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 A B S T R A C T

Sea Surface Temperature (SST) reconstructions from satellite images affected by cloud gaps have been 
extensively documented in the past three decades. Here we describe several deep learning models to fill 
the cloud-occluded areas starting from MODIS Aqua nighttime L3 images in the Italian Seas. To tackle this 
challenge, after testing different models and methodologies, we employed a type of Convolutional Neural 
Network model (U-Net) to reconstruct cloud-covered portions of satellite imagery while preserving the integrity 
of observed values in cloud-free areas. We demonstrate the high precision of U-Net with respect to available 
products done using OI interpolation algorithms. Our results are promising with respect to some earlier studies 
while suggesting further investigation for more robust intercomparison.
1. Introduction

Sea Surface Temperature (SST) is one of the essential climate vari-
ables for understanding and modeling the Earth’s climate system. Air-
sea heat fluxes, depending on the sea surface and air temperature 
difference, are a major driver of the atmosphere-ocean coupled dy-
namics. Satellite SST products, interpolated on regular grids and cloud 
gaps filled (Reynolds et al., 2002; Konik et al., 2019), continue to be 
used today to force atmospheric model analyses and reanalyses (Donlon 
et al., 2012). The influence of high-resolution sea surface temperatures 
(SST) on the accuracy of atmospheric reanalysis has been demon-
strated (Parfitt et al., 2017), along with the role of SST fronts in 
driving climate variability (Larson et al., 2024). Therefore, we aim 
to investigate various methods to fill cloud-occluded areas without 
introducing smoothing effects on the cloud free pixels.

The SST satellite measurement is typically made by sensing the 
ocean radiation in many wavelengths within the near infrared and 
microwave parts of the electromagnetic spectrum. One difficulty in 
getting a global product using only infrared imagery is that there are 
large regions with clouds (Wylie et al., 2005), and reconstructing SST 
under cloud occlusion conditions is a challenging and lively research 
topic. Traditional statistical techniques, such as Optimal Interpola-
tion (OI; Bretherton et al., 1976), Empirical Orthogonal Function (EOF; 
Alvera-Azcárate et al., 2011), and other similar techniques (Jung et al., 
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2022), fill missing values based on spatial/temporal correlations be-
tween observed SST points. The present-day SST Level 4 (L4) prod-
uct from Copernicus Marine Service is produced by a spacetime OI 
scheme (Nardelli et al., 2013).

A problem of statistical objective mapping techniques is that they 
often struggle to resolve fine-scale features, resulting in smooth recon-
structions (Chin et al., 2017; Fablet et al., 2017; Barth et al., 2020). 
These techniques typically assume linearity, which limits their ability 
to capture the complex dynamics of SST fields. Particularly in the EOF-
based methods (Alvera-Azcárate et al., 2005), truncation of smaller 
modes results in the over-weighting of large scale signals which also 
leads to smoothing of the reconstructed field. One of the most advanced 
SST multi-sensor reconstructions Chin et al. (2017) currently employs 
adaptable time windows to fill image gaps caused by cloud cover. 
However, this approach has several issues, including the potential for 
mesoscale signals beneath the clouds to be biased by older data from 
several days earlier, leading to contamination of the reconstructed area.

Consequently, there has been growing interest in recent years in 
applying deep learning techniques to address this challenge relying on 
the rapidly increasing amount of data and computational resources. 
A recent survey of both statistical and AI-based reconstruction meth-
ods for oceanographic data is available in Ćatipović et al. (2023). 
Specifically, convolutional autoencoders, such as Data INterpolating 
Convolutional Auto-Encoder (DINCAE), have been successfully used 
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Fig. 1. The white polygon describes the region of our investigation, with latitude between 35.33◦ and 46.0◦N and longitude between 7.92◦ and 18.58◦E.
to reconstruct SST and chlorophyll concentrations (Barth et al., 2020, 
2022; Han et al., 2020), and vision transformers trained with a masked 
autoencoder approach have also been explored (Masked Autoencoders 
for Sea Surface Temperature Reconstruction under Occlusion; Goh 
et al., 2024, MAESSTRO). Muc et al. (2025) blends both approaches in 
CRITER 1.0 and reconstructs low-frequency SST components utilizing 
a Vision Transformer-based model, then to recovering high-frequency 
details, a U-Net type of network iteratively refines the estimate.

Wang et al. (2025a) proposed GDCM, Generalized data completion 
model for satellite observations, in which they utilized CNNs and 
attention mechanism, to leverage spatio-temporal information within 
remote sensing data to fill missing regions. They use AMSR2/SSMI 
for global coverage and MODIS dataset for the local one. Wang et al. 
(2025b) instead developed seamless global daily SST (SDG-SST) in 
which they used Visible Infrared Imaging Radiometer Suite (VIIRS) 
in Deep spatio-temporal fusion model based on CNNs in U-Net archi-
tecture. DINCoDE (Yang et al., 2025) adopts a hybrid dual-encoder 
architecture in the marginal seas of the Northwest Pacific Ocean that 
integrates a convolutional neural network (CNN) and a Transformer 
encoder, enabling the joint extraction of local and global spatiotem-
poral features. A composite loss function is employed to ensure both 
pixel-level accuracy and structural fidelity in the reconstructed data. 
Recently, Fourier Neural Operators have also been used to reconstruct 
sea surface temperature. MSF_FNO (Chen et al., 2025) integrates multi-
scale feature fusion and frequency-domain neural operator technology 
to effectively overcome the limitations of single-scale feature processing 
and image-domain reconstruction in existing methods. Their approach 
extracts critical features across multiple scales, ensuring global consis-
tency and detailed features in reconstruction results besides capturing 
SST frequency-domain information and extracting structured features 
of SST images. FDNIN, Fourier Diffusion Neural Inpainting Network, 
integrates Fourier neural operators into a generative diffusion model 
to leverage the advantages of the frequency domain (Zuo et al., 2025). 
FDNIN employs a strip-stream structure to utilize global consistency 
and local details from historical data, improving SST reconstruction. 
CARE-SST: context-aware reconstruction diffusion model for sea surface 
temperature using visible infrared imaging radiometer suite (VIIRS) 
provides a superior feature resolution compared to the other SST 
products (Choo et al., 2025).

More recently, new architectures such as Swin-Transformers and 
denoising diffusion models are also used efficiently to reconstruct ocean 
fields. Wang et al. (2026) employed a dual-residual SwinTransformer 
(SwinOcean3D) to reconstruct the 3D fields of the ocean in the upper 
1000 m. Ye et al. (2024) combined optimal interpolation and SwinU-
Net (OI-SwinUnet) architectures to reconstruct daily chlorophyll-a data. 
2 
OI-SwinUnet method was used to reconstruct the MODIS chlorophyll-
a concentration products of the South China Sea. Barth et al. (2024) 
employed a denoising diffusion model to reconstruct chlorophyll a 
concentration from the Ocean and Land Color Instrument (OLCI) sensor 
(aboard the satellites Sentinel-3 A and Sentinel-3B) on a small area of 
the Black Sea and compared with DINCAE.

In a more general context, Pauthenet et al. (2022) introduced 
OSnet (Ocean Stratification network), is a bootstrapped multilayer 
perceptron trained to predict simultaneously temperature and salinity 
(T-S) profiles down to 1000 m and the mixed-layer depth (MLD) 
from surface data covering 1993 to 2019. Sammartino et al. (2025) 
developed 4DMED-bionet to reconstruct the 3D fields of the ocean 
using satellite and in-situ observations in a model built on CNN and 
LSTM layers. We note that in this work, SST L4 products are used 
therefore, cloud occultation is not addressed. ReconMOST (Song et al., 
2020) proposed a diffusion model trained on CMIP6 and EN4 datasets 
for multi-layer sea temperature reconstruction extending SST recon-
struction to a global, multi-layer setting, handling over 92.5% missing 
data while maintaining reconstruction accuracy, spatial resolution, and 
superior generalization capability. CLuster Optimal Interpolation Neu-
ral Network (CLOINet; Cutolo et al., 2024) combines sparse in-situ 
observations into a full 3D field leveraging shape information from 
ocean remote sensing images. Beyond these applications using earth ob-
servations, image completion -or image inpainting- is a well-researched 
area in image processing (Iizuka et al., 2017; Liu et al., 2018; Peng 
et al., 2021; Wan et al., 2021; Zheng et al., 2022; Jain et al., 2023), 
with various techniques successfully applied across different domains.

In this study, we evaluate some of these image completion tech-
niques for reconstructing SST in areas occluded by clouds. The method 
is applied to SST Level 3 (L3) images at the resolution of 4 km from 
the MODIS Aqua satellite and infrared sensor; particular attention is 
given to the model configuration and the calibration of the parameters. 
After this, we apply the best algorithm to another L3 product from 
Copernicus Marine Service.

The analysis is done on a region comprising the Italian Seas, de-
scribed in the white box of Fig.  1. The area covers 256 × 256 observa-
tion points with a latitude between 35.33◦ and 46.0◦E and a longitude 
between 7.92◦ and 18.58◦N, for a total domain extension of 1020 𝑥
1020 square kilometers. The reconstruction obtained by our model 
was validated against the current L4 reconstructions from Copernicus 
Marine Service (Nardelli et al., 2013; Pisano et al., 2022) and the recent 
DINCAE model (Barth et al., 2020, 2022), testifying in both cases an 
improvement.

The article is structured in the following way. In Section 2, we 
describe the satellite dataset used for the initial training of the neural 
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network. This section also contains an investigation of data, compris-
ing gradients (Section 2.2), persistence (Section 2.3), and climatology 
(Section 2.4). The methodology is explained in Section 3, where we 
introduce the main classes of models investigated in this article, namely 
U-Net models (Section 3.1) and Visual Transformers (Section 3.2). In 
this section we also discuss the artificial cloud generator (Section 3.3), 
and training (Section 3.4). The model intercomparison and selection 
is illustrated in Section 4. Section 5 applies the trained network to an 
operational L3S dataset for comparison with established products. We 
discuss the results and draw the conclusions in Section 6.

2. Satellite data set for algorithm development

The SST training dataset is taken from the products derived from 
Moderate-resolution Imaging Spectroradiometer (MODIS; Werdell et al.,
2013) (available at https://podaac.jpl.nasa.gov/dataset/MODIS_AQUA_
L3_SST_THERMAL_DAILY_4K_NIGHTTIME_V2014.0, last accessed Sept 
2024). Data are acquired by the NASA TERRA and AQUA satellite 
platforms, launched in 1999 and 2002 respectively. For our investi-
gation, we used the daily products at 4 km spatial resolution relative 
to nighttime passes. We reconstructed the MODIS-AQUA data, using 
MODIS-TERRA for validation purposes. The MODIS-AQUA data set 
contains SST values with missing data due to cloud occlusions. All 
nighttime measurements from 7/4/2002 to 12/31/2023 were used. 
Part of the data, from 7/4/2021 to 12/31/2023, was used for testing 
purposes. The data set also contains quality flags for each grid point. 
The flags go from 0 (best) to 5 (worst). We used only values of quality 
0, 1 and 2, amounting respectively to 79%, 21% and 0.2% of grid 
points for our region of interest. Our study relies on MODIS Acqua 
nighttime L3 data since we want to learn foundation temperature which 
is closer to night time SST. This choice is done to be able to test our 
model with daily products in Copernicus Services which usually release 
foundation temperature (see Yang et al., 2021). This choice follows also 
the upgrade in DINCAE2.0 (Barth et al., 2022) which uses MODIS based 
high-resolution products after the experience using lower resolution 
AVHRR products in DINCAE1.0 (Barth et al., 2020). Moreover, the 
product that we target on Copernicus Marine Service provides daily 
(night time), merged multi-sensor (L3S), and optimally interpolated 
(L4) satellite-based estimates of the foundation SST (Nardelli et al., 
2013). Therefore, our investigation is built on night time products 
available. We note that these products completely miss the diurnal 
cycle of the SST therefore cannot be used to study the variation of the 
SST during the day.

2.1. Data set analysis

In this section, we investigate the datasets, pointing out a few 
critical aspects of collected data, typically due to problems of the signal 
in proximity of the coast, or at the border of clouds. The minimum, 
maximum and average values for all nighttime SST grid values from 
MODIS-AQUA are 0.1, 31.1 and 20.5 ◦C respectively. The SST of the 
Italian Seas never falls below 5 ◦C, thus the minimum temperature is 
likely due to the cloud borders incorrectly associated with seawater by 
the cloud detection algorithm. These outliers are very few in number 
(0.0002% of the total data) and have negligible impact on training or 
evaluation. As expected for the Italian Seas, there is a large amplitude 
seasonal cycle (Fig.  2) and a suitable seasonal climatology should be 
calculated, as described in Section 2.4.

2.2. SST gradients

Here, we define gradients as differences in the SST grid points, both 
in time and space. Gradients are defined as the difference between two 
consecutive nighttime values in the same grid point and the difference 
between two consecutive grid points every night (4 km grid spacing). 
Table  1 presents statistics related to these gradients.
 t

3 
Fig. 2. Histogram relative to the distribution of MODIS-AQUA nightly tem-
peratures, cumulative overall spatial positions and all years.

Table 1
Statistics on the spatial and temporal sea surface temperature gradients (in 
◦C∕4km and ◦C/day respectively), measured as differences between consecu-
tive nights and neighboring points in space within the same night calculated 
on all data from 2002 to 2023.
 temporal axis spatial axis

max avg max mean std max avg max mean std 
Night 8.2 4. 0.4 0.4 8.1 3.5 0.2 0.2 

able 2
requency of high spatial and temporal gradients in MODIS-AQUA data in the 
egion of interest and for the time period 2002–2023. In the spatial case, the 
‘gradient’’ refers to the difference in SST between two neighboring grid points, 
 km apart; similarly, for the temporal case, it is the difference in SST between 
wo consecutive days at a given spatial position.

> 1 ◦C > 1.5 ◦C > 2 ◦C > 2.5 ◦C > 3 ◦C 
night:time 1.1% 1% 0.9% 0.8% 0.7%  
night:spatial 0.3% 0.1% – – –  

Spatial gradients are generally low, with an average fluctuation 
round 0.1/0.2 ◦C. However, these fluctuations are not uniformly 
istributed: larger gradients are typically observed near coastal areas 
see Fig.  3), particularly along the western coast of the Adriatic Sea 
nd the southern Sicilian coast.
In some days, large gradients are found in the open ocean around 

arge scale oceanic features. An example is given in Fig.  3, where the 
aximum gradients are around the southern border of the Northern 
yrrhenian cyclonic gyre (Pinardi et al., 2015), east of the Strait of 
onifacio. In other cases, the extreme gradient values are around the 
loud borders, due to the accuracy of satellite cloud removal. The mean 
emporal variation from day to day is approximately 0.4 ◦C (Table  1).
Table  2 shows the percentage of points with extreme gradients, con-

idering thresholds between 1 and 3 ◦C. There are almost no nighttime 
radients greater than 1 ◦C.

.3. Filling cloudy pixels with temporal interpolation

As in many classical reconstructions of SST below the clouds (Chin 
t al., 2017), it is common to use for each target night a temporal se-
uence of a few consecutive days to temporally extrapolate/interpolate 
he SST values in the cloudy pixel. This approach can be seen as a form 
f persistence filling algorithm, where we use the closest available data 
o fill the gaps. Unfortunately, the approximation provided by the data 

https://podaac.jpl.nasa.gov/dataset/MODIS_AQUA_L3_SST_THERMAL_DAILY_4K_NIGHTTIME_V2014.0
https://podaac.jpl.nasa.gov/dataset/MODIS_AQUA_L3_SST_THERMAL_DAILY_4K_NIGHTTIME_V2014.0
https://podaac.jpl.nasa.gov/dataset/MODIS_AQUA_L3_SST_THERMAL_DAILY_4K_NIGHTTIME_V2014.0
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Fig. 3. Large Spatial Gradients (> 1.5 ◦C locations shown in red dots) relative to different days of the year. Units are ◦C. Maps cover the area between 35.33◦ - 
46.0◦N and 7.92◦ and 18.58◦E.
Table 3
Average distance, in terms of Mean Absolute Difference (MAD) and Rooted 
Mean Squared Difference (RMSD).
 1d 2d 3d 4d 5d  
 MAD 0.4◦ 0.5◦ 0.6◦ 0.7◦ 0.8◦ 
 RMSD 0.5◦ 0.7◦ 0.8◦ 1◦ 1.1◦ 

from the previous days is very inaccurate. Table  3 shows the difference 
for nighttime data, expressed in terms of both Mean Absolute Differ-
ence (MAD) and Root Mean Square Difference (RMSD), for increasing 
temporal gaps, ranging from 1 to 5 days. The latter is the temporal 
window used with the current SST reconstruction methods (Ćatipović 
et al., 2023; Chin et al., 2017). The difference is measured as an average 
over sea locations that are uncontaminated by clouds on both days. The 
RMSD and MAD increase very rapidly, and the quality of reconstruction 
using data from previous days is doubtful.

According to our experiments, reported in Section 4, considering 
temporal sequences longer than 4 consecutive days does not improve 
the reconstruction.

2.4. Seasonal climatology

As is clear from Fig.  2, climatology has a large seasonal cycle. In 
statistical analysis, it is important to subtract the quasi-periodic signals 
in the time series, such as the seasonal cycle. Thus, we compute the 
seasonal climatology as the time mean SST across all the 21 years 
dataset. The anomalies are then calculated by subtracting from each 
day the seasonal climatology.

The computed daily climatology still suffers from small time gaps 
where SST values are absent for a particular day of the year, due to 
the presence of clouds. To fill the climatology gaps, we use interpo-
lation, specifically a Gaussian blur, which uses nearby spatial values 
to estimate missing ones. The Gaussian function gives more weight to 
closer values, while gradually reducing the influence of distant points. 
The algorithm is briefly described in Appendix. We also considered an 
‘‘unbiased’’ version of the climatology, where we adjust the mean SST of 
the baseline towards the observed daily temperature from non-cloudy 
pixels.

Fig.  4 shows an example of daily climatology and its unbiased 
version. As is evident from the figure, both the daily climatology and 
its unbiased version have limitations because the climatology can differ 
significantly from the specific day under consideration. The unbiased 
version is usually closer to reality but still not capable of capturing the 
single day values. For our experiments, we trained the model to learn 
the residual information with respect to climatology.
4 
3. Models

We tested several different neural network architectures, including 
variants of U-Net (Ronneberger et al., 2015), Visual Transformers (ViT; 
Dosovitskiy et al., 2020), and Diffusion Models (Song et al., 2020; Ho 
et al., 2020). Each model was evaluated across a wide range of config-
urations, varying input dimensions, the number of channels, network 
depth, and incorporating specific modules such as attention layers or in-
ception modules. We tested numerous additional variants of U-Net and 
ViT, tuning their architectures and incorporating more sophisticated 
layers. Specifically, we experimented with inception modules (Szegedy 
et al., 2015), Bottleneck Attention Modules (BAM; Park et al., 2018), 
Convolutional Block Attention Modules (CBAM; Woo et al., 2018), and 
AttentionAware layers (Zheng et al., 2022). However, none of these 
mechanisms led to notable performance improvements. So far, we have 
not achieved satisfactory results with diffusion models, so we will not 
report on those results.

Special attention was paid to determining the optimal size of the 
geographical area under investigation. Experimentally, we found that 
splitting the original 256 × 256 region into four smaller areas, each 
128 × 128 in size, and training four separate models resulted in better 
performance. Another key focus of the experimentation was determin-
ing the appropriate length of the temporal sequence of consecutive days 
to be used as input to the model.

In this section, we briefly introduce the two main classes of models: 
U-Net and ViT.

3.1. U-Net

The U-Net is a type of convolutional neural network (CNN) orig-
inally designed for biomedical image segmentation. Its architecture 
is structured as a U-shaped network, consisting of two main parts: 
the contracting path (encoder) and the expansive path (decoder). The 
encoder progressively reduces the spatial dimensions of the input image 
through convolutional and pooling layers, capturing increasingly ab-
stract and high-level features. The decoder, in contrast, upsamples the 
feature maps to the original input size, allowing for precise localization 
in the reconstructed output. All convolutional layers use kernels of 
dimension 3 × 3. We tested several different activation functions, 
without noticing notable differences; the current version relies on the 
swish activation function (Ramachandran et al., 2018).

The number of downsampling layers and their respective number 
of channels are key hyperparameters of the network. For example, a U-
Net with the structure [64, 128, 256, 512] refers to a model with three 
downsampling layers that progressively halve the spatial dimensions 
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Fig. 4. On the left, the nighttime SST data from a sample day, in this case 10/05/2022; in the middle, the climatology for May 10; on the right, the climatology 
adjusted (shifted) to the mean of the specific day.
Fig. 5. Basic U-Net. In our terminology, this U-Net has a [32,64,128,256] structure, meaning that it is composed of three downsampling blocks progressively 
halving the spatial dimension, and increasing the channel dimension to 64, 128 and 256. The initial spatial dimension is 256 × 256. The initial number of 
channels is 7, corresponding to three input days with the associated masks and the land-sea mask.
while increasing the depth from the initial 64 channels to 128, 256, 
and 512 channels, respectively.

A key innovation of U-Net is the use of skip connections between 
corresponding layers in the encoder and decoder. These connections 
transfer high-resolution feature maps from the encoder to the decoder, 
allowing the model to combine both coarse and fine-grained informa-
tion during reconstruction. This design makes U-Net highly effective for 
tasks where detailed output is essential. The U-Net was also already 
used by Barth et al. (2020, 2022) in its cloud filling algorithm using 
two U-Nets in sequence.

The detailed architecture of our models is described in Fig.  5. Down-
sampling and upsampling blocks are composed of a short, configurable 
sequence of Residual Blocks, as described in Fig.  6.

3.2. Visual transformer

The Visual Transformer (ViT; Dosovitskiy et al., 2020) is a deep 
learning architecture designed for image recognition tasks, leveraging 
the transformer model (Vaswani et al., 2017), which was originally 
5 
developed for natural language processing. Unlike traditional convolu-
tional neural networks (CNNs) that rely on convolutions to capture spa-
tial information, ViTs use self-attention mechanisms (Bahdanau et al., 
2015) to model the relationships between different parts of an image. 
Our ViT architecture is described in Fig.  7.

The input image is divided into fixed-size patches, which are then 
flattened and projected into embeddings, similar to how words are 
handled in transformers for language tasks. In our case, we use patches 
of dimension 8 × 8, so an input of dimension 256 × 256 × 11 (relative to 
5 consecutive days) is spatially divided into 1024 patches, and reshaped 
into a vector of dimension (1024 × 704). The 704 features are projected 
into an embedding space with dimension 128. These patch embeddings 
are then processed by the transformer layers, which apply multi-head 
self-attention to capture global dependencies across the entire image 
(we use 8-heads). Transformer layers typically do not alter the input–
output dimension, allowing to be used in cascade. Specifically, we use a 
stack of 6 transformer layers. As it is customary for transformer layers, 
we used the gelu-activation function (Hendrycks and Gimpel, 2016).

At the end of the transformation layers, the sequence of patches 
is restructured into their original bidimensional spatial structure, and 
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Fig. 6. Upsampling and Downsampling blocks consist of Residual Blocks, exploiting residual connections. All convolutional layers use kernels of dimension 3 × 3.

Fig. 7. ViT Model. The source image is divided into fixed-size patches that, after embedding, are then processed by the transformer layers. Transformer layers 
use multi-head self-attention to capture global dependencies across the entire image. Observe the final upsampling blocks, peculiar to our implementation.

Applied Ocean Research 170 (2026) 105038 
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Fig. 8. The image on the left is the SST model input created by the generator adding artificial occlusions to the second image, which is the real or observed L3 
image; the third image is the model prediction; the last on the right is the climatology.
then transformed into the expected output dimension. To this aim, we 
used a stack of three convolutional layers with kernel size 3 × 3.

Relative to the topic of cloud occlusion, a ViT model was used 
in Goh et al. (2024), where a random subset of SST patches is masked 
or removed at training time, mimicking a larger cloud occlusion. After-
ward, a set of learnable mask tokens is added to the encoded patches 
before they are passed to the decoder, that reconstructs the original SST 
tile in pixel format.

In our case, the additional masking at training time did not result 
in additional advantages, probably due to our alternative introduction 
of artificial occluded areas described in the next section.

3.3. Generator for training and evaluation

The training/evaluation of the reconstruction model is not straight-
forward since we do not have a ground truth for comparison, i.e. we 
do not know the SST under the cloud on each specific night. Here we 
use the approach used also in Barth et al. (2020, 2022) and Goh et al. 
(2024), the so-called generator, which involves creating an artificial 
occluded area in the source image and restricting the evaluation to 
the region of the artificial clouds. The generator begins by selecting a 
random day from the nighttime dataset, ensuring that the chosen image 
has at least 40% of the visible sea, to avoid working with insufficiently 
informative images. For each selected day, SST measurements relative 
to a given, configurable number of previous days are also retrieved. 
This approach enables the network to capture both spatial and temporal 
information, allowing the model to use historical data to reconstruct 
missing areas in the current image. The clouds are selected in such a 
way as to guarantee a minimum percentage of visible sea (typically 
5%), while ensuring that the artificially occluded area covers at least 
10% of the sea area. These two ranges are easily configurable. The 
overall procedure is meant to ensure that the image has enough oc-
cluded areas to support meaningful training and validation. Artificial 
masks are also applied to the previous days, maintaining temporal 
correlation. The average percentage of visible sea in nightly MODIS 
data relative to the Italian seas region is around 46%. The generator 
produces an average visibility of around 25%, with an average artificial 
cloud occlusion above 40%. This is good for training since we expose 
the model to relatively challenging situations, but it is a bit unrealistic 
during testing. This is a delicate point since, not surprisingly, the 
performance of the model depends on the degree of occlusion of the 
input image, which becomes a crucial parameter of the evaluation. 
Starting with the real image (Fig.  8) the generator computes the real 
occlusion mask. The real occluded area is changed by superimposing 
an artificial mask for clouds of a different day (Fig.  8). The difference 
between the artificial mask and the real mask will define the region of 
7 
the input where the reconstruction will be assessed. This approach risks 
introducing biases since the sea temperature under clouds is usually 
different from the temperature under a clear sky, but this bias is lower 
during the night and it is small relative to RMSE, as we will show 
in Section 5. The reconstruction is given in Fig.  8. It is interesting to 
observe that, despite the heavy occlusion of the input, the model can 
correctly reconstruct many details of the real image. Qualitative and 
quantitative evaluations will be given in Section 4.

3.4. Training

The models have been developed in the Tensorflow/Keras frame-
work and trained using the recent AdamW optimizer, which adapts 
the learning rate during training, combining it with weight decay. The 
starting learning rate was 1e-4.

Exploratory experiments indicated that training was robust to mod-
erate variations of learning rate and batch size, with no appreciable im-
pact on convergence stability or final reconstruction accuracy. Training 
typically converged within fewer than 100 epochs.

A typical training history is reported in Fig.  9, showing stable 
convergence of both loss and RMSE. Using an NVIDIA A100-SXM-
64GB GPU, each training epoch requires approximately 100 s, and full 
training is completed in less than 4 h. At inference time, reconstruction 
of a single SST image requires approximately 2 s on a single CPU core 
(Intel Xeon Platinum 8360Y), with a peak RAM usage of about 711 MB, 
including model loading and data processing.

4. Model comparison and selection

This section describes the numerical experiments performed with 
the different models and configurations to choose the optimal configu-
ration. We primarily compare three models: two U-Nets and one ViT. 
The two U-Nets, called U-Net32 and U-Net64, differ in the number 
of channels, with the latter having double the number of channels. 
Both models have three downsampling layers, with a topology of 
[32,64,128,256] for U-Net32 and [64,128,256,512] for U-Net64. The 
numbers 32 and 64 in the network names correspond to the initial 
number of channels before downsampling. The number of parameters 
for the three models is provided in Table  4.

For each model, we consider two variants with different spatial 
dimensions: 128 × 128 and 256 × 256. The 128 × 128 model is 
a combination of four models, each trained on a different region of 
the input image. In this case, the evaluation metric is the average 
performance across the four models. Additionally, we vary the number 
of ‘‘s’’ consecutive input days used for reconstructing the SST, from the 
day ‘‘t’’ (current day) to day ‘‘t-s’’. We do not consider future days in the 
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Fig. 9. Training history for the loss function (mse) and the RMSE metric. The former is relative to normalized data.
Fig. 10. (a) 2023 Mean mixed layer depth (MLD) from MedFS on the study domain. (b) The time evolution of MLD and RMSE of U-Net against L3 in 2023. (c) 
Correlation coefficient between MLD and U-Net SST for the four quadrants of the study domain and upwelling region near Sicily. (d) time correlation in 2023 
MLD and SST from UNET (left) and L4 (right).
reconstruction. The performance score used is the Root Mean Square 
Error (RMSE) calculated as the difference between the reconstructed 
SST under an artificial cloud occlusion and the real SST at that point. 
The average is measured using the test generator across a total of 
50 batches, each consisting of 32 samples (for a total of 1600 days). 
As explained in Section 3.2, the cloud occlusion generator was set to 
provide an average percentage of the visible sea of around 46%, which 
is similar to real data. The results reported in Table  5 show that the 
quality improvement given by increasing the number of previous days 
saturates after 4 days.

This is consistent with our investigation of persistence (Section 2.3). 
On the other hand, splitting the model into smaller geographical re-
gions of dimension 128 × 128 each results also increases the perfor-
mance. In Table  6 we report the details of the RMSE for the four 
quadrants of Italy; the values refer to our best model, namely U-Net64 
with 4 days in input.

Reconstruction accuracy was highest in the Northern and Central 
Adriatic (NE) region, encompassing most of the Adriatic Sea, and 
lower in the Southern Adriatic (SE), which includes the Ionian Sea. To 
understand possible causes of these subregional differences, the 2023 
MLD structure is shown in Fig.  10(a), estimated from the Copernicus 
8 
Table 4
Number of parameters for the models. The numbers refer to the versions with 
11 input channels (5 days). Shorter sequences do not notably change the total 
number of parameters.
 U-Net32 U-Net64 ViT  
 Parameters 4,259,489 17,022,273 5,918,081 

Marine Service Mediterranean Forecasting System (Coppini et al., 2023, 
MedFS). MLD significantly impacts SST retrieval capacity by determin-
ing the effective heat capacity of the upper ocean, which dictates how 
sensitive the surface temperature is to atmospheric forcing. MLD acts 
as a moderator: a shallow mixed layer warms or cools rapidly, resulting 
in high-amplitude SST changes, while a deep mixed layer acts as a heat 
sink, keeping SST stable. The SE quadrant is dominated by a shallow 
MLD, except in the northern part of the Gulf of Taranto and it has the 
largest errors. Thus, our algorithm is not capable of capturing correctly 
the high-frequency time variability of SST. We argue that shallow 
MLD areas have the largest errors due to high-frequency processes not 
resolved by the input data sets as well as our algorithm as can be seen 
in Fig.  10(b). This is further shown by Fig.  10(c) and 10(d) where 
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Table 5
Performance of the different models, measured in RMSE (◦C). The different rows refer to the 
number of consecutive days passed as input to the model. Values refer to data with an average 
percentage of visible sea around 46%. Splitting the model in 4 models with lower spatial 
dimension consistently gives better results.
 Days U-Net32 U-Net64 ViT

 256 × 256 128 × 128 (×4) 256 × 256 128 × 128 (×4) 256 × 256 128 × 128 (×4) 
 1 0.36 0.33 0.35 0.32 0.38 0.36  
 2 0.35 0.32 0.34 0.31 0.36 0.34  
 3 0.35 0.31 0.34 0.30 0.35 0.33  
 4 0.34 0.31 0.33 0.30 0.35 0.33  
 5 0.34 0.31 0.33 0.30 0.35 0.33  
 6 0.34 0.31 0.33 0.30 0.35 0.33  
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Table 6
RMSE subdivided by quadrants. NW: North Tyrrhenian Sea, NE: Adriatic Sea, 
SW: South Tyrrhenian Sea, SE: Ionian Sea. The values refer to U-Net64, with 
4 days in the past of input.
 Quadrant NW NE SW SE Mean 
 RMSE 0.305 0.283 0.304 0.314 0.302 

Fig. 11. Degradation of the reconstruction error (in ◦C) with the percentage 
of visible sea. Each point is a batch of 32 days.

correlation between MLD and SST is large in shallow MLD areas, while 
it is low in deep MLD areas where the heat dumping effects are effective 
both for U-Net and L4 products.

A positive feature of our configurable cloud occlusion generator is 
its ability to easily adjust the maximum percentage of visible sea in 
the model’s input. Fig.  11 illustrates the relationship between visible 
sea percentage and RMSE, with each point representing a batch of 32 
days. The plot corresponds to a U-Net32 model with 4 input days. As 
expected, performance degrades with higher levels of occlusion, but 
this degradation is nearly linear and not particularly severe. According 
to our investigations, there is an incremental error of approximately 
0.005 ◦C for each additional percentage point of sea occlusion.

As mentioned in Section 3, we tested also diffusion models (Ho 
et al., 2020; Song et al., 2020), which are recently successfully applied 
to downscaling (Merizzi et al., 2024) and precipitation nowcasting (As-
perti et al., 2025). Despite our efforts, we were unable to achieve 
competitive performance in this case.

From a methodological perspective, the subtraction of the unbiased 
climatology to compute anomalies gave us the best performance for the 
reconstruction of SST with artificial cloud occlusion. While the results 
without subtracting the unbiased seasonal cycle were acceptable, they 
consistently showed a performance decrease of around 10%. In this 
scenario, subtracting seasonality generally led to faster and more stable 
training as well as improved final performance.
 l
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Table 7
Comparison of RMSE reconstruction errors (units ◦C) between our 4-day input 
days models and DINCAE.
 DINCAE U-Net32 U-Net64

256 × 256 128 × 128 256 × 256 128 × 128 
0.54 0.45 0.43 0.44 0.42  

.1. Verification with DINCAE

In this section, we compare the performance of our model with that 
f another state-of-the-art data-driven model: the Data INterpolating 
onvolutional Auto-Encoder (DINCAE2.0; Barth et al., 2022). The com-
arison data are daily and at the same resolution as the data on which 
ur model was trained, originating from nighttime SST measurements 
y the MODIS-TERRA satellite from 1/1/2003 to 12/31/2016. These 
ata are divided into two datasets: one with artificially added coverage 
nd the other with original data. Unlike our approach, the additional 
overage is fixed and is not configurable. The DINCAE2.0 test focuses 
n the Northern Adriatic Sea, the analysis area differs from the one 
sed by our model but largely overlaps. This area extends in latitude 
rom 40◦ to 46◦ and in longitude from 12◦ to 19◦. From the perspective 
f the model, DINCAE (Barth et al., 2020) is essentially a double U-
et, where two networks are composed in sequence. Unlike our model, 
hich only uses the available SST information, DINCAE incorporates 
dditional indicators, including the date and wind speed, which are 
urther extended in DINCAE2.0 to account for satellite chlorophyll.
In Table  7, we compare the RMSE of DINCAE (best model, with 

hlorophyll) and our models with 4 days in the past as input.
This rough comparison proves promising skill of our model while 

urther investigation is needed for more robust intercomparison.

. Application to operational input data sets

In this section, we explore the applicability of our U-Net64 model 
ith 4 days input data to the real time Copernicus Marine Core Service 
3 product. The latter is a calibrated cloud occluded image at 1/16◦
esolution, merging of several available thermal imaging sensors obser-
ations. We retrained the model between 7/4/2002 and 12/31/2023 on 
/16◦ resolution (see Section 2). The reconstructions are performed us-
ng L3S NRT product as input and then we compare our reconstruction 
ith the L4 NRT product. Our purpose is to test the best configuration 
gainst the NRT products since those are used in Copernicus Marine 
perational analysis and forecasting systems. We refer to Pisano et al. 
2022) for the detailed description of these datasets.
In Fig.  12, we compare the error by the two different reconstruction 
ethods and the L3 input over visible regions of the sea. The error 
s relative to the year 2022, and is shown as a function of month. 
pecifically, the error of L4 is in blue, with an average RMSE of 0.14 ◦C, 
hile the average error of our reconstruction (in orange) is around 
.04 ◦C. The error of the U-Net64 is more uniform, and particularly 
ow in the period from January to March. Moreover, we anticipate the 
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Fig. 12. (Blue) RMSE in (◦C) for all months of 2022 computed over the regions 
not cloud occluded on the Italian Seas using L3 as reference data set. (Orange) 
RMSE relative to the Italian Seas only reconstruction. (Red) RMSE relative to 
the entire Mediterranean Sea reconstruction on the overlapping area of the 
Italian Seas.

Table 8
Summary of model skill statistics: Mean Bias (MB 
in ◦C), Mean Absolute Error (MAE in ◦C) and 
spatial correlation coefficient (CC).
 MB MAE CC  
 0.006 0.18 0.87 

preliminary comparison of the extended version of U-Net into the entire 
Mediterranean Sea as shown later in Fig.  14 and discussed as future 
work. The extended Mediterranean Sea model seems comparible to U-
Net64 over the Italian Seas even though a degradation is observed in 
December.

Further mean statistics of our model is summarized in Table  8. 
Mean bias is much smaller than mean absolute error as anticipated in 
Section 3.3.

In Fig.  13 we qualitatively compare our reconstructions with those 
offered by the L4 product for two days in July 2021 and January 2022.

Our reconstruction looks more faithful in the cloud free areas, 
maintaining frontal regions in a manner very similar to the original 
data. We conclude that the trained network on the MODIS-AQUA data 
set also performs very well with different input data sets probably 
because the cloud occlusion geometry is similar in the two data sets.

6. Discussion and conclusions

This study investigated deep neural networks to reconstruct SST 
data gaps caused by cloud occlusion, focusing on improving data 
completeness and reliability. Our findings indicate that deep learning 
approaches, if properly tuned on spatial and temporal dimensions, 
improve SST reconstruction accuracy. Comparisons with existing meth-
ods, including L4 statistical interpolation reconstructions highlight the 
effectiveness of deep learning in achieving reliable SST reconstructions. 
Our selected model architectures is made of a U-Net64 algorithm with 
3 or 4 days in the past input data and the subtraction of a long 
term unbiased seasonal cycle. Training in the subregions using smaller 
domains helps to improve the skill possibly because it avoids spuri-
ous remote correlations between different basins. A rough comparison 
with multivariate DINCAE model shows slight improvements possibly 
because not involving spurious correlations from other variables.

To assess the generalizability of the proposed method, we are testing 
its application to a larger domain, comprising the Mediterranean Sea 
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and a portion of the adjacent Atlantic sector. This area corresponds to 
the Mediterranean region, as provided by CMEMS L3s datasets which 
were used for both training and inference. Fig.  14 presents an example 
of the reconstruction for 1 January 2022, corresponding to the case 
shown in the bottom panel of Fig.  13. (To ensure a consistent compari-
son, the same U-Net64 architecture and identical temporal periods were 
adopted for training, validation, and testing.) The results indicate that 
the quality of the reconstruction remains visually comparable to that 
achieved in the smaller domain. (Moreover, when computing the mean 
skill statistics of the model trained on the larger domain and restricting 
the evaluation to the Italian region, the performance is comparable to 
that of the model trained directly on the smaller domain.) Preliminary 
tests of the methodology have also been started for other regions such 
as Black Sea and South China Sea. A detailed description and validation 
of these additional case studies will be presented in future work.

In the future, both for training and validation purposes, we would 
also like to incorporate data from microwave sensors, which provide 
lower resolution products compared to the ones from infrared sensors, 
with the advantage of not being occluded by clouds. This could further 
enhance reconstruction accuracy, allowing models to resolve the daily 
cycle SST dynamics. In summary, our results underscore the potential of 
deep learning to enhance SST data completeness and accuracy, offering 
promising applications in the marginal seas.
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Fig. 13. Visual comparison between our reconstruction (U-Net32 with 4 input days) and L4 product from Copernicus Marine Service (marine.copernicus.eu) for 
29 July 2021 (top) selected days and 1 January 2022 (bottom).

Fig. 14. Example of reconstruction with U-Net64 on the Copernicus Marine Service Mediterranean Forecasting System domain, for 1 January 2022.
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Appendix

The application of a Gaussian blur to a matrix with no values (NaN) 
is not entirely straightforward. Simply replacing the no values with 
zeros would treat them as valid values, flattening the result. Therefore, 
we need to re-weight the result according to the average of the filter 
weights corresponding to meaningful (non-zero values) locations.

The interpolation process is divided into the following stages:

1. Replacement of missing values. The missing values (NaN) are 
replaced with zeros in the data matrix.

2. Application of the Gaussian filter. A Gaussian filter is applied to 
the resulting matrix, creating a ‘‘blurred’’ (biased) version of the 
data.

3. Generation of a binary mask. A second matrix is created to track 
the originally known points, assigning a weight of 0 to points 
with missing values and 1 to known points.

4. Application of the Gaussian filter to the mask. The resulting 
weights matrix describes the actual contribution of the region 
under the filter.

5. Division of matrices. The blurred data matrix is divided by the 
weights matrix to correct the original bias.

In the final division, the denominator may be 0, corresponding to a 
region in the input entirely composed of NaNs. In this case, math-
ematical libraries usually produce a NaN. After applying the filter, 
a few NaNs may still remain, which can be filled by iterating the 
technique or using other interpolation methods. It is worth mentioning 
that we interpolate both spatially and temporally to take advantage of 
persistence and produce a smoother climatology along the temporal 
axis. The interpolation algorithm used to create a climatology from 
satellite SST nighttime values should account for the fact that certain 
grid points consistently lack values due to cloud coverage and coastal, 
shallow water low temperatures. Therefore, an extrapolation procedure 
needs to be developed. In this study, the following code, written in 
NumPy style, was employed.

Algorithm 1 Gaussian Blur Interpolation with NaNs
1: Input: Data matrix 𝐷 with NaNs, Gaussian filter 𝐺
2: Output: Interpolated matrix 𝐷𝑖𝑛𝑡𝑒𝑟𝑝𝑜𝑙𝑎𝑡𝑒𝑑
3: 𝐷𝑐𝑜𝑝𝑦 = 𝐷.𝑐𝑜𝑝𝑦() ⊳ make a copy of 𝐷
4: 𝐷𝑧𝑒𝑟𝑜𝑒𝑑 = 𝐷𝑐𝑜𝑝𝑦[𝑛𝑝.𝑖𝑠𝑛𝑎𝑛(𝐷)] = 0 ⊳ replace NaN with zero
5: 𝐷𝑏𝑙𝑢𝑟𝑟𝑒𝑑 = 𝑔𝑎𝑢𝑠𝑠𝑖𝑎𝑛_𝑓𝑖𝑙𝑡𝑒𝑟(𝐷𝑧𝑒𝑟𝑜𝑒𝑑 , 𝐺) ⊳ apply 𝐺 to 𝐷𝑧𝑒𝑟𝑜𝑒𝑑
6: 𝑀 = 𝑛𝑝.𝑤ℎ𝑒𝑟𝑒(𝑛𝑝.𝑖𝑠𝑛𝑎𝑛(𝐷), 0, 1) ⊳ create a bynary mask
7: 𝑊 = 𝑔𝑎𝑢𝑠𝑠𝑖𝑎𝑛_𝑓𝑖𝑙𝑡𝑒𝑟(𝑀,𝐺) ⊳ apply 𝐺 to the mask 𝑀
8: 𝐷𝑖𝑛𝑡𝑒𝑟𝑝𝑜𝑙𝑎𝑡𝑒𝑑 = 𝐷𝑏𝑙𝑢𝑟𝑟𝑒𝑑∕𝑊 ⊳ correct the bias
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All data and code used in this study can be accessed openly.
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