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Abstract—The increasing scale and complexity of remote
sensing (RS) observations demand distributed processing to
effectively manage the vast volumes of data generated. However,
distributed processing presents significant challenges, including
bandwidth limitations, high latency, and privacy concerns, espe-
cially when transmitting high-resolution images. To address these
issues, we propose a novel scheme leveraging the encoder of a
masked autoencoder (MAE) to generate associated embedding
(CLS tokens) from masked images, which enables training deep
learning models under federated learning (FL) scenarios. This
approach enables the transmission of compact image patches
instead of full images to processing nodes, drastically reducing
bandwidth usage. On the processing nodes, classifiers are trained
with the CLS tokens, and model weights are aggregated using
FedAvg and FedProx FL algorithms. Experimental results on
benchmark datasets demonstrate that the proposed approach
significantly reduces data transmission requirements while main-
taining and even surpassing the accuracy of systems with access
to full data.

Index Terms— Federated learning (FL), masked autoencoders
(MAE), remote sensing (RS).

I. INTRODUCTION
EMOTE sensing technologies have become essential for
monitoring and understanding the Earth’s surface, allow-
ing detailed analysis through large-scale images captured by
satellites and drones. However, the immense data volume gen-
erated presents significant challenges. Traditional centralized
processing methods are increasingly impractical due to the
computational burden on servers, along with security and pri-
vacy concerns related to centralizing sensitive geospatial data.
This highlights the need for efficient and scalable solutions to
maximize the potential of remote sensing (RS) data [1].
Federated learning (FL) is a method that enables indepen-
dent organizations to collaboratively train a machine learning
model without exchanging raw data [2]. Instead, models are
trained locally on individual devices, and only model updates
are shared and aggregated. This approach reduces bandwidth
usage by retaining data on local devices, which, when com-
bined with additional security measures, can also enhance
privacy protection.
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FL has recently been investigated for applications in RS
data analysis [3], [4]. A systematic review in [3] examined
the integration of FL in RS image classification, focusing on
its ability to address challenges related to decentralized and
unshared data archives. The review highlighted key advances
in FL methodologies for RS, emphasizing privacy preserva-
tion, scalability, and the ability to work with heterogeneous
data. In [4], the convergence between FL and RS was explored
through extensive experimentation to evaluate the influence of
heterogeneous and disjoint data among collaborating clients.
This study assessed scalability for increasing numbers of
clients, resilience against Byzantine attacks, and the overall
efficiency of FL-based RS applications, offering insight and
future directions for this emerging paradigm. An FL-based
scheme for the multilabel classification of RS images was
investigated in [5]. This study introduced a transformer-based
FL framework, demonstrating its effectiveness in handling
complex multilabel classification tasks while ensuring data
privacy and reducing communication overhead.

The impact of the imbalanced class distribution (non-IID
data) was also recently explored in FedPM and Fed-PHC [6],
[7], which introduced novel strategies to address the challenges
arising from heterogeneous data distributions between feder-
ated clients. These methods demonstrated improved model
convergence and robustness, particularly in decentralized
learning environments with significant variability in client
data. Meanwhile, privacy-preserving approaches have been a
key focus in FL, with works such as [8], which propose
innovative techniques to safeguard sensitive client information
during training, including personalized privacy mechanisms
and secure aggregation protocols. In addition, advancements in
multimodal FL were highlighted in [9], where a novel frame-
work was introduced to address the challenge of decentralized
multimodal RS image archives.

Although FL offers significant advantages, such as pre-
serving data privacy and distributing computational demands,
it also faces challenges when training models with large,
high-resolution RS images. The high resolution and exten-
sive geographic coverage of these images generate significant
data volumes, which require substantial bandwidth to trans-
mit them from a central server to edge devices [3], [4].
This can lead to network congestion, strain resources, and
degrade other network-dependent services. In addition, the
uneven distribution of class examples across devices poses
challenges for effectively training classifiers with unbalanced
data [6], [7].
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To address these challenges, this work introduces input
sparsity within the FL paradigm to improve the efficiency of
distributed training in RS applications. Instead of transferring
entire high-resolution images, we propose sending only rel-
evant image patches. This significantly reduces data volume,
eases bandwidth demands, and accelerates data transfer. Using
masked autoencoders (MAEs) [10], edge devices generate
[CLS] tokens from masked images, enabling efficient encoding
and transmission of essential image parts. This approach
optimizes data transfer, preserves critical classification infor-
mation, and enhances security by masking a large portion of
each image.

The impact of input and network sparsity was explored
in [11], demonstrating that sparsity techniques can maintain or
even enhance model performance under resource-constrained
conditions. Building on this foundation, our work advances
the state of the art by investigating the integration of FL with
input sparsity, a novel approach tailored to address the unique
challenges of distributed training in RS applications. Further-
more, unlike existing approaches, the proposed scheme allows
for a separation between processing nodes and storage nodes,
enabling greater flexibility in system design. This decoupling
facilitates local model training while significantly reducing
data transfer volumes, effectively addressing key challenges
of centralized data processing such as high bandwidth usage,
latency, and privacy concerns. The key contributions are given
as follows.

1) We introduce an FL approach that leverages sparsity
to minimize bandwidth usage and reduce the need for
transmitting full images. While this method provides
certain privacy benefits, additional security measures,
such as differential privacy [12] or secure aggrega-
tion [13], may be necessary to ensure stronger privacy
guarantees.

2) We demonstrate that reducing the number of patches for
feature extraction can maintain and, in some cases, even
improve classification accuracy.

3) We highlight the resilience of the proposed approach in
handling class imbalance among clients across diverse
decentralization scenarios.

II. METHODOLOGY
A. Overview

The proposed framework, as depicted in Fig. 1, consists of
three main components: a data distribution server, k clients,
and a central parameter server. The data distribution server
provides data to the clients, each of whom has a local deep
learning model consisting of a vision transformer (ViT)-based
encoder and a small number of fully connected layers of
multilayer perceptron (MLP). The model is trained in an FL
setup where the role of the central parameter server is to
aggregate client model weights for producing a global model.

Instead of transferring entire RS images, the data distri-
bution server sends patches to clients based on their needs.
Each client processes these masked image patches through
the MAE encoder to generate appropriate embeddings (CLS
tokens), which are used throughout the training process. The
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Fig. 1. Diagram of the proposed architecture, illustrated with Client 1 as
an example: i) Client 1 randomly selects a set of image patches with a
specified masking ratio from the data distribution server; ii) encoder of the
MAE architecture processes these patches to generate a CLS token for each
image; iii) after receiving initial weights from the central server, the client
trains the model locally using the CLS tokens as input; and iv) client then
sends its updated weights to the central server, where the weights from all
local models are aggregated. Steps iii) and iv) are repeated over multiple
rounds until the model converges.

central server initially provides global model parameters to a
subset of clients. These clients independently train their local
models using private data, tailoring the parameters to their
specific datasets. After training, the clients send their updated
parameters back to the server, which consolidates them to
refine the global model. This collaborative, iterative process
is repeated over several rounds, with each iteration further
improving the global model’s performance.

B. Problem Definition

We assume a set of K clients, where each client k €
{1,2,..., K} holds local data Dy, consisting of masked
images. Let n; denote the number of data points (i.e., image
patches) at client & and n represent the total number of data
points across all clients, with n = Zle ny. The objective is
to minimize the global loss function

K
min Y~ ° Ly (w) (1)
k=1

where L;(w) is the local loss function for client k. For the
case of classification explored in this letter, we consider the
categorical cross-entropy as the loss function.

C. Training Process

For training the global model, we employed two state-
of-the-art algorithms: FedAvg and FedProx. FedAvg [14] is
directly derived from the objective outlined in (1), using
stochastic gradient descent (SGD) to learn the parameters w.
FedProx [15], on the other hand, can be seen as a gener-
alization and reparameterization of FedAvg. It introduces a
proximal term (2) in the local objective function, which helps



KOPIDAKT et al.: FL FOR RS IMAGE CLASSIFICATION USING SPARSE IMAGE REPRESENTATIONS

address the system heterogeneity that arises in FL
min g (w; w') = Lew) + Slw — w2 @)
w

Our global classification module is built as an MLP with two
hidden layers. The input to this MLP is a 768-shape vector,
corresponding to the CLS token generated by the ViT. Each
hidden layer contains 1000 nodes, offering significant capacity
to learn complex patterns from the input data. The output layer
is tailored to the number of classes in our classification task,
ensuring that the model is set up to make accurate predictions.

D. Feature Extraction/Input Sparsity

While previous studies have focused on improving aggre-
gation strategies to improve convergence rates [16], [17] and
reduce communication costs in FL by introducing model
sparsity [18], [19], input sparsity has not been explored in
the context of FL. In our approach, the data distribution
server introduces the sparsity of input, sending a subset of
image patches from each training image. These patches are
processed by each client using the encoder part of the MAE.
MAEs [10] utilize ViTs [20], trained to predict pixel values for
a large portion of masked image patches. We use pretrained
weights from the self-supervised training of the MAE model
on ImageNet-1K2, which enables ViTs to achieve superior
performance compared to traditional supervised pretraining
after fine-tuning. Unlike previous work that focused on image
reconstruction, our goal is image classification in an FL frame-
work, and therefore, we only use the encoder and the CLS
tokens that it generates without utilizing the MAE decoder.

E. Data Heterogeneity

In FL, the way data are distributed among clients is
essential for the effectiveness and efficiency of the learning
process [21]. This distribution is a key factor, as clients
typically have non-IID data, resulting in diverse and sometimes
imbalanced data distributions. To assess the impact of sparse
input in realistic scenarios, we performed FL in decentralized
and nonshared training sets, defining clients under three dif-
ferent decentralization scenarios as follows.

1) Decentralization Scenario 1 (DSI): Balanced sampling.
Data for each class are evenly distributed among all
clients, ensuring that each client receives an equal pro-
portion of data from every class.

2) Decentralization Scenario 2 (DS2): Skewed sampling.
Each client is given 80% of the data from two randomly
selected primary classes (which vary for each client) and
20% of the data from the remaining classes.

3) Decentralization Scenario 3 (DS3): Highly skewed sam-
pling. Each client is assigned data exclusively from five
classes, with no data from the other classes.

The design of the decentralization scenarios results in vary-
ing levels of heterogeneity of training data between clients.
DS1 exhibits the lowest level of heterogeneity, as the images
of different classes are evenly distributed among the clients.
In contrast, DS3 demonstrates the highest level of heterogene-
ity due to the lack of training data from most classes in each
client’s dataset.
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TABLE I

APPROXIMATE SIZE OF DATASETS FOR RAW IMAGES WITHOUT ANY
COMPRESSION APPLIED (R45 STANDS FOR RESISC45)

Masking ratio 0.0 0.3 0.6 0.9
AID  Masked Images Size (in GB) 12240 8.568 4.896 1.224
R45  Masked Images Size (in GB)  7.078 4954 2.831 0.708
III. RESULTS
A. Datasets

The datasets employed to evaluate the performance of
our approach are the aerial image dataset (AID) [22] and
the NWPU-RESISC45 (RESISC45) [23]. These datasets are
widely used in RS image scene classification for their diver-
sity in spatial resolution, geographic coverage, and seasonal
variations, making them essential resources for advancing and
assessing scene classification techniques in RS. The local data
for each client were divided into training and test sets using
the standard 80%—-20% split.

Table I presents the approximate sizes of the masked image
datasets (in GB) for the AID and RESISC45 datasets across
varying masking ratios, ranging from 0.0 (no masking) to
0.9 (high masking). For the AID dataset, the total size of
unmasked images (masking ratio 0.0) is 12.240 GB, and each
client manages 1.224 GB after partitioning. As the masking
ratio increases, the dataset size decreases substantially because
a larger portion of each image is masked. At the highest
masking ratio (0.9), the dataset size reduces to 1.224 GB, with
only 0.122 GB per client—ten times smaller than the size per
client for the unmasked dataset. A similar pattern is observed
for the RESISC45 dataset. When the images are 90% masked,
the dataset size for each client is reduced to one-tenth of the
size compared to when no masking is applied. Specifically,
the dataset decreases from 0.7 GB per client without masking
to 0.07 GB per client with 90% masking.

This approach enables us to assess the scalability of our
methods and analyze how different levels of masking affect
the performance of distributed models in terms of storage,
processing, and communication demands.

B. Experimental Configurations

The experiments are performed on a deep learning server
equipped with NVIDIA A100 GPUs. A total of ten com-
munication rounds are conducted, each round involving ten
epochs per client to optimize their respective models using
the Adam optimizer. The hyperparameters are configured as
follows: the batch size is set to 16, the Adam optimizer uses
a learning rate of 0.001, and the weight decay is also 0.001.
After local training, these parameters are aggregated on the
global server to update the global model. For FedAvg and
FedProx, the total number of clients K is set to 10, with five
clients participating in each round. The evaluation metric used
is the average classification accuracy of the global model.

C. Experimental Results

In this section, we utilize the two previously described
datasets and FL algorithms to examine how increasing the



6006905

masking ratio impacts model accuracy under each decentral-
ization scenario. Tables II-IV showcase the performance of the
two algorithms, FedAvg and FedProx, across three decentral-
ization scenarios, namely, DS1, DS2, and DS3 under varying
masking ratios. The masking ratio indicates the proportion of
data concealed from the clients. While it is generally expected
that accuracy decreases as the masking ratio increases, the
results reveal an intriguing trend: in several instances, accuracy
either remains constant or even improves as the masking ratio
grows, particularly within certain decentralization scenarios
and datasets.

In DS1 (see Table II), where data distribution is more
balanced across clients, both FedAvg and FedProx demonstrate
an increase in accuracy as the masking ratio rises from 0.0 to
0.6, particularly with the RESISC45 dataset. For FedAvg with
RESISC45, accuracy improves from 49.27% at a masking
ratio of 0.0 to 76.77% at 0.6. This unexpected performance
enhancement may stem from the algorithm’s ability to gener-
alize better when part of the data is masked, potentially driving
the model to learn more robust features. Similarly, FedProx
exhibits a steady increase in accuracy on RESISC45 from
45.05% at 0.0 masking to 78.49% at 0.6 masking. In contrast,
for the AID dataset, there is no significant improvement in
accuracy with higher masking ratios, but the performance
remains quite stable for both methods. For instance, FedAvg’s
accuracy fluctuates between 83% and 88%, while FedProx
consistently achieves over 89%, regardless of the increasing
masking ratios.

DS2 (see Table III) introduces a more uneven data distri-
bution across clients, yet similar trends are observed where
the masking ratio does not produce the anticipated drop in
accuracy. For example, in FedAvg with the RESISC45 dataset,
accuracy improves from 21.20% at a masking ratio of 0.0 to
58.91% at a ratio of 0.6, after which it begins to decline. This
indicates that partial data masking, up to a certain threshold,
can promote the algorithm’s ability to learn more generalized
patterns from the data. FedProx exhibits a similar pattern,
with accuracy increasing from 23.32% at 0.0 masking to
56.52% at 0.6 masking. On the AID dataset, accuracy gen-
erally improves as the masking ratio increases. For instance,
FedAvg’s accuracy rises from 54.55% at 0.0 masking to
73.74% at 0.4 masking before showing a slight decline.

Finally, DS3 (see Table IV) represents the most extreme
case of data imbalance, resulting in lower overall accuracy for
both algorithms. Nevertheless, there are cases where masking
does not immediately degrade performance. For instance, with
RESISC45, FedAvg achieves a notable accuracy increase from
7.53% at a 0.0 masking ratio to 19.11% at 0.4 masking. This
suggests that masking can be beneficial in highly imbalanced
scenarios by encouraging the model to extract more mean-
ingful information from limited data. FedProx demonstrates a
similar trend.

Figs. 2 and 3 visualize the global model accuracy across
ten communication rounds for the three different decentral-
ization scenarios under masking ratios of 0.5 and 0.9 for
the AID dataset. In most scenarios, the accuracy improves as
communication rounds progress, indicating that more commu-
nication rounds allow the model to better aggregate and refine

IEEE GEOSCIENCE AND REMOTE SENSING LETTERS, VOL. 22, 2025

TABLE I
COMPARISON OF METHODS BASED ON ACCURACY METRIC FOR DS1

Masking ratio 0.0 0.2 04 0.6 0.8

FedAvg + AID 83.93 8244 88.86 8570 81.78

FedProx + AID 90.05 8895 8741 87.19 81.21

FedAvg + RESISC45  49.27 2343  76.77 7498  66.90

FedProx + RESISC45 45.05 2632 7849 7633 63.52
TABLE I

COMPARISON OF METHODS BASED ON ACCURACY METRIC FOR DS2

Masking ratio 0.0 0.2 04 0.6 0.8

FedAvg + AID 5455 5575 73774 6321 4554

FedProx + AID 62.34 5924 61.74 5539 60.73

FedAvg + RESISC45  21.20 10.10 5891 60.31 47.65

FedProx + RESISC45  23.32 1346 56.52 5520 44.03
TABLE IV

COMPARISON OF METHODS BASED ON ACCURACY METRIC FOR DS3

Masking ratio 0.0 0.2 04 0.6 0.8

FedAvg + AID 20.78 18.06 21.56 21.33 19.22
FedProx + AID 1278  20.60 1943 1343 14.17
FedAvg + RESISC45 7.53 5.61 19.11 1251 9.46
FedProx + RESISC45  8.27 5.66 9.96 10.14  10.63

Global Model Accuracy Across Communication Rounds (mask 0.5)
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Fig. 2. Global model’s accuracy across communication rounds for the AID
dataset with 0.5 masking ratio using FedProx.

Global Model Accuracy Across Communication Rounds (mask 0.9)
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Fig. 3. Global model’s accuracy across communication rounds for the AID
dataset with 0.9 masking ratio using FedProx.

knowledge. This suggests that extending the number of com-
munication rounds could further enhance model performance.

An experiment was conducted to evaluate the effect of
including all clients in each FL round instead of a subset.
For the AID dataset under the DS2 scenario with FedProx,



KOPIDAKT et al.: FL FOR RS IMAGE CLASSIFICATION USING SPARSE IMAGE REPRESENTATIONS

accuracy improved significantly when all ten clients partic-
ipated in each round, achieving 69.34%, 72.64%, 67.07%,
and 78.64% for masking ratios of 0.0, 0.2, 0.4, and 0.6,
respectively. These results indicate that full client participa-
tion enhances model convergence and stability by reducing
variance introduced by client selection and enabling a more
comprehensive aggregation of local updates.

IV. CONCLUSION

This letter addressed the challenge of transferring large-
scale, high-resolution RS images in distributed environments
by using MAEs to generate embeddings, allowing the efficient
transfer of image patches instead of entire images. Classifiers
trained on these tokens, with model weights aggregated using
FedAvg and FedProx, demonstrated robustness under IID and
non-IID distributions. Experimental results showed significant
bandwidth reduction while maintaining high classification
accuracy.

The observed increase in accuracy with higher masking
ratios, particularly in scenarios such as DS1 and DS2 where
the data are more balanced or moderately unbalanced, is a
significant finding. This indicates that data masking, which
often mimics missing or occluded information, can condition-
ally improve the models’ generalization abilities by prompting
them to concentrate on the most essential and resilient features.

The results reveal an intriguing relationship between data
sparsity and accuracy in FL environments. Contrary to expec-
tations, increasing the masking ratio does not always lead
to a decline in performance; in some cases, it can even
improve accuracy. This underscores the potential of leveraging
data sparsity in decentralized setups to reduce bandwidth and
computational costs without significantly degrading, or even
improving, model performance. These findings suggest that
selective data masking may function as a regularization
technique, helping to prevent overfitting and improve general-
ization, particularly in heterogeneous distribution scenarios.

While our main objective is to enhance the efficiency of
FL in RS applications, we also acknowledge the importance
of privacy considerations. Although our approach inherently
reduces the transmission of raw image data, FL by itself
does not offer strong privacy guarantees. To mitigate this,
privacy-preserving techniques such as differential privacy [12]
and secure aggregation [13] can be incorporated into our
framework. These methods help safeguard sensitive data by
introducing controlled noise or encrypting model updates,
thereby enhancing privacy protection.

Future research could explore the integration of adaptive
masking strategies and advanced aggregation techniques to
optimize model performance further in diverse decentralized
environments.
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