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Highlights

What are the main findings?

• Denoising is needed to enhance the performance and the coverage of the future
ODYSEA mission.

• Neural network denoising (with a UNet) achieves better performance than classical
smoothing on radial velocities.

What is the implication of the main finding?

• Smaller scales (up to 30 km in strong wind conditions) can be observed after UNet denoising.
• The UNet enables the reconstruction of the main eddies and fronts in the relative

vorticity field.

Abstract

The ODYSEA (Ocean DYnamics and Surface Exchange with the Atmosphere) mission
will provide simultaneous two-dimensional measurements of currents and winds for
the first time. According to the ODYSEA radar concept, with a high incidence angle,
current noise is primarily driven by backscattered power, which is triggered by wind speed.
Therefore, random noise will affect the quality of observations. In low wind conditions, the
absence of surface roughness increases the noise level considerably, to the point where the
measurement becomes unusable, as the error can exceed 3 m/s at 5 km posting compared
to mean current amplitudes of tens of cm/s. Winds higher than 7.5 m/s enable current
measurements at 5 km posting with an RMS accuracy below 50 cm/s, but derivatives
of currents will amplify noise, hampering the understanding of ocean dynamics and the
interaction between the ocean and the atmosphere. In this context, this study shows the
advantages and limitations of using noise-reduction algorithms. A convolutional neural
network, a UNet inspired by the work of the SWOT (Surface Water and Ocean Topography)
mission, is trained and tested on simulated radial velocities that are representative of the
global ocean. The results are compared with those of classical smoothing: an Adaptive
Gaussian Smoother whose filtering transfer function is optimized based on local wind speed
(e.g., more smoothing in regions of low wind). The UNet outperforms the kernel smoother
everywhere with our simulated dataset, especially in low wind conditions (SNR << 1)
where the smoother essentially removes all velocities whereas the UNet mitigates random
noise while preserving most of the signal of interest. Error is reduced by a factor of 30
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and structures down to 30 km are reconstructed accurately. The UNet also enables the
reconstruction of the main eddies and fronts in the relative vorticity field. It shows good
robustness and stability in new scenarios.

Keywords: ODYSEA; surface current; noise reduction; neural networks

1. Introduction
The interaction between winds and ocean currents plays an important role in ocean

circulation [1]. To better understand this interaction and associated phenomena, a new
satellite called ODYSEA (Ocean DYnamics and Surface Exchange with the Atmosphere) has
been proposed for NASA’s Earth System Explorers Program. It is a joint mission between
the Jet Propulsion Laboratory (JPL) and the Centre National d’Études Spatiales (CNES).
The ODYSEA mission has four science objectives (https://cnes.fr/en/projects/odysea,
accessed on 26 October 2025):

• Gain new insights into ocean–atmosphere climate forecasting and projections and
improve climate projections.

• Understand how current wind coupling affects the main ocean currents, local and
remote winds, and storm tracks.

• Understand how surface currents exchange and transport energy.
• Develop a deeper understanding of climate.

To achieve these goals, ODYSEA will measure winds and ocean currents simulta-
neously using a Doppler scatterometer [2,3]. It will provide a ~1500 km wide swath of
coverage with a resolution of 5 km.

The Doppler scatterometer concept was first used during airborne campaigns [4]
and shows promising results. It measures the radial velocities at the fore and the aft of a
platform (see Figure 1 and for more details on the measurement principle (see [2])). From
these radial velocities, eastward and northward velocities are derived. In order to measure
radial velocities, ODYSEA will implement a monostatic pulsed radar in a Ka band mounted
on a platform which rotates at 12 RPM. The phase difference of consecutive pulses yields
a Doppler estimation of each range gate. After subtracting the non-geophysical Doppler
due to movement of the satellite between two pulses, the radial velocities are retrieved
for all possible azimuths, enabling fore/aft 2D reconstruction. Due to the high incidence
angle of 56◦, the radar backscatter from the sea surface is caused by capillary waves, whose
wavelength (of ~5 mm) is in resonance with the radar wavelength in the Bragg regime.
These capillary waves are very responsive to surface wind speed so that the measured
backscatter power enables wind retrieval simultaneously. Moreover, the high incidence
angles enable a very large swath of 1500 km. The drawback is weak SNR in very low wind
regimes (<~5 m/s) which induces random noise on the radial currents [2,5,6]. In light wind
conditions, the intensity of the noise is one order of magnitude greater than the signal of
interest, if not more: the current measurements are lost in the noise and cannot be processed
raw. For winds higher than 7.5 m/s, the noise level will be below 50 cm/s RMS, but it
will affect derivative variables that are useful to oceanographers (vorticity, divergence. . .).
Another caveat arises from fore/aft 2D inversion (see Figure 1): when looking purely
along-track (resp. across-track), the fore and aft lines of sight are parallel, which increases
the noise in the ill-conditioned across-track (resp. along-track) direction and prevents the
full swath from fulfilling the mission requirements. Indeed, azimuths between 15◦ and 75◦

are considered non-exploitable. Therefore, we propose using noise-reduction algorithms in

https://cnes.fr/en/projects/odysea
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order to broaden the number of exploitable measurements, especially in low wind regimes
and near the center and edge of the swath.

Figure 1. Schematic diagram of the ODYSEA measurement. The Doppler scatterometer on board
describes circles along its trajectory (dotted circles). Each intersection of two circles (blue square)
defines a forward radial velocity (ur fore) and an afterward radial velocity (ur aft). By reprojecting
these radial velocities, the northward and eastward velocities are deduced. Figure provided by CNES.

As random noise mitigation is a classic problem in image processing, many denoising
algorithms have been developed: from statistical methods (e.g., Lanczos smoother, Gaus-
sian smoother) to methods based on convolutional neural networks. Some of these have
been compared in [7,8] in order to denoise the sea surface height anomalies provided by the
SWOT (Surface Water and Ocean Topography) satellite [9]. The best results are obtained by
a UNet, a convolutional neural network, trained on simulated SWOT data [8,10]. Indeed,
this network has been selected for its robustness to different types of noise, its stability and
its computation time.

The prescribed noise level is sufficient to meet the mission’s goals. However, for many
applications, reducing the noise level is beneficial. Denoising would, for example, allow
greater spatial coverage (i.e., access to velocities impacted by high noise levels) or access
to smaller scales of the ocean. To achieve this, the UNet developed for SWOT is adapted
to the specific geometry of ODYSEA and will be trained to denoise radial velocities. The
performance and robustness of the UNet are also evaluated. A comparison is also made
with an Adaptive Gaussian Smoother. The paper is organized as follows: Section 2 presents
the data generated by the ODYSEA simulator. Then, Sections 3 and 4 present the UNet and
the metrics used to evaluate the performance, respectively. The results of the denoising
and the performance are shown in Section 4. The last section shows the robustness of the
UNet when it encounters degraded conditions.

2. Input Data
The input dataset is generated by the ODYSEA simulator (https://github.com/

awineteer/odysea-science-simulator, accessed on 26 October 2025) which was modified
by [11] with respect to orbital and noise models for different experimental configurations [2]
and to provide Level 2 realistic measurements. The simulator interpolates an ocean model
to reproduce Level 2 observations of ODYSEA. The model used is the Massachusetts Insti-
tute of Technology general circulation model (MITgcm LLC2160-C1440 configuration). It is
coupled to an atmospheric model (Goddard Earth Observing System) and includes tidal
forcing. Surface currents and winds variable at 10 m heights are used as input for the simu-
lator. Their spatial and temporal resolution are 2–4 km and 1 h. Further information about

https://github.com/awineteer/odysea-science-simulator
https://github.com/awineteer/odysea-science-simulator
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the MITgcm is available at https://www.nas.nasa.gov/SC21/research/project16.html
(accessed on 26 October 2025).

The dataset provides [5]

• Parameters of the satellite observations such as the along-track and cross-track distance
and different observation angles.

• Physical variables interpolated from the MITgcm (wind speed and direction, east-
ward/northward velocities and radial velocities).

• Random errors that impact the radial velocities. The wind-dependent and the azimuth-
dependent noise model is derived from Rodríguez et al. [2].

All variables are available at 5 km resolution. The project has simulated several noise
models for different instrument and mission designs [11]. The datasets are available on the
Aviso website: https://www.aviso.altimetry.fr/en/data/products/value-added-products/
simulated-level-2-odysea-dataset.html (accessed on 26 October 2025). For all of them, the
noise is random and depends on the wind speed and on the across-track distance (Figure 2).
The lower the wind speed is, the higher the noise level is. These noise configurations
do not consider the orientation of the wind, which will also affect the noise magnitude.
All the random errors are specified by the project, but none of the configurations are
representative of the final instrument and mission design. For this study, the E2 noise
configuration referenced in [5], called hereafter the high-SNR configuration, is chosen.
This corresponds to the parameters presented in Table 1 and to the noise level shown in
Figure 2. Another design referenced in [5] as F configuration will be called hereafter the
low-SNR configuration.

Figure 2. Radial current noise as a function of cross-track distance and windspeed for the E2 configuration.

Table 1. Summary of the high-SNR E2 and low-SNR F configurations available on Aviso. Table
extracted from [5].

Orbit Height Swath Width Look Angle Configuration

Orbit 800 km 800 km 1497 km 41◦ E2-high SNR
Orbit 590 km 590 km 1486 49◦ F-low SNR

The dataset is available from February 2020 to January 2021 over the global ocean.
Data in February 2020 is used for the training part. The rest of the dataset is used for the
inference part.

https://www.nas.nasa.gov/SC21/research/project16.html
https://www.aviso.altimetry.fr/en/data/products/value-added-products/simulated-level-2-odysea-dataset.html
https://www.aviso.altimetry.fr/en/data/products/value-added-products/simulated-level-2-odysea-dataset.html
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3. Noise-Reduction Algorithms
3.1. Neural Network Method: UNet

The neural network method used is a UNet. This convolutional neural network
has demonstrated good performances in various applications such as denoising [12,13],
segmentation [14] or nowcasting [15]. Its structure is composed of two parts: an encoder
which creates a compact representation of the input and a decoder which reconstructs
the input without non-essential information such as noise. The encoder and the decoder
are composed of convolutional blocks, which allow spatial information to be taken into
account. The UNet used in this study is inspired by the one used to denoise SWOT data
in [8]. Tréboutte et al. [8] and Dibarboure et al. [10] showed that the UNet is robust to
different levels and types of noise (correlated noise). Its stability, light architecture and very
low computation time for the inference part are its main advantages.

Noisy radial velocities (ur_fore and ur_aft variables) are used as inputs for the denois-
ing algorithm. No normalization is applied to the radial velocities because it introduces
a bias into the denoised data (Appendix A). Adding the wind speed as a third input was
tested but this did not significantly improve the results (Appendix A). As a neural net-
work requires data with a constant shape, each ODYSEA track is divided into 6400 km
along-track. Thus, the input data images have a shape of 300 × 1280 pixels.

The two channels, i.e., the two components of the radial velocities, are trained together.
The information is transferred from one channel to the other, i.e., the geometric relationship
between the aft and fore components is implicitly built into the UNet during the training
phase (Figure 1). This improves the performance compared to two separate trainings with
only one input each (Appendix A). The learning method used is a supervised training: the
outputs (i.e., the denoised radial velocities) are compared to the ground truth, which is the
true radial velocities (ur_nonoise_fore and ur_nonoise_aft variables), thanks to an L1-loss
function. UNet hyperparameters were tuned for our study and the UNet is composed of
approximately 231,000 parameters.

3.2. Adaptive Gaussian Smoother

To compare the performance of the neural network, a Gaussian Smoother was also
used to denoise radial velocities. As noise amplitude is highly variable with wind speed
(large noise at low wind speeds and small noise at high wind speeds), the smoother needs
to be adaptive according to wind speeds. Therefore, the optimal standard deviation (σ) of
the Gaussian kernel is determined for each wind speed value. To achieve this, a sensitivity
analysis of the Gaussian Smoother is carried out by varying the wind speed and σ. For
each pair (wind speed, σ), the smoother is compared to the ground truth thanks to a Root
Mean Square Error (RMSE). The optimal wind speed and σ correspond to the minimum of
RMSE (Figure 3). To simplify the problem, σ is used as an integer between 1 and 14 and
the wind speed is tabulated in order to work with ‘categories’. Table 2 shows the value of
the optimal σ as a function of the wind speed. As expected, higher values of σ are suitable
for low wind speeds and vice versa. For winds lower than 3 m/s, there is no minimum
visible in Figure 3a. Indeed, the minimum of RMSE tends towards infinity, which means
that an infinitely large kernel would be needed to filter areas affected by a high level of
noise. However, σ is set up to 8 to avoid significant discontinuities with the category of
winds between 3 and 4 m/s.

This adaptive smoother is not optimal and can be improved. Indeed, the variability of
the ocean and the cross-track distance could be added as input parameters. Its objective
is to provide a simple smoother that can be a baseline against which the UNet can be
compared. This smoother behaves similarly to an optimal interpolation [16,17].
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(a) (b) (c) 

Figure 3. RMSE as a function of the standard deviation of the Gaussian kernel for (a) winds between
0 and 1 m/s, (b) winds between 5 and 6 m/s and (c) winds between 9 and 10 m/s. The vertical
dashed line corresponds to the minimum of RMSE.

Table 2. Optimal standard deviation in pixels and in km of the Gaussian kernel as a function of wind
speeds. One pixel corresponds to 5 km.

Winds ≤ 4 m/s 4 < Winds ≤ 5 m/s 5 < Winds ≤ 6 m/s 6 < Winds ≤ 8 m/s 8 m/s < Winds

σ (pixels) 8 5 4 3 2
σ (km) 40 25 20 15 10

3.3. Computation Efficiency

The neural network was trained using an NVIDIA A100 GPU (from NVIDIA corpo-
ration, Santa Clara, United States), which is available for high-performance computing
and is provided by the CNES (https://cnes.fr/en/projects/centre-de-calcul, accessed on
26 October 2025). Training takes around 9 h. For the inference, CPUs are used. This step is
quicker: 23 s for 10 denoising passes. The Adaptive Gaussian Smoother takes longer: 34 s
for denoising 10 passes on the same resources. This duration could be improved as the
code is not optimal.

4. Metrics for Evaluation
Several metrics have been used to evaluate and compare the performance of the

methods of denoising. These are the following:

• Root Mean Square Error (RMSE) between denoised data and ground truth to quan-
tify performance.

• Mean of residuals (i.e., error made by the denoising compared to ground truth) to
gauge the bias introduced by the denoiser.

• Resolved scale corresponding to a Signal-to-Noise-Ratio (SNR) greater than or equal
to 1 to provide information on the wavelength at which the noise dominates the radial
velocities [18].

• Noise reduction: R =
RMSEbe f ore denoising
RMSEa f ter denoising

These metrics are computed on the radial velocities, and also on the eastward and
northward velocities (hereafter referred to as u and v, respectively) derived from the radial
velocities. They are computed using the method described in [5] which is based on optimal
interpolation. This method also provides the along-track and across-track velocities. They
are useful for calculating relative vorticity which is defined as follows:

ζ =
1
f
∗
(

∂v
∂x

− ∂u
∂y

)

https://cnes.fr/en/projects/centre-de-calcul
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where f is the Coriolis parameter, x is the eastward direction and y the northward direction.
In this study, they are computed in the same way as for the SWOT product, i.e., by using
a 9-point stencil derivative [10,19]. Information on the impact of the derivation method is
provided in Appendix B.

5. Results
This section shows the results of the UNet and the Adaptive Gaussian Smoother on

cycle 35 (December 2020) on the noise configuration described in Section 2, corresponding
to 274 passes. The UNet is trained on one month (February 2020) with the same noise
configuration. To simplify the notation, the radial velocities at the fore and the aft look of
the platform are called ur fore and ur aft, respectively.

5.1. Qualitative Analysis

Firstly, a qualitative analysis of the performance of the denoising methods is conducted
using two examples: one with a low noise level (Figure 4) and one with a high noise level
(Figure 5). These figures show the ur fore component of one ODYSEA pass located in the
Philippine Sea (cycle 35, pass 1). The ur aft component on the same examples is shown
in Figures A5 and A6 of Appendix C. For each figure, the left column shows, from top
to bottom, the true radial velocity, the noisy field before denoising, the radial velocity
denoised by the UNet and the Adaptative Gaussian Smoother. The right column shows the
wind speed, the noise field and the errors made by the denoising.

For wind speeds less than 5 m/s, oceanic structures are dominated by random noise
which exceeds 1 m/s. For stronger winds, the noise is less important, and the oceanic
structures are visible in the noisy field. The objective of denoising is to restore radial velocities,
ideally for all wind speeds, and to reduce the error budget on ODYSEA measurements. In
practice, low-wind regions have so much random noise that the objective is to retrieve as much
SNR as possible in order to obtain higher spatial coverage for future scientific applications.

The main structures and amplitudes of the radial velocities are well recovered by both
methods. For low winds, the UNet outperforms the Adaptive Gaussian Smoother. In fact,
the Adaptive Gaussian Smoother generates more artificial oceanic content than the UNet.
This is clearly visible, for instance, in Figure 5g, around 4000 km along-track, where some
small eddy-like structures are created by the Adaptive Gaussian Smoother, whereas the UNet
tends to smooth the signal. In these low-wind areas, the errors made by both methods can
be higher than 30 cm/s. For winds greater than 5 m/s, the UNet restores smaller scales than
the Adaptive Gaussian Smoother close to the nadir. This is illustrated in Figure 4 around
250 km along-track and 0 km cross-track. Far from the nadir, the denoising methods are
comparable and the error is around 10 cm/s. The results of ur fore are similar to those of ur aft.
Afterwards, the two components cannot be distinguished because they behave similarly with
respect to denoising, since there is no azimuthal asymmetry in the current or wind features.

 
(a) (b) 

Figure 4. Cont.
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(c) (d) 

 
(e) (f) 

 
(g) (h) 

Figure 4. Example of the ur fore (cycle 35, pass 1) between 0 and 2500 km along-track, located in the
Philippine Sea. (a) True data (m/s); (b) wind speed (m/s); (c) noisy data (m/s); (d) noise (high-SNR
configuration) (m/s); (e) data denoised by the UNet (m/s); (f) error made by the UNet (m/s); (g) data
denoised by the Adaptative Gaussian Smoother (m/s); (h) error made by the Adaptative Gaussian
Smoother (m/s).

 
(a) (b) 

Figure 5. Cont.
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(c) (d) 

(e) (f) 

 
(g) (h) 

Figure 5. Same example as Figure 4 but between 2500 and 5000 km along-track. (a) True data (m/s);
(b) wind speed (m/s); (c) noisy data (m/s); (d) noise (high-SNR configuration) (m/s); (e) data
denoised by the UNet (m/s); (f) error made by the UNet (m/s); (g) data denoised by the Adaptative
Gaussian Smoother (m/s); (h) error made by the Adaptative Gaussian Smoother (m/s).

5.2. Statistics: Geographical and Temporal Variations

This part provides a quantitative analysis thanks to global, geographical and temporal scores.
Considering all measurements in any wind condition, the RMSE before denoising

is very high (>200 cm/s). The noise-reduction algorithms reduce the RMSE to 11 cm/s
(i.e., a reduction by a factor of 18) for the Adaptive Gaussian Smoother and to 7.6 cm/s
(i.e., a reduction by a factor of 26) for the UNet (Table 3). However, these scores are
largely dominated by the low winds. The ODYSEA mission requires the RMSE to be
below 50 cm/s only for medium and strong wind speeds. This requirement is met before
denoising. Indeed, for winds between 5 and 10 m/s (resp. winds greater than 10 m/s), the
error before denoising is 47 cm/s (resp. 27 cm/s). However, denoising reduces this error
by a factor of 6 (resp. 4) for the Adaptive Gaussian Smoother and by a factor of 7 (resp. 5)
for the UNet. Thus, denoising can enhance the performance of the mission.
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Table 3. RMSE (cm/s) before and after denoising and noise reduction calculated for cycle 35. The
scores are calculated globally and for three categories of winds.

Global Winds ≤ 5 m/s 5 < Winds ≤ 10 m/s Winds > 10 m/s

Before denoising RMSE >200 >350 47 27

Adaptive Gaussian Smoother
RMSE 11.0 17.0 7.3 5.8

Noise reduction 18 20 6 4

UNet
RMSE 7.6 10.6 6.0 5.2

Noise reduction 26 33 7 5

For low wind speeds, the error before denoising exceeds 3.5 m/s. Both denoising
methods significantly reduce this error: by a factor of 20 for the Adaptive Gaussian Smoother
and by a factor of 33 for the neural network. The RMSE of the Adaptive Gaussian Smoother is
17 cm/s while for the UNet it is 10.6 cm/s. Therefore, these values can improve the coverage
of the mission. The UNet outperforms the Adaptive Gaussian Smoother at all wind speeds.

The mean of the residuals is also calculated. Whatever the method and the wind speed, it
is less than 1 mm/s. So, we can conclude that there is no bias introduced by the two methods.
Figure 6 shows maps of RMSE for the two denoising methods and a comparison between
them. In the two methods, the geographical position of the ODYSEA swaths to be denoised is
not provided as an input. The importance of RMSE in some areas is due to several factors.
The most obvious are low-wind conditions. In these conditions, only the largest structures
are restored. This can be seen in Figure 5 between 3500 and 5000 km along-track. In areas of
high variability, such as the Gulf Stream or the Agulhas Current, both methods consider the
smallest eddies as noise. The RMSE improvement for the UNet compared to the Gaussian
filter is homogeneous and is around 25%, except in the polar areas.

  
(a) (b) 

(c) (d) 

Figure 6. RMSE of the UNet (a) and of the Adaptive Gaussian Smoother (b) computed for cycle 35.
A comparison between the two methods is shown in (c). The blue corresponds to a better performance
of the UNet, the red to a better performance of the Adaptive Gaussian Smoother. The associated
wind speed average over cycle 35 is shown in (d).
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Tracks are visible on the RMSE map of the Adaptive Gaussian Smoother (Figure 6b). This
is due to the Smoother not being cross-track dependent, while the noise is. The UNet does not
exhibit this artefact and is able to adapt denoising according to the distance from the nadir.

The results shown in Table 3 and Figure 6 were calculated for cycle 35 only, which
was in December. Figure 7 shows the RMSE of the Adaptive Gaussian Smoother and the
UNet for the whole period available, i.e., from February 2020 to January 2021. The two
hemispheres are separated in order to highlight any seasonal variations. The grey area
corresponds to the training period.

 
Figure 7. (Top): RMSE of UNet denoising (orange) and the Adaptive Gaussian Smoother (green)
as functions of time for the northern and southern hemispheres (HN and HS, respectively). By
comparison, the standard deviation (std) of the ground truth is plotted in blue. The grey area
corresponds to the training period. (Bottom): Mean of wind speeds as a function of time for the HN
and HS. The RMSE, std and mean are computed over one cycle.

The performance of the UNet is similar during the training period and during the
inference period. This means that the neural network is not overfitted. For the southern
hemisphere, the RMSE is constant regardless of the season. For the northern hemisphere,
the RMSE is slightly higher in summer (about 10 cm/s instead of 7.5 cm/s). This is due
to a very low wind speed (<4 m/s in average) and in the training, the mean wind speed
is between 4 and 9 m/s in both hemispheres. To improve the performance of the neural
network, a training period of one month in winter and one month in summer should be
used for each hemisphere. This would provide a good representation of all windy and
oceanic conditions. The RMSE of the Adaptive Gaussian Smoother is higher than the one
of the UNet whatever the season and the hemisphere.

Figure 7 also shows that the error made by the UNet is 2.5 to 3 times lower than the
variability of the true radial velocities at the scale of MITgcm intrinsic resolution.

5.3. Spectral Analysis

Figure 8 shows Power Spectral Density (PSD) computed on noisy, true and denoised
radial velocities under different wind conditions. The ratio between the PSD of the error
and the one for ground truth allows the determination of the resolved scale given by
SNR = 1. An SNR = 1 indicates where the error and/or the noise dominates the oceanic
current modulation.

For winds lower than 5 m/s (Figure 8a,b), the noise dominates the oceanic signal at
wavelengths between 10 and 500 km. No structures can be observed below 500 km wavelength.
Hence, the resolved scale is higher than 500 km. The PSD of the data denoised by the Adaptive
Gaussian Smoother is more energetic than the ground truth at long wavelengths and is less
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energetic below 100 km wavelength. The associated resolved scale is higher than 500 km,
meaning that no structures are correctly recovered. For UNet, the spectrum is less energetic at
all wavelengths. Denoising the radial velocities using a neural network gives the best results
for low winds: structures up to 30 km wavelength are correctly reconstructed.

For moderate (i.e., winds between 5 and 10 m/s, Figure 8c,d) and strong winds (i.e., winds
greater than 10 m/s, Figure 8e,f), the noise dominates the oceanic content below 200 and 100 km
wavelengths, respectively. Both methods can reduce this resolved scale. For the Adaptive
Gaussian Smoother, the resolved scale is 34 km for moderate winds and 21 km for strong
winds. For the UNet, more structures are better recovered. Thus, its resolved scale is 18 km for
moderate winds and 15.5 km for strong winds. Regardless of the noise-reduction algorithms
used, the spectrums are less energetic than the ground truth at short wavelengths.

5.4. Impact of Denoising on Velocities and Relative Vorticity

Radial velocities are not directly interpretable physical variables. Indeed, the scien-
tific community will mainly use the horizontal velocity (U, V components) which is recon-
structed from fore and aft radial velocities. This part presents the impact of denoising on
U, V components. Figures 9 and 10 present the U, V components derived from the radial
velocities denoised by the UNet (Figures 4 and A5). A comparison with the ground truth is
also shown. The same example of the velocity denoised by the Adaptive Gaussian Smoother is
presented in Appendix D. The error is most significant near the nadir; an error of a few mm/s
in the radial velocity causes an error of a few cm/s in U, V. This is caused by the geometry of
the problem; the two vectors of ur are quasi-colinear near the nadir (Figure 1). Data close to the
swath borders are also affected for the same reason. This is confirmed by Figure 11. The project
suggests keeping data between 0.1 and 0.9 from the nadir (normalized distance), which means
that 20% of the data is lost. The error made by denoising between 0.05 and 0.1 from the nadir
and between 0.9 and 0.98 is the same order of magnitude as the error between 0.1 and 0.9. So,
with denoising, keeping data between 0.05 and 0.98 can be considered and only 7% of the
data would be lost. In this case, the RMSE values are still satisfactory; less than 16 cm/s near
the nadir and close to the swath borders. Elsewhere, the error is lower than 10 cm/s for areas
affected by medium and strong wind conditions (Figure 9e,f). As for the radial velocities, the
error ranges from 10 to 30 cm/s in areas with low winds (Figure 10e,f). Please note that the
RMSE differs for the two components of the velocity due to the reconstruction method and to
the geometry of the measurement.
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Figure 8. Spectral analysis of the radial velocities before denoising (blue), after the UNet (green), after
the Adaptive Gaussian Smoother (red) and of the true radial velocities (orange) in different wind
conditions. The PSD (left column (a,c,e)) is computed from the average of each along-track PSD. The
right column (b,d,f) shows the spectrum of the error over the spectrum of the ground truth. The
dashed lines indicate the wavelength at which the noise dominates the signal. On (b), the PSD ratio
before denoising is out of range and the PSD ratio of the Adaptive Gaussian Smoother never crosses
the value 1, meaning that the wavelength at which the noise dominates is higher than 500 km.

Several quantities can be derived from the velocity, such as relative vorticity, divergence
and strain rate. These quantities allow us to understand the interaction between wind and
ocean [20], the oceanic turbulence [21], the vertical fluxes in the ocean [22]. In this study, we
focus only on relative vorticity. The noise in the velocity field is amplified by the derivatives
as shown in Figures 12b and 13b. No structures can be exploited at 5 km resolution, a
resolution out of the scope of ODYSEA science objectives. The relative vorticity derived
from the field denoised by the UNet allows the main fronts and eddies to be reconstructed
(Figures 12 and 13). The RMSE of the relative vorticity is shown in Table 4. Globally, the
RMSE is reduced by a factor of 100 after denoising. Following the same behavior as radial
velocities, low winds dominate the RMSE. In this case, the RMSE of the relative vorticity
is drastically reduced: 35 before denoising and 0.3 after applying the neural network. For
medium and strong winds, the RMSE is divided by 26 and 14, respectively.
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Table 4. RMSE of the relative vorticity before and after denoising calculated for cycle 35. The RMSE
is calculated globally except between 6◦N and 6◦S.

Global Winds ≤ 5 m/s 5 < Winds ≤ 10 m/s Winds > 10 m/s

Before denoising RMSE 19.66 35.42 4.74 1.55

UNet RMSE 0.20 0.28 0.16 0.11
Noise reduction 98 126 26 14

The relative vorticity derived from radial velocities denoised by the Adaptive Gaussian
Smoother is shown in Appendix D. Discontinuities are visible, and the main eddies are not
as well restored as with the UNet.

 
(a) (b) 

(c) (d) 

(e) (f) 

Figure 9. Example of the velocity components (U and V) between 0 and 2500 km along-track. The
velocity computed after the UNet is derived from the radial velocities shown in Figures 4 and A5.
(a) True U (m/s); (b) true V (m/s); (c) U derived from the UNet (m/s); (d) V derived from the UNet
(m/s); (e) U error of the UNet (m/s); (f) V error of the UNet (m/s).
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(a) (b) 

 
(c) (d) 

(e) (f) 

Figure 10. Example of the velocity components (U and V) between 2500 and 5000 km along-track.
The velocity computed after the UNet is derived from the radial velocities shown in Figures 5 and A6.
(a) True U (m/s); (b) true V (m/s); (c) U derived from the UNet (m/s); (d) V derived from the UNet
(m/s); (e) U error of the UNet (m/s); (f) V error of the UNet (m/s).

Figure 11. RMSE of the U, V components as a function of the cross-track distance. The grey lines
correspond to the distances 0.1 and 0.9 from the nadir (normalized distance) and the red lines
correspond to the distances 0.05 and 0.98 from the nadir. It is calculated for all wind speeds.



Remote Sens. 2025, 17, 3612 16 of 29

(a) (b) 

 
(c) (d) 

Figure 12. Example of relative vorticity between 0 and 2500 km along-track. The relative vorticity
computed after the UNet is derived from velocities shown in Figure 9. (a) True relative vorticity (−);
(b) noisy relative vorticity (−); (c) relative vorticity derived from the UNet (−); (d) error of relative
vorticity of the UNet (−).

(a) (b) 

(c) (d) 

Figure 13. Example of relative vorticity between 2500 and 5000 km along-track. The relative vorticity
computed after the UNet is derived from velocities shown in Figure 10. (a) True relative vorticity (−);
(b) noisy relative vorticity (−); (c) relative vorticity derived from the UNet (−); (d) error of relative
vorticity of the UNet (−).
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6. Robustness of the Model
6.1. Method Applied to Test the Robustness of the UNet

In this section, the robustness and the stability of the neural network will be tested. The
Adaptive Gaussian Smoother is not used and should be readjusted for each new dataset.
The objective of this section is to test the UNet on new data that the network has never seen
before. To do this, the following method is applied:

1. Change one characteristic of the dataset compared with the training dataset. This
can be either a different noise or a different ocean model. Simulated data is not an
exact representation of reality. The noise level impacting the real ODYSEA data may
be stronger or weaker, the noise may be correlated or uncorrelated, impacted by
residuals from previous processing, etc. This is exactly the case with SWOT, where
the real noise is correlated and weaker than in the simulations [10]. Moreover, the
ocean model is only an imperfect representation of the real ocean.

2. Application of the UNet on radial velocities on this new dataset in inference without
re-training. As a reminder, the UNet was trained and tested on the high-SNR configu-
ration and on the MITgcm. Applying it without re-training will allow us to see how
the UNet behaves when faced with new data, and also to determine whether or not it
is overfitted.

3. Performance evaluation in the same way as in the previous section. The results
presented previously will be used as a baseline.

6.2. Scenario: Change of the Noise Configuration

The project proposes several noise configurations. The objective of this scenario
is to evaluate the robustness of the UNet on another noise level by changing the noise
configuration. For low winds, the low-SNR configuration (see Table 1) is noisier than the
high-SNR configuration for the training (Figure 14); the RMSE before denoising is higher
than 5 m/s for low winds (Table 5). For medium and strong winds, the data is less noisy
than for the high-SNR configuration. This new noise configuration allows us to have more
extreme values and to evaluate the behavior of the UNet with them. The inference was
carried out in December in order to be comparable with previous results. The results
obtained are presented in Table 5.

This scenario provided a satisfactory performance. For low wind speeds, the RMSE
after denoising is around 11 cm/s which corresponds to dividing the error by 44. Even if the
noise level is 1.5 times higher than in the training dataset before denoising, the error made
by the neural network increases by only 5%. The resolved scale is 39 km, i.e., a degradation
of 9 km compared to the baseline.

For all wind speeds greater than 5 m/s, the RMSE after denoising is between
4.5 and 5.5 cm/s, i.e., a noise reduction between 4 and 6. If the noise level is lower than
expected, the error made by the UNet is also lower than the baseline. The resolved scale
is similar to the baseline, which is between 15 and 20 km. Therefore, the UNet is robust to
different noise levels.
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Figure 14. Noise as function of cross-track distance and windspeed for the low-SNR configuration.

Table 5. RMSE (cm/s) before and after denoising by the UNet and the noise reduction for the different
scenarios. The RMSE is calculated for the entire available domain and for three categories of winds.

Global Winds ≤ 5 m/s 5 < Winds ≤ 10 m/s Winds > 10 m/s

Noise: low-SNR
configuration

No filter RMSE >290 >500 34 18

UNet
RMSE 7.5 11.2 5.4 4.5

Noise reduction 38 44 6 4

Ocean model:
CROCO

No filter RMSE >150 >350 44 26

UNet
RMSE 8.5 12.9 7.7 6.6

Noise reduction 17 27 5 4

6.3. Scenario: Change of the Ocean Model

In this second scenario, the simulated ODYSEA swaths are based on the Coastal and
Regional Ocean Community model (CROCO) [23,24] instead of the MITgcm. The simula-
tion is forced at the boundaries by the Mercator Glorys12V1 product [25] and by barotropic
tides from the global tidal model TPXOv.7 [26]. Its domain is more restrictive than the
domain of the MITgcm; it only extends from 22.5◦ to 48.84◦N and from 36◦ to 82◦W, which
corresponds to the Gulf Stream. CROCO has a higher spatial resolution (approximately
2 km) so smaller oceanic structures are resolved. Contreras et al. [27,28] showed that this
model is generally in good agreement with the observations and reproduces the dynam-
ics of the Gulf Stream well. Further information on this version of CROCO is available
in [27,28]. Level 2-simulated ODYSEA data are available from January 2005 to March 2005.
The entire dataset is used for the inference. The noise configuration used in this case is the
high-SNR configuration.

Table 5 summarizes the scores for this scenario. For low-wind speed conditions, the
RMSE after denoising is approximately 13 cm/s. While this value is superior to the baseline,
this performance is still satisfying. This slight degradation is due to two main points. Firstly,
the RMSE for this scenario is calculated over the CROCO domain, while the RMSE of the
baseline is computed globally. The second point is that the oceanic features differ slightly
between the CROCO ocean model and the ocean model learnt by the UNet. Consequently,
the neural network tries to recreate MITgcm-like structures. However, the UNet is able to
restore oceanic structures down to 25 km. For medium and strong winds, the RMSEs are
also slightly above the baseline, but they are still acceptable.

7. Conclusions and Perspectives
The ODYSEA mission will make it possible for the first time to measure wind and

current fields simultaneously. These fields will be affected by random measurement errors
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which increase very rapidly as wind speeds get lower. In very low wind conditions, the
SNR is so bad that ODYSEA measurements become barely usable (lost coverage). Even if
the requirements are met despite this noise, it is better to have the lowest possible noise
level for future scientific applications. In this context, the objective of this study was to
evaluate the benefits of a denoising algorithm in various wind conditions.

To achieve this goal, the UNet developed for the SWOT data [8] was adapted to
ODYSEA raw variables and trained to meet enhanced performances and enhanced coverage
of future ODYSEA products. An Adaptive Gaussian Smoother which is wind-dependent
was also developed in order to compare the results to a classical spatial filtering approach.
Simulated ODYSEA swaths are used and a comparison to the ground truth is thus possible.
The results show the necessity of noise reduction for users who want to use data impacted
by low wind speeds and derived fields. The two methods significantly reduce random
noise. But both methods exhibit some smoothing (not just denoising) properties, although
the Gaussian kernel becomes an increasingly aggressive smoother in low wind conditions,
whereas the UNet performs in a somewhat more robust way in all wind conditions. In low
wind conditions, the error before denoising is more than 3 m/s and after applying the neural
network, the error is only 11 cm/s. The ocean structures are correctly restored up to 30 km
wavelengths. Even though the error is lower under medium and strong wind conditions,
we should not neglect it. In fact, after calculating derivatives such as relative vorticity
at 5 km sampling, a low noise level is amplified and can create major discontinuities. In
summary, the UNet performs better than the Adaptive Gaussian Smoother. The UNet is
also relatively stable over time and spatially homogeneous. The robustness of the model
for other noise configurations and an ocean model was tested. In both cases, the UNet
performed similarly to the dataset on which it was trained.

The work on the SWOT denoising has highlighted that similarity between training and
inference dataset is crucial [10]. Indeed, the performances are degraded when the neural
network is applied on real data that does not look like simulated data. These differences
between the real dataset and the simulated dataset are due to two main factors. The first one
is that the real ocean differs from the simulations used in the training dataset. The internal
waves and solitons are not resolved in the simulated dataset, such as the geophysical errors
due to the atmosphere or the waves. The second main difference is that there are still
uncertainties about the level of noise that will be present in the data. In this study and in
the dataset available on Aviso, only the wind speed influences the noise level and not the
wind direction. The robustness of the UNet to correlated noise has also not been tested.

Moreover, the performance of the two methods of denoising is sub-optimal and can be
improved between now and the launch. Firstly, other input variables of both methods can
be added, such as ocean variability or cross-track distance. The training of UNet can also
be carried out on data from both hemispheres in winter and in summer in order to learn to
handle all oceanic conditions and to be more robust. Furthermore, rather than predicting
only denoised radial velocity, the neural network could also provide derivatives of velocity
(e.g., vorticity) in order to not be dependent on the derivation method. Finally, the UNet
has a simple architecture, and it could be complexified. Indeed, more complex UNets have
recently been developed [29–31] and demonstrate good performance. Moreover, the field
of neural networks is constantly evolving; better architectures will be developed before
the launch and could be applied to ODYSEA data. All these suggestions for improvement
could be implemented when a more realistic simulation is available.
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Appendix A. Impact of the Input Dataset in the UNet Training
First, this appendix shows the impact of the normalization of the ODYSEA samples

during the training. In many neural network trainings, it is recommended to normalize
the data to be between –1 and 1. However, in the ODYSEA problem, the radial velocity
is already centered by definition. If normalization is applied, the standard deviation and
mean of the noisy field are used, as this is the only field available if UNet is applied to real
data. The noise level drives the standard deviation, which is up to 50 times higher than
the ground truth standard deviation (Figure A1). This results in ocean structures of lower
intensity and sometimes very close to 0. The mean is also slightly modified by the presence
of noise (up to 3 cm/s) (Figure A1). The consequence is that a small denoising error is
amplified and a bias is created when applying normalization (Figure A2).

Figure A1. Differences in means between noisy field and ground truth (left) and ratio of standard
deviation (right) for each sample (6400 km along-track and 1500 km across-track).

During the tuning phase of the UNet, several configurations of input variables were
tested in order to have the best denoising effects:

• ur aft and ur fore separately (hereafter called conf 1);
• ur aft and ur fore jointly (conf 2);
• ur aft and ur fore jointly and the true wind speed (conf 3).

As described in the previous paragraph, the radial velocities are not normalized while
the wind speed is divided by the maximal values of wind speed to have a field between
0 and 1.



Remote Sens. 2025, 17, 3612 21 of 29

Figure A2. Mean of residuals after training the UNet with normalized radial velocities (left) and with
raw radial velocities (right).

Table A1 summarizes the RMSEs for the three configurations and for the different
categories of wind speed. Using the two components of the radial velocities helps the
neural network to understand the geometric relationship between the two components
of the radial velocity (Figure 1). Taking the wind speed does not significantly improve
the results (differences lower than 1 mm/s) and it does not add useful information for
denoising. Therefore, only the combination of the two components of the radial velocities
is used for this study.

Table A1. RMSE (cm/s) before and after denoising calculated for cycle 35 for 3 configurations of
input variables. The RMSE is calculated globally and for three categories of winds. Conf 1: ur aft and
ur fore separately, Conf 2: ur aft and ur fore jointly and Conf 3: ur aft and ur fore jointly and the true
wind speed.

Global Winds ≤ 5 m/s 5 < Winds ≤ 10 m/s Winds > 10 m/s

Before denoising >200 >350 47 27
Conf 1 7.8 10.8 6.2 5.3
Conf 2 7.6 10.6 6.0 5.2
Conf 3 7.6 10.6 6.0 5.2

Appendix B. Impact of the Derivation Method
Several methods are available for computing derivatives such as the simple centered

scheme or stencil derivative. In this study, the 9-point stencil derivative is used with the
following formula (currently used in the literature):

f
′
(N) = 0.00357143 × f(N − 4) −0.03809524 × f(N − 3) + 0.2 × f(N − 2), −0.8 × f(N − 1) + 0.8 × f(N + 1) − 0.2 × f(N +

2) + 0.03809524 × f(N + 3) − 0.00357143 × f(N)

where N is the pixel to derive.
The effect of this stencil derivative is to minimize the errors from the discretization

once the fields have been produced by the denoiser. One possibility is indeed to include the
derivation process in the denoiser, therefore avoiding the use of an explicit numerical scheme.
However, for simplicity, a two-step process (denoising then stencil derivation) is used. As the
impact would be small for this problem, given that the grid size is sufficiently small, w.r.t. is
the shortest wavelength resolved in the vorticity field (derivative of the velocity).

A simple test as carried out to assess the sensitivity of the derivation method as a
function of wavelength. A random signal following a red spectral slope is generated
(Figure A3). The signal is discretized and the derivatives are computed with a simple
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centered scheme, a 5-point stencil derivative and a 9-point stencil derivative. The spectra of
the different signals over a large number (10,000) of realizations is represented in Figure A4.

Figure A3. Illustration of a true continuous signal (gray) sampled every 5 km (dots), and its derivatives
from the continuous truth (black) and from various discretized schemes (green, blue and red).

Figure A4. Power spectral densities of the derivatives (continuous in black, green, blue and red for
the different discretized schemes. The thin curves represent the PSD of the residual errors for the
different schemes).

From these results, the stencil provides a significant improvement between a 10 km
wavelength and a 50 km wavelength. The improvement comes from resolving more energy
(red curve closer to the black) and with fewer residual errors (thin red curve below the
green curve). However, beyond a 50 km wavelength, the discretization errors become
extremely small anyway. Therefore, for the useful signal we are resolving for the vorticity
(mostly beyond 50 km as suggested by Figures 12c and 13c) we believe the impact of the
derivation method is not significant.

Appendix C. Denoising of Ur Aft
The following figures show the denoising of the ur aft component by the UNet and by

the Adaptive Gaussian Smoother. Figure A5 (resp. Figure A6) presents a radial velocity
field with a low level of noise (resp. high level of noise). The denoising of the same
examples but for the ur fore component is shown on Figures 4 and 5.
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(a) (b) 

(c) (d) 

(e) (f) 

(g) (h) 

Figure A5. Example of the ur aft component (cycle 35, pass 1) between 0 and 2500 km along-track in
the Philippine Sea. (a) True data (m/s); (b) wind speed (m/s); (c) noisy data (m/s); (d) noise (high-
SNR configuration) (m/s); (e) data denoised by the UNet (m/s); (f) error made by the UNet (m/s);
(g) data denoised by the Adaptative Gaussian Smoother (m/s); (h) error made by the Adaptative
Gaussian Smoother (m/s).
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(a) (b) 

(c) (d) 

(e) (f) 

(g) (h) 

Figure A6. Same example as Figure A5 but between 2500 and 5000 km along-track. (a) True
data (m/s); (b) wind speed (m/s); (c) noisy data (m/s); (d) noise (high-SNR configuration) (m/s);
(e) data denoised by the UNet (m/s); (f) error made by the UNet (m/s); (g) data denoised by the
Adaptative Gaussian Smoother (m/s); (h) error made by the Adaptative Gaussian Smoother (m/s).
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Appendix D. Velocities and Relative Vorticities Deduced from the
Adaptive Gaussian Smoother

This appendix illustrates two examples of the velocity components (Figures A7 and A8)
and the relative vorticity (Figures A9 and A10). They are deduced from the radial veloci-
ties denoised by the Adaptive Gaussian Smoother. A comparison to the ground truth is
also presented.

(a) (b) 

(c) (d) 

(e) (f) 

Figure A7. Example of the velocity components (U and V) between 0 and 2500 km along-track. The
velocity computed after the Adaptive Gaussian Smoother’s effect is deduced from the radial velocities
is shown in Figures 4 and A5. (a) True U (m/s); (b) true V (m/s); (c) U derived from the UNet (m/s);
(d) V derived from the UNet (m/s); (e) U error of the Adaptive Gaussian Smoother (m/s); (f) V error
of the Adaptive Gaussian Smoother (m/s).
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(a) (b) 

(c) (d) 

(e) (f) 

Figure A8. Example of the velocity components (U and V) between 2500 and 5000 km along-track. The
velocity computed after the Adaptive Gaussian Smoother effect is deduced from the radial velocities
is shown in Figures 5 and A6. (a) True U (m/s); (b) true V (m/s); (c) U deduced from the Adaptive
Gaussian Smoother (m/s); (d) V deduced from the Adaptive Gaussian Smoother (m/s); (e) U error of
the Adaptive Gaussian Smoother (m/s); (f) V error of the Adaptive Gaussian Smoother (m/s).

(a) (b) 

Figure A9. Cont.
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(c) (d) 

Figure A9. Example of the relative vorticity between 0 and 2500 km along-track. The relative vorticity
computed after the Adaptive Gaussian Smoother is deduced from velocities shown in Figure A7. (a) True
relative vorticity (−); (b) noisy relative vorticity (−); (c) relative vorticity deduced from the Adaptive
Gaussian Smoother (−); (d) error of relative vorticity of the Adaptive Gaussian Smoother (−).

(a) (b) 

(c) (d) 

Figure A10. Example of the relative vorticity between 2500 and 5000 km along-track. The relative
computed vorticity after the Adaptive Gaussian Smoother is deduced from the velocities is shown in
Figure A8. (a) True relative vorticity (−); (b) noisy relative vorticity (−); (c) relative vorticity deduced
from the Adaptive Gaussian Smoother (−); (d) error of relative vorticity of the Adaptive Gaussian
Smoother (−).
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