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Abstract

Multimodal Remote Sensing (RS) methodologies have been increasingly studied in recent years due to their capacity to analyze
multimodal RS data acquired from different sensors, thereby providing improved temporal resolution and extracting richer information
than single-modal RS data. Deep Learning (DL) methodologies have accelerated the study of multimodal RS methods, thanks to
their ability to learn features during training automatically. Many multimodal DL methods exploit this capability to learn a shared
domain across modalities. However, most of them struggle to align heterogeneous modalities in a common representation. For this
reason, we propose a supervised multimodal DL method that analyzes image time series acquired by different sensors to perform
semantic segmentation. The proposed DL method is based on a Variational Autoencoder (VAE) that models the spatio-temporal
information of the multimodal input image time series, with encoders and decoders composed of 3D convolutional layers, and learns
the probability distributions for each modality. The probability distributions are combined to derive a joint distribution used for
semantic segmentation. Learning the joint probabilistic distribution is achieved by combining the probabilistic parameters across
modalities using a Product of Experts (PoE) approach. The feature maps derived from the obtained latent space are processed through
three decoders. Two decoders aim to reconstruct the input multimodal image time series. The third decoder performs a semantic
segmentation based on the inputs. Experiments conducted on the MultiSenGE and Austria datasets, which comprise Sentinel-1 and

Sentinel-2 image time series acquired in France and Austria and representing heterogeneous classes, yielded promising results.

1. Introduction

The increasing number and types of satellite sensors over the
last decade have led to the development of a growing number of
multimodal Remote Sensing (RS) methods. This methodology
enhances the performance of RS tasks, such as classification,
semantic segmentation, and change detection, by leveraging its
capacity to extract and utilize information from RS data acquired
by heterogeneous sensors. The multimodal RS methods also
enable increasing the temporal resolution of the input data, since
the use of different sensors allows for more frequent monitoring
of a given geographical area. Thus, it is possible to model an
object or a phenomenon with finer temporal information. Deep
Learning (DL) methods have improved multimodal RS analysis
by enabling automatic learning and feature extraction across
diverse multimodal domains.

Multimodal DL RS methods can aggregate the various modalit-
ies using three approaches: early, intermediate, and late fusion
(Zhao et al., 2024). Early-fusion approaches combine the differ-
ent modalities at the input level. However, they are sensitive to
differences in spatial resolution and cannot mitigate the domain
gap between the modalities. Late-fusion approaches combine
outputs from multiple modalities at the decision level. These
models analyze unimodal data and may therefore yield subop-
timal results due to the limitations of single modalities. Inter-
mediate fusion approaches are the most widely used since they
combine multimodal information at the feature level. However,
the combination of multimodal features remains an open issue.
Most multimodal DL methods exploit two-branch architectures
to extract features for each modality and then combine them
throughout the model (Hu et al., 2017, Benedetti et al., 2018,
Zhao et al., 2025). In (Li et al., 2023), the authors use a sparse

constraint to reduce the feature redundancy and improve the
model generalization. Generative Adversarial Networks (GANSs)
are used to generate optical-like images from Synthetic Aperture
Radar (SAR) images, or vice versa, and to analyze the images
within the same data domain (Saha et al., 2021, Hong et al.,
2021, Zhu et al., 2025). Cross-attention mechanisms allow DL
models to fuse multimodal features by learning the multimodal
interdependencies and global spatial context (Wang et al., 2022).
In (Luppino et al., 2024), the authors propose a code-aligned au-
toencoder that aims to learn a common domain between the mul-
timodal data. In recent years, Transformer-based methods have
been developed to exploit the capacity of Transformer layers to
analyze global context and improve data fusion across heterogen-
eous modalities (Roy et al., 2023, Cai et al., 2023, Chang et al.,
2024). In (Ma et al., 2024), the authors combine the capacity of
convolutional layers to extract local spatial information and that
of transformer layers to extract global information to fuse mul-
timodal features at different scales. State Space Models (SSMs),
such as Mamba (Gu and Dao, 2024), have also been used to
process multimodal RS images and reduce the computational
load of the model compared to Transformer-based ones (He et
al., 2025, Cui and Zhang, 2026). Recently, many multimodal RS
methods fine-tune foundation models to improve the analysis of
multimodal data, thanks to their generalization capacity, which
enables them to fuse data across multiple modalities and learn
models that can be applied to multiple downstream tasks (Yan et
al., 2023b, Zhou et al., 2025). However, these methodologies are
computationally intensive and challenging to fine-tune since they
require a large amount of data. The previous methodologies do
not handle the temporal relationship between bitemporal images,
which is critical for change detection tasks, nor do they model
temporal information in image time series, which is relevant

This contribution has been peer-reviewed.
https://doi.org/10.5194/isprs-archives-XLIX-B3-2026-3-2026 | © Author(s) 2026. CC BY 4.0 License. 3



The International Archives of the Photogrammetry, Remote Sensing and Spatial Information Sciences, Volume XLIX-B3-2026
XXV ISPRS Congress 2026 “From Imagery to Understanding”, Commission Ill, 4-11 July 2026, Toronto, Canada

_ . Probabilistic Encoders _

PoE

_ Probabilistic Decoders __
-
N
~
o l——
N
=
'U\
5
<
~
=~
N
V/
j_
)
S
~
,_'po
~
1

IZ,n Yn Il,n

Figure 1. The flowchart of the proposed method. ¢4, (z1|11) and
Gos (22]|12) are the two encoders learning the probability
distribution parameters of the two input image time series
belonging to the two modalities to be combined with a Product of
Experts (PoE) strategy for learning a shared latent space z.
po, (I1]2) and pg, (I2|z) are the decoders that reconstruct the
multimodal inputs and enable the learning of the multimodal
probability distributions. pe,., (f/|z) is the decoder for semantic
segmentation.

for distinguishing classes with spectral behavior that varies over
time.

The temporal information derived from image time series can be
exploited by a multimodal DL RS method to guide the translation
from one domain to another using an architecture composed
of two input branches, one for each modality, in which the
spatiotemporal information extracted by one branch is influenced
by the one extracted from the other one (Liu et al., 2022). Many
State-of-the-Art (SoA) multimodal DL methods analyze the
spatiotemporal and spatial context information separately for
each modality using Convolutional Long-Short-Term-Memory
(ConvLSTM) and convolutional-based models, respectively, and
combine them with fully connected layers (Ienco et al., 2019) or
U-Net-based models to perform the downstream task (Wenger
et al., 2023). These methods give the same relevance to all the
multimodal features. However, some are more relevant to a given
task than others. Attention mechanisms improve the combination
of multimodal spatiotemporal features by emphasizing the most

relevant ones for a given RS task (Garnot and Landrieu, 2021,
Garnot et al., 2022). Transformer-based methods have been used
to extract long-range, time-dependent, and high-level semantic
information from multimodal data (Yan et al., 2023a, Follath et
al., 2024). Foundation models, such as SkySense (Zhang et al.,
2025), can process multimodal RS image time series to extract
spatiotemporal features for my downstream tasks. However, they
comprise billions of parameters and require billions of images
for fine-tuning, making them challenging to adapt to additional
modalities. The approaches presented so far do not learn the
probabilistic distributions of input modalities, but rather shared
domains that are limited by the number of training samples.
Thus, when input multimodal images do not fall within the
learned discrete domain, the performance of the multimodal DL
model drops.

For these reasons, we present a supervised multimodal DL
method that analyzes the spatiotemporal information of image
time series acquired from multispectral and SAR sensors to per-
form a semantic segmentation. The proposed method is based
on a Variational Autoencoder (VAE) that models spatiotemporal
information using an encoder/decoder structure composed of 3D
convolutional layers. VAEs can learn the probabilistic distribu-
tion of the input data to generate a brand new output belonging
to the same domain. We exploit this characteristic to learn the
probabilistic distributions of the different modalities and to de-
rive a probabilistic distribution over a common domain shared
by them. The combination of multimodal probabilistic distribu-
tions into a joint one is performed using a Product of Experts
(PoE) approach. The experiments conducted on the MultiSenGE
dataset, a labeled semantic segmentation dataset composed of
Sentinel-1 and Sentinel-2 image time series acquired in France,
yielded promising results.

The paper has the following outline. Section 2 describes the
proposed methodology. In Section 3, we present the dataset, ex-
perimental settings, and results. Finally, we draw our conclusion
in Section 4.

2. Multimodal and Multitemporal Semantic Segmentation
Using a Variational Autoencoder

The paper proposes a multimodal DL semantic segmentation
method that uses a VAE to learn a joint domain across the in-
put multimodal image time series (Figure 1). We use the VAE
since it does not encode a single deterministic latent vector,
like other autoencoders; instead, it learns a continuous latent
space defined by the probabilistic distribution parameters. In
this way, the model learns the probabilistic distributions of each
modality and enables us to learn a new distribution common
to all modalities. Let us assume having two image time series
I1 = {itl,l, t1 = 1, cony T1} and IQ = {it2,27t2 = ].7 ..,7T2}
composed of 77 and 7> images 4,,1 and i, 2 having different
modalities. 4,,1 has size of h X w x s; and ¢, 2 has size of
h X w X s2, where h is the height, w is the width, and s; and
s2 are the number of spectral bands. The images for I; and I»
have identical spatial resolutions, are spatially coregistered, and
do not need to be temporally aligned. We also assume that no
significant changes occur among the acquisitions of the images
in the time series. We process I; and I» with a VAE to obtain
a semantic segmentation map Y with size h x w x C, where
C'is the number of classes. To do so, we train the VAE using
a labeled dataset X = {(Ii,n,I2,n), Yn}, where n = 1,..., N,
composed of N couples of multimodal image time series I,
and I, and associated to a reference semantic segmentation
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map Y, with size h x w x C presenting C' classes. The VAE pro-
cesses I and I5 ,, using two encoders, one for each modality,
and extracts statistical parameters for both modalities. Assuming
that the modalities are independent, the multimodal statistical
parameters are combined using a PoE approach. We sample
the latent space derived from the PoE to generate a feature map
in the joint domain, which is then processed by three decoders.
Two decoders aim to reconstruct I, and I ,, whereas the
third one processes I1,, and I» , to obtain a semantic segmenta-
tion map Y;,. Encoders and decoders model the spatiotemporal
information of I , and I2 , using 3D convolutional layers.

2.1 Probabilistic Encoders

The probabilistic encoders aim to model the spatiotemporal in-
formation in the input multimodal image time series /1, and
I, and to extract the probabilistic distribution parameters for
each modality. The encoders model the spatiotemporal informa-
tion of the multimodal image time series using a series of L, 3D
convolutional layers with a fixed kernel size of k x k x k fol-
lowed by 3D batch normalization and LeakyRelu layers. We use
3D convolutional layers since they can analyze 3-dimensional
data. In the proposed method, we use them to jointly model the
spatial context and temporal information of image time series,
and we exploit the kernel size value for both modalities since
they have similar spatial and temporal resolutions. The encoders
can be defined as g¢, (21|I1) and gy, (22]12), where g, and g4,
are the approximate posterior probabilities learned by the en-
coders and are used to indicate the encoders, ¢1 and ¢2 are the
parameters of the two encoders. z, € R"Za*%Lq*T1.L4%fLq
and zp € R"Ea*®WLq*T2.0q%/Lq gre the sampled latent vari-
ables corresponding to modality domains, hr , wr,, and fL B
are the height, width, and the number of filters of the two
matrices at the L,-th layer, and 71,1, and 1% 1, are the tem-
poral size of the two modalities at the L4-th layer. An hid-
den encoder layer Hi, m, lq = 1,..., Lq, belonging to the en-
coder analyzing the modality m = 1,2 can be defined by
Hiym = (Wi, m* Hi,—1,m +bi,m), where Wi, m and by, m
are the weights and bias of the [,-th layer in the encoder pro-
cessing the modality m, « is the LeakyReLu activation function,
and x is the convolutional operation. Each layer [, compresses
spatiotemporal information to increase the receptive field of the
model.

From the spatiotemporal features H,, ., obtained from the en-
coder outputs, it is possible to derive the sampled latent variables
corresponding to modality domains z,, through a sampling op-
eration:

Zm ~ Gy (2m | Im).- M

However, this sampling operation is non-differentiable. To make
the model differentiable and, as a simplification, assuming that
the modality probabilistic distributions are Gaussian, the prob-
abilistic distributions of the two modalities z,, are defined:

Zm = i + Sme, e ~ N(0,1), 0))

where fi, € R/Za*TmLq and 2, € RI2a* T2 *Tm.Lq gre the
mean and coviariance matrices of the two modalities, and e is
a random number generator with a standard normal distribu-
tion. u., and 3, are learned by the encoders using paramet-
rization layers. Each parametrization layer is a 3D convolu-
tional layer with a kernel size of 1 x 1 x 1. Thus, fm, Xm =
a(Wp,m*HL, m~+bpm), where Wy, , and by, .., are the weights
and biases of the parametrization layers processing the spa-
tiotemporal features Hr,,m of the modality m. We use 3D

convolutional layers to represent ji,, and X,,, rather than fully
connected or monodimensional layers, because they provide a
better representation of the probabilistic distribution parameters
of image time series across more dimensions than monodimen-
sional layers.

The sample latent variable z representing the joint domain between
the modalities can be defined by considering Eq. 1 as:

z ~ qg (2|1, I2). 3)

Since we assume that the various modalities are statistically
independent, we can represent gy (2|1, I2) as the product of the
approximate posterior probabilities learned for each modality:

2
Q¢(Z|]17I2)06 H q¢m(27n|[7n)~ (4)

m=1

This formulation corresponds to the PoE ones. Since Eq. 2
proves that we can represent a sample latent variable z,, using
its mean and variance in the case it is assumed to have a Gaussian
distribution, the sampled latent variable z represents the joint
domain, which can be expressed as:

z=pu+ e e~ N(0,1), 5)

where 1 and ¥ are the mean and covariance matrices derived
from the PoE using the p.,, and X,,, of each modality and com-
puted with the following closed forms:

2 2 2
p= (Z umml) (Z z) 2= (Z zm) . (©
m=1 m=1 m=1

2.2 Probabilistic Decoders

The output of the sampled latent variable z is passed to the three
decoders. Two decoders py,, (I,n|z), where 6,, are the decoder
parameters for the modality m and I, is the reconstruction of
the input image time series belonging to the modality m, aim to
the reconstruct the input image time series /,,,. The reconstruc-
tion process helps the VAE learning spatiotemporal features and
the parameters of the probabilistic distributions (i.e., ftm, Zm,
, and ). The third decoder ps.,, (Y|2), where 6.4 are the
decoder parameters and Y are output segmentation map, uses
the features deriving from z to process the multimodal image
time series and obtain a segmentation map. The three decoders
process the features from z using three 3D convolutional layers,
one for each decoder, with a kernel of 1 x 1 x 1 to adjust the
feature size to match the decoder ones. Afterwards, the decoders
upsample and process their spatiotemporal information using
3D convolutional layers with a fixed kernel size of k X k x k
followed by 3D batch normalization layers and LeakyReLU
activation functions. The final layers of the reconstruction de-
coders pg,, (Im|z) are 3D convolutional layers with as many
filters as s and sz, followed by sigmoid activation functions
and obtain the reconstrunction of the multimodal image time
series I, ,. Whereas, the segmentation decoder pg., ) (Y)z) has
a final layer composed of a 3D convolutional layer with a filter
number equal to the number of classes C' and uses a softmax
activation function to derive the segmentation map Y.
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2.3 Loss Function

The proposed multimodal VAE learns spatiotemporal features to
perform semantic segmentation and latent spaces that represent
the probabilistic distributions of the two modalities during train-
ing. To do so, we train the proposed model using a combination
of a Mean Squared Error (MSE) loss function for reconstructing
the multimodal image time series, a categorical cross-entropy
loss L4 for the semantic segmentation, and a Kullback Leibler
(KL) divergence to encourage the learning of a well-structured
latent space. We used a weighted categorical cross-entropy loss
function to alleviate the problem of the imbalance between the
dataset classes, and it is defined as follows:

N
Loca =~ 30D we¥enlog(Ven) @

n=1c=1

where w. is the weight for the class ¢ = 1, ..., C, and Y¢,, and

Y. n are the true label and predicted label for the class c. The
MSE loss function for the modality m can be defined as:

N
1 N
MSEnm = Zl(lm,n — fmn)?. ®)

Whereas, the KL divergence controls the learning of the latent
space, and therefore, the probabilistic distribution represented
by the statistical parameters p and o, and is defined as:

J
1 2 2 2
KL=3 E l(ﬂj + 0 —logoj — 1), ©)
pm

where 1; and o; are the mean and the standard deviation of the
j-th latent dimension with 7 = 1, ..., J and J is the total number
of latent dimensions. The loss function used for the training of
the multimodal VAE is:

2
L= AaMSEpm + YsegLoeg + BKL, (10)

m=1

where ;.4 is the constraint variable used to weight the categor-
ical cross-entropy loss, A, is the weight for the reconstruction
loss of each modality m, and 3 controls the contribution of the
KL divergence.

3. Experimental settings and results
3.1 Dataset

We evaluated the proposed method using two datasets. The first
dataset is the MultiSenGE Dataset (Wenger et al., 2022) that
is exploited for LandUse and LandCover (LULC) tasks and is
composed of Sentinel-1 (Figure 2(b)) and Sentinel-2 (Figure
2(a)) image time series, covering the Grand-Est region in France
(57433 km?). The dataset originally had 14 classes, but we ag-
gregated them into five more conservative classes (Figure 2(c)).
The aggregated classes are not equally distributed (Table 1). Ag-
ricultural areas and Forests represent the majority, followed by
Urban Areas, while Wetlands and Water Surfaces have very few
samples. In particular, Wetlands tend to be small areas similar to
their surroundings, which makes them challenging to segment
accurately.

This aggregation was chosen because it provides a more read-
able, interpretable set of categories while remaining sufficiently

diverse to evaluate the model. It includes classes with both small
and large areas, classes that vary over time, and classes that
exhibit more stable temporal behavior.

Category Distribution
%
Urban 7.5
Agriculture 58.7
Forests 32.5
Wetlands 0.31
Water Surfaces 0.89

Table 1. Aggregated categories of the MultiSenGE dataset with
their distribution.

(©)

Figure 2. Example of MultiSenGE (a) Sentinel-2 and (b)
Sentinel-1 patches, and (c) the corresponding reference map
(Grey is Urban, yellow is Agriculture, green is Forests, brown is
Wetlands, and blue is Water Surfaces).

Some classes have more temporal variation in the spectral values
than others (e.g., Agriculture or Wetlands). As shown in Figure
3, the RGB images reveal crop color changes: brown/green in
July at harvest time, brown in September after harvest, and green
in November during regrowth. This temporal variation under-
scores the crucial need for image time series in distinguishing
classes with high temporal variation in spectral values, which
is otherwise impossible in single-date semantic segmentation.
Figure 3 also shows that only a segmentation map is provided for
the whole image time series, even though some classes, such as
water surfaces, vary in size across the image time series, making
the semantic segmentation challenging.

(@

Figure 3. Three examples of Sentinel-2 images belonging to the
same time series acquired on (a) July, (b) September, and (c)
November, and (d) the corresponding reference map (Grey is

Urban, yellow is Agriculture, green is Forests, brown is Wetlands,

and blue is Water Surfaces).
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The MultiSenGE dataset uses the ten spectral bands at 10 m/pixel
and 20 m/pixel for the Sentinel-2 image time series, interpol-
ated at 10 m/pixel, and exploits both VV and VH polarizations
for the Sentinel-1 image time series. For each Sentinel-2 im-
age time series, we considered six images acquired in January,
June, July, August, September, and November. We chose these
months because they have the most images in the dataset. For
the Sentinel-1 image time series, we selected the images closest
in time to the Sentinel-2 ones. From the MultiSenGE dataset, we
considered 8157 patches containing pairs of Sentinel-1/Sentinel-
2 image time series with a size of 256 x 256. To increase the
dataset size, we split the patches into 16 sub-patches, yielding
130512 patches of size 64 x 64. We divided the dataset into
training (80%), validation (10%), and test (10%) sets, resulting
in a training set of 104410 samples and validation and test sets
of 13051 samples each.

Figure 4. Example of the Austria dataset: (a) Sentinel-2 and (b)
Sentinel-1 patches, and (c) the corresponding reference map
(white areas are unclassified and not included in the quantitative
results, orange is Grassland, light blue is Small-seeded grass,
yellow is Maize, red is Soy, green is Wheat, Lilac is Sunflower,
brown is Potato, purple is Wine, gray is Colza, light green is beet,
cyan is Cucurbitacea, pink is Other cereals, and leek green is
Legumes).

The second dataset consists of Sentinel-1 (Figure 4(b)) and
Sentinel-2 (Figure 4(a)) image time series acquired from Septem-
ber 2020 to August 2021 over an agricultural area in Austria.
Each image time series consists of 12 images, one per month,
and the images from the two modalities are not temporally cor-
related. Thus, unlike the previous dataset, the Sentinel-1 images
are not acquired as close in time as possible to the Sentinel-2
images. The reference map (Figure 4(c)) is derived and adapted
from the Invekos dataset, which comprises various agricultural
classes and fields reported by farmers (Austria, 2021, Weikmann
et al., 2023). The dataset comprises 13 unbalanced agricultural
classes (Table 2), whose spectral behavior varies widely through-
out the year. We used 10 spectral bands for the Sentinel-2 data,
excluding the atmospheric bands at 60 m/pixel of spatial resol-

ution, and the VV and VH polarizations of Sentinel-1 images.
All the Sentinel-2 spectral bands are interpolated at 10 m/pixel
of spatial resolution, whereas Sentinel-1 images have a spatial
resolution of 10 m/pixel. The Sentinel-2 and Sentinel-1 image
time series are spatially coregistered. We sampled the image
time series to obtain patches of size 64 x 64 x 12 x 10 for the
Sentinel-2 data and 64 x 64 x 12 x 2 for the Sentinel-1 data, and
composed a training set of 24159 patches and a validation set
of 3611. As a test area, we consider a 750 x 750 pixel region,
disjoint from the training and validation sets.

Category Distribution
%
Grassland 9.27
Small-seeded Grass 1.15
Maize 13.65
Soy 14.34
Wheat 44.02
Sunflower 4.70
Potato 1.72
Wine 1.47
Colza 0.81
Beet 5.08
Cucurbitacea 2.37
Other cereals 0.50
Legumes 0.92

Table 2. Categories of the Austria dataset with their distribution.

3.2 Experimental settings

We trained the model using the Adam optimizer with a learning
rate of 5 x 10™%, a batch size of 128, and 100 training epochs.
The number of epochs is sufficient, allowing the model to reach
a performance plateau before the end of training. The hyperpara-
meters of the loss function presented Section 2.3 are 5 = 0.1,
Yseg = 5, and A, = (0.5,0.5). w. = (1,1,1,5,1) in the
MultiSenGE dataset, whereas all values of w. are equal to 1 for
the Austria dataset. In the MultiSenGe dataset, a higher weight
w, was assigned to the Wetlands class to address class imbal-
ance in the dataset, as it is the least represented class. During
the experiments, these hyperparameter values provided the best
results. We implemented the model using the PyTorch library.
All experiments were executed on NVIDIA Tesla V100 GPUs.
To ensure reproducibility, we run all experiments with a fixed
random seed.

We demonstrated the effectiveness of incorporating multimodal
and multitemporal information into the proposed model through
an ablation study. This study compares the proposed method
with two models processing single-modal image time series (i.e.,
one for Sentinel-1 and one for Sentinel-2) and one model analyz-
ing multimodal single-date images. All the models exploit the
same VAE architecture, but the model processing single-modal
image time series had a probabilistic encoder and two decoders:
one for the reconstruction and one for the semantic segment-
ation; whereas, the model processing multimodal single-date
images used 2D convolutional layer instead of the 3D ones since
it did not process the temporal information. The ablation study
was done using the MultiSenGe dataset. We then compared
the proposed method with ConvLSTM+Inception-S1S2 (CIS)
(Wenger et al., 2023) and U-TAE (Garnot et al., 2022). CIS is a
SoA multimodal architecture based on a U-Net backbone and
enhanced with two feature extractors. First, it uses a ConvLSTM
module to capture spatiotemporal features from satellite image
sequences. Second, a Naive Inception module extracts spatio-
spectral features using convolution filters of different sizes. The

This contribution has been peer-reviewed.
https://doi.org/10.5194/isprs-archives-XLIX-B3-2026-3-2026 | © Author(s) 2026. CC BY 4.0 License. 7



The International Archives of the Photogrammetry, Remote Sensing and Spatial Information Sciences, Volume XLIX-B3-2026
XXV ISPRS Congress 2026 “From Imagery to Understanding”, Commission Ill, 4-11 July 2026, Toronto, Canada

outputs of both extractors are concatenated and fed into the U-
Net decoder to produce the semantic segmentation map. U-TAE
analyzes spatiotemporal information using a U-Net-based ar-
chitecture and employs a temporal attention encoder to handle
temporal information.

To evaluate the performance of our model on the segmentation
maps, we used Overall Accuracy (OA), Fl-score, and Intersec-
tion over Union (IoU).

3.3 Effectiveness of the multimodal and multitemporal in-
formation

This ablation study examined the contribution of multimodal
and multitemporal information to the proposed method. As il-
lustrated in Table 3, the model processing only the Sentinel-1
image time series achieved the lowest performance (e.g., OA
of 67.38%). The model, which processed only the Sentinel-2
image time series, improved the OA by 9.47% compared to the
Sentinel-1 case. This is because Sentinel-2 images provide more
information and are less noisy than Sentinel-1. The combin-
ation of Sentinel-1 and Sentinel-2 image time series allowed
the proposed method to achieve the best performance (e.g.,
OA of 77.19%), slightly improving the results compared to the
Sentinel-2 case. This improvement demonstrated that the pro-
posed method can effectively combine Sentinel-1 and Sentinel-2
image time series and extract more informative features, thereby
improving performance. We can also observe that including tem-
poral information in the proposed method improved the F1 score
by 3.58% compared to the multimodal single-date case. The
temporal information enabled the model to distinguish better
classes characterized by spectral variation over time, which are
challenging to categorize with the multimodal single-date setup.
However, the proposed model was the most computationally
demanding since it used multiple encoders and decoders com-
posed of 3D convolutional layers to analyze the multimodal and
spatiotemporal information. The model processing multimodal
single-date images had the fewest parameters because it used
2D convolutional layers rather than 3D ones.

Method OA F1 IoU | Params.
% % %

Single-date 75.13 | 71.70 | 62.88 2.30M

S1 time series | 67.38 | 67.87 | 57.98 3.74M

S2 time series | 76.85 | 74.58 | 65.36 3.75M

Proposed 77.08 | 76.76 | 67.13 | 6.24M

Table 3. Ablation study on the multitemporal and multimodal
information effectiveness.

Class S1 S2 Single-date | Proposed
% % % %
Urban 72.40 | 82.37 80.72 79.39
Agriculture 93.39 | 95.25 94.54 95.40
Forests 91.55 | 94.04 93.03 93.67
Wetlands 14.41 | 27.98 15.69 34.92
Water Surfaces | 67.61 | 73.28 74.50 80.39

Table 4. F1-score per class for Proposed, S1, S2 and Static
models.

Table 4 shows the F1 score of the analyzed model for the five
considered classes. The proposed method outperformed all
other models, except for Wetlands, where the model processing
Sentinel-2 image time series achieved a slightly higher score
(e.g., 0.34%). The slightly lower performance of the proposed
method in Wetland identification compared to the Sentinel-2

case may be due to the geometrical distortion introduced by the
Sentinel-1 image time series. The two other models generally
struggle in the smaller classes, such as Water and Wetlands. The
Sentinel-2 case achieved a comparable F1-score to the proposed
method for Wetlands. However, the former detected more false
alarms (Figure 5(c)) than the proposed method (Figure 5(e)),
where we can observe that the small Water surface is incorrectly
predicted as Wetlands. Thus, including temporal information
is beneficial for distinguishing classes with a spectral variation
over time, such as Wetlands and Agriculture.

(d) (©)

Figure 5. Comparison between (a) the reference map and the
segmentation maps obtained using a VAE processing (b)
Sentinel-1 image time series, (c) Sentinel-2 image time series, (d)
multimodal single-date images, and (e) the proposed method
(Grey is Urban, yellow is Agriculture, green is Forests, brown is
Wetlands, and blue is Water Surfaces).

3.4 State-of-the-Art comparison: MultiSenGE dataset

The comparison between the proposed method and the SoA
multimodal method CIS showed that the proposed method con-
sistently outperformed CIS (Table 5). It improved the OA of
7.88%, the F1 score of 14.98%, and the IoU of 15.50%. The
effectiveness of the proposed method compared to CIS in the se-
mantic segmentation can also be observed in Table 6, where the
proposed method sharply improved the identification of both ma-
jority (e.g., improvement in Agriculture by 8.31%) and minority
classes (e.g., improvement in Wetlands by 30.31%). Thus, the
quantitative results demonstrated that the proposed method more
effectively modeled the multimodal and spatiotemporal informa-
tion than CIS. This improvement is due to the proposed method
capability to learn a joint latent domain across multiple modalit-
ies, whereas CIS learned a shared domain, having a domain gap,
which reduced the CIS performance. This is achieved thanks
to the VAE capacity to learn the probabilistic distributions of
the modalities and to PoE, which combines them. The proposed
method achieved results comparable to U-TAE using a temporal
attention encoder (Table 5). U-TAE achieved slightly better res-
ults in identifying water bodies than the proposed method (Table
6), likely due to better modelling of temporal information, since
the class varies significantly over time, as seen in Figure 3. How-
ever, the proposed method achieved slightly better performance
in identifying a minor and mixed class, such as Wetlands, thanks
to its combination of multiple modalities.

The qualitative results confirm that the proposed model signific-
antly outperforms CIS. Even though the proposed method under-
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Method OA F1 ToU Params.
% % %

CIS 69.20 | 61.78 | 51.63 3.74M

U-TAE 76.71 | 77.97 | 69.07 2.16M

Proposed | 77.08 | 76.76 | 67.13 6.24M

Table 5. Quantitative results of CIS, U-TAE, and the proposed
method (MultiSenGe dataset).

Category CIS | U-TAE | Proposed
% % %
Urban 65.65 81.85 79.39
Agriculture 87.09 | 95.92 95.40
Forests 89.04 94.31 93.67
Wetlands 4.61 34.39 34.92
Water Surfaces | 62.50 82.84 80.39

Table 6. F1-score per class for CIS, U-TAE, and the proposed
method (MultiSenGe dataset).

estimated some small areas of Urban and Forests due to spatial
compression in the 3D convolutional layers, it accurately detec-
ted most classes (Figure 6(d)). In contrast, CIS over-predicted
the Water Surfaces, Wetlands, and Forests classes (Figure 6(b)).
The lower performance of CIS appears to be related to its loss
calibration and class aggregation strategy. The superior perform-
ance of the proposed model can be attributed to its VAE-based
architecture, which jointly encodes multimodal and multitem-
poral information in a shared latent space, capturing correlations
across modalities and over time before decoding. In contrast,
the CIS model processed each modality separately and merged
features only at a later stage, thereby limiting its ability to ex-
ploit cross-modal and temporal dependencies. As observed in
the quantitative results, the U-TAE (Figure 6(c)) and the pro-
posed method (Figure 6(d)) achieved similar qualitative results.
However, it is worth noting that the proposed method identi-
fied the wetland areas, whereas U-TAE misclassified them as
Forest and Water surfaces. This is due to the better modelling of
the multiple modalities and their combination performed by the
proposed method.

3.5 State-of-the-Art comparison: Austria dataset

The comparison between the proposed method and the SoA
methods using the Austria dataset showed that the proposed
method outperformed CIS by increasing OA, F1-score, and IoU
by 10.22%, 12.29%, and 12.07%, respectively. This is mostly
due to better modelling of multiple modalities, which allowed
better identification of most classes compared to CIS (Table
8). The proposed method achieved comparable performance
with U-TAE (Table 7). The proposed method increased the F1-
score by 2.30% compared to U-TAE, particularly improving the
detection of Cucurbitacea and Other Cereals (Table 8). This
overall increase in class identification indicates that it better
models information across multiple modalities. However, U-
TAE better identified the shape of agricultural fields (e.g., an IoU
increase of 2%) than the proposed method, thanks to the U-Net-
based architecture and better modelling of temporal information.

Method OA F1 ToU | Params.
% % %

CIS 39.72 | 39.94 | 28.96 3.74M

U-TAE 50.97 | 49.93 | 43.03 | 2.16M

Proposed | 49.94 | 52.23 | 41.03 6.24M

Table 7. Quantitative results of CIS, U-TAE, and the proposed
method (Austria dataset).

@
B |
;bi A
©
Figure 6. Comparison between (a) the reference map and the
segmentation maps obtained using (b) CIS, (c) UTAE, and (d) the

proposed method (Grey is Urban, yellow is Agriculture, green is
Forests, brown is Wetlands, and blue is Water Surfaces).

P

From the qualitative results, we observed that the proposed
method (Figure 7(d)) and U-TAE (Figure 7(c)) correctly classi-
fied most agricultural fields and performed similarly, with the
proposed method classifying the agricultural fields, such as Cu-
curbitacea (see the upper right part of Figures 7(c) and 7(d)),
slightly more accurately than U-TAE. Whereas, CIS misclas-
sified some agricultural fields by overestimating some classes,
such as Small-seeded grass (see upper left part of Figure 7(b)).
This is due to better modelling of the multimodal and temporal
information in U-TAE and the proposed method compared to
CIS. We can also observe that the proposed method and U-TAE
did not preserve the agricultural field borders, resulting in the
loss of some thin-shaped fields.

4. Conclusions

We proposed a supervised DL. multimodal method to analyze
the spatiotemporal information of image time series acquired
from various sensors and to perform semantic segmentation. The
proposed method employed a VAE with 3D convolutional lay-
ers to model spatiotemporal information in the input and learn
probabilistic distributions across various modalities. These distri-
butions are combined using a PoE approach into a probabilistic
distribution that characterizes a latent space domain common to
the input modalities. The experimental results demonstrated the
effectiveness of jointly analyzing multimodal and multitemporal
information to improve the semantic segmentation performance
of classes by extracting more informative features from the
multimodal input and by better modeling classes characterized
by spectral variation over time. We also showed that learning
the probabilistic distributions of multiple modalities and their
combination using the PoE approach to create a joint domain
improved modeling of multiple modalities compared to SoA
methodologies that process each modality separately and merge
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Category CIS | U-TAE | Proposed
% % %
Grassland 44.05 72.60 71.49
Small-seeded Grass | 9.72 28.73 16.47
Maize 59.64 | 73.60 71.07
Soy 71.11 76.93 74.46
Wheat 83.35 90.44 88.02
Sunflower 73.95 81.19 76.73
Potato 3.84 0.00 0.00
Wine 5.47 24.75 22.33
Colza 44.05 93.72 90.38
Beet 63.22 | 77.19 74.86
Cucurbitacea 17.37 36.33 48.94
Other cereals 3.97 4.33 7.92
Legumes 3945 | 39.27 36.35

Table 8. F1-score per class for CIS, U-TAE, and the proposed
method (Austria dataset).

features only at a later stage. This mechanism enabled the pro-
posed method to achieve performance comparable to or better
than that of SoA methods.

As future work, we plan to explore the learned latent spaces of
the joint domain and various modalities in greater depth to un-
derstand which features are shared across modalities and which
are specific to each. Since the assumption of the SAR data prob-
ability distribution as Gaussian-like is strong and can degrade
model performance, we plan to improve the modelling of the
SAR probability distribution to learn a more efficient shared
domain, thereby increasing model performance. We also aim
to improve the proposed method by adding ConvLSTM layers
to better model temporal information, incorporating attention
mechanisms to refine multimodal feature learning, and testing it
on other datasets with different modalities.
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