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Abstract
Persistent contrailsmake up a large fraction of aviationʼs contribution to global warming.We describe
a scalable, automated detection andmatching (ADM) system to determine from satellite datawhether
aflight hasmade a persistent contrail. TheADMsystem comparesflight segments to contrails detected
by a computer vision algorithm running on images from theGOES-16Advanced Baseline Imager.We
develop aflightmatching algorithm and use it to label eachflight segment as amatch or non-match.
Weperform this analysis on 1.6million flight segments. The result is an analysis of whichflightsmake
persistent contrails several orders ofmagnitude larger than any previouswork.We assess the
agreement between our labels and available predictionmodels based onweather forecasts. Shifting air
traffic to avoid regions of contrail formation has been proposed as a possiblemitigationwith the
potential for very low cost/ton-CO2e. Ourfindings suggest that imperfections in these prediction
models increase this cost/ton by about an order ofmagnitude. Contrail avoidance is a cost-effective
climate changemitigation evenwith this factor taken into account, but our results quantify the need
formore accurate contrail predictionmethods and establish a benchmark for future development.

1. Introduction

Persistent contrails are cirrus clouds formed by aircraft as they fly through the upper atmosphere. Like all cirrus
clouds, this ‘aviation-induced cirrus’ both blocks outgoing long-wave infrared radiation and reflects incoming
short-wave radiation [1, 2]. Over the past several years, the atmospheric science community has realized that the
net effect of persistent contrails on the radiative balance of the planet is warming, by somemeasuresmore than
thewarming due to the carbon dioxide emissions of the aviation industry [2–7]. Aircraft only formpersistent
(i.e. lasting longer than a fewminutes) contrails when flying through pockets of air that are cold enough to satisfy
the Schmidt-Appleman criteria [8–10] and have relative humidity greater than 100%with respect to ice, so-
called ice supersaturated regions (ISSR). ISSR are relatively rare and small, so theflight trajectory changes needed
to avoid contrail formation are also small [11–13]. Therefore, adopting a contrail avoidance approach of
avoidingflying through ISSR could significantly reduce thewarming impact of the aviation industry at
potentially small cost. This is one of themost cost-effective climate changemitigations available [14].

Evaluating the effectiveness of contrail avoidance is difficult without empirical observation. Observing
enough contrails to do large-scale evaluationwas previously a difficult problem, but the development of contrail
detectionmachine learningmodels based on satellite imagery [15, 16]hasmade it possible to automatically
observe very large numbers of contrails withmuch higher accuracy than earlier approaches.

In this workwe use historical infrared images from theGOES-16 geostationary satellite to detect persistent
contrails. Based on the distance between these contrails and recorded flight paths, we classify allflights as either
making or notmaking contrails. Ourmethod is fully automated and can be scaled to assess allflights over awide
area, for example this work covers an area including the entire contiguousUnited States over an aggregate period
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of 168 h.We analyze properties of the observed contrails such as their age, and dependence onflight density and
time of day/year, similar to previousworks [17, 18] but with orders ofmagnitudemore data.

Contrail avoidance requires the ability to predict which flights willmake contrails. There has been
considerable progress on developingmodels that can predict contrail formation [13, 19–22]. However there has
been no large-scale attempt to assess how accurately thesemodels predict contrail formation on a per-flight
basis.Multiple works [23, 24] have shown that the critically important input of humidity in the upper
atmosphere is often poorly predicted byweather forecasts.

Existing efforts to assess the cost and benefits of contrail avoidance [11–14] assume perfect contrail
prediction, and though this is not a prerequisite for adopting contrail avoidance, imperfections will both
decrease the benefits (since some contrails will not be predicted in advance and therefore not avoided) and
increase the cost (since some flights will spend extra fuel attempting to avoid creating contrails when their
originalflight pathwould not have passed through any ISSR).

In this workwe compare our observations to the output of contrail predictionmodels. For eachflight
segment, we ask themodels whether or not a contrail would form, check theGOES-16ABI imagery to see if an
observed contrailmatches the flight segment, and tally up precision and recall for eachmodel. Though our
contrail observations are not perfect, we expect that theGOES-16ABI instrument, with its 2 km resolution and
sensors viewing the parts of the electromagnetic spectrumwhere contrails are expected to trap themost heat,
should be able to detectmost contrails with a strongwarming impact.

Ourwork is thefirst attempt to assess, for a large number offlights and independent ofmodeled humidity
data, whether eachflightmade a contrail. As such it allows us to compare the performance of different contrail
predictionmodels and theweather data that they use. It also allows us to estimate how imperfections on
predictionmodels affect the cost of contrail avoidance.

The remainder if this work is organized as follows. In section 2.1we describe the data we use. In section 2.2
we specify the flightmatching algorithm that determines whether a given flight segmentmatches an observed
contrail. In section 2.3we outline the different predictionmodels that wewill compare our observations to. In
section 3.1we describe the properties of the contrail-flightmatches we observe, such as their age and their
distribution in space and time. In section 3.2we compare our observedmatches to the results of contrail
predictionmodels.

2.Materials andmethods

2.1.Data
We start by automatically detecting contrails using computer visionmethods described inNg et al [16], which
uses infrared images from theGOES-16Advanced Baseline Imager (ABI) [25] as input. These images cover
much of theWestern hemisphere. The images have a temporal resolution of 10min and a spatial resolution of
approximately 2 km.

Wederive flight trajectories from ground-basedADS-B data provided by FlightAware (https://flightaware.
com). All flight paths are resampled so that there is one flight waypoint perminute. Flights are divided into
10-min ‘flight segments’, the length of 10minwas chosen to yield segment sizes of≈150 km, the typicalflight
length inside ISSR [26]. This leads to 10waypoints total formost segments, though some segments have fewer
waypoints, e.g. at the start and end of the flight andwhere there are gaps inADS-B coverage.We include in our
analysis all segments with at least 6waypoints. TheADSBdata contain a small number (0.3%) ofincorrectflight
trajectories whose velocity betweenwaypointsexceeds 1,234.8 km/h (Mach 1 at sea level).We drop these
segments because no civilian aircraft present in the ADS-B data can fly at that speed. Additionally, only flight
waypoints whose altitude is above 7000meters are included since persistent contrail conditions are very rare
below this altitude. Apart from these considerations we process allflight waypoints available fromFlightAware.

Weather data in this work comes from the EuropeanCenter forMedium-rangeWeather Forecasts
(ECWMF).We use both high-resolution (HRES) forecast and ERA5 reanalysis data [27]. The forecast data is
obtained on a 0.1°× 0.1° grid atmodel altitude levels while the reanalysis data is obtained on a 0.25°× 0.25°
grid. In order to study the effects of vertical resolution reanalysis data is obtained on bothmodel levels (which
have≈10 hPa resolution) and pressure levels (which have 25–50 hPa resolution).Whenweather forecasts are
usedwe use the forecast initialized atmidnightUTCon the relevant day, whichwould be 0-23 h old at the time of
theflight waypoint.

In this workwe analyze allflights inside the region shown infigure 1 containing the entire contiguousUSA as
well asmuch of the rest ofNorthAmerica.We analyze data sampled fromacross awhole year to account for
seasonality of contrail formation [15], starting onApr 4 2019, just after GOES-16ABI began taking images every
10minutes. Our data therefore runs toApr 4 2020. InMar 2020 therewas a large drop in air traffic density due to
theCOVID-19 pandemic, butwe have found that quantities such as the fraction offlightsmatching contrails
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and the skill of predictionmodels were notmeaningfully different in thatmonth.We focus on 168 hworth of
data, distributed in 28 6-h chunks, uniformly sampled bymonth and at different times of day, since this ismore
computationally tractable than processing an entire year.

2.2. Flightmatching algorithm
Flightmatching compares, for eachflight, the position of observed contrails to the position a contrail would be
at if the flight hadmade a contrail. The expected position at the time that theGOES-16ABI imaged a scene is
determined through three-dimensional advection of the flight waypoints using the third-order Runge-Kutta
method [28] andwinds taken fromweather data. Eachwaypoint is advected for two hours, covering the next 11
GOES-16ABI images (10min time-steps). Because ice crystals in a contrail fall over time, we also sink the
waypoints vertically. The crystals fall at terminal velocity, assuming a crystal size obtained by performing a
quadratic fit to the distribution of ice crystal sizes given byCoCiP [19]. The resulting function for radius r is:

= + + ( )( ) ( )r e . 1t t1.48 0.61 log 0.08 log 2

Where r is inμmand t is in hours. Since the amount of fall in two hours is small compared to theweather dataʼs
resolution, assuming a fixed crystal size gives very similar results. The advantage ofmodeling the crystal growth
is that it allows the samemethod to be usedwith longer advections in futureworks.We also descend the
waypoints by 50 mat the start of advection to account forwake vortex downwash. The value of 50 m is similar to
the values used for the initial sinking inCoCiP [19].We next assess whether the expected location of eachflight is
close to any observed contrails, using amethod adapted fromDuda et al [17]. Given a contrail detected by our
computer vision algorithm, we rotate the contrail and the advectedflight path to a rotated coordinate system
indexed by the coordinates v andw. In this coordinate system the contrail runs from v=− L/2 to v= L/2, with
L being the length of the contrail, and hasw= 0. The advectedflight waypoints have coordinates (wi, vi).We
consider advectedflight waypoints that overlapwith the contrail (between v=− L/2−Δ and v= L/2+Δ,
withD = +C Cshift fit ). Theflight and the contrailmatch only if there are at least two overlappingwaypoints.

We thenfind another coordinate transformation
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the cost function:
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A lowmatch error indicates a goodmatch. In other words, we shift and rotate the coordinates tofind a
coordinate systemwhere the advected flight waypoints line up exactly with the contrail. The ‘fit’ termquantifies
how successful wewere at doing this, while the ‘shift’ and ‘angle’ quantify howbig a shift and rotation is required
in order to get thewaypoints and the contrail to line up. A big shift and/or rotation implies that the advected
flight and contrail weren’t that close to beginwith, and this leads to a highmatch error.

Figure 1. Illustration of the region (red) considered in this work. Each point in thefigure represents one of the advected flight segments
considered in this work. Yellow points correspond to segments thatmatched contrails while purple points correspond to segments
that do notmatch contrails. The points in thefigure represent 1%of the data considered in this work.
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TheCfit term represents residual linearity error—advectedflight waypoints that are not themselves linear are
unlikely to have created a linear contrail. Ourflightmatching therefore penalizes curved flight trajectories, and
in fact 0.03%offlight segments are so non-linear that this termwill prevent them frommatching any contrail.

TheCshift term is dominated by the uncertainty in thewind. If this wind is incorrect, the correct flightmay
advect to thewrong location, and these errors get larger the longer we advect for.We compare thewind forecast
data used for advectionwith thewind data produced by theMode-S data broadcast by airplanes [29]. TheMode-
S systemusesflight transponders and ground-based radar to obtain thewind velocity for selected aircraft with a
high degree of accuracy.Mode-S data was obtained fromFlightAware for 326,000waypoints over the
contiguousUnited States onAug 20, 2021.We found a rootmean squared error of 11 km/h.

TheCangle term is dominated by the difference inwind errors at different locations, whichwill rotate the
advectedflight path. For the samewaypoints as used in theCshift analysis, we compared thewind speeds at two
locations separated by the length of our typical segment (150 km),finding a rootmean squared error of 3.8
degrees/hour.

The constantsCfit ,Cshift andCangle were chosen so that each term should be≈1when the error is as large as
themean error. Specifically:

=
( )

( )C
1

1 km
3fit 2

=
´( )

( )C
t

1

10 km h
4shift 2

=
- ´( )

( )C
t

1
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where t is the difference between the time of the flight and the time the contrail was observed, in hours. Since a
typical error will lead to each term in equation (2) being 1, aflight is labeled amatch if the overallmatch error
is�3.

TheCage term is a correction factor for theCshift andCangle termswhich become increasingly permissive as a
contrail gets older. It was tuned by a small grid search after the other terms had been selected, to yield an age
distribution of contrails similar towhat has been found in previous observation studies, in particular figure 6 of
Vazquez-Navarro et al [18]:

= ( )C t. 6age

Additionally, we have attempted to handle the case wheremultipleflightsmatchwhat appears to be the same
contrail. Such a case could happen if two contrails are so close together that they are detected as only one
contrail, (inwhich case calling themboth amatch is correct) or if twoflights have similar locations but different
altitudes (inwhich case only one should be called amatch).We have attempted to balance these concerns by
calling bothflights amatch, unless one of thematching flights ismuch better than the other (specifically, the
difference inmatch errors�1). In that case theworsematching flight is not counted asmatching that contrail (it
can stillmatch other contrails).

Matching individual segments to contrails leads to problemswhen contrails overlap the segment
boundaries. Therefore during flightmatchingwematch contrails to entire flights, and if amatch is found label
all segments that overlap the contrail asmatches. A pseudocode version of the algorithm is given in algorithm1.

Algorithm1.Pseudocode forflightmatching algorithm

SegmentMatches[all segments]¬ False

for Flight inAllFlights do

forContrail in AllContrailsdo

Scores[Flight,Contrail]¬ GetScore(Flight, Contrail)
for Flight inAllFlights do

forContrail inAllContrails do

if Scores[Flight,Contrail] > 3 then

continue

BetterMatchFound¬ False

forOtherFlight inAllFlights do

if Scores[Flight,Contrail]—Scores[OtherFlight,Contrail] > 1 then

BetterMatchFound¬True

if notBetterMatchFound then

forSegment inGetSegments(Flight)do
ifOverlaps(Segment, Contrail) then
SegmentMatches[Segment]¬True
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To assess the performance offlightmatchingwe created a tool that displays sequences of images similar to
figure 2. Each image contains theflight segment in question, all other nearbyflights, a false-colorGOES-16ABI
infrared image, and detected contrails.We randomly selected 1000flight segments fromour dataset and three
authors of this work assessedwhether theflight segmentmatched a contrail, with amajority vote among the
humans determining the correct label.We found that 88%of the flights that the humans thoughtmatched
contrails were also labeled asmatches by our automatedmatching. Only 50%of theflights labeled asmatches by
the automatedmatchingwere labeled asmatches by the humans.Most of the errors come from cases where
there are a large number offlights, andmultiple flights that are near the same contrail. The humanswere able to
uniquely determinewhich flightmatched the contrail, while our automatedmatchingwasmore likely tomatch
all nearbyflights to the same contrail. In the results sectionwe study how the errors in the automatedmatching
affect its results by showing results for both the automatedmatching and the data with human-evaluated flight
matches.

2.3. Predictionmodels
Wepredict whether eachflight segmentwillmake a contrail using themethods described below. In theResults
sectionwe assess whether these predictions agreewith our observations.

2.3.1. Baseline
Theminimum requirements for persistent contrail formation are that the Schmidt-Appleman criterion (SAC)
[8–10] is satisfied and the relative humidity over ice (RHi) is greater than 100% [30]. The ‘Baseline’model
evaluated in this workmakes predictions solely based on these requirements. In order to account for subgrid
scale variations and biases of RHi inweather forecast data, when predicting contrails it is common to apply a
threshold for RHi different from100%, or to rescale the data [13, 19, 31, 32]. To account for this we experiment
with varying theRHi thresholdwhen displaying results.Whenmaking predictions for an entire flight segment
consisting ofmultiple waypoints, wemultiply RHi by the binary SAC values and average the results before
comparing them to the threshold (other ways of aggregating give similar orworse results).When computing

Figure 2.An example of our ADMsystem. The four dashed black lines indicate linearized contrails fromour computer visionmodel.
The red line indicates the advected flight path at the time the satellite imagewas taken and the blue line is the original flight path.We
compare the red linewith all black lines, and determinewhether we think theflight segment in questionmatches a contrail (in this
case, the result is that it does). The gray lines are all the advected flight paths that pass through the image.
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SACwe assume an aircraft engine efficiency of 0.3 for all aircraft [33], though trying other values (0.2, 0.4) does
not have a noticeable effect.

For predicting contrail formation, weather variables are linearly interpolated from gridded historical
weather data. RHi is computed from specific humidity whichwas logarithmically interpolated in altitude to
handle it’s large variations.We show results for both forecast and reanalysis weather data. The Baselinemodel
only considers theweather at the flight waypoint timestamp.

2.3.2. CoCiP
TheContrail Cirrus Predictionmodel (CoCiP) [19, 20] is a widely-used parameterized physicsmodel of contrail
evolution. After determining that a contrail will form and persist, CoCiPmodels contrail lifetime through initial
downdraft, advection and fall, continually reassessingwhether the contrail persists or sublimates.Modeling the
microphysical properties of the contrail allowsCoCiP to predict quantities such as optical depth and radiative
forcing.

Contrails which are too thin or short-lived to be visible in theGOES -16ABI imagery, or which are obscured
by clouds,may be predicted by the Baselinemodel to form contrails, and this will lead to disagreements between
the Baselinemodel and our observations if the observationsmiss such hard-to-detect contrails. SinceCoCiP
tracks these quantities directly, itmay be better able to predict which flights form contrails visible toGOES-16
ABI. See section 3.2 for details on howCoCiPwas used to predict contrails visible toGOES-16ABI.

We obtain CoCiP predictions through the APImade available by Breakthrough Energy at https://api.
contrails.org, which implements the original CoCiP algorithm alongwithmodifications developed in
[5, 12, 13, 34].

2.4.Metrics
Wedefine ‘precision’ as the fraction of predicted flight segments which are considered tomatch a contrail using
ourmethod, and ‘recall’ as the fraction ofmatched contrails which are successfully predicted. A prediction
model which always agrees with our observations would have precision= 1 and recall= 1.

The precision and recall of a givenmodel depends onwhat threshold of relative humidity (or LWEF for
CoCiP) is used. A high threshold can avoid predicting observed contrails that aren’t there, but at the cost of
potentiallymissing some observed contrails (high precision, low recall), while a low thresholdwill correctly find
most observed contrails but also potentially predict that some flights willmake contrails when no contrail is
observed (high recall, low precision).Which threshold is appropriate depends on the application.We compute
results formultiple different thresholds to show all the different results that different thresholds can produce.

Previous works [12, 14] have compared the climate benefits of avoiding contrails with the cost of the extra
fuel needed to do the avoidance. They assume a perfect contrail predictionmodel, but imperfections in
predictionmodels will change the cost/benefit analysis. Roughly speaking, the benefit needs to bemultiplied by
the recall, because some contrails are never predicted by themodel and never avoided. The cost also needs to be
increased by 1/precision, because some flights are rerouted (using extra fuel) for no benefit.In total the cost/
benefit is increased by 1/(precision x recall), whichwe call the cost-benefit penalty factor (CBPF). This CBPF is
an estimate only since its exact value depends on the details of contrail avoidance.

3. Results and discussion

3.1. Properties of observedflightmatches
In this workwe analyze using our automated detection andmatching (ADM) system255,341 flights, broken into
∼1.8million flight segments.Wefind that 3.5% offlight segments in FlightAware are observed tomatch a
contrail, and 14.5%offlights have at least one segment thatmatches a contrail.

When contrails initially form they are≈100 m inwidth [19]whichmakes themnearly impossible to see in
infraredGOES-16ABI images which have 2 km resolution at nadir.Wind shear and diffusion spread the contrail
out as it ages [19]. The age of each contrail when it isfirst observed is shown infigure 3.Most flight segments start
matching contrails about half an hour after formation, with themean time until first observation being 41
minutes, approximately consistent with existing literature [17, 18, 35]. There are likelymany flight segments that
make contrails which sublimate before they are large enough to be seen inGOES-16ABI.We label thoseflight
segments non-matches sincewe never detect those contrails. This is acceptable since such contrails have only a
small climate impact, and contrails which form in ISSR are expected to have lifetimesmuch longer than our
minimumdetection time [19].

Figure 3 also shows the effect of incorporating time (as in equation (6)) in theflightmatching algorithm,
which prevents some very oldflight segments frommatching contrails.With orwithout theCage term, the
number of contrails with initial detection age of two hours is small, whichmotivates our decision to only
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compareflights to contrails detected in the first two hours after the flight. It is possible that a contrail could
spread out so slowly that it is only large enough to be detected (and thereforematched) after two hours, in which
case wewouldmiss thatmatch in this work, but based onfigure 3we think the number of such contrails should
be very small. This is consistent with previous works [17, 19, 36, 37].We have tried extending this systempast
two hours of advection and studying the resultingmatches, and based onmulti-temporal visualizations of
advectedflight paths alignedwithGOES-16ABI imagery,matches of purported contrailsfirst seeming to appear
after 2 h appear to be erroneous (data not shown).

Figure 4 shows thematch rate (the fraction offlight segments the ADMsystemmatches to a contrail) as a
function of local time of day and season. The results seem to show a diurnal cycle with a higher fraction offlight
segments beingmatched to contrails in the night andmorning, and a lower fraction in the afternoon. This is
consistent with previous works [15, 38–40]which also found fewer contrails in the afternoon. Previouswork
[15, 17, 39, 41] has suggested that fewer contrails form in the summermonths, which has important practical
implications for contrailmitigation, and appears to be supported by our data. To avoid creating correlations
between time of day and time of year, the results infigure 4 use 28 24-h chunks (rather than 6 h chunks).

Infigure 5we study the dependence of our results onflight density.We divide our region into (1° latitude)
× (1° longitude)× (1 h) boxes, and compute the number offlights, contrails, andmatches in each box.We then
add together all the binswith similar numbers offlight segments, and compute the overall number of contrails
detected andmatch rate. The result is a breakdown of our dataset by flight density.

Wefind sublinear growth in the number of contrails with increasedflight density (and a correspondingly
lowermatch rate) consistent with previous findings [6, 40, 42]. One explanation for this is that contrails are
harder to detect when there aremany of themoverlapping, as suggested byMinnis et al [40]. Another possibility
is that in areas of high flight density theremay not be enough excess water vapor available for allflights tomake
contrails [5].

Figure 3.Histogramof the age of each flight segment at thefirst time itmatches a contrail.

Figure 4.Match rate (fraction offlight segments observed tomatch a contrail) as a function of time of day(left), and season (right).
Error bars are the standard error from averaging over different days.
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3.2. Comparisonwith predictionmodels
Wenow compare our detection results to various predictionmodels. To illustrate ourmethod, let usfirst
consider the example of the Baselinemodel withHRES forecast weather data, and assuming that allflights with
RHi>95%are predicted tomake a contrail. The confusionmatrix for this case is given in table 1. The results
show that only a third of the contrails we observe are predicted, and no contrail is observed for 85%of the
segments which are predicted tomake a contrail.

As discussed above, the threshold of humidity 95% is not the only possibility.We repeat the above study for
different thresholds from70%–115%, and plot all the precision/recall results as points on a curve infigure 6.We
then do the same thing for the Baselinemodel with ERA5 reanalysis weather data defined onmodel vertical levels
(ERA5model), and again for the BaselineModel with ERA5 data on pressure levels (ERA5 pressure), and theCoCiP
model usingHRES forecast data.

ThoughCoCiP does not predict GOES-16ABI visibility directly there are a few quantities we could use as a
proxy. For example, CoCiP predicts how long each contrail will persist, and contrails with longer lifetimeswill
have a chance to appear inmoreGOES-16ABI images. One drawback of using contrail persistence time as a
proxy for observability is that it does not account for small or faint contrails. A better proxymight therefore be
the product of optical depth andwidth, integrated over contrail lifetime. Even this doesn’t capture the case
where CoCiP predicts that a contrail will be difficult to observe because of other clouds above or below it. The
proxy for observability we use is the integral of the predicted radiative forcing of the contrail in the longwave
infrared, for the times forwhichwe aremaking observations.Much like RHi in the Baselinemodel, we average
this ‘long-wave energy forcing’ (LWEF) across segments and show results for different thresholds. LWEF is the
quantitymost similar to howdifferent the contrail pixels inGOES-16ABI images are from the surrounding
pixels. It is smaller for contrails which are small, optically thin, short-lived, or obscured by clouds, and so by
focusing on cases where CoCiP predicts a high LWEFwe are focusing on the contrails which should have high
contrast with surrounding pixels and therefore be among the easiest to detect inGOES-16ABI longwave
imagery.

We use thresholds over the range 20, 000− 500, 000 J/mon theCoCiP-predicted LWEF.We have also
computed the performance of theCoCiPmodel using ERA5 reanalysis inputs, the results (not shown)were very
similar to the Baselinemodel using reanalysis inputs.

Figure 5.Number of contrails (left) andmatch rate (right) as a function offlight segment density. Fewer contrails are detected and
matched at high flight densities. Error bars are one standard deviation, obtained by bootstrapping (resamplingwith replacement)

Table 1.Confusionmatrix for the forecast
Baselinemodel with anRHi>95% cutoff.

Detected Not detected

Predicted 20,877 116,435

Not predicted 43,024 1,662,780

Precision 0.15

Recall 0.33
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Comparing the different predictionmodels, the Baselinemodel based ERA5pressure performs theworst. For
examplewith a 95%RHi threshold themodel achieves precision 0.14, recall 0.25. This is not surprising: ISSRs
are vertically thin and so it is not unexpected that amodel with poor vertical resolution should have a hard time
predicting them. The remainingmodels all give very similar performance. In particular the reanalysis and
forecast data have very similar results when they both use the same vertical resolution.

The performance of CoCiP and the Baselinemodel were very similar when both used the sameweather as
input. In the plot we showCoCiP using LWEF as a proxy forwhetherwe can detect a contrail. UsingCoCiP
predictions of lifetime or optical depth instead gives worse agreementwith our observations. Since thresholding
on theCoCiP LWEFfilters out the contrails predicted to be small, short-lived or cloud-obscured, its lack of
improved precision over the Baselinemodel is notable. It suggests that the disagreement between our
observations and the baselinemodel is not the difficulty in observing such contrails, but that the primary source
of error in contrail forecasts comes from inaccurate RHi available fromweather data. Note thatmicrophysical
modeling is still useful to determine properties of contrails (such as radiative forcing)whenRHi data is accurate.
butwefind no evidence that it improves predictions of whether contrails will be observed.

Note that neither the Baseline or CoCiPmodel handles interactions between contrails, and neithermodel
predicts the drop in contrail formation at highflight density observed infigure 5. Thismay also contribute to the
disagreement betweenmodel predictions and observations.

In these results we use the forecast wind data for advection, using reanalysis wind data the quantitative
results are very similar and the relative ordering of the different weathermodels are unchanged.

The results above compare predictionmodels to observations, but our observations are not perfect.We now
attempt to quantify the impact of these imperfections on the results infigure 6.

The performance of the automated contrail detector inNg et al [16]was evaluated relative to human-
generated labels. It was found tomiss 30%of contrails and 30%of the objects it recognized as contrails were in
fact false positives. Errors of the contrail detectormay lead to errors in the ADMsystem, or theymay not, e.g. if
the detector incorrectly detects a contrail that is far from anyflight paths, then noflight segment will be affected.
Thismakes it difficult to exactly quantify the impact of contrail detection errors on our results, but due to such
errors, even a perfect predictionmodel would achieve amaximumprecision/recall infigure 6 around 0.7.

To quantify the effects of automated flightmatching errors on our results, infigure 6we also compute
precision and recall for our predictionmodels using only the flight segments with human-evaluatedmatching
obtained above. Since for the human labeled datawe have only 1000flight segments (ofwhich 29were labeled by
humans asmatching contrails), the statistical error bars aremuch larger. To quantify this we bootstrap by
resampling the data with replacement, the resulting error bars are indicated by the shaded regions infigure 6.
The results allow us to quantify howmuch an improved flightmatching algorithm could improve the agreement
between predictionmodels and our observations.We see that though the agreement is improved substantially
the observed precision and recall falls well short of what a perfect predictionmodel could achieve. This is
consistent with existing literature, for exampleGierens et al [23] compared ERA5 reanalysis to aircraft based

Figure 6. (Left)Precision/recall for the predictionmodels studied in this work, using ourADMsystem.We trace out curves by trying
multiple different thresholds as described in the text. For Baselinemodels the starred points correspond to a threshold of 95%RHi,
and each other point results from adjusting the threshold by 5 percentage points. CoCiP is similar butwith 40, 000 J/mfor the starred
point and steps of 20, 000 J/m. (Right)Precision/recall when comparing predictions to human flightmatching results instead of
automatedmatching. The predictionmodels agree better with the human labels, though the results aremuch noisier due to small
sample sizes. Error bars represent one standard deviation computed using bootstrappingwith 1000 samples.
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MOZAICmeasurements and found 16%precision and 21% recall when assessingwhether RHi>100%,while
Agarwal et al [24] compared ERA5measurements to radiosonde data and found that ERA5 incorrectly predicted
the conditions for persistent contrail formation 87%of the time.

3.3. Implications for contrail avoidance
In the example above of the forecast Baselinemodel with a 95%RHi threshold, if contrail avoidancewere
attempted the number offlight segments we observemaking contrails would be reduced by 33%, and of the
flights whose flight pathswere changed to avoid contrails, 85%would not havematched a contrail even if they
were not rerouted. This implies a CBPF of 1/(0.15× 0.33)≈ 20.We can decrease theCBPF by choosing a better
threshold, and it is possible tofind a thresholdwhere it is≈16 for allmodels. (105%, 115%, 110%RHi for
ERA5 pressure, ERA5model andHRES, respectively, 20, 000 J/mforCoCiP) Furthermore we know that
imperfections in ourADMsystem are artificially inflating theCBPF. If insteadwe used themean values of the
bootstrapped human labels as a guide, the CBPF is 8–13.

3.4.Discussion
In this workwe havematched a large number offlights over awide area to observed contrails. Ourmethod can
be used to generate large datasets of contrails for further analysis, and could become the basis for a systemof
verifying contrail avoidance.

Our results establish a benchmark for the performance of contrail predictionmodels while we hope aiding in
improving thosemodels. An important stepwould be to improve forecasts of relative humidity at high altitudes.
Alternatively, itmay be possible to use our data to analyze and correct for possible biases inweather forecast data,
or to use real-time observations of contrails to predict future contrail formation.Ourmethod provides a way to
measurewhether approaches like these actually improve prediction accuracy.

The values of the CBPF quoted abovemay also be artificially high due to errors in our detectionmodel. Other
factors (such as the cost ofmistakenly diverting aircraft into contrail formation regions) are also not considered
here. Amore detailed estimation of theCBPFwould be a useful direction for future work. Caldeira et al [14]
reports that contrail avoidance has benefits 1000 times larger than its cost, so evenwith theCBPF reported here
contrail avoidance using current technology is likely a high value climate changemitigation strategy.

Further improvements to the ADMsystemdescribed here are possible. Improvements to contrail detection
are discussed inNg et al [16]. Theflightmatching procedure can also be improved, especially in highflight
density areas. Amore detailed treatment of the case wheremultipleflightsmatch the same contrail is desirable
but difficult. An improved ground-truthflight-matching dataset would enable future progress. Such a dataset
would not need to be as large as the one in this work (perhaps hundreds of flights, rather than hundreds of
thousands), but would need to observe contrails closer to their formation time and confirmpersistence by
tracking them for a fewhours. Ground-based camerasmight be oneway to build such a dataset.

Additional data inputs toflightmatching algorithms could improve their accuracy: e.g., contrail altitude
estimates could be compared toflight altitudes. Cloud top height can be extracted from geostationary images
[43], but suchmodels suffer frompoor performance for thin clouds [44] so themodels should be validated
against contrails specifically to determinewhether they are appropriate for this use case. Dealing with non-linear
contrails and flight trajectories is another area for further improvement. This work’s flightmatching algorithm
also treats each detected contrail independently, but contrails appearing near each other in consecutive frames
are likely the same contrail, and could be required tomatch the sameflight segment, as done recently in
Chevallier et al [35]. A dataset of tracked contrails, such as created on a small scale inVazquez-Navarro et al [45],
could lead to further improvement.

Ourwork found similar performance between reanalysis and same-dayweather forecasts. Same-day
weather forecasts are likely sufficient for dispatcher-, pilot- or air traffic control-led contrail avoidance, but if
longer lead times are required forflight planning purposes performancemay decrease. Themethods used in this
work could be used to quantify the size of that decrease.

This work provides an empiricalmethod to assess whether aflightmade a persistent contrail, but not all
persistent contrails produce the same amount of warming. A useful extension of this workwould be to observe
the radiative forcing of each contrail and compare that to predictions.

This work establishes an empirical basis for evaluation of contrail avoidance strategies, beginningwith the
continental United States. The techniqueswhichwe demonstrate using theGOES-16ABI can be readily
extended to cover any area of theworldwith sufficiently high-resolution geostationary satellite coverage.
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