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Abstract—Contrails are recognised as a net warming contribu-
tor to aviation-induced climate impact, and their detection from
satellite imagery provides an observational basis for estimating
coverage and informing rerouting strategies. While informative,
continental-scale estimates are insufficient for operational use,
being constrained by air traffic management complexity and costs
from CQO2/non-CO- trade-offs. A more feasible approach is to
identify contrail-intense air traffic control regions and corridors,
where targeted rerouting could deliver greater climate benefit
at lower operational cost. We propose a joint spatial-frequency
loss that conditions learning to emphasise contrail samples while
capturing their line-shaped structures. On the OpenContrails
dataset [1], our method consistently improves detection across
multiple binarisation thresholds, achieving a global dice score of
70.23%. The proposed method is applied to GOES-16 imagery
to estimate contrail coverage over CONUS and at the scale of
individual Air Route Traffic Control Centers (ARTCCs). Multi-
threshold analysis yields a range of contrail coverage from
0.015% to 0.254%, with a moderate average of 0.115% across
60 days in 2024. The moderate estimate reveals clear seasonal
cycles, with greater contrail occurrence in winter and spring,
and diurnal peaks between 08:00 and 10:00 local time across
most regions. Joint evaluation with meteorological conditions
further identifies contrail-intense zones and corridors, implying
an uneven potential for region-specific contrail mitigation due to
notable anomalies between ARTCCs.

Keywords—Aviation sustainability, Non-CO; effects, Contrail
coverage, Remote sensing, Deep learning

I. INTRODUCTION

Compared with sustainable aviation fuel and next-
generation propulsion, air traffic flow management (ATFM)
could offer an instant potential for mitigating short-lived
contrails through tactical rerouting [2], [3]. For example, [4]
showed that only 2.2% of flights accounted for 80% of contrail
energy forcing, and that rerouting just 1.7% of the fleet could
reduce this forcing by up to 59.3% in the target region. Such
strategies have also been tested in real-world operations [5],
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confirming contrail reduction based on satellite observations of
outbound and return flights. Nonetheless, large-scale deploy-
ment remains challenging: intense contrail formation typically
occurs within narrow temporal and spatial windows, limit-
ing the probability for beneficial planning, while the trade-
offs (CO2/mon-CO5) in aviation emissions, traffic complexity,
airspace capacity, and forecast uncertainties further constrain
the feasibility [6], [7]. Therefore, detecting contrails in satellite
observations and identifying contrail-intense zones (CIZs)
provides a direct view of historical contrail coverage, guiding
priorities for future mitigation.

Contrail detection and coverage estimation have tradition-
ally relied on microphysical formation models governed by
the Schmidt—Appleman criterion (SAc) [8], combined with
filtering of ice supersaturated regions and plume-chemistry
simulations such as CoCiP and APCEMM [9]. While these
approaches, often driven by reanalysis meteorology and ADS-
B data [10], [11], enable large-scale assessments, they suf-
fer from substantial biases due to uncertainties in upper-
tropospheric and lower-stratospheric conditions at cruise al-
titudes [12].

Recent advances in deep learning—based semantic segmen-
tation [13], [14] allow direct visual detection of contrails
from satellite imagery, improving accuracy and reducing me-
teorological dependency. Such observation-driven approaches
provide a more reliable basis for identifying when and where
persistent contrails occur, complementing physics-based sim-
ulations and supporting contrail-mitigation strategies in air
traffic flow management [4], [15], [16]. To inform climate-
oriented flight planning effectively, however, contrail coverage
must be resolved not only in time but also across operational
regions. Existing assessments have mostly focused on broad
domains to capture general patterns of contrail coverage [17]-
[19]. Yet, inter-regional variations in air traffic complexity



and meteorology necessitate finer, region-specific analyses to
support actionable, dynamic contrail avoidance.

To this end, this work explicitly accounts for line-shaped
contrails in developing a deep learning-based detection model,
which is subsequently employed to examine contrail coverage
across air traffic control regions. The identified seasonal and
diurnal patterns, along with regional anomalies linked to
meteorology, are analysed to inform targeted and effective
flight rerouting strategies. In summary, the core contributions
of this work include:

1) Introducing a joint spatial-frequency loss leveraging the
Discrete Fourier Transform (DFT) to enhance contrail
detection, achieving state-of-the-art performance on the
OpenContrails dataset [1] while seamlessly integrating
into end-to-end segmentation models with negligible
computational overhead;

2) Estimating high-temporal-resolution contrail coverage
across CONUS, down to individual Air Route Traf-
fic Control Centers (ARTCCs), revealing CIZs along
metropolitan clusters and connecting corridors over 60
days of GOES-16 observations [20].

The paper is organised as follows. The used data sources
are introduced in Section II. Section III describes joint spatial-
frequency loss and multi-level evaluations. In Section IV,
comparative analyses are presented to highlight the spatio-
temporal variations of contrail coverage over CONUS and
each ARTCC. Finally, Section V gives the implications and
limitations of this work, followed by the conclusion and
potential future extensions in Section VI

II. DATA

Our deep-learning segmentation models were trained on
OpenContrails, a human-labelled and pixel-level-distributed
contrail dataset from the GOES-16 [20], widely used in
contrail detection research [1]. Below, we briefly describe the
additional data and their preparation for our case study.

A. GOES-16 CONUS Disk

This work processed 60 days of satellite records (the first
half of January, April, July, and October 2024) from the
GOES-16 CONUS disk, which scans the CONUS region
every 5 minutes, compared with 10-15 minutes for the full
disk depending on the scan mode [20], for seasonal contrail
coverage estimation. Each satellite scan is divided into 60
patches with a horizontal dimension of 250 x 250 pixels,
resulting in approximately one million patches after excluding
the four upper-left patches due to large view angles. Each
patch is padded to 256 x 256 pixels and then processed by the
segmentation model to generate pixel-level contrail masks.

B. Meteorology and Air Traffic Flow

In our case study, the temperature and relative humidity data
used in our analysis are obtained from the fifth generation
of ECMWEF reanalysis (ERAS) pressure-level products [21].
Seven pressure levels (400, 350, 300, 250, 225, 200, and 175
hPa) are included (0.25° x 0.25° spatial and 1h temporal

resolution), corresponding approximately to geopotential al-
titudes of 7.2 to 12.6 km, thereby covering typical enroute
flight levels. The source trajectories, obtained from ADS-B
records, are accessed from OpenSky [22], [23] and clipped to
altitudes above 7.2 km.

III. CONTRAIL DETECTION

To enhance alignment between detected contrails and
ground truth, we incorporate a joint spatial-frequency loss.
For active samples (containing at least one contrail pixel), the
distance in frequency space is calculated in parallel with the
conventional spatial loss using the DFT, enabling fast trans-
formation and end-to-end gradient propagation. This frequency
term acts as a regularisation, emphasising positive pixels and
conditionally constraining model-ground truth alignment.

A. Joint Spatial-Frequency Loss

Since contrail-free samples have masks of all zeros, yielding
identical frequency features, the frequency-concerned loss is
computed only for active samples containing at least one
contrail pixel. For a batch of N samples (Yz,f/;) where Y]
and Y; are the ground truth and detected contrail probability
maps, respectively, the L1-based frequency distance (FD) over
n,n € [1, N] active samples, is formulated as

Lrp(V,¥) = - 3| F ) - F(F)
=1

; ey
1

where F () is a 2D DFT to transform spatial features into the
frequency domain.

This loss focuses the model on the alignment of ground truth
and detection in the frequency domain, enhancing the learning
of line-shaped contrail structures. The FD loss also effectively
acts as an implicit weighting mechanism, focusing more on
positive contrail pixels against a large background. Combined
with the conventional spatial loss Ly, (e.g., binary cross-
entropy (BCE)), the joint spatial-frequency loss is defined as

Lioint (YY) = (1 = N Loase (Y, V) + ALpp (YY), (2)

where the weight A is used to adjust the relative contributions
of the two loss components, and is set as 0.9, where Lrp
improves the overall performance based on sensitivity analysis.

B. Model and Training

1) UNet_MaxViT-tiny: In this work, we employ a state-of-
the-art contrail detection model proposed in [14]. The model
integrates the MaxViT-tiny module as an encoder within a
UNet architecture to enable efficient yet low-cost contrail
detection [13], [24]. MaxViT-tiny is based on a multi-axis
attention mechanism, employing interlaced window attention
and grid attention to capture both local and global receptive
fields across the image, while maintaining lower computational
complexity compared to standard self-attention. A subsequent
study proposed combining UNet++ with CoAtNet to achieve
modest performance improvements, but at a substantially
higher computational cost [25]. Consequently, the relatively
lightweight yet effective UNet_MaxViT-tiny architecture is se-
lected to process the large volume of image patches efficiently.



2) Implementation: The UNet_MaxViT-tiny model is im-
plemented using PyTorch and the segmentation models repos-
itory [26], and it is trained and evaluated on a single NVIDIA
L40 GPU. The detailed model training configurations are as
follows:

o The batch size is set to 8§ due to memory constraints when

resizing images to 512x512, with training conducted over
40 epochs, as suggested in [14].

o The initial learning rate is 8.0 x 10™#, gradually decaying
to 1.0 x 1076 over a half-cycle cosine schedule. A linear
warm-up from 1.0 x 108 to 8.0 x 10~* over the first 500
training steps is applied to stabilise the training process.

o The AdamW optimiser is applied with a weight decay of
0.01 [27]. The base loss function BCE (Lpae = Loce)
incorporates the pixel-shift design from [14], which
markedly enhances contrail detection performance on
Opencontrails.

o Detailed data augmentation procedures and hyperparam-
eter optimisation strategies can be found in [14], [25].

C. Multi-level Evaluation

1) Evaluation Metrics: Given a confusion matrix compris-
ing true positives (TP), false positives (FP), false negatives
(FN), and true negatives (TN), the global dice score and
the intersection over union (IoU) are employed to quantify
the overlap between the identified region and the ground
truth [25]. Considering that most samples contain less than
2.5% valid pixels in the OpenContrails dataset, using global
metrics rather than sample-averaged counterparts provides a
more comprehensive evaluation of contrail detection perfor-
mance. The global dice score is defined as:

_2x(YnYy) 2 x TP
© O Y[+]|Y]  2xTP+FP+FN’

Dice (3)
where Y and Y denote the ground truth and the detected
contrail labels at a pixel level, respectively. Similarly, the IoU
is expressed as:

YNy TP

IoU = — = .
‘Y|U‘Y’ TP + FP + FN

“)

In addition to the global dice and IoU scores, the recall and
precision of contrail detection are also considered, providing
reference metrics for the proportion of missed and falsely de-
tected contrail pixels from a conventional binary classification
perspective.

2) Results: A 4-fold cross-validation randomly splits the
training and validation data from the released “training” sub-
set. Quantitative results are evaluated on the released “vali-
dation” subset and reported as a 4-fold ensemble, averaging
quantifications from the four models [25]. The estimated
probabilities are binarised using thresholds sampled from 0
to 1 at 0.05 intervals, with the highest global dice score at
0.3. Table I summarises these three levels of quantification.

Without adding trainable parameters or reducing inference
speed considerably, training with the designed Ljoin substan-
tially improved evaluation metrics across most binarisation

TABLE I. ENSEMBLE QUANTIFICATION OF CONTRAIL DETECTION ON THE
OPENCONTRAILS DATASET, EXPRESSED AS PERCENTAGES, FOR DIFFER-
ENT BINARIZATION THRESHOLDS. THE BEST RESULTS ARE HIGHLIGHTED
IN BOLD.

Loss  Threshold Dice (%) IoU (%) Recall (%) Precision (%)

0.05 57.18 40.01 89.36 42.02

L, 0.30 69.62 53.39 70.19 69.05
CC

0.95 25.11 14.36 14.42 96.90

0.05 57.50 40.35 89.85 42.27

Lo 0.30 70.23 54.12 70.58 69.89
joint

0.95 23.18 13.11 13.16 97.13

thresholds. Specifically, it enhances the global dice score to
70.23%. Setting the threshold at the optimal dice score yields
a balanced performance, with both recall and precision at
approximately 70%. Due to the equivalence of dice and F1
scores, this threshold optimises overall performance. Estimates
of contrail coverage in the next section are conducted under
three threshold scenarios.

IV. CONTRAIL COVERAGE ESTIMATION

Using the spatial-frequency-regularised contrail detection
model, contrail coverage is estimated over CONUS and each
ARTCC across 60 days in 2024, with 15 consecutive days
(1st—15th) selected from January, April, July, and October to
represent each season. To facilitate consistent quantification of
contrail coverage within a given spatio-temporal window, we
define the averaged contrail coverage ratio (ACCR), derived
directly from the binarised pixel-wise contrail masks of in-
dividual frames. This metric enables high-frequency contrail
coverage estimation and supports the analysis of cyclic varia-
tions by aggregating chronological sequences of geostationary
satellite observations.

A. Averaged Contrail Coverage Ratio

In the proposed pipeline, each satellite frame is processed
patch by patch through the contrail detection model to generate
a pixel-level contrail mask. We then define the Contrail Cov-
erage Count, denoted as C3 = (c§7) MXN® which represents
the pixel-wise accumulation of contrail detections over a given
time window. Formally, we have:

5 0, contrail-free,
, 5)
otherwise,

Ci g, 1<¢,; <C,

where M x N denotes the spatial dimensions of each satellite
frame, and ¢; ; is the number of contrail-positive frames at
pixel (i,7) within the specified time window. For an hourly
aggregation, C' = 12 since GOES-16 provides one CONUS
frame every 5 minutes. The field C? can further be expressed
in terms of total covering time by multiplying by 5 minutes.
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Figure 1. Contrail coverage over CONUS, estimated using thresholds of 0.05
(a), 0.30 (b), and 0.95 (c), with colours representing the logarithm of the
averaged daily contrail covering time.

To estimate the overall contrail coverage level, C? is then
converted to the index ACCR, representing the geo-spatial
occurrence of contrails:

YIC > 1)

A =
CCR M x N

x 100%, 6)

where I(+) is the indicator function.
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TABLE II. COMPARISON OF DAY-AVERAGED CONTRAIL COVERAGE (%)
ACROSS CONUS OVER 60 DAYS IN 2024 UNDER DIFFERENT BINARISATION
THRESHOLDS.

Percentile
Threshold
Oth 25th 50th 75th 100th
0.05 0.051 0.117 0.254 0301 1.017
0.30 0.022 0.055 0.115 0.146 0471
0.95 0.003 0.008 0.015 0.021 0.058

B. Multi-level Estimations

Before analysing the spatio-temporal variations of contrail
coverage across ARTCCs, we first examine how different
binarisation thresholds affect the distribution and magnitude
of contrail coverage. Owing to the relatively large bias of
current deep learning-based contrail detection models on the
OpenContrails dataset, it is essential to account for possible
underestimation at low thresholds (e.g., 0.05) and overesti-
mation at high thresholds (e.g., 0.95), rather than exploring
solely on an intermediate, harmonised threshold such as that
optimised for the dice score.

Fig. 1 shows the contrail coverage over the selected 60
days (15 days per season) in 2024 across CONUS, at three
binarisation thresholds. To avoid large viewing-angle distortion
and incomplete patches, the upper-left 500 x 500-pixel region
of the GOES-16 CONUS frame is excluded from analysis.
This area can be supplemented with GOES-18 data in future
work.

All subplots are coloured by the logarithm of the daily con-
trail covering time, averaged over 60 days. Comparing subplots
(a) and (c) highlights a substantial difference between under-
and overestimation, while the overall geo-distributions and
distinct CIZs across CONUS remain consistent. As expected,
the moderate estimation lies between the extremes of under-
and overestimation, both visually in Fig. 1 and in the day-
averaged contrail coverage values in Table II. The moderate
estimation, using a threshold of 0.3, generally approximates
the midpoint between the estimations from thresholds 0.05
and 0.95.

The moderate estimate is also generally consistent with pre-
vious studies using satellite imagery, particularly those from
geostationary satellites such as the GOES and the Meteosat
Second Generation (MSG) series. For instance, [18] estimated
that approximately 0.17% of CONUS was covered by contrails
observed from GOES-16, averaged between 2018 and 2019.
In the North Atlantic, linear contrails were estimated to cover
0.10%—0.15% of the domain from February 2004 to January
2012 [17], using the Spinning Enhanced Visible and Infra-Red
Imager (SEVIRI) onboard the MSG satellites. Meanwhile, [28]
found that contrails spatially covered up to 0.085% of the
monitored area in central and western Europe in 2016. These
findings suggest that linear contrails currently block roughly
0.1%-0.2% of airspace in aviation-active regions, such as
CONUS and Europe, under moderate conditions. However,
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Figure 2. Air traffic flow intensity across CONUS for daytime (07:00-18:00 CST) (a) and nighttime (b), estimated over 8 days in 2024, with colours representing

the logarithm of the gridded waypoint histogram at 0.1-degree resolution.
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Figure 3. Seasonal ACCR over CONUS and the ARTCCs exhibiting similar patterns in 2024.

this does not apply uniformly to all regions, as explored in
the next subsection.

C. Contrail Coverage across ARTCCs

The detected CIZs are concentrated around major airport
hubs and extend along connecting air corridors. For example,
the Western coast, Florida, and the Northeastern US show
dense en-route traffic due to strong metropolitan links. Fig. 2
depicts accumulated traffic flow intensity (count) above 7.2
km over 2 days per season. A high-level network connecting
metropolitan clusters is evident, aligning with the intense con-
trail regions in Fig. 1. Although spatial patterns remain stable
from day (07:00-18:00 in Central Standard Time (CST)) to
night, flow intensity decreases, explaining the observed diurnal

contrail coverage variation. To evaluate mitigation potential,
seasonal, diurnal, and spatial distributions are compared across
17 ARTCCs, excluding centers ZSE, ZOA, and ZLC due to
excessive filtered-out pixels.

1) Seasonal Patterns: Using the defined ACCR index,
Fig. 3(a) illustrates the seasonal patterns of contrail coverage
over CONUS and the corresponding values for individual
ARTCCs. Winter and spring, represented by the first halves
of January and April, exhibit substantially higher contrail
coverage over CONUS in 2024 compared to the other seasons.
Similar seasonal patterns have been reported in previous stud-
ies [18], [29]. When ACCR values are grouped by ARTCCs,
many regions follow the general trend of peak contrail cover-
age in winter, declining towards October, as shown in subplots
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Figure 5. Representative ARTCCs with abnormal ACCR in October, compared to the mainstream trend in 2024.

(b)-(1) of Fig. 3. Overall, a decreasing trend from colder to
warmer seasons is evident.

By contrast, certain regions exhibit anomalously high con-
trail coverage in July or October. For instance, subgraph (k)
of Fig. 3 shows that ZOB, located in the northern part of the
detected area (see Fig. 1), displays such behaviour. Regions
with elevated contrail coverage in July are concentrated along
the north-eastern coast of CONUS, as illustrated in Fig. 4,
whereas those with high contrail coverage in October are
found over relatively high-altitude, landlocked areas within
CONUS, as exemplified in Fig. 5. In addition, ACCR varied
substantially across ARTCCs. For example, approximately
0.3% of the ZMA region (Fig. 3(i)) was covered by contrails
in early January and April 2024, compared to less than 0.01%
in ZAB (Fig. 3(b)) over the same period. These interregional
differences reflect the interplay between meteorological con-
ditions and air traffic in the UTLS.

To explain the findings, ZAB and ZMA are first taken as
cases of extremely low and high CCs, respectively. Based
on the simplified SAc (temperature < 235 K and relative
humidity > 80%) [30], [31], the contrail-sensitive potential
during the evaluation period was assessed using the minimum
relative humidity and maximum temperature across flight
levels between 7.2 km and 12.6 km, representing the most
conservative conditions for contrail formation. Figure 6 shows
the resulting temperature and humidity distributions, averaged
hourly across pressure levels and grids within CONUS, ZAB,
and ZMA. ZAB experienced warmer, drier UTLS conditions,
to some extent suppressing contrail formation [8], whereas
ZMA was marked by cooler, more humid conditions conducive
to contrail formation.

Similarly, for the anomalous July and October in ZNY and
ZMP, respectively, Fig. 7 shows their temperature and relative
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Figure 6. Distributions of spatially averaged temperature (a) and relative
humidity (b) in three representative zones over 60 days in 2024.

humidity distributions, together with CONUS-wide baselines,
over 15 days in each month. The abnormally high contrail
coverage in ZNY in July 2024 corresponds to concentrated
low temperatures and humid air (middle column of Fig. 7),
while partial high humidity in early October explains the
enhanced contrails in ZMP. These results highlight the role
of seasonal UTLS variability in contrail mitigation potential
across regions.

2) Diurnal Patterns: Fig. 3 (a) shows that contrails occur
more widely during the day than at night. Hourly contrail
coverage over CONUS (Fig. 8) peaks at 0.164% around 10:00
and drops to 0.052% at 01:00, averaged over 60 days under
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Figure 8. Hourly ACCR distribution over CONUS in CST time, averaged
across 60 days in 2024.

the moderate estimate. This diurnal cycle, with a morning
maximum and midnight minimum, is consistent with [18] and
corroborated by our forthcoming 9-year analysis. Despite their
smaller nighttime fraction, contrails exert disproportionately
higher net radiative forcing as evaluated in [32].

V. DISCUSSION

Although this study demonstrates the ability to estimate
regional contrail coverage at high temporal resolution, the
results remain influenced by moderate detection accuracy.
False positives and missed detections propagate uncertainty
into coverage estimates, potentially biasing climate assess-

ments and misguiding rerouting strategies. This underscores
the need for more abundant contrail labels and robust contrail
segmentation, especially in challenging scenes, and for for-
mal uncertainty quantification. Future work should integrate
ensemble modelling and probabilistic detection to reduce
uncertainty for strategic flight planning.

A further challenge is distinguishing contrails from visually
overlapped natural cirrus. Our approach does not explic-
itly suppress cirrus contamination, risking underestimation
in dense cloud regimes. Promising solutions include fusing
satellite data with optical depth retrievals and cruise-level
meteorological fields. Improved cross-sensor calibration could
offer a better distinction of those aircraft-induced clouds.

Finally, this work evaluates only a single year. Extending the
analysis across multiple years would allow assessment of intra-
annual meteorological variability and improve the robustness
of regional contrail climatology estimates.

VI. CONCLUSION

This work employs semantic segmentation to estimate con-
trail coverage at the ARTCC level across CONUS, relying on
human-labelled contrail imagery learning. By exploiting the
line-shaped structure of contrails, we proposed a joint spatial-
frequency regularisation in model training, achieving consis-
tent performance gains across metrics and thresholds. Multi-
threshold analyses revealed close spatio-temporal patterns of
contrail coverage, highlighting contrail-intense regions and
corridors. While overall coverage agrees with prior studies,
substantial variation across ARTCCs underscores the need
for regionalised assessments. These insights can inform pre-
cise, region-specific flight planning targeting high-risk contrail
zones.

A key direction for future work is to apply the proposed
method to global satellite records for contrail lifetime estima-
tion and climate forcing quantification. We will also develop
refined rerouting strategies at regional and en-route levels, the
feasibility and climate benefit of which will hinge on traffic
density, airspace capacity, and contrail forecast quality.

DATA AVAILABILITY

The OpenContrails dataset was published by [1], and the
labelling records are publicly available. Meteorological vari-
ables and air traffic flow data can be accessed from [21]
and [23], respectively. Processed contrail imagery, detected
contrail masks used for coverage estimation, are available from
the corresponding author upon request.
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