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Abstract. Aviation-induced condensation trails (contrails) contribute significantly to anthropogenic radiative forcing. While

navigational contrail avoidance has been proposed as a strategy to mitigate this climate impact, the operational viability of such

maneuvers relies on the ability to verify their efficacy. Current verification methodologies often employ contrail models (such

as CoCiP) driven by reanalysis weather data; however, these assessments are limited by the variable fidelity of the underlying

meteorological datasets. In this work, we address this uncertainty by leveraging geostationary satellite observations to refine5

reanalysis estimates for specific contrail events. We demonstrate that this approach significantly improves the agreement be-

tween reanalysis data and in-situ measurements obtained from the IAGOS program, thereby offering a more robust framework

for evaluating avoidance strategies.

1 Introduction

While the carbon dioxide emitted by aircraft is a well-known driver of global warming, recent research indicates that persistent10

contrails may have a comparable net impact on climate change. These "contrail-cirrus" clouds trap outgoing longwave radiation

that would otherwise escape into space, potentially leading to a net warming effect (Kärcher, 2018; Lee et al., 2021).

Navigational contrail avoidance has emerged as a high-potential climate solution because a vast majority of the warming is

caused by a small fraction (roughly 2% to 10%) of flights that traverse specific atmospheric regions of high humidity (Avila

et al., 2019; Teoh et al., 2022, 2024). By slightly altering the flight path or altitude of these specific flights to avoid ice-15

supersaturated regions, the aviation industry could potentially eliminate a large fraction of its non-CO2 climate impact.(Frias

et al., 2024)

One challenge to navigational contrail avoidance is that current weather models do not always predict the exact location and

depth of ice-supersaturated layers with the accuracy required for flight planning(Gierens et al., 2020; Agarwal et al., 2022;

Thompson et al., 2024). If navigational contrail avoidance is to be adopted, it must first be demonstrated that it actually leads to20

a reduction in persistent contrail formation. For this reason verification systems, which can answer the question ‘did this flight

make a contrail’, are essential.

There are two broad categories of methods which can be used to determine if a flight made a contrail. Observational meth-

ods try to visualize the contrail directly, for example using ground-based cameras or satellite imagery. Ground-based camera
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datasets such as Jarry et al. (2025); Low et al. (2025) can struggle to identify contrails occluded by low-lying clouds and track25

persistent contrails beyond 30 minutes. They also are present only in some locations and so cannot see every flight. Low-earth-

orbit satellites avoid some of these difficulties, but because they generally have revisit times longer than a contrail lifetime,

they only see each contrail once. This makes them useful for determining whether a contrail has formed, but less useful for de-

termining whether the contrail persists, which is a key problem since persistent contrails cause the bulk of the warming impact.

Finally geostationary satellites such as GOES-ABI (Goodman et al., 2019) or Meteosat Third Generation FCI (El Kassar et al.,30

2024) have excellent coverage and since they take images every few minutes can confirm that a contrail is persistent. But their

relatively poor (2 km) spatial resolution makes it difficult to see freshly formed and optically thin contrails.(Driver et al., 2025;

Euchenhofer et al., 2025) It also means they can usually only see contrails 20-30 minutes after they are first formed, making

attributing those contrails to a specific flight difficult(Chevallier et al., 2023; Sarna et al., 2025).

Alternatively, weather-based methods of determining whether a persistent contrail formed first determine what the weather35

was at the flight’s location, and then apply a physical model to determine if the flight made a contrail. To a first approximation

the physical model is a combination of the Schmidt-Appleman criterion (Schmidt, 1941; Appleman, 1953; Schumann, 1996)

and ice supersaturation, though more complicated models are also possible such as the Contrail Cirrus Prediction Model

(CoCiP) (Schumann, 2012) and the Aircraft Plume Chemistry, Emissions, and Microphysics Model (APCEMM) (Fritz et al.,

2020). The main drawback of such approaches is the difficulty in getting accurate weather. In a small number of cases in-situ40

measurements (for example aircraft-based measurements or radiosondes) are available, but such measurements are too sparse

for large-scale validation or to use as inputs to the above models. Furthermore such models must always be approximations to

the physics of the system, in part because of the constraint of needing to be computed quickly enough to run on large numbers

of points, and the simplified models can lead to inaccurate warming estimates (Akhtar Martínez et al., 2025).

In this work we combine the observational and weather-based approaches to create a method of contrail attribution which45

is better than either on their own. Our method weights weather ensemble members based on whether or not they agree with

geostationary satellite observations. Our method produces a ‘contrail score’ which can be used to assess whether persistent

contrail forming conditions are present. We show that this contrail score agrees better with in-situ measurements than other

methods of assessing contrail formation conditions based on weather data alone. We use our hybrid approach to produce a

warming estimate for each flight which agrees in aggregate with warming estimates using weather data.50

2 Methods

2.1 Summary of method

Figure 1 is a summary of our method. Given multiple weather ensembles, we compare each ensemble member to contrail

observations. The ensemble members which agree with the contrail observations are then given a higher weight than the

ensembles which do not.55

For each in-situ measurement, we find all the flight waypoints within a threshold in distance, altitude difference and time dif-

ference. If the majority of those waypoints were found to match a contrail we label this in-situ measurement as observed=True,
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Figure 1. An example of the method used in this work. The red dot is the location of an in-situ measurement which shows ice supersaturation,

and the yellow region denotes the locations where the given ensemble member predicts ice supersaturation at the time and altitude of the

measurement. The satellite image is a false color image taken 30 minutes after the in-situ measurement, using the infrared bands as described

in (Ng et al., 2023), with a detected contrail marked with the black line. Because our method applies a higher weight to ‘Ensemble 0’, the

location of the contrail formation region it predicts better matches the observed contrail, and this leads to better agreement with the in-situ

measurement.

otherwise we label it observed=False. We then linearly interpolate the weather ensemble data to the location of the in-situ

measurement.

We then compute the ‘contrail score’ (Shybrid), a unitless number between 0 and 1 where a higher score indicates a higher60

likelihood that a contrail formed, from this weather and observational data. This is similar to Hanst et al. (2025), who use

a contrail score which is the fraction of ensemble members predicting persistent contrail formation conditions, here denoted

Sensemble mean. For our contrail score, we will combine the observations and ensemble weather forecasts using the following

formula:

Shybrid =


TPR×Sensemble mean

TPR×Sensemble mean+FPR×(1−Sensemble mean)
observed= True

(1−TPR)×Sensemble mean

(1−TPR)×Sensemble mean+(1−FPR)×(1−Sensemble mean)
observed= False

, (1)65

where TPR/FPR are the true/false positive rate of the observation system. Eq. 1 is just Bayes theorem where Sensemble mean

is ‘prior probability’, (the initial guess at the probability that a persistent contrail will form), and TPR/FPR are the probabil-

ities of observing a contrail on a flight which did/did not actually create a contrail. Another way to interpret the model scores

is in the context of the weights in a weighted average over ensembles. The model score is the sum of the weights of all the

ensemble members that predict a contrail. For Sensemble mean this is just the fraction of ensembles predicting contrails, but for70

Shybrid these ensembles get lower or higher weights depending on whether a contrail is observed.
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2.2 Data

Numerical weather data comes from the European Centre for Medium-Range Weather Forecasts (ECMWF). We studied both

the forecast (IFS) and reanalysis (ERA5) (Hersbach et al., 2020) product, and both nominal and ensemble products. The

nominal and ERA5 ensemble data use the ‘model-level’ weather products which have a vertical resolution of ≈ 10 hPa while75

for the IFS ensembles due to bandwidth constraints when downloading the data we use the ‘pressure-level’ data which has a

resolution of 25hPa. Resolutions are 0.25◦ for the ERA5 nominal weather, 0.5◦ for the ERA5 ensemble weather, and 0.1◦

for the IFS weather. The ERA5 ensemble weather is at a time resolution of 3 hours while all other products have a 1 hour

resolution. In order to compensate for the well-known dry bias(Gierens et al., 2020) of ECMWF high-altitude humidity data,

we scale up the humidity field by dividing by 0.97 Schumann (2012); Jeßberger et al. (2013).80

In-situ weather measurements are from the In-Service Aircraft for a Global Observing System (IAGOS; Boulanger et al.

(2018) https://www.iagos.org/). IAGOS uses instruments mounted on commercial aircraft to collect a variety of atmospheric

data, we used the temperature and specific humidity measurements. The time and spatial resolution of IAGOS measurements

is far greater than that of our numerical weather data. We therefore grouped the measurements into bins based on the altitude

(rounded to the nearest flight level), time (rounded to the nearest hour), latitude and longitude (rounded to the nearest 0.2585

degrees) and randomly selected one measurement from each bin.

Contrail observations are obtained following the methods of Geraedts et al. (2024) and Sarna et al. (2025), summarized

here. We first automatically detect contrails in GOES-ABI imagery (Ng et al., 2023). We then obtain flight waypoints from

ADS-B data licensed from flightaware.com. We advect the waypoints using ERA5 wind data with a Runge Kutta 3D method,

and additionally sediment downwards using the terminal velocity of an estimated ice crystal size average. Finally we compare90

the locations of the advected flights to the locations of the detected contrails. If these are close enough over multiple frames

(details in Sarna et al. (2025)) we say that the flight waypoints are observed to be matching a contrail. Note that the advection

is uncertain because the wind data used is imperfect and contains errors of around 12.4 km/h (Sonabend-W et al., 2026); the

attribution algorithm accounts for this when it sets the tolerances of what flights can match an observed contrail.

The data used in this work was in the region shown in Fig. 2, covering the terrestrial Americas. We only have ADS-B95

data from terrestrial receivers so flight waypoints away from land are not included. The date range covered is 2019/04/04 to

2019/12/31 and 2024/01/01 to 2024/12/31. Our method has some tunable parameters, as defined below. We split our dataset

by day of year and set aside every sixth day as the training set. The results in this work are evaluated on the remainder of the

dataset. The complete dataset contains approximately 90 000 data points.

Some of our results in this work come from simulating contrails using the pycontrails v0.60.3 (Shapiro et al., 2024) im-100

plementation of the CoCiP (Schumann, 2012) contrails model. CoCiP is a parameterized physics model of contrail evolution

which includes formation, initial downdraft, advection and sedimentation, continually reassessing whether the contrail persists

or sublimates. We configured CoCiP using the Poll-Schumann model of aircraft performance data (Poll and Schumann, 2021),

and we adapted the humidity inputs to CoCiP using the ‘histogram matching’ method, which recalibrates the forecast humidity

to better match in-situ observations. (Platt et al., 2024)105
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Figure 2. The region covered in this study is contained in the blue box.

2.3 Metrics for comparing with in-situ measurements

We will use the above contrail score to predict whether the in-situ measurements will show persistent contrail formation

conditions. We define ‘persistent contrail formation conditions’ as the Schmidt-Appleman criterion (SAC) being satisfied and

ice supersaturation (ISS), i.e. the relative humidity over ice (RHi) ≥ 100%. The SAC requires aircraft information which is not

in general defined for in-situ measurements, we used default values of 0.3 for overall efficiency and 1.25 for H2O emissions110

index. In Sec. 3.1 we will also experiment with other contrail formation conditions.

We assess the performance of different contrail verification systems by computing a contingency table like the one in Table

1. We then compute from the table ‘precision’ ≡A/(A+B) and ‘true positive rate’ (TPR) ≡A/(A+C). In the table S can be

any contrail score, such as Shybrid or Sensemble mean. Since these contrail scores take continuous values we can create a curve

on a precision/recall chart by varying the value of the threshold t. We will also consider the contrail score Snominal which is115

simply whether the nominal weather predicts contrail formation conditions, and Sobs, the score based purely on observations.

These scores are either 0 or 1 so t= 1 is the only contingency table that we compute.

2.4 Defining distance thresholds

We say an in-situ measurement has observed contrails whenever nearby flights are observed making contrails. If there are

multiple nearby points the observed value set to true if any of the points have observed contrails. We now define what ‘nearby’120

means, in terms of thresholds in distance, altitude and time. To do this we do a grid search over these thresholds. The search
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Table 1. Example of a contingency table used in this work. Here S is a contrail score and t is a threshold above which we say that the contrail

score predicts persistent contrail formation conditions.

In-situ contrail

formation conditions

Y N

S ≥ t A C

S < t B D

covered 5−50km in distance, 10−300m in altitude and 120−3600s in time. For each set of thresholds, we compute Sobs, the

contrail score based solely on whether an in-situ point has observed contrails, on the training dataset defined in Sec. 2.2. Note

that smaller distance thresholds naturally have a harder time finding nearby flight observations. The largest thresholds found

17005 matching observations, we limited our results to thresholds that found at least 15000. The results are shown in Fig. 3.125

From these results we chose a set of thresholds which give high TPR and precision. We choose the following thresholds:

distance = 15km

altitude = 20m (2)

time = 300seconds

A sensitivity analysis with some other choices of distance parameters is given in Sec. 3.1.130

2.5 Estimating performance of observation system

Eq. 1 includes the true positive rate (TPR) and false positive rate (FPR) of our observation system. We estimate these parameters

using synthetic data, using methods described in detail in (Sarna et al., 2025) and summarized here. In a contingency table

like Table 1, TPR≡A/(A+B), FPR≡ C/(C +D), but the contingency table compares to synthetic data rather than in-

situ measurements. We start by simulating contrail evolution using CoCiP for all flights in a region covering most of North135

America, for 28 days spread out over the interval April 2019-April 2020. We use the simulated optical properties of these

contrails to make synthetic contrail masks which are qualitatively similar to the masks produced by our contrail detector. Then

we use our attribution system to attribute the flight paths to the synthetic contrails. In this simulated environment we know

which flights actually made contrails, so we can assess how well the contrail attribution system worked. In Sarna et al. (2025)

a fraction of flight waypoints were dropped to simulate aircraft without ADS-B transponders. This reduced TPR since those140

flights could never be attributed. In this work we do not drop these flights, which assumes the user or the contrail score has

access to location data for all the flights they are interested in. Note that the CoCiP simulations used in SynthOpenContrails

make no attempt include interactions between different contrails which may lead to an overestimation of contrail impacts in

high contrail density areas(Rosenow and Luo, 2026). Also note that the synthetic data is generated using different wind data

than that used during flight attributions, so measurements of the overall system performance include the effects of imperfect145

wind data.
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Figure 3. Precision/TPR for Sobs for a number of different distance thresholds. The starred point is the one we chose, corresponding to the

thresholds in Eq. 3.

To get the true/false positive rate, we need to define which contrails the observation system should be trying to find. We

define this as all contrails with a total long-wave energy forcing > 5× 1013J . Such contrails are responsible for 96% of the

total warming in our synthetic dataset, so this is a reasonable group to target. With this definition we find

TPR= 33 %, FPR= 0.7 %. (3)150

Fig. 4 shows the results of putting these values into Eq. 1. Because FPR is small, a contrail observation is taken as strong

evidence that a contrail is in fact formed. Therefore Shybrid(observed) is much higher than Sensemble mean. On the other hand

TPR is not that close to one, so a lack of contrail observations is only weak evidence that no contrail is actually present.

Therefore Shybrid(not observed) is only slightly reduced compared to Sensemble mean. The TPR number is per-contrail, but

because more warming contrails are larger and longer-lived, they are more likely to be observed. The observation system155

captures 33% of contrails but those contrails account for 42% of the long-wave energy forcing.

The TPR/FPR values used here should be treated as estimates only. Their computation is based on the assumptions present

in CoCiP, as well as the assumptions in Sarna et al. (2025) about how contrail properties translate into contrail detections. For

example, in order to better match observed results Sarna et al. (2025) removes some simulated contrail detections in areas of

high contrail density. This naturally lowers the TPR. But our simulations do not model contrail-contrail interactions, which160

means that they are likely overestimating the contrail impact in these regions(Rosenow and Luo, 2026). The TPR reported

here assumes that our contrail simulations are correct, but the truth may be partway between the simulations and our synthetic
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Figure 4. Scores computed using Eq. 1 and Eq. 3. We can see that observing a contrail leads to a large increase in score compared to

Sensemble mean, while not observing a contrail leads to a small decrease in score.

observations. The metrics are also dependent on how the contrails detections at high contrail density are removed. Sarna et al.

(2025) used a method which qualitatively matched real contrail detections but did not analyze if other methods could achieve

as good or better agreement with real images. A sensitivity analysis to the TPR/FPR values is given in Sec. 3.1.165

2.6 Estimating the energy forcing of contrails

In this section we define a contrail energy forcing estimate which takes into account both observations and ensemble weather.

Energy forcing is the total radiative impact of the contrail. It is obtained by integrating the contrail radiative forcing over

the width and length of the contrail, and over the contrail lifetime(Schumann et al., 2011). A reasonable way to estimate

contrail energy forcing in the absence of observations is to simply simulate contrails using CoCiP for each member of the170

ensemble, and average the results. Since ensembles that don’t predict contrail formation also predict zero forcing, this is

equivalent to averaging the energy forcings of only the ensemble members that predicted contrail formation, and multiplying

by Sensemble mean. To generalize this we write

EFX = SXEFcontrail. (4)

where SX is any contrail score (Sensemble mean, Shybrid, etc) and EFcontrail is the mean warming over all ensemble members175

which predict a contrail.

3 Results

3.1 Including observations increases agreement with in-situ measurements

Fig. 5 shows the precision and TPR for Snominal, Sensemble mean and Shybrid, compared to the in-situ measurements, for the

ERA5 and IFS weather products. Shybrid has the best agreement with the in-situ measurements.180
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Figure 5. Precision/TPR plot for different contrail scores. We see that Shybrid has the highest values, implying the best agreement with

in-situ observations. This pattern is true for both (a) reanalysis and (b) forecast data. For the forecast data the (10) curves use 10 ensemble

members while the (50) curves use 50.

We see that Sensemble mean does not perform better than Snominal, a surprising result which is different to that found by

Hanst et al. (2025) (which uses a different numerical weather product). We expect that this is because the ensemble weather

has a coarser spatiotemporal resolution than the nominal weather.

For the forecast product where 50 ensemble members are available, we see that Shybrid performs better with more ensemble

members. This is especially true at the high-TPR (TPR > 0.5) part of the curve, likely because more ensemble members185

increases the resolution of Sensemble mean, making it better able to estimate the steep slope of Shybrid(observed) in Fig. 4.

One might expect the ERA5 reanalysis weather to always agree better with in-situ measurements than the forecast, since the

reanalysis has assimilated weather data up to the time of the reanalysis observation. This is true of Snominal, but Sensemble mean

and Shybrid are more mixed, with ERA5 performing better at the high recall parts of the curve while IFS performs better at

high precision. However since the forecast and reanalysis weather have different resolutions we cannot clearly separate the190

effects of just changing from reanalysis to forecast data.

Computing the ‘hybrid’ prediction requires satellite imagery, flight ADS-B data and weather data. The satellite imagery

is available around 10 minutes after the image is taken, and the flight ADS-B data are available in near-real time. The good

performance of the forecast weather in Fig. 5b means that in principle the results of the hybrid method could be made available

almost immediately after the flight time, allowing immediate feedback for aircraft operators on whether contrails were formed.195

We can summarize Fig. 5 by computing the area under the curves (AUC) of the different forecasts. We define ∆AUC as

the difference in the AUC between two curves, computed only in the TPR range where the curve is present, and divided by the
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Table 2. ∆AUC for a few different cases.

Method ∆AUC

ERA5 0.021± 0.006

IFS (10 ensemble members) 0.040± 0.012

IFS (50 ensemble members) 0.049± 0.009

size of the TPR region. Another interpretation of ∆AUC is the average precision difference between the curves. In Table 2 we

show ∆AUC for a few different cases. Error bars are 2 standard deviations obtained by bootstrap sampling the dataset 1000

times. Since points at similar locations and times may be correlated, during the bootstrapping we kept all data points on the200

same day together rather than sampling each data point individually.

We also experimented using only ice supersaturation (ISS) rather than the combination of the Schmidt-Appleman criterion

and ice supersaturation (SAC+ISS) as the definition of ‘persistent contrail formation conditions’. The improvement of Shybrid

over Sensemble mean is smaller for ISS-only than for SAC+ISS. (∆AUC = 0.008± 0.010 for ISS-only).

This is because in cases where ISS predicts a persistent contrail but SAC is not satisfied, no contrail actually forms. When205

our observations (correctly) observe no contrail, if we defined ‘persistent contrail formation conditions’ as ISS-only, then

this correct observation hurts the performance of Shybrid in our metrics. The improved benefit for using observations when

evaluating SAC+ISS is therefore simply because SAC+ISS is better at predicting the formation of persistent contrails than ISS

alone.

3.2 Insensitivity of results to hybrid parameters210

We now perform a sensitivity analysis of our results to the TPR/FPR values in Eq. 1. The other values tested are shown in

Table 3. The ‘Warming contrails’ case is defined in Eq. 3 and used in the other results in this work. The ‘Linearized contrails’

case is comparing the matched contrails from the SynthOpenContrails dataset only to the synthetic contrails that survived the

rasterization and linearization process in Sarna et al. (2025). The biggest difference compared to the ‘Warming contrails’ case

is that SynthOpenContrails intentionally removes contrail detections in high contrail density areas to match the results on real215

images. The ‘Warming contrails’ case assumes that these high contrail density detections are missing in real images because

the contrail detector cannot resolve them, while the ‘Linearized contrails’ case assumes that if CoCiP correctly simulated

contrail-contrail interactions these contrails would not have formed. The ‘All contrails’ case compares the observation system

to all the contrails predicted by CoCiP with nonzero energy forcing. Fig. 6(a) shows how Shybrid changes in the different

cases. All cases have low TPR, so in all cases the effect of observing a contrail is to dramatically increase Shybrid relative to220

Sensemble mean. Relative to the ‘warming contrails’ case the linearized (all) contrails case has higher (lower) TPR, which leads

to larger (smaller) decrease in Shybrid when a contrail is not observed. In particular the very small TPR in the ‘all contrails’ case

means that a non-observation barely changes the contrail score. Fig. 6(b) shows the impact on Shybrid’s agreement with in-situ
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Table 3. Alternate TPR/FPR values (replacing those in Eq. 3 evaluated in Fig. 6

Case TPR FPR

Warming contrails 33% 0.7%

Linearized contrails 62% 1.4%

All contrails 14% 0.1%

Figure 6. (a) Same as Fig. 4 but including the different choices of TPR/FPR outlined in Table 3. For each case solid lines show

Shybrid(observed) and dashed lines show Shybrid(not observed). (b) Same as Fig. 5(a), but the dashed lines show different Shybrid for the

different cases in Table 3.

measurements. We see that the agreement is not very sensitive to the choice of TPR/FPR, and outperforms Sensemble mean in

all cases.225

We also perform a sensitivity analysis of our results to the thresholds in Eq. 3. The other values tested are shown in Table

4. The base case is the one used elsewhere in this work, in this analysis we include points with increased time, distance and

altitude threshold which still perform relatively well in TPR and precision. Fig. 7(a) shows the TPR and precision of these

cases on our training dataset. Fig. 7(b) shows the effect of the different thresholds on the various contrail scores. Note that

different thresholds include different points in the evaluation dataset, so each of the cases is evaluated on a slightly different230

dataset. In all cases the pattern of Snominal ⪅ Sensemble mean < Shybrid is present. Fig. 7(a) shows the largest sensitivity to

altitude, potentially because the supersaturated layers that drive contrail formation are often vertically thin.
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Table 4. Alternate thresholds evaluated in Fig. 7

Case Distance Altitude Time

Base case 15 km 20 m 300 s

Less Distance 10 km 20 m 300 s

Time 15 km 20 m 600 s

More Distance 50 km 20 m 300 s

Altitude 15 km 50 m 300 s

Figure 7. (a) Same as Fig. 3 but including the different thresholds in Table 4. The orange star shows the base case while the crosses show the

other cases. (b) Same as Fig. 5(a), but covering the different cases shown in Table 4.

3.3 Comparison of aggregate energy forcing values

We can also compare the warming values from Eq. 4. We chose one day per month in the span June 2024 - May 2025 and

computed EFensemble mean and EFhybrid for all the flights in Fig. 2. The resulting dataset (which is different from the dataset235

used in the rest of this work) contains ≈ 430000 flights. We report energy forcing per meter (EF pm) by summing the energy

forcings and flight distances over all flights in the dataset:

EF pm
X =

∑
iEF (i)∑
iL(i)

. (5)
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Figure 8. Energy forcing as a function of local time of day, for both EF pm
ensemble mean and EF pm

hybrid. We see that both have similar values

and exhibit the expected diurnal pattern of warming at night and ambiguous results during the day.

We find

EF pm
ensemble mean = 15.50± 0.12MJ/m (6)240

EF pm
hybrid = 15.55± 0.12MJ/m, (7)

where the error bars are obtained by taking 2 standard deviations of 100 bootstrap samples. The fact that these values agree is

partially by design as we chose the TPR/FPR values in Eq. 3 relative to synthetic CoCiP data. If we instead use the ‘Linearized

contrails’ TPR/FPR values from Table 3 then EF pm
hybrid is 13% lower than the EF pm

ensemble mean, because (at least according

to CoCiP) the contrails which form but do not create linear features in the SynthOpenContrails dataset do contribute some245

warming which those TPR/FPR values would not capture. If we use the ‘All contrails’ TPR/FPR values we find that EF pm
hybrid

is 6% higher than EF pm
ensemble mean, because in that case we are penalizing the TPR value to account for contrails which have

only very small forcing. Fig. 8 shows the aggregate forcing as a function of local hour. Both EFensemble mean and EFhybrid

show expected pattern of warming contrails at night and small forcing during the day.

4 Discussion and Future Work250

In this work we defined a ‘contrail score’ Shybrid which combines ensemble weather and contrail observations, and saw that

it compared better to in-situ measurements than scores based entirely on weather data. We used this to define a method of

estimating contrail warming which weights ensemble members by their agreement with observations, and showed that though
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the hybrid method are more correct on a per-contrail basis, it produces similar aggregate values to methods using only weather

data.255

In this work we used the aircraft-based IAGOS system as a source of in-situ measurements, but the method does not require

the measurements to be on aircraft and future work could compare to other in-situ measurements such as from radiosondes.

This work shows that contrail observations can improve estimates of meteorological quantities related to contrails. We tested

this approach using an 10-ensemble-member reanalysis product with low resolution and a 50-ensemble-member forecast prod-

uct with higher resolution. We found that more ensemble members, and higher resolution improves performance, suggesting260

that the best possible estimates of whether a flight made a contrail could be obtained by a reanalysis product with higher reso-

lution and more ensemble members. Another improvement might be to increase the number of ensemble members well beyond

50, for example by using an AI weather model(Kurth et al., 2023).

The approach taken in this work is a very basic method of combining observations and weather, and the fact that it leads

to an improvement suggests that more sophisticated approaches, such as assimilating contrail observations directly into a265

weather model, may be worth pursuing. One could also try imposing spatial/temporal consistency on these ensemble weights,

as opposed to this work where the weights are chosen independently for each measurement. Better agreement with in-situ

measurements would be one way to assess the impact of such improvements, but there are others. It would be desirable if

a future approach produced a more physically consistent set of weather fields. This would allow one to estimate warming

by running a physical model once on the new weather data, which would be computationally cheaper than the approach270

in this work of running the physical model on each ensemble member and taking the weighted average of the results. The

improvements in this work only apply to points near a flight path. This is not a problem for contrail avoidance applications

since by definition we care most about points near flight paths, but extending the distance the improvements apply over could

allow contrail observations to improve weather for non-contrail applications.

Another interesting direction could be to generalize the techniques in this work to other weather data. For example, one275

could try to improve wind data by weighting weather ensembles based on whether they agree with the observed motion of

persistent contrails.

The contrail score and warming estimates produced in this work used CoCiP to determine the TPR/FPR values in Eq. 1

and to estimate warming. CoCiP is not the only method of estimating the evolution of contrails and other methods can give

different contrail properties in case studies (Akhtar Martínez et al., 2025; Kärcher and Corcos, 2025). Further research is280

needed to determine if these differences yield significant changes in agreement with in-situ measurements or aggregate contrail

forcing. The methods used in this work can be straightforwardly adapted to use a different contrail model if desired.

In this work we showed that contrail observations can help to predict in-situ measurements of SAC and ISSR. In-situ mea-

surements of SAC and ISSR are a proxy of what we really want to observe, which is persistent contrail formation. These

measurements must be a pretty good proxy, (otherwise contrail observations would not help to predict them), but they are285

likely not a perfect proxy due to both noise in the in-situ measurements and physical phenomena (e.g. wake-vortex interac-

tions, advection, sedimentation) which are not modeled. In Sec 3.1 we saw how more accurate proxies of persistent contrail

formation led observing a larger benefit of using observations. This is because in the results in this work every time the proxy
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incorrectly predicts a contrail and observations (correctly) do not observe one (and vice-versa), we count that as a mistake by

the observations. Therefore we expect that the results in this work are understating the benefits of incorporating observations,290

a hypothesis which could be tested by comparing with improved ‘ground-truth’ datasets, such as those being developed using

ground cameras. (Jarry et al., 2025).

For the purposes of determining whether an aircraft made a contrail, both weather models and geostationary imagery have

limitations (Agarwal et al., 2022; Gierens et al., 1999; Driver et al., 2025; Euchenhofer et al., 2025). This work shows that

despite their limitations, both approaches have complementary information and therefore taking them together leads to the best295

estimates of whether an aircraft made a persistent contrail.

Data availability. The dataset used for the analysis is available at https://zenodo.org/records/19440374. Per-flight data on whether a flight has

been observed making a contrail, can be retrieved from the ContrailWatch API https://developers.google.com/contrails/v1/ContrailWatch-description,

as can per-flight estimates of the energy forcing described in Sec. 2.6.

Author contributions. SG designed and carried out the analysis. AS helped in accessing and understanding the SynthOpenContrails dataset.300

SR and RT provided the IAGOS data. KM provided scientific advising throughout the development of the study and the compiling of the

results. SG prepared the manuscript with contributions from all co-authors.

Competing interests. The authors declare the following competing interests: As denoted by their affiliations, some authors are employed by

Google LLC. Google is a technology company that sells computing and machine learning services as part of its business.

Acknowledgements. IAGOS data were created with support from the European Commission, national agencies in Germany (BMBF), France305

(MESR), and the UK (NERC), and the IAGOS member institutions (http://www.iagos.org/partners). The participating airlines (Lufthansa,

Air France, Austrian, China Airlines, Hawaiian Airlines, Air Canada, Iberia, Eurowings Discover, Cathay Pacific, Air Namibia, Sabena)

supported IAGOS by carrying the measurement equipment free of charge since 1994. The data are available at http://www.iagos.fr thanks to

additional support from AERIS. These results are based on data and products of the European Centre for Medium-Range Weather Forecasts

(ECMWF). Google Gemini was used to help draft this manuscript.310

15

https://zenodo.org/records/19440374
https://developers.google.com/contrails/v1/ContrailWatch-description


References

Agarwal, A., Meijer, V. R., Eastham, S. D., Speth, R. L., and Barrett, S. R.: Reanalysis-driven simulations may overestimate persistent

contrail formation by 100%–250%, Environmental Research Letters, 17, 014 045, 2022.

Akhtar Martínez, C., Eastham, S. D., and Jarrett, J. P.: Contrail models lacking post-fallstreak behavior could underpredict lifetime optical

depth, EGUsphere, 2025, 1–26, 2025.315

Appleman, H. S.: The Formation of Exhaust Condensation Trails by Jet Aircraft, Bulletin of the American Meteorological Society, 34, 14–20,

1953.

Avila, D., Sherry, L., and Thompson, T.: Reducing global warming by airline contrail avoidance: A case study of annual benefits for the

contiguous United States, Transportation Research Interdisciplinary Perspectives, 2, 100 033, 2019.

Boulanger, D., Blot, R., Bundke, U., Gerbig, C., Hermann, M., Nédélec, P., Rohs, S., and Ziereis, H.: IAGOS final quality controlled320

Observational Data L2–Time series, Aeris [data set], 2018.

Chevallier, R., Shapiro, M., Engberg, Z., Soler, M., and Delahaye, D.: Linear Contrails Detection, Tracking and Matching with Aircraft

Using Geostationary Satellite and Air Traffic Data, Aerospace, 10, https://doi.org/10.3390/aerospace10070578, 2023.

Driver, O. G., Stettler, M. E., and Gryspeerdt, E.: Factors limiting contrail detection in satellite imagery, Atmospheric Measurement Tech-

niques, 18, 1115–1134, 2025.325

El Kassar, J., Carbajal Henken, C., Calbet, X., Rípodas, P., Preusker, R., and Fischer, J.: Optimal Estimation Retrieval Frame-

work for Daytime Clear-Sky Total Column Water Vapour from MTG-FCI Near-Infrared Measurements, EGUsphere, 2024, 1–35,

https://doi.org/10.5194/egusphere-2024-3605, 2024.

Euchenhofer, M. V., Prashanth, P., Parke, S. A., Eastham, S. D., and Waitz, I. A.: Contrail Observation Limitations Using Geostationary

Satellites, Geophysical Research Letters, 52, e2025GL118 386, https://doi.org/https://doi.org/10.1029/2025GL118386, e2025GL118386330

2025GL118386, 2025.

Frias, A. M., Shapiro, M., Engberg, Z., Zopp, R., Soler, M., and Stettler, M. E. J.: Feasibility of contrail avoidance in a commercial flight

planning system: an operational analysis, Environmental Research: Infrastructure and Sustainability, 4, 015 013, 2024.

Fritz, T. M., Eastham, S. D., Speth, R. L., and Barrett, S. R. H.: The role of plume-scale processes in long-term impacts of aircraft emissions,

Atmospheric Chemistry and Physics, 20, 5697–5727, https://doi.org/10.5194/acp-20-5697-2020, 2020.335

Geraedts, S., Brand, E., Dean, T. R., Eastham, S., Elkin, C., Engberg, Z., Hager, U., Langmore, I., McCloskey, K., Ng, J. Y.-H., et al.: A

scalable system to measure contrail formation on a per-flight basis, Environmental Research Communications, 6, 015 008, 2024.

Gierens, K., Schumann, U., Helten, M., Smit, H., and Marenco, A.: A distribution law for relative humidity in the upper troposphere and

lower stratosphere derived from three years of MOZAIC measurements, in: Annales Geophysicae, vol. 17, pp. 1218–1226, Copernicus

GmbH, 1999.340

Gierens, K., Matthes, S., and Rohs, S.: How Well Can Persistent Contrails Be Predicted?, Aerospace, 7,

https://doi.org/10.3390/aerospace7120169, 2020.

Goodman, S. J., Schmit, T. J., Daniels, J., and Redmon, R. J.: The GOES-R series: a new generation of geostationary environmental satellites,

Elsevier, 2019.

Hanst, M., Köhler, C. G., Seifert, A., and Schlemmer, L.: Predicting ice supersaturation for contrail avoidance: ensemble forecasting us-345

ing ICON with two-moment ice microphysics, Atmospheric Chemistry and Physics, 25, 17 253–17 274, https://doi.org/10.5194/acp-25-

17253-2025, 2025.

16

https://doi.org/10.3390/aerospace10070578
https://doi.org/10.5194/egusphere-2024-3605
https://doi.org/https://doi.org/10.1029/2025GL118386
https://doi.org/10.5194/acp-20-5697-2020
https://doi.org/10.3390/aerospace7120169
https://doi.org/10.5194/acp-25-17253-2025
https://doi.org/10.5194/acp-25-17253-2025
https://doi.org/10.5194/acp-25-17253-2025


Hersbach, H., Bell, B., Berrisford, P., Hirahara, S., Horányi, A., Muñoz-Sabater, J., Nicolas, J., Peubey, C., Radu, R., Schepers, D., et al.:

The ERA5 global reanalysis, Quarterly Journal of the Royal Meteorological Society, 146, 1999–2049, 2020.

Jarry, Dalmau, R., Very, P., Ballerini, F., and Bocu, S.-D.: GVCCS: A Dataset for Contrail Identification and Tracking on Visible Whole Sky350

Camera Sequences, Earth System Science Data Discussions, 2025, 1–30, https://doi.org/10.5194/essd-2025-444, 2025.

Jeßberger, P., Voigt, C., Schumann, U., Sölch, I., Schlager, H., Kaufmann, S., Petzold, A., Schäuble, D., and Gayet, J.-F.: Aircraft type

influence on contrail properties, Atmospheric Chemistry and Physics, 13, 11 965–11 984, https://doi.org/10.5194/acp-13-11965-2013,

2013.

Kärcher, B.: Formation and radiative forcing of contrail cirrus, Nature Communications, 9, 1824, https://doi.org/10.1038/s41467-018-04068-355

0, 2018.

Kurth, T., Subramanian, S., Harrington, P., Pathak, J., Mardani, M., Hall, D., Miele, A., Kashinath, K., and Anandkumar, A.: FourCast-

Net: Accelerating Global High-Resolution Weather Forecasting Using Adaptive Fourier Neural Operators, in: Proceedings of the Plat-

form for Advanced Scientific Computing Conference, PASC ’23, Association for Computing Machinery, New York, NY, USA, ISBN

9798400701900, https://doi.org/10.1145/3592979.3593412, 2023.360

Kärcher, B. and Corcos, M.: On the Lifetimes of Persistent Contrails and Contrail Cirrus, Journal of Geophysical Research: Atmospheres,

130, e2025JD044 488, https://doi.org/https://doi.org/10.1029/2025JD044488, e2025JD044488 2025JD044488, 2025.

Lee, D. S., Fahey, D., Skowron, A., Allen, M., Burkhardt, U., Chen, Q., Doherty, S., Freeman, S., Forster, P., Fuglestvedt, J., et al.: The

contribution of global aviation to anthropogenic climate forcing for 2000 to 2018, Atmospheric Environment, 244, 117 834, 2021.

Low, J., Teoh, R., Ponsonby, J., Gryspeerdt, E., Shapiro, M., and Stettler, M. E. J.: Ground-based contrail observations: comparisons with365

reanalysis weather data and contrail model simulations, Atmospheric Measurement Techniques, 18, 37–56, https://doi.org/10.5194/amt-

18-37-2025, 2025.

Ng, J. Y.-H., McCloskey, K., Cui, J., Meijer, V. R., Brand, E., Sarna, A., Goyal, N., Van Arsdale, C., and Geraedts, S.: Contrail Detection on

GOES-16 ABI With the OpenContrails Dataset, IEEE Transactions on Geoscience and Remote Sensing, 2023.

Platt, J. C., Shapiro, M. L., Engberg, Z., McCloskey, K., Geraedts, S., Sankar, T., Stettler, M. E., Teoh, R., Schumann, U., Rohs, S., et al.:370

The effect of uncertainty in humidity and model parameters on the prediction of contrail energy forcing, Environmental Research Com-

munications, 6, 095 015, 2024.

Poll, D. and Schumann, U.: An estimation method for the fuel burn and other performance characteristics of civil transport aircraft in

the cruise. Part 1 fundamental quantities and governing relations for a general atmosphere, The Aeronautical Journal, 125, 257–295,

https://doi.org/10.1017/aer.2020.62, 2021.375

Rosenow, J. and Luo, M.: A Contrail Life Cycle Model with Interaction of Overlapping Contrails, Aerospace, 13,

https://doi.org/10.3390/aerospace13020164, 2026.

Sarna, A., Meijer, V., Chevallier, R., Duncan, A., McConnaughay, K., Geraedts, S., and McCloskey, K.: Benchmarking and improving

algorithms for attributing satellite-observed contrails to flights, EGUsphere, 2025, 1–58, 2025.

Schmidt, E.: Die Entstehung von Eisnebel aus den Auspuffgasen von Flugmotoren, https://elib.dlr.de/107948/, eintrag von Ulrich Schumann,380

zur Sicherstellung des Zugangs zu diesem wissenschaftshistorisch wichtigen Dokument; mit Zustimmung des Rechteinhabers (Nachfolger

des Oldenbourg Verlags), 1941.

Schumann, U.: On conditions for contrail formation from aircraft exhausts, Meteorologische Zeitschrift, 5, 4–23, 1996.

Schumann, U.: A contrail cirrus prediction model, Geoscientific Model Development, 5, 543–580, https://doi.org/10.5194/gmd-5-543-2012,

2012.385

17

https://doi.org/10.5194/essd-2025-444
https://doi.org/10.5194/acp-13-11965-2013
https://doi.org/10.1038/s41467-018-04068-0
https://doi.org/10.1038/s41467-018-04068-0
https://doi.org/10.1038/s41467-018-04068-0
https://doi.org/10.1145/3592979.3593412
https://doi.org/https://doi.org/10.1029/2025JD044488
https://doi.org/10.5194/amt-18-37-2025
https://doi.org/10.5194/amt-18-37-2025
https://doi.org/10.5194/amt-18-37-2025
https://doi.org/10.1017/aer.2020.62
https://doi.org/10.3390/aerospace13020164
https://elib.dlr.de/107948/
https://doi.org/10.5194/gmd-5-543-2012


Schumann, U., Graf, K., and Mannstein, H.: Potential to reduce the climate impact of aviation by flight level changes, in: 3rd AIAA Atmo-

spheric Space Environments Conference, https://doi.org/doi.org/10.2514/6.2011-3376, 2011.

Shapiro, M., Engberg, Z., Teoh, R., Stettler, M., Dean, T., and Abbott, T.: pycontrails: Python library for modeling aviation climate impacts,

https://doi.org/10.5281/zenodo.13357046, 2024.

Sonabend-W, A., Geraedts, S., Goyal, N., Ng, J. Y.-H., Van Arsdale, C., and McCloskey, K.: Observing long-lived longwave contrail forcing,390

Atmospheric Measurement Techniques, 19, 1951–1972, https://doi.org/10.5194/amt-19-1951-2026, 2026.

Teoh, R., Schumann, U., Gryspeerdt, E., Shapiro, M., Molloy, J., Koudis, G., Voigt, C., and Stettler, M. E. J.: Aviation contrail climate effects

in the North Atlantic from 2016 to 2021, Atmospheric Chemistry and Physics, 22, 10 919–10 935, https://doi.org/10.5194/acp-22-10919-

2022, 2022.

Teoh, R., Engberg, Z., Schumann, U., Voigt, C., Shapiro, M., Rohs, S., and Stettler, M. E.: Global aviation contrail climate effects from 2019395

to 2021, Atmospheric Chemistry and Physics, 24, 6071–6093, 2024.

Thompson, G., Scholzen, C., O’Donoghue, S., Haughton, M., Jones, R. L., Durant, A., and Farrington, C.: On the fi-

delity of high-resolution numerical weather forecasts of contrail-favorable conditions, Atmospheric Research, 311, 107 663,

https://doi.org/https://doi.org/10.1016/j.atmosres.2024.107663, 2024.

18

https://doi.org/doi.org/10.2514/6.2011-3376
https://doi.org/10.5281/zenodo.13357046
https://doi.org/10.5194/amt-19-1951-2026
https://doi.org/10.5194/acp-22-10919-2022
https://doi.org/10.5194/acp-22-10919-2022
https://doi.org/10.5194/acp-22-10919-2022
https://doi.org/https://doi.org/10.1016/j.atmosres.2024.107663

