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Abstract

Contrails significantly contribute to aviation-induced global warming. Accurate prediction and simulation mod-
els of contrails are essential both to better estimate their climate impact, which remains subject to significant
uncertainties, and to predict when and where flights will produce contrails, with the long-term goal of rerouting
them to reduce their impact. This study investigates whether automated detection of contrails in geostationary
satellite imagery, combined with the attribution to the flights that produced them, can create a database of
real-world observations capable of validating contrail prediction models. We used an open-source neural net-
work to detect contrails in geostationary satellite images. To match these contrails with flights, we developed
a two-stage matching algorithm, building on and extending previous work in this field. The first stage applies
geometric filters to narrow down the number of candidate flights per contrail, while the second stage uses wind
data to calculate the predicted contrail track for each previously matched flight trajectory and compares it
with the observed contrail locations. Additionally, a scoring method was introduced to quantify match quality,
distinguishing well-aligned from poorly aligned associations. The system also enables the retrieval of environ-
mental conditions present at the time of contrail formation for each identified match. Compared to an existing
matching algorithm, our approach produced one-third fewer matches per contrail on the same dataset, and
the individual results appear more plausible. A statistical evaluation shows that while a single contrail cannot
always be attributed to one specific flight, the method consistently narrows the results to a small set of can-
didate flights per contrail. A case study shows that manually reviewing the results, particularly by combining
multiple observations of the same contrail over time, helps to further narrow down the list of potential source
flights. This demonstrates that although the current version cannot yet automatically identify a contrail’s source
flight, further improvements could make this possible. In particular, automatic contrail tracking combined with
dedicated filtering logic and refined contrail detection may enable the creation of a reliable large dataset of
contrail-flight associations usable for model validation.
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1. INTRODUCTION number of flights are responsible for a large portion of
this effect. Identifying such flights in advance and po-

Contrails (condensation trails) are ice clouds that tentially rerouting them could therefore significantly

form when hot, humid exhaust gas from aircraft

engines mixes with cold ambient air, causing water
vapor to condense and freeze into ice crystals. If
these ice clouds form in ice-supersaturated regions
(ISSRs), they do not dissolve within minutes but
can persist for hours and grow into extensive cirrus
clouds [1-3]. These clouds reflect thermal radiation,
thereby influencing the global energy balance, with a
net warming effect typically expressed as an increase
in radiative forcing [4, 5].

Despite uncertainties, contrails are considered one of
the most significant climate impacts of aviation, along-
side nitrogen oxides (NOyx) and carbon dioxide (CO3),
each contributing roughly one third of aviation’s total
climate effect [4-6]. As contrails only form under
specific atmospheric conditions, a relatively small
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reduce the contrail induced climate impact [7, §].
Beyond their role in operational mitigation, contrail
simulation models are also essential for assessing the
climate impact of contrails, which remains subject
to large uncertainties [4,5]. Several models have
been developed to simulate and/or predict contrail
formation, but the lack of a comprehensive validation
dataset means their accuracy is largely unknown,
limiting confidence in their predictions [5,9]. This
study investigates whether automated detection of
contrails in geostationary satellite imagery, combined
with the attribution to the flights that produced
them, can create a database of real-world observations
capable of validating contrail prediction/simulation
models.
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The task of identifying and linking contrails to
flight movements can be structured into four main
steps:

1) Data acquisition: Collecting satellite imagery,
air traffic data, and environmental data such as
wind, temperature, and humidity.

2) Contrail Detection: Identifying contrails in the
imagery using an Al-based detection model.

3) Matching: Associating flight trajectories with de-
tected contrails using a filtering logic.

4) Evaluation: Presenting results to support quality
assessment.

The first two steps of this workflow have become

significantly easier in recent years due to improved

data availability and advances in Al-based image
recognition. Most notably, Ng et al. recently released

OpenContrail, a large labeled dataset for Al-based

contrail detection [10], which has been a key enabler,

allowing researchers to identify contrails more reliably
in satellite imagery. Building on these advances
in detection, this study focuses primarily on the
matching task: formatting and structuring the data
and model outputs, developing a logic to associate
them and presenting the results. Two studies are
particularly noteworthy in this context, as they have
already explored this problem: Riggi et al. [11] and
Chevallier et al. [12].

Riggi et al. [11] simplified contrails and flights as
lines defined by two parameters, p and § (similar to
the slope and y-intercept of a linear function). By
applying tolerances to these parameters, they created
a rectangle in p—0 space for each contrail. A flight is
considered a match if its parameters fall within this
rectangle. In addition, the method checks whether
the flight is moving toward or away from the contrail
and whether the environmental conditions along the
trajectory satisfy the thermodynamic requirements
for contrail formation to further narrow down the
number of flights associated with a contrail. The
general approach of simplifying contrails and flight
trajectories and filtering based on their properties has
been adopted in this study, although in a different
form (see Section 2.4), as has the approach of filtering
by relative flight direction (see Section 2.3.3).

Chevallier et al. [12] first filtered flights based on
their proximity and orientation relative to the con-
trail. In a second step, they calculated predicted
contrail tracks (PCTs) by determining where a con-
trail caused by a specific aircraft would be located at
the time of observation based on wind data. These
PCTs were then compared with the actual contrail
observations from satellite imagery, the observed
contrails track (OCT). They also implemented a
tracking algorithm to automatically follow contrails
across multiple satellite images over time, enabling
comparison of the motion of PCTs with that of the
OCTs. We adopt the general concept of comparing
PCTs with OCTs, although the filtering logic in this
study differs. The contrail tracking approach has not
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been implemented but represents a logical extension
of our method for future work (see Section 3.3).

The method developed in this study builds on
both approaches while introducing new concepts
to improve matching accuracy. Most notably, the
filtering logic was redesigned to include a new form of
OCT-PCT comparison and a novel proximity-based
filtering method. In addition, a scoring metric was
implemented to quantify match quality. Together with
a backtracking procedure that identifies the section of
a flight trajectory responsible for a contrail formation,
which enables the investigation of environmental
conditions at the time of formation.

2. METHOD

2.1. Contrail Matching Workflow

Figure 1 illustrates the overall workflow for match-
ing contrails with flights, organized into the four steps
outlined in Section 1. First, the required data (traf-
fic data, satellite imagery, and meteorological data)
is collected (1). The satellite image is then prepro-
cessed to meet the model’s input requirements (2a),
the model is applied (2b), and the resulting output is
used to extract individual contrail lines for matching
purposes (2c¢). Next, the traffic data is preprocessed
by removing invalid entries, filtering out low-altitude
data points, and segmenting flight trajectories into lin-
ear elements (3a). In the first filtering stage, geomet-
ric filters are applied based on relative flight direc-
tion (direction filter), geographic proximity (location
filter), and orientation (orientation filter), reducing the
number of candidate flights and establishing an initial
match between contrails and flights (3b). In the sec-
ond filtering stage, for each flight retained from the
first stage, a predicted contrail track (PCT) is calcu-
lated and compared with the observed contrail track
(OCT) to further refine the matches (3c). In the fi-
nal step, a match quality score is calculated for each
match to distinguish well-aligned from poorly aligned
PCT-OCT pairs (4a). Additionally, the time and loca-
tion of contrail formation are traced back to determine
the environmental conditions at the point of formation
(4b).

2.1.1. Satellite Images (1a)

Satellite imagery was sourced from the geostationary
GOES-16 satellite, positioned at 75.2°W, with a tem-
poral resolution of 10 minutes and a spatial resolution
of 2x2 km per pixel in the infrared spectrum. The
main advantages of these images are their high tem-
poral resolution and large coverage area. The primary
disadvantage is the relatively coarse spatial resolution
due to the satellite’s distance from Earth, which pre-
vents direct observation of aircraft and newly formed
contrails. Consequently, there is always a gap of any-
where from a few minutes to half an hour [12] between
the time a contrail is emitted and when it is first ob-
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FIG 1. Workflow of contrail detection and matching used in this study

served. This gap represents the core challenge of this
study, as the problem would become trivial if the emit-
ting flight could be directly observed.

2.1.2. Air Traffic Data (1b)

Air traffic data is obtained from the OpenSky Net-
work [13]. The data is accessed and processed via
the traffic Python library [14], resampled to 10-
second intervals, and processed using the built-in
clean_invalid() function and a consistency filter.
Points along the flight trajectories below 8 km were
excluded, as contrail formation is unlikely at these
altitudes. According to the Schmidt—Appleman cri-
terion (SAC) and the NASA Standard Atmosphere,
contrails cannot form below about 8.4 km [3].

2.1.3. Meteorological Data (1c)

Meteorological data used to calculate wind displace-
ment and retrieve environmental conditions at con-
trail formation are obtained from the ERA5 reanalysis
dataset provided by ECMWF [15]. The data are pub-
lished on a regular latitude-longitude grid with a cell
size of 0.25° x 0.25° and 37 pressure levels from 1 hPa
to 1000 hPa, with a temporal resolution of one hour.
For the evaluation of relative humidity with respect
to ice (RHi), known deviations were corrected using
the method by Teoh et al. [16,17]. Data access and
processing were carried out using the Python library
pycontrails [18].
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2.2. Contrail Detection (2)

A publicly available contrail detection model devel-
oped by Junzi Sun [19] was used in this study. The
model is based on a ResUNet architecture and pro-
cesses 320x320 pixel single-channel greyscale image.
The model was not retrained, and the original weights
provided by the author were used. After testing, the
own-focal-1000epoch weights were selected because
they provided the most conservative performance
and minimized false positives. Missing a contrail
occasionally was considered less problematic than
detecting one where none existed. The model outputs
pixel-wise probabilities for contrail presence, and a
60% probability threshold was applied to classify
pixels as part of a contrail.

Before running the model, the satellite images were
preprocessed to meet its input requirements (2a).
First, the images were projected onto a map using
a Plate-Carrée projection, to allow the extraction of
specific regions by latitude and longitude. A region
of 5° x 5° was typically selected for this study. The
images were then converted into Brightness Temper-
ature Difference (BTD) grayscale images and scaled
to 320 x 320 pixels (as shown in Figure 2a). If the
extracted region was not rectangular, black padding
was added to achieve the required shape. The BTD
is defined as the normalized temperature difference
between GOES-16 wavelength channel 13 (10.3 ym)
and channel 15 (12.3 pm). The resulting image is then
fed into the contrail detection model, which returns
a binary 2D array (as shown in Figure 2b) indicating
for each pixel whether a contrail is present (2b).
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FIG 2. Contrail detection workflow: (a) prepro-
cessing of satellite images into Brightness
Temperature Difference (BTD) format, (b)
binary output of the AlI-based model,
(c) detected structures by the skeleton-
network algorithm, and (d) extracted con-
trail line segments.

The filtering algorithm used in this study is based
on comparing linear segments. Therefore, the output
of the contrail detection model must be converted
into straight lines with geographical coordinates
(2¢). The procedure is illustrated in Figure 2 ¢ and
d. First, a so called skeletonization algorithm from
the scikit-image library is applied, producing a
one-pixel-wide centerline of the structures detected
by the contrail detection model (see Figure 2c, green
lines). Next, a skeleton-network algorithm [20] is
used to identify endpoints and intersection points (see
Figure 2 ¢, red points) within the network of lines.
This information is then used to define individual
lines, which are simplified using a Douglas—Peucker
algorithm. Only segments exceeding a minimum
length threshold of 10 pixels (corresponding to about
17-18 km in the 5° x 5° areas used in this study)
are retained as contrails (see Figure 2d). Finally,
these lines are transformed from pixel-coordinates to
geographical-coordinates and used in the following
filtering algorithms.

2.2.1. Flight Trajectory Segmentation (3a)

For the filtering method used here, straight segments
of the flight trajectories are required. Therefore,
after the prefiltering and preprocessing described in
Section 2.1.2, the trajectories are simplified using the
Douglas—Peucker algorithm (as shown in Figure 3).
This reduces the number of points by retaining only
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FIG 3. Example of the flight trajectory segmenta-
tion.

the start and end points of straight sections. The
maximum permitted distance between the simplified
and original line is set to 100 m, which provides a
good compromise between minimizing the number
of segments and maintaining sufficient accuracy.
Because this simplification preserves more points
in curved sections than in straight sections, only
segments exceeding a minimum length of 10 km are
retained to reduce the number of segments. The
algorithm was implemented using the simplify()
function from the traffic library [14].

2.3. First Filtering Stage (3b)

The goal of the this first filtering stage is twofold:
first, to establish an initial match between contrails
and flights, and second, to remove flights that clearly
could not have been the source of the contrail. Inspired
by the work of Riggi et al. [11], the comparison is per-
formed using lines. Unlike in their approach, however,
lines with defined endpoints are used instead of infinite
lines in order to improve accuracy. Therefore, as ex-
plained in Sections 2.2 and 2.2.1, flights and contrails
are first split into line segments before applying the
filter. Each segment is then evaluated against three
criteria: 1) geographic proximity to the contrail (loca-
tion filter), 2) alignment with the contrail (orientation
filter), and 3) movement relative to the contrail (di-
rection filter) (see Figure 4). If a segment passes all
three criteria, the corresponding flight is considered an
initial match.

Location Filter Orientation Filter Direction Filter

S N /R
a) b) c)

FIG 4. Schematic illustration of the first filtering
stage. Flights in green, contrails in blue,
and crossed-out flights indicate those dis-
carded.
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Because a subsequent filtering step follows, all thresh-
olds in this stage are chosen conservatively to allow
slightly more potential matches rather than risk miss-
ing one. This method significantly reduces the num-
ber of possible flights per contrail, which decreases the
load on the following computationally more demand-
ing second filtering stage.

2.3.1. Location Filter

The location filter (see Figure 4 a) evaluates the ge-
ographic proximity of a flight trajectory segment by
checking whether it intersects a rectangular area sur-
rounding the contrail (see blue rectangle in Fig. 4a
and Fig. 5). This area is determined by backtrack-
ing the wind displacements of the contrail endpoints
to the start time of the considered traffic data. Since
the contrail altitude is unknown, this is done for every
considered altitude level of the meteorological dataset,
resulting in multiple wind displacements for each con-
trail endpoint (see orange lines in Figure 5). From the
resulting displacements, the minimum and maximum
latitudes and longitudes values are selected to form a
bounding rectangle, which is then expanded by a tol-
erance to account for uncertainties in the calculations.
Figure 5 illustrates this process for a two-hour back-
tracking period with a tolerance of 15 km. The wind
in this example is from the northwest. Wind displace-
ment is calculated according to the method described
in Section 2.4, but using a negative time step to go
backwards in time. Intersection between a flight tra-
jectory segment and the contrails location filter rect-
angle is determined using the intersects() function
from the Python shapely library.

[ Location filter rectangle
Wind displacements of endpoints
—@— Contrail

FIG 5. Construction of the location-filter rectan-
gle. A flight segment is retained if it inter-
sects this rectangle (see blue rectangle in
Figure 4 a).

2.3.2. Orientation Filter

The orientation filter (Figure 4 b) checks whether a
flight trajectory segment is aligned in a way that it
could have produced the contrail. Two orientation
ranges are defined around the contrail heading to ac-
count for both possible flight directions. Segments out-
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side these ranges are discarded. A constant tolerance
of +20° is applied to compensate for uncertainties in
the data, contrail detection, and potential rotation of
the contrail due to wind. At typical aircraft cruise
speed and assuming a constant wind orthogonal to the
flight direction, this tolerance corresponds to a max-
imum wind speed of approximately 300 km/h, mean-
ing that winds above this threshold could cause true
contrail-producing flights to be incorrectly filtered out.
Riggi et al. [11] chose a tolerance for the orientation
parameter (in their case #) of £3°, and Chevallier et
al. [12] used a range of +7°. However, considering the
implication above and experience from testing, these
values can be too low in some cases.

2.3.3. Direction filter

The direction filter checks whether a flight trajectory
segment is moving toward or away from the contrail
(Figure 4 ¢). A segment moving toward the contrail
cannot have caused it, as the flight would not yet have
been in the contrail’s location. This method, adapted
from Riggi et al. [11], measures the distances between
the endpoint of a flight trajectory and the endpoints of
the contrail. If these distances are greater than those
from a slightly earlier point along the trajectory, the
flight is assumed to be moving away from the contrail.
If both distances increase, the segment passes the fil-
ter. Otherwise it is discarded.

2.4. Second Filtering Stage (3c)

In the second filtering stage, for every flight identified
as a potential contrail source in the first filtering
stage, the wind displacement of geographical points
along the flight trajectory is calculated from the time
the aircraft passed each point until the time of the
contrail observation to create the Predicted Contrail
Track (PCT, see red line in Figure 6). This PCT is
then compared to the observed contrail track (OCT),
extracted from the satellite image by the contrail de-
tection algorithm (see Section 2.2), to further reduce
the number of potential candidate flights per contrail.

The wind displacements are computed using the
explicit Euler method. The chosen time step of 60s
is well below the instability limit defined by the CFL
condition (CFL < 1) [21] and, based on testing with
various time steps, offers a balance between compu-
tational efficiency and accuracy. For other spatial
resolutions of meteorological data, this value should
be re-evaluated, as Euler method stability depends
on the relationship between spatial resolution and
the maximum distance traveled between time steps.
Changes in contrail altitude, such as those caused by
downwash, are not considered in the calculation.

The filtering process uses the PCT to evaluate
both its spatial and directional agreement with the
OCT. Spatial agreement is assessed by checking
whether each point of the PCT lies within a 15 km
tolerance zone around the observed contrail (purple
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FIG 6. Illustration of the PCT-OCT comparison
used in the second filtering stage. PCT
points within the contrail tolerance zone
are marked in red, and their corresponding
origin points, used in Section 2.5 to deter-
mine the environmental conditions at for-
mation, are shown in black.

shaded area in Figure 6). If more than two such points
(see red points in Figure 6) fall inside the tolerance
zone, the contrail is retained. Directional agreement
is then evaluated by drawing a line between the
first and last PCT points located within the contrail
tolerance zone (i.e., the highest and lowest red points
in Figure 6). The orientation of this line must be
within a +10° tolerance of the OCT heading, similar
to the orientation filter described in Section 2.3.2.
Flights that meet both criteria are retained, while all
others are discarded.

2.5. Determining Environmental Conditions
at Contrail Formation (4b)

Based on the calculations performed in the second fil-
tering stage (see Section 2.4 and Figure 6), the time
and location of contrail formation can be determined
by backtracking the wind displacements (orange vec-
tors in Figure 6) to their origin (black points in Figure
6). This allows the time, location, and altitude of con-
trail formation to be identified, and the environmental
conditions at the time of formation to be derived by
interpolating the ERA5 meteorological data.

2.6. Match quality score (3a)

To distinguish well-aligned PCT-OCT pairs from
those barely within the tolerances defined by the sec-
ond filtering stage, a custom score was developed, as
no consistent quality metric for this application could
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be found in the literature. The total score sy € [0,1]
is defined as a combination of three components,
each represented by its own subscore: proximity (sp),
orientation (s,), and length (s;), and is calculated as

(1) sp =81 (—5—

The proximity score s, is calculated using Equation 2,
where dp.x is the distance between the contrail and the
edge of the tolerance zone (here 15 km), and diyean is
the mean distance between the PCT points within the
contrail tolerance zone (red points in Figure 6) and the
contrail itself.

n

dmean 1
(2) Sp = 1- 5 dmcan = ﬁ Z ‘dl‘

dmax i=1

The orientation score s, is computed from the angular
difference A between the observed contrail heading
(. and the heading of a line through the first and last
in-zone points 3y, with a maximum allowed deviation

Bmax = 10°:
_ A8
Bmax ’

(3) so =1

(4)  AB=min(|B. = Byl, 360° — |8 — Byl) -

The length score s is defined as the ratio of the PCT
length within the contrail tolerance zone (Is, see red
points in Fig. 6) to the OCT length (I.), capped at 1.

USSP/
(5) S]:{lc7 f<c

1, >l

Figure 7 shows three examples. In (a) all subscores are
high, resulting in a near-perfect total score s;. In (b)
orientation s, and proximity s, alone would give s, =
0.39, but the short matched segment length reduces
the total score to 0.23. In (c) orientation and length
match well, but poor proximity significantly lowers the
total score.

3. RESULTS

The performance and accuracy of the developed
method are evaluated using three approaches. First,
the results are compared with those of a similar
method from the literature by applying both to the
same datasets and examining the differences. Second,
the method is tested across various times and loca-
tions to assess its quantitative performance. Third,
in a case study, the algorithm is applied to the same
contrail observed at different times to evaluate its
consistency and analyze its behavior.
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FIG 7. Three examples with their corresponding
scores: (a) a near-perfect score, (b) average
proximity with a low orientation score, and
(c) low proximity with decent orientation.

3.1. Comparison with Riggi et al.

Riggi et al. [11] have made their example dataset and
results publicly available in a Git repository. We there-
fore used it for benchmarking the method presented
in this study. The dataset consists of a GOES-16
satellite image from 28 April 2019 at 19:00 UTC,
covering the area from 119.65°W to 114.29°W and
30.83°N to 35.37°N (US West Coast), along with
corresponding air traffic data from 18:20 UTC to
19:00 UTC for a slightly larger surrounding area.
When applied to the same dataset, the average num-
ber of matches identified per contrail is about one
third of the number found by Riggi et al., even though
initially more flights were considered during filtering
due to the lower minimum altitude threshold (8 km
instead of 10.36 km) and the inclusion of curved flight
trajectories.

Figure 8 compares the flights matched by our
method with those matched by Riggi et al. for the
same contrail. In this case, all flights matched by our
method are a subset of those matched by Riggi et al.
The prevailing wind direction is from the south-west,
which explains why all matched flights are located to
the left of the contrail. With our method, only flights
that actually passed the contrail were matched, rather
than flights that were merely located to the left and
similarly oriented. This results from [11] representing
flights as infinite lines with two parameters (p and 6)
instead of finite line segments defined by endpoints
used in our method. Furthermore, some flights may
indeed have passed the contrail, but the corresponding
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data points are not included in the traffic dataset,
which covers only a 40-minute timeframe. This
indicates that the chosen timeframe may be too short
for our method, as it requires a dataset covering the
actual contrail formation time to successfully match
flights and contrails.

N I
—o— Contrail
—> Flight trajectory (Riggi et al.)
Flight trajectory (both)
—)» General wind direction

FIG 8. First comparison of the matched flight tra-
jectories between our method and that of
Riggi et al.

In Figure 9 another comparison of the matched flights
is shown for a different contrail. In this case, the two
methods matched completely different flights. Our
method did not match flights farther away because
the wind displacement calculated by the second filter-
ing stage was insufficient to reach the observed con-
trail position. Instead, it matched flights closer to the
contrail that were discarded by Riggi et al. due to
their orientation differing too much from that of the
contrail. This shows that the orientation tolerance of
0 £+ 3° might not be sufficient, as the orientation of a
contrail can deviate from that of its originating flight
more then 3°, particularly under crosswind conditions
(see Section 2.3.2).

3.2. Statistical Evaluation

To assess the overall performance of the developed
method, a statistical evaluation was conducted using
50 distinct contrail observation situations between
January 1 and June 30, 2024. Each situation consists
of a 5° x 5° satellite image over a different location in
North America, selected at evenly spaced time inter-
vals, with each location manually chosen to contain at
least one contrail (see rectangles in Figure 10). The
corresponding air traffic data covers an extended area
of 200 km in all directions around the satellite image
area and includes traffic data up to two hours prior
to the satellite image. After filtering flights below 8
km altitude, the dataset contains a total of 36,091
flights, corresponding to an average of 720 flights
per situation. In total, 526 contrails were detected
(average: 10.5 per situation). As described previously,
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FIG 9. Second comparison of the matched flight
trajectories between our method and that
of Riggi et al.

a contrail is often segmented into multiple parts and
thus counted more than once (see Figure 2.2d).

50°N

40°N

30°N

130°W 110°W

FIG 10. Geographical areas used in the statistical
evaluation.

On average, 2.72 matches were found per contrail, with
about 30% of contrails having no matches at all (Fig-
ure 11 shows the frequency of different numbers of
matches). Possible reasons include false detections by
the contrail detection model, a temporal window for
the traffic data that does not extend far enough into
the past, or inaccuracies in the wind data that, over
time, lead to deviations large enough for the PCT to
fall outside the contrail tolerance zone. The distri-
bution of the match quality score is roughly balanced,
with 44% of matches scoring below 0.5 and 56% above,
and about 4% achieving a score greater than 0.9.

To determine whether a significant portion of the
flights identified as contrail-causing are actual origina-
tors rather than a random selection, the environmental
conditions at contrail formation (see Section 2.5) were
compared with those of all other flight data points
in the statistical analysis.  Specifically, we com-
pared a dataset containing every data point from all
flights with a subset containing only the data points
identified as the source of a contrail (black points in
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FIG 11. Distribution of the number of matches per
contrail in the statistical evaluation.

Figure 6). Furthermore, an additional contrail-causing
dataset was created, including only matches with a
high score (>0.7), to evaluate whether a high score
indeed corresponds to a higher likelihood of being
the actual source of a contrail. This comparison is
expected to show that the environmental conditions
associated with contrail-causing flights more closely
align with thermodynamic predictions, most notably
satisfying the Schmidt—Appleman criterion and being
ice-supersaturated.

When interpreting the results of this analysis, it
should be noted that the method may be prone to
bias, as satellite images containing many contrails are
likely to cover larger areas of contrail-favourable con-
ditions. More contrails lead to more matches, which
in turn increases the likelihood of identifying contrail-
favourable conditions. To mitigate this, only satellite
images containing at least one contrail were chosen.
Furthermore, the comparison between the contrail-
causing subset and the high-score contrail-causing
subset should not be affected by this bias.

TAB 1. Share of data points where the
Schmidt—Appleman criterion (SAC) is

satisfied and those located in an ice-
supersaturated region (ISSR).
SAC (%) | ISSR (%)

All flight data 69.33 16.24
Subset identified as 75.36 27.08
contrail-causing
Subset identified as 80.59 26.50
contrail-causing
(score > 0.7)

In Table 1, the Schmidt—Appleman criterion (with
an engine thermal efficiency = 30%) and ice-
supersaturation checks were applied to all three
datasets. The table shows the percentages of cases
where these conditions were met. As shown, the subset
identified as contrail-causing has a higher percentage
of cases meeting the Schmidt—Appleman criterion and
a higher percentage of ice-supersaturated conditions.
The same applies to the high-score contrail-causing
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subset, although no difference in ISSR occurrence is
observed between the contrail-causing and high-score
contrail-causing subsets. To examine this behavior
in more detail, the distributions of temperature and
humidity values across the different datasets were
compared. This was done by defining evenly spaced
intervals (10% RHi for humidity, 3 K for temperature)
and plotting the percentage of values within each
interval as bars in Figure 12. When comparing RHi
values between the contrail-causing and high-score
contrail-causing datasets, the proportion of values
above 100% RHi is very similar, but the proportion
of values just below 100% RHi has significantly in-
creased. There is also no difference in this behavior
when using the uncorrected data (see Section 2.1.3).
This may be due to uncertainties in relative humidity
data, suggesting that a filter based on the SAC and
the meteorological dataset used here may not be
sufficiently accurate. Chevallier et al. [12] reported
similar experiences when implementing a filter based
on the SAC.

== All flight data points
—= Subset identified as contrail-causing
== Subset identified as contrail-causing (score > 0.7)

— 204 1 4l
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FIG 12. Comparison of the distributions of tem-
perature and relative humidity with re-
spect to ice (RHi) across the different
datasets.

Overall, the temperature and humidity distributions
tend toward lower temperatures and higher humidity,
and this effect is more pronounced with a higher match
quality score, as predicted by the SAC. This indicates
that the matched flights are not entirely random but
include a significant number of actual contrail origi-
nators, and that a higher match quality score corre-
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sponds to a higher probability of being the source of
the contrail.

3.3. Case Study: Contrail Tracking

The objective of this section is to evaluate the robust-
ness of the developed method by tracking a contrail
across multiple satellite images taken at different
times and assessing whether it consistently identifies
the same flight as its source. Since a contrail can
only originate from a single flight, the algorithm
should ideally return the same source regardless of
the observation time.

The area used in this example, located between
30°N and 35°N and between 97°W and 92°W, was
observed on February 10, 2025. Corresponding traffic
data were retrieved for a slightly larger bound-
ing box and for the time period from 13:00 UTC
to 16:00 UTC. After applying the altitude pre-filter
(workflow step 3a), 1,013 flights remained for analysis.

The chosen contrail first becomes visible in the
15:02 UTC satellite image and remains identifiable in
subsequent images taken at 10-minute intervals until
15:42 UTC, when it has dissipated to the point that
its linear structure is no longer clearly distinguishable.
The linking of contrails between consecutive images
(i.e., identifying that a contrail in one image is the
same as in the next) was performed manually, as was
the association of multiple linear contrail segments
within a single image to represent one continuous
contrail.

In total, 18 different flights were matched with
at least one contrail segment at one of the observation
times. On average, a single segment at a given
time had 5.2 matches. Only three flights matched
more than 50% of the segments, and only one flight
matched every segment. Many flights with only one
to three matches could be ruled out, as their emission
time occurred after the first observation of the contrail.

Among the two most likely candidates with the
highest geographical scores and the most matched
segments, both followed nearly the same route at
almost the same time but at different altitudes. One
flight flew significantly higher, and thus at colder
temperatures, making it the more probable source of
the contrail. This flight also had a higher average
match quality score and matched every contrail seg-
ment rather than all but one. The PCTs and OCTs
for this flight are shown in Figure 13, where they
generally align well. The larger deviations at later
timestamps are likely caused by slightly overestimated
wind speeds in the ERA5 data and the inability to
account for small-scale local wind variations.

This analysis demonstrates that contrail tracking can
provide valuable information to further narrow down
the number of potential contrail sources, particularly
by identifying well-aligned matches at the first contrail


https://creativecommons.org/licenses/by/4.0/

Deutscher Luft- und Raumfahrtkongress 2025

-~ OCT
—— PCT

Flight trajectory
—p» General wind

direction

FIG 13. Comparison of the OCT and the PCT
of the most probable candidate flight
from the case study across multiple times-
tamps.

observation, ruling out emissions that occurred after
the first observation, and excluding flights that only
matched isolated segments. However, it also shows
that relying on a single timestamp is often insuffi-
cient for accurately determining contrail sources, as
PCT-OCT deviations can increase with the time be-
tween formation and observation, sometimes making
them indistinguishable from falsely matched flights.

4. CONCLUSION AND OUTLOOK

Conclusion

This study developed an automated method to asso-
ciate contrails detected in geostationary satellite im-
agery with their source flights by applying a two-stage
filtering process, a geographic scoring metric, and a
backtracking procedure. The results show improved
performance compared to an existing method, produc-
ing fewer but more plausible matches, mainly due to
the implementation of the second filtering stage, which
calculates wind displacement using ERA5 meteorolog-
ical data.

A statistical evaluation demonstrated that the method
can reliably generate a small set of likely candidate
flights. Analysis of the environmental conditions at
formation further suggests that real originators are in-
deed included within these matches. Moreover, higher
match quality scores were shown to correlate with a
greater probability of true matches, underlining the
usefulness of this metric. However, about 30% of con-
trails could not be matched to any flight, which may be
due to false detections or to inaccuracies in wind data
that accumulate over time. Addressing these issues
and improving contrail detection models represents a
sensible next step.

A case study of the same contrail at different times
showed that tracking a contrail across multiple images
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provides additional information that can be used for
further filtering. Automating this temporal tracking
and developing a dedicated filtering logic would offer
significant further improvements in accuracy and reli-
ability.

Outlook

Overall, the current approach is not yet capable of
creating a large database of real-world observations
for the validation of contrail prediction and sim-
ulation models. However, the method provides a
foundation for future development, and the results
indicate that with further improvements this goal
may be achievable. The first step is to automate the
contrail-tracking methodology. Both the presented
example and the case reported in the literature
demonstrate that this approach can further narrow
down the number of candidate flights per contrail. A
second priority is to enhance the contrail detection
model to cover additional geographic regions. Al-
though this expansion might require retraining due
to different satellite sensors technology, it will also
increase the flexibility of the method and enlarge
the underlying data base. Regarding the evaluation
component, enhancements to the SAC metric are
feasible if the presently employed flight trajectories
are linked to a comprehensive mission-level analysis.
Such an analysis can provide a thrust-requirement
depending on aircraft type and flight length, which
can then be used in a thermodynamic cycle model
to produce more realistic figures—e.g., the engine’s
thermal efficiency.
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