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A. Details and ablations

A.1. Couplings

Figure 6. Comparison between the pairing matrices generated with
the different couplings for a batch on SpaceNet 8, from left to
right: independent coupling p(x0)p(x1), OT-coupling π(x0, x1),
data-dependent coupling p(x1 | x0)p(x0).

The choice of the coupling has been of prime impor-
tance to improve generation capabilities for flow matching
models [5, 34, 54]. Figure 6 shows the pairing matrices M
obtained with each coupling i.e. Mij = 1 iff latents xi

0 and
xj
1 are paired. The training batches are built by stacking

strongly or weakly aligned x0 and x1 images in order. Be-
cause the data-dependent coupling matches xi

0 with xi
1, its

pairing matrix is diagonal. We observe that the optimal
transport-based coupling (left) is poorly aligned with the
data-dependent coupling (center), suggesting that semantic
information matching cannot be solely recovered through
optimal transport.

In addition, we provide visual ablation results in Fig. 7,
which illustrate the necessity to use data-dependent cou-
plings to train FlowEO.

A.2. VAE finetuning

A.2.1 Implementation details

We use a distilled version of the VAE from StableDiffu-
sion 3 [13] to speed up training and inference. The encoder
is trained to reconstruct the latents produced by the origi-
nal encoder to preserve the latent space structure of the full
model. As shown in the main paper, our experiments show
that the reconstructions D(E(x)) of Sentinel-2 images are of
poor quality because the range and distribution of multispec-
tral images deviates from the pretraining dataset used for
Stable Diffusion. For the reBEN and Sen1Floods11 datasets
that use Sentinel-2 as source data, we finetune the decoder
of the distilled VAE on each dataset for 5000 iterations with
a learning rate of 10−4, 250 warmup steps, and cosine decay
learning rate scheduler. The decoder remains frozen when
training the flow. The remaining datasets use the original
pretrained decoder.

SpaceNet 8 Post-flood → Pre-flood

R
G

B mIoU ↑ mAcc ↑ FID ↓ LPIPS ↓
Base 44.65 48.79 60.32 45.50
Finetuned 44.33 48.71 81.75 51.64

SpaceNet 6 SAR → RGB

R
G

B mIoU ↑ mAcc ↑ FID ↓ LPIPS ↓
Base 65.07 72.33 94.02 39.96
Finetuned 64.63 72.17 111.66 42.77

Sen1Floods11 SAR → Optical

S2

mIoU ↑ mAcc ↑ FID ↓ LPIPS ↓
Base 51.45 57.63 24.33 29.22
Finetuned 54.92 69.04 12.96 29.21

ReBEN SAR → Optical

S2

APM F1M FID↓ LPIPS ↓
Base 27.02 15.97 168.85 16.88
Finetuned 32.14 25.72 75.80 15.51

Table 5. Impact of VAE fine-tuning on domain adaptation perfor-
mance and transferred image quality. Fine-tuning is beneficial for
Sentinel-2 imagery but not for classical RGB images.

A.2.2 Impact of VAE fine-tuning

Reconstruction SD VAE reconstruction error is higher on
non-RGB imagery, VAE finetuning improves reconstruction
RMSEs 237.04 vs. 357.91 and 0.058 vs. 3.760 on respec-
tively reBEN S2 and SpaceNet-6 SAR. This is unnecessary
for RGB and can be slightly detrimental. S2 images are nor-
malized from [0;10000] to [-1;+1] via band-wise min-max
normalization.

Generation We report in Tab. 5 metrics for flow models
trained with and without a fine-tuned VAE decoder. We
observe that fine-tuning the VAE decoder prior to learning
the flow matching has a positive impact when the final do-
main differs from usual RGB imagery. Indeed, fine-tuning
the decoder is beneficial for Sen11Floods11 and ReBEN,
for which the images are transferred in the Sentinel-2 color
bands. Because Sentinel-2 imagery uses the [0, 10 000]
range instead of the usual [0, 255], the pretrained decoder
is less effective, which reflects in image quality. Yet, on
SpaceNet 6 and 8, which use both standard RGB images,
there is no advantage of fine-tuning the decoder. It is even
detrimental, as we hypothesize that the decoder overfits to
the small training set, compared to the original dataset used
for StableDiffusion.

A.3. Sampling schedule

The choice of time discretization and inference-time sam-
pling strategy plays a crucial role in improving the perfor-
mance of diffusion models [24, 36, 37]. Recently, [26] intro-
duced a sigmoid time-scheduler tailored for flow matching
models (see Eq. (4)). This scheduler is parametrized by κ
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Figure 7. Impact of the training coupling p(x0, x1) on preserving semantic information during image translation. FlowEO employs
data-dependent coupling p(x1|x0)p(x0), which outperforms both minibatch-OT coupling π(x0, x1) and independent coupling p(x0, x1).

which controls the distribution of sampling steps across time.
Higher values of κ concentrate computational effort near the
endpoints (t ≈ 0 and t ≈ 1), whereas κ → 0 corresponds to
the linear time schedule (see Figure 8).{

ti =
sig

(
κ
(

i
N − 0.5

))
− sig

(
− κ

2

)
sig

(
κ
2

)
− sig

(
− κ

2

) : i = 0, ..., N

}
(4)

Despite originally designed for generative modeling with

flow matching models, i.e. mapping a Gaussian prior dis-
tribution to the data distribution, this time scheduling is
well-motivated in our setting where increasing the number
of sampling steps near the data distributions p0 and p1 is ben-
eficial. Tab. 6 presents a comparison between sigmoid and
linear time discretization, demonstrating consistent improve-
ments in segmentation metrics across all datasets and for all
numbers of inference steps. Image quality metrics exhibit
only marginal improvements and, in some cases—such as on
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Figure 8. Sigmoid time discretization, allocating more sampling
steps near the endpoints (t ≈ 0 and t ≈ 1).

the Sen1Floods11 dataset—even show slight deterioration.
Nevertheless, the performance gains in segmentation metrics
from using a sigmoid rather than a linear schedule diminish
as the number of inference steps increases. Also observe
that more sampling steps might not be beneficial for domain
adaptation. On the two datasets used for validation, 25 sam-
pling steps tends to perform on-par or better than 50 and 100
steps. We attribute this to slightly better preservations of
semantics with a low number of steps, which reduce small
but accumulating errors in the Euler integration. In practice,
we set κ = 10 and use 50 sampling steps for all experiments.

A.4. Compute time and memory footprint

We report memory and times in Tab. 7. We agree that
inference time is an issue, as flow matching is slower than
GANs. This is why we use a lighter distilled version of SD3’s
VAE (0.24s vs. 2.11s for encoding-decoding). Despite rely-
ing on ODE integration, FlowEO transfers a batch of 256 im-
ages in 7.79s on a single A100 with 50 NFE (≈30 ms/image).

B. Dataset details
For all datasets, we define three distinct splits: train, vali-

dation, and test. The training set is used to train both domain
adaptation methods and predictive models. To reflect real-
world scenarios – where retraining a generative model on
new data batches is impractical – we restrict the training of
image translation models to the training set. The validation
set is used for hyperparameter tuning and model selection
based on performance metrics, while the final reported met-
rics are computed on the test set.

Sen1Floods11 SAR → Optical
mIoU ↑ mAcc ↑ FID↓ LPIPS ↓

25 Sampling Steps
Linear 54.60 72.22 13.99 28.91
Sigmoid κ = 10 55.05 72.50 14.38 29.02

50 Sampling Steps
Linear 54.26 71.79 13.06 28.86
Sigmoid κ = 10 54.46 71.94 13.46 28.90

100 Sampling Steps
Linear 54.10 71.59 12.87 28.85
Sigmoid κ = 10 54.19 71.66 12.95 28.86

SpaceNet 6 SAR → RGB
mIoU ↑ mAcc ↑ FID↓ LPIPS ↓

25 Sampling Steps
Linear 64.23 71.68 117.30 42.78
Sigmoid κ = 10 64.46 71.93 113.64 42.96

50 Sampling Steps
Linear 63.98 71.46 119.68 42.89
Sigmoid κ = 10 64.07 71.57 118.06 42.98

100 Sampling Steps
Linear 63.79 71.28 121.28 42.98
Sigmoid κ = 10 63.83 71.34 120.38 43.03

Table 6. Sigmoid schedule vs linear schedule (preliminary results,
FlowEO performances with only 100 000 training steps).

Model Train Mem. (GB) Inference Mem. (GB) Inference Time (s)

Pix2pix 29.44 (64) 14.59 (256) 0.09 (256)
CycleGAN 30.75GB (12) 14.56 (256) 0.06 (256)
StegoGAN 31.67GB (8) 24.05 (256) 1.94 (256)
UNSB 34.00GB (12) 0.398 (1) 0.11 (1)
FlowEO 30.42GB (256) 22.21 (256) 7.79 (256)

Table 7. Memory footprints and inference times on A100 40GB.
Batch sizes are indicated in brackets: measure (batch size). UNSB
official implementation only supports inference batch size of 1.

SpaceNet 6 [48] is a multimodal dataset including optical
imagery (RGB bands) and SAR data (we select VV/HH/VH
polarizations) at a resolution of 2 m/px. From initial tiles, we
crop 256×256 images and apply an overlap of 50% to create
the training set. The segmentation masks have two different
classes: background and building. We use three different
splits: training (≈ 50000 samples), validation (≈ 1800),
and test (≈ 1800) sets. For the optical data, we use bands
[4, 3, 2], while for the SAR data, we utilize VV, HH, and VH
polarizations.

SpaceNet 8 [19] is a segmentation dataset that contains pre
and post-flood RGB images from Maxar for two different
locations: Germany and Louisiana. The segmentation masks
include three different classes: background, building, and
roads. Original tiles are downsampled with a factor 2 and
then cropped 256× 256 images with an overlap of 70% to
produce the training data. The final numbers of samples of



Datasets SpaceNet 8 SpaceNet 8 Germany SpaceNet 8 Louisiana
Post-flood → Pre-flood Post-flood → Pre-flood Post-flood → Pre-flood

mIoU ↑ mAcc ↑ FID ↓ LPIPS ↓ mIoU ↑ Acc ↑ FID ↓ LPIPS ↓ mIoU ↑ mAcc ↑ FID ↓ LPIPS ↓
No adaptation 40.05 42.40 75.62 63.66 37.09 39.08 89.54 63.27 36.51 38.85 96.60 63.80
Upper bound 63.10 72.09 00.00 00.00 55.27 66.77 00.00 00.00 66.91 75.97 00.00 00.00
CycleGAN data-dependent 40.70 43.35 54.31 55.70 39.35 41.79 62.80 59.46 42.39 45.14 52.80 52.92
CycleGAN independent 40.64 43.26 52.85 55.17 40.34 43.54 88.04 62.01 41.94 44.80 58.70 53.82

FlowEO 44.65 48.79 60.32 45.50 41.27 45.29 82.74 53.63 47.19 52.30 59.65 41.95

Table 8. Quantitative results on domain adaptation for weakly aligned datasets. We report both segmentation (mIoU, mAcc) and image
quality metrics (FID, LPIPS) for SpaceNet 8 and its geographic subsets. CycleGAN benefits from the data-dependent coupling on SpaceNet
8 and Louisiana, despite being suited for unaligned data-translation.

Datasets Sen1Floods1 SpaceNet 6 ReBEN
SAR → Optical SAR → RGB SAR → Optical

mIoU mAcc FID LPIPS mIoU mAcc FID LPIPS APµ APM F1µ F1M FID LPIPS
No adaptation 06.22 49.72 297.22 84.84 31.94 41.01 275.05 79.48 17.46 17.43 02.31 01.31 339.36 85.99
Upper bound 55.14 71.28 00.00 00.00 84.94 90.74 00.00 00.00 79.26 65.28 74.28 62.84 00.00 00.00
CycleGAN data-dependent 42.12 48.47 20.97 36.35 50.01 55.85 132.75 50.72 26.09 19.79 26.93 15.75 81.54 19.67
CycleGAN independent 44.23 51.04 393.88 97.35 51.02 57.51 110.90 49.89 24.01 19.88 28.13 19.77 78.63 24.08

FlowEO 54.92 69.04 12.96 29.21 65.07 72.33 94.02 39.96 37.16 32.14 36.04 25.72 75.80 15.51

Table 9. Quantitative results on domain adaptation for strongly aligned datasets. We report both segmentation (mIoU, mAcc) or classification
(AP/F1) and image quality metrics (FID, LPIPS). On SAR-to-optical translation datasets, CycleGAN trained with independent coupling (i.e.,
unaligned training) yields marginally superior performance on downstream task metrics compared to data-dependent coupling. Nonetheless,
the coupling strategy does not alter its relative ranking with respect to FlowEO.

each split are 5688/88/88 for Germany and 17173/244/244
for Louisiana. The full SpaceNet 8 dataset is obtained by
merging the two subsets for each split.

Sen1Floods11 [4] provides SAR data (Sentinel-1) and op-
tical imagery (Sentinel-2) alongside water/non-water pixel-
level annotations at a resolution of 10 m/px. Random crop-
ping of 256× 256 images is computed for training images,
and deterministic cropping without overlap is provided for
validation and test sets. It results in a total of 64 512 patches
for training. To match the number of SAR bands with the
optical ones we duplicate the VH band, and then we use
bands [4, 3, 2] for optical data and VV/HH/VH polarization
for SAR data.

BigEarthNet2 (reBEN) [9] is a multi-sensor dataset in-
cluding Sentinel-1 and Sentinel-2 imagery. We used 237 871
training patches with the multiclass annotations for both clas-
sification and domain-adaptation models training, 122 342
for validation, and 119 825 for testing following the original
paper’s splits. To match the number of SAR bands with the
optical ones we duplicate the VH band, and then we use
bands [4, 3, 2] for optical data and VV/HH/VH polarization
for SAR data. We resize the original 120× 120 patches with
bilinear interpolation to match the 256 × 256 used for the
other datasets.

C. Hyperparameters
Pix2Pix We train two Pix2Pix models, one translating im-
ages from p0 to p1 and vice versa. We use the reference
PyTorch implementation available 1 and train the models
with the data-dependent coupling. We train the models with
a batch size of 1 for 200 000 training steps with a learning
rate of 2 × 10−4 and learning rate linear decay. Following the
reference implementation, we use the LSGAN [40] adversar-
ial loss. We deviate from the default hyperparameters for
λL1, which we decrease from 100 to 10 to fix blurry image
generation issues on ours datasets. The generator is a 9-
blocks ResNet and we use the PatchGAN discriminator [20]
with instance normalization.

CycleGAN The implementation of CycleGAN follows the
same hyperparameters set as the Pix2Pix mentioned above.
We train the models with a batch size of 1 for 200 000 train-
ing steps with a learning rate of 2 × 10−4 and learning rate
linear decay. We keep λL1 = 100 since it does not nega-
tively impact the training or the generated images’ quality.
We used the same network architectures as for Pix2Pix.

StegoGAN While the StegoGAN models use two gener-
ators, translating respectively from domain X0 to X1 and
vice versa, the training process is asymmetrical. Thus, we
trained two different models for each dataset, using the of-

1https://github.com/junyanz/pytorch- CycleGAN-
and-pix2pix

https://github.com/junyanz/pytorch-CycleGAN-and-pix2pix
https://github.com/junyanz/pytorch-CycleGAN-and-pix2pix


ficial implementation2. We use LSGAN adversarial loss,
instance normalization, and train the model for 200 000 it-
erations with a learning rate of 2 × 10−4. We select the set
of loss weightings used for the GoogleMismatch dataset in
the original paper: λA = 10, λB = 10,λA = 10, λid = 0.5,
λcycle = 0.5 and λreg = 0.3 for the mask regularization loss.
Note that this last value is similar for all remote sensing
datasets used in StegoGAN: λcycle = 0.5 for GoogleMis-
match and λcycle = 0.3 for PlanIGN. The generator is a 9-
blocks-Resnet and we use the PatchGAN discriminator [20]
with instance normalization.

UNSB Schrödinger bridges map two arbitrary distributions
with forward and backward stochastic processes. Neverthe-
less, UNSB leverages an adversarial loss on p1 making the
training asymmetrical. Thus we train two different models,
translating respectively from domain X0 to X1 and vice versa.
We use the official implementation 3 and train the models for
200 000 iterations with a learning rate of 2 × 10−4. We use
the proposed set of hyperparameters: λGAN = 1, λNCE = 1,
λSB = 1. We use the same architectures as the other meth-
ods, namely 9-blocks-Resnet and PatchGAN discriminator
with instance normalization. We use 5 sampling steps at
inference, following original paper guidelines.

Diffusion Bridges Diffusion bridges establish mappings
between arbitrary distributions via forward and backward
stochastic processes. We adopt the formulation of [5] and
train the models for 200 000 iterations using an x1-prediction
objective, with a batch size of 32 and a learning rate of
2 × 10−4. The UNet backbone follows the same design as
FlowEO, but is adapted to operate directly on image inputs
rather than latent representations. Inference is performed
with 50 sampling steps, consistent with FlowEO.

D. CycleGAN with unaligned training
CycleGAN is a data-to-data translation framework origi-

nally designed to handle unaligned datasets through its cycli-
cal loss. However, in the context of pre- and post-disaster
datasets, we observe that CycleGAN benefits from the avail-
ability of co-registered pairs (data-dependent coupling im-
proves segmentation metrics) (Table 8). For SAR-to-optical
translation, the use of unpaired datasets can offer certain
advantages, though the performance gains are marginal and
do not alter its relative ranking compared to our method
(Table 9).

E. Additional quantitative results on reBEN
We include in Table 10 a detailed comparison of Pix2pix

and FlowEO on the ReBEN SAR-to-Optical domain adap-
2https://github.com/sian-wusidi/StegoGAN
3https://github.com/cyclomon/UNSB

tation dataset. It reveals that Pix2pix exhibits a pronounced
bias toward forest classes (Coniferous forest and Mixed forest
classes), which are disproportionately represented relative
to other categories. This class imbalance inflates micro-
averaged metrics, thereby explaining the discrepancy in
ranking between FlowEO and Pix2pix under micro- versus
macro-averaging.

F. Additional qualitative results
F.1. Qualitative classification results on reBEN

We provide here qualitative domain adaptation results for
reBEN, with transferred images for baselines and FlowEO
and predicted labels shown in Figure 9. As for the segmen-
tation tasks, this underlines both the visual quality of the
generated images by FlowEO and the accuracy of the predic-
tions by the pre-trained classification model on the adapted
images. In addition to the generated optical images, we show
the top-3 predicted classes, i.e. the 3 classes with the highest
probabilities predicted by the classification model C∗

1 .

F.2. Additional image generation results

We provide in Figure 10 additional image generation
results for a more exhaustive assessment of our image trans-
lation approach. We can observe that FlowEO tends to better
capture the color range of the reference images, avoid hal-
lucinations, and better reconstruct the scene geometry. In
particular, note that FlowEO is robust to changes between
the source and target images, e.g. clouds and boats that have
moved. Interestingly, this shows the potential of flow match-
ing for inverse problems in Earth observation, such as cloud
removal.

https://github.com/sian-wusidi/StegoGAN
https://github.com/cyclomon/UNSB


Pix2Pix FlowEO Pix2Pix FlowEO #test samples Proportions
AP F1

Macro metric M 27.88 32.14 25.79 25.72
Micro metric µ 41.09 37.16 43.93 36.04

Industrial or commercial units 13.79 25.43 22.47 34.09 2018 0.0058
Arable land 64.25 73.77 62.05 69.89 50052 0.1446
Permanent crops 6.69 11.42 05.02 12.19 5710 0.0165
Pastures 35.01 42.38 22.84 36.22 26722 0.0772
Complex cultivation patterns 24.70 30.58 08.06 36.28 22078 0.0638
Land principally occupied by agriculture, with significant areas of natural vegetation 31.46 35.99 33.35 30.75 29846 0.0862
Agro-forestry areas 22.62 44.25 05.55 18.56 9942 0.0287
Broad-leaved forest 32.76 41.63 22.76 20.68 36377 0.1051
Coniferous forest 54.65 54.95 57.82 30.66 39043 0.1128
Mixed forest 52.64 49.57 58.93 29.07 44284 0.1280
Natural grassland and sparsely vegetated areas 01.57 02.30 00.08 02.32 2211 0.0064
Moors, heathland and sclerophyllous vegetation 03.74 05.31 02.39 02.70 3759 0.0109
Transitional woodland, shrub 43.34 44.00 45.68 29.54 40523 0.1171
Beaches, dunes, sands 00.92 00.75 03.88 02.29 152 0.0004
Inland wetlands 05.26 04.98 08.96 09.24 4519 0.0131
Coastal wetlands 00.09 00.09 00.28 00.11 117 0.0003
Inland waters 33.79 34.17 26.53 25.78 16846 0.0487
Marine waters 69.16 68.78 66.72 55.48 11854 0.0343

Table 10. Performance comparison of Pix2pix and FlowEO on the ReBEN SAR-to-Optical domain adaptation dataset. Pix2pix shows a
strong bias toward forest classes, which are overrepresented relative to other categories. The high performance on these dominant classes
inflates micro-averaged metrics, accounting for the difference in ranking between FlowEO and Pix2pix under micro- versus macro-averaging.
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Figure 9. Qualitative comparison of domain adaptation methods on the reBEN dataset, for multiclass classification. The first column
represents the source domain image x0, the second depicts the weakly or strongly aligned x1, and the others display the images generated by
the different methods. Below each image generated, we provide the corresponding top-3 predicted classes by the classification model C1.
For the reference image, we display all the class labels. FlowEO outperforms other methods in both class preservation and image quality.
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Figure 10. FlowEO generates the highest-quality images while maintaining semantic consistency during the transfer process. In the third
row, we observe that our method demonstrates greater robustness to the geometric artifacts present in SAR imagery. Additionally, we note
that it successfully learns to map flood-disturbed water states to a more natural appearance (fourth row).
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