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Abstract.

Contrail avoidance through flight deviations is thought to be the fastest way to reduce aviation-related warming. Nevertheless,
uncertainty in contrail model accuracy makes it difficult to prioritize contrails for avoidance according to their predicted
warming. To minimise the effect of model disagreement on contrail avoidance decisions, we reformulate the selection of
candidate contrails for avoidance as an aggregation problem — a family of problems enabling joint decisions by several agents
(contrail models) with different preferences. We compare several aggregation rules to determine whether using multiple
contrail models can increase savings in the lifetime total extinction when compared to just using the most popular model,
CoCiP. In the absence of a ground truth, we use the lifetime total extinction from a high-fidelity large eddy simulation (LES)
as a proxy for the real warming. We test these aggregation strategies with two real models, and synthetic contrail model results
(produced by applying a chosen functional bias and random noise to the reference results). For interpretability, we describe a
contrail model as “moderately correlated” if its Pearson correlation coefficient relative to the reference lies between 0.50 and
0.60. We find that two separate aggregation strategies using two moderately correlated contrail models is expected to avoid
20 % more lifetime total extinction relative to using CoCiP by itself. This improvement rises to 33 % when using three
moderately correlated contrail models. Since two aggregation strategies with different working principles achieve similar

reductions in the lifetime total extinction, they may improve the efficacy of warming-based contrail avoidance.

1 Introduction

Given the ongoing climate emergency and the short remaining window to mitigate its impact, it is imperative to take rapid
action to achieve a timely reduction of anthropogenic warming. However, due to increasing demand and stagnating reductions
in emissions, the aviation industry increasingly burdens the climate. The approximately equal climate contribution of aviation
carbon dioxide and contrails (Lee et al., 2021) makes both decarbonisation and contrail mitigation crucial. However, unlike
decarbonisation, contrail mitigation through in-flight rerouting does not require changes to the aircraft configuration or airport

infrastructure, making it one of the fastest ways to reduce the climate impact of aviation (Smith et al., 2026).
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Contrail avoidance strategies can be organised into one of two categories: randomised strategies and warming-based strategies.
Randomised strategies randomly select contrails to avoid, and so they are agnostic to the estimated contrail warming (e.g.
Avila et al., 2019; Sonabend-W. et al., 2024). Warming-based strategies determine which contrails to avoid according to the
simulated warming of potential contrails (e.g. Teoh et al., 2020a; Teoh et al., 2020b; Dean et al., 2025; Elmourad, 2023; Martin
Frias et al., 2024).

Despite the necessity to eliminate contrails, both types of avoidance strategies are subject to risks of exacerbating global
warming. First, it is possible that any contrail avoidance strategy results in a warming increase if the fuel burn penalties from
avoidance moves cumulatively outweigh the warming reduction from avoiding the contrail. In a recent study by Smith et al.
(2026) it was estimated that this risk is low (a 9 % chance for an increase in the temperature by the year 2100 even in the most
pessimistic model sets assuming a fleet-wide fuel burn penalty of 10 %), so it is excluded from further discussion. The second
type of risk only afflicts warming-based contrail avoidance. Consider a contrail model that has a contrarian bias, such that
cooling contrails are predicted to be warming and vice-versa. In such a case, it is possible for cooling contrails to be avoided
systematically, resulting in a net detriment to the climate. The randomised contrail avoidance strategy circumvents this by
targeting the same proportion of all types of contrails. Hence, although warming-based strategies have the potential to be more
effective than the randomised strategy, their safe use requires good understanding of the behaviour and limitations of the
contrail models employed in them, including performance evaluations against reference validation data.

Obtaining validation data for contrail models is challenging due to the difficulties associated with observing the full contrail
lifetime. Contrails begin as narrow, line-shaped clouds and, if they persist for long enough, they can become widespread,
amorphous, and dispersed, making them hard to distinguish from natural cirrus (Kércher, 2018). Considering the practical
limitations of ground-based sensing techniques (e.g. Schumann et al., 2013) and remote sensing techniques (Euchenhofer et
al., 2025; Driver et al., 2025), no single contrail observation technique can track the contrail properties from inception to
demise. Furthermore, meteorological uncertainties likely place a fundamental limit to the accuracy of the warming predictions
made through modelling, even when modelling uncertainties are accounted for (Xu, 2024) or eliminated (Wilhelm et al., 2021).
Thus, time-evolving data of different contrails (referred to as ground truth), and not just single snapshots in time, are necessary
to validate the evolution of modelled contrails by constraining their uncertainty ranges when evaluated on the reference cases.
Although it is not yet possible to obtain a ground truth dataset from current observational techniques, contrail model
intercomparisons are starting to emerge in the literature. Akhtar Martinez et al. (2025), showed that the open-source contrail
models CoCiP and APCEMM disagreed in their predictions of lifetime total extinction (a proxy for climate impact) by a factor
of 3.8 under equivalent meteorology. A further intercomparison by Akhtar Martinez et al. (2026b; preprint) indicates that there
is disagreement between contrails simulated in APCEMM and equivalent contrails simulated in the large eddy simulation
(LES) model EULAG-LCM. Overall, these intercomparisons reveal that there may be irreconcilable differences between
contrail plume models of different fidelities and scales.

Contrail model disagreement may have adverse effects on contrail avoidance. At worst, contrail model disagreement may act

as a barrier to the deployment of regulatory measures necessary to perform contrail avoidance (due to the low apparent level
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of scientific understanding). At best, contrail model disagreement could limit the efficacy of contrail avoidance. Circumventing
this dilemma by discarding all but a single contrail model is not advisable because this only hides the modelling uncertainties
instead of reducing them.

As far as we know, no solutions have been proposed in the literature to make warming-based avoidance decisions under model
disagreement. We aim to address this by considering the entire set of candidate contrails for avoidance simultaneously
(avoidance on an ensemble basis) instead of considering them individually (avoidance on a case-by-case basis). This allows
for the normalisation of the solution space for each model, after which the candidate contrails can be compared across models.
By then treating the contrail models as decision-making agents with preferences, group decisions may be reached by using
aggregation strategies. The main objective of this study is therefore to determine whether contrail avoidance decisions can be

improved by using aggregation strategies when compared to contrail avoidance relying on a single contrail model.

1.1 Contrail avoidance and decision-making under uncertainty

Consider a scenario in which the air traffic management (ATM) workload remains high. In it, avoidance through flight
deviation would only be performed for a specific proportion (a) of flight segments predicted to lie in contrail-likely zones
(CLZs). We refer to contrail avoidance on an ensemble basis as the set of warming-based decision-making strategies in which
all flight segments identified to lie within CLZs are considered for re-routing simultaneously, and only a are selected.
Individually, each of the models will produce a different subset of flights recommended for avoidance according to their
simulated warming independently of the diagnostic probabilities associated with contrail avoidance (see Meijer, 2024). Hence,
an aggregation strategy that can robustly select the most impactful flights from the predicted warming (as evaluated by all the
models) is required. This is an example of an aggregation problem.

Aggregation problems are those problems in which group recommendations must be issued by considering the individual
recommendations from numerous stakeholders, sensors, or models (hereafter agents), and they are relevant to a variety of
disciplines (e.g. economics, philosophy, political science, and computer science; Grossi and Pigozzi, 2014). Judgement
aggregation involves making a collective judgement from individual judgements produced by each agent (Grossi and Pigozzi,
2014). Similarly, preference aggregation involves creating a list of preferred candidates based on the preferences of the
individual agents (Grossi and Pigozzi, 2014). In simple terms, aggregation strategies can be thought to work by attempting to
find regions of the evaluation space (the vector space containing all possible evaluations of the available proposals) in which
the different agents agree, discarding some potential outliers, hence reducing epistemic uncertainties.

Aggregation strategies have been used in engineering contexts. For example, voting has been used in sensor fusion to produce
error-resilient collective outcomes given incomplete and imperfect information from multiple sensors (e.g. Urken, 2005;
Montijano et al., 2011). This example reflects how aggregation strategies can be used to mitigate epistemic uncertainties in a
computationally efficient manner when multiple agents are available — making it particularly relevant to the problem of
selecting contrails to avoid under model disagreement. Although aggregation strategies have seen success in the engineering

literature, they are not necessarily guaranteed to produce an improvement in the collective recommendations (see Section 5.2).
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Nevertheless, their low computational cost, traceability, and simplicity are sufficient to motivate their analysis in the context
of contrail avoidance.

Due to the difficulties involved in obtaining ground truth data, we consider a future model set in which whole-lifetime
validation data are available for a small number of contrails. Hence, deep learning approaches for decision-making under
uncertainty are not considered due to their poor suitability for training with sparse data. Another reason to avoid deep learning
methods is that they often behave as logic black boxes. This makes traceability of the decisions at best difficult and at worst
impossible. Aggregation strategies do not have these drawbacks, justifying their use for the mitigation of epistemic
uncertainties in contrail avoidance.

Increasingly, approaches in the contrail literature attempt to capture variability in meteorological model outputs by considering
the spread of ensembles produced by weather models and climate models. For example, Hanst et al. (2025) define the ice
supersaturated region (ISSR) forecast probability as the fraction of the ICON model ensemble members predicting an ISSR.
Hanst et al. (2025) also show that, when creating an ISSR mask from the ensemble, decision-making using probabilistic
forecasts have a higher Matthews correlation coefficient (a metric which is higher with better classification performance) than
decision-making using deterministic forecasts. However, there are two setbacks associated with using probabilistic forecasts
for deciding areas to perform contrail avoidance in. First, such approaches do not account for meteorological scenarios not
included in any of the ensembles. Second, it is not possible to decouple the potential impact of a contrail from the meteorology
due to the epistemic uncertainties associated with modelling. Hence, aggregation techniques used in this study can be used
alongside probabilistic forecast approaches to account for both meteorological and modelling uncertainty. This makes

exploring aggregation strategies worthwhile.

1.2 Types of aggregation strategies
1.2.1 Threshold-based aggregation

If models could vote for which contrails to avoid (given a limited budget), selecting an appropriate set of contrails from the
votes would require the use of judgement aggregation. Here, we consider threshold-based rules (Grossi and Pigozzi, 2014), a
subset of judgement aggregation rules that rely on a threshold number of votes being reached for the selection of a particular
contrail to avoid.

Given a potential contrail s containing all simulations evaluated on the contrail models of interest in a set of all potential
contrails S, threshold-based rules follow the relationship (Eq. 2.3 of Grossi and Pigozzi, 2014):

fiS;V) ={seS|=V"}, (1
where f; is the set of contrails selected for avoidance according to the threshold rule, V" is the threshold number of votes, and
V; is the number of votes for each potential contrail.

Two notable threshold-based rules are the consensus and the majority rules. In the consensus rule, the threshold is equal to the

number of models. In our definition of the majority rule, at least half of the contrail models must have voted for a particular
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contrail for it to be avoided. We do not use the strict majority rule because it collapses to the consensus rule when using two

agents, which is a relevant case considered in this study. These rules are commonly used for day-to-day group decision-making.

1.2.2 Weighted aggregation

We now move away from aggregation using votes from each contrail model and instead consider the predicted contrail
properties directly. For an example of a weighted aggregation rule applicable to contrail models, we first define the loss
function fj,¢; of a set of n contrails to be avoided (Q2 € S) to be the weighted sum of a predicted quantity M from each model,
summed over all potential contrails in ():

fioss(Q) = Tseq X Wi - My (s), ()
where k is the index of the contrail model, and wy, is the weight associated with the k-th contrail model. In the case of contrail
avoidance, M is equal to the negative of a warming metric (such as total extinction) so that the most warming contrails are
avoided when fj,¢s is minimised. The weighted aggregation rule minimises the value of the loss function by varying Q:

Q,(S;n) = arg rglinfloss(ﬂ), st Q] =mn, 3)

where (,, is the set of contrails selected for avoidance according to the weighted rule, and n is the number of contrails to avoid.
The weights represent the relative importance of the k-th contrail model in the calculation of the loss function. Selection of
the weights is, to an extent, arbitrary since there is no single way to prescribe them. For example, some use cases may require
using equal weights, whereas use cases that value a particular feature (e.g. a multimodal particle size distribution) may want
to use increased weights for models with that feature. Weighted sums have been used to analyse model outputs from the
Coupled Model Intercomparison Project, phase 6 (CMIP6) (e.g. Brunner et al., 2020; Massoud et al., 2023) — a project that
informed the IPCC ARG report. Furthermore, weighted loss functions are common in optimisation problems, like those solved
in machine learning. Given their relevance in policy and in optimisation, the use of a weighted aggregation strategy is justified.

We select the loss function and weights for this study in Sect. 2.2.3.

1.2.3 Preference aggregation: classic Pareto and Multiple Dominance Relations ranking

The predicted contrail properties can also be used to determine the order of prioritisation (preference) for avoidance according
to the models of interest. This requires the use of preference aggregation. Although preference aggregation can use the ranked
preference from each model as the basis for aggregation, we instead use a metric from the simulated contrails directly. This
follows the design ranking algorithms used in engineering multi-objective optimisation, where there are several objectives to
optimise for simultaneously (Phillips and Jarrett, 2020a, 2020b; Flanagan, 2022; Akhtar Martinez and Jarrett, 2023). Hence,
in this section we explore two of these ranking algorithms for preference aggregation: the well-known Pareto criterion and the

more recent development known as Multiple Dominance Relations (MDR), first introduced by Cook et al. (2020).
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Consider two potential contrails s, € S and s;, € S containing simulation results from different models. We denote the binary
relation s, < s;, to indicate that s, dominates s;,. In other words, s, < s;, indicates that it is preferable to avoid contrail s, than
contrail s,,.

As in Phillips and Jarrett (2020a, 2020b), Flanagan (2022), and Akhtar Martinez and Jarrett (2023), we define a set min(S, <)
whose elements are not dominated by any other potential contrail according to the < binary relation:

min(S, <) = {s, €S| A s, € S for whichs, <s, N s,%sp} 4

In classic multi-objective optimisation, s, Pareto dominates s, if all the objective function evaluations in s, are smaller than
in s}, (Phillips and Jarrett, 2020a, 2020b; Flanagan, 2022; Akhtar Martinez and Jarrett, 2023). Similarly, we define the Pareto
dominance relation <pg,¢¢, to indicate that all model simulations of s, predict a lower value of the feature to be minimised
M, than those simulations of sj,:

Sa Spareto Sp & My(sq) < My(sp),Vk €1, ..., iy, (5)
where n,, is the number of contrail models. It follows that the set forming the Pareto front is given by Spareto =
min(S, <pareto)-

Pareto fronts are known to be increasingly populated when the number of objectives (contrail models) considered increases.
To address this, instead of considering all the contrail models simultaneously, MDR nests different dominance relations such
that the optimised set of contrails Sypr satisfies the following relation (Cook et al., 2020):

Smpr = min(... (min(min(S, <), <2) -.), <n,)s (6)
where n, is the number of dominance relations, and where the nested binary relations denote Pareto dominance for their
corresponding layer. The greater the number of nested relations, the lower the number of remaining candidates.

The Pareto and MDR filters can be adapted to become ranking functions instead. For the classic Pareto ranking, consider a
ranking function R(s, S, <) that returns the number of potential contrails in S that dominate s (here we use Algorithm 2 from
Cook et al., 2020). The Pareto front consists of the set containing the zero-rank candidates. When using MDR, there are two
ranks: the layer rank R), (the layer depth that a potential contrail reaches), and the Pareto rank within that layer.

Aggregation is therefore straightforward. Using classic Pareto ranking, assuming n contrails need to be avoided, we select the
first n contrails of the set S after it has been sorted according to the Pareto rank. Using MDR ranking, this is repeated for each
layer (starting from the deepest layer) until n unique candidates have been selected.

MDR has been used by few studies in the literature, but it has consistently been reported that it provides benefits to the
computational time and designer understanding when used for multi-objective optimisation (Phillips and Jarrett, 2020a,
2020b). Phillips and Jarrett (2020a) noted that the order of the dominance relations in MDR affects the outcome in a more
traceable way than when using other optimisation (and hence aggregation) methods. MDR has also seen modifications in the
work by Flanagan (2022), but these have not seen further use in the literature yet. The use of MDR as a ranking function for
preference aggregation outside the context of multi-objective optimisation is therefore unprecedented and is one of the main

contributions from this study.
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1.3 Summary and outline of this study

In Sect. 1 we have identified that it is not currently possible to validate contrail models with available observational datasets.
Hence, in the presence of a growing number of available contrail models, model uncertainties remain a potential barrier to the
implementation of contrail avoidance strategies which prioritize the most warming contrails. To address this, this study aims
to evaluate the efficacy of aggregation strategies as a way to mitigate the effects of model uncertainties. Section 2 describes
the methodology, including a description of how synthetic contrail model results are constructed to evaluate future model sets
where more contrail models are available than at present. The results are analysed in Sect. 3, and their implications are

discussed in Sect. 4. Finally, the limitations of this study are raised in Sect. 5, and the conclusions are presented in Sect. 6.

2 Methods

Fig. 1 provides a flow chart overviewing the experimental process for this study. Each meteorological scenario is simulated in
different contrail models, including the Contrail Cirrus Prediction model (CoCiP; Schumann, 2012), the Aircraft Plume
Chemistry, Emissions, and Microphysics Model (APCEMM; Fritz et al., 2020), and the large eddy simulation (LES) EULAG-
LCM, which consists of the computational fluid dynamics solver EULAG (Smolarkiewicz et al., 2014) fully coupled to the
particle-based ice microphysics module LCM (EULAG-LCM; Sélch and Kércher, 2010). Since there are few available contrail
models, we artificially construct results of contrail models which do not exist (referred to as synthetic contrail models; see
Section 2.1). This is done because we aim to evaluate the performance of the aggregation strategies in future scenarios where
more contrail models are available. For CoCiP, APCEMM, and EULAG-LCM we use the results from Akhtar Martinez et al.
(2026b). More details on the meteorology and the versions of the models used for these simulations are available in
Appendix A.

To benchmark the performance of the aggregation strategies, we use the results from the 48 EULAG-LCM simulations as a
substitute for the ground truth. Since the dataset is limited, we perform 1000 Monte Carlo simulations of all aggregation
strategies to estimate their statistical properties.

At each Monte Carlo evaluation, the available contrails are randomly split into a training set and an evaluation set. The random
splitting results in the sampling of different combinations of contrails, which allows us to estimate the uncertainties associated
with each aggregation strategy. We then evaluate the contrail models over the training set and perform the aggregation
strategies over the evaluation set. After 1000 simulations (see the convergence analysis in Appendix B), we analyse the
ensemble results to determine the mean efficacy and the corresponding 2.5th to 97.5th percentile range across the Monte Carlo
evaluations of each aggregation strategy (referred to as the 95 % uncertainty interval). This process is repeated for several

contrail model sets, some of which are synthetic.
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/ 48 contrail simulations /
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Ensemble properties of
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Figure 1: Flow chart showing the experimental setup for the evaluation of the aggregation strategies. The blue rectangle indicates
the aggregation step, orange rhombi indicate outputs, and purple rectangles indicate data processing units.

2.1 Construction of synthetic contrail model results

Since we only have access to the results from three real contrail models (CoCiP, APCEMM, and EULAG-LCM), we construct
synthetic contrail model results to evaluate the aggregation strategies across a range of scenarios, including future scenarios in
which more contrail models are available. As detailed in Akhtar Martinez et al. (2026b), when comparing the normalised
lifetime total extinction £* (defined in Appendix A as a proxy metric for warming) from simulations to the corresponding
ground truth quantity on a parity plot, a contrail model is effectively reduced to two elements: a functional bias and random
noise (captured by the Pearson correlation coefficient ). Therefore, by choosing a functional bias and iterating on the noise
level, it is possible to create synthetic contrail models with the desired Pearson correlation coefficient. This process is illustrated
in Fig. 2.

In summary, we evaluate the bias function (which can be linear, exponential, etc.) at the normalised £* of the EULAG-LCM
simulations. We then apply noise to each of the evaluations of the bias function. For the TAN and LOG model families, this

is a multiplicative noise with distribution {~U[1 — [, 1 + ], where | € (0,1] (referred to as Type A noise in Table 1). For the
GRAD model families, this is defined to be {~U E, l] , where [ € [1,5] (referred to as Type B noise in Table 1). Next, by

performing a grid search in the noise level [ we achieve the desired Pearson correlation coefficient 5. Throughout the grid
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search, 8 is only evaluated over a pre-determined set containing half of the available contrails. This reflects the split between
training and evaluation sets used in the Monte Carlo simulations. Finally, we normalise the results by the median. Since the
evaluation set is pre-determined and constant, this process only needs to be done once per synthetic contrail model before the
Monte Carlo simulations. The results from the synthetic models are then treated like the results from CoCiP or APCEMM (the
real models that are not used for benchmarking).

To test the robustness of the aggregation strategy to bad predictions, we also create two poisoned models: one made by
randomising the EULAG-LCM results, and one made by sampling a uniform distribution (so the points are completely
random). Table 1 summarises the properties of all available models (real, synthetic, and poisoned) on the pre-determined
simulation set used for the grid search. An example of a synthetic contrail model is available in Fig. 3.

This way of creating synthetic model results assumes a degree of independence between evaluations. For instance, the parity
plots in Fig. 10 of (Akhtar Martinez et al., 2026b) contains evaluations that are clustered (close to each other). Such pairs are
not easily produced when assuming that the multiplicative noise factor is independent for each run. Although they may arise
due to the perturbation of a variable to which the models are not very sensitive to (e.g. when changing the updraught velocity
from 0.02 to 0.05 m s' — see Fig. 11 of Akhtar Martinez et al., 2026b), we cannot discard the possibility that there are deeper
sources of dependencies that give rise to these evaluation clusters. Given the purpose of the study being to provide a proof-of-
concept for the use of aggregation strategies for contrail avoidance, we exclude the characterisation of dependencies from this
work. This is justified because we do not produce actionable results when using these synthetic contrail models, nor do we

make generalised statements based on our findings due to further limitations of our sandbox approach (see Sect. 5).

1) Choose 2) Evaluate the 4) Apply noise 5) Normalise the
functional bias - function at the -' iteratively until - results by the
type (e.g. linear, 48 available the desired S is median (does

logarithmic) points achieved* not affect )
3) Specify the

desired Pearson
correlation
coefficient §

Figure 2: Flow chart showing the experimental setup for the generation of synthetic model results. The Pearson correlation
coefficient f is only evaluated over a pre-determined set containing half of all available simulations.
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260 Figure 3: The results of a synthetic contrail model with a logarithmic bias and a Pearson correlation coefficient of 0.60.

Table 1: Properties of the contrail models evaluated on the pre-determined simulation set used for the grid search. The models have
been sorted by the Pearson correlation coefficient (lowest first).

Functional bias Linear fit Pearson correlation
Model name Noise type Classification
type gradient coefficient
PSN-B Random sorting N/A 0.42 -0.17
Random sampling Uncorrelated
PSN-A N/A 0.64 0.08
(uniform dist.)
GRAD Linear Type B 0.84 0.50
CoCiP* N/A N/A 0.60 0.56
Moderately correlated
TAN-MID Tangential Type A 0.90 0.58
LOG Logarithmic Type A 0.76 0.60
TAN Tangential Type A 1.26 0.70
LOG-HI Logarithmic Type A 0.70 0.80
Highly correlated
GRAD-HI Linear Type B 0.93 0.90
APCEMM* N/A N/A 0.79 0.95

2.2 Aggregation strategies and tie-breaking

The following aggregation strategies are considered in this study:
265 e  Aggregation by consensus
e Aggregation by majority
10
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o  Weight-based aggregation

e Pareto-based aggregation

e  MDR-based aggregation
We also consider the efficacy of using a single model (CoCiP or APCEMM) to select the contrails to avoid. This may be
thought of as either any aggregation strategy applied on only one model, or alternatively as the aggregation strategy which
only considers the preference of one model.
Given that different models have different qualities (as given by their Pearson correlation coefficient), strategies will rely on
the quality of the models to inform the weights, the dominance relation hierarchy, or the tie-breaking procedures. Furthermore,
some of these strategies may need to be adapted to satisfy a quota n. Although it is an artificial simplifying constraint, this
study uses a quota because it can be related to air traffic management (ATM) workload, air traffic conflict rate, or limitations
to fuel burn penalty. A more realistic application of aggregation strategies would be used to find regions in space where many
contrail models indicate a high likelihood of highly warming contrails, but this is beyond the scope of the current study.

We now consider the practicalities of each strategy individually, as well as the standard tie-breaking procedure.

2.2.1 Tie-breaking procedure

If tie-breaking is required, the simulations with the highest normalised £* (according to the model with the highest Pearson
correlation coefficient) are selected. This tie-breaking procedure is chosen to ensure that the selection of contrails to be avoided
is deterministic and explainable. An alternative tie-breaking procedure is to choose contrails randomly. Although this
alternative procedure is unbiased, it is not deterministic given any set of candidate contrails, making it unsuitable for

commercial aviation applications.

2.2.2 Voting for threshold-based aggregation

For the two threshold-based aggregation strategies (aggregation by consensus and majority), a voting framework is needed
that is aware of the quota. In this investigation, assuming n contrails are to be selected for avoidance, contrail models will vote
for the n simulations producing the highest median-normalised E*. If fewer than n simulations meet the required total votes
for selection, another round of voting with the remaining simulations is performed. This is repeated until the quota is met, or
no more simulations are selected. If no more simulations are selected without having met the quota, the simulations with the
highest number of votes are selected. In this case, if there are more simulations of the lowest relevant vote than the quota

allows for, the tie-breaking procedure is performed.

2.2.3 Selection of weights for the weighted aggregation strategies

We perform two runs with weighted aggregation: one using equal weights, and another using quality-dependent weights. We

define the quantity M from Eq. 2 to be equal to the median-normalised E* times -1 (to ensure the avoided contrails have the

11



300

305

310

315

320

(© Author(s) 2026. CC BY 4.0 License.

https://doi.org/10.5194/jecats-2026-21 M
DISCUSSIONS

Preprint. Discussion started: 29 October 2026 E T S
\J

highest median-normalised £*). For the latter, the weights in Eq. 2 are chosen to be equal to the Pearson correlation coefficient

(truncated at 0 to prevent negative weights).

2.2.4 Aggregation with classic Pareto and MDR ranking

As in Sect. 2.2.3, we define the quantity M from Eq. 5 to be equal to the median-normalised E* times -1 (to ensure the avoided
contrails have the highest median-normalised E*). For Pareto aggregation, simulations with the lowest Pareto rank are selected
for avoidance. For MDR to function properly, it requires the specification of the dominance relations and their hierarchy. As
explored by Phillips and Jarrett (2020b), the importance of the dominance relations decreases with increasing layer depth.
Hence, the contrail models are sorted according to decreasing Pearson correlation coefficient and are paired in order. For the
model sets containing an odd number of contrail models, we choose to pair the first model with the last model in the final
layer. This choice gives the highest correlated model discriminatory power in the absence of a pair of models not used yet,
resembling the tie-breaking procedure (see Sect. 2.2.1). Alternative arrangements are possible, but they have not yet been
explored in the literature.
We now provide an example of how the models are split into layers for the MDR strategy, and how the dominance relations
function. Consider the list of models, sorted in descending order according to their Pearson correlation coefficient f: [modelA,
modelB, modelC, modelD, modelE]. The dominance layers will comprise the following models:

1. Layer 1: [modelA, modelB]

2. Layer 2: [modelC, modelD]

3. Layer 3: [modelE, modelA]
Candidate contrails can only move from the higher layers (i.e. the layers with the lowest number) to deeper layers if they are
members of the Pareto front of the negative of the median-normalised E* predicted by the pair of contrail models of the current
layer (see Fig. 4 for a visualization). When selecting contrails to avoid, the MDR aggregation strategy selects the contrails in
the deepest layer first, progressively moving upwards if the quota is not met. All members of the Pareto front of a layer are
treated equally by MDR, so the tie-breaking protocol is used if there are more contrails at the current layer than the remaining

avoidance slots.

Layer1 Layer 2 Layer 3
(All potential contrails) (Layer 1 Pareto front only) (Layer 2 Pareto front only)
-a S F 3
— . . —_ * ¢ —
S ¢ LX) * * 9 L J E
9] . [} 0]
3 ot =) ‘ )
o) . . o . <) .
= . . = . . =
o @& o - h
(hf Layer 1 ~ e rs ‘hﬁ Layer 2 7 \d ﬁ] Layer 3 * .
Pareto Front R Pareto Front - Pareto Front
—E* (Model B) _* (Model D) —* (Model E)
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Figure 4: Visualization of the Multiple Dominance Relations (MDR) recursive filtering technique. This graph uses fabricated data
for illustration purposes.

2.3 Efficacy of the aggregation strategies

To determine the performance of each aggregation strategy we now define some metrics. Consider the proportion of avoided
lifetime total extinction A when targeting a % of potential contrails for avoidance through the g-th aggregation strategy:

o) By ™
is E:ef ’

Aa; q) =100 -
where the subscript ref indicates that £* is the quantity predicted by EULAG-LCM (our proxy for the ground truth), where
Q(a; q) is the set of avoided contrails as determined by the g-th aggregation strategy, and where S is the candidate set of
contrails for avoidance such that Q € S. In plain language, 4 is the proportion of the total E}s across the pool of candidate

contrails that the g-th aggregation strategy can avoid at a specific budget a.

We identify that the maximum possible value A,,,, and the value for the random-choice avoidance strategy A,,,q are special

cases:

— 100 - max 2@ Err
Amax(a) =100 rggg,( ZSE:ef (8)
Arand (a) =a. (9)

With the above, it is now possible to define the efficacy of the aggregation strategy V:

J2 M@ D~ Arana(@) da
fob Amax(@)—=Arand(a) da

Y(b;q) = (10)

where b is the upper limit of the possible proportion of contrails that can be avoided. The efficacy of the aggregation strategy
has the following mathematical properties:

e W=1 ifthe strategy achieves the maximum possible reduction in E};.

e W>( if the strategy achieves a larger reduction in £}, than the mean effect of the random-selection strategy.

e W =0 if the strategy achieves the same reduction in E}; as the mean effect of the random-selection strategy.

e W< if the strategy achieves a smaller reduction in E},; than the mean effect of the random-selection strategy.

Unless otherwise specified, we provide the mean of the A and ¥ metrics across all Monte Carlo simulations in Sect. 3.

2.4 Model sets evaluated

As time passes, it is likely that more contrail models of varying quality will become available. Hence, we evaluate the
aggregation strategy performance for 6 different model sets containing more than one model, and 2 model sets containing only
one model (see Table 2). Each of the prescribed model sets containing more than one model also has a corresponding poisoned
version, in which the PSN-A and PSN-B synthetic models are included in addition to the models already present in each model
set. The analysis conducted in Section 3 hence considers the poisoned model sets separately as part of the robustness analysis

for each aggregation strategy.
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To reflect current and future ATM limitations, in Section 3.1 we evaluate the performance of the aggregation strategies at a
maximum avoidance budget of 21 %, corresponding to 5 out of the 24 simulations available in the evaluation set. Once the
performance of the aggregation strategies is evaluated and the best strategies are selected, we consider the sensitivity of the
selected strategies to the maximum avoidance budget b in Section 3.2.

Table 2: Model sets considered for evaluating the aggregation strategies.

Model set Poisoned version
Description Models Symbol
name available?
Two moderately correlated
Model set A CoCiP, GRAD ® Yes
models

Three moderately correlated

Model set B CoCiP, GRAD, TAN-MID u Yes
models
Four moderately correlated

Model set C CoCiP, GRAD, TAN-MID, LOG L 4 Yes
models
Three highly correlated

Model set D APCEMM, GRAD-HI, LOG-HI A Yes
models
Moderately correlated and CoCiP, LOG, TAN, GRAD-HI,

Model set E v Yes
highly correlated models LOG-HI

Model set F Real models CoCiP, APCEMM L Yes
Real moderately correlated

Single model A CoCiP N/A No
model
Real highly correlated

Single model B APCEMM N/A No
model

3 Results

3.1 Performance evaluation of the aggregation strategies

In this section we evaluate the performance of the aggregation strategies by first considering the achievable A at a budget of
21 % (Fig. 5). We then consider their efficacy W at a maximum budget of 21 % (Fig. 6). Finally, we select two aggregation
strategies that operate on different principles for further analysis.

Before poisoning the model selection, the two weighted aggregation strategies yield the highest average A across all model
sets at a budget of 21 % (1 =43 %), see the bars in Fig. 5). After poisoning the model selection, the two aggregation strategies
with the highest average A at a budget of 21 % are the f-weighted (4 = 43 %) and MDR (A = 41 %) aggregation strategies.
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Both the f-weighted and MDR strategies experience no appreciable decrease in average A when the model selection is
poisoned, indicating resilience (not immunity) to model error for the model sets considered.

When considering the average efficacy across all model setups to a maximum budget of 21 %, both weighted loss function
strategies have the maximum average efficacy (0.78) prior to poisoning (see the bars in Fig. 6), whilst MDR has an average
efficacy of 0.74. After poisoning, the f-weighted strategy retains its average efficacy of 0.78, which is followed by the MDR
strategy with an average efficacy of 0.73. This corresponds to a negligible decrease in efficacy for the S-weighted strategy,
and a decrease in efficacy of 0.01 for the MDR strategy. Given that both 4 and the efficacy are highest for the f-weighted and
MDR aggregation strategies when poisoned, we select them for further analysis.

When compared to the strategy that just uses one model (CoCiP) to determine the contrails to avoid at a maximum budget of
21 %, the B-weighted and MDR aggregation strategies have a higher average efficacy after poisoning across all model sets
(0.78 and 0.73 respectively) than just using CoCiP (0.40) (Fig. 6). At a budget of 21 %, this corresponds to average A values
across all model sets of 43 %, 41 %, and 30 % for the S-weighted, MDR, and single model aggregation strategies respectively
(Fig. 5). In other words, using the f-weighted aggregation strategy leads to an expected increase in the E';ef savings of 43 %
relative to the savings made when only using CoCiP (calculated from the ratio of average A values). This quantity is limited to
37 % when using the MDR aggregation strategy. Similarly, the expected increase in the E';‘ef savings across all model sets is
105 % for the B-weighted strategy, 95 % for the MDR strategy, and 43 % for the CoCiP strategy, relative to the random
selection strategy. We now consider the model sets individually in Figs. 5 and 6.

The model set that consistently yields the lowest efficacy and A is model set A — consisting of two moderately correlated
models (see Table 2). Conversely, the model set that most frequently yields the highest efficacy and A is model set D —
consisting of three APCEMM-like models. This is expected since the models in model set D have a higher Pearson correlation
coefficient than those in model set A (see Tables 1-2). However, all model sets have a mean efficacy greater than 0, indicating
that they all perform better than random selection when there are no cooling contrails.

When considering the f-weighted and the MDR aggregation strategies, all model sets have a higher efficacy and A than the
CoCiP strategy (both before and after the poisoning). The other strategies that achieve this are the Pareto and equal weight
strategy. Furthermore, when using three moderately correlated models (model set B) at an avoidance budget of 21 % both the
B-weighted and MDR aggregation strategies have a A value of 41 % and 40 % respectively, whereas using CoCiP by itself
yields a A value 30 %, and the random avoidance strategy yields a A value of 21 %. This corresponds to an expected increase
in savings of £, 5 of at least 33 % relative to the savings from CoCiP and at least 90 % relative to the savings from the random
strategy when using either the f-weighted or the MDR aggregation strategies (calculated from the ratio of average A values).
When only considering two moderately correlated models (model set A), the B-weighted and MDR aggregation strategies
have a A value of ~40 % and ~36 % respectively. Taking the lowest 1 out of the two strategies, this corresponds to an expected
increase in savings of E;ef~20 % relative to the savings from CoCiP and ~71 % relative to the savings from the random

strategy.
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Figure 5: Bar chart showing the mean avoided lifetime total extinction A for each aggregation strategy as computed by EULAG-
LCM at an avoidance budget of 21 %. The markings correspond to the Monte Carlo mean for each model set (see Table 2 for the
legend), and the bars correspond to the average of the Monte Carlo mean of all model sets per aggregation strategy.
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Figure 6: Bar chart showing the mean aggregation strategy efficacy ¥ at a maximum avoidance budget of 21 %. The markings
correspond to the Monte Carlo mean for each model set (see Table 2 for the legend), and the bars correspond to the average of the
Monte Carlo mean of all model sets per aggregation strategy.

3.2 Sensitivity analysis of the selected strategies

In this section we analyse the sensitivities of the f-weighted and MDR aggregation strategies to changes in the upper bound
of integration (Fig. 7) and the model number (Figs. 7 and 8).

Both the f-weighted and MDR aggregation strategies have a higher mean efficacy than just using CoCiP for all values of b
(the upper limit of the possible proportion of contrails that can be avoided) for model sets B and C — regardless of whether the
model setup has been poisoned or not (Fig. 7). This indicates that, in the case that there are no cooling contrails, both the
aforementioned aggregation strategies perform better than CoCiP for model sets B and C. For model set A, however, the
aggregation strategies perform worse than CoCiP when b <~15-20 %. Since there are only two contrail models being

considered in model set A, this lower-than-CoCiP performance is expected because the group decision is more sensitive to
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disagreement between models when the budget is extremely low. Nevertheless, all the discussed efficacies are above zero,
indicating that even CoCiP may yield more effective contrail avoidance than random selection for the case in which no cooling
contrails are considered. The implications of including cooling contrails in this analysis are discussed in Section 5.

When moving from using three models (model set B) to four models (model set C), we see limited improvements in the mean
efficacy. Furthermore, at certain values of b (b <~15 % and b <~45 % for the f-weighted and MDR aggregation strategies
respectively), the mean efficacy when using three models is higher than when using four models. This indicates one of two
things: there are limited benefits of adding additional models — or there may occasionally be performance drops due to
decreased relative importance of more correlated models. This is likely because, given a small avoidance budget, it is difficult
for models with a low Pearson correlation coefficient to agree on which contrail is the most impactful. Alternatively, with a
larger number of contrail models to consider, the relative importance of the more correlated models is reduced, causing worse
performance than when there are fewer models. Both effects may be magnified in the current investigation because a 21 %
budget only corresponds to 5 contrails to avoid due to the training/testing data split. With a higher number of contrails to avoid,
we expect this effect to be reduced. Due to this, model set C has been excluded from the potential technology timeline in
Fig. 8. The limitations of the aggregation strategies and their potential to worsen performance are explored in Sect. 5.2.
Poisoning of the model sets also has a negligible effect on the S-weighted aggregation strategy for all model sets, but it has a
noticeable effect on the MDR aggregation strategy when b <20 % for model set B (Fig. 7b). Moreover, without considering
poisoning, the S-weighted aggregation strategy has a higher mean efficacy than the MDR strategy at all values of b, with the
maximum difference between them being 0.12 and 0.15 at b = 8 % and b = 4 % for model sets B and C respectively (Fig. 7b
and Fig. 7¢). This indicates that the f-weighted aggregation strategy has a more robust performance than the MDR strategy.
Furthermore, for model set A, MDR performs better when exposed to the poisoned setup than to the standard setup (Fig. 7a).
This is expected because model set A contains two models in the standard setup, meaning that the highest correlated model
(CoCiP in model set A) is repeated in the lowest layer when the poisoned model is added. The additional weight of the highest
correlated model also causes visible performance improvements in the MDR column of Fig. 6 for model sets A and D.

We now consider the mean and 95 % uncertainty intervals of the efficacy of the f-weighted and MDR aggregation strategies
when exposed to more model sets, presented as a possible implementation timeline in Fig. 8. Qualitatively, the efficacy
increases for both strategies as more models (or models with higher correlation coefficients) are introduced for the cases
considered. Simultaneously, the 95 % uncertainty intervals shrink for both strategies. Furthermore, the size of the efficacy
uncertainty interval for the f-weighted strategy is smaller than or equal to that from the MDR strategy. Similarly, the efficacy
of the B-weighted strategy is greater than or equal to the efficacy of the MDR strategy across all model sets. Note that, as
discussed in Sect. 5.2, improvements in the performance and uncertainty intervals are not guaranteed to take place when using
aggregation strategies.

Finally, for the contrail selection using only one model (CoCiP), the lower end of its 95 % uncertainty interval for efficacy is
close to zero, indicating a worst-case performance comparable to random selection of contrails for the experimental setup

considered.
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aggregation strategies. The dashed horizontal line indicates the theoretical limit of the efficacy.

4 Discussion

The two strategies identified as the most suitable for aggregation — f-weighted and MDR — are those with explicit penalisation
for models with low Pearson correlation coefficients. The S-weighted strategy performs better than the MDR strategy in terms

of robustness to poisoning, robustness to changes in the model number, robustness to changes in the maximum budget, and in
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its 95 % uncertainty interval. Purely from a performance perspective, we recommend the f-weighted strategy based on the
results in this study.

The lower relative performance of the MDR strategy may be due to its formulation. Once a set of contrails reaches a lower
dominance layer, the models in higher layers no longer have any input as to which runs to choose (except when there are an
odd number of models, and the most correlated model forms part of the deepest layer). For optimisation strategies, this may
be favourable because layers are composed of either optimisation objectives or desirable features (Phillips and Jarrett, 2020a).
However, this property of MDR may not be as desirable when dealing with an aggregation problem because it may allow for
lower-correlated models to have a stronger influence on the results than is warranted. Hence, we believe that MDR may be
able to perform better if a different approach to nesting than the one employed in this study (and in the broader literature, e.g.
Phillips and Jarrett, 2020a) is used. Nevertheless, MDR still performed second best under the influence of poisoned model sets
— showing that it possesses the robustness required for the task.

MDR has other strengths that the f-weighted strategy lacks. For example, the nesting order in MDR is easier for an engineer
to justify (for example, in a multi-objective optimisation problem; Phillips and Jarrett, 2020a) when compared to justifying the
weights for any strategy employing a weighted sum. Furthermore, the logic flow used in MDR is straightforward to follow,
whereas the weighted function does not necessarily follow any obvious logic. In the context of aviation, traceability and
explainability are important — especially when faced with the possibility that mistakes in the aggregation strategy could end
up systematically causing further climate warming. When considering these practicalities, MDR emerges as the most
favourable strategy.

Nevertheless, the confidence in the results is increased by the fact that two fundamentally different aggregation strategies
robustly improved the performance of contrail avoidance in most of the circumstances analysed.

Finally, Fig. 8 also shows that one high-fidelity validated model may outperform all aggregation strategies. Hence, the findings
obtained in this study may best serve the times in which such a model is not available but lower-fidelity models are. We also
note that, if two or more validated models are available, aggregation strategies may still yield more robust results than using
one model by itself. This is because models will inevitably have epistemic uncertainties due to biases or errors. Using an
aggregation strategy may help mitigate the epistemic uncertainties, yielding more robust results, as seen in this investigation.
However, it is important to note that such improvements are case-by-case dependent and are therefore not guaranteed. We now

discuss these caveats in detail.

5 Limitations

In this section, we first consider the limitations of the experimental setup in Section 5.1, including the implications of the
important omission of cooling contrails. We then consider the limitations of the aggregation strategies in Section 5.2, including

a note regarding why results from any analysis employing aggregation strategies may not be generalisable.
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5.1 Limitations of the experimental setup

First, in this study we ignore the probabilities related to forecasting the location and persistence of contrails. We recognise that
a comprehensive approach including formation probabilities and spatial correlations may be needed in practice to better exploit
patterns in the forecast and observed meteorologies. Neglecting this may limit the effectiveness of the aggregation approach
for decision-making in the context of contrail avoidance.

Second, although we have presented results that imply that the S-weighted aggregation strategy, MDR aggregation strategy,
and using CoCiP all perform on average better than random selection of contrails for avoidance, these results are only valid in
the absence of cooling contrails. This is because aggregation strategies that rely on modelling may inadvertently and
systematically target cooling contrails instead of the intended warming contrails, as detailed in Section 1. As illustrated in
Fig. 9, although the random selection strategy yields a straight line between 0 to 100 % regardless of whether there are cooling
contrails, the worst-case may cause negative savings in ERF. This risk of warming the planet demands the re-evaluation of the
performance of the aggregation strategies when the full functional relations between contrail model inputs and climate impact
—not just the contrail radiative impact — can be properly estimated. This is to ensure that we do not cause a net climate detriment
when deploying warming-based avoidance strategies.

Another limitation in this study is the assumption that the random noise used to generate the synthetic contrail model results
is independent. Results from previous studies (Akhtar Martinez et al., 2025; Akhtar Martinez et al., 2026b) show some model
simulations that are related to each other. Although this could be explained by the perturbation of parameters with minor effects
on the contrail evolution, we do not discard the possibility of deeper dependencies existing.

The results in this study are also limited because of the low number of runs available, and because EULAG-LCM simulations
are used as ground truth. We acknowledge that this limits the generalisability of our findings. However, our study should
simply be taken as a proof of concept that aggregation strategies might be worth exploring in the future, when a ground truth

dataset is available and when more contrail models that can be deployed globally are ready.
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515 Figure 9: Avoided contrail ERF against the avoidance budget a for the random selection strategy (solid lines), best-case scenario
(dashed lines), and the worst-case scenario (dotted lines) at different proportions of cooling ERF. This graph uses synthetic ERF
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results in 1000 Monte Carlo simulations, and it is provided for illustration purposes only. For the random selection, the results
approach the line of parity, so they are valid even if made with synthetic data.

5.2 Limitations of the aggregation strategies

Although two of the aggregation strategies in this study have robustly improved the performance of contrail avoidance given
a limited number of avoidance moves, there may be cases in which any aggregation strategy could worsen the performance
instead of improving it.

Consider the vector space containing all possible simulations (represented as a 2D plane in Fig. 10). Since aggregation
strategies consider the agreement of multiple contrail models, it is likely that they will select contrails in the regions of the
simulation space where contrail models agree (represented by the intersecting areas in Fig. 10). However, Fig. 10b shows that
there may be situations in which simulations which agree with the ground truth are not produced in the regions where contrail
models agree. In such situations, aggregation strategies could worsen the performance (since less of the ground truth intersects
with the regions of model agreement in Fig. 10b. Therefore, the improvements of the aggregation strategies performance when
increasing the number of models are not generalisable, and are model dependent. This reinforces the need to conduct a

performance analysis when adding a new model to be considered in the aggregation strategies.

Figure 10: Venn diagrams visualising contrail model agreement within the vector space containing all possible simulations. Panel
a shows a situation in which the contrail models approach the ground truth when all contrail models agree. Panel b shows a situation
in which agreement with the ground truth happens when the contrail models do not agree.

6 Conclusions

Although previous studies (Akhtar Martinez et al., 2025; Akhtar Martinez et al., 2026b) indicated that contrail model
predictions may be irreconcilable on a case-by-case basis regardless of the model fidelity, this study showed that an ensemble
approach to selecting contrails for avoidance may mitigate the epistemic uncertainties at hand. The use of normalised metrics
and aggregation strategies permits this.

When considering two moderately correlated contrail models (as determined by their Pearson correlation coefficient) at an
avoidance budget of 21 %, we found that using aggregation strategies yielded an expected increase in E";‘ef savings of at least
20 % relative to the savings obtained when just using CoCiP to determine the contrails to avoid. When considering three

moderately correlated models, the relative expected increase in savings reached 33 % compared to CoCiP. Both CoCiP and
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the aggregation strategies outperformed random selection. The two strategies responsible for this are the weighted aggregation
strategy (using truncated Pearson correlation coefficients as weights) and the MDR aggregation strategy.

We found that, for the model sets considered in this study, the above aggregation strategies outperform CoCiP when the number
of models available increases from two to three models, even when subsequently introducing models providing random
information. We also found that the aggregation strategies had smaller 95 % uncertainty interval ranges than selection using
CoCiP for the model sets consisting of two and three moderately correlated models. This indicates that, even if contrail models
have a correlation coefficient smaller than 1 relative to a set of reference simulations, an aggregation strategy (that accounts
for their correlation coefficients against a reference set of data) using more than one model may be able to mitigate the
epistemic uncertainties exposed by model disagreement. This is the case in this study, indicated by the fact that two independent
aggregation strategies achieve similar performance improvements. Despite aggregation strategies improving the performance
of contrail avoidance in this study, these findings are not necessarily generalisable — hence requiring another performance
analysis when new models are considered.

Nevertheless, the results presented in this study are subject to important limitations in the experimental setup. These include
the critical scenarios where using warming-based selection avoids not only the warming contrails, but also some cooling
contrails. In such scenarios, not only is the benefit of warming-based selection limited, but it could also cause a climate
detriment. Meanwhile, the random selection strategy targets an equal proportion of cooling and warming contrails, achieving
a proportional net climate impact benefit equal to the targeted proportion of contrails. For this reason, we only recommend the
use of warming-based targeting for contrail avoidance when the relationship between contrail optical properties and climate

impact is better understood, and ideally with a set of ground truth data to support it.

Appendix A: Contrail simulation setup for CoCiP, APCEMM, and EULAG-LCM

This Appendix summarises Section 2 from Akhtar Martinez et al. (2026b). Reused with permission — the manuscript will be
published as a preprint under a Creative Commons BY 4.0 license.

Akhtar Martinez et al. (2026b) perform equivalent simulations using the Contrail Cirrus Prediction model (CoCiP; Schumann,
2012), the Aircraft Plume Chemistry, Emissions, and Microphysics Model (APCEMM; Fritz et al., 2020), and the CFD large
eddy simulation code EULAG (Smolarkiewicz et al., 2014) coupled to the Lagrangian ice microphysics module LCM
(EULAG-LCM; Solch and Kércher, 2010), thus making EULAG-LCM. To minimise the variability from the jet and vortex
regime parametrisations, the authors initialise the simulations directly at the diffusion regime with equivalent initial conditions.
For these simulations Akhtar Martinez et al. (2026b) use an idealized representation of an ice-supersaturated region consisting
of a trapezoidal RHi profile (see Fig. A1), fully described by 5 meteorological parameters.

To estimate the magnitude of the potential climate implications of each simulated contrail, Akhtar Martinez et al. (2026b) use
the lifetime total extinction E as a proxy metric for the energy forcing of an individual contrail. It is defined as follows (see

also Lottermoser and Unterstrasser, 2026):
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E(t) = [ x(x,2z)dxdz = B, (A1)

E=Et=8n=["°"

ST E(ea, (A2)

where x is the horizontal direction perpendicular to the flight direction, z is the vertical direction, E (t) is the total extinction
(a proxy for instantaneous radiative forcing), t, is the vertical optical depth at a location, 7 is the optical depth averaged
across the contrail width (perpendicular to the flight direction), and B is the contrail width. Akhtar Martinez et al. (2026b) only

use the width-averaged expression to calculate E (t) from CoCiP only since its plumes have a prescribed shape.
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Figure Al: Panel a: evolution of the layer relative humidity profile used in Akhtar Martinez et al. (2026b). Panel b shows the
temperature profile, and panel ¢ shows the time evolution of the peak RHi for an example case. This figure has been taken directly
from Figure 4 in Akhtar Martinez et al. (2026b).

Table Al: Values of the meteorological parameters used in Akhtar Martinez et al. (2026b). This table has been taken directly from
Table 3 in Akhtar Martinez et al. (2026b).

Parameter Units Low value High value
Initial peak relative humidity, RHiy % 110 120
Updraught velocity™, Weyy cm s 2 5
Initial release temperature, Tcao K 217" 225
Peak supersaturation depth, d m 500 1000
Vertical wind shear, s s! 0.002" 0.006

Appendix B: Convergence analysis

To ensure convergence of the results presented we define robust convergence criteria. Consider a set of Q,,,x Monte Carlo

simulations per model set. Convergence is achieved after Q* runs if no runs between Q* and Q. (Where Q" < Qp,.¢) have a
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difference of more than 5 % in the quantities of interest relative to Q.. For this study, the quantities of interest are the mean
and standard deviation of the proportion of saved E;, ¢ (evaluated over the first Q runs). The example in Fig Bl illustrates this.
The convergence criteria are evaluated over each contrail model, over each aggregation strategy and budget. Through this, we
found that the highest number of simulations to converge the mean is 160, and 893 to converge the standard deviation. Since
both convergence thresholds are well below 1000 simulations, the use of 1000 Monte Carlo simulations in this study ensures

that all presented quantities have converged.

Convergence to 5% error = 21% budget X 21% budget
o 1000 ¢ 15 ¢ 15
b a) *x @ b) * @ c)
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Figure B1: Convergence analysis for the strategy selecting according to the f:ef predicted by CoCiP. This is only an example.
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