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Abstract. The climate impact of the non-CO2 emissions, being responsible for two-thirds of aviation radiative forcing, highly

depends on the atmospheric chemistry and weather conditions. Hence, by planning aircraft trajectories to reroute areas where

the non-CO2 climate impacts are strongly enhanced, called climate-sensitive regions, there is a potential to reduce aviation-

induced non-CO2 climate effects. Weather forecast is inevitably uncertain, which can lead to unreliable determination of

climate-sensitive regions and aircraft dynamical behavior and, consequently, inefficient trajectories. In this study, we propose5

robust climate optimal aircraft trajectory planning within the currently structured airspace considering uncertainties in the

standard weather forecasts. The ensemble prediction system is employed to characterize uncertainty in the weather forecast,

and climate-sensitive regions are quantified using the prototype algorithmic climate change functions. As the optimization

problem is constrained by the structure of airspace, it is associated with hybrid decision spaces. To account for discrete and

continuous decision variables in an integrated and more efficient manner, the optimization is conducted on the space of prob-10

ability distributions defined over flight plans instead of directly searching for the optimal profile. A heuristic algorithm based

on the augmented random search is employed and implemented on graphics processing units to solve the proposed stochastic

optimization computationally fast. An open-source Python library called ROOST (V1.0) is developed based on the aircraft

trajectory optimization technique. The effectiveness of our proposed strategy to plan robust climate optimal trajectories within

the structured airspace is analyzed through two scenarios: a scenario with large contrails’ climate impact and a scenario with15

no formation of persistent contrails. It is shown that, for a night-time flight from Frankfurt to Kyiv, a 55% reduction in climate

impact can be achieved at the expense of a 4% increase in the operating cost.

Keywords: Climate change; Aircraft trajectory optimization; Algorithmic climate change functions; Meteorological forecast

uncertainty; Robustness; Graphics processing units; Structured airspace; ROOST.
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1 Introduction20

The aviation industry has experienced strong growth in recent years (Lee et al., 2021). The air traffic is estimated to grow at

a 4.3% annual rate over the next 20 years (Scherer, 2019). Aviation’s contribution to global warming through CO2 and non-

CO2 emissions is currently responsible for 3.5% of total anthropogenic radiative forcing (RF) (Lee et al., 2021). The non-CO2

climate impact includes nitrogen oxides (NOx) induced changes in ozone and methane concentrations, water vapor (H2O),

hydrocarbons (HC), carbon monoxide (CO), sulfur oxides (SOx), and increased cloudiness due to persistent contrail formation.25

Accounting for the growth rate of air traffic, a critical increase in its associated climate impact is foreseen.

Mitigating the climate impact associated with aviation-induced CO2 emissions requires progressing along with technical

aspects, such as moving toward more efficient aircraft and using novel propulsion as well as sustainable aviation fuel. Tech-

nological improvements can only be moderately inaugurated into the existing aircraft fleet. This is due to the aircraft’s long

life service and long phases in development, production, and certification. On the other hand, the climate impact caused by30

non-CO2 emissions, which is about twice as large as that from CO2 emissions (Lee et al., 2021), reveals a high spatial and

temporal dependency (Grewe et al., 2014b). Such dependencies provide the possibility to mitigate their climate effects through

operational strategies, particularly aircraft trajectory optimization to avoid areas sensitive to aircraft emissions, called climate-

sensitive regions (e.g. Simorgh et al., 2022).

Numerous studies have been proposed to reduce the climate impacts of non-CO2 emissions through changing aircraft ma-35

neuvers to avoid climate-sensitive regions. These studies differ mainly in 1) how the climate-sensitive areas are defined and 2)

how climate-friendly trajectories are determined. The first attempts to consider climate hotspots were based on areas sensitive

to the formation of persistent contrails (see Gierens et al. (2008)). In order to provide information on the spatial and temporal

dependency of non-CO2 effects, climate change functions (CCFs) were developed. These CCFs provide the climate impact

of aviation emissions per flown kilometer and per emitted mass of the species as five-dimensional data sets (i.e., longitude,40

latitude, altitude, time, type of emission) (Matthes et al., 2012; Frömming et al., 2013; Grewe et al., 2014b). Due to their

computational complexity, CCFs were not suited for real-time operations. Therefore, the so-called algorithmic climate change

functions (aCCFs) were developed. The aCCFs provide a very fast computation of the individual non-CO2 climate impact, as

they are based on mathematical formulas, which only need relevant local meteorological input parameters (e.g., van Manen and

Grewe, 2019). The aCCFs are well-suited for trajectory optimization tools due to their computational efficiency (Matthes et al.,45

2017). An enhanced and consistent set (with respect to emission scenario, metrics, etc.) of aCCFs (aCCF-V1.0A) have been

recently developed and introduced within the EU project FlyATM4E (see Yin et al. (2022); Dietmüller et al. (2022); Matthes

et al. (2023)).

As for climate optimal trajectory planning methods, various strategies ranging from mathematical programming (e.g., Camp-

bell et al. (2008)) to meta-heuristic (e.g., Yin et al. (2018a); Yamashita et al. (2020)), indirect optimal control (e.g., Sridhar50

et al. (2011)), and direct optimal control methods (e.g., Niklaß et al. (2017); Lührs et al. (2021, 2016); Matthes et al. (2020))

have been adopted. For instance, the direct optimal control approach has been employed by Hartjes et al. (2016) to minimize

flight time (or distance flown) in areas sensitive to persistent contrail formation, by Lührs et al. (2021) to minimize average
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temperature response over the next 20 years (ATR20) associated with the non-CO2 emissions, and by Vitali et al. (2021)

to minimize the global warming potential (GWP) of NOx, H2O, soot, SO2, and contrails. Using aCCFs to quantify climate55

impacts, Yamashita et al. employed a genetic algorithm to determine climate optimal aircraft trajectories (Yamashita et al.,

2020, 2021). Regarding the optimization methodologies, the mathematical programming methods only apply to the simplified

aircraft trajectory optimization problems (e.g., in the study conducted by Campbell et al. (2008), the aircraft’s dynamic be-

havior is represented with a linearized model). The meta-heuristic methods (e.g., Genetic algorithm) require very fast aircraft

trajectory prediction in order to find an optimal solution with a large number of iterations; thus, the flight planning problem is60

usually approximated with a simplified but representative enough problem (e.g., in Yamashita et al. (2020), the optimization is

defined with 11 decision variables to characterize lateral path and flight altitude, and the speed profile is considered constant).

Finally, with the optimal control methods, the capability to model more accurate aircraft trajectory optimization problems is

provided since the problem is represented as a dynamical optimization problem. Nevertheless, there are some drawbacks as-

sociated with addressing the formulated problem. The dynamic programming method (as an optimal control approach) results65

in the "curse of dimensionality" for complex problems (e.g., a full 4D aircraft trajectory optimization problem). Regarding the

indirect optimal control approach, deriving analytical solutions using Pontryagin’s maximum principle is daunting, especially

for problems with singularities (e.g., only a 2D trajectory optimization problem has been addressed in the literature (Sridhar

et al., 2011)). The direct optimal control approach, despite being very flexible in modeling aircraft trajectory optimization prob-

lems (e.g., considering a full 4D dynamical model with nonlinear path and boundary constraints (Lührs et al., 2021)), has a70

high sensitivity to initial conditions and, thus, local optimality is its main drawback. Besides, considering the airspace structure

with indirect and direct optimal control methods is not straightforward. Interested readers are referred to Simorgh et al. (2022)

for our recent, comprehensive survey on climate optimal aircraft trajectory planning, reviewing both the approaches to model

climate-sensitive regions and trajectory planning methods. A classification of the most recent studies in this field is provided

in Table 1.75

To quantify the non-CO2 climate effects, specific weather variables are required. In the case of aCCFs, variables such as

temperature (T), potential vorticity (PV), geopotential (�), relative humidity over ice (rhum), and outgoing longwave radiation

(OLR) are needed. These variables are obtained from standard weather forecasts. Several factors, including incomplete un-

derstanding of the state of the atmosphere, computational complexity, and nonlinear and sometimes chaotic dynamics, affect

the accuracy of weather predictions, implying that the weather forecast is inevitably uncertain (WMO, 2012). These weather80

forecast-related uncertainties in the aCCFs and also in aircraft dynamical behavior (e.g., uncertainty in wind and temperature),

if not accounted for within aircraft trajectory planning, can lead to inefficient trajectories. Previous research in the field of cli-

mate optimal aircraft trajectory planning has been conducted in a deterministic manner, neglecting the inclusion of any sources

of uncertainty (see Table 1) (Simorgh et al., 2022). A first step in managing and integrating meteorological uncertainties into

aircraft path planning is to obtain reliable weather forecasts that can predict probable variations in meteorological conditions.85

To characterize weather forecast uncertainties, probabilistic weather forecasting (PWF) is typically used (AMS-Council, 2008).

State-of-the-art probabilistic weather forecasting is obtained from the ensemble prediction system (EPS), which provides NEPS

possible realizations of meteorological conditions called ensemble members (Bauer et al., 2015).
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When accounting for the ensemble weather forecast in solving aircraft trajectory optimization, the computational time is an

important issue that arises besides the capability to consider such uncertainties. This is due to the fact that, instead of taking90

one weather forecast and solving the trajectory optimization in a deterministic manner, the optimizer should be capable of

consideringNEPS (e.g.,NEPS= 50) different forecasts. Several studies have been proposed in the literature to determine robust

aircraft trajectories in the presence of meteorological uncertainty quanti�ed using EPS weather forecast (though not consid-

ering climate impact (Simorgh et al., 2022)). However, these studies suffer mainly from computational perspectives (i.e., the

computational time of the optimizer when considering weather uncertainty) and some restrictive assumptions (e.g., inaccurate95

modeling of the aircraft dynamical model or ignoring important decision variables such as the �ight altitude) (Simorgh et al.

(2022), Subsection 5.3). For instance, in the study conducted by González-Arribas et al. (2018), a robust aircraft trajectory op-

timization problem is solved using the optimal control approach within fully free-routing airspace. In this approach, the effects

of uncertainty are included in the optimization problem by expanding the dynamical model of the aircraft (almost) linearly

to the number of ensemble members, resulting in a larger dimensional deterministic optimization problem. Thus, it requires100

a higher computational time compared to the deterministic �ight planning problem. Besides, the �ight planning problem is

limited to optimizing only the lateral path. As for the structured airspace, Franco Espín et al. (2018) proposed uncertain �ight

plan optimization using mixed-integer linear programming (MILP). Similarly, the optimization in this study is performed in

2D airspace. In addition, the fuel burn and its associated nonlinearities are ignored, and it has a sizeable computational cost of

several minutes. In this respect, developing ef�cient trajectory optimization solvers capable of delivering robust climate opti-105

mal trajectories with the computational time compatible with operations has been identi�ed as a scienti�c gap (see Simorgh

et al. (2022)).

The focus of recent studies has been restricted to planning climate optimal trajectories considering the concept of future free-

route airspace (see last column Table 1); thus, not applicable for the structured airspace of today. The trajectory optimization

problem constrained by the structure of airspace results in hybrid decision spaces (e.g., route and �ight level are discrete,110

and speed schedule is continuous) (González-Arribas et al., 2023). The trajectory optimization problem with the combination

of discrete and continuous decision variables is one of the most challenging optimization problems, typically solved using

mixed-integer nonlinear programming with intensive computational cost (e.g., see Bonami et al. (2013)).
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Table 1. A classi�cation of the recent studies in the literature proposed to reduce the climate impact of aircraft emissions with aircraft

trajectory optimization.

Source Climate variable Optimization method Type Routing

Soler et al. (2014) CO2, Contrails Multiphase mixed-integer optimal control Deterministic Free-routing

Grewe et al. (2014a) NOx , H2O, CO2, Contrails Brute force algorithm Deterministic North atlantic track system

Hartjes et al. (2016) Contrails Direct optimal control Deterministic Free-routing

Lührs et al. (2016) NOx , H2O, CO2, Contrails Direct optimal control Deterministic Free-routing

Lim et al. (2017) Contrails, CO2 Nonlinear programming Deterministic Free-routing

Matthes et al. (2017) NOx , H2O, CO2, Contrails Direct optimal control Deterministic Free-routing

Niklaß et al. (2017) NOx , H2O, CO2, Contrails Direct optimal control Deterministic Free-routing

Yin et al. (2018b) Ozone Genetic algorithm Deterministic Free-routing

Yin et al. (2018a) Contrails Genetic algorithm Deterministic Free-routing

Niklaß et al. (2019) NOx , H2O, CO2, Contrails Direct optimal control Deterministic Free-routing

Yin et al. (2022) NOx , H2O, CO2, Contrails Genetic algorithm Deterministic Free-routing

Yamashita et al. (2020) NOx , H2O, CO2, Contrails Genetic algorithm Deterministic Free-routing

Matthes et al. (2020) NOx , H2O, CO2, Contrails Direct optimal control Deterministic Free-routing

Lührs et al. (2021) NOx , H2O, CO2, Contrails Direct optimal control Deterministic Free-routing

Yamashita et al. (2021) NOx , H2O, CO2, Contrails Genetic algorithm Deterministic Free-routing

This work NOx , H2O, CO2, Contrails Augmented random search Robust (Meteorology) Structured airspace

Drawing upon the brief literature review and the presented open problems, we aim to address the problem of determining

robust climate optimal aircraft trajectory within the structured airspace in this study. Our main contributions are summarized115

as follows: 1) full 4D climate optimal trajectory planning within the currently structured airspace, 2) accounting for uncertain

meteorological conditions and uncertainty associated with initial �ight conditions such as departure time and aircraft initial

mass, and 3) determining the optimized trajectory computationally very fast. The uncertainty in weather forecast is charac-

terized using the ensemble prediction system, and aviation's climate impacts are quanti�ed by employing the latest version

of aCCFs (V1.0A). The concept of robustness that we refer to is the determination of the aircraft trajectory considering all120

possible realizations of meteorological variables provided using an EPS weather forecast. In other words, instead of planning a

trajectory based on one forecast in a deterministic manner, we aim to determine a trajectory that is optimal considering the over-

all performance obtained from using different members of an ensemble weather forecast. In this respect, from the operational

point of view, the optimized trajectory is tracked as determined, and the effects of meteorological uncertainties are re�ected
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in the �ight performance variables such as �ight time, fuel burn, and climate impact. Mathematically, the perturbations due to125

the meteorological uncertainty are considered in the dynamical model of aircraft, and the proposed trajectory optimization is

generic in terms of the objective function, in which a wide range of objectives, such as �ight time, fuel consumption, emissions,

and climate impact, and different statistics including expected values and variance of the performance variables can be con-

sidered. Such �exibility in de�ning the cost function allows for solving a multi-objective optimization problem. Moreover, by

penalizing the mean and variance of the objectives, the effects of uncertainty on �ight variables can be controlled. In this study,130

the �ight planning objective is a weighted sum of the simple operating cost (as a function of �ight time and fuel consumption)

and climate impact. The focus is restricted to optimizing the expected performance since, as will be shown in the simulation

results, minimizing the averaged performance leads to reducing the uncertainty ranges for the considered case studies.

We employ the probabilistic �ight planning method �rstly developed by González-Arribas et al. (2023) to determine robust

climate optimal trajectories for three phases: climb, cruise, and descent. In this approach, to account for discrete and continuous135

decision variables in an integrated manner, the optimization is carried out on the space of probability distributions de�ned over

�ight plans instead of directly searching for the optimal pro�le. Then, the probability distribution over �ight plans is param-

eterized, allowing to generate multiple �ight plans stochastically. The augmented random search algorithm is employed and

implemented on GPUs to deliver a near-optimal solution to the resulting stochastic optimization in seconds. We have developed

an open-source Python library called ROOST V1.0 (Robust Optimization of Structured Trajectories) based on the proposed ro-140

bust aircraft trajectory optimization technique, which is currently available via DOI (https://doi.org/10.5281/zenodo.7121862).

ROOST is a tool that ef�ciently uses the information provided by the prototype aCCFs (implemented in our recently developed

python library CLIMaCCF V1.0 (DOI: https://doi.org/10.5281/zenodo.6977273) (Dietmüller et al., 2022)) for planning climate

optimal trajectories accounting for the operational constraints and uncertainty. It should be noticed that CLIMaCCF V1.0 is

the �rst release of the python library, which includes both versions of aCCFs, i.e., V1.0 and V1.0A. For performing aircraft145

trajectory optimization in this study, we use aCCFs V1.0A. Users need to input the required weather variables, route graphs,

and aircraft type speci�cations to start working with the library. In addition, users should assign values to the weighting param-

eters associated with different objectives in the objective functions. This paper is mainly devoted to the climate optimal aircraft

trajectory planning algorithm implemented in the library and its application to optimize different case studies. Instructions to

get started with the library can be found in the repository of ROOST.150

The manuscript is arranged as follows. The robust climate optimal aircraft trajectory planning problem is stated and formu-

lated in Section 2, and solved in Section 3. The potential of our �ight planning algorithm in reducing aviation-induced climate

impacts under uncertain meteorological conditions is explored in Section 4. Finally, the discussion on the obtained results and

concluding remarks are presented in Section 5.

2 Problem statement155

The aviation-induced non-CO2 climate effects have a direct dependency on atmospheric conditions at the location and time of

emissions. In this respect, generating �ight plans that could potentially minimize emissions in areas with high sensitivity to
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aircraft emissions in terms of climate change is a step towards climate-friendly air transport. To enable such a �ight planning

strategy, information on climate-sensitive areas is required �rst. Once climate information is available, it needs to be included in

�ight planning tools to generate eco-ef�cient trajectories. It is worth mentioning that to generate reliable trajectories, different160

sources of uncertainty need to be identi�ed, understood, and quanti�ed.

The focus of this study is on determining robust �ight plans taking into account meteorological uncertainty and uncertainty

associated with the initial �ight conditions. In this respect, we start by presenting a general formulation of the dynamical

optimization problem with uncertainty in Subsection 2.1, which is then employed to model the proposed robust �ight planning

(in Subsection 2.2). In Subsection 2.3, the effects of meteorological uncertainty on the ef�ciency of climate optimal trajectories165

are discussed, and the motivation to solve robust trajectory optimization is provided.

2.1 General formulation of dynamical optimization problem with uncertainty

We present a general formulation of a dynamical optimization problem with the inclusion of uncertainty effects, focusing

mainly on the dynamical model and objective function.

Let us consider a class of dynamical systems with uncertainty as follows:170

_x(t; ! ) = f
�
t; x(t; ! );u(t; ! );z(t; ! ); � (! )

�
: (1)

whereu 2 Rn u , x 2 Rn x , andz 2 Rn z are the vectors of control inputs, states and algebraic variables, respectively andf is a

vector �eld, mappingR� Rn z � Rn x � Rn u � Rn � ! Rn x . The uncertain parameters (denoted with� 2 Rn � ) are considered as

continuous random variables and assumed to have known probability distribution functions� (�) : 
 ! Rn � , where
 is a space

of possible outcomes. The random variables take different values depending on the probable outcomes (i.e.,� (! ) for ! 2 
 ).175

The nonlinear functionf (�) is assumed to be a measurable function in� . To emphasise on the effects of random variables on

the system's trajectories, all the variables were denoted with dependency on possible outcomes (e.g.,x(t; ! )). For the sake of

improving clarity, the abbreviated notation (e.g.,x(t)) will be used in the following.

A general form of the cost functional considered for dynamical optimization problems with uncertainty is:

J = E
�

M
�
t0;x(t0); t f ;x(t f )

�
+

t fZ

t 0

L
�
t; x(t);u(t);z(t); �

�
dt

�
(2)180

whereM : R� Rn x � R� Rn x ! R andL : R� Rn x � Rn u � Rn z � Rn � ! R are the Mayer and Lagrangian terms, respectively.

Notice that the objective function and also dynamical model are similar to what is usually considered within the context of

optimal control theory. Although the objective function is written in terms of using the expectation operator, other statistics

can be evaluated under this formulation. For instance, one can include the variance of a functionA(� ) as:Vf Ag = E
��

A �

Ef Ag
� 2	

= Ef A2g � Ef Ag2, whereVf�g is the variance operator. Depending on the benchmark problem, several constraints185

such as equality and inequality path and boundary constraints are considered (see Simorgh et al. (2022)).

The objective of the stated dynamical optimization problem is to �nd a feasible control policy (u 2 U) to minimize the perfor-

mance index (Eq. (2)) respecting a set of constraints, including dynamical constraints (Eq. (1)). Depending on the benchmark
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problem, reformulations and approximations are normally made to address the required performance, such as computational

complexity. In this study, we will slightly reformulate the optimization for the proposed path planning problem.190

2.2 Robust climate optimal �ight planning problem formulation

The de�nition of the aircraft trajectory optimization problem mainly requires the aircraft dynamical model, �ight planning

objectives, and physical and operational constraints. To consider climate impact within aircraft trajectory planning, information

on the climate impacts of CO2 and non-CO2 emissions are necessary and needs to be included in the objective function. In the

following, the modeling of the mentioned elements is brie�y presented.195

2.2.1 Aircraft dynamical model

To determine reliable aircraft trajectories, accurate aircraft dynamical models are necessary. In this work, the point-mass model

with the following equations of motion is used to represent the aircraft's dynamical behavior, as is usually considered within

air traf�c management studies:
2

6
6
6
6
6
6
6
6
4

_�
_�
_h

_v

_m

3

7
7
7
7
7
7
7
7
5

=

2

6
6
6
6
6
6
6
6
4

�
vcos
 cos� + wy (! )

��
RM (� ) + h

� � 1

�
v cos
 sin� + wx (! )

��
(RN (� ) + h)cos�

� � 1

vsin

�
T(CT ) � D (CL )

�
m� 1 � gsin


� FF (T(! );CT )

3

7
7
7
7
7
7
7
7
5

;

State variables(x) :
h
� � h v m

i T
;

Control variables(u) :
h
CT � 


i T
: (3)200

where� is the latitude,� is the longitude,v is the true airspeed,h is the altitude,m is the mass,CT is the thrust coef�cient,


 is the climb angle,� is the heading angle,CL (
 ) = (2 mgcos
 )=(�v 2S), and(wx ;wy ) are wind components. The Earth's

ellipsoid radii of curvature in the meridian and the prime vertical are denoted withRM andRN , respectively,T is the magnitude

thrust force and the drag force is denoted withD . g is the Earth's gravity,FF is the fuel �ow, andS is the wetted surface of the

aircraft. The BADA4.2 model (Gallo et al., 2006) is employed to provide the aerodynamic and propulsive performance of the205

aircraft. Notice that we used the notation presented in Subsection 2.1 (i.e.,! ) to represent the uncertainty in the temperature

and components of wind. The realization of the state and control variables depends on uncertainty; e.g., for mass,m = m(t; ! );

in the interest of notational clarity, we use the abbreviated notationm.

Structured airspace

As trajectory optimization in this study is performed within the structured airspace, the evolutions of aircraft states are con-210

strained. In the following, we brie�y present our proposed modeling of airspace structure and �ight plan.
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We consider a directed acyclic graphG = ( V;E) to model the airspace withV as the navigation waypoints ande2 E as the

airway edges connecting waypoints. The trajectory is assumed to start at the end of the standard instrument departure procedure

(SID) and end at the beginning of the standard instrument arrival procedure (STAR) to the destination airport, denoted aso 2 V

andd 2 V , respectively. We de�ne the �ight planF with a tuple(R; FL;M;C;D;dD ). In the �ight plan (F ), the route (or215

lateral path) denoted asR includes a sequence of waypoints i.e.,R := ( r 0; r 1; � � � ; r n r ). The vertical pro�le of the cruise,FL,

is composed of an ordered sequence of tuples of the form(r k ;FLk ), indicating that, if the aircraft is in the cruise phase, the

�ight level will be changed to FLk when the waypointr k is reached (see Fig. 1). The Mach scheduleM := ( M0;M1; � � � ;Mn r )

indicates the target Mach number Mk at waypointr k , during the cruise phase. Climb and descent pro�lesC;D : R ! R are

represented by continuous and piecewise-differentiable functions mapping the altitude to the target airspeed during the climb220

and descent phases, respectively. Finally, a scalar variabledD shows the distance-to-go to the destination node at which the

aircraft should end the cruise and start the descent phase.

Figure 1. Structure of airspace. The route graph is generated by processing the full airspace graph to include paths from the end of the SID

to the beginning of the STAR to the destination airport.

2.2.2 Objective function

The goals of the aircraft trajectory optimization problem are interpreted mathematically and de�ned as an objective function

to be minimized (or maximized). In addition to the climate impact, the operating cost is a crucial aspect that needs to be225
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considered as it is one of the main interests of airliners. Generally, there is a trade-off between the operating cost and climate

impacts. This is due to the fact that rerouting sensitive areas to climate increases operational costs as the aircraft tends to �y

longer routes (Niklaß et al., 2021). To consider both objectives in the trajectory optimization, we de�ne the following objective

function:

Objective function=  CST � Operating cost+  CLM � Climate impact (4)230

where CST and CLM are weighting parameters penalizing cost and climate impact, respectively. In the following, the proposed

modeling of these two objectives is presented.

Operating cost

There exist various approaches to account for operating costs within aircraft path planning. Flight time or/and fuel are common

objectives. However, more realistic cost metrics exist, which include additional costs such as �ight crew, cabin crew, and235

landing fees. Interested readers are referred to Simorgh et al. (2022) for a classi�cation of these metrics.

In this study, we use simple operating cost (SOC) as a metric expressing cost in USD with linear relation to �ight time and

fuel consumption:

Operating cost=  t � Exp. Flight time+  m � Exp. Fuel burnt

Exp. Flight time: E
�

FT
	

:= E
�

t f (! ) � t0(! )
	

Exp. Fuel burnt: E
�

FB
	

:= E
�

m0(! ) � mf (! )
	

(5)

wheret0 andt f are the initial �ight time and �nal �ight time weighted by t = 0.75 [USD/s], andm0 andmf are the initial240

mass and �nal mass weighted by m = 0.51 [USD/kg]. The expectation operator is used here because the meteorological

uncertainty (included in the aircraft dynamical model) and also uncertainty due to initial conditions directly affect the �ight

time and fuel consumption.

In spite of considering only �ight time and fuel consumption to represent the operating cost, it was reported in Table 4 of

Yamashita et al. (2020) that employing SOC and a more comprehensive metric such as cash operating cost within trajectory245

optimization delivered almost similar results. This is because these two metrics, in the end, consider �ight time and fuel

consumption as inputs to estimate the operating cost.

Climate effects induced by aviation

Numerous approaches have been proposed in the literature to consider climate impact within aircraft trajectory planning strate-

gies (see Table 1 and Figure 2 of (Simorgh et al., 2022)). In this study, the climate impact of aircraft operations is modeled using250

the prototype aCCFs. These aCCFs take as input speci�c meteorological variables (e.g., temperature and relative humidity) and

estimate the climate impact in terms of average temperature change. The suitability of aCCFs for climate optimal trajectory

planning can be justi�ed as follows:
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– aCCFs account for the temporal and spatial dependency of climate impacts associated with non-CO2 species, including

ozone and methane, resulted from NOx emissions, water vapor emissions, and persistent contrails.255

– aCCFs estimate the climate impact associated with aircraft emissions computationally in real-time, making it well-suited

for climate optimal trajectory planning.

– aCCFs directly quantify climate impacts in average temperature change.

The aCCF V1.0 reported by Yin et al. (2022), is the �rst complete and consistent set of prototype aCCFs, providing spatial

and temporal dependent non-CO2 climate effects in terms of average temperature response over the next 20 years for pulse260

emission scenario (P-ATR20). In this study, we use the latest version of aCCFs, i.e., aCCF V1.0A developed by Matthes et al.

(2023) within the EU project FlyATM4E, which has been calibrated to the state-of-the-art climate response model AirClim

(Dahlmann et al. (2016)).

The aCCFs V1.0A are multiplied by some factors in order to be more suitable for the �ight planning application.

– Metric conversion: The selection of a suitable metric depends on the question to be answered (see Grewe and Dahlmann265

(2015) for more details); therefore, different questions require the use of different metrics. The P-ATR20 metric was

selected as a metric for the aCCFs, to assess the impact of a “simple” pulse emission. However, factors are available

(see Dietmüller et al. (2022)) to convert P-ATR20 to other metrics, for example, assuming the future emission scenario

or longer time horizons. This way, one can select the emission scenario and time horizon that are best suited for their

question. In this study, the F-ATR20 metric is used to assess the climate effect reduction obtained by steadily applying270

a speci�c routing strategy under the assumption of a future business-as-usual emission scenario. To this end, the aCCFs

based on the pulse emission scenario are converted to the future scenario (F-ATR20) using values reported in Table 3 of

Dietmüller et al. (2022). These conversion factors were derived by simulations with the climate response model AirClim

(Dahlmann et al. (2016)): one simulation with pulse emission and one with the future emission scenario. By comparing

the two simulations, the factors can be derived.275

– Ef�cacy : Ef�cacies were introduced to take into account that the radiative forcing of some non-CO2 forcing agents

(e.g., ozone, methane, contrails) is less or more effective in changing the global mean near-surface temperature per unit

forcing compared to the response of CO2 forcing (Hansen et al. (2005); Ponater et al. (2007)). Dietmüller et al. (2022)

have summarized the ef�cacy parameters reported by Lee et al. (2021). For a detailed explanation of ef�cacy, the reader

is referred to the state-of-the-art literature (e.g., Ponater et al. (2007); Rap et al. (2010); Bickel et al. (2020)).280

For the sake of compactness of notation, F-ATR20 (from aCCF V1.0A) with ef�cacy parameters is replaced with ATR in the

following.

For the aCCFs of (day-time and night-time) contrails, the ice-supersaturation is applied, using temperature and relative hu-

midity over ice in order to predict regions where persistent contrails are expected to form, called persistent contrails formation

areas (PCFA) (Schmidt (1941), Appleman (1953)). To represent the climate impacts using aCCFs in the average temperature285

change (i.e., [K]), fuel consumption rate, NOx emissions, and distance �own through PCFA are required.
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Figure 2. Algorithmic climate change functions of (a) water vapour, (b) NOx, (c) contrails, and (d) of the total non-CO2 effects on 13th of

June 2018, 00:00 UTC over European airspace at FL340.

The geographical aCCF pattern of water vapour, NOx induced ozone (production) and methane (destruction), as well as of

contrail is shown in Fig. 2a-c for 13th of June 2018, 00:00 UTC over the European region at FL340. Moreover, Fig. 2d shows

the pattern of the merged non-CO2 aCCFs that combines the individual aCCFs (Fig. 2a-c). Note that to generate the merged

aCCFs and to compare the contribution of each species, we adopt typical transatlantic �eet mean values to unify the units of290

aCCFs in K/kg(fuel). The approximated conversion factors for NOx emissions and contrails are13� 10� 3Kg(NO2)=Kg(fuel)

and0:16� km/Kg(Fuel), respectively (Graver and Rutherford (2018), Penner et al. (1999)). It is clear from the merged aCCFs

that the contrails have dominant climate effects, which is in line with related studies employing aCCFs (e.g., see Dietmüller

et al. (2022)).

To bene�t from the spatial and temporal dependency of non-CO2 climate effects identi�ed using aCCFs in planning climate295

optimal trajectories, we de�ne the following objective expressed in the Lagrangian form for Eq. (4):

Climate impact= Exp. ATR: E
�

ATR
	

:= E
�

t fZ

t 0

5X

i =1

 ATR;i � ATRi
�
t; x(t);u(t); �

�
dt

	
(6)
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for i 2 f CH4;Cont.;O3;H2O;CO2g:

ATRO3 (t; x ;u; � ) = 10 � 3 � aCCFO3

�
t; x ; � ) � _mnox (t; � )

ATRCH4 (t; x ;u; � ) = 10 � 3 � aCCFCH4

�
t; x ; � ) � _mnox (t; � )

ATRCont.(t; x ;u; � ) = 10 � 3 � aCCFCont.(t; x ; � ) � vgs(t; � )

ATRH2 O(t; x ;u; � ) = � aCCFH2 O(t; x ; � ) � _m(t; � )

ATRCO2 (t; x ;u; � ) = � aCCFCO2 � _m(t; � ) (7)

where� (�) :=
h
wx (�) wy (�) T(�) OLR(�) PV(�) �( �) rhum Fin(�) q(�) t0(�) m0(�)

i
is a vector of uncertain vari-300

ables, i.e., meteorological variables and initial �ight conditions. In addition,_mnox (t) = FF (t; u)�EINOx (t; x ;u), where EINOx (�)

is the actual NOx emission index in [g(NO2)/kg(fuel)], andvgs is the ground speed. The NOx emission index varies with many

factors such as aircraft type, fuel �ow, �ight altitude, and synoptical situation. To consider such dependencies, the Boeing

fuel �ow method 2 (BFFM2), calculating the actual emission index of NOx from the reference conditions, is adopted (DuBois

and Paynter, 2006; Jelinek, 2004). The reference conditions are obtained from the International Civil Aviation Organization305

(ICAO) data bank1. Notice that the objective regarding climate impact is expressed in the Lagrangian form (i.e., as integral)

since the climate impact needs to be evaluated (and accumulated) along the route, unlike the operating cost, which requires

only information on boundary values (e.g., initial and �nal �ight time). Notice that we de�ne the objectives considering the

expected performance. One can use other statistics, such as variance, without loss of generality. For instance, to penalize the

range of uncertainty on climate impacts,Vf ATRg = Ef ATR2g � Ef ATRg2 should be included in the objective function. For310

the considered case studies, it will be shown that minimizing the expected objective function will reduce the uncertainty on

the most uncertain variable for the climate optimal routing option, thus providing a robust solution without penalizing the

deviation.

2.3 Effects of weather-induced uncertainty on climate

The dynamical model of aircraft requires weather-related variables such as wind and temperature (e.g., see Subsection 2.2.1).315

In addition, the non-CO2 climate effects of aviation included in the objective function of the optimization problem strongly

rely on weather conditions. Since the required meteorological variables are obtained from standard weather forecasts, they are

inevitably uncertain. It is worth mentioning that there exist other sources of uncertainty affecting the ef�ciency of the planned

climate optimized trajectories, including uncertainty from climate science (e.g., modeling and estimating aviation-induced

climate effects), emission calculation, and also inaccurate modeling of aircraft behavior, which are not the scope of this paper320

but have been identi�ed as open problems (see Matthes et al. (2023)).

In this paper, the focus is on forecast-related uncertainties, which will be characterized by employing ensemble prediction

system (EPS) weather forecasts, a numerical weather prediction method introduced to deal with uncertainty in weather forecast

(Bauer et al., 2015). These are forecasts in which both the initial conditions and the physical parameters of a numerical weather

1https://www.easa.europa.eu/en/domains/environment/icao-aircraft-engine-emissions-databank
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integration model are slightly modi�ed from one member to another and provideNEPS (typically NEPS = 50) different predic-325

tions known as ensemble members (Bauer et al., 2015). Each member of an ensemble represents one possible realization of

meteorological situations. As the aCCFs take as inputs some meteorological variables,NEPSdifferent aCCFs can be calculated

for an EPS weather forecast. For instance, meteorological variables temperature and relative humidity over ice are required

for the aCCF of night-time contrails. Notice that relative humidity over ice is required for identifying ice-supersaturated areas.

FeedingNEPS probable realizations of these meteorological variables (i.e., ensemble members),NEPS different aCCFs (i.e.,330

aCCFConti for i = 1 ; � � � ;NEPS) are calculated. The same applies to system dynamics (considering uncertainty in temperature

and wind) and also the NOx emission index (due to the dependency on ambient temperature and speci�c humidity).

To investigate the degree of uncertainty (or variability) in the meteorological variables provided by an EPS and its effects

on the computed aCCFs, we take the standard deviation (STD) from ten ensemble members of weather data obtained using

the ERA5 reanalysis data products2. It should be noted that the reanalysis data products are generated from post-processing335

with observations. Thus, the variability among the ensemble members is expected to be lower than the forecast data with more

ensemble members, yet still is valid to illustrate. Figure 3 shows the STD of weather-variables required to calculate aCCFs

and aircraft trajectory on 13th of June 2018, 00:00 UTC, at FL340. The STD is taken over the normalized variables (with

respect to their maximum values) for comparison purposes. The variability of geopotential, temperature, and wind is small

compared to potential vorticity, outgoing longwave radiation, and relative humidity. The STDs of the calculated aCCFs based340

on the ensemble members are illustrated in Fig. 4. Since the aCCF of NOx emission (i.e., methane and ozone) depends on

geopotential and temperature, its STD is small compared to the aCCFs of water vapor and night-time contrails, which are

based on potential vorticity and relative humidity (when applying the ice-supersaturated condition), respectively. Notice that

the uncertainty in the climate impact of contrails is much higher than water vapor due to the variability of relative humidity in

satisfying the persistency condition of contrails (see STD of PCFA in Fig. 4). Due to the considered time (i.e., 00:00 UTC), the345

aCCF of contrails is based on the formulation of night-time aCCFs. In spite of negligible uncertainty in the aCCF of NOx, and

also relatively low uncertainty in the aCCF of water vapor compared to aCCF of contrails, due to the dominant climate impact

of contrails, the net non-CO2 climate effect is considerably uncertain (see STD of the merged aCCFs in Fig. 4), which must be

crucially taken into consideration.

Fig. 5 shows how uncertainty in meteorological variables can affect the performance of aircraft trajectories. As can be seen,350

these uncertainties are accumulated and can considerably degrade the ef�ciency of the optimized trajectory if not considered in

the aircraft trajectory planning a priori. No recent study on the determination of climate-optimized trajectories has considered

the robustness in the sense of uncertainty in weather forecasts. One of the main reasons for not considering such variations is the

computational time that arises within the optimization techniques. In fact, instead of considering one member, the optimization,

in this case, is to considerNEPS ensemble members (e.g., 50) and �nd an optimized trajectory to be optimal with respect to355

all probable realizations of meteorological variables. Such an increase of dimensions is daunting to cope with employing the

classical dynamical optimization approaches such as direct optimal control.

2https://cds.climate.copernicus.eu/
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