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Abstract: Maritime domains are critical to economic development and international trade,
while also playing a key role in the protection of national sovereignty. The exploitation of
marine resources relies heavily on maritime vessels, which are central to transportation
and offshore operations. For coastal regions frequently affected by natural disasters
such as storms and tsunamis, there is a pressing need for reliable ship detection systems
using aerial drones, satellites, radar, or surveillance cameras. Such systems enable timely
identification and coordination of vessels at sea, facilitating evacuation to safe zones
during extreme events. In addition, ship detection is essential for monitoring unauthorized
maritime activities and illegal incursions into territorial waters. While recent studies have
explored the application of Machine Learning, Deep Learning, and Federated Learning
in maritime environments, a gap remains in integrating these approaches into unified
frameworks. This work aims to review and analyze these methodologies for ship detection,
with the goal of identifying suitable algorithms and models for practical deployment under
diverse operational conditions.
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1. INTRODUCTION ensuring security and privacy instead of
centralizing data as in traditional machine
learning methods. The server aggregates
the local model updates using aggregation
algorithms, such as FedAvg (McMahan et
al., 2017), FedProx (Li et al., 2020), and
FedOpt (Reddi et al., 2021), to update
the global model, with FedAvg serving
as one of the fundamental approaches
in Federated Learning (McMahan et al.,

to occur locally so that data remains on 2017). Total number of local samples at
each respective device or node, thereby round z:

Federated Learning is a machine
learning technique that differs from
traditional machine learning. It allows
devices or edge nodes to collaboratively
train acommon model without transferring
their local data. In other words, Federated
Learning distributes the global model to
devices or edge nodes, enabling training

than (1)

keS
Global model update (Federated Averaging):
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where:
¢: communication round
S : set of selected clients at round ¢
n,: number of local training samples at client &
m . total number of samples from participating clients
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Figure 1. Flowchart of Federated Learning

Federated Learning (FL), introduced by
McMahan et al. (2017), has been widely
adopted across data-sensitive domains,
including healthcare (Nguyen et al.,
2022), (Joshi et al., 2022), transportation
(Pandya et al., 2023), smartphones (Lim
et al., 2020), finance (D’souza et al.,
2023), and smart agriculture (Zhang et
al., 2025). In the IoT sector, the global
FL market is projected to grow from USD
127 million in 2023 to USD 210 million
by 2028, corresponding to a CAGR of
10.6% (MarketsandMarkets, 2023).
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In maritime applications, FL has
been explored for ship object detection;
however, challenges remain in terms of
accuracy, system cost, and deployment
under harsh environmental conditions
with limited infrastructure. This paper
reviews existing approaches and analyzes
representative models to identify key
challenges and practical limitations in
applying FL to maritime object detection
systems.
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2. MACHINE LEARNING FOR SHIP
OBJECT DETECTION

There are many studies on ML
applications in object detection, and we
have compiled the latest published works.

Aneesha Guna et al. developed a
machine learning model that integrates
multiple methods to achieve an increasing
level of automation. The team created
a new dataset by collecting videos of
moving objects and labeling them using
a combination of automated and manual
techniques. The model was trained using
You Only Look Once Version 4 (YOLOv4)
and Region-Based Convolutional Neural
Network (R-CNN) and deployed on
Parrot Mambo drones for real-time object
detection and tracking. The results were
significant, achieving an average loss of
0.1942 and 96% accuracy (Guna et al.,
2024).

Wang Yong et al. proposed a rotational
multimodal ship object detection algorithm.
Feature extraction is performed separately
for optical data and Synthetic Aperture
Radar (SAR) data, and an intermediate
fusion strategy is adopted to combine

Channel Attention

optical and SAR features for detection.
The introduction of the Convolutional
Block Attention Module (CBAM) into the
backbone enables automatic weighting of
feature channelsduringthelearningprocess,
thereby improving feature
efficiency and reducing noise and irrelevant
information. The proposed multimodal
detection algorithm was validated on the
constructed QXS-SAROPT-SHIP dataset.
Compared with conventional horizontal
bounding box detection algorithms and
single-model detection approaches,
the proposed multimodal algorithm
achieved significantly improved accuracy.
Specifically, the accuracy increased by
1.73% with the inclusion of the CBAM
module (Yong et al., 2024). Originally
proposed by Woo etal., CBAM sequentially
applies channel attention and spatial
attention to refine feature representations
by emphasizing features
while suppressing irrelevant background
information. The corresponding channel
attention and spatial attention maps are
mathematically formulated as follows
(Woo et al., 2018):

extraction

informative

M (F) = o(MLP(AvgPool(F)) + MLP(MaxPool(F))) (3)

where:
F e R HxW: input feature map

M (F) € R®***1: channel attention map

AvgPool(F): average-pooled feature descriptor

MaxPool(F): max-pooled feature descriptor

MLP: shared multi-layer perceptron with one hidden layer

o: sigmoid activation function

Spatial Attention
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M (F) = o(f""[AvgPool;(F)(MaxPool(F)])) (4)

where:

M (F) R?*¥*W: spatial attention map

AvgPool(F): average-pooled feature map across the channel dimension

MaxPool(F): max-pooled feature map across the channel dimension

[;]: channel-wise concatenation.

f7¥7: convolution operation with a 7 x 7 kernel

o: sigmoid activation function

In maritime ship object detection,
channel attention emphasizes ship-related
feature channels, while spatial attention
highlights  informative  regions and
suppresses sea clutter, wave reflections, and
other background interference.

Domenico Barretta et al. investigated the
performance of binary machine learning
classification models in terms of false alarm
probability for detecting targets such as ships
from satellite data. The study employed
decision functions based on learned training
data. The results showed that, under
appropriate conditions, the models achieved
improved accuracy, making them suitable
for remote sensing applications, including
maritime navigation (Barretta et al., 2024).

WenxinZhangetal. proposedPillarDANet,
an improved 3D point cloud-based ship
detection method for large vessels based
on PillarNet. This method incorporates
a Position-Aware Module (PAM) and a
Channel-Aware Module (CAM) to enhance
sensitivity to the geometric structure of
ships. Experimental results demonstrated
improvements of 3.1% and 3.9% in the mAP
metric over PillarNet, with PillarDANet
achieving 66.2% and 87.8%, respectively
(Zhang and Ren, 2024).

Shuqgi Sun et al. proposed a method
to address noise in ship detection from
Synthetic Aperture Radar (SAR) images
by combining the localization capability
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of the Constant False Alarm Rate (CFAR)
algorithm with the classification strength of
machine learning. Targets were detected and
localized using a two-stage CFAR approach,
followed by noise removal and extraction of
candidate targets. A combination of Gaussian
distribution modeling and global CFAR was
applied. After obtaining candidate targets, a
Gradient Boosting Decision Tree (GBDT)
classifier was used for training and evaluation.
Simulation results demonstrated 96.1%
accuracy and strong detection performance
(Sun et al., 2023).

The above studies demonstrate that
machine learning techniques can reduce
errors and improve accuracy in ship
object detection, and these methods are
summarized in Table 1.

3. DEEP LEARNING FOR
OBJECT DETECTION

SHIP

Deep learning is a subfield of machine
learning driven by multilayer neural
networks, designed with inspiration from
the structure of the human brain, and
widely applied in many fields, including
maritime  domains.  Artificial neural
networks are structured as multiple layers of
interconnected computational nodes, where
each node applies an activation function
to transform its input into an output signal
(IBM, n.d.).
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Figure 2. General architecture of a deep neural network

Lixin Zhang et al. conducted a deep
learning-based ship detection study using
Faster Region-Based Convolutional Neural
Network (Faster R-CNN), YOLOv4, and
Single Shot MultiBox Detector (SSD).
The results showed that each algorithm
has its own advantages and disadvantages
depending on object size. For medium and
large ships, Faster R-CNN achieved the
highest accuracy, followed by YOLOvV4,
while SSD showed the lowest accuracy. In
terms of detection speed, SSD was the fastest,
followed by YOLOv4, and Faster R-CNN
was the slowest. For small ships, YOLOv4
achieved the best detection accuracy, while
SSD had the fastest detection speed. Faster
R-CNN was neither as accurate nor as fast
as the other two algorithms. Therefore, it is
necessary to clearly define the objectives
in order to select the appropriate algorithm
(Zhang and Yin, 2022).

Shuxiao Cheng et al. proposed a deep
learningmodelforshipdetectionfromdrone
images using YOLOv5-ODConvNext.
They incorporated multi-dimensional

convolution (ODConv) into YOLOVS to
improve accuracy. Experimental results
showed that their model achieved 48%
accuracy, exceeding YOLOvVSs by 1.2%.
The detection speed was 8.3 ms per image
on an NVIDIA RTX3090 GPU, which is
13.3% faster than YOLOvSs (Cheng et
al., 2023).

Esra Yildirim et al. conducted a
comparative study of deep learning
algorithms using State-of-the-Art (SOTA)
datasets for ship detection. The performance
of five models (Faster R-CNN, YOLOVS,
CenterNet, EfficientDet, and SSD) was
evaluated. The results indicated that
YOLOV8 achieved the highest detection
performance (AP@0.50=96.33%), followed
by CenterNet (AP@0.50 = 88.80%), Faster
R-CNN (AP@0.50 = 85.30%), EfficientDet
(AP@0.50 = 78.91%), and SSD (AP@0.50
=75.98%) (Yildirim and Kavzoglu, 2025).

Chun-Ming Wu et al. developed the
Ship YOLO algorithm based on You Only
Look Once version 11 (YOLOvI]). As a
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one-stage detection algorithm, YOLOv11
prioritizes speed, achieves lower missed
detection and false positive rates, and
is well-suited for real-time maritime
monitoring. In contrast, two-stage detection
algorithms and multimodal approaches
offer higher accuracy but are unsuitable for
real-time detection due to slow inference
speeds (Badgujar et al., 2024). To further
improve ship detection performance, Wu
et al. introduced an Adaptive Multi-scale
Fusion (AMF) structure to effectively
integrate multi-scale features and proposed
a Dual-Teacher Adaptive Dynamic Head
(DTADH) to align adaptive detection boxes
for various tasks under different lighting
conditions. These components improve
the model’s robustness in challenging
maritime environments by enhancing
feature representation across different
ship scales and reducing the influence of
complex backgrounds and illumination
variations, thereby enabling more reliable
ship detection under low-light conditions
and other harsh environmental scenarios.
Experimental results demonstrated that
Ship YOLO outperformed baseline models
on ship datasets, providing a cost-effective
solution for improving future ship detection
systems (Wu et al., 2025).

k-1 k-1

C K
Y(ij)= ).
c=1 u=0 v=0

where:

X : denotes the input feature map

> > K(uvc)X(i+u,j+v,c+b)

Research has focused on developing
deep learning models based on YOLO
architectures and
techniques to mitigate the effects of weather
conditions and improve ship detection
accuracy. These techniques and algorithms
are summarized in Table 2.

noise-processing

3.1. Overview of CNNs (Convolutional
Neural Networks)

Convolutional =~ Neural = Networks
(CNNs)areaclassofdeep learningmodels
designed to efficiently process structured
grid data, particularly digital images.
Due to their ability to automatically learn
features directly from raw data, CNNs
have become a fundamental approach
for many computer vision tasks such as
image classification, object detection,
and image segmentation (Goodfellow et
al., 2016).

A typical CNN architecture consists of
convolutional layers, nonlinear activation
functions, and pooling layers. Convolutional
layers utilize filters learned during training
to extract local features such as edges,
textures, and shapes. The convolution
operation is defined as follows (LeCun et
al., 1998):

()

K : represents the learnable convolutional kernel

C : the number of input channels

b : the bias term

Y(i, j) : output feature value at position i, j

k., kw : height and width of the convolution kernel
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Nonlinear activation functions, most commonly ReLU, enable the network to learn

complex representations and improve convergence speed during training (Nair and Hinton,
2010). The ReLU activation function is defined as:

f(x) = max (0,x)

where:

X : input value

(6)

f(x) : output value after applying the activation function

Pooling layers are used to reduce the spatial dimensions of feature maps, thereby

decreasing computational cost and increasing robustness to small spatial variations in

the input (LeCun et al., 1998).

Y(ij) = (T%)e(n X(i+u j+v) (7)

where:

Q : denotes a local pooling region

A key characteristic of CNNs is the
combination of weight sharing and local
connectivity. These properties significantly
reduce the number of parameters compared
to traditional fully connected networks while
improving generalization capability (LeCun
et al., 1998). As a result, CNNs demonstrate
superior performance over classical machine
learning methods in image processing tasks.

In modern object detection models such as
YOLO, CNNs are not only used for feature
extraction but also form the backbone of the
entire network architecture. Components such
as the backbone, neck, and head are built upon
convolutional layers, enabling end-to-end
object detection and supporting real-time
processing requirements (Redmon et al., 2016).

3.2. Overview of YOLO

YOLO (You Only Look Once) is an object
detection model based on Convolutional
Neural Networks (CNNs), widely used
for detecting objects in images and videos

in computer vision. Unlike traditional
multi-stage object detection methods, YOLO
performs detection in a single forward
pass of the neural network, simultaneously
predicting object locations and class labels
(Redmon et al., 2016). YOLO divides the
input image into an S x S grid, where each
grid cell is responsible for detecting an object
if its center falls within that cell. A CNN is
used to extract features and directly predict
bounding boxes and class probabilities,
enabling YOLO to achieve high processing
speed and real-time performance (Redmon
et al., 2016).

4. FEDERATED LEARNING FOR
SHIP OBJECT DETECTION

4.1. General Optimization Objective

The studies reviewed in this paper
employ various object detection models
as local models within the Federated
Learning framework. Since different
detection architectures adopt different
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optimization strategies, the corresponding
loss functions are not identical across all
studies. Nevertheless, object detection
is generally formulated as a multi-task
optimization problem, where the overall
objective consists of multiple task-specific
loss components, such as localization,
objectness, and classification losses
(Chan et al., 2024). Within the Federated
Learning framework, this detection loss
serves as the sample-level objective for
local model optimization at each client.
The local objective is then defined as the

Ltotal = }Lbobeox + }\objLobj + )\claschlass

where:

L, ..: overall optimization objective

average detection loss over the client’s
local dataset, while the global objective is
formulated as the weighted aggregation of
all local objectives according to the data
distribution among clients (McMahan
et al., 2017). After local training, the
global model is updated according to the
adopted federated optimization strategy,
such as FedAvg, FedProx, or FedOpt.
Following the general object detection
loss formulation presented by Chan et al.
(Chan et al., 2024), L can be expressed
as follows:

(8)

L, : localization loss for bounding box regression

L, objectness loss used to determine whether an object is present in a predicted region

L ... classification loss used to predict the object category

cla

A,... Weighting coefficient for the localization loss

A, weighting coefficient for the objectness loss

A weighting coefficient for the classification loss

class

Local Optimization Objective for FedAvg

Based on the detection loss defined above, the local optimization objective for client is
formulated as follows (McMahan et al., 2017):

1
Fk (W) = Z Ltotal(W;xi ’yi)

k (€EP,

where:

)

F,(w): local optimization objective of client k

w: model parameters

P, : set of training samples belonging to client k

n.= | P, |- number of local training samples at client k

L. ..(w;x;y ) : detection loss calculated for sample i using model parameters w

X, : input image
Y, : corresponding ground-truth label
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Global Optimization Objective for FedAvg

The global optimization objective is then obtained by aggregating the local
optimization objectives of all participating clients according to their local dataset sizes,
following McMahan et al. (McMabhan et al., 2017):

K
minf(w) =Y, “¥F,w)  (10)
k=1

with:
K
n = an
k=1

where:

an

f(w) : global optimization objective in the Federated Learning framework

K : total number of clients

n : total number of training samples from all clients

n,/ n:aggregation weight of client k

F, (w): local objective function of client k

Global Model Update for FedAvg

The global objective defined above
represents the  general  optimization
formulation in the Federated Learning
framework. In practice, this objective can
be optimized using different federated
optimization strategies. The standard FedAvg
approach aggregates locally optimized
models based on the relative number of
training samples at each client (McMahan et
al., 2017), while other approaches, such as
FedProx (Lietal.,2020) and FedOpt (Reddi et
al., 2021), introduce additional mechanisms
to improve robustness under heterogeneous
and non-IID data distributions. These
optimization strategies are discussed in detail
in the following sections.

4.2. Federated Learning Optimization
Algorithms

During the development of FL, federated
optimization algorithms have continuously
evolved to overcome the limitations of earlier

optimization approaches. Building upon
FedAvg introduced in the previous section,
several advanced optimization algorithms
have been proposed to improve optimization
efficiency, convergence stability, and model
robustness under heterogeneous (non-IID)
data distributions. Among them, FedProx and
FedOpt are two representative optimization
algorithms that enhance the federated
training process from different perspectives,
including local objective regularization and
adaptive global model optimization. These
advancements have significantly expanded
the applicability of FL in real-world
scenarios, including maritime ship detection,
where client data are inherently distributed,
heterogeneous, and non-IID.

Tian Li et al. proposed FedProx to
address the challenges of statistical
heterogeneity and system heterogeneity
by introducing a proximal regularization
term into the local objective function,

while retaining the same server-side
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aggregation strategy as FedAvg. The
proximal term constrains local model
updates to remain closer to the current
global model, thereby reducing client
drift and improving convergence under
non-IID data distributions (Li et al.,
2020). Therefore, the FedProx algorithm

2
h, (W;Wt) = Fk(W) + % I w- w, Il

where:

is particularly well suited for maritime
ship detection applications, where data
collected from satellites, UAVs, ships, and
coastal monitoring stations are inherently
exhibit non-IID
characteristics. The corresponding local

heterogeneous and

objective function is defined as follows:

(12)

h, (w;w)) : local objective function of client &

F, (w) : local loss function of client &

w : local model parameters

w, : global model at communication round ¢

u : proximal coefficient controlling the regularization strength

Sashank J. Reddi et al. subsequently proposed FedOpt, a generalized adaptive federated
optimization framework that applies adaptive optimization algorithms on the server side,

including FedAdagrad, FedAdam, and FedYogi, to improve convergence speed and

optimization performance (Reddi et al., 2021). The global model is updated as follows:

x 1 = SERVEROPT(x!, —A'n,t) (13)

where:

xt : global model at communication round ¢

xt+

1 updated global model at communication round 7 +1

A average client update aggregated from the selected clients

1 : server learning rate

SERVEROPT : server-side adaptive optimizer (FedAdagrad, FedAdam, or FedYogi)
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Figure 3. Federated Learning framework for ship object detection

4.3. Federated Learning for Ship Object
Detection

Federated Learning has emerged as a
promising approach for ship object detection
by enabling maritime monitoring platforms
to jointly train a model while preserving
local data privacy.

Figure 3 illustrates the architecture
of Federated Learning applied to ship
object detection across different maritime
surveillance devices, including satellites,
UAVs, and coastal surveillance stations.
Each device acts as a distributed client: the
observed ship data are stored locally and
used to perform local training of a neural
network model directly on the client without
transmitting the raw data. After each training
round, clients send only the model updates
to the central server; the server aggregates
these updates into a global model and sends
the resulting model parameters back to each
client to continue the next training round.
As a result, different maritime surveillance
devices can collaboratively train a shared
ship object detection model while the data

remain stored locally, thereby preserving
data privacy.

Priyanka Nandal et al. proposed
combining Federated Learning with
YOLOvIl and a transformer-based
attention module to improve real-time
accuracy while ensuring data security
through Federated Learning. YOLOvII
was adopted as the backbone because
of its enhanced architecture for
efficient multi-scale feature extraction.
Specifically, the C3K2 block improves
feature representation while reducing
computational complexity, the Spatial
Pyramid Pooling Fast (SPPF) module
aggregates contextual information at
multiple scales to enhance the detection
of small ships, and the C2PSA block
incorporates spatial attention to emphasize
salient ship features while suppressing
complexmaritimebackgrounds. Inaddition,
the redesigned detection head integrates
a multi-scale Feature Pyramid Network
(FPN) with an anchor-free prediction
mechanism, enabling more accurate
detection of ships with different sizes
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and orientations. The transformer-based
attention mechanism further strengthens
long-range spatial feature learning,
allowing the model to better identify small
or partially occluded vessels in challenging
maritime environments (Nandal et al.,
2025). The proposed method achieved high
accuracy (95%), recall (90%), mAP50 of

92%, and mAP50-95 of 54.7%. Moreover,
the communication overhead decreased
from approximately 500 MB at round 1
to 380 MB at round 10, corresponding to
a reduction of approximately 24%. The
research team asserted that the model
provides real-time inference speed and
high applicability (Nandal et al., 2025).

Precision-Recall Curve
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Figure 4. Precision-Recall curve (Nandal et al., 2025)

Figure 4 presents the Precision-Recall
(P-R) curve reported by Nandal et al.
(2025). The results demonstrate that the
federated YOLOvIl model integrated
with the transformer-based attention
mechanism achieved the highest detection
performance (AUC = 0.9472), slightly
outperforming the centralized YOLOvI11
model (AUC = 0.9418) and clearly
surpassing the federated model without the
transformer (AUC = 0.9273). The results
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indicate that the attention mechanism
effectively enhances feature representation,
reduces false positives caused by complex
maritime backgrounds, and improves the
detection of small or partially occluded
ships. Furthermore, the close performance
between the federated and centralized
models highlights the feasibility of
privacy-preserving Federated Learning for
maritime ship detection without sacrificing
detection accuracy (Nandal et al., 2025).
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Figure 5. Confusion Matrix (Nandal et al., 2025)

Figure 5 presents the confusion matrix
of the proposed model. The results show
that the model achieves a true positive
rate of 0.96 and a true negative rate of
0.94, while maintaining low false positive
and false negative rates. These results
demonstrate the model’s strong ability
to distinguish between classes and its
high performance in ship detection. The
Transformer-based attention mechanism
enhances spatial feature representation
and discrimination, thereby contributing
to more accurate ship detection in complex
maritime environments, particularly for
small or densely distributed ships (Nandal
et al., 2025).

Anh-Kiet Duong et al.
FedShip, a  Federated

proposed
Learning

framework for ship detection using
multi-source optical satellite images.
The study evaluated three representative
federated  optimization  algorithms,
namely FedAvg, FedProx, and FedOpt,
on two benchmark datasets: Ship4FL
for heterogeneous multi-source satellite
imagery and ShipGE for homogeneous
satellite imagery. The Ship4FL dataset
comprises four subsets corresponding
to four optical satellite sensors, namely
PlanetScope, Sentinel-2A/B, Gaofen-1/6,
and Landsat-8/9. In addition, a combined
validation set, referred to as Group4,
integrates the validation subsets from
all four satellite sources to evaluate
the overall generalization performance
of the models across heterogeneous
multi-source data.
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Figure 6. Performance of different training strategies on the Ship4FL dataset
Duong et al., 2025)

Figure 6 shows that the centralized
training strategy achieved the highest
detection performance throughout the
training process, whereas local training
consistently produced the lowest mAPS50.
Although the three Federated Learning
algorithms did not reach the performance
of centralized training, they substantially
outperformed  local training  while
preserving data privacy. Among the
evaluated algorithms, FedProx exhibited
slightly better performance than FedAvg
and FedOpt during the later stages of
training (after approximately 60 epochs),
indicating that the proximal regularization
term effectively mitigates client drift under
heterogeneous (non-11D) data distributions.
Quantitative results further supported
these observations. The centralized model
achieved the highest mAP50 on the Planet
(0.903) and the combined Group4 (0.832)
validation sets. Among the Federated
Learning algorithms, FedOpt achieved the
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highest mAP50 on the Gaofen-1/6 dataset
(0.674), while FedAvg achieved the best
performance on the Landsat-8 dataset
(0.838), outperforming the centralized
model on their respective validation
subsets. Overall, the authors reported that
the mAP50 of the FedAvg and FedProx
algorithms was approximately 7%-10%
lower than that of centralized training but
10%-15% higher than that of local training
on average. These findings demonstrate that
advanced federated aggregation algorithms
can effectively improve ship detection
performance on heterogeneous multi-source
satellite datasets while maintaining the
privacy-preserving advantages of Federated
Learning (Duong et al., 2025).

To further assess how data distribution
affects Federated Learning performance,
the authors subsequently evaluated the same
training strategies on the homogeneous
ShipGE dataset.
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Figure 7. Performance of different training strategies on the ShipGE dataset
(Duong et al., 2025)

Figure 7 shows that the centralized
training strategy again achieved the
highest detection performance, while local
training consistently produced the lowest
mAP50. The three Federated Learning
algorithms  significantly  outperformed
local training and achieved performance
very close to centralized training. Unlike
the heterogeneous Ship4FL dataset, the
performance differences among FedAvg,
FedProx, and FedOpt became marginal,
with their convergence curves -closely
overlapping throughout the training
process. This behavior indicates that when
client data are relatively homogeneous, the
influence of the aggregation algorithm on
convergence and detection performance
is considerably reduced. Quantitative
results further showed that the Federated

Learning models achieved mAPS50 values
of approximately 86.2%-87.4%, compared
with 89.8% for centralized training, while
improving detection performance over
local training by approximately 10%-25%,
depending on the client. These findings
demonstrate that Federated Learning can
achieve detection accuracy comparable to
centralized training under homogeneous
data distributions while preserving data
privacy (Duong et al., 2025).

Tran-Vu La et al. investigated the
application of Federated Learning for
ship detection while ensuring privacy and
security. The study evaluated and compared
several FL models-FedAvg, FedProx,
FedOpt, and FedMedian-where the
YOLOvVS8 model was trained independently
on each dataset for ship detection.
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Figure 8. Performance of local and global training strategies (La et al., 2025)

Figure 8 shows that the global training
strategy achieved the highest detection
performance with an mAP of 0.843,
whereas local training produced the
lowest average mAP of 0.545 across
the eight clients. Among the Federated
Learning algorithms, FedAvg, FedProx,
and FedOpt achieved comparable mAP
values of approximately 0.743, while
FedMedian exhibited slightly lower
performance. Although the Federated
Learning algorithms did not reach
the accuracy of global training, they
substantially outperformed local training,
demonstrating the effectiveness of
collaborative model learning without
requiring raw data sharing.

Figure 9 illustrates the impact of
different communication rounds and local
training epoch configurations on Federated
Learning performance, based on the
quantitative results reported by authors
(La et al.,, 2025). To further investigate
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the effect of communication rounds, the
authors evaluated four combinations of
communication rounds (T) and local
training epochs (E): Opt-1 (3 x 50), Opt-2
(5 % 30), Opt-3 (10 x 15), and Opt-4 (15 x
10). The results showed that Opt-4 achieved
the highest average mAP of 0.748, whereas
Opt-1 obtained the lowest average mAP
of 0.692. At the dataset level, the highest
detection performance was achieved on the
Geosat-2 dataset withan mAP of 0.781 under
the Opt-4 configuration, while the lowest
mAP of 0.649 was observed on the Gaofen
dataset under the Opt-1 configuration.
However, although increasing the number
of communication rounds from 3 to 15
improved detection performance, it also
substantially increased the computation
time, from 6,261 s to 22,700 s. Overall, the
results suggest that Opt-3 provides the most
balanced communication configuration
by offering an effective trade-off between
detection performance and computational
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efficiency. These findings indicate that selecting an appropriate communication configuration
is essential for balancing detection performance and computational efficiency in federated

ship detection systems (La et al., 2025).
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Figure 9. Average mAP and training time for different training strategies

Yanhong Huangetal. proposed FLCSDet,
a Federated Learning-based ship detection
framework for maritime surveillance while
preserving data privacy among maritime
authorities. Instead of sharing raw data, the
proposed framework enables collaborative
model training by exchanging only model
parameters. The FLCSDet architecture
consists of two main components: the
local ship detection model (CSDet) and
the Global Adaptive Aggregation Model
(GAM). Built upon YOLOVS, the CSDet
model replaces the conventional C2F
module with the CS-C2F module integrated

L =w,lL

17~ WIoU

where:

L :Total loss function

+ wZLcls + (1)3 Ldf[

with the Efficient Multi-scale Attention
(EMA) mechanism, enabling more effective
multi-scale feature extraction and improving
the detection of ships with various sizes
under complex maritime conditions such
as waves, reflections, and occlusions. In
addition, the conventional CloU loss is
replaced with the dynamic non-monotonic
Wise-IoU (WIoU) loss, which suppresses
harmful gradients from low-quality anchor
boxes to improve localization accuracy
and accelerate convergence. The total loss
function is defined as follows (Huang et al.,
2025):

(14)
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L

Wi

ou - Wise-IoU loss for bounding-box regression

L, : Classification loss for predicting ship categories

L : Distribution Focal Loss

o, w,and w, : Weight values for the WIoU loss, classification loss, and DFL

At the global aggregation stage,
instead of employing simple averaging
as in FedAvg, the authors proposed an
adaptive aggregation strategy that assigns
aggregation weights according to the
effective data ratio of each client, thereby

>

k=1

o)t=L
K

where:

n

— W

n

w@: global model parameters after round t

K : total number of participating clients

balancing the generalization -capability
of the global model while preserving the
characteristics of heterogeneous non-II1D
local datasets. The adaptive global
aggregation strategy is given by (Huang et
al., 2025):

)

(15)

k

n® : number of effective training images at client k
K

n =Y n®: total number of effective training images across all clients

o,: IOC;j model parameters uploaded by client k

Furthermore, transfer learning,
pre-trained on the SeaShips and UAV
datasets, was employed to accelerate local
convergence and reduce communication
rounds between clients and the server. Owing
to the lack of a standardized benchmark
for Federated Learning in maritime
applications, the authors constructed
three heterogeneous maritime datasets
representing shore-based, UAV-mounted,
and multi-device monitoring scenarios to
simulate realistic non-IID data distributions
across different maritime surveillance
platforms (Huang et al., 2025). Based on
the quantitative results reported by the
authors, we visualized the results.
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As illustrated in Figure 10, the
mAP@0.5 performance of FLCSDet
consistently improved as T increased
across all three datasets. When T
increased from 5 to 10, the detection
performance improved substantially, with
the mAP@0.5 increasing from 0.849 to
0.938 on the shore-based dataset, from
0.847 to 0.926 on the UAV-mounted
dataset, and from 0.788 to 0.897 on
the multi-device dataset. These results
indicate that additional rounds of global
model aggregation effectively enhanced
collaborative learning and accelerated
model convergence during the early stage
of federated training.
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Figure 10. mAP@0.5 of FLCSDet under different communication rounds (T)

However, when T was further increased
from 10 to 15, only marginal performance
gains were observed, with improvements of
0.002, 0.003, and 0.005 on the shore-based,
UAV-mounted, and multi-device datasets,
respectively. This trend suggests that the
FLCSDet model had nearly converged after
approximately T = 10, and further increasing
T provided only limited improvements
while increasing communication
and computational costs. Among the
three datasets, the shore-based dataset
consistently achieved the highest mAP@0.5
under all T configurations, followed by
the UAV-mounted dataset, whereas the
multi-device dataset consistently exhibited
the lowest performance. The comparatively

lower performance of the multi-device
dataset can be attributed to its higher
degree of data heterogeneity arising
from multiple sensing platforms, which
makes collaborative optimization more
challenging. Nevertheless, the consistent
improvement observed across all three
datasets demonstrates the robustness of
the proposed adaptive aggregation strategy
under heterogeneous data distributions
(Huang et al., 2025).

The above studies demonstrate the
potential of Federated Learning for ship
object detection. Their methods, datasets,
results, convergence rates, communication
costs, and privacy levels are summarized in
Tables 3 and 4.
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5. CHALLENGES
DETECTION

IN FEDERATED LEARNING FOR

SHIP OBJECT

Some challenges in Federated Learning identified from the aforementioned studies are

illustrated in Figure 11:

Client Asynchrony and
Decentralized FL

)

'd A

Heterogeneous Multimodal
Data Fusion

—

)
Scalability of Maritime FL
~——
FL Configuration Optimization

—
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Privacy and Security Risks
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Complex Ship Detection
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Figure 11. Challenges in Federated Learning for ship object detection

Different weather conditions and external
environments lead to variations in the
collected data, resulting in non-uniform data
distribution (non-IID) across clients, which
affects model accuracy and convergence
(Kairouz et al., 2021), (Qi et al., 2023).

The lack of standardized datasets, as
well as datasets covering diverse weather
conditions, makes model training and
evaluation challenging (Zhao et al., 2019).

In scenarios with multiple ships, varying
orientations and rotations make it difficult
to adjust bounding boxes accurately and
avoid duplication (Zhao et al., 2024).

In maritime remote sensing imagery,
ships often appear at extremely small scales,
especially in satellite or high-altitude UAV
data. The limited pixel representation,
combined with dynamic sea backgrounds
such as wave patterns and specular reflections,
significantly degrades localization accuracy.
Although small object detection is
inherently challenging in centralized training
frameworks, this issue is further exacerbated
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in federated settings due to heterogeneous
data distributions across clients (Yang et al.,
2021), (Bochkovskiy et al., 2020).

Edge devices deployed on ships or offshore
stations typically have limited CPU/GPU
capacity, memory, and power supply. Training
deep detection networks locally may result
in excessive computation time and energy
consumption, thereby limiting full client
participation in FL rounds (Zhao et al., 2018).

In maritime environments, unstable
bandwidth leads to high communication
costs and significant delays (Li et al., 2020).
Due to unstable maritime connectivity,
some clients may fail to complete local
training or upload updates. Client dropout
leads to wuneven contributions during
aggregation and may degrade overall model
performance (Yang et al., 2019).

Privacy and security remain significant
challenges in Federated Learning because
sharing model parameters or gradients does
not completely eliminate the risk of sensitive
information leakage. Adversaries may exploit
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exchanged model updates through attacks
such as model inversion or membership
inference to infer information about local
training data. Therefore, additional protection
mechanisms, including Differential
Privacy (DP), Secure Aggregation, Secure
Multi-Party Computation (SMPC), and
homomorphic encryption, may be required to
strengthen privacy and security in maritime
FL systems (Nandal et al., 2025).

FL configuration optimization is
another important challenge because the
selection of communication rounds and
local training epochs directly affects both
model performance and computational cost.
Increasing the number of communication
rounds may improve detection accuracy
but can substantially increase training
and communication overhead, while the
performance improvement may become
marginal after a certain point. Therefore,
determining an appropriate FL configuration
that balances detection performance and
computational efficiency remains an
important issue for practical maritime ship
detection systems (La et al., 2025).

Scalability is an important consideration
when deploying FL for large-scale maritime
monitoring, where heterogeneous nodes
such as satellites, ground stations, ships,
and other edge devices may participate in
collaborative training. As the number and
diversity of participating clients increase,
computational requirements and system
coordination become more complex,
particularly for resource-constrained nodes.
Therefore, lightweight and computationally
efficient model architectures are necessary
to support scalable FL deployment across
heterogeneous maritime networks (Nandal
et al., 2025).

Multimodal data integration remains
challenging because maritime surveillance
systems can  collect heterogeneous
information from multiple sensors and
platforms, including RGB imagery,

Automatic Identification System (AIS)
data, radar, LiDAR, infrared cameras,
and satellite imagery. Differences in data
representations, sensing characteristics, and
computational requirements make it difficult
to effectively integrate these heterogeneous
sources within a unified FL framework.
Moreover, multimodal fusion can increase
computational complexity and require
more sophisticated fusion mechanisms,
particularly when multiple satellite and
sensor data sources are involved (Huang et
al., 2024), (Duong et al., 2025).

Client asynchrony and delayed updates
are significant challenges in maritime FL
because unstable communication links may
cause clients to disconnect or submit model
updates at different times. Conventional
synchronous FL may therefore suffer from
delays because the aggregation process can
depend on the availability of participating
clients. Asynchronous FL can reduce this
dependency by allowing model aggregation
without requiring all clients to participate
simultaneously, while decentralized
approaches such as Peer-to-Peer FL and
Swarm Learning may further reduce reliance
on a central server. Nevertheless, efficiently
handling disconnected clients, delayed
updates, and system failures remains an
important challenge for reliable maritime
FL deployment (Nandal et al., 2025).

5.1. Future Research Directions for
20262027

Future research on Federated Learning for
ship object detection is expected to be driven
by several emerging research trends that
addressthe currentlimitations identified in this
survey, including non-IID data distribution,
limited annotated maritime datasets,
communication constraints, resource-limited
edge devices, and the increasing demand for
scalable and privacy-preserving maritime
surveillance systems.
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One of the most promising research trends
is the integration of Vision Transformers into
Federated Learning-based ship detection
frameworks. Compared with conventional
convolutional neural networks, Vision
Transformers have demonstrated superior

capability in  capturing long-range
dependencies and global contextual
information, making them particularly

suitable for detecting multi-scale and
small ship targets in complex maritime
environments. Lightweight Transformer
architectures and hybrid CNN-Transformer
models are expected to improve detection
accuracy while maintaining computational
efficiency on resource-constrained edge
devices. In addition, the combination of
Vision Transformers with self-supervised
pretraining and few-shot learning is likely
to reduce the dependence on large-scale
annotated maritime datasets while enhancing
model generalization across heterogeneous
clients (Dosovitskiy et al., 2021).

Another emerging research trend is the
adoption of Foundation Models in Federated
Learning. Large-scale vision foundation
models pretrained on diverse image datasets
have shown remarkable transferability across
downstream computer vision tasks and can
substantially reduce the need for extensive
labeled maritime data. Parameter-efficient
adaptation methods, including adapters
and Low-Rank Adaptation, are expected to
facilitate the efficient fine-tuning of foundation
models on heterogeneous maritime datasets
while preserving data privacy. Furthermore,
multimodal foundation models capable of
jointly processing optical imagery, SAR,
AIS, radar, infrared imagery, and other
sensing modalities are likely to improve
maritime situational awareness and ship
detection performance through richer feature
representation and cross-modal information
fusion (Hatfaludi and Serban, 2025).

Self-supervised Federated Learning is
also emerging as an important research
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direction for maritime applications, where
acquiring large-scale annotated ship images
remains costly and time-consuming.
Learning discriminative feature
representations from abundant unlabeled
data collected by satellites, UAVs, ships, and
coastal surveillance systems is expected to
substantially reduce annotation requirements
before collaborative model optimization.
Meanwhile, adaptive aggregation algorithms,
personalized Federated Learning, and
communication-efficient optimization
strategies are likely to receive increasing
research attention because of their potential
to improve convergence, robustness, and
adaptability in highly heterogeneous non-I11D
maritime environments while reducing
communication overhead (Hatfaludi and
Serban, 2025),( Wei et al., 2026).

Edge Al is anticipated to become a
key enabling technology for the practical
deployment of Federated Learning-based
maritime surveillance systems. Lightweight
object detection networks, together with
model compression, pruning, quantization,
and knowledge distillation techniques, are
expected to enable real-time inference on
computationally constrained platforms,
including UAVs, autonomous vessels,
satellites, and coastal edge devices. In
addition, hardware-aware optimization
and energy-efficient model architectures
are likely to play an increasingly
important role in balancing detection
accuracy, computational cost, and energy
consumption, thereby supporting long-term
autonomous maritime operations (Wei et
al., 2026).

The convergence of Vision Transformers,
Foundation =~ Models, Self-supervised
Federated Learning, and Edge Al is expected
to significantly advance the development of
Federated Learning for ship object detection.
Together with more efficient aggregation
algorithms, privacy-preserving mechanisms,
and communication-efficient protocols,
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these emerging research trends have the
potential to improve model robustness,
scalability, and deployment capability,
thereby facilitating the next generation of
intelligent and privacy-preserving maritime
surveillance systems.

6. CONCLUSION
6.1. Conclusion

This paper focuses on the broad potential
of Federated Learning (FL) to improve ship
detection and maritime surveillance. By
enabling models to be trained collaboratively
on distributed datasets from satellites,
Unmanned Aerial Vehicles (UAVs), and radar
sensors, FL overcomes limitations related to
privacy, bandwidth, and data sharing, while
maintaining high detection accuracy.

In this study, we reviewed and compared
a range of deep learning models, including
Faster R-CNN, YOLO (versions v4, v5, V8,
vll), SSD, CenterNet, EfficientDet, and
PillarDANet, as well as models incorporating
attention mechanisms. We evaluated the
advantages and limitations of each model
based on factors such as ship size, observation
conditions, and processing speed.

By integrating FL with these models,
particularly through attention-based feature
extraction, the capability to combine data
from multiple sources is significantly
enhanced, resulting in more effective ship
detection under challenging conditions such
as nighttime, dense fog, or rough seas.

For future research, practical
implementation, collaboration among relevant
agencies, and the development of flexible
FL strategies suitable for diverse maritime
environments should be prioritized. The
combination of FL and deep learning models
provides a scalable, privacy-preserving,
and efficient solution for search and rescue
operations, enabling real-time ship detection
and contributing to improved safety, security,
and efficiency in maritime operations.

6.2. Recommendations

Improving the quality and diversity of
data collected from participating devices
or systems is important for enhancing the
robustness and generalization capability
of the global model. Maritime datasets
obtained from different sources, such as
satellites, coastal monitoring systems,
and radar sensors, should be combined
to better represent diverse environmental
conditions, including weather, lighting,
and sea states.

Another important issue in Federated
Learning is data heterogeneity among
participating devices. Data collected from
different maritime regions may follow
different distributions, which can affect
the performance of the global model.
Therefore, exploring more advanced model
aggregation methods or personalized
Federated Learning approaches can help
improve model performance when dealing
with non-independent and identically
distributed (non-1ID) data.

Communication efficiency between
participating devices and the central
server should also be considered. Methods
such as model compression, parameter
pruning, or adaptive communication
strategies can help reduce communication
costs and accelerate the training
process. This is particularly important
in distributed maritime surveillance
systems where network resources may
be limited.

In addition, strengthening security
mechanisms and protecting data privacy
are essential when deploying Federated
Learning frameworks. Techniques such as
secure aggregation and differential privacy
can help safeguard sensitive maritime

surveillance data while still enabling
collaborative model training among
different participants.
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HQC LIEN KET PE PHAT HIEN POI TUQNG TAU: KHAO SAT
CAC PHUONG PHAP, THACH THUC VA HUONG PI TRONG
TUONG LAI

V6 Thanh Nhat Khanh'', Dwong Tan Manh?, Huynh Minh Tri3, Nguyén Tan Y2

Trung tam Nghién ciru Chuyén giao va D6i méi sang tao lién nganh, Pai hoc Phan Thiét, Viét Nam
’Khoa Ky thudt Cong nghé, Pai hoc Phan T) hiét, Viéet Nam
SKhoa co khi ché tao may, Pai hoc Cong nghé Ky thudt Thanh phé Ho Chi Minh, Viét Nam

Tém tit: Linh vuee hang hdi rat quan trong doi voi phat trién kinh té va thirong mai quoc
16, dong thoi dong vai tro quan trong trong viéc bao vé chii quyén quoc gia. Viéc khai thic
tai nguyén bién phu thudc nhiéu vao tau bién, la trung tém ciia vén tdi va hoat dong ngodi
khoi. Déi véi cdc vimg ven bién thuong xuyén bi dnh hwéng béi thién tai nhu bio va séng
than, nhu cau cdp thiét vé hé thong phat hién tau dang tin cdy sir dung mdy bay khong
nguweoi lai, vé tinh, radar hodc camera giam sdt. Cac hé thong nhir viy cho phép xdc dinh
va phé'i hop kip thoi cac tau trén bién, tao diéu kién thudn loi cho viéc so tan dén cdac khu
viee an toan trong cdc sw kién cuc doan. Ngoai ra, phat hién tau la diéu can thiét dé giam
sdt cdc hoat déng hang hdi trdi phép va xdam nhdp bat hop phdp vdo lanh hdi. Mdc dir cac
nghién ciru gan ddy da kham phd iing dung ciia hoc may, hoc sdu va hoc lién két trong méi
trieong hang hdi, nhung van con mét 16 héng trong viéc tich hop cdc phwong phdp nay vao
cdc khudn khé thong nhdt. Bai bdo nay nham muc dich xem xét va phén tich cac phwong
phdp phdt hién tau, v6i muc tiéu xdc dinh cdc thudt todn va mé hinh phit hop dé trién khai
thue té trong cdc diéu kién hoat dong da dang.

Tir khéa: hoc lién két, hoc may, hoc sau, khu vuc hang hai, phat hién doi twong
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