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Abstract—Ensuring the safety and security of our oceans de-
mands a comprehensive Maritime Situational Awareness (MSA)
strategy. However, this task has several challenges, including
using multi-modal data, data sharing among agencies, privacy
concerns, and bandwidth limitations. To address these chal-
lenges, this research introduced FedRS-Net. FedRS-Net is a
federated deep learning framework that trains multi-modal
remote sensing data without exposing client data. The system
employs a communication-efficient federated averaging algorithm
and a novel convolutional neural network architecture called
Redesigned Skip Connection. It integrates synthetic aperture
radar (SAR) and optical satellite imageries to achieve remarkable
results. Extensive experiments were conducted on the maritime
vessel datasets, resulting in a testing accuracy of 99.8%. Fur-
ther, applying secure aggregation and momentum-based gradient
compression reduced communication costs by 7%. FedRS-Net
overcomes privacy concerns and facilitates agency collaboration
by enabling collective maritime monitoring through decentralized
data. This research provides a robust federated learning solution
tailored for multi-modal remote sensing analytics applications.

Index Terms—Federated Learning, Maritime Situational
Awareness (MSA), Remote Sensing, Synthetic Aperture Radar
(SAR), Optical Satellite Imagery, Multi-modal, Classification,
Collaborative Data Analysis.

I. INTRODUCTION

In today’s interconnected world, the maritime domain re-
mains a vast and dynamic space. As human activities continue
to expand across this domain, from international shipping
to offshore energy exploration, the need for comprehensive
Maritime Situational Awareness (MSA) has never been more
pressing. Essentially, MSA aims to offer a holistic and com-
prehensive insight into activities within the maritime sector,
promoting increased safety, security, and efficiency. Automatic
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Identification System (AIS) plays a vital role in MSA, pro-
viding ships with critical information about their routes. By
utilizing MSA and AIS together, ships can safely navigate
and reach their destinations punctually. However, achieving
optimal MSA is challenging. The maritime domain is vast,
conditions are often challenging, and activities are diverse.
Relying on a single data source, regardless of its sophisti-
cation, is insufficient. Instead, MSA is akin to assembling a
puzzle with pieces drawn from diverse data modalities such
as satellites, radars, and AIS [1]. While each source is crucial,
they each offer a perspective of the maritime domain that,
though detailed, has its inherent limitations. Consider, for
instance, optical imagery. Through optical sensors, we can
capture high-resolution visuals of vessel activities, delving
into the visible spectrum to reveal deeper features of the
targets [2]. However, its effectiveness is constrained by its
dependence on external light sources, making nighttime a sig-
nificant limitation [3]. Additionally, meteorological challenges
like cloud cover amplify these constraints [4]. On the other
end, we have Synthetic Aperture Radar (SAR) imagery. SAR’s
strength lies in its resilience; SAR sensors operate indepen-
dently of light and weather conditions, ensuring consistent
data acquisition [5]. Yet, in most scenarios, it lacks the direct
visual clarity and interpretability that optical imagery offers
[6]. Therefore, the fusion of optical and SAR data emerges
as a compelling proposition. Consider a scenario wherein
optical sensors provide detailed vessel classifications during
daylight hours, complemented by SAR’s continuous nighttime
surveillance. This integration of multi-modal remote sensing
data can thus provide more enhanced and reliable maritime
monitoring capabilities [7,8]. However, realizing this vision



presents challenges. Given the geopolitical mosaic of our
world, different nations and agencies often operate their own
remote sensing infrastructures, including satellites. Without
a collaborative multi-modal analysis in place, each entity
jealously tends to protectively hoard its data. The barriers to
sharing images are manifold, ranging from strategic and legal
considerations to the sheer technical challenges posed by band-
width constraints. Federated learning has recently emerged
as a promising approach that enables collaborative modeling
without direct data exchange [9]. Within this perspective,
rather than centralizing data, federated learning adopts a
decentralized approach. This allows individual nodes to utilize
their localized models on specific datasets and then share only
the updates with a central server, bypassing the need for direct
data exchange [10]. In [11], Jia et al. first demonstrated this
for object detection using satellite SAR imagery. However,
its efficacy in integrating diverse modalities crucial for MSA
is yet to be fully explored. While traditional techniques like
Federated Averaging have been groundbreaking, they have
shown certain limitations in the field of remote sensing,
particularly regarding reliability, communication efficiency,
and the unique nature of remote sensing data for classification
tasks. To address the existing challenges, we present FedRS-
Net, a federated learning algorithm specifically developed for
remote sensing classification tasks. Designed for a multi-client
framework, FedRS-Net synergizes SAR and optical satellite
data through a meticulously Convolutional Neural Network
(CNN) architecture that integrates a Newly Redesigned Skip
Connection approach (RSC). These connections effectively
extract features from diverse data streams. But the innovation
doesn’t stop there. The FedRS-Net algorithm also incorpo-
rates advanced techniques, including secure aggregation and
momentum-based gradient compression. These enhancements
ensure both robustness in model outcomes and efficiency in
operation. In summary, this work aims to tackle the practical
research gaps that have inhibited the adoption of federated
learning in MSA for ship classification thus far. Our contribu-
tions are highlighted as follows:

1) An introduction of FedRS-Net: a federated learning
model for privacy-preserving fusion of heterogeneous
maritime data sources and modalities for a classification
task.

An introduction of a newly crafted network topology
termed Redesigned Skip Connection (RSC).
Development of communication-efficient aggregation
mechanisms specifically tailored for maritime environ-
ments.

Extensive experimental analysis across diverse condi-
tions to evaluate convergence, fairness, and efficiency
metrics.

2)

3)

4)

The rest of the paper is structured as follows: Section II
presents the proposed federated architecture and experimental
framework. Section III introduces the problem formulation.
Section IV details an experimental analysis of model per-
formance. Lastly, Section V highlights essential insights and

charts potential avenues for future research in this domain.

II. FEDRS-NET: A FEDERATED LEARNING MODEL FOR
REMOTE SENSING

This section presents FedRS-Net architecture designed for
collaborative multi-modal maritime data classification across
multiple agencies and systems. As depicted in Fig. 1, the ar-
chitecture comprises three Clients, each representing a unique
agency with its specific infrastructure. For illustrative pur-
poses, Client 1 might represent a naval establishment equipped
with a synthetic aperture radar(SAR), while Client 2 is another
naval establishment equipped with an optical satellite. Client
3 could be a maritime observation agency managing maritime
vessel movement using both SAR and Optical satellite im-
ageries. It’s crucial to note that each client exclusively accesses
its local datasets, ensuring data privacy and decentralization.

Our system accommodates heterogeneous, multi-modal re-
mote sensing data via the federated framework. To illustrate,
Client 1 might possess radar data (Dataset_A), whereas Client
2 is equipped with optical satellite imagery (Dataset_B),
and Client 3 possesses both SAR and optical imageries
(Dataset_C). The overarching global model is trained to
adeptly fuse these varied modalities while ensuring data re-
mains decentralized. This design enables agencies to collec-
tively harness diverse sensors and infrastructure, maximizing
mutual benefits.
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Fig. 1. Schematic representation of the federated learning architecture

designed for multi-agency maritime data fusion.

A. The Proposed Federated Averaging Algorithm

The proposed Federated Averaging algorithm used in this
work can be summarized as follows:
1) Inmitialization: The global model weights wj are initial-
ized.
2) Client Selection: During each round, one client from
each type of dataset (Dataset_A, Dataset_B, Dataset_C)
is selected.



3) Local Training: Each selected client £ computes an
update to the model weights based on its local data using
the equation:

11)£i)1 = wy — NV L (wy) (1)

where Ly is the local loss on client k’s data, and 7 is
the learning rate.

4) Aggregation: The updates from all the selected clients
are aggregated to compute the global update by applying
the equation below:

1 Zm (k)
, _ , 2
Wi41 m Z Wi 4 2)

5) Training loop: Client Selection step, momentum-based
gradient compression, and Aggregation step are repeated
for a specified number of rounds, allowing the global
model to learn from the entire federation of clients.

Below is Algorithm 1, summarizing the steps involved in
the implementation of FedRS-Net.

Algorithm 1 Proposed FedRS-Net to train a Federated Learn-
ing model for Remote Sensing Ship image classification

Input: K (total number of clients),
C' (number of class),
FE (number of local epochs),
B (local batch size),
71 (learning rate),
w (initial global model weights)
Cp (client_dataset)
Initialize: Global model weights wg < w
for each round ¢t = 1,2,...,Num_Rounds do
m < max(CE, 1) // At least one client is selected
Si < (select one client from each type of datasets :
Dataset_A, Dataset_B, and Dataset_C)
Initialize: Agg_metrics with zeros (aggregated metrics)
for each client k£ € S; do
Compute the update of the client’s local data
using federated averaging (fed_avg) which
represents the federated averaging process:
wt(i)h client_metrics + fed_avg.next(w;, Cp)
Update aggregated metrics with client metrics:
Agg_metrics <~ Agg_metrics + client_metrics
end for
Average the aggregated metrics:
Agg_metrics < Agg_metrics /m

Update the global model weights:
1 m (k)
Wit1 < 77 Dop1 Wit
Store aggregated_metrics for this round
end for

Output: Final model weights wxum_rOUNDS»

B. The Proposed Client Selection for FedRS-Net

The proposed client selection algorithm ensures that in each
round of federated learning, one client from each type of data

(Dataset_A, Dataset_B, Dataset_C) is selected. This ensures
a diverse representation of data in each round. This selection
can be achieved by applying the equations below:

Num_Clients
——) (3)

Dataset_A_Client_Num = ¢ x mod ( 3

N Client
Dataset_B_Client_Num = ¢ X  mod (M) )

Num_Client
Dataset_C_Client_ Num = ¢ x  mod (M) (5)

3

Algorithm 2 provides a summary of the steps used in client
selection.

Algorithm 2 Client Selection
Input: Num_Clients (total number of clients),
Num_Rounds (total number of training rounds)
List of clients for each dataset: Dataset_A_Clients,
Dataset_B_Clients, and Dataset_C_Clients
for each round ¢t = 1,2,...,Num_Rounds do
Compute the client number of each dataset (Dataset_A,
Dataset_B, Dataset_C) using equations (3), (4), and (5)
end for
Output: Selected_Clients < S_C Where,
S_C= [(3)’ (4) 4 Num, gliems,(S) 4 % Num, ?()Zliems]

The rationale behind this client selection strategy is to
enable effective integration of heterogeneous data modalities
during the training process. By selecting one client from each
dataset type in each round, the global model is exposed to a
diverse set of data, facilitating the fusion of complementary
features from different modalities. This approach addresses the
non-IID nature of the data distribution, where each client’s
dataset may exhibit distinct characteristics or distributions.

C. The Data Distribution

IID and non-IID are terms that refer to the distribution
of data. For instance, for IID (Independent and Identically
Distributed), each data point is independent of all other data
points. Therefore, the outcome or label of one data point does
not influence or provide any information about the outcome or
label of another. And all data points come from the same prob-
ability distribution. However, a data distribution is considered
non-IID (Non-Independent and Identically Distributed) when
the data points depend on one another. For instance, in time-
series data, the value at time ¢ might depend on the value at
time ¢-1. Additionally, when different subsets of the data come
from different distributions, it can also be considered a non-
IID distribution. This is common in scenarios like federated
learning, where data is distributed across multiple devices
or clients, and each device might have data with different
characteristics. Fig. 2 illustrates the differences between the
two distributions and presents how FedRS-Net handles the data
for each distribution.
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Fig. 2. Illustration of three clients drift in FedRs-Net of IID and non-IID
data distribution.

D. Proposed Redesigned Skip Connection (RSC)

To effectively handle the challenges posed by non-IID
data distributions, FedRS-Net introduces a novel network
architecture called Redesigned Skip Connection (RSC). This
architecture is specifically tailored to extract and fuse features
from heterogeneous remote sensing data modalities, such as
SAR and optical imagery. RSC comprises repeated stacked
blocks made up of convolutional layers and skip connections,
which bypass layers to avoid the vanishing gradient problem
during training. In the implemented architecture, four blocks
are utilized. The first block processes the input data to extract
initial features. The second block refines these representations
through further convolutional operations. The third block is
tailored to identify specific-ship features in the data. Finally,
the fourth block integrates the hierarchical features to prepare
for classification. The configurations and parameter settings
are summarized in Table 1.

TABLE I
CONFIGURATION OF THE REDESIGNED SKIP CONNECTION (RSC) MODEL

Block Layer Input Dimension  Output Dimension  Parameters
Input 256 x 256 x 3 256 x 256 x 3 -
Block 1 Conv2D 256 x 256 x 3 256 x 256 x 64 1792
Conv2D 256 x 256 x 64 256 x 256 x 64 4160
MaxPooling2D 256 x 256 x 64 128 x 128 x 64 -
Block 2 Conv2D 128 x 128 x 64 128 x 128 x 128 73856
ock = Conv2D 128 x 128 x 128 128 x 128 x 128 16512
Conv2D 128 x 128 x 64 128 x 128 x 128 8320
Block 3 Conv2D 64 x 64 x 128 64 x 64 x 256 295168
Conv2D 64 x 64 x 256 64 x 64 x 256 65792
MaxPooling2D 64 x 64 x 256 32 x 32 x 256 -
Block 4 Conv2D 32 x 32 x 256 30 x 30 x 512 1180160
Global AveragePooling2D 30 x 30 x 512 -
Output Dense 512 256 131328
Dense 256 3 771

E. Training Loop

The main training loop runs for a specified number of
rounds (Num_Rounds). In each round, one client from each
type of dataset is selected. The selected client datasets are

used to update the global model using the proposed FedRS-
Net algorithm. The metrics (loss and accuracy) for each
client are recorded and aggregated. The aggregated metrics
are printed after each round. In addition, a Momentum-based
gradient compression has been implemented. This technique
leverages the momentum term in optimization algorithms like
SGD (Stochastic Gradient Descent) with momentum. For our
scenario, instead of sending the full gradients, each client
will send a compressed version of the gradient based on
the difference between the current gradient and the accu-
mulated momentum. The following steps described how the
Momentum-based gradient compression was implemented in
our proposed FedRS-Net:

Each client computes the gradient on its local data and
updates its local momentum term:

gy = VL(0;b) (Gradient computation on batch b)  (6)

Ve = e + g» (Local momentum update) (7)

The difference between the current gradient and the accu-
mulated momentum is computed and then compressed:

Agy, = gp — pv.  (Gradient difference computation)  (8)

Agy = Compress(Agp) (Gradient difference compression)

)
The compressed gradient difference is sent to the server:
Send to server: Abb (10)

The server aggregates the received compressed gradients
from all clients, decompresses them, and then updates the
global model parameters using the aggregated gradient and
the global momentum term:

C
G = Z Abg(Aggregation of compressed gradients) (11)

c=1

G = Decompress(G)(Decompression of aggregated gradient)

(12)
v = uv + G (Global momentum update) (13)
8 =60 —nv (Global model parameter update) (14)

Where: L is the loss function, 6 represents the model pa-
rameters, g, is the gradient computed on batch b, v, is
the local momentum term for client ¢, p is the momentum
coefficient, 7 is the learning rate, C' is the number of clients.
The functions Compress () and Decompress() represent the
compression and decompression operations, respectively. Al-
gorithm 3 introduced the steps of implementing FedRS-Net
with the Momentum-based Gradient Compression strategy.



Algorithm 3 FedRS-Net training loop with Momentum-based
Gradient Compression algorithm

Require: Model parameters 6y, number of rounds 7', number
of clients C, momentum coefficient y, learning rate n
Ensure: Trained model parameters 6
Initialize global model parameters 6 < 6
Initialize global momentum term v < 0
for t =1to 7T do
for each client ¢ in parallel do
Load local data D,
Initialize local momentum term v, <— 0
for each batch b in D, do
Compute gradients g; on batch b
Update local momentum: v. < pv. + gp
Compute gradient difference: Agy < gp — v,
Compress Ag, to obtain Ag,
Send Ai% to server
end for
end for
Server aggregates received compressed gradients: G«
Aggregate({Agb}all clients) R
Decompress GG to obtain G
Update global momentum: v < pv + G
Update global model parameters: 6 < 6 — nv
end for

III. PROBLEM FORMULATION

Let K be the total number of clients, Dy is the local dataset
containing images x; and labels y; from C classes. The goal
is to train an image classification model with parameters ¢ in
a federated manner to minimize the overall loss:

mein L(9) (15)
where the global loss L(#) is the weighted average of local
loss functions L (6):

L(0) = %ZLM (16)
k

Each client k trains the model locally using its dataset Dy,
by minimizing its local loss:

min Ly (0) (17)

The local loss Ly (0) for client & is computed as the average

categorical cross-entropy loss over a batch Bj sampled from
Dkl

Li(0) = ——

N Z CategoricalCrossEntropy (f (z;;6), y;)
k

(xi,y:)E€By
(18)
where f(x;0) represents the Redesigned Skip Connection
model (RSC) that maps images x to class probabilities.

In each federated round ¢, a subset of clients K; C K
participate and compute updates A6y, that minimize their local
loss Ly (6:). The server aggregates these updates to improve
the global model:

9t+1 =0, +n Z Aak
keK:

19)

The process continues until the global loss on validation
data converges. The key constraints are:

o Clients only share model updates Afy, not images.

o The global model f(x;6;) should perform well on new

test data.

« Communication costs should be minimized.

FedRS-Net addresses these constraints to efficiently learn
a robust classifier from decentralized heterogeneous maritime
datasets. Fig. 3 summarizes FedRS-Net architecture.
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IV. EXPERIMENTS AND RESULTS

This section delineates the experiments conducted on the
proposed FedRS-Net model.

A. Datasets: Dataset_A, Dataset_B, and Dataset_C

In this investigation, three datasets, namely, Dataset_A,
Dataset_B, and Dataset_C, were used for the classification
task. In this manuscript, Dataset_A refers to SAR_SHIP,
Dataset_B refers to OPTICAL_SHIP, and Dataset_C refers
to NO_SHIP. Dataset_A images were sourced online from
the “multi-source and multi-scale SAR ship slice dataset”
[12]. Dataset_B images were sourced from the Airbus Ship
Detection dataset [13], which contained satellite optical im-
ages. Dataset_C is obtained by collecting images of the two
modalities, SAR imageries from the MSAR-1.0 dataset[14,15]
and optical satellite imageries from WHU-RS19 dataset[16].
Fig.4. gives an overview of images in the dataset, and as
presented in Table II, 4962 images and 990 images were used
for training and testing.



Fig. 4. Visualization of the datasets (SAR_Ship class is marked red,
OPTICAL_Ship class is marked green while NO SHIP class is marked blue).

TABLE 11
DATASETS SPLITTING DETAILS.

and becomes more efficient at learning features that are more
common or simpler, such as the optical images in this case.

Furthermore, the communication cost is calculated by con-
sidering the size of the model updates that are transmitted
during each round of the learning process. For our federated
approach, the model, comprising 1,777,859 parameters, ini-
tially requires sending and receiving an uncompressed payload
of approximately 6.78 MB from each client. Considering a
typical 32-bit floating-point representation for each parameter,
this size is derived from the model’s parameter count multi-
plied by the size of each parameter in bytes, further divided
by 10242 to convert from bytes to megabytes. Table IV shows
the communication cost of FedRS-Net.

TABLE IV
COMMUNICATION COST OF FEDRS-NET

Class / Client Training set Testing set 3 Clients 6 Clients 9 Clients
Dataset_A (SAR_SHIP) 1654 330 Model Size (MB) 6.7819 6.7819 6.7819
Dataset_B (OPTICAL_SHIP) 1654 330 Compressed Size (MB) 6.3072 6.3072 6.3072
Dataset_C (NO_SHIP) 1654 330 Comm. Cost Uncompressed (GB) ~ 139.0838  278.1677  417.2515

Comm. Cost Compressed (GB) 129.3479  258.6959  388.0439
TOTAL 4962 990

The total communication cost for the entire training pro-
B. Results

Three distinct training scenarios were evaluated based on
the number of clients. Fig.5., Fig.6., and Fig.7. displayed the
training curves of these scenarios. Table III provides insights
into the relationship between client quantity and the model’s
evaluation metrics across all classes. The “3 Clients” column
displays the metrics from training the model with just three
clients. For the SAR ship class, a precision of 100% is
recorded. As we move to the “6 Clients” column, there’s a
discernible decrease in performance, with SAR ship precision
sliding to 99.09%. This decreasing trend persists as we analyze
the “9 Clients” column, representing training with 9 clients,
where SAR ship precision further declines to 98.80%. How-
ever, the Optical ship class exhibits the opposite trend. With
3 clients, the model achieves 99.40% Optical ship precision.
Increasing to 6 clients leads to a noticeable improvement, with
precision rising to 99.70%. Finally, utilizing 9 clients results
in the highest precision of 100% for the Optical ship class.
This can be justified by the fact that the use of RSC may
have varying effects across different data modalities. The RSC
might be more adept at capturing features relevant to optical
images than SAR images as the dataset size grows with more
clients. With an increasing number of clients, the complexity
and variety of data increase. The global model might be limited

cess across 3500 rounds can be substantial. Still, with our
momentum-based gradient compression algorithm strategy, we
observe a significant reduction in the required data transmis-
sion. As presented in Fig.8. for 3 clients, the uncompressed
communication cost is approximately 139.08 GB, whereas the
compressed communication is just about 129.35 GB. As the
number of clients increases to 6 and then to 9, the com-
munication cost without compression would linearly increase
to 278.17 GB and 417.25 GB, respectively. However, with
compression, these costs are kept to a minimal 258.70 GB
and 388.04 GB, showcasing the impact of our compression
approach.

C. Discussion

This study presented FedRS-Net, a novel federated learning
framework for multi-modal remote sensing image classifi-
cation. We integrate a compression mechanism within our
FedRS-Net to address the challenge of high communication
costs. Our chosen Momentum-based Gradient Compression
algorithm significantly reduces the payload size by com-
pressing the gradient updates before they are sent to the
server. FedRS-Net yielded a compression ratio of 7%. This
compression substantially decreases the required bandwidth
and can lead to faster training times and lower network load.

TABLE III
EVALUATION RESULTS OF THE THREE SCENARIOS

Class / Client _ 3 Clients _ 6 Clients _ 9 Clients
Precision  Recall F1 score  Precision Recall F1 score Precision Recall FI1 score  Support
SAR ship 1 1 0.9999 0.9909 1 0.9954 0.9880 1 0.9940 330
Optical ship 0.9940 1 0.9970 0.9970 0.9879 0.9923 1 0.9939 0.9969 330
No ship 1 0.9939 0.9969 0.9880 0.9878 0.9879 0.9939 0.9879 0.9808 330
Accuracy 0.9980 0.9920 0.9939 990
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The above results demonstrate FedRS-Net’s ability to fuse
SAR and optical satellite data in a privacy-preserving manner
for robust maritime ship classification. FedRS-Net appears to
be one of the first federated learning attempts for marine
vessel classification using remote sensing data. Therefore, it
seems difficult to compare our findings with some state-of-
the-art federated learning models in remote sensing. However,
it is worth noting that direct comparisons with federated
learning techniques in the remote sensing domain are limited.
Nevertheless, evaluating FedRS-Net against general remote
sensing data classification methods could provide valuable
insights into its relative performance. Table V provides a direct
comparison of FedRS-Net and other classification methods.

TABLE V
COMPARISON OF FEDRS-NET WITH STATE-OF-THE-ART MODELS

Model Accuracy (%)  F1 Score (%)  Source
ResNet-50 97.40 93.64 [17]
ResNet-101 96.20 93.90 [18]
Inception-V3 95.48 95.65 [19]
ResNet-152 95.80 95.81 [20]
FedRS-Net (Ours) 99.80 99.79 -
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Fig. 8. Communication cost of compressed and uncompressed FedRS-Net.

V. CONCLUSION

This paper presents FedRS-Net, a federated learning frame-
work uniquely designed for multi-modal remote sensing image
classification, with an emphasis on the collaborative inte-
gration of SAR and optical data across agencies, all while
ensuring data privacy. Our comprehensive evaluations, particu-
larly on a maritime vessel dataset, demonstrated an impressive
over 99.80% accuracy and 99.79% F1-score. When compared
with existing solutions, FedRS-Net’s tailored architecture and
federated approach proved superior, outpacing state-of-the-
art models by 2-3% in accuracy. While the current version
of FedRS-Net showcases strong capabilities, there are op-
portunities for further improvement. Exploring peer-to-peer

architectures and the potential integration of Blockchain-based
transparency can pave the way for future research directions.
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