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Abstract

We present ECoNets, equivariant U-Net models applied to contrails segmentation in satel-
lite images. In the context of a highly class-imbalanced problem with scarce annotated data,
equivariant models benefit from higher segmentation scores and faster convergence, while
requiring fewer trainable parameters, in all settings and in particular in a reduced train-
ing dataset size regime. We benchmark ECoNets on the OpenContrails satellite imagery
dataset as well as on a smaller in-house labelled dataset of Meteosat Second Generation
(MSG) geostationary satellite images in order to assess fine-tuning equivariant models for
contrail detection over Europe.

Keywords: Contrails, Image Segmentation, CN - and DN -Equivariance.

1. Introduction

Aviation accounts for a few percent of the anthropogenic climate forcing, with more than
half of its impact coming from non-CO2 emissions, primarily condensation trails (contrails)
(Lee et al., 2021). Contrails are artificial cirrus clouds forming from the mixing of warm and
moist aircraft exhaust with cold and dry ambient air (Schumann, 1996). In specific ambient
conditions, contrails can persist for several hours, causing a net warming effect on the at-
mosphere (Kärcher, 2018). Aviation stakeholders rely on numerical weather forecasting to
apply flight route optimizations and minimize contrails impact. Contrails detection (e.g. in
remote imagery) must be performed for flight attribution but also to verify and improve pre-
diction models. Given their spatial and temporal coverage, geostationary satellite imagers
are well suited for persistent1 contrails detection. This can be viewed as a binary semantic
segmentation task, akin to medical imagery due to its challenging class-unbalanced nature;
young contrails are very thin linear shapes, scarcely appearing, while most of the pixels in
the image belong to the background (non-contrail) class. Automated detection with satis-
factory performance relies on large annotated datasets. Several efforts in contrail detection
automation were done on the US geostationary GOES-16 satellite, e.g. Meijer et al. (2022)
who deployed U-Net architectures (Ronneberger et al., 2015) for contrail segmentation, al-
lowing to move from thresholding approaches (Mannstein et al., 1999) to higher performing

1. A contrail is commonly considered persistent when it lasts longer than 10 minutes, which is also the
lower bound for their detection in geostationary satellites given the temporal resolution of 5 to 15 mins.

c© 2025 E. Loza, D. Di Giusto, V. Meijer & T. Petrisor.



Loza Di Giusto Meijer Petrisor

algorithms. The largest labelled dataset to date is OpenContrails (Ng et al., 2024). This
dataset consists of over 20000, 256 × 256-pixel images2, taken from full-disk images over
America. A similar training dataset over Europe would be critical for contrails detection in
this very dense air-traffic region, and could rely on the Meteosat Second Generation (MSG)
geostationary satellite (Aminou, 2002). This lack of annotated MSG images could be com-
pensated by training models which learn equivariant representations from fewer samples.
Group Convolutional Neural Networks were introduced to exploit discrete rotation symme-
tries in classification (Cohen and Welling, 2016), and later extended to equivariant steerable
filters to implement continuous affine groups (Cohen and Welling, 2017; Weiler and Cesa,
2019), finding applications in image segmentation (Winkens et al., 2018; Chidester et al.,
2019; Bernander et al., 2022; Zhang et al., 2025). More recently, (Ghyselinck et al., 2025)
benchmarked equivariant U-Nets on several datasets and found that equivariance is benefi-
cial for arbitrarily-shaped objects with different orientations, similar to contrails in satellite
images.

Given the orientation-invariant nature of contrails in satellite images, this work in-
troduces Equivariant Contrail segmentation Networks (ECoNets), exploiting rotation and
reflection symmetries based on the U-Net architecture. Our objective is to benchmark
ECoNets against standard (vanilla) U-Nets on OpenContrails, varying the training dataset
size. We also provide a basis for contrails segmentation over Europe, introducing an orig-
inal small size MSG dataset, on which we test the equivariance through fine-tuning of a
OpenContrails-pretrained model and by training non-pretrained models as well.

2. Methods

We train vanilla U-Nets and equivariant U-Nets (ECoNets) to discrete rotations of mul-
tiples of π

2 , respectively π
4 and reflections, similar to (Ghyselinck et al., 2025)3. Models

consist of 4 encoder-decoder blocks, with two 5 × 5 convolutional layers, batch normal-
ization and ReLU per block. The output channel dimension starts at 64 and is doubled
(halved) after each encoder (decoder) block. A final 1 × 1 convolution generates the fi-
nal segmentation map. Equivariant layers use the regular group representation and are
implemented through the escnn library (Cesa et al., 2022). Similarly to Maurel et al.
(2023), our models share the same architecture and channels, but have a greatly reduced
number of trainable parameters (Chidester et al., 2019; Gerken et al., 2022; Ghyselinck
et al., 2025)4. All models are trained on one A100 80G Nvidia GPU using the AdamW
optimizer with convergence based on an early stopping criterion. A combo loss function
is used for training (Jadon, 2020), and the Global Dice score5, see Appendix D, for eval-
uation. The initial learning rates, yielding the best training performance for each model,
were set to 10−4 and 10−3 for the vanilla U-Net and the ECoNets, respectively, using a
“reduce on plateau” learning rate scheduler. To assess the potential of equivariance over

2. In these images around 1% of overall pixels are contrails with an average of only about 0.5% pixels per
image.

3. Ghyselinck et al. (2025) models are equivariant to the discrete rotation groups C4 and C8 and the dihedral
group D4. We add the D8 group and denote discrete rotation groups by CN and dihedral groups by DN .

4. Vanilla U-Net has 95.85M of trainable parameters while the C4- C8-, D4- and D8-ECoNets have 10.54M,
5.27M, 5.27M and 2.63M trainable parameters, respectively.

5. Also referred to as Dice score in this work.
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data-augmented vanilla U-Nets, we explore three data augmentation scenarios: no augmen-
tation (None), continuous rotations (Rot(0,360): Aug. 1) and continuous rotations and
reflections (Flip+Rot(0,360): Aug. 2), and we vary the percentage of original data used
for training. We define two benchmarks: One: equivariance against data augmentation as
in Gerken et al. (2022) where vanilla-Rot(0,360),(-Flip+Rot(0,360)) augmented models are
compared to CN -ECoNets (DN -) without data augmentation; Two: vanilla networks and
ECoNets with the same scenario of data augmentation are compared as in Ghyselinck et al.
(2025)6. With respect to the training time, we compare the models in terms of convergence
epoch, as well as wall-clock time at equivalent performance.

3. Results

3.1. OpenContrails dataset

Table 1 summarizes our ECoNets performance and training time results against the vanilla
U-Nets for the defined augmentation scenarios and varying the original training dataset
size, from 10% to 100%, as illustrated in the right panel of Figure 1. More details are
given in Appendix E, Table 6 and Table 7. ECoNets always give a positive Dice score gap,
i.e. the % difference between equivariant and vanilla Dice scores at the end of training.
This gap increases as the training dataset size is reduced. Concerning the training time,
we consider the convergence ratio, i.e. the ratio between the stopping epoch of vanilla and
equivariant models, and the wall-clock time ratio, i.e. the ratio between wall-clock times
when ECoNets and U-Nets reach similar Dice scores. Both time ratios show that ECoNets
converge in fewer epochs and reach faster the same Dice scores than the vanilla U-Net.
Faster epoch-wise convergence is also seen in the left panel of Figure 1.

Table 1: Benchmark One and Two for the OpenContrails dataset at different training
dataset fractions.

U-Net
Benchmark ECoNets

Dice Score Gap % (Convergence ratio, Wall-clock ratio)
Augmentation 10% 25% 50% 75% 100%

None Two

C4-None 4.63 (2.2, 4.1) 5.52 (1.8, 3.6) 2.35 (1.3, 3.6) 2.96 (1.4, 3.8) 2.26 (1.7, 3.5)
C8-None 9.17 (2.2, 4.6) 6.18 (2.6, 4.3) 4.68 (1.8, 3.3) 4.20 (1.9, 4.1) 3.09 (1.8, 4.8)
D4-None 8.51 (2.5, 4.9) 5.60 (2.3, 4.3) 4.10 (1.8, 4.6) 3.83 (2.1, 3.3) 3.81 (1.7, 4.7)
D8-None 10.16 (1.5, 4.1) 6.30 (2.3, 3.1) 4.37 (1.7, 3.8) 4.86 (1.9, 3.3) 4.33 (1.7, 3.9)

Aug. 1
One

C4-None 1.95 (2.9, 3.0) 4.48 (2.7, 4.4) 0.66 (1.8, 3.7) 0.5 (2.6, 1.3) 0.25 (3.5, 2.7)
C8-None 6.47 (2.9, 4.1) 5.14 (3.8, 6.1) 2.99 (2.5, 3.7) 1.74 (3.5, 2.2) 1.08 (3.8, 2.4)

Two
C4-Aug. 1 5.91 (2.2, 5.8) 4.95 (2.7, 4.4) 3.76 (1.5, 3.2) 1.62 (2.2, 2.6) 2.65 (1.8, 2.4)
C8-Aug. 1 7.69 (2.2, 8.6) 5.78 (2.7, 3.6) 3.94 (1.5, 3.2) 2.79 (2.2, 3.2) 3.05 (1.8, 3.0)

Aug. 2
One

D4-None 9.78 (2.7, 5.3) 4.77 (2.7, 5.1) 3.52 (2.2, 3.8) 2.09 (3.8, 2.2) 0.82 (3.1, 2.7)
D8-None 11.43 (1.6, 3.4) 5.47 (2.7, 3.7) 3.79 (2.1, 3.7) 3.12 (3.6, 4.6) 1.34 (3.1, 2.4)

Two

C4-Aug. 2 11.34 (1.6, 4.1) 6.77 (1.4, 4.3) 5.47 (1.2, 3.7) 1.98 (1.7, 3.1) 2.37 (1.2, 2.6)
C8-Aug. 2 12.21 (1.8, 5.7) 7.54 (1.5, 4.3) 5.60 (1.5, 3.8) 4.61 (1.8, 3.7) 3.59 (1.6, 2.7)
D4-Aug. 1 11.46 (1.6, 4.1) 6.33 (1.8, 2.5) 5.60 (1.5, 2.9) 3.72 (1.8, 3.2) 2.85 (1.3, 2.9)
D8-Aug. 1 11.43 (1.6, 3.5) 6.55 (1.8, 3.7) 3.76 (1.7, 2.2) 4.13 (2.2, 2.6) 2.41 (2.3, 2.7)

Benchmark One. The Dice Score gap between ECoNets without augmentation and data
augmented vanilla U-Nets increases as less training data is available. This is illustrated in
the right panel of Figure 1 where we show the evolution of the Global Dice Score for all
models versus the training dataset fraction, with all data taken in a stratified manner from
OpenContrails. Interestingly at 10% of training data stricter equivariance results in bigger

6. The Flip+Rot(0,360) comparison includes DN -Rot(0, 360) models since their reflection symmetry counts
for the flip data augmentation. This is why the Rot(0,360) comparison does not include DN models.
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gaps, e.g. comparing D8- and C4-ECoNets. This indicates that equivariance effectively
replaces data augmentation in the scarce 10% regime. Convergence is faster and the time
to reach the U-Nets best Dice scores is shorter for ECoNets regardless of training budget
and data augmentation scenario. Benchmark Two. The Dice score gaps reported in Table
1 are typically larger than for the first benchmark, suggesting that ECoNets benefit more
from continuous data augmentation. Yet, convergence ratios are now lower than in the
first benchmark since data augmentation increases the training epochs. Wall-clock ratios
are similar to benchmark One. Finally, precision and recall results in Table E show that
generally ECoNets have gains in both metrics compared to U-Nets, precision having the
stronger gaps. This suggests that equivariant models tend to have reduced false positives.
Area under the precision-recall curve metrics, PR-AUC, are reported as well in Appendix E
and follow similar conclusions to the Dice Score metric.
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Figure 1: OpenContrails Test Dataset results. Left: 100% training data - Global Dice score
evolution for models without data augmentation (solid line), Rot(0,360) (dashed-lines) and
Flip+Rot(0,360) augmentation (dotted lines). Right: Test Dataset Global Dice scores
against the training dataset fraction, for the same models as on the left.

3.2. MSG dataset

Going further in data frugality and assessing domain adaptation capabilities, models trained
on OpenContrails7 are further retrained on our very reduced size dataset8, MSG, of contrail-
segmented images over Europe. Regardless of the benchmark, fine-tuned ECoNets generally
present an improved performance over vanilla models as shown in Table 2, albeit lower than
on the American dataset due to the training dataset size. Figure 2 illustrates the Global
Dice score evolution for several ECoNets and vanilla U-Nets. Epoch-wise convergence and
shorter wall-clock times for ECoNets are less significant possibly due to the fine-tuning
strategy combined data nature and frugality. Interestingly, in Figure 9, ECoNets trained
with data augmentation from scratch only on the 293 MSG training images reach similar
Dice scores to those of some fine-tuned models. This is remarkable considering the very-low
data regime and may indicate that in usecases with very scarce annotated data and where

7. OpenContrail stopping epoch weights are used as starting point.
8. Our European dataset, MSG, amounts to less than 1.5% of the OpenContrails dataset size.
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no similar larger datasets are available, equivariance with thoughtful data augmentation
can substitute fine-tuning.
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Figure 2: Test dataset Global Dice Score evo-
lution of MSG-fine-tuned models for a fixed
number of epochs.

Table 2: MSG results with early stopping.

Model Data Dice Training Stopping
Aug. Score % Time [mm:ss] Epoch

Vanilla
None 45.82 08:03 16
Aug. 1 49.16 13:20 15
Aug. 2 47.44 08:17 13

C4

None 50.72 02:36 11
Aug. 1 51.72 04:30 24
Aug. 2 52.72 06:12 10

C8

None 51.17 07:08 17
Aug. 1 51.69 04:59 10
Aug. 2 53.58 09:55 11

D4
None 52.23 04:46 4
Aug. 1 52.31 14:40 23

D8
None 52.08 07:51 16
Aug. 1 53.81 07:46 26

4. Conclusions

We showed the potential of equivariant models in a complex use-case with scarce annotated
data. Equivariant models with far fewer trainable parameters demonstrate higher perfor-
mance, quicker epoch-wise convergence and shorter wall-clock training time than classic
U-Nets for different training dataset sizes taken from OpenContrails and data augmenta-
tion scenarios. Particularly, ECoNets have a less important Dice score drop than U-Nets
as the training budget is reduced. When fine-tuning on the MSG dataset, moderate equiv-
ariant performance gains and shorter wall-clock times at similar Dice scores are observed.
Compared to models trained from scratch, only fine-tuned ECoNets with data augmenta-
tion show significant score gains. Our work is limited by discrete symmetries: continuous
rotation (SO(2)-) with possibly reflections (O(2)-) ECoNets could improve performance,
convergence and wall-clock times. Contrails appear at different scales and brightness in our
datasets, similar to orientations. Such variations could be added as equivariance constraints
for further improvement.
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Appendix A. Dataset description

OpenContrails dataset (Ng et al., 2024). The GOES-16-ABI imager has a temporal
resolution of 5− 10 minutes and a spatial resolution of 2× 2 km2 at nadir for the infrared
bands. 256× 256 patches were obtained from larger images covering the North and South
America regions. Data was obtained in the period April 2019 - April 2020. It consists of
20,544 images for training and 1,827 of testing. The training dataset has 1.2% of foreground
pixels and around 55% of the images contain no contrails, while the test dataset has 0.5% of
contrail pixels and 70% of contrail-free images. In the first column in Figure 7 we show two
examples of test images taken from this this dataset, while the second column shows the
corresponding annotated masks (ground truth). Table 3 shows the foreground pixels and
contrail-free images proportions as functions of the dataset fraction. Our training datasets
are approximately stratified. This guarantees a fair comparison of models trained in a
training budget setup.

Table 3: Contrail pixel distributions at different dataset fractions taken from OpenContrails.

Characteristic Dataset fraction %
10% 25% 50% 75% 100%

% Contrail-free images 55.83 54.17 54.37 54.50 54.81
% Pixel contrails 1.16 1.19 1.18 1.20 1.19

MSG dataset. The MSG-SEVIRI imager has a temporal resolution of 5 − 15 minutes
and a spatial resolution of 3× 3 km2, as well as sligthly different infrared bands for contrail
observation. This is a less favourable sensor for contrail observation due to its coarser
resolution, but newer sensors currently deployed should soon mitigate this issue. We have
annotated a small dataset of 256 × 256-pixel images taken by the MSG satellite between
Jan 2023 and Jan 2024 containing 293 images for training and 78 for test with a balanced
average contrail pixel ratio per image of around 0.3% in both sets. We have explored two
labelling strategies to build this initial dataset, following similar guidelines to OpenContrails
in terms of contrail-criteria annotation (minimum size, temporal sequence, etc.) but aimed
for a balanced per month temporal coverage in 2023 and contrail-image distribution, while
keeping the annotation effort low. Two examples of such images are shown the first column
in Figure 10, while the second column shows the corresponding annotated ground truths.

Appendix B. Architectures

U-Net architecture. Our implementation consists of 4 encoder-decoder blocks with two
5 × 5 convolutional layers, each followed by batch normalization and ReLU. The output
channel dimension at the end of each block is 64, 128, 256 and 512. A final 1×1 convolution
mixes the final 64 channels into a single segmentation map. Figure 3 shows our architecture.

Equivariant architectures: ECoNet. Let G represent the group of transformations,
Φ be a CNN, Φ : F → Y , going from the image space F to some output space Y and Tg, T

′
g

be the actions of a group element g ∈ G on the Φ domain and codomain, respectively.
Then, Φ is said to be G-equivariant if Φ(Tg(f)) = T ′g(Φ(f)), ∀f ∈ F and ∀g ∈ G. More
specifically, let f be an image f : Z2 → Rc that assigns a c-dimensional vector to each point
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Figure 3: Our U-Net implementation with the spatial dimensions on the sides of the blocks
and the convolution output channels at the front.

x ∈ Z2. Given a filter k : Z2 → Rc, the cross-correlation operation ∗, usually implementing
the convolution in the literature, is defined as

[k ∗ f ](x) =
c∑
i=1

∑
y∈Z2

ki(y − x)fi(y). (1)

For simplicity we set c = 1. The regular (vanilla) convolution operation in Eq. 1 is
equivariant with respect to the translation group (Z2,+). Group Convolutional Neuronal
Networks (G-CNNs) add an additional group transformation. We focus on the discrete
rotation and dihedral groups CN and DN of N rotations and N rotations plus reflections
on the plane. We work with DN since it generalizes CN . Mathematically, the dihedral-
translation group is the semi-direct product G = (Z2,+) oDN . In a G-CNN, the regular
convolution is changed by a group convolution which, in the case of the roto-dihedral group,
becomes

[k ∗G f ](x, s, θ) =
∑
y∈Z2

∑
θ̃∈{ 2jπ

N
}Nj=0

∑
s̃∈{−1,1}

k(R−1θ,s(y − x), θ̃ − θ mod 2π, ss̃)f(y, s̃, θ̃), (2)

where R−1θ,s is a 2× 2 rotation matrix with θ ∈ {2jπN }N−1j=0 multiplied by the reflection matrix
Diag(1,±s) and k(·, θ, s) is the kernel rotated by θ and reflected by s. If Eq. 2 is applied to
a scalar image f(y) in the first layer of a network, the sums over s̃, θ̃ disappear and f is lifted
to a higher dimensional space indexed by the discrete angles and reflections. In practice,
an equivariant network can have a similar number of trainable parameters to those of a
vanilla model (Chidester et al., 2019; Ghyselinck et al., 2025; Gerken et al., 2022) or have
the same architecture with less trainable parameters (Maurel et al., 2023). In this work,
we fix the architecture and plug-in the corresponding equivariant convolution layers. The
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group convolution in Eq. 2 means that 2N copies of the kernel are created (N rotations and
their corresponding reflections). Thus, trainable parameters in a layer are reduced by N for
CN as in Figure 4. Including reflections, the DN case, further reduces by 2N the trainable
parameters. In our implementation, all of our networks, including the vanilla U-Net, use a
5 × 5 kernel since larger kernels can be rotated in the C8 and D8 setting without creating
numeric artifacts. The escnn library works in the steerable kernel paradigm: kernels are
the sum of a band-limit basis. Particularly, our steerable kernels are the superposition of 11
basis filters which further reduces the trainable parameters from 25 to 11. The total number
of trainable parameters is shown in Table 6. Throughout the network, the regular group
representation transforms the feature maps. In the vanilla U-Net, transposed convolutional
layers upsample the feature maps. Nevertheless, to preserve equivariance in ECoNets, we
replace such layers by a bilinear upsampling layer followed by a CN orDN group convolution.
Finally, our last 1×1 convolution merges the different oriented feature maps into a single
one. Instead of adding a final group pooling operation as in Cohen and Welling (2016), all
the orientation responses of the feature maps are taken into account. This allows a more
expressive G-CNN (Winkens et al., 2018).

Figure 4: Orange kernels are trainable while the green ones are transformed copies. Left:
N trainable vanilla kernels. Right: In an equivariant CN setting, a single trainable kernel
is required, greatly reducing the number of trainable parameters.

Appendix C. Training setup

Loss function. The sum of Dice loss and weighted Binary Cross Entropy (BCE) is known
as Combo Loss Jadon (2020),

LCombo = αLBCE + (1− α)LDice, (3)

where the Dice loss is

LDice = 1−
∑N

i=1 yiŷi + ε∑N
i=1(yi + ŷi) + ε

and the BCE loss

LBCE = −
N∑
i=1

βyi log ŷi + (1− β)(1− yi) log(1− ŷi).

where yi is the binary annotation at the i-th pixel of the batch, ŷi the CNN prediction
for the same pixel, α is a weight to balance both Dice and BCE loss contributions and β

10
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regulates the weight of positive and negative pixels in the BCE loss. The small ε = 10−8

is added to the Dice loss to avoid numerical indeterminations. The sum runs over the N
pixels of the batch. We set α = 1

2 and β = 1
2 for OpenContrails and for MSG experiments

α = 0 and β = 1
2 , only Dice loss.

Hyperparameters. To determine the best hyperparameters, an extensive grid search
was performed with the vanilla U-Net trained on the whole OpenContrails dataset with
Flip + Rot(0, 360) data augmentation. This particular architecture and data augmentation
were chosen to find the best possible Dice score for the vanilla U-Net. The learning rate,
batch size, weight decay and early stopping minimum improvement in the validation loss,
denoted δmin, were varied across several values shown in Table 4.

Table 4: Hyperparameters exploration options for Vanilla model

Hypeparameter Grid values
Initial learning rate 10−3, 10−4, 10−5

Batch size 8, 16, 32
Weight decay 10−3, 10−4, 10−5

Early Stopping δmin (%) 5, 2, 1, 0.5, 0.1, 0.01

This resulted in 27 experiments. Each one was performed during 100 epochs and we
simulated stopping the training for the different δmin. Therefore, for each δmin we obtain a
stopping epoch and calculate a Global Dice Score. The maximum number of epochs was set
to 100 during the hyperparameter search. Some other elements were kept fixed to reduce
the search space. All experiments used the AdamW optimizer. The Early Stopping patience
parameter was set to 10 epochs. Concerning the learning rate evolution, during the first
epoch we used a warm-up phase where the learning rate is increased linearly from 10−5 to
the given initial value of Table 4 and then it is kept constant with the same initial value of
Table 4 for another epoch. The rest of the epochs are trained with a “reduce on plateau”
scheduler strategy as follows: the scheduler takes place with a patience of 3 epochs, a reduc-
tion factor of 0.5 and a minimum improvement of 1% on the validation loss. If the loss does
not improve by 1% after 3 epochs the learning rate is reduced by the corresponding factor.
After this grid search, for the vanilla U-Net, the learning rate was set to 10−4, the batch
size to 16 and the weight decay to 10−3. The early stopping δmin chosen is 1%. The bina-
rization threshold to obtain the segmentation mask was 0.1 since this value maximizes the
validation Global Dice score in most hyperparameter configurations. However, we noticed
that the found hyperparameters for the vanilla network were suboptimal for all equivariant
models. Contrary to other works (Ghyselinck et al., 2025; Gerken et al., 2022) where the
hyperparameters are set equally for equivariant and non-equivariant models, we trained
equivariant models with a different initial learning rate on the OpenContrails dataset, while
leaving other hyperparameters the same for the equivariant and non-equivariant cases. Ta-
ble 5 clearly shows that the vanilla U-Net has better results with an initial learning rate
of 10−4 regardless of the data augmentation used. Similarly, equivariant models perform
better with a initial learning rate of 10−3 regardless of the group symmetry. We compare
all models in their best performing configuration.

Thus, to avoid bias in the final comparison, we train equivariant models with an ini-
tial learning rate of 10−3, while leaving the other hyperparameters the same as for the
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Table 5: U-Net models trained with different initial learning rates.

Model Data Augmentation Initial learning rate Global Dice Score % Stopping Epoch

Vanilla
Aug. 2

10−4 62.48 43

10−3 61.46 45

Aug. 1
10−4 61.45 49

10−3 58.20 41

C4 None
10−4 58.12 18

10−3 61.70 14

C8 None
10−4 57.55 16

10−3 62.53 13

D4 None
10−4 57.75 16

10−3 63.25 14

D8 None
10−4 56.55 19

10−3 63.77 14

non-equivariant model. Only changes in the learning rate were studied to keep the hy-
perparameters values as similar as possible between the equivariant and non-equivariant
models. For the MSG dataset fine-tuning, a similar hyperparameter search took place. We
used the Combo loss with a value of α = 0, leaving us only the Dice loss. We keep the same
hyperparameters fixed as those of the OpenContrails training setup while only varying the
initial learning rate, batch size and weight decay as before. The values explored during the
hyperparameter search are those from Table 5, except that the batch size grid values are
set to 4, 8 and 16 due to the much smaller MSG dataset size. During the search, the U-Net
weights trained with Flip + Rot(0, 360) on OpenContrails served as departing point for the
MSG fine-tuning hyperparameter search. We found that for a vanilla U-Net fine-tuned on
MSG with Flip+Rot(0,360) augmentation the best initial learning rate is 10−3, the batch
size is 8 and the weight decay is 10−3. Similar to OpenContrails, the initial learning rate
was set to 10−3 for the equivariant models while leaving other hyperparameters the same
to U-Net Flip + Rot(0, 360). The early stopping and reduce on plateau parameters used
were those of the OpenContrails training. Models trained from scratch also kept the same
optimal hyperparameters as those of the fine-tuned U-Net.

Appendix D. Evaluation setup

Evaluation setup. For all experiments the metric chosen is the Global Dice score. First,
consider the individual image Dice score

D =
1

P−1 +R−1
=

2|Y ∩ Ŷ |+ ε

|Y |+ |Ŷ |+ ε
=

2TP + ε

2TP + FN + FP + ε
, (4)

where P and R are the pixel-wise precision and recall of the image, | · | denotes the pixels
in an area, Y is the ground-truth, Ŷ the thresholded prediction and ε is a small term added
to avoid the score indetermination. Here, TP, FN and TP stand for True Positive, False
Negative and False Positive pixels between Y and Ŷ . The problem with the expression above
is when the ground truth is empty, |Y | = 0. If the prediction is perfect and |Ŷ | = 0, then D
= 1. Otherwise, D ≈ 0 since ε is small, 1 × 10−8 in our implementation. Thus, individual
empty ground truth images are extreme cases. Let Xdataset =

⋃M
i=0Xi be the ensemble

of all the dataset images Xi. OpenContrails and MSG images have spatial dimensions of
256×256, meaning that the assembled image Xdataset has dimensions 256× 256×m where
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m is the dataset size. Then, we substitute the ensemble of ground truth masks Ydataset and
the ensemble of predictions Ŷdataset in Eq. 4 to obtain the Global Dice Score. Unless the
dataset consists of only empty images, the Global Dice score is never undefined. In this
work we refer sometimes to the Global Dice score simply as Dice score. Concerning the
scores of Table 6, the values are reported at the epoch where the training was stopped, that
is ten epochs, corresponding to the early stopping patience value, before the final epoch.
This is referred to as stopping epoch in the same table. The threshold value used to turn the
U-Net prediction into binary maps was chosen at 0.1. This particular value was the best for
the vanilla U-Net when trained on the OpenContrails dataset without data augmentation.

Appendix E. Supplementary OpenContrails results

All of our experiment results are summarized in Table 6. The number of trainable parame-
ters for each model is specified as calculated in Appendix C. Equivariance and steerability
allow a reduction factor of up to 35 between the vanilla and D8 models. We report the Dice
score, Precision, Recall and Area under the Precision-Recall curve (PR-AUC) in percentage
for each model trained on the OpenContrails for different training dataset fractions (10%,
25%, 50%, 75% and 100%) and continuous rotation data augmentation with (Flip+Rot(0,
360)) and without reflections (Rot(0,360)). For Dice, Precision and Recall metrics a thresh-
old of 0.1 was applied to binarize the predictions. Such value was obtained from maximizing
the validation Dice score at the stopping epoch. In the same table, the stopping epoch cor-
responds to the point where the validation loss is at its lowest and the Training Time is the
wall-clock time that takes the model to converge. Notice that this value includes the early
stopping patience of ten epochs.

As described in the main text, we analyze convergence speed as ratios of the stopping
epochs presented in Table 6. For a deeper comparison, we include models’ wall-clock times
at similar Dice score performances as done in Gerken et al. (2022). Since equivariant
epochs are longer, similar performance wall-clock times are a more fair criterion. Table 7
summarizes our findings in the frameworks of Benchmarks One and Two. Notice that the
performances of ECoNets match that of the baseline U-Net. It is not always possible to
exactly match the U-Net Dice score since the metric can change abruptly from one epoch
to another. However, we chose the closest ECoNets Dice scores to U-Nets Dice scores.

For completeness, we show the Global Precision and Recall scores as functions of the
training dataset size in Figure 5. As observed, except for theD4-ECoNet with Flip+Rot(0,360)
at 50% of the dataset fraction and some ECoNets at 25%, the precision of ECoNets is al-
ways higher than that of U-Nets regardless of the training budget and data augmentation.
Generally, ECoNets recall is higher than U-Nets as well but precision remains the stronger
ECoNets point.

Precision-Recall curves for different dataset fractions are illustrated in Figure 6. The
curves are obtained at the stopping epoch for each model. These results complement the
main conclusions from the Global Dice Score discussion since the PR-AUC metric is thresh-
old independent. As expected, U-Nets have a lower PR-AUC than ECoNets. This is
particularly noticeable in the low-data regime.

Finally, for illustration, we show inferences of some models in Figure 1 for two images
from the OpenContrails test dataset.
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Table 6: OpenContrails test dataset segmentation scores for different levels of equivariance,
data augmentation scenarios and training dataset size. Data augmentation Rot(0, 360) is
denoted as Aug. 1 and Flip + Rot(0, 360) as Aug. 2.

Model - Data Dataset
Dice Score % Precision % Recall % PR-AUC %

Stopping Training Time
Parameters (M) Aug. Size % Epoch [h:mm:ss]

Vanilla - 95.86

None

10 47.39 50.93 44.31 48.22 47 1:09:02
25 53.30 61.33 47.77 54.93 36 1:31:47
50 56.89 59.49 54.51 58.19 31 2:18:02
75 58.54 62.21 55.28 59.92 27 2:53:22
100 59.44 63.19 56.11 61.01 24 3:21:50

Aug. 1

10 50.07 51.58 48.64 50.94 61 1:26:44
25 54.34 54.82 53.86 55.37 53 2:08:50
50 58.58 59.01 58.15 60.01 43 3:01:23
75 61.00 62.60 59.48 62.47 49 4:41:55
100 61.45 61.42 61.48 62.90 49 5:17:50

Aug. 2

10 46.10 43.23 49.37 46.53 51 1:14:32
25 54.13 54.14 54.11 55.23 43 1:48:33
50 57.47 56.42 58.57 58.89 38 2:44:45
75 60.28 60.63 59.93 61.69 50 4:49:02
100 62.48 64.20 60.84 64.04 43 5:46:33

C4 - 10.54

None

10 52.02 68.41 41.96 56.01 21 0:56:48
25 58.82 66.21 55.66 60.20 20 1:33:07
50 59.24 67.10 53.04 61.20 24 3:03:57
75 61.50 64.83 58.50 62.96 19 3:42:55
100 61.70 67.50 56.81 63.45 14 3:51:25

Aug. 1

10 55.98 54.05 58.05 57.32 28 1:10:23
25 59.29 62.26 56.58 60.86 20 1:34:28
50 62.34 64.25 60.54 63.95 29 3:29:27
75 62.62 68.00 58.02 64.29 22 4:05:16
100 64.10 63.74 64.47 65.47 27 6:06:35

Aug. 2

10 57.44 56.16 58.78 58.61 32 1:14:06
25 60.90 62.41 59.45 62.43 31 2:08:47
50 62.94 62.78 63.11 64.58 31 3:40:14
75 64.26 65.50 63.06 65.89 29 4:59:17
100 64.80 64.99 64.61 66.25 36 7:40:48

C8 - 5.27

None

10 56.54 61.39 52.40 57.81 21 0:58:21
25 59.48 63.86 55.57 61.15 14 1:22:34
50 61.57 66.32 57.46 63.10 17 2:37:47
75 62.74 66.02 59.77 64.16 14 3:28:12
100 62.53 65.24 60.04 63.98 13 4:32:03

Aug. 1

10 57.76 60.11 55.59 59.15 28 1:11:34
25 60.12 57.06 63.53 61.80 23 1:57:04
50 62.52 65.03 60.19 64.21 20 3:04:30
75 63.79 65.88 61.84 65.29 23 4:53:05
100 64.50 67.44 61.82 65.99 24 6:34:50

Aug. 2

10 58.31 58.61 58.01 58.90 29 1:09:46
25 61.67 59.86 63.59 63.34 29 2:18:57
50 63.07 60.89 65.40 64.72 25 3:36:42
75 64.89 65.54 64.16 66.40 28 5:36:41
100 66.02 67.64 64.68 67.57 27 7:10:12

D4 - 5.27

None

10 55.88 61.11 51.48 57.18 19 0:57:02
25 58.90 60.89 57.04 60.34 16 1:32:21
50 60.99 72.51 52.63 63.75 17 2:45:52
75 62.37 62.42 62.31 63.75 13 3:19:28
100 63.25 61.86 64.70 64.63 14 4:46:27

Aug. 1

10 57.56 54.85 60.55 59.35 31 1:13:42
25 60.46 59.27 61.70 62.12 24 2:01:02
50 63.07 61.89 64.30 64.57 25 3:40:56
75 64.00 64.65 63.37 65.38 28 5:45:15
100 65.28 66.90 63.74 66.71 34 8:38:06

D8 - 2.63

None

10 54.27 61.35 48.64 56.73 31 1:26:13
25 59.60 60.06 59.14 60.83 16 1:49:36
50 61.26 68.98 55.59 63.13 18 3:31:46
75 63.40 68.60 58.94 65.08 14 4:19:46
100 63.77 63.34 63.88 65.19 14 5:36:37

Aug. 1

10 57.53 59.40 55.77 59.48 31 1:26:13
25 60.68 56.31 65.78 62.71 24 2:23:56
50 61.23 52.68 73.10 65.12 22 4:03:16
75 64.41 62.64 66.29 66.20 23 6:04:31
100 64.84 68.60 61.48 66.74 19 6:58:24
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Table 7: Benchmark One and Two in terms of wall-clock time for the OpenContrails dataset
at different training dataset fractions. ECoNets wall clock times are obtained such that the
performance is similar to the vanilla baseline.

Model Dice % (Clock Wall Time / Epoch)
Data Aug. 10 % 25 % 50% 75% 100%

B
e
n
c
h
.
O
n
e U-Net: Aug. 1 50.07 (1:09:02/47) 54.34 (2:08:50/53) 58.58 (3:01:23/43) 61.00 (2:53:22/27) 61.45 (5:17:50/49)

C4: None 51.02 (0:23:04/12) 55.15 (0:29:05/09) 58.58 (0:49:46/09) 61.07 (2:06:41/16) 62.24 (2:01:00/11)
C8: None 50.68 (0:17:46/09) 54.95 (0:21:05/06) 59.01 (0:49:19/08) 61.18 (1:19:20/09) 61.35 (1:31:05/08)

U-Net: Aug. 2 46.10 (1:14:32/51) 54.13 (1:48:33/43) 57.47 (2:44:45/38) 60.28 (4:49:02/50) 62.48 (5:46:33/43)
D4: None 48.53 (0:14:55/08) 54.77 (0:21:28/06) 58.51 (0:43:19/07) 60.68 (1:10:47/08) 62.33 (2:08:33/11)
D8: None 47.14 (0:22:30/12) 56.57 (0:29:53/07) 57.88 (0:44:20/06) 60.70 (1:03:54/06) 62.54 (2:22:38/10)

B
e
n
c
h
.
T
w
o

U-Net: None 47.39 (1:09:02/47) 53.30 (1:31:47/36) 56.89 (2:18:02/31) 58.54 (2:53:22/27) 59.44 (3:21:50/24)
C4: None 46.32 (0:17:22/09) 53.57 (0:25:52/08) 57.31 (0:38:35/07) 58.42 (0:45:58/06) 59.87 (0:57:48/06)
C8: None 47.09 (0:15:47/08) 54.97 (0:21:05/06) 57.22 (0:42:46/07) 59.60 (0:42:23/05) 59.18 (0:42:56/04)
D4: None 48.53 (0:14:55/08) 54.77 (0:21:28/06) 56.49 (0:30:22/05) 59.53 (0:52:06/06) 59.93 (0:43:23/06)
D8: None 49.65 (0:21:12/10) 56.57 (0:29:53/07) 56.82 (0:36:18/05) 59.52 (0:52:18/05) 59.86 (0:52:23/04)

U-Net: Aug. 1 50.07 (1:26:44/61) 54.34 (2:08:50/53) 58.58 (3:01:23/43) 61.00 (4:41:55/49) 61.45 (5:17:50/49)
C4: Aug. 1 49.96 (0:25:55/13) 54.75 (0:29:31/09) 58.57 (0:56:14/10) 61.26 (1:49:39/14) 61.41 (2:11:15/13)
C8: Aug. 1 50.08 (0:17:39/09) 53.95 (0:36:01/10) 58.99 (0:56:17/09) 60.68 (1:29:12/10) 61.04 (1:44:30/19)

U-Net: Aug. 2 46.10 (1:14:32/51) 54.13 (1:48:33/43) 57.47 (2:44:45/38) 60.28 (4:49:02/50) 62.48 (5:46:33/43)
C4: Aug. 2 46.59 (0:18:41/10) 54.12 (0:25:53/08) 57.58 (0:44:44/08) 60.22 (1:33:15/12) 62.34 (2:11:47/13)
C8: Aug. 2 45.89 (0:13:01/07) 54.39 (0:25:37/07) 57.41 (0:43:18/07) 60.31 (1:19:29/19) 62.62 (2:08:46/11)
D4: Aug. 1 46.89 (0:18:31/10) 54.60 (0:43:50/12) 57.92 (0:57:20/09) 60.24 (1:30:01/12) 62.44 (1:58:06/10)
D8: Aug. 1 47:83 (0:21:37/10) 56.61 (0:29:45/07) 58.36 (1:16:32/09) 60.19 (1:50:32/10) 62.53 (2:09:45/09)
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Figure 5: OpenContrails test dataset results. Left: Global Precision against the training
dataset fraction. Right: Global recall against the training dataset fraction.
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Figure 6: Open Contrails Precision-Recall curves for ECoNets and U-Nets trained with 10%,
25%, 50%, 75% and 100% of the dataset size (left top to bottom ordering). Thresholds of
{0.1i}10i=0 are applied.
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Figure 7: Inferences on two images from the OpenContrails test dataset. The individual
image Dice score is written. Green pixels correspond to correct model predictions, red pixels
to false positive model predictions and blue to contrail pixels not predicted by the model.

Appendix F. Supplementary MSG results

Just as the OpenContrails case, we provide the Precision, Recall and PR-AUC metrics for
fine-tuned models in Table 8 along with the corresponding precision-recall curve. Notice
that all these results are reported for each model at its corresponding stopping epoch (Table
2). Precision, recall and PR-AUC metrics show generally a slightly better performance for
the fine-tuned ECoNets.
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Figure 8: Precision-Recall curves for
ECoNets and U-Nets pretrained on Open-
Contrails and fine-tuned on MSG. Thresh-
olds of {0.1i}10i=0 are applied.

Table 8: MSG precision, recall and PR-AUC
metrics. Precision and recall are obtained at
a threshold value of 0.1.

Model Data Aug. Precision % Recall % PR-AUC %

Vanilla
None 40.74 53.12 46.10
Aug. 1 45.95 53.12 49.37
Aug. 2 47.16 51.66 47.55

C4

None 50.22 51.22 50.76
Aug. 1 50.77 51.58 51.33
Aug. 2 49.15 56.86 52.10

C8

None 55.01 47.83 51.58
Aug. 1 48.24 55.66 52.06
Aug. 2 53.91 53.26 53.83

D4
None 53.74 50.80 52.34
Aug. 1 56.79 48.48 52.84

D8
None 53.38 50.83 52.28
Aug. 1 55.01 52.66 53.98

Epoch-wise convergence and wall-clock times at similar performance are reported in
Table 2 as well. Since scores at the stopping epoch are similar for fine-tuned models, no
deeper analysis is needed for wall-clock times. For both temporal metrics, epoch-wise and
performance-wise wall-clock, ECoNets confirm their advantage. However, the overall per-
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formance of the fine-tuning operation with our considered strategy are limited, probably by
the small MSG dataset size and the image nature. Contrails in the MSG dataset usually
correspond to older contrails in real life due to the temporal resolution of the sensor and
are usually smaller and thiner than those in the OpenContrails dataset at the same age due
to the spatial resolution of the sensor. The addition of the MSG images to the training
is maybe in this situation hindered by the small number of samples. In future work com-
binations of OpenContrails and MSG data during training or only training final layers in
the architecture could give different strategies of assessing overall model scalability. Going
further when assessing equivariance potential in low and very low training data budgtes,
we show in Figure 9 the Global Dice score evolution for both the models fine-tuned and
those trained from scratch on MSG. To train the models from scratch we used the corre-
sponding hyperparameters of the fine-tuning. There are two interesting points. Firstly, if
we consider only models trained from scratch, the Dice gap between ECoNets and U-Nets
is very important. This is expected by extrapolating the results of the OpenContrails Dice
score gap that increases as the training budget diminishes below the 10% and as low as
1.5. Secondly, U-Net-None pretrained on the OpenContrails dataset reaches a Dice score of
45.60% at the epoch 70 when fine-tuned on the MSG european dataset. ECoNets trained
from scratch on this extreme low-size dataset, MSG, with data augmentation reach similar
scores. For example, D8-ECoNet+Rot(0, 360) has a score of 46.79% at epoch 70. ECoNets
with data augmentation can reach performances similar to pretrained U-Nets. In the MSG
fine-tuning, only ECoNets with data augmentation show a notable gain.
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Figure 9: Dice Score evolution for ECoNets and U-Nets trained from scratch (darker colors)
and fine-tuned (lighter colors) on the MSG dataset.

To corroborate our results on the MSG trained from scratch case, we performed a
experiment on OpenContrails with only 2% of the training dataset size, similar in size
to MSG. The Dice gap with 2% of the OpenContrails dataset was comparable to the U-
Net-ECoNet difference observed for MSG. Even more, with only 2% of the OpenContrails
data, our best ECoNet (C8 - Flip+Rot(0, 360)) reaches a score of 49.41% comparable
to U-Net - None trained on 10% of the OpenContrails dataset. ECoNets show a more
stable performance over training budgets from 2% (around 400 images) to 100% (around
20k images) than U-Nets. Finally, we show inference results for models fine-tuned with
Flip+Rot(0,360) or equivalent data augmentation for the MSG dataset in Figure 10.
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Figure 10: Inferences on two images from the MSG test dataset. The individual image
Dice score is given for illustrating an on-the-fly contrail detection system. Green pixels
correspond to correct model predictions, red pixels to false positive model predictions and
blue to contrail pixels not predicted by the model.
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