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Abstract

With the rapid progress of deep learning and the increasing availability of maritime sensing and
communication technologies, autonomous ships are emerging as a pivotal direction for the future
of intelligent marine operations. In autonomous maritime systems, sensors are the foundation of
environmental perception, and their cooperative performance directly affects the safety and reliability
of navigation. This survey focuses on recent advances in multi-modal perception and fusion strategies
for maritime autonomy. The sensing modalities considered include radar, EO/IR cameras, LiDAR (for
near-field perception), sonar, INS, AIS, and satellite-based observations. We analyze the strengths and
limitations of these sensors and highlight the necessity of multi-modal fusion under complex maritime
conditions, such as adverse weather, dynamic sea states, and non-cooperative targets. Based on recent
studies, fusion approaches are categorized into early fusion, feature-level fusion and decision-level
fusion, with applications in tasks such as vessel detection, obstacle avoidance, and trajectory prediction.
Finally, we discuss the current limitations of multimodal fusion in maritime autonomy—such as asyn-
chronous data streams, sensor misalignment, and limited public datasets—and suggest future research
directions toward robust, scalable, and real-time fusion frameworks for autonomous ship operations.

Keywords: maritime autonomy; autonomous ships; multimodal perception; sensor fusion; vessel
detection; obstacle avoidance; trajectory prediction; multimodal maritime data

1. Introduction

Maritime operations are fundamental to global sectors such as international trade, energy logistics,
fisheries, and environmental monitoring. These operations increasingly take place in complex and
dynamic maritime environments, where autonomous systems are being explored to enhance situational
awareness, navigational safety, and operational efficiency. The development of autonomous maritime
platforms has been supported by advances in sensor technologies and data availability, enabling
continuous monitoring and decision support across diverse operational scenarios.

Maritime sensing modalities include the Automatic Identification System (AIS), marine radar,
electro-optical /infrared (EO/IR) cameras, and satellite imagery. Each modality provides complemen-
tary information, but also exhibits inherent limitations: AIS may be subject to coverage gaps and
spoofing, EO/IR sensors can be affected by low-light or adverse weather, and Synthetic Aperture
Radar (SAR) requires careful interpretation for reliable target detection. Reliance on a single sensor
modality may therefore limit perception accuracy and autonomy in dynamic maritime domains.

Multimodal data fusion has emerged as a key approach to address these challenges. By integrating
heterogeneous sources, fusion techniques can improve vessel detection, tracking, obstacle recognition,
and trajectory prediction, while enhancing robustness to sensor failures or environmental conditions.
Fusion strategies span early (raw data), intermediate (feature-level), and late (decision-level) integra-
tion, implemented using classical statistical methods or modern deep learning frameworks, including
convolutional, recurrent, and transformer-based architectures.
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This survey provides a structured review of multimodal perception and fusion for maritime
autonomy. Its contributions include: (1) an overview of maritime sensing modalities and their
operational characteristics; (2) analysis of challenges in multimodal integration, such as spatiotemporal
misalignment and data heterogeneity; (3) a systematic review of fusion methodologies across different
integration stages; (4) a summary of publicly available maritime datasets and evaluation practices;
and (5) identification of open research questions and future directions, including self-supervised
learning, cross-modal alignment, and real-time deployment. The review aims to support the design
and evaluation of scalable, reliable, and generalizable multimodal perception systems for autonomous
maritime platforms.

1.1. Related Literature Reviews

While existing literature has examined various aspects of maritime perception and autonomous
operations, comprehensive reviews specifically focusing on multimodal perception remain limited.
Some reviews explore single-sensor techniques. For example, the AIS-based review [1] provides a
detailed analysis of ship tracking, traffic forecasting, and maritime monitoring using AIS data. Similarly,
reviews on radar, electro-optical/infrared imagery, or satellite-based maritime observations highlight
the applications and limitations of specific sensors, but rarely consider multimodal fusion [2—4]. More
comprehensive reviews in the field of artificial intelligence and multimodal learning [5-7] cover
alignment, collaborative learning, and fusion strategies; however, they are domain-agnostic and do
not consider maritime-specific limitations such as asynchronous sensor streams, inclement weather,
ship motion, or limited onboard computing resources. Broader maritime Al research [8,9] focuses
on fleet optimization, autonomous navigation, or risk management. These observations highlight
a gap in the literature: a lack of analytical research on multimodal fusion strategies specifically for
maritime autonomy. This review addresses this gap by examining techniques for fusing data from AIS,
radar, EO/IR cameras, and SAR sensors, focusing on applications such as ship detection, multi-target
tracking, navigation, and anomaly detection. Key challenges, including spatiotemporal misalignment,
sensor drift, and environmental variations, are discussed in the hope of providing insights for robust
and scalable multimodal perception for future autonomous maritime systems.

1.2. Article’s Organization

The rest of this article is structured as follows: Section 2 provides an overview of the primary
sensing modalities used in maritime perception systems, discussing their acquisition platforms, data
characteristics, and integration challenges. Multimodal fusion strategies are presented in Section 3,
including both traditional (early, mid, late fusion) and deep learning-based approaches, with a focus
on cross-modal representation and decision-level reasoning. Recent applications of these techniques
to maritime tasks—such as object detection, tracking, behavior understanding, and anomaly detec-
tion—are reviewed in Section 4. Section 5 introduces representative multimodal maritime datasets,
detailing sensor combinations, spatial-temporal coverage, and accessibility. A discussion of current
challenges and future research directions is provided in Section 6, particularly concerning system
robustness, scalability, and deployment under real-world conditions. The survey is concluded in
Section 7.

2. Maritime Sensors: Types and Characteristics

Accurate perception of the maritime environment is essential for situational awareness and au-
tonomous decision-making in unmanned surface vessels (USVs) and other autonomous maritime
platforms. Reliable operation in complex and dynamic sea conditions requires the integration of
multiple sensing technologies, each providing complementary information. Understanding the capa-
bilities, limitations, and operational characteristics of these sensors is critical for designing effective
multimodal perception and fusion strategies.

Key maritime sensors include radar, EO/IR cameras, LiDAR, sonar, AIS, and satellite-based
observations. Radar ensures robust detection in adverse weather conditions such as fog or heavy rain,
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whereas EO/IR cameras offer high-resolution visual imaging but are sensitive to low-light and occlu-
sions. AIS provides positional and navigational information for vessel tracking, though it depends
on signal reception and voluntary transmission. LiDAR and sonar deliver precise range measure-
ments and underwater detection, while satellites enable wide-area surveillance and environmental
monitoring.

This chapter presents a comprehensive overview of these sensors, highlighting their operational
roles, advantages, limitations, and applicability in autonomous maritime systems. Table 1 summarizes
key characteristics and detection ranges across modalities. Subsequent sections examine each sensor
type in detail, emphasizing how multimodal fusion enhances perception, supports vessel detection,
tracking, obstacle avoidance, and trajectory prediction, and mitigates challenges arising from dynamic
and uncertain maritime environments.

Table 1. A comparison of characteristics of maritime sensors.

Sensor  Data Type Advantages Limitations
Tabular 1) Global coverage 1) Low update rate
AIS -ID, -speed 2) Standardized format 2) Voluntary transmission
-position, -course  3) Supports trajectory prediction 3) Vulnerable to spoofing
Time-Series 1) Real-time detection 1) Low spatial resolution
Radar Radar plots 2) Works in adverse weather 2) Sea clutter
3) Suitable for tracking 3)Limited for small targets
Radar imagery 1) All-weather 1) Complex interpretation
SAR -grayscal 2) Penetrates clouds/rain 2) High processing requirements
-intensity 3) Detects surface movement 3) Limited resolution for small objects
Optical Images 1) High-resolution imaging 1) Sensitive to illumination
EO -RGB 2) Suitable for detection and recognition 2) Poor performance at night/fog
-NIR 3) Intuitive visual information 3) Thermal images have limited structural detail
Thermal Images 1) Operates in low-light/night 1) Low resolution
IR -MWIR 2) Robust in adverse weather 2) Limited structural details
-LWIR 3) Useful for anomaly detection 3) Sensitive to background temperature variations
3D Point Cloud 1)High-precision 3D spatial data 1) Sensitive to weather
Lidar -RGB 2) Useful for obstacle detection 2) Limited range
-NIR 3) Provides range and shape info 3) Needs reflective surfaces
Acoustic Images 1) Detects submerged objects 1) Low resolution
Sonar Time-series 2) Effective for underwater target detection ~ 2) Noise-prone signals
3) Provides depth/shape info 3) Limited to underwater targets

2.1. Automatic Identification System

The Automatic Identification System is a fundamental maritime communication system that en-
ables real-time vessel tracking and situational awareness [10]. Vessels equipped with AIS transponders
periodically broadcast standardized navigational messages that include the Maritime Mobile Service
Identity (MMSI), geographic position, speed over ground (SOG), course over ground (COG), heading,
vessel type, and navigational status. These broadcasts are received by coastal base stations, satellites,
or nearby vessels, facilitating real-time maritime situational awareness and traffic coordination [11].

AIS data has become a fundamental resource for maritime monitoring due to its structured format,
global coverage, and continuous availability. It is widely used for vessel tracking, behavior analysis,
anomaly detection, and trajectory forecasting. In recent years, data-driven approaches—particularly
deep learning models—have leveraged historical AIS trajectories for tasks such as route prediction,
intent recognition, and risk assessment [1].

Despite its widespread utility, AIS presents several inherent limitations. These include susceptibil-
ity to spoofing, message loss or delay, reduced update frequency in satellite-based AIS (S-AIS), and the
inability to track non-cooperative targets (e.g., vessels operating with AIS turned off or transmitting
falsified information). Moreover, AIS provides only positional and kinematic data, lacking environ-
mental or visual context critical for close-range perception and obstacle avoidance [12]. As a result,
AIS is increasingly integrated with complementary sensing modalities—such as marine radar, EO
imagery, and environmental datasets—to enhance robustness, situational awareness, and prediction
accuracy in complex maritime environments [13-15].
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2.2. Radar

Marine radar systems are widely deployed in maritime navigation and surveillance due to their
ability to operate reliably under various environmental conditions [16]. By transmitting microwave
pulses and receiving echoes from surrounding objects, radar provides real-time range, bearing, and
relative motion information, making it particularly effective in low-visibility scenarios such as fog,
rain, and nighttime operations [17,18]. Unlike optical sensors, radar does not rely on ambient light and
can detect both cooperative and non-cooperative targets, including those not transmitting AIS signals.
Radar outputs are typically represented as grayscale polar images with high temporal resolution but
limited semantic information, which increases the difficulty of object classification and interpretation.

Despite its advantages, radar data remains underexploited in learning-based maritime perception.
Most deep learning models are optimized for RGB imagery and perform poorly on radar data due to
its sparse texture, low signal-to-noise ratio, and unique spatial encoding [19]. Furthermore, the limited
availability of annotated, high-quality radar datasets from real maritime scenarios has hindered model
training and benchmarking [20].

Recent research efforts have explored radar-specific representation learning, sensor fusion tech-
niques combining radar with EO or AIS data [21,22], and the use of synthetic radar datasets generated
through simulation [23]. Emerging deep learning architectures designed for radar characteristics—such
as polar-to-Cartesian transformation and Doppler-aware processing—demonstrate potential in improv-
ing detection and tracking performance [24,25]. With increasing demand for robust all-weather mar-
itime autonomy, radar-based perception is expected to become a critical complement to vision-based
systems, particularly for close-range monitoring, obstacle avoidance, and navigation in challenging
environments.

2.3. Electro-Optical Sensor

Electro-optical sensors—including visible-light cameras and satellite-based optical imaging sys-
tems—are widely used in maritime perception due to their ability to capture high-resolution, semanti-
cally rich visual data of the sea surface. These sensors provide detailed spatial context that supports
tasks such as ship detection, classification, tracking, and visual verification, both in onboard systems
and shore-based monitoring centers [26-28].

Compared to radar systems, EO sensors offer significantly higher spatial resolution and visual
interpretability. Their compatibility with modern computer vision techniques, especially convolutional
neural networks (CNNs), has led to their widespread adoption in maritime object detection and scene
understanding [3]. Typical EO-based object detection workflows often involve preprocessing steps such
as horizon line estimation, background subtraction, and motion-based foreground segmentation [28].
However, these traditional techniques are challenged by dynamic ocean environments, such as moving
waves, changing illumination, and coastal clutter [29].

Recent advancements in deep learning have improved the robustness of EO-based perception,
enabling end-to-end learning-based detection and classification under diverse sea conditions. Never-
theless, EO sensors face intrinsic limitations. Their performance deteriorates in adverse environments,
such as nighttime, heavy fog, or rain, due to their reliance on ambient lighting and line-of-sight visibil-
ity [30-32]. In addition, visual quality may vary with sensor viewing angles, background complexity,
and occlusion, all of which can negatively impact detection accuracy [33,34]. To overcome these
challenges, EO sensors are often integrated with complementary modalities such as radar, infrared
(IR), and AIS to enhance perception robustness under varying operational conditions [35-38].

2.4. Infrared (IR) Sensor

Infrared (IR) and thermal imaging sensors capture emitted or reflected infrared radiation, enabling
target detection under low-light or obscured conditions. Unlike electro-optical (EO) sensors, IR sensors
do not depend on ambient illumination, and thus are effective in nighttime, fog, smoke, and haze [39].
Based on spectral range, IR sensors are commonly categorized into near-infrared (NIR, 0.75-1.4 um),
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shortwave infrared (SWIR, 1.4-3 yum), midwave infrared (MWIR, 3-5 pm), and longwave infrared
(LWIR, 8-14 pm) [40,41]. LWIR sensors, in particular, are widely used for passive thermal imaging,
detecting heat signatures from vessels, people, and other thermal sources.

IR systems are typically deployed on maritime platforms such as unmanned aerial vehicles
(UAVs), patrol vessels, and coastal surveillance installations [42]. In practical applications, IR sensors
are often fused with EO or radar data to enhance robustness across variable weather and lighting
conditions [39]. Despite their advantages, IR sensors present several limitations. Thermal imagery
generally has lower spatial resolution than EO imagery and is sensitive to background thermal noise,
sea surface temperature gradients, and atmospheric absorption. These factors can degrade detection
accuracy, particularly in cluttered or high-reflectance coastal environments [43].

Furthermore, the development of IR-based perception systems is hindered by the scarcity of
publicly available, labeled IR datasets. Existing datasets are often limited in scale or scenario diversity,
restricting the training and benchmarking of deep learning models. To address this, recent research
has explored multi-band IR fusion, cross-modal learning strategies, and domain adaptation techniques
to improve generalization and feature alignment with EO or radar modalities [44,45].

2.5. Satellite-Based Remote Sensing System

Satellite-based sensors provide wide-area maritime observation through various imaging modali-
ties, including synthetic aperture radar (SAR), multispectral, hyperspectral, and optical sensors [46-48].
These sensors are deployed on Earth observation platforms such as Sentinel-1/2 (ESA), Landsat
(NASA /USGS), and commercial constellations (e.g., PlanetScope, Maxar). Among them, SAR enables
all-weather, day-and-night imaging of ocean surfaces, while optical and multispectral sensors support
high-resolution detection of vessels, oil spills, sea ice, and other surface anomalies [49].

Satellite imagery plays a critical role in maritime domain awareness, particularly for large-scale
monitoring, historical trajectory validation, and surveillance over remote or high-risk regions [50-52].
When fused with AIS data, satellite observations can support the detection of non-cooperative tar-
gets (e.g., dark vessels) and the validation of reported navigation paths. However, satellite-based
sensing faces several operational constraints [2]. These include limited temporal resolution (e.g.,
revisit intervals from several hours to days), data latency, and weather-dependent quality degra-
dation—particularly due to cloud cover in optical imagery. In addition, the spatial resolution of
freely available satellite data is often insufficient for small-object detection or real-time situational
awareness [53].

To address these limitations, recent studies have investigated multi-modal fusion strategies
combining satellite data with AIS and radar inputs. Deep learning methods—such as attention-based
fusion, anomaly detection networks, and pretraining with remote sensing imagery—have been applied
to improve ship detection, trajectory forecasting, and event classification in maritime scenarios [54,55].

2.6. Sonar

Sonar sensors are critical for underwater monitoring in maritime domains. They use sound waves
to detect objects, measure distances, and map the sea floor [56]. This makes them ideal for detecting
submerged obstacles and underwater vessels, particularly because light is rapidly absorbed in water,
limiting the effectiveness of optical cameras and LiDARs for underwater mapping. In contrast, sonar
systems can achieve longer sensing ranges (up to several kilometers) and do not depend on lighting
conditions. Additionally, navigation sonar systems can generate 3D surface models of the seafloor or
underwater terrain, which are crucial for safe navigation and maritime mapping.

The data captured by sonar devices is typically represented as point clouds or depth profiles,
providing critical insights into the maritime environment. This data is especially useful for activities like
underwater exploration, port monitoring, and search-and-rescue operations. In maritime surveillance
and navigation, Sonar data is often fused with other sensor modalities, such as radar, AIS, or EO
sensors, to improve situational awareness and enhance decision-making in dynamic, cluttered maritime
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environments [57,58]. For instance, when combined with radar data, sonar can help identify and avoid
submerged objects that may be missed by radar alone.

However, sonar’s primary limitation lies in its inability to detect objects above or on the wa-
ter’s surface, making it unsuitable for tracking surface vessels or aerial targets. Additionally, sonar
performance is sensitive to environmental factors, such as water clarity, salinity, and temperature,
which can affect the accuracy of depth measurements and object detection. Recent developments in
multi-sensor fusion and machine learning algorithms are pushing the boundaries of sonar applica-
tions, enabling more accurate underwater mapping, anomaly detection, and real-time monitoring in
maritime environments [59,60].

2.7. Static and Non-Sensor Data for Autonomous Maritime Systems

In addition to real-time sensor modalities such as AIS, radar, and EO/IR, autonomous maritime
systems can benefit from the integration of static or non-sensor datasets that provide critical environ-
mental and contextual priors. Representative examples include electronic navigational charts (ENCs),
nautical charts, Geographic Information System (GIS)-based layers, bathymetric maps, maritime
boundaries, and port infrastructure databases. These datasets are generally issued by hydrographic
authorities or maritime organizations in standardized formats (e.g., S-57, S-100) and offer structured
geospatial information such as seabed topography, shipping lanes, restricted areas, and hazard loca-
tions.

Although they lack temporal dynamics, these non-sensor data sources play a complementary
role by anchoring sensor observations in a reliable geospatial frame of reference. When fused with
dynamic sensor inputs, they enable enhanced tasks such as route planning, contextual behavior
analysis, anomaly detection, grounding risk assessment, and compliance verification with maritime
regulations. For instance, deviations from recommended shipping lanes can be more easily identified
when AIS trajectories are overlaid with ENC data, while radar or EO detections can be cross-validated
against known navigational hazards.

Nevertheless, the utility of static datasets depends on their accuracy, georeferencing quality,
and update frequency. Outdated or misaligned charts can introduce systematic errors, potentially
degrading autonomous navigation performance. Thus, effective maritime autonomy requires not only
the fusion of multimodal dynamic sensors but also the incorporation of curated static geospatial data
as a knowledge base for robust perception and decision-making.

3. Multimodal Fusion in Maritime Autonomy

Maritime perception systems rely on diverse sensor modalities to capture the dynamic and often
adverse conditions at sea. Data from Automatic Identification System (AIS) messages, marine radar,
electro-optical (EO) and infrared (IR) imagery, synthetic aperture radar (SAR), and nautical charts
each provide complementary but partial information about the maritime environment. Multimodal
learning integrates these heterogeneous sources, enabling more robust and context-aware perception,
particularly under occlusion, noise, or missing data.

Multimodal deep learning (MMDL) methods aim to jointly model multiple data sources using
deep neural networks, automatically extracting hierarchical features and learning cross-modal rela-
tionships in an end-to-end manner. Compared to traditional sensor fusion approaches such as Kalman
filtering or rule-based decision fusion, MMDL can handle complex perception tasks like vessel detec-
tion, trajectory prediction, anomaly recognition, and maritime scene understanding more effectively.

MMDL methods are commonly classified according to their fusion strategies, which determine
how information from multiple modalities is combined:

e Early Fusion (Data-level): Raw data from different modalities are combined before feature
extraction.

e  Middle Fusion (Feature-level): Features are first extracted independently from each modality,
then fused.
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e Late Fusion (Decision-level): Each modality is processed separately, and the final decisions
are combined.

Each fusion strategy exhibits distinct strengths and limitations. Early fusion can exploit cross-
modal correlations effectively but may be sensitive to misaligned or noisy data. Intermediate fusion
balances modality-specific processing with cross-modal interactions, while late fusion offers flexibility
and robustness at the potential cost of losing fine-grained cross-modal relationships. Adapting
these strategies to maritime scenarios often requires handling asynchronous sensor data, intermittent
measurements, and challenging environmental conditions such as poor visibility or adverse weather.

This section focuses on the role of fusion strategies in maritime MMDL and the corresponding
network architectures, providing a structured overview of how different approaches have been applied
to this domain.

3.1. Fusion-Level-Based Methods

MMDL technology fuses data from different sensors to learn more representative features from
multi-level representations, effectively reducing data uncertainty and enhancing the performance of
downstream tasks such as ship detection, trajectory prediction, and anomaly recognition. In maritime
environments, object detection becomes particularly challenging due to the varying lighting, weather
conditions, and the dynamic nature of the sea, which can cause false detections. To address these
challenges, MMDL provides a robust approach by combining complementary sensor data, such as
Electro-Optical (EO) imagery and Infrared (IR) images, to improve detection accuracy.

Based on the hierarchical and temporal characteristics of the fusion, multimodal fusion methods
are generally classified into three main types: early fusion, intermediate fusion, and late fusion.
This classification approach is commonly found in previous multimodal machine learning review
papers. Early fusion involves combining raw data from multiple sensors before any information
extraction is performed, while intermediate fusion merges features extracted from each modality’s
raw data, allowing for more nuanced learning of complex relationships. Late fusion aggregates the
outputs of independent detectors for final decision-making. In maritime applications, such as maritime
vessel detection tasks, reference [61] implemented three CNN architectures for RGB+IR fusion: early
fusion (stacking raw images), feature fusion (merging CNN feature maps), and late fusion (combining
separate detector outputs).

3.1.1. Early Fusion

Data-level fusion, or early fusion, combines raw sensor data or pre-processed outputs from
different modalities at the input stage. The main advantage of early fusion is that it preserves
low-level correlations between modalities, reducing information loss during multimodal processing.
This approach maximizes the complementary nature of sensor data to enhance system robustness
and accuracy. Which is abundantly adopted in multi-source image fusion for image enhancement,
especially in the application of remote sensing imaging by fusing infrared images and RGB images.
Early fusion is effective when data from different modalities are well aligned in space and time or can
be combined without extensive processing. For example, visual and infrared data can often be aligned
at the pixel level, making them suitable for fusion. Similarly, radar and AIS (Automatic Identification
System) data can be fused early when they are temporally or spatially synchronized. In maritime
applications, early fusion is commonly used to combine data from different sensors, such as electro-
optical cameras, infrared cameras, and radar, for tasks like ship detection, trajectory prediction, and
anomaly detection. For example, combining electro-optical (EO) and infrared (IR) images improves
ship recognition accuracy, especially in challenging conditions such as low light, haze, or night.

Recent maritime studies have demonstrated the effectiveness of data-level fusion in improving
perception tasks under adverse conditions. For example, [61] proposed a CNN-based early fusion
network that concatenates RGB and IR images into a four-channel tensor, significantly enhancing
ship detection under occlusion and dim lighting conditions. [62,63] utilized both intrinsic camera
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parameters and extrinsic LIDAR-camera calibration for data integration, developing an image-based
segmentation method for bollard detection and autonomous mooring applications. In a similar
vein, [64] researched coastal mapping by fusing LiDAR data with multi-spectral or hyperspectral
images, further enhancing environmental perception. These studies collectively highlight the effec-
tiveness of raw-data fusion in improving object detection, pose estimation, and overall perception
accuracy for complex maritime operations.

Early fusion can exploit low-level inter-modal correlations, reduce computational redundancy,
and enable end-to-end learning. However,In maritime scenarios, sensor data often comes from
disparate sources (such as SAR, optical, AIS, and environmental data), with significant inconsistencies
in resolution, timescale, and sampling frequency. Early attempts to directly stitch or overlay data
layers can easily lead to feature mismatches (for example, AIS images are captured at minute intervals,
while SAR images may be captured only once every few days), introducing significant noise and bias.
Furthermore, early fusion requires high data quality. If a modality is missing or interfered with (for
example, if AIS is turned off or optical imagery is affected by weather), overall system performance
can be significantly degraded, resulting in insufficient robustness.

3.1.2. Middle Fusion

Middle fusion (also known as feature-level fusion) is considered one of the most effective strategies
among multimodal fusion approaches [65]. By operating at the feature level, this method enables
deeper integration across modalities and captures both semantic abstractions and spatial details from
heterogeneous data sources. In the maritime domain, where combining complementary information
from different sensors is crucial, feature-level fusion has been widely adopted to enhance perception
and decision-making.

Several representative studies illustrate its effectiveness. For instance, Achiri et al.[66] fused ship
position, heading, and size features extracted separately from SAR images and AIS data, integrating
them through an arithmetic mean function to enable more robust vessel identification. Liu et al. [67]
combined optical and SAR data, first generating port slice images through data-level fusion and
then employing feature-level fusion with saliency analysis, region growing, and joint shape-based
classification to improve ship detection and recognition. Luo et al. [68] designed a multimodal deep
learning trajectory prediction framework (MDL-TP) that integrates AIS-based behavioral features
with environmental variables such as wind, visibility, and temperature, using modality-specific neural
networks and feature-level fusion to jointly capture spatiotemporal vessel dynamics and environmental
influences. These approaches demonstrate the potential of intermediate fusion to improve accuracy
and robustness in complex maritime applications, even under noisy, incomplete, or asynchronous
observations.

However, despite its advantages, the application of intermediate fusion in the maritime domain
still faces several challenges. While mid-term fusion can partially alleviate the data layer disparity
issue, it still presents challenges in feature alignment and semantic differences in maritime scenarios.
For example, SAR imagery extracts geometric and scattering features, while AIS provides behavioral
trajectories and navigation status. These features have significantly different semantic levels, making
efficient feature complementation difficult. Furthermore, mid-term fusion often requires complex
network architectures and high computational overhead, making it unsuitable for real-time monitoring
and large-scale maritime applications. In addition, in the case of missing or low-quality modalities,
mid-term fusion may still experience "modal bias" (the dominance of a certain modality leads to
information imbalance).

3.1.3. Late Fusion

Decision-level fusion is a technique that improves accuracy in various applications by integrating
the outputs from multiple models. This is useful in settings with asynchronous or unreliable modalities.
Decision-level fusion has emerged as an effective strategy to enhance accuracy in maritime applications
by integrating the outputs of multiple modality-specific models. In complex maritime surveillance
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scenarios, such as ship detection and classification, this technique can mitigate modality-specific
limitations by aggregating predictions from independently trained networks.

For instance, in ship detection tasks, researchers have employed model ensembles that inte-
grate outputs from SAR-based object detectors and EO-based classifiers through weighted voting
or confidence-based stacking, significantly improving performance in congested coastal zones and
under variable weather conditions. Such approaches leverage the robustness of SAR in low-visibility
environments and the fine-grained detail of EO imagery under clear skies. In this context, several
decision-level fusion methods have been explored in recent years. In [61], a CNN-based late fusion
approach was proposed, where bounding box proposals from EO and IR detectors were combined
at the decision level, demonstrating superior vessel detection performance compared with single-
modality CNNs. Similarly,[69] investigated the integration of space-borne SAR and AIS for ship
surveillance, highlighting improved association strategies and multi-source fusion techniques, and
further introducing decision-level methods such as averaging, Dempster-Shafer evidence theory, and
fuzzy reasoning. More recently, Chen et al.[70] proposed a decision-level fusion framework for ship
detection using optical and SAR images, where Faster R-CNN independently detected targets from
each modality, U-Net provided land—-sea segmentation, and the final decision-level fusion combined
detection outputs with segmentation results to enhance target discrimination.

In maritime applications, late-stage fusion often manifests itself as "independent decision-making
for each modality followed by weighting." While simple to implement, it overlooks the underlying
complementary information between modalities. For example, SAR can detect "stealth" vessels
(without AIS), while AIS provides behavioral characteristics. If voting or weighting is performed
solely at the decision-making level, the synergy between the two at the feature level may be missed.
Furthermore, late-stage fusion is prone to bias when faced with data imbalance (e.g., AIS information
far outweighs SAR imagery), making it difficult to meet the requirements of complex maritime tasks
such as anomaly detection and behavior prediction.

3.2. Deep Learning-Based Fusion Techniques

Although fusion strategies are often categorized into early (data-level), intermediate (feature-
level), and late (decision-level) integration, this taxonomy mainly reflects the stage at which multimodal
information is combined within the processing pipeline. In contrast, deep learning—based approaches
represent a classification from the perspective of implementation methods. Neural architectures
such as convolutional, recurrent, and transformer-based models can be employed across different
fusion stages: for instance, CNNs can perform early fusion by directly combining multi-channel
inputs, attention-based models can realize feature-level fusion by aligning latent representations, and
ensemble networks can enable decision-level fusion by aggregating multiple modality-specific outputs.
Hence, the two perspectives are complementary—fusion levels define where integration occurs, while
deep learning techniques define how it is implemented.

3.3. Challenges in Multimodal Data Integration

Integrating multiple maritime sensing modalities, such as EO, SAR, AIS, and radar, can signifi-
cantly enhance situational awareness and perception accuracy. However, effective multimodal fusion
faces several technical challenges that stem from the inherent heterogeneity and operational constraints
of maritime data.

Key technical challenges include:

¢ Limited multimodal datasets: High-quality, temporally synchronized datasets combining EO,
SAR, AIS, and radar remain scarce or proprietary. The lack of publicly available training and
evaluation resources hampers the development and benchmarking of supervised fusion models.
¢ Asynchronous and unbalanced modalities: Maritime sensors often operate at different sampling
rates, and data streams may be missing or partially corrupted (e.g., cloud-covered EO imagery,
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spoofed or lost AIS signals). Fusion algorithms must be robust to such imbalances and capable of
handling intermittent or incomplete inputs.

¢  Temporal and spatial misalignment: Differences in frame rates, latencies, and spatial resolutions
across sensors introduce alignment challenges. Accurate temporal synchronization and geospatial
registration are essential for reliable cross-modal feature integration [7,71].

*  Heterogeneous data formats and representations: Modalities differ in structure (e.g., structured
AIS messages vs. raster EO imagery), dimensionality, and semantic content. Learning joint
representations that effectively capture complementary information is non-trivial [5,72].

* Noise, incompleteness, and uncertainty: Sensor observations are often affected by environmental
conditions and operational limitations, such as radar clutter, EO/IR occlusions, or AIS signal
loss. Fusion frameworks must be capable of handling noisy and missing data while maintaining
predictive reliability [73,74].

¢  Computational constraints for real-time operation: Onboard maritime platforms typically have
limited processing resources. Efficient architectures are required to fuse high-volume data streams
in real time without compromising accuracy [75].

Addressing these technical challenges necessitates adaptive fusion architectures capable of han-
dling asynchronous inputs, heterogeneous modalities, and cross-domain uncertainties. Recent so-
lutions include attention-based fusion networks, cross-modal alignment strategies, and uncertainty-
aware learning frameworks [76-79].

Table 1 summarizes key characteristics of common maritime data types, providing a reference for
selecting appropriate fusion strategies. A comprehensive overview of publicly available multimodal
maritime datasets, including sensor combinations, coverage regions, and accessibility, is presented in
Chapter 5.

4. Applications and Modalities in Maritime Autonomy

Multimodal fusion has become a cornerstone of diverse maritime applications, each shaped by
distinct sensing environments, operational demands, and data availability. Recent research highlights
how different sensor modalities are selected and combined depending on task requirements: for
instance, AIS data are frequently employed in trajectory prediction due to their rich spatiotemporal
information; EO/IR imagery and radar signals are central to ship detection and classification; while
search and rescue operations often integrate multiple sources—including satellite imagery and envi-
ronmental sensors—to strengthen situational awareness. This section categorizes the major application
domains of maritime autonomy and examines the typical sensing modalities, fusion strategies, and
datasets used in each, providing insight into how multimodal approaches are tailored to specific
maritime challenges.

To ensure a comprehensive and representative overview of these application domains, we sys-
tematically surveyed recent literature using Google Scholar and related databases. A targeted set
of keywords was employed, including Autonomous ship, Maritime autonomy, Unmanned Surface
Vehicle (USV), Unmanned Surface Vessel, Unmanned Maritime Vehicle (UMV), Maritime Autonomous
Surface Ship (MASS), and Autonomous Surface Craft. This keyword-driven search strategy enabled
us to capture a broad spectrum of studies covering different facets of maritime autonomy, thereby
grounding the applications summarized in this section in a robust body of prior research.

4.1. Vessel Detection and Recognition

Accurate vessel detection, continuous tracking, and reliable ship-type identification are funda-
mental to modern maritime surveillance, supporting navigational safety, traffic management, and
behavioral analytics. Commonly employed sensor modalities include radar (broad-range, all-weather
detection), EO/IR imagery (visual confirmation and classification), and AIS, which provides spatiotem-
poral kinematic information—such as position, speed, heading—and vessel identity [80].
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While AIS is invaluable for tracking and identification, its limitations—including signal loss, spoof-
ing, noise, and incomplete coverage—can degrade performance in complex maritime environments.
To address these challenges, recent research emphasizes multimodal fusion strategies, integrating
AIS with radar and EO/IR data to enhance detection range, tracking robustness, and classification
accuracy. For example, video imagery can complement AIS by providing vessel appearance and
motion context [81], while radar ensures persistent tracking when AIS transmissions are absent or
compromised [82].

Non-cooperative observing systems, such as optical and infrared cameras or radar platforms
deployed from shore, vessels, aircraft, or satellites, further augment maritime surveillance. Among
these, satellite-based sensors are particularly valuable due to their global coverage, regular revisit
cycles, and high data acquisition rates. Synthetic Aperture Radar (SAR) enables ship detection under
all weather and illumination conditions, whereas optical imagery provides higher spatial detail and
visual confirmation, making it complementary to SAR for vessel characterization [4].

Building on these modalities, research on multimodal fusion has advanced along several direc-
tions. Deep neural networks with CNN or attention-based architectures have been employed to fuse
EO/IR and radar features, improving discrimination of small or occluded vessels [20]. Integration
of AIS with X-band SAR detections has been explored to enhance identification of small vessels and
“dark ships,” as well as to assess the impact of supplementary monitoring data on detection accuracy
and false alarm reduction [15]. Furthermore, AIS fusion with satellite remote-sensing imagery, using
point-set matching and fuzzy comprehensive decision methods, has been shown to significantly im-
prove maritime target positioning, reducing errors by over 70% and providing precise vessel locations
for operational monitoring [54].

Recent advances further extend multimodal fusion to underwater monitoring, where Automatic
Identification System signals are combined with sonar data to improve target association and identi-
fication. Such approaches address challenges related to environmental noise, incomplete coverage,
and temporal or spatial mismatches, demonstrating the potential of heterogeneous sensor fusion to
enhance vessel detection and tracking in increasingly complex maritime environments [58].

4.2. Obstacle Detection and Classification

Obstacle detection and classification are critical components of maritime situational awareness,
focusing on the identification of non-vessel objects such as floating debris, buoys, icebergs, and reefs.
Accurate detection of these obstacles is essential for safe navigation and collision avoidance in both
inland waterways and open seas. A variety of sensor modalities and computational methods have
been explored for obstacle detection and recognition. Electro-optical and infrared cameras are widely
used in conjunction with deep learning-based algorithms to detect and classify floating or surface
objects. These systems leverage visual and infrared information to identify obstacles under varying
illumination and weather conditions, providing fine-grained recognition of transient or small-scale
hazards.

Radar and sonar systems complement optical sensors by enabling the detection of fixed or semi-
fixed obstacles, such as buoys, piers, or submerged structures. Radar offers all-weather, long-range
coverage, while sonar provides underwater perception, which is critical for submerged hazards that
cannot be captured by optical sensors. For more detailed spatial and shape characterization, LIDAR
and multibeam sonar systems have been applied to detect and classify both surface and underwater
obstacles. LiDAR generates high-resolution three-dimensional point clouds for surface mapping,
whereas multibeam sonar produces bathymetric and volumetric representations of underwater objects,
facilitating precise localization and classification.

Recent research emphasizes sensor fusion strategies, which combine electro-optical, infrared,
radar, sonar, and LiDAR data to exploit complementary strengths, enhance detection robustness, and
improve classification accuracy in complex maritime environments. Such multimodal approaches are
particularly valuable in scenarios with limited visibility, high traffic density, or heterogeneous obstacle
types. For instance, a probabilistic fusion framework integrating LiDAR, radar, and cameras has been
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proposed to improve obstacle detection and classification under challenging conditions, such as glare
or objects that interfere with LiDAR returns [83]. Similarly, autonomous surface vehicles have adopted
image-based multisensor fusion approaches, where cameras provide primary semantic information
and LiDAR point clouds supply spatial context. In these methods, tracking-assisted image detection
leverages historical information to compensate for missed detections, while confidence-association-
based fusion strategies are used to determine final targets [84].

Extending multimodal fusion to underwater environments, one study employs a dual-stream
interactive network with attention-based feature fusion to combine optical and sonar images for robust
underwater object detection [57]. This approach effectively improves detection accuracy compared
with methods that rely on a single sensor and enhances visualization and spatial understanding of
underwater environments, providing critical support for unmanned vehicle operations.

4.3. Scene Understanding

Scene understanding is a critical component of autonomous maritime and underwater navigation,
encompassing the perception, reconstruction, and interpretation of the surrounding environment to
support safe and efficient operations. In the context of underwater vehicles, accurate three-dimensional
mapping and path planning are essential for autonomous navigation, obstacle avoidance, and mission
execution.

Recent studies have focused on enhancing scene understanding through multi-sensor fusion. One
line of research emphasizes multi-sonar fusion for three-dimensional reconstruction and environmental
modeling. Forward-looking sonar, which is robust in turbid environments, can be complemented
by profiling sonar to produce fused point clouds that mitigate sensor-specific ambiguities and noise,
thereby improving mapping fidelity and supporting adaptive scan-path planning for autonomous un-
derwater vehicles [60]. Simulation and experimental results indicate that such multi-sonar approaches
yield higher-fidelity reconstructions than single-sensor solutions.

Beyond sonar-based reconstruction, other work explores perceptual enhancement through cross-
modal fusion. For instance, a dual-stream interactive network with attention-based feature fusion
has been proposed to combine optical and sonar images for robust underwater object detection,
significantly improving detection accuracy compared with unimodal methods [59]. Similarly, in
maritime surveillance scenarios, infrared and visible imagery from shipborne electro-optical pods can
be fused to overcome challenges of illumination and weather, producing images that preserve critical
targets while retaining the natural appearance of visible imagery [36]. These methods demonstrate
that perceptual fusion across different modalities—whether optical, sonar, or infrared—can enhance
both machine interpretation and human decision-making in complex maritime environments.

Together, advances in sonar-based reconstruction and multimodal perceptual fusion underscore
that scene understanding in maritime contexts requires both accurate spatial models and enhanced
multimodal perception. Integrating geometric and semantic information from heterogeneous sensors
offers a promising path toward resilient, semantically rich environmental representations that support
navigation and decision-making in complex marine environments.

4.4. Anomaly Detection and Behavior Recognition

Anomaly detection is a key component of modern maritime surveillance systems, enabling auto-
mated identification of unusual vessel behaviors or environmental conditions. Accurate detection of
anomalies enhances situational awareness and supports the overall safety of maritime operations [85].

Maritime anomalies can be broadly categorized into position, environmental, and motion anoma-
lies. Position anomalies arise when vessels deviate from expected or designated routes, such as cargo
ships leaving prescribed lanes or ferries following atypical trajectories. Environmental anomalies
are deviations influenced by external factors, including seasonal variations, day-of-week effects, or
vessel-type-specific operational patterns. Motion anomalies encompass unusual behaviors in speed,
heading, or maneuvering, such as navigating in the opposite direction, traveling at unusually high or
low speeds, abrupt turns, or instantaneous stops. Collectively, these categories illustrate the diversity
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of anomalous vessel behaviors and underscore the need for robust detection methods capable of
capturing deviations across multiple dimensions [86].

Detecting maritime anomalies is particularly challenging due to the heterogeneous and dynamic
nature of sensor data. Sources such as Automatic Identification System (AIS) tracks, radar returns,
electro-optical/infrared imagery, and sonar measurements are often noisy, incomplete, or tempo-
rally misaligned, necessitating sophisticated data processing and fusion strategies [87]. To address
these challenges, a variety of multimodal fusion approaches have been proposed to leverage the
complementary strengths of different sensor modalities.

Weighted track fusion algorithms that integrate AIS and X-band radar data have been developed
to enable accurate ship monitoring even in complex maritime traffic [13]. In these approaches, AIS
provides primary positional information, while radar ensures continuous tracking when AIS signals
are missing or unreliable. By combining local information entropy with weighted fusion, such methods
can effectively identify abnormal vessel behaviors, including deviations in speed, course, position,
spacing, and timing.

Beyond AIS and radar, multi-source frameworks have been explored for small vessel detection
and anomaly recognition. For example, SVIADF combines synthetic aperture radar, AIS tracks, and
wide-area optical imagery to detect and classify small or low-visibility vessels [88]. In the detection
stage, YOLO-based object proposals are further refined using constant false alarm rate analysis, which
adaptively adjusts detection thresholds according to local background noise, thereby reducing false
positives and improving recall.

Recent work has also demonstrated the potential of integrating GPS trajectory data with visual in-
formation for anomaly detection in Unmanned Surface Vehicles [89]. The Dual-Branch and Dual-View
Multimodal Learning framework employs a visual dual-branch module to extract holistic and localized
semantics and a multimodal semantic fusion module to align and enhance cross-modal representa-
tions. Experiments on real-world USV datasets indicate that this approach significantly outperforms
unimodal baselines, emphasizing the importance of multimodal fusion in capturing spatial-temporal
interdependencies and improving anomaly detection in complex maritime environments.

4.5. Trajectory Prediction

Trajectory prediction of maritime vessels constitutes a fundamental task in intelligent maritime
traffic management, underpinning applications such as collision avoidance, traffic flow regulation,
and navigational behavior analysis. The advent of the Automatic Identification System (AIS) has
facilitated large-scale collection of time-series kinematic data, thereby enabling the development of
data-driven predictive models. Nevertheless, models trained solely on AIS data often face challenges in
highly dynamic maritime environments, where factors such as wind, ocean currents, and multi-vessel
interactions introduce substantial uncertainty [90].

Despite their ubiquity, raw AIS data streams suffer from several inherent limitations, including
incomplete coverage, transmission latency, measurement noise, and heterogeneous data standards.
These deficiencies may compromise the accuracy and robustness of trajectory forecasting. To address
these issues, recent research has shifted toward multimodal integration strategies that combine AIS
with auxiliary information sources such as remote sensing imagery, nautical charts, and environmental
observations. By providing enriched contextual information, multimodal fusion frameworks enhance
intent inference and improve the reliability of predictive systems.

A key line of work focuses on incorporating exogenous environmental influences into trajectory
prediction. Multimodal frameworks that jointly analyze AIS kinematics and environmental factors
(e.g., wind, visibility, temperature) have been proposed. For instance, the Multimodal Deep Learning
Trajectory Prediction (MDL-TP) framework integrates meteorological and oceanographic data with
AIS streams [91], while the Adaptive Multimodal Prediction (AMP) model employs parallel feature
extraction networks and a gated fusion mechanism to enhance robustness under diverse operating
conditions [92]. Both approaches demonstrate that leveraging environmental priors significantly
reduces predictive uncertainty and improves reliability in practical deployments.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202510.0977.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 14 October 2025 d0i:10.20944/preprints202510.0977.v1

14 of 31

Beyond environmental variables, multimodal research has also explored the fusion of dynamic
sensing modalities such as radar with static geospatial priors like nautical charts [93]. A representative
example is the Trajectory Prediction Network, which formulates vessel trajectory forecasting as a
multi-task sequence-to-sequence problem by integrating AIS/GPS trajectories with radar imagery
and water-land segmentation derived from navigational charts. To support this line of investigation,
the Inland Shipping Dataset (ISD) was released, offering aligned AIS, radar, and chart data for bench-
marking. Experimental evaluations on ISD reveal that multimodal fusion substantially outperforms
single-modality baselines, thereby highlighting the effectiveness of integrating vessel kinematics,
perception data, and static priors for accurate trajectory forecasting.

4.6. Collision Avoidance & Risk Assessment

Collision avoidance and risk assessment are critical high-level decision-making tasks in intelligent
maritime navigation, directly influencing vessel safety and operational efficiency. While conceptually
distinct from obstacle detection and trajectory prediction, all three tasks often rely on similar sensor
modalities such as AIS, radar, optical/infrared cameras, and environmental measurements. Obstacle
detection operates at the perception level, focusing on the real-time identification and localization of
surrounding objects (“what” is in the environment). Trajectory prediction addresses the forecasting
layer, integrating temporal sequences of kinematic and environmental data to anticipate future vessel
positions and intent (“where” vessels are likely to move). Building upon these inputs, collision
avoidance and risk assessment function at the decision-making layer, combining situational awareness
and predicted trajectories to evaluate encounter risks and generate safe navigational actions (“how” to
act). This hierarchical distinction underscores the complementary roles of multimodal inputs across
perception, forecasting, and decision-making in intelligent maritime navigation systems.

The dynamic nature of maritime traffic and environmental conditions introduces substantial
uncertainty, arising from vessel maneuvering, weather disturbances, and interactions among hetero-
geneous traffic participants. Such uncertainty can limit the effectiveness of approaches relying on
single-source or simplistic information, highlighting the need for integrated multimodal strategies. At
the perception and forecasting levels, obstacle detection and trajectory prediction exploit sensor-driven
multimodal fusion, combining AIS, radar, and optical/infrared data with environmental measure-
ments. Obstacle detection focuses on accurately identifying and localizing surrounding vessels and
obstacles in real time, while trajectory prediction leverages temporal sequences of kinematic and
environmental data to forecast future positions and intent. These fused inputs provide the situational
awareness and predicted motion information necessary for informed decision-making at higher levels.

Building on these inputs, collision avoidance and risk assessment employ information-driven
multimodal fusion [94-96], integrating high-level data such as AIS-derived traffic flow, weather and
environmental conditions, historical navigation accidents, and vessel parameters. Multi-modal deep
fusion techniques have been shown to enhance the accuracy and robustness of risk assessment under
complex maritime conditions, enabling more effective decision-making for ship operators [97,98].
Extending this approach, several studies have combined additional data sources—including ship
traffic flow, weather, historical accidents, and vessel parameters—to develop ship navigation risk early
warning models. By incorporating multi-modal learning with transfer learning, these models general-
ize across different sea areas, maintaining high predictive accuracy and supporting comprehensive
maritime safety management [99].

Moreover, near-miss incidents have been incorporated into multi-modal deep fusion frameworks
to improve early risk detection. For example, Wu et al. [100] proposed a near-miss risk identification
method that integrates AIS, weather information, historical navigation accidents, and vessel param-
eters. This approach constructs a near-miss probability model using kernel density estimation and
employs machine learning algorithms to analyze potential navigation risks from high-dimensional,
multi-source data. The framework not only effectively identifies navigation risks but also predicts
potentially hazardous situations earlier, capturing operational and environmental factors that, while
not immediately dangerous, indicate elevated risk levels.
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4.7. Search and Rescue (SAR) Operations

Maritime search and rescue (MSAR) operations demand rapid, reliable, and weather-resilient
detection of distressed individuals, life-saving equipment, or debris under challenging visibility and
environmental conditions. To address these challenges, multimodal perception and learning have
become key enablers, integrating data from electro-optical and infrared imagery, radar, and distress
beacons. The fusion of these complementary sources provides spatial and semantic diversity, which is
crucial for robust detection and localization in complex maritime environments.

SAR missions differ from general maritime environmental perception or obstacle detection
tasks in sensor configuration and operational focus. While both rely on radar, EO/IR cameras, and
LiDAR, SAR prioritizes the rapid detection of small, fragile targets, such as individuals or life rafts,
often emphasizing thermal imaging fused with high-resolution EO sensors and distress beacons.
LiDAR provides complementary geometric cues, reducing false positives. In contrast, environmental
perception and obstacle detection focus on global situational awareness and collision avoidance,
typically relying on radar and AIS for large targets and EO/IR or LiDAR for close-range identification.
This distinction highlights that while SAR and general perception share sensors, their priorities and
fusion strategies differ.

Conceptually, MSAR can be divided into two complementary stages: maritime search and
maritime rescue. The search phase is particularly critical, as it focuses on the detection and localization
of distressed individuals, life-saving equipment, or debris [101]. Given challenges such as small
target size, weak signals, and adverse environmental conditions, this phase naturally relies on the
fusion of multiple sensing modalities. Thermal signatures enable weak-target detection, LIDAR
provides geometric cues, radar offers long-range coverage, and EPIRB signals support detection of
cooperative targets. Collectively, these modalities enhance the robustness of perception under a variety
of environmental conditions.

In contrast, the rescue phase emphasizes intervention and execution, including safe approach,
payload delivery, and retrieval of persons or objects. While it depends on the results of the search phase,
rescue operations also incorporate real-time environmental perception, such as obstacle detection
and navigation, to ensure operational safety and efficiency. Consequently, the search stage can be
regarded primarily as a multi-sensor fusion perception task, whereas the rescue stage focuses mainly
on planning and control, with sensory inputs serving to support safe execution.

Research on unmanned maritime MSAR systems remains in its early stages, primarily involving
four major platforms: unmanned aerial vehicles (UAVs), unmanned surface vessels (USVs), unmanned
underwater vehicles (UUVs), and their heterogeneous collaborations [101]. Key research directions for
these platforms include search path planning, path-following control, search communications, and
visual perception. While UAVs have proven useful in various SAR applications, their effectiveness
in maritime environments is constrained by limited flight range, vulnerability to adverse weather,
and inability to perform direct intervention. In contrast, unmanned or autonomous surface vessels
(USVs/ASVs) offer notable advantages: they are more resilient to environmental disturbances, can
carry substantial quantities of critical relief supplies, and are capable of deploying flotation aids or
inflatable rafts for immediate use [102].

In addition to platform design considerations, autonomous surface vessels have been developed
specifically for deepwater MSAR applications. For example, a USV prototype equipped with GPS
and underwater sensors was successfully tested for searching victims, black boxes, debris, or other
evidence on the surface and underwater. The vessel supports both autonomous navigation and manual
operation via a ground station, which monitors telemetry data and provides control commands within a
range of approximately 100 meters. This study highlights how autonomous platforms can significantly
reduce crew risk during MSAR operations [103].

While the above work emphasizes autonomous platform capabilities and basic multi-sensor
integration, other studies focus on multi-modal target detection for human-in-water scenarios. Recent
research has proposed early-fusion detection pipelines combining LiDAR point clouds and thermal
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imagery. In this approach, LiDAR provides geometric cues to mitigate thermal failures caused by haze
or background noise, while thermal cameras compensate for LIDAR's sparse point density, enabling
long-range human classification [104]. Such LiDAR~-thermal fusion demonstrates how multimodal
integration can substantially enhance robustness under adverse conditions and reduce false alarms,
highlighting a promising direction for resilient SAR perception systems.

4.8. Illegal Activities Detection

Illegal maritime activities, including human trafficking, smuggling, and other non-cooperative
vessel operations, pose significant threats to coastal security and international law enforcement.
Detecting such vessels is particularly challenging because they often attempt to evade surveillance
by disabling transponders, mimicking legitimate traffic patterns, or exploiting AIS vulnerabilities.
Consequently, effective monitoring requires the fusion of heterogeneous maritime data, such as EO
and SAR imagery, AIS signals, radar surveillance, and contextual socio-economic information.

A representative example is the detection of so-called “dark ships,” vessels that deliberately
disable AIS transponders to evade monitoring. To address this challenge, recent studies have explored
multi-modal fusion frameworks that combine optical and SAR satellite imagery with AIS signals. By
leveraging oriented bounding box—based object detection and advanced feature association algorithms,
these approaches improve the accuracy of vessel identification under complex maritime conditions
and enable effective day-night, all-weather surveillance [105].

Another research direction emphasizes trajectory-based detection of smuggling vessels. For in-
stance, [106] introduced a framework that fuses high-speed radar trajectories with meteorological data,
employing a parallel temporal convolutional network (TCN) for motion and weather feature extrac-
tion, followed by an LSTM-based decision fusion module for trajectory discrimination. By explicitly
accounting for external factors such as poor visibility and nighttime conditions, this method achieves
robust performance in distinguishing covert smuggling activities from normal maritime traffic.

Beyond trajectory analysis, multimodal pipelines integrating remote sensing imagery and AIS
have also been developed to enhance illegal activity detection. One study proposed a system that
combines SAR imagery, high-resolution optical data, and AIS signals, using an enhanced YOLOv10s
detection model optimized for small vessels in cluttered maritime scenes [107]. The pipeline further
incorporates AIS cross-matching algorithms, explainable Al tools (Eigen-CAM), and even carbon
emission assessments during training to balance accuracy with sustainability. In addition, the release
of the HS3-52 dataset, featuring multimodal satellite images with varying resolutions, provides a
valuable benchmark for improving robustness against noisy maritime backgrounds. Together, these
developments illustrate the potential of multimodal fusion frameworks to deliver reliable monitoring
solutions in AIS-poor or adversarial scenarios.
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Table 2. Task analysis based on sensor fusion.
| Senario | Specific Task | Ref | Tensor Types
[14,81] AIS + EO
. . [15,54,55] | AIS +SAR
Vessel Detection & Tracking [82.108] AIS + Radar
[58] AIS + Sonar
Maritime Perception [57] EO + Sonar
P Obstacle Detection & Recognition [84] LiDAR + EO
[83] LiDAR + EO + Radar
[36] FO+IR
Scene Understanding [60] Multi-Sonar
[59] EO + Sonar
[59] EO + IR + LiDAR
[13] AIS + Radar
Anomaly Detection [88] AIS + SAR
[89] EO + GPS
[91,92] AIS + Environment
Behavior Understanding Trajectory Prediction [93] AIS + ENC + Radar
[109] AIS + Satellite images
(I
Collision Avoidance & Risk Assessment Il
1
[104] LiDAR + IR
Search and Rescue Support [103] GPS + Sonar
[110] LiDAR + EO
. . -y ) [105,107T | EO + SAR + AIS
Decision & Mission Support | Illegal Activities Detection [106] Radar + Meteorological data
[T11] EO + IR + LiDAR + Radar + GPS
Autonomous Navigation [112] EO + IR + LiDAR + Radar + ENC
[113] EO + Sonar + Radar + GNSS + ENC

4.9. Autonomous Navigation

Autonomous navigation is a core capability of Maritime Autonomous Surface Ships (MASS),
enabling vessels to make safe and efficient decisions based on perceived environmental information.
While scene understanding establishes situational awareness, autonomous navigation focuses on
the decision-making and control processes that transform perception into action. These processes
encompass three key tasks—path planning, collision avoidance, and trajectory tracking—where
multimodal sensor fusion is essential to ensure robustness in complex or uncertain maritime conditions.

Path planning constitutes the initial step, where safe and efficient routes are generated at both
global and local scales. At the global level, the integration of AIS and remote sensing data supports
route optimization by accounting for traffic density, weather, and restricted zones. At the local level,
onboard sensors such as radar, sonar, and cameras provide real-time updates on dynamic obstacles,
which can be processed through search-based, optimization-based, or reinforcement learning methods.
Multimodal fusion mitigates single-sensor weaknesses, for instance compensating for degraded optical
imagery in foggy environments.

Collision avoidance requires rapid responses to encounters with nearby vessels or floating objects.
The joint use of AIS, radar, and optical imagery enables both target recognition and short-term trajectory
prediction, guided by international navigation rules (COLREGs). Recent approaches, including model
predictive control and deep reinforcement learning, leverage multimodal fusion to balance safety,
compliance, and efficiency in dynamic maritime scenarios.

Trajectory tracking and control translate planned routes into precise maneuvers under changing
ocean conditions. The fusion of GNSS/INS with visual odometry improves positioning accuracy,
while environmental sensors such as wind meters and current profilers provide feedback for adaptive
control. These multimodal strategies ensure stable navigation performance even in the presence of
currents, winds, or sensor noise.

Representative contributions illustrate the diverse applications of multimodal fusion. The Pohang
Canal Dataset integrates multiple perception and navigation sensors (cameras, LiDAR, radar, GPS,
and AHRS) along restricted waterways, offering a valuable benchmark for testing path planning
and collision avoidance strategies. More recently, a cross-attention transformer-based approach
demonstrated the potential of deep multimodal fusion, combining RGB and infrared imagery with
sparse LiDAR, radar, and electronic charts to construct a bird’s-eye view representation of vessel
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surroundings, enabling robust navigation even in adverse weather. Earlier studies, such as Wright
and Baldauf’s work, combined visual landmark detection with radar and sonar-based terrain tracking,
emphasizing redundancy and certification for safety in autonomous navigation.

Together, these studies highlight how multimodal integration advances path planning, collision
avoidance, and trajectory control, while also underscoring the need for redundancy and standardized
benchmarks to ensure safe and reliable operation of future autonomous ships.

Summary and Outlook

The breadth of multimodal applications across maritime domains—from pollution monitoring and
search and rescue to port logistics and tactical coordination—highlights the transformative potential of
cross-sensor fusion and intelligent data integration. These emerging use cases demand systems that
are not only capable of combining diverse modalities such as AIS, EO/SAR imagery, radar, audio, and
textual data, but that can also reason over this information in real time, under uncertainty, and often
with limited supervision.

A recurring theme across all application areas is the challenge of modality heterogeneity, where
data formats, temporal resolutions, and sensor characteristics differ widely. For example, integrating
AIS logs with satellite imagery or VHF distress signals requires sophisticated fusion architectures
capable of aligning spatial, temporal, and semantic representations. Similarly, data sparsity and label
scarcity—especially in rare-event scenarios such as illegal smuggling or extreme weather—limit the
applicability of fully supervised deep learning models and call for the development of self-supervised,
transfer learning, and domain adaptation techniques.

Another major bottleneck is the real-time operational requirement found in safety-critical appli-
cations like fleet coordination and SAR missions. This places strong constraints on inference latency,
communication bandwidth, and system robustness, necessitating lightweight yet expressive fusion
models that can operate reliably under degraded sensing conditions.

Moreover, explainability and trustworthiness are increasingly important, particularly in military,
regulatory, and legal contexts. Decision-support systems in maritime operations must provide inter-
pretable outputs that align with human expectations and can be audited or verified post-deployment.

While academic research has produced promising multimodal architectures tailored to individual
maritime tasks, a key future direction is bridging the gap toward generalizable and deployable systems.
This includes the design of shared benchmarks, the creation of large-scale and diverse multimodal
datasets, and the development of unified frameworks that can accommodate new modalities or mission
profiles with minimal retraining.

In conclusion, multimodal learning presents a compelling paradigm for advancing maritime
intelligence, safety, and sustainability. Realizing its full potential will require concerted efforts in model
design, system integration, and interdisciplinary collaboration across oceanography, computer vision,
signal processing, and marine operations.

5. Public Datasets

Multimodal learning in maritime domains demands not only advanced algorithms but also
high-quality datasets that reflect the diversity, complexity, and operational challenges of real-world
scenarios. Building upon the multimodal data types introduced in Chapter 2, this chapter surveys
publicly available datasets and benchmarks that support research in maritime perception, tracking,
rescue, and decision-making.

Despite recent progress, public datasets for multimodal maritime applications remain limited in
quantity, scope, and consistency. Existing datasets often suffer from a lack of standardized annotation
formats, limited temporal or spatial resolution, and modality imbalances (e.g., missing synchronized
labels across EO, radar, and AIS). Furthermore, task-specific benchmarks for multimodal fusion in
maritime contexts—such as cross-modal retrieval, anomaly detection, or sensor alignment—are still
underdeveloped. This section categorizes key datasets by task and modality, highlighting both their
potential and limitations.
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5.1. Vessel Detection

Ship detection datasets are mainly divided into two categories: Satellite remote sensing + radar
fusion: SSDD, AIR-SARShip1.0 (AIR-SARShip2.0 has been released but not included in the statistics),
SAR-Ship1.0; Satellite remote sensing + thermal infrared fusion: TISD.

SSDD is the first SAR ship detection dataset. It was constructed by collecting publicly available
SAR images, cropping them to approximately 500x500 pixel regions, and manually annotating ship
locations. However, its annotation accuracy was low and standards were inconsistent. SSDD+,
released in 2021, introduced rotated bounding box annotation, provided both PASCAL VOC and
COCO annotation formats, and established stricter testing specifications. It is suitable for small object
detection and object orientation estimation, but the data size is still limited. Common benchmark
models include Faster R-CNN, SSD, RetinaNet, and the YOLO series.

SAR-Ship-Dataset, based on Gaofen-3 and Sentinel-1 imagery, is the first large-scale SAR ship
detection dataset covering complex environments. Common benchmark models include Faster R-CNN,
SSD, RetinaNet, and the YOLO series.

AIR-SARShip1.0, built on Gaofen-3 images, uses the PASCAL VOC format and vertical bounding
box annotation, covering a wider range of ship types and scenarios. Common benchmarks include
Faster R-CNN, Cascade R-CNN, SSD, RetinaNet, and the YOLO series.

TISD is constructed from three-band infrared images collected by the SDGSAT-1 TIS sensor. It
provides vertical bounding box annotations and can handle detection scenarios in complex weather
conditions, light reflections, and low-light environments. However, due to the limited interpretability
of CNN methods and the fuzzy boundaries of infrared targets, they are prone to false positives and
missed detections. Common benchmarks include YOLOV5s, Faster R-CNN, SSD, and RetinalNet.

Overall, the aforementioned detection datasets commonly suffer from the following issues: 1.
The number of offshore images is insufficient, limiting the model’s generalization ability in complex
offshore environments; 2. Ships are difficult to distinguish from land or are occluded; 3. Ship size
definitions still rely on manual annotation; 4. The image resolution is relatively low, making fine
classification difficult, resulting in ships being classified as a single category.

5.2. Vessl classification

Ship classification datasets are primarily divided into three categories: 1. Satellite remote sensing
+ visible light fusion: HRSC2016, FGSD, and ShipRSImageNet; 2. Satellite remote sensing + radar
fusion: OpenSARShip; 3. Visible light + infrared fusion: VAIS and SEAGULL.

HRSC2016 is the first ship recognition dataset built based on high-resolution, unobstructed Google
Earth imagery. It initially classifies ships into 25 categories and provides port location annotations
using bounding boxes, rotated bounding boxes, and pixel-level classification. However, its coverage
of ship categories and scenes is limited, and its image diversity is insufficient. Common benchmarks
include R*CNN, RRPN, Rol Transformer, Gliding Vertex, and RetinaNet-R.

FGSD is constructed from high-resolution Google Earth satellite imagery, covering ports in
multiple countries. It provides 43 ship categories and multi-level labels, annotated using horizontal
and rotated bounding boxes, and uses a ship’s "V-shaped structure" to indicate orientation. While its
coverage is broader than HRSC2016, the data is still primarily sourced from Google Earth. Common
benchmarks include Faster R-CNN and R2ZCNN.

ShipRSImageNet collects optical remote sensing images from various sensors, platforms, lo-
cations, and seasons worldwide. Using horizontal bounding boxes, rotated bounding boxes, and
polygon annotations, it defines a four-level classification system and 50 ship categories, along with
weather information. Its classification accuracy surpasses the aforementioned datasets. However, its
limitation is that optical remote sensing cannot operate at night. Common benchmarks include Faster
R-CNN+FPN, SSD, and Cascade Mask R-CNN+FPN.

OpenSARShip2.0 is built based on Sentinel-1 SAR imagery and AIS information, covering 87
scenes. It uses SNAP 3.0 and OCLT for semi-automatic annotation, expanding the scale of SAR ship
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data and enabling spatiotemporal correlation between AIS and SAR features. However, due to low
resolution and imbalanced class distribution, its classification performance and generalization capabil-
ities are limited. Common benchmarks include ResNet, the VGG series with attention mechanism, and
multi-scale dual-attention CNN.

VAIS, a dataset capturing image sequences at six ports over a nine-day period, classifies six
types of ships and is tested using CNNs and Gnostic Fields. It is a representative dataset for early
implementations of EO and IR cross-modal fusion. However, it is small in scale, suffers from uneven
matching of images, and has a limited number of categories and scenes.

SEAGULL, built on maritime surveillance video sequences, fuses visible, near-infrared, infrared,
and hyperspectral data. This richness and robustness make it particularly suitable for detection and
tracking tasks. However, the sample distribution is uneven at night, in adverse weather conditions, and
for small targets at long distances, and spectral alignment and synchronization are also challenging.
Common benchmarks include Faster R-CNN, YOLOvV2, background subtraction, optical flow, and
Kalman filter tracking methods.

5.3. Obstacle detection

Obstacle detection datasets are mainly divided into three categories: 1. Visible light + infrared +
lidar + radar fusion: PoLaRIS; 2. Visible light + infrared fusion: Singapore Maritime Dataset; 3. Visible
light + lidar fusion: SeePerSea.

PoLaRIS is built based on five video sequences from the Pohang canal dataset. It provides
multimodal data from RGB, infrared, lidar, and radar, annotating 3D object bounding boxes, depth,
and dynamic tracking information. It supports object annotations as small as 10x10 pixels, making it
suitable for early hazard detection. However, its scenes are relatively simple and do not fully reflect
perspective changes and motion blur.

The Singapore Maritime Dataset, constructed from footage captured by a Canon 70D camera in
Singapore waters over 11 months, covers a variety of lighting and weather conditions. It uses manual
annotations, resulting in high resolution and diverse backgrounds. However, it suffers from relatively
simple scenes, high bounding box noise, and class imbalance.

SeePerSea, the first 3D multimodal water obstacle detection dataset, was collected by Catabot
and manned vessels across three regions over a period of nearly four years. The dataset integrates
RGB, LiDAR point clouds, and navigation data, covering multiple locations, weather conditions,
and backgrounds. However, it only defines three target categories (ships, buoys, and other hazards)
and lacks infrared and radar modalities, making it less robust in low-light conditions and inclement
weather.

5.4. Auto Navigation

Autonomous navigation datasets are mainly divided into three categories: 1. Visible light +
infrared + radar fusion: Pohang Canal dataset; 2. Visible light + lidar + radar fusion: MOANA; 3.
Visible light + infrared + lidar + radar fusion: Maritime Sensor Fusion Benchmark.

The Pohang Canal dataset was collected by a small vessel in the Pohang Canal, South Korea. It
covers the complex and narrow waterway and integrates multimodal information (including GPS,
attitude, acceleration, etc.), making it suitable for target detection and tracking research. However, its
limited geographic coverage and the lack of some GPS data make dynamic navigation tasks such as
long-term trajectory prediction challenging.

MOANA, collected in Ulsan, South Korea and Singapore, integrates dual-frequency radar, LiDAR,
stereo cameras, and GNSS, covering both structured and unstructured scenes. W-band radar enhances
long- and short-range detection capabilities. However, its modal imbalance and limited geographic
coverage make cross-modal alignment a prominent issue.

The Maritime Sensor Fusion Benchmark Dataset, collected by the milliAmpere platform, in-
tegrates five electro-optical cameras, five infrared cameras, radar, and lidar, making it suitable for
multimodal detection and tracking research. While this dataset offers high fidelity, it is limited in size,
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lacks coverage of rare scenarios, and maintains multi-sensor time synchronization, which remains
challenging.

5.5. Other Tasks

Some tasks only find a single public dataset: 1. Scene understanding (visible light + radar fusion):
WaterScenes; 2. Traffic control (visible light + AIS fusion): FVessel; 3. Search and rescue (visible light +
infrared fusion): SeaDroneSee.

WaterScenes is the first 4D radar-camera fusion dataset, collected over six months, covering a
variety of temporal and environmental conditions, and providing annotations for seven categories
of instances. However, it has a single viewpoint, lacks multi-camera information, and suffers from
uneven data distribution.

FVessel, constructed from video and AIS data, covers the Wuhan section of the Yangtze River. It
proposes an asynchronous matching method for AIS and video trajectories, focusing on addressing
occlusion and trajectory fusion issues. However, its scale is limited, it lacks extreme weather scenarios,
and its modal coverage is limited.

SeaDroneSee, based on drone data collected at different altitudes and viewpoints, annotates objects
such as swimmers. It is large-scale, more realistic, and supports multiple lighting and background
conditions. However, it has a single modality, uneven categories, and lacks spatiotemporal continuity.

Table 3. Summary of data .

Application Main Modalities Representative Datasets Common Pixels Ref
Vessel Detection Satellite sensing+Radar ~ SSDD 500x500 [114]
SSDD+ 500x500 [115]
SAR-Ship-Dataset crop:256x256 [116]
AIR-SARShip1.0 raw:3000x3000 crop:500x500 [117]
Satellite sensing+IR TISD 768x768 [118]
Vessl classification Satellite sensing+EO HRSC2016 raw:from300x300to1500x900 [119]
FGSD 930x930 [120]
ShipRSImageNet raw:930x930 [121]
Radar+AIS OpenSARShip2.0 - [122]
EO+IR VAIS EO:145833 TR:8544 [123]
SEAGULL E0:1920x1080 IR:384x288 [124]
Obstacle detection EO+IR+Lidar+Radar PoLaRIS EO:2048x1080(PNG) 2464 x2048(JPG) [125]
IR:640x512
EO+IR Singapore Maritime Dataset EO:1080x1920 [126]
EO+Lidar SeePerSea EO:640x480 [127]
Scene understanding ~ EO+Radar WaterScenes E0:1920x1080(raw) 640x640(crop) [128]
Traffic Monitoring AIS + EO FVessel 2560x1440 [129]
Search and rescue EO+IR SeaDronesSee EO:from3840x2160t05456x3632 [130]
Auto navigation EO+IR+Radar Pohang canal dataset EO:2048x1080(PNG) 2464x2048(JPG) [111]
IR:640x512
EO+Lidar+Radar MOANA - [131]
EO+IR+Lidar+Radar Maritime Sensor Fusion Benchmark ~ EO: 1224x1020 IR: 640x512 [132]

6. Future and Challenge

MMDL is increasingly applied in the maritime domain, yet many fusion paradigms and archi-
tectures developed in other fields remain underexplored. For example, cross-modal large language
models (LLMs) and vision-language transformers (e.g., CLIP, BLIP) have demonstrated strong gener-
alization in open-domain tasks, but their adaptation to maritime scenarios—such as combining EO
imagery, radar, AIS, and textual metadata (e.g., ship logs, weather reports)—remains limited. Similarly,
recent advances in foundation models and prompt-tuned multimodal encoders hold promise for
anomaly detection and event prediction, though challenges such as data scarcity and domain shift
hinder direct application.

Beyond these, methods like multimodal causal inference, spatiotemporal graph fusion, and
dynamic modality gating—successful in medical imaging and autonomous driving—have not been
systematically investigated for maritime perception. This highlights the need for cross-domain knowl-
edge transfer to address unique maritime challenges.

Despite recent progress, several obstacles remain for deploying robust deep learning-based multi-
modal systems in real-world maritime environments. These challenges arise from the heterogeneity
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of sensor modalities, the dynamic and uncertain nature of the ocean, and limitations in dataset avail-
ability and onboard computational capacity. In addition, operational requirements such as real-time
processing, reliable navigation, and safety compliance impose strict constraints on system design. To
provide a structured overview, we categorize the remaining challenges into interconnected technical
dimensions.

6.1. Data Synchronization and Temporal Alignment

A fundamental challenge in multimodal perception for autonomous maritime systems is the
temporal alignment of heterogeneous sensor data. Maritime sensors—including AIS, radar, EO, IR,
sonar, and satellite observations—operate at different sampling rates and may exhibit variable temporal
accuracy, leading to mismatches that complicate real-time fusion and decision-making. This problem
is further exacerbated in maritime environments by sensor drift, communication latency, and irregular
signal transmission, particularly in remote or high-traffic areas where AIS or satellite updates may be
delayed [1,4].

Effective temporal alignment is crucial when combining historical and real-time data for tasks such
as vessel detection, trajectory prediction, and anomaly recognition. Advanced approaches leveraging
deep learning, including recurrent neural networks (RNNs) and transformer-based architectures, have
shown promise in predicting and compensating for time lags in other domains, such as autonomous
driving and UAV perception [71,133]. Self-supervised learning techniques have also been proposed to
learn temporal correspondences without extensive labeled data, reducing the impact of asynchronous
streams and improving robustness in real-world operations [134].

In the maritime context, adapting these Al-based temporal alignment methods to account for
environmental factors, variable sensor update rates, and heterogeneous data types is essential for
building reliable, real-time multimodal fusion frameworks that underpin autonomous navigation and
situational awareness.

6.2. Limited Computational and Communication Resources

Autonomous maritime platforms frequently operate in remote or offshore environments, where
both computational power and communication bandwidth are inherently constrained. These platforms
must process and fuse large volumes of heterogeneous sensor data in real time to support navigation,
situational awareness, and decision-making. The imbalance between the data volume generated
by these multimodal sensors and the onboard processing capabilities poses a critical challenge for
timely and reliable fusion of sensor information.Consequently, the development of lightweight and
computationally efficient fusion architectures is essential to ensure that autonomous maritime systems
can operate effectively under limited onboard resources [135].

Communication bandwidth constitutes another major limitation. High-resolution EO/IR imagery,
radar returns, and satellite-derived datasets produce large data streams that can exceed the transmis-
sion capacity of maritime networks, particularly in areas far from shore-based infrastructure [136]. This
constraint can introduce delays, reduce the timeliness of situational awareness, and hinder coordinated
operations across platforms.

To address these limitations, recent research has explored the integration of edge computing
and onboard data pre-processing. By performing computation directly on the vessel or unmanned
surface/underwater platforms, edge computing reduces the reliance on high-bandwidth links and
enables low-latency decision-making [137,138]. In parallel, data compression techniques, including
both lossless and lossy methods, have been applied to reduce the volume of sensor data transmitted
without significantly degrading information quality [139].

Combining edge computing with efficient compression algorithms is particularly beneficial for
multimodal fusion systems, where synchronizing and processing heterogeneous data streams is com-
putationally intensive. These strategies collectively support real-time perception, trajectory prediction,
and anomaly detection in maritime environments, even under stringent resource constraints.
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6.3. Security and Privacy Concerns

The increasing reliance on digital technologies in maritime operations has introduced signif-
icant security and privacy challenges. Sensitive information, such as vessel locations, cargo de-
tails, and operational patterns, must be protected to prevent unauthorized access, spoofing, or
manipulation [140,141]. Cyberattacks targeting navigation, communication, or data processing systems
can disrupt maritime operations and pose safety risks.

Maritime platforms often operate in remote or offshore regions with intermittent connectivity,
complicating secure data transmission. Conventional encryption and authentication protocols, while
effective in terrestrial networks, may be insufficient under such conditions [142]. Blockchain and
distributed ledger technologies have been proposed to enhance data integrity and trustworthiness,
enabling secure sharing of AIS and sensor data across heterogeneous maritime systems [143,144].

Legacy maritime systems further exacerbate security risks, as many were not designed for internet
connectivity and real-time data exchange. Ensuring compliance with international regulations, such
as the International Maritime Organization’s (IMO) guidelines on maritime cybersecurity [145,146],
while maintaining operational efficiency, remains a critical challenge.

Future research should focus on adaptive, intelligent security protocols tailored for maritime
multimodal fusion systems. Such solutions must dynamically detect, assess, and respond to cyber
threats in real time, ensuring both data integrity and operational safety. Integration of lightweight
encryption, anomaly detection using Al, and resilient communication frameworks will be key for
secure and efficient autonomous maritime operations [147,148].

6.4. Al Trustworthiness and Explainability in Maritime Applications

As Al and deep learning models increasingly support decision-making in maritime operations,
ensuring their trustworthiness, reliability, and explainability has become critical. Maritime tasks
such as autonomous navigation, collision avoidance, and emergency response are safety-critical, and
operators must be able to understand and oversee Al-driven decisions [149,150]. The black-box nature
of many deep learning models can undermine confidence, particularly in high-stakes scenarios where
human intervention remains essential.

Multimodal fusion in maritime systems—integrating AIS, radar, EO/IR imagery, and other
sensors—amplifies the complexity of interpretability. Operators need transparency in how fused
sensor data informs Al outputs, especially under dynamic environmental conditions, such as variable
sea states, adverse weather, or high vessel traffic [151]. Explainable AI (XAI) methods, including
attention-based visualization, feature attribution, and uncertainty quantification, can provide insights
into model reasoning and highlight which sensor inputs most influence predictions [152,153].

Human-AlI collaboration is essential: Al should augment operator decision-making rather than
replace it. Confidence measures and interpretable outputs allow operators to assess prediction reliabil-
ity and make informed decisions, particularly when the system faces ambiguous or conflicting sensor
data [154,155]. Developing visualization tools and interface designs that clearly present contributions
from multiple sensor modalities is a key step toward fostering trust in Al-enabled maritime systems.

In summary, establishing trustworthy and explainable Al is fundamental for safe and effective
deployment of autonomous maritime platforms. Future research should focus on integrating XAl
techniques into multimodal fusion frameworks, enabling operators to understand, evaluate, and
control Al-driven decisions in real-time maritime environments.

7. Conclusions

Multimodal data fusion plays a central role in advancing maritime autonomy by integrating
heterogeneous sensors such as AIS, radar, EO/IR imagery, sonar, LIDAR, and satellite observations.
These techniques enhance vessel detection, tracking, obstacle recognition, and trajectory prediction
under complex and dynamic maritime conditions. This survey systematically categorized fusion
strategies into early, intermediate, and late integration, reviewing classical deep learning-based ap-
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proaches. Key applications, including maritime situational awareness, anomaly detection, search
and rescue, and domain monitoring, were analyzed alongside available datasets and benchmarking
platforms. Despite progress, challenges remain in temporal-spatial alignment, data sparsity, environ-
mental robustness, and standardized evaluation. Future research directions include self-supervised
cross-modal alignment, real-time edge-friendly fusion frameworks, simulation-to-real generalization,
and domain-adapted foundation models. Addressing these challenges is essential for developing
scalable, reliable, and robust multimodal systems for autonomous maritime operations.
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AIS Automatic Identification System
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MMDL  Multimodal deep learning
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