircraft instead of a spatially focused
dataset with Airbus A330-200 flights only. We estimate the
absolute ATR100 of all species including CO; instead of just
the species” ratio to the ATR100 of CO,. Moreover, we add
a wing span-wise adaption of contrail climate effect to the
tool-chain of the regression dataset. To account for the larger
scope a clustering is introduced, requiring a smoothing of
the estimates at the cluster boundaries. In addition this study
does consider two different regression methods and contrasts
them. Applying the regression model from Dahlmann et al.
(2023) to the dataset of this study for all flights with an Air-
bus A330-200 aircraft shows, that the MR and SR models
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even surpass the Dahlmann et al. (2023) formulas in esti-
mating the contrail and total climate effect, but are beaten in
terms of NO, and H;O climate effect. When looking at the
whole dataset of different aircraft the new models outplay
the formulas only developed for A330 flights for all species
resulting in a MARE of 21.8 % (MR) and 25.9 % (SR) in
terms of the ratio of total climate effect to CO; climate effect
compared to 31.5 % for the formulas from Dahlmann et al.
(2023). A comparison in terms of R? illustrates this differ-
ence even clearer, where the R? of 0.27 indicates only a re-
ally rough correlation for the Dahlmann et al. (2023) model,
wheres MR and SR provide valid estimates (0.70, 0.72). This
highlights the advantage of the new models to cover a wide
range of civil aircraft. A detailed comparison with Dahlmann
et al. (2023) is available in Sect. S6.

The introduced FlightClim tool goes beyond alternative
methods for simplified climate footprint assessment of sin-
gle flights, because the regressions of the climate response
include the regional dependency of climate effects, instead
of using constant factors for approximating non-CO»-effects.
Instead of a constant factor with a MARE of 59 % for the
dataset of this study FlightClim reaches a MARE of 21 %.

The two utilized methods, MR and SR, differ in effort and
capabilities of the methods themselves as well as in qual-
ity and quantity of the resulting regression formulas. Even
though SR is a more advanced and adaptable method, the es-
timation quality of the resulting formulas of both approaches
is similar. The main advantages of the SR-approach are that
it uses the continuous MTOW as aircraft size parameter and
is more straightforward and thus less complex. However, the
MR-formulas are easier to interpret and yield higher qual-
ity results for short and medium range flights. Overall both
approaches lead to robust models that enable an easy-to-use
climate effect estimation for single flights.

The similar quality of both regression methods indicates,
that the resulting estimation quality is not primarily limited
by the used regression method, but rather by the complexity
of the database and the regression parameters as well as the
settings for the regression analyses and the physical dynam-
ics themselves, hindering a better estimate with a simplified
approach based on only OD-pair and aircraft size. To utilize
the whole potential of advanced methods like the symbolic
regression those aspects have to be improved first. For exam-
ple overcoming the limitation of a small number of reference
aircraft types included in the dataset could improve the appli-
cability and the overall estimation quality. As another major
potential improvement for further studies, the error metric of
the regression was identified, as it quantifies the estimation
error and serves as the optimization factor during the regres-
sion analysis. In this study, error metrics based on the abso-
lute estimation error were used. As the range of values for the
climate impact of flights in the dataset is huge due to large
differences in aircraft sizes and flight distances, for flights
with small climate impacts the relative quality of estimation
can drop significantly compared to flights with higher im-
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pacts, because of the absolute optimization incentive. There-
fore an adjustment in the error metric might be necessary to
achieve regressions of a better and more equally distributed
estimation quality in further studies and to exploit the whole
potential of advanced regression methods.
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eration of the MR climate effect functions as well as the Mat-
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