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ABSTRACT Multi-sensor data has become a foundation of Earth Observation (EO) research, offering
models with enhanced accuracy via optimal fusion strategies. However, the unavailability of sensor data at
the regional or country scale during inference can significantly undermine model performance. The literature
explores diverse approaches to increasing model robustness to missing sensor scenarios, i.e., to reducing the
decline in accuracy caused by missing data at inference time. Nevertheless, most of them have suboptimal
behavior when a single-sensor is available for prediction. To address this challenge, we propose a novel
method for multi-sensor modeling, Decision-level Sensor Dropout with mutual distillation (DSensD+). This
employs a decision-level fusion, ignoring predictions from missing sensors and incorporating the Sensor
Dropout (SensD) technique. Unlike works that use the SensD at the input or feature level, we use it at
the decision level. Moreover, we include a mutual distillation strategy to improve the robustness. From a
practical viewpoint, the additional components in theDSensD+method are incorporated only for the training
phase. During inference, it operates as a standard decision-level fusion model that ignores missing sensors.
We validate our method on three EO datasets, spanning binary, multi-class, and multi-label classification
tasks for crop- and tree-mapping related applications. Notably, DSensD+ outperforms several state-of-
the-art methods, achieving consistent improvements across moderate (single-sensor missing) and extreme
(single-sensor available) conditions, as well as with full-sensor data. These results demonstrate the robustness
of DSensD+ and highlight the effectiveness of our method for the missing sensor problem, advancing the
field of multi-sensor modeling in EO.

INDEX TERMS Earth observation, multi-sensor model, missing sensor data, deep learning, robustness.

I. INTRODUCTION
Accessing multi-sensor data is becoming a common setting
in the Earth Observation (EO) domain. The advances in
instruments and the accessibility to data from diverse remote
sensors have supported the research of deep learning models
for multi-sensor data analysis [1]. Multi-sensor data can
be used to learn common features and transfer knowledge
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between sensor-dedicated models [2] or to improve the
predictive performance of deep learningmodels [3].We focus
on the latter in this work, which consists of designing
an effective way to fuse multi-sensor data. Thus, evi-
dence from literature shows that fusing multi-sensor data
improves the model performance compared to single-sensor
models [3]. However, accessing multiple sensor data during
both the training and inference stages could be infeasible
in scenarios characterized by operational constraints and
requirements.
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FIGURE 1. Illustration of inference cases with missing sensor data. The multi-sensor model is usually trained in the first scenario of full-sensor data
with optical, radar, and topography (a). In missing sensor scenarios, b) moderate sensor missingness corresponds to predictions with a single-sensor
missing (radar in this case), and c) extreme sensor missingness corresponds to single-sensor predictions where all others are missing except one
(optical in this case).

Missing data is an inherent phenomenon in the EO
domain [4]. This is because data collection occurs under
operational constraints in real-world environments, where
different situations and human decisions may affect its con-
sistent and global availability. Thus, different configurations
of missing data can be found in the EO domain, such as
spectral, spatial, temporal, or sensor-wise [4]. For instance,
optical sensors on board satellites can be affected by clouds,
partially occluding some regions [5]. Moreover, data from a
sensor can be affected by failures, errors, or limited spatial
coverage, being partially or entirelymissing during inference.
For instance, the Landsat 7 satellite problem faced after 2003
(ETM+ SLC-off) [6], the NAIP satellite that operates only in
the US, and the Sentinel-1b satellite that stopped its operation
in 2021 [7].
In the deep learning field, the lack of sensors (or modali-

ties) has been shown to greatly affect model performance [2].
Even recent models, such as transformers, are not naturally
robust to this setting [8]. Similar results are observed in
the Earth Observation (EO) domain. As expected, when the
percentage of missing information in the input data increases
(at spectral, spatial, temporal, or sensor dimensions), the
model predictions get worse [5], [9], [10], [11]. This decline
in predictive performance is associated with the robustness
of the models to deal with missing data at the inference
stage. For instance, Ofori-Ampofo et al. [10] show that addi-
tional sensors can increase the model robustness to cloudy
conditions in optical Satellite Image Time Series (SITS)
for crop classification. Similarly, Garnot et al. [5] observe
that different fusion strategies make multi-sensor models
more robust to missing optical sensor data. Moreover,
Mena et al. [11] notice that simple data processing tech-
niques that ignore the data from missing sensors improve
model robustness compared to data imputation in vegetation-
related applications.

Various multi-sensor models robust to missing sensors
have been explored in the EO domain. Here, we identify two
main missing sensor scenarios for inference, moderate sensor
missingness (single-sensor missing) and extreme sensor
missingness (single-sensor available), as illustrated in Fig. 1.
These multi-sensor models can involve dedicated training,

i.e., predefining a specific sensor to be missing (or be avail-
able) during inference [2]. For instance, the DisOptNet [12]
model is pre-trained on optical images and then transferred
to radar images via a hallucination branch. Similarly,
Kampffmeyer et al. [13] use a hallucination branch from the
optical image to imitate themissing depth image. On the other
hand, the non-dedicated training considers models designed
for arbitrary missing sensor scenarios. For instance, recent
works consider simply sharing weight layers [14], or using
the Sensor Dropout (SensD) technique. The SensD simulates
missing sensor data randomly during training, which has been
shown to improve robustness in multi-sensor images [15],
multi-sensor time-series [16], or improve pre-training in
multi-sensor self-supervision [17], [18], [19]. Moreover,
Xie et al. [20] use a semi-supervised mutual distillation
strategy where the predictions of modality-dedicated models
are used to learn the common patterns in aerial images and
point cloud data. Furthermore, in the direction of Geospatial
FoundationalModel (GeoFM), research efforts have explored
sensor-agnostic approaches, such as OmniSat [21], and
AnySat [22].

Multi-sensor models from the literature have some limita-
tions in their robustness. As observed in [14], [23], and [24],
these models tend to improve robustness in moderate sensor
missingness while disregarding the extreme cases. To address
this issue, we introduce a multi-sensor model that is not
only robust to moderate missing sensor scenarios but also
to extreme cases. Our method employs a decision-level
fusion strategy ignoring predictions from missing sensors
and including the Sensor Dropout (SensD) technique, but
differently from methods in the related literature, it is applied
at the decision-level. As we observe in our experiments,
this Decision-level Sensor Dropout (DSensD) method is
incapable of overcoming all the aforementioned limitations.
To this end, we consider a mutual distillation mechanism to
further improve the modeling and to guide the single-sensor
predictions toward a multi-sensor consensus. We named
this method Decision-level Sensor Dropout with mutual
distillation (DSensD+). The mutual distillation process [25]
has been used in the EO domain by Gbodjo et al. [26] to
improve the predictions of a multi-sensor model in land-cover
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classification. However, we use it directly at the decision-
level, including a temperature hyper-parameter to guide the
distillation process [27].

The motivation for using the decision-level SensD comes
from evidence in the literature that approaches that fuse
information at the last stages of the process, i.e. close
to the output-level, are more robust to missing and noisy
data [24], [28]. For instance, Garnot et al. [5] show the
effectiveness of decision-level dropout for missing images
in SITS compared to feature and input levels. Moreover,
Hong et al. [29] and Mena et al. [11] show the same robust-
ness behavior, but when sensors are missing in multi-sensor
data scenarios.

We validate our method in three EO datasets, con-
sidering binary, multi-class, and multi-label classification
tasks involving crop and tree-mapping related applications.
These datasets consider different sensor data types, such
as time series data (SITS) and single-date images. During
inference, we evaluate the models with fully or partially
missing sensor data in the two aforementioned scenarios,
moderate and extreme sensor missingness, shown in Fig. 1.
Our method outperforms several recent approaches from
the literature, as well as single-sensor baselines, across
the considered scenarios. Our consistent improvements
in various missing sensor scenarios clearly highlight the
benefits of our approach in the considered classification
tasks.

From a practical perspective, our method offers a key
advantage: the components introduced to enhance robustness,
SensD and mutual distillation, are only used during the
training phase. During inference, it performs a direct
decision-level fusion, simply ignoring predictions from any
missing sensors. Thus, our source code is publicly available
at https://github.com/fmenat/DSensDp.
Our work is organized as follows. In Section II, the

related literature is discussed. The proposed method is
introduced in Section III, the experimental assessment and
the comparison with state-of-the-art methods are conducted
in Section IV. Additionally, in Section V we discuss the key
factors characterizing the behavior of our method and, at the
same time, we perform an ablation analysis to disentangle the
different components on which DSensD+ is built. Finally,
conclusions are drawn in Section VI.

II. RELATED WORK
A. LEARNING WITH MULTI-SENSOR DATA
Multi-sensor or multi-modal models have proven to be
effective in the deep learning field [2], [8]. Gathering different
sources of information to improve predictive performance
is an inherent data modeling technique. Neural network
models implement several fusion strategies [3], such as
input-level, feature-level, and decision-level fusion, where
the name suggests the level at which the fusion process
takes place. Nowadays, full transformer-based models are
used to improve multi-sensor modeling via multi-head
attention mechanism [30]. However, it has been shown that

multi-modal transformers are not naturally robust to missing
modalities [8].

In the EO domain, there has been a recent increase
in methods using multi-sensor data [1], [3]. For instance,
Kussul et al. [31] use multi-spectral and radar images in
land-use classification with a CNN model employing input-
level fusion. However, several works have shown that using
sensor-dedicated layers improves the performance [5], [29].
For example, Audebert et al. [32] introduce sensor-dedicated
encoders for multi-spectral images and topographic maps,
fusing across several layers in the model. Additionally,
research in crop-type classification has shown that using
specialized encoder architectures for SITS benefits the
fusion process [10], [33]. Nowadays, there have been
efforts in designing GeoFM using multi-sensor data. For
instance, OmniSat [21] and AnySat [22] are self-supervised
models employing feature-level fusion with sensor-dedicated
encoders. These models require just fine-tuning the pre-
trained weights corresponding to the available sensors for a
particular downstream task.

B. SIMULATE MISSING SENSOR DATA
Simulating missing data has become a widely adopted
practice in the deep learning field. Utilized in various
contexts, ranging from standard regularization to objective
functions, e.g. reconstruction [34]. Here, the well-known
dropout operator [35] used at the input can be viewed as
a data augmentation technique. For instance, tokens can
be masked out in text data to learn how to reconstruct
them [36]. Similarly, time-steps can be masked out so that
models learn to impute a signal [37]. Furthermore, modalities
can be randomly dropped to increase model robustness,
as shown in [30].

In the EO domain, models like SatMAE [17], Presto [18],
and OmniSat [21] mask out part of the input data to set up a
reconstruction task for self-supervised learning. Furthermore,
the dropout can be applied to different dimensions of the
EO data. For instance, Fasnacht et al. [9] introduce a spectral
dropout to increase the model’s robustness to missing spectral
bands for hyper-spectral image segmentation. In the same
task, Haut et al. [38] use spatial dropout (random occlusion)
as a data augmentation technique, while Garnot et al. [5]
present temporal dropout in SITS for crop-type segmentation.
Furthermore, the SensD has been used to learn inter-sensor
representations [39], to assess sensor contributions [40], and
to increase model robustness to missing sensor data [14].
Most of the dropout usages as data augmentation are deployed
at the input-level. Nonetheless, SensD can be applied at the
feature level to avoid overfitting to dominant sensors [19] or
to increase robustness to missing sensor data [15]. Up to our
knowledge, there is no exploration of the SensD technique at
the decision-level in the EO domain.

C. KNOWLEDGE AND MUTUAL DISTILLATION
Knowledge distillation is a process used to transfer knowl-
edge from a complex model (teacher) to a simpler one
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(student) [27]. The transfer can be done offline, i.e. pre-
train the teacher model and then learn the student one,
or online, with a teacher updated from the moving average
weights of the student [41]. This process has been adopted
for multi-sensor models, e.g. with a multi-sensor teacher
and single-sensor student [42], or from one sensor to
another [43], known as cross-modal knowledge distillation.
Moreover, the transfer can be done in a teacher-free setting
between intermediate layers of the same model, known
as self-distillation [44]. When this teacher-free framework
uses inter-sensor/modal relations in multi-sensor/modal data,
it is known as mutual distillation [25]. Self- and mutual
distillation improve the performance without increasing the
model parameters, as shown in Black et al. [45].
In the EOdomain, knowledge distillationwithmulti-sensor

data has been used for different purposes. For instance,
Wang et al. [39] use an online knowledge distillation for
self-supervised learning with optical and radar images in
an input-level fusion model. Similarly, Astruc et al. [22]
use it in a GeoFM. Bakalos et al. [46] use an offline
knowledge distillation with a radar-elevation teacher model
implementing input-level fusion and a radar-only student
model. In addition, Kang et al. [12] use an offline approach
in the cross-sensor distillation from an optical-sensor model
to a radar-sensor model. The self-distillation between the
multi-sensor prediction and per-sensor predictions has been
used by Gbodjo et al. [26] to improve land-cover mapping.
Furthermore, Xie et al. [20] have used mutual distillation to
learn per-sensor models (optical images and point clouds) in
a semi-supervised co-learning framework.

In our work, we explore the intersection of the previous
points, with the aim of improving robustness to missing
sensor data at the inference stage. Contrary to works that
use the SensD technique in multi-sensor models at the input
or feature level, here, we explore the SensD technique at
the decision-level. More precisely, we introduce a mutual
distillation process which, to the best of our knowledge, has
not yet been investigated for increasing the robustness of
multi-sensor models in the EO domain.

III. METHODOLOGY
To address the problem of missing sensor data, we introduce
two methods (DSensD and DSensD+) based on the SensD
technique with a particular focus on the extreme missing
sensor scenario, as shown in Fig. 1c. First, we introduce an
overview of the SensD technique (in Sec. B), thenwe describe
how we adapt this technique to work at the decision-level by
ignoring missing sensors (DSensD, in Sec. C). Furthermore,
we discuss how we improve this method by including
two additional loss functions, one based on the full-sensor
data and another based on mutual distillation (DSensD+,
in Sec. D).

A. NOTATION
The multi-sensor modeling scenario consists of having N
training samples of paired sensors and corresponding ground

truth labels as D = {X(i), y(i)}Ni=1. For each sample i,
the label is y(i) ∈ {1, 2, . . . ,K } and multi-sensor data is
X(i)

= {X (i)
s }s∈S, with S a set describing all sensors available

for training. During inference, any subset of the sensors
used for training can be available, i.e. S̃ ⊆ S. Thus, the
objective is to find a model G that approximates the label,
regardless of the available sensors S̃. Our setting considers
sensor data X s with temporal or static features, and models
generating logits as prediction, ŷ(i) ∈ RK . Then, the learning
process optimizes a loss function of the form L(y(i), ŷ(i)).
Here, we consider the cross entropy loss as L(p, q) =

−
∑K

k=1 1(p = k) log (σ (q)k ), where σ (·) is the softmax
function, and 1(·) denotes the indicator function, which is
equal to 1 if the argument holds and 0 otherwise.

We consider a full-data training scenario with arbitrary
missing sensors at inference time. This framework is more
general than dedicated training (i.e., pre-defined missing or
available sensor) in the literature [12], [13], [46].

B. OVERVIEW ON SENSOR DROPOUT
To fuse multi-sensor data, the well-known feature-level
fusion can be used [3]. This strategy uses a dedicated encoder
per sensor Gencs that extracts a high-level representation as

z(i)s = Gencs (X (i)
s ) ∀s ∈ S, (1)

with z(i)s ∈ Rd the extracted features of a sensor s. Before
merging the extracted features, the Sensor Dropout (SensD)
technique is used to increase the robustness of the model to
missing sensors, as in [14], [15], and [19]. This technique
simulates missing sensor data during training via random
sensor dropping. For example, replacing features associated
to missing sensors with zeros, known as zero-out [14], [39]:
z̃(i)s = (1 − d (i)s ) · z(i)s , with d (i)s ∼ Bern(α) the binary
decision (based on the dropout ratio α) if the sensor s is
masked out in the sample i. Another way is to replace features
of dropped sensors with a learnable token t, as in [21]:
z̃(i)s = (1 − d (i)s ) · z(i)s + d (i)s · t. Moreover, the features can be
ignoredwhen using a dynamic aggregation functionmerge(·),
such as with average [16] or masked attention [19], which can
be expressed by

z(i)miss = merge
({
d (i)s , z(i)s

}
s∈S

)
, (2)

where z(i)miss ∈ Rdfus is the fused representation with
missing sensors, and merge(·) has two arguments, the
per-sensor binary decision to mask out d (i)s and the per-sensor
features z(i)s . Finally, the fused representation is used to
obtain the prediction of the model: ŷ(i) = Ghead(z(i)miss). This
approach enforces the prediction head to be resilient to the
lack of sensor information, as some sensor data may not be
available (after the SensD). In the following, we introduce an
alternative that uses an ensemble of sensor-dedicated models.

C. DECISION-LEVEL SENSOR DROPOUT
Inspired by the ensemble framework, we propose to
leverage the SensD technique at the decision-level in a
multi-sensor model implementing the decision-level fusion.
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FIGURE 2. Illustration of the Decision-level Sensor Dropout with mutual distillation (DSensD+) method during training, where the fusion, SensD,
and mutual distillation occur at the decision-level. During inference, the forward pass of the multi-sensor model corresponds to only the dark
arrows.

Hence, we expect greater flexibility in ignoring the informa-
tion from unavailable sensors. Considering a dedicated per
sensor model Gs = Gheads ◦ Gencs , composed of an encoder
and prediction head, that provides predictions in the form of
logits, the decision-level fusion model is expressed by

ŷ(i)s = normalize(Gs(X (i)
s )) ∀s ∈ S, (3)

ŷ(i)full =
1
|S|

∑
s∈S

ŷ(i)s , (4)

with normalize(·) the z-score normalization function,
ŷ(i)s ∈ RK the normalized predicted logits for a sensor s,
and ŷ(i)full ∈ RK the fused prediction (via average) of the
multi-sensor data. We found that normalizing the logits prior
to fusion enhances the performance of our decision-level
fusion model, which is consistent with recent findings from
the literature [47]. This is because it avoids optimizing the
magnitude of the logits, focusing on just the directions.
In this context, the SensD technique, which replaces missing
input data with zeros or learnable tokens, proves to be less
effective as it introduces a strong bias in the model decision,
which cannot be recovered in subsequent parts of the method.
Therefore, we apply the SensD by ignoring the predictions of
missing sensors from the merge function, given by

ŷ(i)miss =
1∑

s∈S
(1 − d (i)s )

∑
s∈S

(1 − d (i)s ) · ŷ(i)s (5)

with d (i)s ∼ Bern(α) the randomly drawn binary decision
if the sensor s is masked out, and ŷ(i)miss ∈ RK the fused
prediction with random sensors dropped. To have an unbiased
sampling of the dropped sensors (i.e. all configurations are
equally likely), we use α = 0.5, while an in-depth analysis
of this α hyper-parameter is shown in the experiments.

Thus, if S = {optical, radar}, then d (i) = [d (i)optical, d
(i)
radar]

can be either [0, 1], [1, 0], or [1, 1]. Hence, this method
implementing decision-level fusion, named Decision-level
Sensor Dropout (DSensD), optimizes a loss function using
the predictions with randomly missing sensors per sample
(or per batch as in [14]), expressed by

Lmiss =
1
N

N∑
i=1

L
(
y(i), ŷ(i)miss

)
. (6)

However, the learning of multi-sensor models over Lmiss has
a drawback in worsening the full-sensor predictions, ŷ(i)full,
as shown in the literature [14], [23]. This is because the
full-sensor data is just one among all missing sensor cases.
The number of possible combinations is given by the power
set of all sensors,P(S), minus the no-sensor case, i.e., 2|S|

−1.

D. IMPROVING DECISION-LEVEL SENSOR DROPOUT
To improve the drawbacks of optimizing multi-sensor models
on just Lmiss, Eq. (6), we consider the previous formulation
but include both losses. TheLmiss that is based on predictions
with randomly missing data, and another based on the
predictions with full-sensor data ŷ(i)full, Eq. (4), given by

Lfull =
1
N

N∑
i=1

L
(
y(i), ŷ(i)full

)
. (7)

The goal is that the multi-sensor model has access to data
patterns of the affected scenario (with missing data), as well
as the full-data scenario (no missing data). Furthermore, the
ensemble of sensor-dedicated models can be guided into the
common knowledge, as in [25]. To this end, we incorporate a
mutual distillation loss term based on the prediction of each
sensor-dedicated model ŷ(i)s , Eq. (3), the fused prediction ŷ(i)full,
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Eq. (4), and the real label y(i). Thus, the mutual distillation
loss on each sensor s corresponds to

Ls =
1
N

N∑
i=1

L
(
y(i), ŷ(i)s

)
+ λ · Lkd

(
ŷ(i)full, ŷ

(i)
s ; τ

)
, (8)

with Lkd the knowledge distillation function parametrized
by a temperature τ > 0, and λ a weighting factor on this.
Here, we use the Kullback–Leibler divergence as Lkd(ŷ

(i)
full,

ŷ(i)s ; τ ) = DKL(σ (ŷ
(i)
full/τ ), σ (ŷ

(i)
s /τ )), where DKL(p, q) =∑K

k=1 pk log (pk/qk ). We divide the logits by the temper-
ature hyper-parameter τ before the softmax function σ (·),
as in [27]. In this way, the Lkd function aims to transfer the
knowledge between the temperature-softened per-sensor pre-
diction (ŷ(i)s ) and the consensus prediction (ŷ(i)full). Preliminary
experimentation led us to find that τ 2 is an appropriate value
for the weight λ in Eq. (8), as also suggested in [27] and [45],
while an in-depth analysis on the sensitivity of our method
to the τ hyper-parameter is shown in the experiments. The
final loss function optimized by our multi-sensor model is
the following

Ltotal = Lmiss + Lfull +
1
|S|

∑
s∈S
Ls. (9)

We consider a uniform sum of the loss terms as it offers
the best balance and trade-off between all components that
the model has to optimize. A schema of this method, named
Decision-level Sensor Dropout with mutual distillation
(DSensD+), is depicted in Fig. 2.

IV. EXPERIMENTS
A. DATASETS
We use three classification benchmarks to validate our
proposal, i.e., two variants of the CropHarvest dataset [48]
and the TreeSatAI-TS dataset [21]. These include sensor data
with static (single-date) and temporal information, as well as
image and time-series data. The summary of the sensors used
in each dataset is reported in Table 1.

1) CropHarvest
We use the CropHarvest dataset for crop recognition,
which provides four sensor data [48]. The CropHarvest
binary (CropH-b) involves a cropland (binary) classification
task. The dataset has 69,800 samples around the globe,
collected between 2016 and 2021. Each sample has three
temporal sensor data at 10[m] of spatial resolution: multi-
spectral optical SITS, radar SITS, and weather data. Besides,
the samples have one static sensor data, the topographic
information interpolated to the same spatial resolution as the
other sensor data.

In addition, we use a multi-class version of CropHarvest,
namedCropHarvest multi (CropH-m). This is a subset with
29,642 samples and 10 crop types to distinguish. Besides, the
same sensor features from the CropH-b dataset are used.

Since there is no test partition in this dataset, we use a
standard 10-fold cross-validation for assessing the model’s
performance.

TABLE 1. Overview of sensor data available in each dataset.

2) TreesatAI-TS
We use the TreeSatAI dataset version extended with
temporal sensor data [21], named TreeSatAI-Time-Series
(TreeSatAI-TS). This involves a multi-label classification
task between 15 tree species. There are 38,520 samples for
training, 6,810 for validation, and 5,044 for testing, collected
between 2017 and 2020 in Germany. Each sample has two
temporal sensor data at 10[m] spatial resolution: optical and
radar SITS. Additionally, a single-date image is provided at
a high spatial resolution of 0.2[m]. This aerial-based optical
image captures RGB and infrared bands.

B. EXPERIMENTAL SETUP
1) COMPETING METHODS
We include the results of a model trained individually on
each sensor data as single-sensor baselines. Furthermore,
we consider seven recent multi-sensor models from the EO
domain that can manage binary, multi-class, and multi-label
classification tasks. FSensD [19], a model equipped with
cross-attention (transformer-based) that uses SensD during
training. We use the supervised version described in [19] that
masks out the dropped sensors of the attention. OOD-f [28],
a concatenation-based model that simulates all cases of
missing sensors during training (with zero-out). We extended
the two-sensor formulation in [28] to a multi-sensor setting.
FCoM-av [16], a method simulating all cases of missing
sensors during training by ignoring the missing features
with average as aggregation. TIMML [15], a method with
cross-attention (transformer-based) that uses SensD (with
zero-out) and auxiliary prediction losses per sensor during
training. While the previous methods employ a feature-
level fusion, ESensI [14] is a sensor-invariant ensemble that
uses shared layers in the per-sensor prediction head and
sensor encoding. Moreover, Anysat [22], is a transformer-
based GeoFM that works with several sensors, including
aerial data, optical, and radar SITS. However, weather and
topography from CropHarvest datasets are not included in
the Anysat model. This model is pre-trained with a teacher-
student distillation process and self-supervised contrastive
learning [22]. Galileo [49], is a recent transformer-based
GeoFM based on per sensor encoder and self-supervised
contrastive learning.

In addition, we include ISensD [14] for the CropHarvest
datasets. This method uses an input-level fusion strat-
egy with SensD during training (zero-out). We refrain
from deploying the ISensD method for the TreeSatAI-TS
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TABLE 2. Weighted F1 scores when different sensor combinations are available for inference in the CropH-b dataset. The best and second-best values
are highlighted. *Averaged among the available cases.

TABLE 3. Weighted F1 scores when different sensor combinations are available for inference in the CropH-m dataset. The best and second-best values
are highlighted. *Averaged among the available cases.

benchmark since its application for this dataset is not
straightforward due to the differences in sensor charac-
teristics, both spatial and temporal resolutions, as shown
in Table 1. We were unable to include the Galileo GeoFM
for the TreeSatAI-TS data based on computational resources.
Nevertheless, we include the results of the OmniSat
GeoFM [21] in the TreeSatAI-TS dataset. Similar to other
GeoFM, OmniSat is based on self-supervised contrastive
learning.

Following standard practices in the literature [21], [22], the
pre-trainedmodels are fine-tuned specifically for each single-
sensor, i.e., they employ dedicated training.

2) IMPLEMENTATION
We adopt a z-score normalization to the input data to scale
different magnitudes. Besides, we use standard encoders
for each sensor data. For all temporal sensor data, we use
TempCNN, a 1D convolutional network that involves con-
volutions over the time dimension [50]. For the pixel-wise
topographic information (in the CropHarvest data), we use a
standard MLP, while for the aerial image (in the TreeSatAI-
TS data), we use ResNet-50, a 2D convolutional neural
network with skip connections [51]. For all encoders (apart
from ResNet), we use two hidden layers and a final
embedding layer of 128 units with 20% of dropout ratio.
On top of the encoders, we use an MLP of 128 units,
with dropout, batch normalization, and a final linear layer
for the prediction. All other architecture hyper-parameters
of the competitors are set as in the original proposals.

For optimization, we use the Adam optimizer with a learning
rate of 0.001, while the original optimizer is used in the
competitors. For a fair comparison, we train all the competing
methods over 100 epochs with a batch size of 128 and an
early stopping criterion with a patience of 5. In our model,
the stopping criterion is applied over the full-sensor data loss,
i.e. Eq. (7).

3) EVALUATION
We train all competing methods in a full-sensor data setup,
simulating missing sensors during inference to assess the
model robustness, i.e. the drop in predictive performance
with missing data. We experiment with two cases of sensor
missingness, see Fig. 1 for an illustration: i) moderate sensor
missingness, when only one sensor is missing, and ii) extreme
sensor missingness, when all sensors are missing except one.
Moreover, we include the results with no missing data for
reference.

For evaluation, we use the weighted F1 score across
all experiments (similar results were observed with other
performance metrics). For each method, we report results
averaged over five runs.

C. RESULTS WITH WHOLE MISSING SENSORS
We show the main results with missing sensors in Tables 2, 3,
and 4, for CropH-b, CropH-m, and TreeSatAI-TS dataset,
respectively. This evaluation assesses the predictive perfor-
mance when the data from specific sensors is missing in all
samples at the inference stage.
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TABLE 4. Weighted F1 scores when different sensor combinations are available for inference in the TreeSatAI-TS dataset. The best and second-best
values are highlighted. † values are from the original paper. *Averaged among the available cases.

FIGURE 3. Robustness results when a specific sensor is missing for a given percentage of samples at inference.

In the CropH-b data, we notice that the models OOD-f
and FCoM-av obtain the best results in the moderate sensor
missingness. However, our DSensD+ model obtains the
second-best result in some of these moderate missing sensor
cases, such as when the weather or topography sensor is
missing. Furthermore, in extreme sensor missingness, our
DSensD+ model outperforms all competitors when different
single-sensors are available for inference, except for the
topography. In this case, our DSensD+ obtains the second-
best result, outperformed only by Galileo GeoFM. In the
full-data prediction (no missing sensors), the DSensD+

model is the second-best after FCoM-av/TIMML. Neverthe-
less, with this model, we obtain the best overall score in
the evaluated scenarios, and with DSensD, the third-best.
This overall score considers the full-sensor data and different
missing sensor cases, which is illustrated in the ‘‘average’’
row in the tables.

In the CropH-m data, we observe similar results to those
in CropH-b. The difference is that the DSensD+ model is
more competitive in the moderate missing sensor cases. Here,
DSensD+ is the best in all missing sensor scenarios (moder-
ate and extreme) except for the case in which optical SITS is
missing, where it is the second-best after the FCoM-avmodel.
Moreover, the simplified model version, DSensD, is among
the top four in the overall score. In addition, our DSensD+

is the only one that outperforms all single-sensor baselines
in both datasets CropH-m and CropH-b. This improvement
over the single-sensor baselines is not straightforward,
as several competitors fail to surpass them.Overall, the results
clearly demonstrate the robustness of our method for the
diverse moderate and extreme missing sensor scenarios that
appear in both the binary and multi-class crop classification
tasks.

We notice more variability in the results of the TreeSatAI-
TS dataset. Likewise, in CropH-m and CropH-b datasets,
our DSensD+ model obtains the second-best results when
there is no missing data, only outperformed by the OmniSat
model. Nevertheless, our model is the best in half of the
missing sensor scenarios (moderate and extreme), being
among the top three best in the other cases. Here, we observe
that the best result depends on the specific missing sensors
case. For instance, when optical SITS is missing, the best
is FCoM-av, while Omnisat and Anysat are the best when
optical SITS or aerial sensor is the only one available,
respectively. Moreover, the DSensD+ achieves the best
overall performance, illustrated in the average across the
different missing sensors and full-data scenarios. Thus, the
DSensD obtains the second-best results overall, tying with
Anysat. These results show the effectiveness of both methods
DSensD and DSensD+ for the missing sensor problem, not
just in binary and multi-class tasks but also in multi-label
classification.

D. RESULTS WITH PARTIAL MISSING SENSORS
For an in-depth analysis of the robustness to different
scenarios, we consider partial missing sensors in themoderate
case. To this end, we display the robustness of the models
when a specific sensor is missing in just a subset of the
inference samples, depicted in Fig. 3. These unavailable
sensors represent themost significant variations in the results.
These are optical SITS missing in CropH-m and TreeSatAI-
TS datasets, as well as aerial missing in TreeSatAI-TS. The
Anysat, Omnisat, and Galileo models are excluded from this
analysis as they only operate in single-sensor fine-tuning.

The tendency in the behavior of the compared models is
to have high robustness, depicted in a low F1 decay when
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TABLE 5. Ablation analysis using the weighted F1 scores in the CropH-m dataset with extreme missing evaluation (single-sensor predictions).

TABLE 6. Ablation analysis using the weighted F1 scores in the TreeSatAI-TS dataset with extreme missing evaluation (single-sensor prediction).

a specific sensor is missing in more samples. However,
a few models have a pronounced linear decay in the
performance for specificmissing sensors, i.e., low robustness.
For instance, the ISensD model in CropH-b, FSensD model
in CropH-m, and OOD-f model in TreeSatAI-TS datasets.
Moreover, somemodels exhibited better behaviour in specific
percentage intervals of missing sensors. For instance, when
optical SITS is missing in the TreeSatAI-TS dataset. In this
case, the best results are from the DSensD+ model when
the percentage is below 50%, after this, the FCoM-av model
is the best (this aligns with the results shown in Table 4).
The robustness curve of our DSensD is in the middle
between the compared models, while DSensD+ has better
behavior, especially when the aerial sensor is missing in
the TreeSatAI-TS dataset. These results underline that our
DSensD+ consistently exhibits a robust behavior across
different missing sensor scenarios and conditions.

Overall, the better robustness of the decision-level SensD
compared to input- and feature-level ones is aligned with the
literature. For example, Hong et al. [29] and Mena et al. [11]
show the effectiveness in achieving enhanced robustness
of decision-level approaches in scenarios of missing sensor
data. Thus, the evidence suggests that approaches performing
fusion close to the output-level tend to be more robust to
missing and noisy data [24], [28].

V. DISCUSSION
A. MODELING ALTERNATIVES
Here we study the effect of removing different modeling
components in our method, providing an ablation analysis
of these. This is shown in Table 5 for CropH-m dataset
and in Table 6 for TreeSatAI-TS dataset. We notice that
the normalization in Eq. (3) improves the modeling, as the
results without this step decrease the performance by up
to 3 points in some cases. Here, the Davg corresponds to
the standard decision-level fusion model without SensD,

while DSensD is the decision-level fusion model optimized
only with the predictions after the SensD, i.e. Lmiss. When
comparing Davg to DSensD model, we notice that the SensD
brings benefits in the missing sensor scenarios. However,
we observe a performance decline in the full-sensor data
predictions for the CropH-m dataset. This phenomenon
has been previously underlined in the literature when
implementing SensD at the feature level [14], [23]. It can
be attributed to the fact that full-sensor data represents
just one scenario among numerous possible missing sensor
combinations. Moreover, the DSensD+ model consistently
outperforms both the DSensD and Davg models across all
metrics. These results clearly emphasize the effectiveness
of our proposed additional loss functions in addressing the
limitations inherent to the standard SensD technique.

Furthermore, our analysis reveals that the mutual distil-
lation loss (linked to the per-sensor predictions) contributes
to model robustness, outweighing the impact of both
the full-sensor and missing sensor losses. Among these
components, the missing sensor loss demonstrates the least
impact when removed from our formulation. Conversely,
the full-sensor loss provides minimal contribution to robust-
ness when applied alone. Notably, incorporating all loss
functions does not consistently yield optimal results across
all scenarios, particularly in full-sensor and single-sensor
predictions. Nevertheless, this comprehensive formulation
achieves an excellent balance between standard full-data
performance and overall robustness, as evidenced by the
average performances attained by DSensD+ across both
datasets.

B. EFFECT OF DROPOUT RATIO
We assess the stability of our method to the choice of the
dropout ratio α in the SensD technique (d (i)s in Eq. (5))
by the performance with full-sensor data and extreme
missing sensors. The results are depicted in Fig. 4 for the
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FIGURE 4. Predictive performance of the DSensD+ model using different
ratios (α) in the SensD technique. Results are from the CropH-m data.

FIGURE 5. Predictive performance of the DSensD+ model using different
ratios (α) in the SensD technique. Results are from the TreeSatAI-TS data.

CropH-m dataset and in Fig. 5 for the TreeSatAI-TS dataset.
We notice that the relative effect of the SensD ratio in the
predictions may vary depending on the sensor and dataset
under evaluation. For instance, in the CropH-m data, the
variation in the single-sensor predictions is more evident
for the radar and topography sensors, while for the optical
sensor, the effect is negligible. Contrary, in the TreeSatAI-
TS data, the most considerable variation in the single-sensor
predictions is obtained with the optical sensor.

Overall, we observe that when the dropout ratio increases,
the single-sensor predictions tend to improve, i.e., the
robustness increases. However, the full-sensor performance
tends to decrease. This behavior can be observed clearly in
the TreeSatAI-TS dataset. This is expected, as there will be
more samples with missing sensor data than full-sensor data
when the SensD ratio increases. A good balance between
the performance with and without missing sensors is reached
when using α = 0.5, which means that each sensor s will not
be accessible for approximately half of the samples. We use
this value for both methods DSensD and DSensD+.

C. EFFECT OF DISTILLATION TEMPERATURE
We analyze the effect of the distillation temperature τ (in Lkd
from Eq. (8)) in the predictive performance with full-sensor
data and extrememissing sensors. Following [27], we try both
low and high values under a grid search exploration, as this
temperature controls how soft the probability distributions are
in the mutual distillation process. This is shown in Fig. 6
and Fig. 7 for the CropH-m and TreeSatAI-TS datasets,
respectively. Here, the full-sensor data prediction tends

FIGURE 6. Predictive performance of the DSensD+ model using different
temperature values in the distillation. Results are from the CropH-m data.

FIGURE 7. Predictive performance of the DSensD+ model using different
temperature values in the distillation. Results are from the TreeSatAI-TS
data.

to decrease when the temperature increases. This is expected
as the loss weight λ in Eq. (8) is set as τ 2, i.e. the model tends
to focus on the single-sensor predictions instead of the other
losses. As noted in the literature [27], [46], the single-sensor
predictions (derived from the mutual distillation process)
tend to improve in the softer version (i.e., with a higher
temperature).

We notice that there are significant differences in the pre-
dictive performance when the temperature changes slightly.
This means that this is an essential hyper-parameter to tune
in the mutual distillation process. Nevertheless, a value
lower than 1 tends to provide a good balance in the results,
especially in the CropH-m dataset. This balance corresponds
to a good predictive performance with both full-sensor
and missing sensor data. Based on this criterion, we set
the temperature hyper-parameter to τ = 0.5 for all our
experiments involving the DSensD+ method.

D. EFFECT OF ENCODER ARCHITECTURE
Here we analyze the behaviour of the DSensD+ method
when different temporal encoders are used to ingest time-
series data, i.e. optical SITS, radar SITS, and weather.
As encoders, we consider Multi-Layer Perceptron (MLP),
Long Short Term Memory (LSTM), Transformer [52],
ConvTran [53], and the one used in the main results,
TempCNN. The results for the different datasets are shown
in Fig. 8. We observe that the encoder that performs the
worst depends on both the dataset and the sensor that
is missing. For instance, the lowest scores are obtained
with Transformer in the CropHarvest datasets, while in the
TreeSatAI-TS dataset, the MLP achieves the lowest score.
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FIGURE 8. Robustness results for different encoder architectures used in the temporal sensor data in the DSensD+ model.

These results are aligned with the literature [8], noting that
these fully connected and multi-head attention-based models
are not naturally robust to missing data and require additional
generalization components. Overall, the TempCNN archi-
tecture allows the DSensD+ model to exploit the missing
patterns and improve its behaviour for different missing
sensor scenarios, especially for the TreeSatAI-TS dataset.
The importance of the encoder architecture is sometimes
omitted in the literature. However, it allows extracting useful
sensor-dedicated features that translate into better single-
sensor predictions.

The robustness pattern of the DSensD+ model remains
consistent across most tested temporal encoder architectures.
However, superior performance is achieved in conjunction
with the TempCNN encoder. This can likely be attributed
to our hyper-parameter optimization process. Specifically,
the method’s key hyper-parameters (α = 0.5 and τ = 0.5)
were selected on the validation set using this particular archi-
tecture. For optimal generalization across diverse encoder
architectures, the DSensD+ method would benefit from
architecture-specific hyper-parameter tuning.

E. COMPUTATIONAL USAGE & EXECUTION TIME
We depict the number of parameters and memory usage of
all compared models in Table 7. We note that the input-level
fusion model, ISensD, has the lowest number of parameters.
This is expected based on the single encoder architecture that
the model uses. On the other side, the models with the highest
number of parameters are related to the GeoFMs, Anysat and
Galileo, followed by the transformer-based ones, TIMML

TABLE 7. Learnable parameters and memory use of multi-sensor models
calculated in the CropH-m dataset with a 128-batch-size. MB stands for
megabytes.

FIGURE 9. Execution time of different multi-sensor models calculated in
the CropH-m data with a 128-batch-size. The prediction times are
separated into no-missing and extreme missing sensor (only optical SITS
available) cases.

and then FSensD. A similar pattern is followed in thememory
usage of the models, as this directly relates to the number
of parameters the models have. Our DSensD and DSensD+

have the same number of parameters, while DSensD+ has
extra memory usage due to the additional prediction from the
full-sensor data compared to DSensD. Despite the prediction
head per sensor used in our methods, the memory usage is
similar or even more efficient compared to models with a
single prediction head, e.g., FCoM-av, OOD-f, FSensD, and
TIMML. This shows the ability of our methods to enhance
robustness to missing sensors at the inference stage while
matching or even lowering the computational requirements
of state-of-the-art approaches.

We report the execution time of all compared models
in Figure 9 using a GeForce RTX 3080 Mobile/Max-Q
8GB/16GB. We notice the high computational usage of the
GeoFMs, Anysat followed by Galileo. For these models,
the training time corresponds to the fine-tuning time.
Surprisingly, Galileo (using the nano weights [49]) has the
lowest prediction time in extreme missing sensor scenarios.
However, considering the models trained from scratch,
we found the following. During training, we notice that
TIMML, FCoM-av, and OOD-f models have the highest
execution time per epoch, while ISensD and ESensI are the
most efficient ones. Our models are in the middle-lower part
of the rank according to this analysis, with DSensD having
a lower training time per epoch than DSensD+. These time
differences between our models are due to the full-sensor
data prediction and the computation of the additional loss
functions in DSensD+. However, our models behave the
same during inference, illustrated by the similar prediction
time and third-best efficient time after ISensD and ESensI.
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The DSensD+ model, based on decision-level fusion,
exhibits higher efficiency considering both training and
prediction time (with and without missing data) than models
based on feature-level fusion, such as TIMML and FCoM-av.

Overall, this analysis demonstrates that our approach
offers greater practical applicability than existing models
in the literature, offering advantages in runtime efficiency,
computational resource usage, and predictive performance.

F. LIMITATIONS
The results with our methods, DSensD and DSensD+,
exhibit a slightly lower performance in the full-sensor data
predictions regarding the competitors. This is observed in the
main results (Tables 2, 3, and 4). However, the second-best
results in this full-data prediction case are obtained with
DSensD+, with a consistent gain in the missing data
scenarios across the datasets. The advantage is greater in the
extreme missing sensor scenarios for inference.

The additional loss terms and the SensD technique used
in the DSensD+ method may increase the computational
resources requirements. However, these components are
only used during training. During inference, it acts as a
simple decision-level fusion model, ignoring the predictions
associated with the missing sensors from the aggregation.
Moreover, our DSensD+ significantly outperforms the
simple decision-level fusion model without additional com-
ponents during training (i.e., Davg in Table 5 and 6). This
happens in scenarios with and without missing sensor data.

VI. CONCLUSION
The lack or unavailability of sensor data is inherent to
the EO domain, as data collection is subject to real-world
operational constraints that can, for example, limit the spatial
coverage of certain sensors. Although various multi-sensor
models have been proposed in the literature, they often
fall short in terms of robustness under extreme missing
sensor conditions during inference, such as scenarios where
only a single sensor is available. To address this challenge,
we propose a multi-sensor model that is robust by design
not only to moderate sensor unavailability (i.e., a single
missing sensor), but also to more severe, often overlooked,
cases. Our method, termed Decision-level Sensor Dropout
with mutual distillation (DSensD+), incorporates the SensD
technique at the decision level, along with an additional
mutual distillation loss. We evaluate model robustness
across crop- and tree-mapping datasets, considering binary,
multi-class, and multi-label classification tasks. The results
demonstrate that our method achieves superior robustness
across a variety of missing sensor scenarios, outperforming
several recent competitors from the literature. Moreover,
our model even surpasses competitors that have dedicated
training for single-sensor predictions in some cases. Overall,
the obtained findings position DSensD+ as a promising
solution for applications involving missing sensor data, thus
advancing the field of multi-sensor modeling in the EO
domain.
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