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Abstract. Despite the ongoing climate crisis and recent pandemic-induced disruption, the aviation sector is expected to expe-
rience 5% annual growth over the next decade. While the industry moves towards decarbonisation through use of sustainable
fuels and improved operating practices, the contribution by non-CO2 effects become ever more apparent. Contrails and contrail-
induced cirrus clouds contribute an estimated 57% to the sector’s total effective radiative forcing (ERF). Contrail avoidance
methods are gaining ground as tools to strategically reroute flights to reduce their ERF by predicting contrail forming regions
in advance.

The task of prediction remains a challenge however, with typical methodologies employing either highly parametrised mod-
els that suffer from uncertainties, or machine learning methods that are heavily abstracted away from the background physics.
We propose a novel, robust method for contrail prediction that leverages large-scale population behaviours. Using ERA-5 re-
analysis and the OpenContrails dataset for over 50,000 confirmed contrails between 2019 and 2020 over North America, we
train an informed contrail predictor using Bayesian methods which we verify on unseen data. Results and statistical evaluation
of this model are presented, providing a scalable but interpretable contrail predictor with good skill (7 = 0.801) that could be

run using output from numerical weather prediction models, or time-slice outputs from high-resolution climate models.

1 Introduction

The aviation sector supports a global multi-billion pound industry that continues to experience rapid growth, despite a tem-
porary contraction during the Covid-19 pandemic (ICAO, 2023) and the ongoing backdrop of the climate crisis. Passenger
and freight flows have approximately quadrupled between 1990 and 2019, with the industry having now rebounded past pre-
pandemic levels (ICAO, 2024). Human-induced climate change is now an undeniable truth, with the general public understand-
ing that it is driven predominantly by CO4 emissions; some of which come directly from aviation activity. Despite this, with
5% per annum growth predicted over the coming decade (Vaugeois, 2019; Gossling and Humpe, 2020; Jaramillo et al., 2022),
we must acknowledge that the aviation sector will continue to grow despite increased awareness of the industry’s contribution
towards global warming. As a result, the sector should direct efforts into reducing the climate impact of aviation as a whole.
Aviation emissions presently contribute approximately 3.5% of global anthropogenic effective radiative forcing (ERF) (Lee

et al., 2009; Klower et al., 2021). The climate impacts associated with aviation activity can be attributed to both CO5 and non-
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COx, effects, with the effects of the former being better understood due to the products of the burning fossil-fuel hydrocarbons
being CO5 and H5O. While many economic sectors are projected to decarbonise in future through electrification, there is no
such ‘silver bullet’ for aviation. Electric planes are expected to provide a minor contribution to short-haul flights by 2050 along
with hydrogen-powered aircraft (IATA, 2021; IEA, 2021), however both are fraught with difficulties from range limitations
(Schwab et al., 2021) to logistical complications (Yusaf et al., 2022; Degirmenci et al., 2023). Significant expectation is being
placed on sustainable aircraft fuels (SAFs), which are otherwise conventional aviation fuels but produced from non-fossil
sources that are less carbon-intensive to produce (Bauen et al., 2020; Bergero et al., 2023).

At present, the majority of aviation ERF comes from non-CO4, effects; the contribution from which will only increase as the
sector decarbonises and places an increasing reliance upon SAFs (Gryspeerdt et al., 2024). Improved aircraft designs and fuels
are actively being developed to provide more efficient flight (Saulgeot et al., 2023) and to reduce the ERF of nitrogen oxide
(NOy) emissions (Fritz et al., 2020), aerosols (black carbon and sulphates), and stratospheric water vapour (Voigt et al., 2021).
Each of these nonetheless are dwarfed by the largest contribution from contrails and contrail-induced cirrus clouds (Singh
et al., 2024), which provide an estimated 57% of aviation’s total ERF (Lee et al., 2021).

Contrails are narrow, linear, ice clouds that form in the upper troposphere in the wake of an aircraft passing through a region
of cold, humid air. The combustion of any hydrocarbon fuel (e.g. kerosene) or hydrogen produces water, which is first expelled
as vapour out of the hot exhaust of a jet engine. The entrainment and mixing of cold ambient air from the upper troposphere with
the exhaust plume rapidly cools the vapour, allowing the formation of ice crystals around aerosol particles (Schumann, 1996;
Voigt et al., 2010; Kércher, 2018). A contrail forms if the additional water provided from fuel combustion exceeds the local
saturation vapour pressure (Schmidt, 1941; Appleman, 1953; Schumann, 1996), although ordinarily diffusion and turbulence
in the wake of the aircraft will dissipate the contrail within a number of minutes. However, if ambient conditions are saturated
with respect to ice, the contrail will persist (Sanogo et al., 2024), often being advected and sheared into an extended contrail-
induced cirrus cloud (Duda et al., 2004; Haywood et al., 2009; Wang et al., 2024). The relatively large positive ERF provided
by persistent contrails and contrail-induced cirrus arises from their interaction with radiation, capable of contributing both a
short-wave (cooling) and long-wave (warming) effect. During daytime, the two effects are opposite and broadly comparable,
while at night contrails provide a strong warming effect (Penner et al., 1999; Digby et al., 2021; Quaas et al., 2021; Ortiz et al.,
2024), an order of magnitude higher than that due to CO.. The relative strength of the radiative forcing from contrails is such
that they are the largest contributor to aviation ERF in spite of their short lifetime (Petzold et al., 2025).

With persistent contrails and contrail-induced cirrus providing the largest contribution to aviation ERF, there is increas-
ing interest from governments and industry towards minimising non-CO, radiative forcing from flights (Lee et al., 2020),
particularly from contrails (Cathcart et al., 2024; Miller et al., 2024; T&E, 2025). One strategy being explored is contrail
avoidance/re-routeing (Filippone, 2015; Teoh et al., 2020; Sun et al., 2024). As persistent contrails are observed only in cold,
humid regions of the troposphere (Ridel and Shine, 2010), if it were possible to predict contrail-forming regions in advance of
a flight, could we avoid making a contrail by subtly re-routeing the flight; thereby eliminating an additional source of non-CO
radiative forcing in the first place? A distinct advantage of this approach is that it need only be applied to the minority of flights

that contribute disproportionately to the sector’s ERF (Teoh et al., 2020). The conditions required for persistent contrails are
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commonly found in extra-tropical regions, so transatlantic flights between Europe and North America are a key target (Gierens
etal., 1999; Minnis et al., 1999; Gierens and Spichtinger, 2000; Teoh et al., 2022; Wolf et al., 2024) as well as flights over Japan
(Sekine et al., 2025). Case studies have suggested that significant decreases in contrail ERF could be achieved for a marginal
(0.5-2%) increase in flight duration and COs forcing; resulting from the additional fuel burn required to avoid the contrail
formation region (Grewe et al., 2014; Yin et al., 2018; Avila et al., 2019; Borella et al., 2024). With the clear potential for
selective contrail avoidance to reduce the ERF from aviation, industry-facing tools have already been developed (Martin Frias
et al., 2024; Sonabend-W et al., 2024), further demonstrating interest in this area.

A significant challenge for contrail avoidance schemes is regarding the quality and reliability of predicting where contrail-
forming regions will be. One wishes to avoid diverting a flight around a predicted contrail-forming region only for the forecast
to be inaccurate: not only will additional fuel have been burned, but a contrail might still form, leading to an increased total
radiative forcing from the flight. At present, the task of predicting contrails is through a non-trivial combination of observa-
tional, physical, and numerical constraints (Gierens et al., 2020). Very few aircraft in the global fleet have instrumentation
capable of measuring relative humidity during flight (McCausland, 2024), meaning we lack a high confidence dataset of the
atmospheric conditions of contrails in situ. To overcome this, algorithms have been developed to match satellite imagery to
flight data (Chevallier et al., 2023; Sarna et al., 2025), though the resolution of infra-red imagers remains a constraint due to
the thin shape of contrails (Driver et al., 2025). Mannstein et al. (2010), Schumann et al. (2013) and Low et al. (2025) use
ground-based imagery as an alternative, with Roosenbrand et al. (2023) leveraging this to estimate contrail height. Schumann
(2012) and Schumann et al. (2012) provide a toolkit for predicting contrails, improving the ability to quantify radiative forcing
of contrail-producing flights (Engberg et al., 2025). One drawback to this approach is that the micro-physics of ice clouds are
notoriously complicated (Petzold et al., 2025), typically relying on parametrisations. This introduces uncertainties in predic-
tion (Platt et al., 2024), resulting in different predictions for contrail ERF between models (Bock and Burkhardt, 2016; Zhang
et al., 2025). More recently, the development of machine learning (ML) methods have enabled a variety of new approaches for
contrail analysis, replacing and/or augmenting methods previously summarised by Jarry (2024): from identifying contrails in
satellite (Kulik, 2019; Ng et al., 2024; Yu et al., 2024) and ground-based (Pertino et al., 2024) imagery; matching imagery with
flight data (Geraedsts et al., 2024); to the reconstruction of contrail height (Meijer et al., 2024).

Both traditional and ML methods have relative advantages and disadvantages to be aware of. Traditional algorithmic ap-
proaches are typically easier to understand than ML methods, with decisions and outputs in general more interpretable. They
are however somewhat reliant on parametrisation schemes, of which there are significant uncertainties and variation between
models for upper tropospheric water vapour and ice-cloud microphysics, leading to biases that must be accounted and cor-
rected for. Currently only the Météo-France ARPEGE model (Arriolabengoa et al., 2025) has an explicit representation of ice
supersaturation regions for contrail predictions. ML methods can overcome this barrier since a model can ‘learn’ any required
parametrisations and these can be adjusted in the light of new data. They however often suffer from the ‘black-box’ problem,
which industry partners and policymakers may be more reluctant to make use of if decisions cannot be adequately justified.
Once trained, predictions provided by these models are quick and cheap to produce, which could be advantageous in the prac-

tical rollout of a contrail avoidance scheme. Another difficulty common to many approaches, ML and traditional alike, is the
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requirement to match observed contrails to real flight data at some stage in the analysis. This is a non-trivial task, especially
since contrail height cannot be easily elucidated from imagery. Flight data availability provides an additional complication,
being typically only available for a certain time window and often having to be explicitly requested at financial cost.

We propose a new method that aims to provide a toolkit to overcome some of the above issues, blending the scalability and
ease of calculation of ML methods, with the robust scientific explainability of a traditional statistical method. In the absence
of a widespread database of suitable in-flight relative humidity measurements, rather than attempting to use algorithms or ML
methods to match contrails explicitly to flight data, we leverage the behaviour of large-population statistics applied to a known
database of confirmed contrails and a reanalysis dataset. Using this, we learn the meteorological conditions associated with
contrail formation and, through application of Bayesian methods, we construct a simple predictive tool for contrail occurrence
at a given humidity and pressure height. Herein we describe how the statistical predictor is constructed from a combination of

reanalysis and labelled satellite data.

2 Methods
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Figure 1. Example pipeline showing identification of extractable contrails from satellite imagery: (a) false-colour multi-band GOES-16
image using the ash colour scheme (Kulik, 2019); (b) contrails tagged by individual human labellers in the Open Contrails (Ng et al., 2024)

dataset; (c) contrails identified from the human-tagged data, using our algorithm to provide start/end locations.

To construct a predictor for contrail occurrence, we first need to understand the meteorological conditions associated with
previously confirmed contrails. To achieve this, we leverage OpenContrails (Google Research, 2024) to provide a ground-truth
dataset of contrails that have tagged and verified by humans. OpenContrails contains multi-band imagery from the GOES-
16 Advanced Baseline Imager (ABI) between April 2019 and April 2020. Images included in the dataset are pre-filtered
according to criteria set out in Ng et al. (2024), ensuring that each tagged contrail had an associated real flight path. The
authors’ intention, as demonstrated, was to use this tagged dataset to train an ML model to identify contrails from satellite

imagery, similar to previous efforts by McCloskey et al. (2021) and Gourgue et al. (2025). OpenContrails provides a total of



115

120

125

https://doi.org/10.5194/egusphere-2026-2490
Preprint. Discussion started: 21 May 2026 G
© Author(s) 2026. CC BY 4.0 License. E U Sp here

20088 training images, with a further 1879 as a validation set. Given that contrails are not often found in isolation, images likely
contain multiple contrails, providing a very large dataset from which to learn population level statistics. For our meteorological
data, we use hourly, 0.25° resolution, pressure-level relative humidity data from ERA-5 reanalysis produced by the European
Centre for Medium-Range Weather Forecasts (ECMWF) (Hersbach et al., 2020). ERA-5 data is extracted between the 1000—
100 hPa pressure heights which incorporates the troposphere—contrails do not form in the dry environment of the overlying

stratosphere.

Figure 2. Schematic of contrail extraction and projection. The flight path (FP) is assumed to extend along a great-circle beyond the boundary
(B) points of the contrail (C). Stippling represents a region of high relative humidity conducive to contrail formation. External (E) and internal

(I) projections of the contrail boundary along the flight path are applied to both ends of contrail (only one end is demonstrated for clarity).

2.1 Contrail and Atmospheric Extraction

In addition to single-band snapshots from the GOES-16 ABI, each image in OpenContrails has an associated series of binarised
masks, showing where a contrail has been manually labelled by each of the four individual human taggers. These masks form
the basis for our initial data extraction, with the process for extracting the atmospheric conditions associated with each contrail

summarised thus:

1. Geolocate dataset image, then filter to include only those within a region of interest. For our study we consider the
US region, using a bounding region defined by 22.5°N to 52.5°N and 127.5°W to 57.5°W. The high levels of aviation

activity in the US will provide a greater number of contrail samples.

2. For each image, iterate through contrail instance masks provided by each tagger in turn (each mask contains a single

contrail). Skeletonise the feature to extract lat-lon endpoints and the principle axis.
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3. Use the DBSCAN (Ester et al., 1996) clustering algorithm on all skeletonised vectors in an image to create a set of

aggregated contrails, with the requirement that they are labelled by multiple taggers, as demonstrated in Figure 1.

4. Using the endpoints (boundary) for each aggregated identified contrail, construct the great-circle path linking them. Use
the associated bearing to project a fractional distance inwards and outwards from the boundary, depicted by schematic
in Figure 2. This returns a total of six lat-lon locations: two external to the contrail (E); two at the boundary (B); and two

inside the contrail (I).

5. Perform linear interpolation in time and space on the ERA-5 reanalysis to provide vertical relative humidity profiles for

each of these 6 locations on each contrail.

Figure 3 provides an example of the extraction algorithm, but rather than applying to specific points, demonstrates the method
applied along an extrapolated flight trajectory. This provides an atmospheric cross-section of the relative humidity profile
congruent with the contrail and progenitor flight path.

The extraction algorithm described above makes a number of assumptions, which when considered for a single contrail in
isolation would fail to provide any substantive or meaningful deductions. We assume that any plane that creates a contrail
follows an approximately linear (i.e. great-circle) trajectory either side of the boundary, ruling out marked changes in flight
bearing or altitude. We assume that the flight may have passed in either direction along the contrail, as well as remaining
agnostic to the height of the contrail. We also note that the contrail itself may have been advected by the large-scale flow
between the time of formation and satellite observation. Clearly, for any individual flight, knowing information such as the
direction of travel is vital for matching flight data with satellite imagery. When applied to over 100,000 contrail endpoints
however, we not only minimise the impact of each of these assumptions, but can begin to learn population level behaviours by
significantly reducing any signal-to-noise ratio.

To complement extractions of ERA-5 associated with confirmed contrail endpoints, we also perform an equally-sized
stochastic sample of the reanalysis, bounding by the same spatio-temporal extent as the contrail extraction. The two very
large sample sizes allow us to make powerful and robust statistical inferences about the likeliness of contrail formation for a

given relative humidity by comparing the contrail-biased sample with the overall background climatology.
2.2 Statistical Inference & Predictions

By drawing biased and stochastic samples with over 100,000 members each, we can overcome much of the noise and uncer-
tainty that plagues the consideration of any single contrail. From these we can construct relative humidity distributions for each
sample, with the difference between the two showing the relative over-contribution of certain ranges of relative humidity at
each pressure level. If contrails are associated with a higher relative humidity, one would expect an excess of observations in
the contrail-biased sample at heights where aircraft commonly cruise. To assess this assertion, and to test the overall statistical
difference between the relative humidity distributions at each height, we use the two-tailed Cramér-von Mises test (Darling,
1957; Anderson, 1962) which measures the goodness of fit between two empirical distributions: the probability distributions

of relative humidity in the contrail-biased and stochastic samples. A higher test statistic indicates greater overall difference
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Figure 3. Extraction of ERA-5 relative humidity field for a single contrail: (a) shows relative humidity field at 200 hPa with the location

of 8 contrails (thin white lines), one of which (bold white line) has been selected for data extraction. The dotted line represents a projected

extension of the aircraft trajectory along a great circle; (b) provides a cross-sectional view of the upper troposphere along the projected path,

with the contrail location shown by the shaded region; (c) provides vertical profiles at each contrail boundary; (d) provides a similar view to

(b) but focusses on pressure levels between 175-300 hPa for easier comparison.
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between the cumulative density function of each distribution. This test can tell us if the meteorological conditions extracted
using contrail endpoints are significantly different to the background climatology. The test statistics also provide the basis for
constructing a tool for contrail prediction and hence avoidance strategies.

To construct our contrail predictor, one must first learn the likeliness of contrail formation from past relative humidity data.
Calculation of such a probability is not immediately trivial, but we can invoke the toolkit provided by Bayesian statistics

to achieve this. The key statement of Bayesian inference is that the probability of an event A occurring given some prior

knowledge B is given by
P(B|A)P(A)
P(A|B)= ——"F—F—"—— 1
(AIB) = =5 1)

where P (B|A) is the likelihood, P (A) is the prior probability and P (B) is the marginal likelihood/evidence. For our task, we
can frame the probability of contrail formation given a relative humidity at each pressure level as

P (RH|contrail) P (contrail )

P (contrail RH) = P (RH)

2

The likelihood is therefore the probability of a given relative humidity occurring when a contrail is present, with the prior the
probability of observing a contrail and the evidence the distribution of relative humidity observed in the climatology. Using
the above, the likelihood and evidence trivally follow from the existing distributions of relative humidity in the contrail-biased
and stochastic samples. Choosing an appropriate prior requires additional consideration, but there are two options: a flat prior
and an informed prior. A flat prior is the naive option, assuming that contrails are equally likely to occur at any level in
the atmosphere. Whilst this is simple and avoids the introduction of erroneous biases, an informed prior that encapsulates
knowledge about where contrails are expected to form will provide a much better prediction; anecdotal experience tells us that
contrails tend to form in the upper troposphere where the atmosphere is much colder. Since the Cramér-von Mises test provides
a measure of the difference in relative humidity distributions between the contrail-biased and stochastic samples, we can use
the test statistic normalised across the pressure heights as an effective proxy for the heights at which contrails are observed.
This provides the informed prior for our contrail predictor, which we formulate as a 2D look-up table using ERA-5 pressure

levels and relative humidity binned into 5% increments.
2.3 Model Assessment

With any predictive tool it is necessary to test the performance and accuracy of the predictions before one can trust the model.
If we consider our contrail predictor as a binary classification task, the performance of such a model is conventionally assessed
using a confusion matrix, which aggregates instances of an event occurring in reality versus whether it was predicted by the

model. The four permutations and outcomes are summarised in Table 1.
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Table 1. A naive confusion matrix for contrail prediction based only on observance and prediction of contrails; before trajectory projection

EGUsphere\

methods inside and outside the contrail boundary are applied along the flight path.

Predicted

Not Predicted

Observed

Not Observed

Contrail created by flight and contrail
was predicted by the model (hit or true-
positive, TP)

Model predicts the presence of a contrail,
however no flight passed through the re-
gion to create it (false alarm or false-

positive, FP)

Contrail created by flight but contrail was
not predicted by the model (miss or false-
negative, FN)

Model does not predict a contrail, nor did
a flight pass through the region to create
one (correct negation or true-negative,

TN)

The conventional approach to using a binary classification highlights a potential problem: whilst if a contrail is observed
we know a plane has passed through that portion of atmosphere at some point prior, the corollary is not true. The absence of
a contrail does not imply no plane has passed through, since it is equally possible that a plane was present but atmospheric
conditions were simply not conducive to contrail formation. This apparent uncertainty can be overcome by referring back to
the extrapolation-extraction method described in Section 2.1. Rather than testing predictions at the contrail endpoints, which
by definition should represent a critical relative humidity threshold, we can test at the internal and external projection points.
Assuming that a plane does not make drastic course deviations immediately beyond the contrail, and that relative humidity
varies smoothly and monotonically near the contrail boundary, this provides our two possibilities of confirmed observation for
the confusion matrix—Manshausen et al. (2022) apply an equivalent logic for the reconstruction of ‘invisible’ data, but rather
in the context of ship track emissions.

The construction of the confusion matrix provides a visual representation of the classification task, but more typically a set
of derived diagnostic values are used to quantify the model performance. The most common are precision and recall, which in
turn are defined by

TP
TP +FP

TP
Recall = ——. 3)
TP+ FN

Precision =
Precision provides the answer to “for all occasions where the model predicted a positive result, how many predictions were
correct?”, whilst recall answers ‘for all the confirmed positive results, how many did the model correctly predict?”. In turn these
measures can be combined into a single metric, the F}-score, which provides an overall measure of predictive performance
and is a more robust test when classes are imbalanced. The F-score is given by

Jo Precision - Recall _ 2TP
'™ Precision + Recall TP+ FP 4+ EN’

“)

with increasing model skill indicated by a value closer to 1. By default, these binary classification metrics assume a threshold
value of 0.5, however we can also test the model performance for all threshold values. The receiver-operator characteristic

(ROC) curve graphically represents the true positive rate (recall) versus the false positive rate, showing the trade-off between
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10° 10t 102
Instances of Contrail Boundaries

Figure 4. Distribution of extracted contrail endpoints extracted from the OpenContrails dataset and binned into grid cells congruent with
the 0.25° ERA-5 data. A logarithmic colourmap is used to highlight lower values while the dashed red bounding box represents the spatial
extent of ERA-5 data.

prioritising sensitivity or specificity in a model. A model with skill equivalent to random chance is depicted by the y = « line,
with well-performing models appearing above this line (Wilks, 2011). The area under the curve (AUC) quantifies how well
the model can discriminate classes, with a value closer to 1 indicating better performance. ROC analysis is most useful when
positive and negative classifications are equally important and the datasets are somewhat balanced (assessed with a confusion
matrix). When these criteria are not satisfied, a precision-recall (PR) curve can be a more useful tool. PR curves focus more on

the positive class and can handle highly imbalanced datasets; instead interrogating whether positive predictions are correct.

3 Results

Our extraction algorithm provides over 100,000 contrail-endpoints from the OpenContrails dataset. The distribution of these
within the study area are shown in Figure 4, with high occurrence rates observed over the states of California, Georgia and
also the eastern US coast. Bands representing key fly-ways between these regions (e.g. California to Florida) can be identified,
corresponding to inter-state flights between major cities and aviation transport hubs. The results support the expectation that
busier flight routes will have a greater incidence of contrail occurrence (cf. Ng et al. (2024, Figure 16)). Other regions have
a much sparser distribution of extracted contrail endpoints, namely over the US mid-west, parts of the Rocky Mountains and

outwards into the North Atlantic. The former two can be partly explained due to the lower population density of the underlying

10
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states, from which lower aviation activity results. Unlike the mid-west and Rocky Mountains, no short-haul flights are expected
to travel into the North Atlantic region, where any observed contrails are likely due to long-haul trans-Atlantic flight activity.
Regions of the map that do not show instances of extracted contrail boundaries are not necessarily contrail-free: either no
images from these regions are present in OpenContrails; or our detection algorithm did not tag any, for example if a contrail
was only identified by a single human tagger. With a sample size as large as ours, the absence of data from these regions does
not prevent us from learning population-level behaviours.

Figure 4 shows the locations of each of our contrail-biased sample locations. Along with the equally-sized stochastic sam-
ples, we can construct distributions of the vertical relative humidity profiles for each ERA-5 pressure level in turn. The results
for a select number of pressure levels are shown in Figure 5, with relative humidity being binned into 5% intervals up to 165%.
In addition to distributions for the contrail-biased and stochastic samples of relative humidity, the differences between the two
are also plotted. Considering first the contrail-biased samples, we see a large variation in observed relative humidity along the
vertical profile. Lower in the troposphere RH is skewed slightly towards drier conditions. At heights generally associated with
aircraft cruising flight levels (300-200 hPa), there is a strong negative skew, with a sharp peak in observed RH around 100%.
Higher still and the distribution flips towards dry conditions, explained by the transition through the tropopause into the dry
stratosphere. For the stochastic samples, the general tendency is for drier conditions to be observed over moister ones, though
between (400-200 hPa) a strong additional peak is observed around 100%. The peak can be explained by the contribution
from contrails, or at least the conditions conducive to them, which are clearly seen when subtracting the two distributions from
one another. Between 300-200 hPa, there is a strong oversampling of moister conditions in the biased sample versus clima-
tology. From this we infer the average state associated with contrail observation is moister than the background state, which is
supported by the theory behind contrail and ice-cloud formation.

Figure 6 shows the results from the two-tailed Cramér-von Mises test, which takes the distributions at each pressure height for
the biased and random sample. The p-values for all pressure heights sit near the 5o significance level, indicating that in general
there is a clear difference between the conditions associated with contrails and a random sample. The test statistic peaks around
200-250 hPa, confirming that this range of pressure heights is where the contrail-biased and stochastic samples of relative
humidity are most different. One powerful deduction that can be made from the test statistic is that by using population-level
statistics, we have effectively reconstructed the heights at which contrails appear despite having no direct information about
the height of observed contrails nor individually matched flight paths. The assertion that contrails typically form between 200—
250 hPa is reasonable given this corresponds to the upper-most levels of the troposphere, where temperatures are commonly
below -40° C—the threshold for pure ice-phase clouds—and the saturation vapour pressure is very low. By normalising the test
statistic distribution across pressure levels, we construct a statistically-grounded derived prior that may be used to improve a
contrail predictor.

Using Bayes theorem we can now calculate contrail formation probabilities with our predictive tool set out in Equation 2.
Two versions are provided: 1) uses a flat prior that assumes naively that contrails can form at any height in the atmosphere; 2)
uses the informed prior constructed using the results from the CVM test. The matrix of these predictions are shown in Figure 7.

When the flat prior is use, nearly all combinations of input humidity-pressure have negligible probability of producing a
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(ROC) curve for binary classification as the threshold value is swept between 0 and 1. Right: The precision-recall curve, again as the binary

threshold sweeps between 0 and 1.

contrail. The highest predicted probabilities are found in a region over 100% humidity between 175-275 hPa, but even then
only peaking at approximately p = 0.3. With an informed prior, the contrail formation probabilities are significantly improved.
While most input values retain a negligible formation probability, especially in the lower troposphere, a distinct peak appears
in the upper troposphere in conditions where RH exceeds 100%. For example, a plane at 225 hPa that passes through a region
of 115% RH has an almost certain chance (p = 0.99) of producing a contrail. Compared to the flat prior, this seems a far more
realistic prediction.

Now in possession of a contrail prediction lookup-table, let us assess the performance of the classification task against a
number of established metrics. The cruising altitude of aircraft, especially for transatlantic flights, is typically between flight
levels FL290 and FL410; corresponding to a pressure range of approximately 300 and 200 hPa respectively. The confusion
matrix for classification predictions between these heights are shown in Figure 8. As noted earlier in Section 2.1, if no contrail
is observed in a satellite image, that does not mean that a contrail could not have formed; it may simply be that no aircraft has
passed through the region so none could be created. The flight projection method previously described however can overcome
this limitation, allowing the four permutations of predicted versus classifications to be constructed. The confusion matrix shows
that the dominant class is one where neither the model predicted a contrail, nor was one observed. Given the sky is not littered
with contrails at all times, this makes intuitive sense as many satellite images will likely not contain any contrails. The second
largest class are contrails that were observed and also predicted by the model, which arguably are the greatest initial indicator
of model success. This category is more than three times larger than either of the false classifications, providing values of
precision = 0.831, recall = 0.774, and F; = 0.801. The two other classes represent failure cases where a contrail is observed
but not forecast, or forecast but not observed.

These results indicate a well-behaving model, which is additionally verified by the ROC curve in Figure 8. The curve is

much higher than the y = z line (which denotes random skill), with an AUC close to 1. As identified by the confusion matrix
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however, the classifications are highly mismatched in size, so ROC is not the most useful graphical metric. The result for the
precision-recall curve, which deals better with imbalanced classifications, shows the model’s skill remains robust with a high
level of skill. These results provide confidence that the contrail predictor does reasonably well at predicting whether contrails
should be observed for a given set of input parameters. These quantitative results, whilst mathematically grounded, are not the
most interpretable; how can one convince oneself that the model is really working, perhaps with a more qualitative result?
The original model was trained on 20088 images from the OpenContrails dataset. In addition to the training images there
is a smaller set of 1879 validation images that were unseen in the development of the probability look-up table. If we take
the geolocated timestamp of one of these images, extract the matching ERA-5 RH field and pass it through the look-up table,
one can produce an array corresponding to the predicted contrail probability when the satellite image was taken. If one selects
a single pressure level, this produces a contrail formation probability map; the results of which for three satellite images are
shown in Figure 9. In each of the three examples, the region of high contrail formation likeliness coincides broadly with areas
of the GOES-16 satellite imagery that show contrails (dark blue linear features). The regions don’t necessarily match perfectly,
however this may be explained by additional factors such the limited vertical resolution of the look-up table (in turn derived
from ERA-5 limitations), or advection that moves contrails away from their original formation location by the time satellite

overpass occurs.

4 Conclusions

This study introduces a statistically robust and versatile method for the development of a contrail prediction tool that leverages
population-level statistics and Bayesian methods. Previous studies for contrail prediction have generally employed either highly
parametrised models or poorly explainable machine learning models, each with their relative advantages and disadvantages.
In comparison, we believe that we have developed a flexible tool that strikes a balance between scalability and explainability.
Since the model is grounded in population-level statistical analysis, the prediction pipeline is highly explainable and derived
directly from the atmospheric state, with little to no physical abstraction versus an ML model. That said, once trained and a
look-up table is produced, our model is straightforward to scale up and apply like an ML model.

By requiring minimal inputs and demonstrating resilience to biases, such as those within the source ERA-5 relative humidity
data (c.f. ice supersaturation in Teoh et al. (2022)), our approach offers a highly scalable framework that is agnostic to the data
source and readily applicable across diverse atmospheric models and observational datasets. This provides a basis for on-line
contrail predictions with the output from a numerical weather prediction model. Unlike many previous approaches that are
reliant on commercial aviation data, which often comes with licensing and cost considerations, our technique mitigates the
inherent uncertainties associated with matching exact flights by leveraging the improved signal-to-noise ratio that results from
large sample sizes. This approach is particularly valuable in both research and operational settings where quality or availability
of accurate flight information varies substantially, such as over the mid-Atlantic where ADS-B data is often missing.

A statistical assessment of our model shows a robust performance with good quantitative and qualitative skill. An F; score

over 0.8 represents a model with significantly better than random skill, with the ROC and precision-recall curve providing
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support to this. One should be aware of the two failure cases, which are additionally complicated by the fact that a model
prediction may be correct but there was no plane to produce a contrail in the training image (or simply the model was wrong).
The comparison of satellite images and corresponding contrail prediction maps in Figure 9 provides a visual demonstration of
the method where statistical metrics are harder to interpret by the general reader.

We acknowledge that the model is not perfect or free from all biases. Whilst efforts have been made to consider various
sources of uncertainty in the predictions, some cannot be ignored. The image selection criteria used in OpenContrails inherently
biases observations and hence extraction of atmospheric conditions to regions where aircraft commonly fly. Atmospheric
extractions from the contrail samples may therefore be slightly biased due to having little data from specific areas, however
we have sought to overcome this by extracting the stochastic samples from a much larger bounding-box region that covers
areas over the ocean and more sparsely populated regions. In addition, the identification of contrails by human taggers and the
subsequent ML model in Ng et al. (2024) is heavily influenced by the difficulty in identifying contrails in (false-colour) satellite
images. Contrails are most clearly identifiable with underlying clear-sky conditions, with challenges posed by the presence of
other natural ice clouds and substantial cover by underlying cloud layers. These scenarios could lead to the oversampling of
dry conditions in the lower atmosphere in the contrail-sampled extractions, however this should be a less important when
considering the upper atmosphere where aircraft typically cruise. Opportunities will arise in future to refine predictions as a
greater proportion of the global aviation fleet is fitted with the instrumentation to measure relative humidity in-situ, an ability
limited to a select few aircraft at present. There is also scope for further development and refinement of our method, for example
moving away from a dependence upon a discretised look-up table.

Our results provide a framework for development and broader adoption within research and industry. The field of contrail
detection and avoidance is developing quickly, particularly with intergovernmental agencies and changes to legislation now
beginning to ‘cost-in’ non-CO, aviation effects (European Parliament, 2025). As such, many competing and complementary
approaches for tackling the issue should be explored. Machine learning methods are currently being tested with selected indus-
try partners (McCloskey et al., 2023), though the most recent findings of Sankar et al. (2026) suggest that whilst predictions
are likely sound, there is an additional challenge to face in the form of human decision making. In that study, flight controllers
avoided supplying a contrail avoidance routeing to pilots 85% of the time, with only 60% of such routeings actually being
flown, suggesting there is a strong psychological element. Whether this is due to perceived superior knowledge of flight con-
trollers or mistrust of Al (or other reasons) is beyond the scope of our work. By offering a method for contrail prediction
that is highly explainable, interpretable and scalable, we believe there is scope to help overcome issues regarding the adoption
of contrail avoidance methods. This study therefore contributes to the wider societal goal of using technical innovations to
mitigate contrail radiative forcing—thereby human-driven climate change—in an area that is often fraught with disagreements

between economics and policy.
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Code availability. Analytical code and notebooks used in this project can be accessed on a GitHub repository (https://github.com/daw538/
williams2026-contrails). Third-party source data for OpenContrails is accessible from Google Cloud Storage at gs://goes_contrails_dataset

whilst ERA-5 data can be downloaded from the Copernicus Climate Data Store (CDS).
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