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Abstract: Maritime situational awareness is a core research field in marine science, whose
intrinsic complexity stems from the inherent nature of the ocean as an open, complex giant
system and the technical challenges of cross-domain multi-platform coordination and
multi-source heterogeneous data processing. To address this challenge, this paper proposes
an intelligent prediction framework based on multi-source data fusion via a deep Bayesian
network. The model integrates deep learning architectures with probabilistic graphical
modeling, effectively leveraging the powerful representational capacity of neural networks
together with the strengths of Bayesian inference in uncertainty modeling and causal
reasoning. A central contribution of this framework is its multimodal fusion mechanism,
which captures the complex, nonlinear, and non-stationary evolution of maritime situations.
By moving beyond the limitations of conventional methods, our approach extracts latent
situational elements from multimodal inputs and performs probabilistic density estimation
of future states through variational inference. Experimental results demonstrate that the
predictions generated by our model align closely with actual situational developments, with
all key evaluation metrics showing significant improvements over existing forecasting
techniques.

1. Introduction

Owing to the dynamic and multidimensional nature of modern maritime environments [1],
situational awareness and forecasting are now indispensable for robust command, control, and
decision-making systems [2].The contemporary maritime domain is characterized by multi-domain
integration, highly dynamic nonlinear evolution, and diverse operational activities across aerial,
surface, and subsea dimensions. This environment constitutes a complex system featuring tight
spatiotemporal coupling and deeply interwoven information flows [3]. The domain inherently
involves multi-source, heterogeneous data streams related to underwater maritime noise. These data
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are captured by a variety of platforms, notably autonomous underwater vehicles and vessel-borne
sensors, providing a complex acoustic profile of the maritime environment. These data sources
exhibit significant heterogeneity in spatial and temporal resolution, data formats, measurement
precision, and operational characteristics, presenting substantial challenges for integrated situational
analysis. This multifaceted nature of maritime data necessitates sophisticated fusion methodologies
capable of reconciling structural and semantic differences while preserving the unique
informational value of each data modality. Within this context, situational awareness necessitates
not only comprehensive and accurate acquisition and interpretation of multi-source environmental
elements but also the capability to conduct real-time forecasting and risk assessment of future
situational trends. These functionalities are essential to enabling proactive maritime domain
management and maintaining decision-making superiority [4].

However, the advancement of predictive models in this field has long been constrained by a
fundamental trade-off: the pursuit of high prediction accuracy versus the equally critical need for
reliable uncertainty quantification. [5]. Conventional approaches to maritime situational prediction
have largely followed by manually constructed architectures and prior probabilities, limiting their
ability to capture complex spatiotemporal patterns from high-dimensional, multi-source
environmental data. Deep learning techniques, excel at automatic feature extraction from
large-scale datasets and deliver strong performance in deterministic prediction tasks. Yet, they
inherently lack mechanisms for uncertainty quantification and interpretable reasoning. In the highly
volatile maritime domain, situation evolution exhibits strong non-stationarity, multimodal
distribution characteristics, and complex temporal dependencies [6]. These challenges place greater
demands on situational awareness systems, which must not only rapidly extract critical situational
elements from multi-source heterogeneous data within complex sensor networks but also construct
adaptive operational models that update dynamically based on historical and real-time observations.
Moreover, they must predict future situation trends across multiple time scales to facilitate rapid
response and optimal decision-making in the face of sudden tactical events. To address these
complex and pressing challenges, this study introduces a novel framework based on Bayesian deep
learning for integrating multisource and heterogeneous information, designed to enhance situational
awareness, analysis, and prediction capabilities in complex environments, thereby providing
enhanced support for operational decision-making in complex maritime environments, as shown in
Figure 1.
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Figure 1: Maritime Situation Evolution Diagram
2. Maritime Situation Awareness

Maritime Situational Awareness and Prediction represent a foundational technology for modern
maritime safety and operational management [7]. This capability encompasses the comprehensive,
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real-time acquisition and accurate interpretation of diverse elements within complex maritime
environments through integrated technical approaches, coupled with scientifically-grounded
forecasting of future developmental trends. The analytical framework requires precise monitoring of
static and dynamic parameters, including vessel distribution patterns, equipment status, and
movement trajectories.

Situational Awareness and Prediction is a systematic, hierarchical model for analyzing the
evolution of maritime situations. It adheres to the "Data-Information-Knowledge-Decision"
cognitive paradigm, aiming to achieve an in-depth understanding and proactive forecasting of the
overall maritime situation. This process spans from low-level, multisource data perception to
high-level situational evolution and decision support. The core of this framework lies in integrating
static environmental elements with dynamic entity behaviors to ultimately provide decision-makers
with a decisive advantage.

Against the backdrop of increasing complexity and uncertainty in modern maritime operations,
traditional maritime situational awareness and prediction methods face multiple challenges. These
include difficulties in multi-source data fusion, insufficient adaptability to dynamic environments,
and limitations in capturing nonlinear relationships. In this context, Bayesian networks have
emerged as a fundamental methodology due to their capability to manage probabilistic reasoning
and reveal causal dependencies. Static Bayesian networks typically achieve parameter construction
and probabilistic inference through expert knowledge-driven parameterization and algorithmic
optimization. For instance, Danyi Li et al. generated network parameters using expert experience
and constructed Bayesian networks via belief propagation algorithms [8]. Similarly, Xun Zhang et
al. employed Bayesian networks to establish assessment models for situational risk evaluation
through probabilistic inference [9]. Kong D. et al. further enhanced model performance by
integrating multiscale scenario analysis theory to examine correlations among maritime safety
factors [10].These approaches demonstrate the potential of Bayesian methods in addressing
uncertainty in maritime environments. However, they primarily operate within static frameworks,
which may limit their effectiveness in dynamically evolving scenarios characterized by
heterogeneous data sources and rapidly changing conditions.

However, static models demonstrate significant limitations in handling high-dimensional
dynamic scenarios, primarily due to their reliance on manual, expert-driven structural construction,
which tends to be inefficient and susceptible to overlooking critical dependencies. To overcome
these constraints, dynamic Bayesian networks extend the conventional framework by incorporating
temporal dimensions. For instance, Qin Zhang et al. developed a dynamic Bayesian-based
assessment method for real-time situational prediction [11], while Hanwen Fan et al. utilized a
dynamic Bayesian model to probabilistically capture interactions among influencing factors within
a causal inference framework, effectively mitigating data imbalance [12]. Xiao Chen et al. proposed
a hybrid dynamic—static model for comprehensive maritime target risk evaluation [13]. Zhen-Hua
Fan et al. leveraged Markov properties to design a fast approximate inference algorithm,
substantially improving computational efficiency [14]. Sun H. et al. further integrated dynamic
Bayesian networks with utility theory to optimize risk assessment, aligning with the growing
adoption of deep learning and hybrid methodologies [15].Subsequently, researchers began
exploring data-driven approaches. Zhai Yongcui et al. introduced a deep learning-based framework
for maritime big data situational awareness [16], and Xiang Fan et al. applied Long Short-Term
Memory (LSTM) networks to temporal navigation state prediction, enabling proactive awareness
[17]. Wei Li et al. proposed a unified multi-source data representation model based on knowledge
graphs to achieve semantic association for situational inference [18]. Xiuli Du et al. improved the
D-S evidence theory combination rules to resolve conflicts in multi-source information fusion [19].
Traditional dynamic Bayesian networks with deep learning, continue to face fundamental
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challenges in balancing model complexity with real-time computational requirements [20].
High-dimensional state spaces often lead to inference inefficiencies, while limited adaptability to
unknown behavioral patterns and deceptive scenarios remains an issue. Heavy reliance on historical
data also constrains their effectiveness in rapidly evolving or novel situations. Furthermore,
multi-source heterogeneous data fusion continues to be impeded by semantic inconsistencies and
quality variability, with core difficulties persisting in the dynamic evaluation of evidence reliability.

This paper proposes a Bayesian Deep Network framework that tackles maritime situation
prediction by marrying the capabilities of traditional Bayesian deep networks with the modeling of
multi-source, heterogeneous data.

Specifically, deep learning excels in automatically learning high-order semantic features from
large-scale, multimodal maritime perception data without relying on handcrafted feature
engineering, thereby significantly improving the efficiency and accuracy of feature extraction.
Meanwhile, Bayesian inference, grounded in probability theory, focuses on modeling and
quantifying uncertainty [21]. Through prior knowledge integration and posterior updating
mechanisms, it dynamically refines estimates of unknown states as new observations become
available, enabling interpretable reasoning and trustworthy decision-making. By seamlessly
integrating the representational power of deep neural networks with Bayesian uncertainty
quantification [22], our framework enables dynamic and adaptive fusion of multi-domain
heterogeneous data in maritime environments, establishing a unified probabilistic modeling
architecture for situational prediction. The main contributions of this paper are summarized as
follows:

1) We propose a maritime situational prediction model based on Bayesian deep networks that
effectively overcomes limitations of existing approaches.

2) We establish an experimental validation framework simulating five distinct submarine
behavioral patterns and systematically demonstrate the model's superior capability in delivering
risk-aware and reliable predictive outcomes. Employing uncertainty-calibrated confidence intervals
as the core evaluation metric alongside conventional accuracy measures, our approach provides a
more robust theoretical foundation for supporting critical decision-making processes in maritime
operations.

3. Multisource Deep Bayesian Learning Model

Bayesian inference [23] fundamentally treats all unknown parameters in a model as random
variables. Through systematic application of Bayes' theorem, it combines prior knowledge with
observed data to derive the posterior probability distribution of these parameters. This process
follows the formula:

p(Dw) p(w)
p(D) (1)

The prior distribution p(w) mathematically encodes domain knowledge or historical experience
about the parameters before observing data D. The likelihood function, p(D/w) describes the
probability of observing the available data D under specific parameter values w. The marginal
likelihood P(D), obtained by integrating over the parameter space, synthesizes prior beliefs and
observed evidence. Thus, the posterior distribution p(w/D) represents the updated probabilistic
assessment of the parameters after incorporating the information from the data D.

The Bayesian paradigm offers a coherent framework for uncertainty quantification, a feature
rooted in its fundamental treatment of parameters as random variables. This framework primarily

p(w|D)=
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manifests in two forms: parameter uncertainty and predictive uncertainty. The posterior distribution
p(w/D) fully characterizes uncertainty by describing the probability density over all plausible
parameter values. The ultimate objective of Bayesian learning is typically predictive inference. For
a new inputx*, its predictive distribution is obtained through Bayesian model averaging:

P(y"[X',D) = [ P(y"| X', w)P(w| D)dw @

Predictions thereby incorporate both aleatoric uncertainty arising from data randomness and
epistemic uncertainty stemming from imperfectly known model parameters. By sampling from the
predictive distribution, the complete probability profile of future observations can be obtained,
enabling direct quantification of prediction confidence intervals.

In maritime situational prediction scenarios, typically characterized by data scarcity, significant
noise contamination, and high-stakes operational complexity, epistemic uncertainty emerges as a
critical consideration. Modern maritime monitoring systems generate an abundance of multi-sensor
data streams. The fundamental challenge thus shifts from data acquisition to the coherent fusion of
these diverse and often contradictory information sources.

The Bayesian inference framework addresses this challenge by systematically quantifying
uncertainty throughout the entire modeling process, from parameter estimation to final predictive
outputs. Through its inherent mechanisms of posterior distributions and Bayesian model averaging,
the framework naturally incorporates uncertainty assessment without requiring external adjustments.
More significantly, it establishes a unified probabilistic foundation for integrating heterogeneous
data sources, enabling the modeling of distinct noise characteristics and reliability metrics for each
sensor modality within a single coherent posterior representation. This integrated approach
transforms situational awareness from basic perception to informed cognitive understanding by
explicitly representing and propagating uncertainties across all data sources and processing stages.

In the deep Bayesian model developed in this study, the integration of Bayesian inference
mechanisms within the neural network architecture overcomes the limitation in traditional models
that treat parameters as fixed constants. Instead, all model parameters are defined as random
variables following specific probability distributions. Within the framework of Bayesian neural
networks, a probabilistic model is first constructed, where the network weightsW are treated as
probability distributions. Given a prior distribution and a likelihood function, the objective shifts to
solving for the posterior distribution.

Exact computation of the posterior distribution is typically intractable in complex deep Bayesian
models. To address this challenge, our work employs variational inference to obtain a
computationally feasible approximation of the posterior. In the Bayesian linear layer configuration,
the prior distributions for both weights and biases are specified as Gaussian distributions with mean
0 and variance o3:

p(W) =N (WI0,521),  p(b) =N (bl0, 21 @)
The variational posterior is modeled as a parameterized Gaussian distribution, with its mean and
variance serving as learnable parameters. Specifically, for the weight matrix W, we assume:

where p,, is the mean vector and X, is the diagonal covariance matrix. Formally, the variational
posterior q, (W) is defined as a Gaussian distribution with diagonal covariance structure:

qa(W):N(W|u9'Zg) (5)
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The variance is parameterized using its logarithmic value, as this formulation offers greater
numerical stability during optimization and allows for an unbounded range of real values.
Specifically, the parameterization is defined as:

x,, =diag(exp(y,,)) (6)
x, =diag(exp(v,)) ()
x, =diag(exp(y,)) (8)

Where {1, and{s, denote the log-variance parameters of the weights and biases, respectively,
defining the diagonal covariance matrix Xg.During training, the reparameterization technique is
employed to enable gradient-based optimization while maintaining stochasticity. Specifically,
sampling from the variational posterior is performed as:

W = n,+e,0 eXp(O5 ’ "I’W)’ €~ N(O’ I) (9)

b=p, +¢ Oexp(0.5-y,), ¢ ~N(O,1) (10)

WhereOrepresents the element-wise product. This reparameterization approach enables gradient
backpropagation by first sampling e from a standard normal distribution and then applying a
deterministic transformation to obtain the required samples. In variational inference, the objective is
to minimize the Kullback-Leibler divergence between the variational posterior and the true posterior,
which is equivalent to maximizing the evidence lower bound. When both the prior distribution and
variational posterior are diagonal Gaussian distributions, the KL divergence admits a closed-form
expression. For a single weight componentw;, the KL divergence is given by:

1( u? +o? o’
KL(q(V\’i)Hp(Wi))=§[—ﬂlaz ' —1—l090—'2j
0 0 (11)
Where pand oZdenote the posterior mean and variance of this component, respectively. Thus, the
total KL divergence for the fully connected layer with parameters is given by:

KLpyer = 2 KL@W)Il p(w;)) + > KL(a(b))ll p(b;))
! : (12)

The complete Bayesian network architecture comprises multiple Bayesian linear layers combined
with ReLU nonlinear activation functions, with Dropout regularization inserted between successive
layers. During forward propagation in the Bayesian deep network, input data flows sequentially
through three Bayesian linear layers, where ReLU activation and Dropout are applied after each
linear transformation. The loss function is constructed to minimize the variational lower bound,
which consists of two key components: the negative log-likelihood and the KL divergence term.
Specifically, the loss function is defined as:

£(8)=E,,[~logp(D|6)]-5-KL(a(8)|p(6)) (13)

Where 6 represents the model parameters, D denotes the training dataset, and serves as a
trade-off coefficient. The KL weighting factor 3 balances the trade-off between model fit and
complexity. During training, stochastic gradient descent is employed to optimize the parameter set

0 = {1, Vol

74



0 < 60—V ,L(6) (14)

To mitigate the risk of gradient explosion during training, gradient clipping is applied to constrain

the norm of the gradients, thereby enhancing numerical stability and promoting stable convergence:
if|o|>4: g A

ol (15)

The model outputs a probability distribution over possible categories, which is approximated
through Monte Carlo sampling:

o(y|x D) ~ %ZSoﬂmax( £, (X))
t=1 (]_6)

Where W;~qgq (W) represents the Monte Carlo sample drawn from the variational posterior. The
training objective is to minimize a weighted combination of the cross-entropy loss and the KL
divergence term, formulated as:

Loss=CrossEntropy (y, y*)+ - KL an

Here, the first term corresponds to the cross-entropy between predicted and true labels, while the
second term acts as a Bayesian regularizer, withf3 controlling the trade-off between data fidelity
and model complexity. The KL divergence serves as a Bayesian regularization term, quantifying the
dissimilarity between the learned parameter distribution and the prior distribution. The coefficient
B controls the relative influence of this regularization term in the total loss function, with larger
values imposing stronger Bayesian constraints on the model parameters. Compared to traditional
neural networks employ deterministic weight parameters, Bayesian neural networks represent each
weight as a probability distribution. This probabilistic formulation enhances the model's capacity to
capture epistemic uncertainty and improves generalization performance in data-scarce scenarios.
The corresponding network architecture is as follows:
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Figure 2: Deep Bayesian Network Architecture

As shown in Figure 2, the deep Bayesian network architecture is specifically engineered for
multi-source heterogeneous information fusion, adopting a multi-tiered design. Within this
hierarchical structure, disparate input data from diverse sources are initially transformed into a
unified high-dimensional feature space. These transformed representations then undergo successive
stages of linear transformation, nonlinear activation, and structured regularization through dropout
mechanisms. The linear operations facilitate cross-modal feature integration and dimensional
compression, while the nonlinear activations enable the learning of complex interdependencies
across different data modalities. Through this layered architecture that systematically combines
linear processing, nonlinear transformation, and regularization techniques, the final output layer
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generates precise task-specific predictions.
4. Experiments

This section systematically validates the proposed Multisource and Heterogeneous deep
Bayesian model, focusing on its predictive performance in maritime environments. The experiments
assess the model's accuracy under complex, dynamic, and multi-source conditions. Our
multifaceted evaluation demonstrates the framework's practical utility and superior performance in
real-world operational scenarios.

4.1 DATASETS

This study establishes a comprehensive multimodal dataset for maritime situational awareness
research, systematically integrating simulated submarine behaviors, multi-sensor data generation,
and trajectory estimation through advanced data fusion techniques. The dataset encompasses five
representative operational modes of underwater vessels: active tracking, silent operation, routine
navigation, underwater search, and tactical maneuvering. Each operational mode exhibits distinctive
kinematic patterns and sensor signatures, providing a diverse foundation for model validation.

The core innovation of our dataset lies in its multimodal fusion architecture, which synchronizes
and correlates data streams from heterogeneous sensing modalities including acoustic hydrophone
arrays, magnetic anomaly detectors, surface surveillance radar, and electronic support measures.
This integrated approach enables complementary information fusion across different physical
domains, capturing electromagnetic emissions, acoustic signatures, and magnetic perturbations
simultaneously. Each sensor modality contributes unique observational characteristics: acoustic
arrays provide precise bearing estimation, magnetic detectors offer reliable proximity awareness.

To evaluate the fusion system's capabilities under various operational conditions, we simulate
distinct behavioral scenarios incorporates critical environmental factors including oceanographic
conditions, background noise profiles, and thermal layer structures to simulate real-world sensing
challenges. Through this comprehensive multimodal approach, our dataset provides a solid
foundation for developing and validating advanced situational awareness systems. The integration
of multiple sensing dimensions within a unified probabilistic framework represents a significant
advancement over conventional single-modality approaches, offering enhanced capabilities for
accurate trajectory estimation and behavioral recognition across diverse operational scenarios and
environmental conditions.

Figure 3: Dataset Parameter Diagram

The behavioral model forms the foundation of the entire data framework. Multiple sensor types
operate synergistically to collect submarine-related data according to their respective sampling
frequencies and measurement principles. The trajectory output module subsequently generates
comprehensive motion trajectories by fusing submarine state estimations from all available sensors.
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This module converts positional information into a unified chronological record with strict
timestamp alignment, ensuring the dataset maintains a coherent time-series structure. Taking time
series within the range of 1 to 29 as an example, each dataset contains the following parameters, as
shown in Figure 3.

In this study, the acquired situational data variables span multiple dimensions, including
Direction of Arrival (DOA) estimation, magnetic anomaly detection (Mag), positioning data,
tracking information (Tracking and Track label), and target labels. DOA estimation captures the
directional angle information of incoming targets. Respectively correspond to estimated angles from
Line Array 1, Line Array 2, the elevation angle of the planar array, and the azimuth angle of the
planar array. A single angle corresponds to one DOA target, while three angles collectively describe
three DOA targets. Mag represents magnetic anomaly detection results, while DOA provides
directional estimates. The Position field contains positioning outcomes, with each column
corresponding to a single target's estimated location. The Tracking component (including
Track_label) records multi-target tracking results in a 6><100>n format. Label data are used for
target identification. Each data category comprises 100 entries, with 500 data points per entry,
resulting in a total of 250,000 data points.

4.2 Data Preprocessing

The study raw dataset comprises multiple variable fields; however, issues such as data
redundancy, missing values, and unstructured formats necessitate systematic preprocessing to
ensure both the quality of subsequent modeling and the accuracy of predictive inference.

During data preprocessing, duplicate entries in the Direction of Arrival (DOA) and Signal
variables were systematically removed, while the format of the Magnetic anomaly (Mag) variable
was standardized. The textual labels in the Label variable were converted into discrete categorical
features using their initial letters. For the Track_label variable, trajectory coordinates for all targets
at each time step were extracted and uniformly reformatted.

To evaluate the relationship between categorical features and target labels, the chi-square test
was applied. A frequency matrix was constructed based on Signal values and Label categories, from
which the chi-square statistic was computed. Additionally, Spearman’s rank correlation coefficient
and mutual information analysis were employed to examine variable-feature relationships. These
analyses revealed that the Track_label variable exhibited consistent trends in both positional and
velocity changes. To reduce dimensionality while preserving inference accuracy, only the key
position-related features were retained.

The preprocessed and feature-selected multi-source dataset significantly improves the accuracy,
efficiency, and robustness of the situational awareness system. This structured data foundation not
only supports effective fusion of heterogeneous information but also reduces computational
complexity in downstream modeling tasks.

4.3 Model Prediction Results

During model training, an early stopping strategy is implemented to mitigate overfitting. After
each training epoch, the model's accuracy on the validation set is evaluated. If the current validation
accuracy achieves a new historical maximum, the model parameters are saved to a checkpoint
file. This optimal checkpoint is subsequently utilized during the testing or deployment phase,
ensuring that the final model maintains robust generalization capability while enabling efficient and
accurate performance in situational awareness forecasting tasks, as shown in Figure 4.

The confidence level distribution reflects an optimal performance pattern, with most samples
exhibiting confidence values approaching 1. This indicates the model’s high degree of certainty in its
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predictions for such instances, demonstrating strong and reliable predictive performance, as shown in

Figure 5.
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Within the model evaluation framework, the proposed approach demonstrates exceptional
performance. The Receiver Operating Characteristic (ROC) curves for all classification categories
consistently approach the upper-left corner, indicating outstanding discriminative capability. This
pattern quantitatively confirms the model's robust classification efficacy, enabling precise and
efficient differentiation between distinct behavioral categories. Moreover, the model maintains a high
true positive rate while significantly suppressing false positives during actual classification processes,
collectively reflecting the reliability and accuracy of its predictive outcomes in complex maritime
environments, as shown in Figure 6.

The training loss curve reveals that throughout the entire training process, the validation loss
maintained a consistently low and stable trajectory. This indicates that the model not only achieves
rapid convergence but also exhibits stable performance on unseen data, effectively adapting to new
samples without overfitting to the training set. These characteristics collectively demonstrate the
model's remarkable generalization capacity and robust learning behavior.

4.4 Comparative Experiments and Analysis

In this experiment, performance comparisons were conducted under strictly controlled conditions:
identical dataset partitioning strategies, a unified evaluation metric system, and consistent
computational environments. This rigorous setup ensured the reliability and validity of the
comparative analysis while eliminating potential confounding factors in model performance
assessment. The superiority of the proposed method is demonstrated across multiple dimensions:

1) Comparison with Traditional Uncertainty Reasoning Methods: This includes the
Dempster-Shafer (D-S) evidence theory model based on generalized uncertainty theory, standard
Bayesian networks handling static probabilistic relationships, and their temporal extension, dynamic
Bayesian networks.

2) Comparison with Mainstream Deep Learning Approaches: This category covers Long
Short-Term Memory (LSTM) variants designed for capturing temporal dependencies.

3) Comparison with Knowledge-Driven Models: This group introduces knowledge graphs as
representative structured knowledge representation frameworks.

Through comprehensive multi-dimensional comparative analysis with these highly representative
model categories, this study conducts an in-depth examination from diverse perspectives and at
multiple levels. This approach systematically validates the comprehensive advantages of the
proposed framework in achieving effective integration of uncertain information, accurate capture of
temporal dynamic characteristics, and scientific incorporation of knowledge constraints, thereby
demonstrating its superior capability in complex maritime situational awareness scenarios.

Table 1: Comparison of Model Metrics

Model accuracy precision recall F1-score
Deep Bayesian Network (DBN) 94.65 92.14 91.50 91.82
D-S Theory (D-S) 90.92 91.15 90.3 90.72
LSTM neural network (LSTM) 90.87 90.31 88.85 90.55
Bayesian Network (BN) 86.76 84.89 85.57 87.2
Knowledge Graph (KG) 84.59 87.33 80.20 83.58

As shown in Table 1, the comparative results of model metrics demonstrate that the Deep Bayesian
Network achieves substantial performance improvement over traditional Bayesian Networks and
Dynamic Bayesian Networks. This advancement validates the effectiveness of its deep architecture in
capturing complex nonlinear features and modeling temporal dynamics. Moreover, the DBN exhibits
consistent and comprehensive advantages when compared with Dempster-Shafer evidence theory
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and Long Short-Term Memory networks, particularly in terms of recall rate, as shown in Figure 7.
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Figure 7: Accuracy Comparison Line Chart of Different Models

The line graph visually compares the prediction accuracy across different models. Results indicate
that the Deep Bayesian Network achieves exceptional performance with an accuracy approaching
95%, significantly outperforming all other baseline methods and demonstrating its superior modeling
and inference capabilities in complex data environments. The D-S evidence theory and LSTM
models show comparable accuracy levels, delivering acceptable but relatively moderate performance.
Both standard Bayesian Networks and Dynamic Bayesian Networks follow in performance ranking,
while the Knowledge Graph approach yields considerably lower accuracy, indicating its limitations
in direct predictive applications within this domain, as shown in Figure 8.
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Figure 8: Bar Chart of Metric Distributions Across Models

The bar chart systematically compares the performance of different models across four key
evaluation metrics: Accuracy, Recall, F1-score, and Precision. Results show that the Deep Bayesian
Network achieves the highest performance across all metrics, with accuracy approaching 95%,
demonstrating its comprehensive advantage in modeling complex maritime situational patterns.

5. Conclusions

We designed a novel probabilistic model centered on multi-modal fusion. Our approach
fundamentally integrates Bayesian principles into deep neural networks, enabling it to not only
learn from but also quantify the uncertainty inherent across diverse data modalities with varying
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formats, resolutions, and noise levels. By achieving principled fusion of these heterogeneous inputs,
the proposed methodology attains superior predictive accuracy while providing reliable uncertainty
quantification. This capability is critical for trustworthy decision support in complex maritime
environments, as it offers a transparent measure of confidence in its predictions. The framework
demonstrates robust performance with multisource and heterogeneous data, marking a significant
advancement over conventional deterministic systems.

This integrated approach presents a promising solution for deployment across various ocean
observation and maritime safety systems. Future work will focus on extending the framework to
incorporate additional data modalities and enhancing its adaptability to rapidly evolving maritime
conditions through continuous learning mechanisms.
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