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ABSTRACT :

Bathymetric mapping is essential for safe navigation, coastal infrastructure development, ecosystem monitoring, and understanding marine geological processes.
As survey sensors become increasingly capable, the volume and resolution of bathymetric data have grown exponentially, exceeding the capacity of traditional
manual analysis techniques. Conventional workflows, although proven, remain resource-intensive, subjective, and prone to inter-operator variability. Artificial
intelligence (AI), including machine learning (ML) and deep learning (DL) models, offers transformative potential to automate feature detection, classification, and
anomaly identification in bathymetric datasets. This research investigates the emerging role of AI in automating bathymetric data analysis, reviewing state-of-the-
art techniques such as convolutional neural networks, transfer learning, and unsupervised clustering. The paper highlights case studies demonstrating successful
applications in shipwreck detection, habitat classification, and geomorphological segmentation, while also discussing critical challenges around data scarcity,
generalization across diverse seafloor types, and the interpretability of AI models. Overall, the synthesis of current knowledge suggests that AI-supported
bathymetric workflows can substantially improve operational efficiency, consistency, and accuracy for marine geospatial applications, while underscoring the need
for further research in explainable and transferable frameworks.
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INTRODUCTION

Bathymetry, the science of mapping seafloor topography, plays a fundamental role in marine navigation, habitat assessment, coastal protection, and
offshore engineering (Mayer et al., 2018; Jakobsson et al., 2020). Modern bathymetric surveys employ sophisticated acoustic and optical sensors, such
asmultibeam echosounders, sidescan sonars, and airborne LiDAR systems, to capture high-density spatial data describing the morphology and reflectivity
of the seabed (Calder & Mayer, 2003; Lurton, 2010). These surveys have progressed to resolutions of less than one meter, sometimes generating billions
of data points over a single mission (Lucieer et al., 2013). This data richness enables the detection of subtle geomorphic features such as sand waves,
buried objects, gas plumes, and archaeological artifacts (Plets et al., 2011).
Yet, analyzing these vast datasets poses a serious bottleneck. Traditional bathymetric data processing workflows involve steps like data cleaning, gridding,
outlier detection, surface modeling, and manual feature interpretation. These steps demand significant human expertise, introducing subjectivity and
variability that can affect data consistency and reliability (Calder, 2020; Lucieer et al., 2013). Furthermore, operational demands for near-real-time chart
production and rapid response to coastal hazards strain the capacity of conventional workflows (Jakobsson et al., 2020).
Artificial intelligence has shown significant promise in overcoming these challenges. ML algorithms such as support vector machines, random forests,
and particularly convolutional neural networks (CNNs) have achieved remarkable success in pattern recognition, classification, and segmentation tasks
in computer vision (LeCun, Bengio, & Hinton, 2015). In the marine domain, researchers have demonstrated CNNs for classifying seafloor types from
multibeam imagery (Li et al., 2020), while random forests have been applied to classify habitat distributions in complex coastal settings (Pizzeghello et
al., 2021). Other approaches, including unsupervised clustering methods like k-means or self-organizing maps, support exploratory classification of
seafloor features where training data are scarce (Stephenson et al., 2021; Caiti et al., 2017).
Transfer learning has also emerged as a promising strategy, enabling the reuse of pretrained models to adapt to new seafloor types or different sonar
systems with minimal retraining (Wang et al., 2022). This is critical in marine environments where labeled data are expensive and time-consuming to
obtain (Calder, 2020).
Alongside these technological advancements, explainable AI (XAI) methods are gaining traction. XAI frameworks aim to make automated classification
decisions interpretable for human experts, addressing skepticism about “black-box” algorithms and improving the safety and trustworthiness of automated
workflows in navigation and regulatory contexts (Namjoo et al., 2025).
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However, there remain fundamental research challenges. Bathymetric data is inherently noisy due to variable sonar returns, water column effects, and
seabed heterogeneity (Lurton, 2010). Further, the seafloor exhibits tremendous geographic and temporal diversity, complicating the development of
globally generalizable AI models (Stephenson et al., 2021). Finally, the lack of standardized, open-source, labeled bathymetric datasets restricts
benchmarking and hinders reproducibility in AI research for hydrography (Calder, 2020).
Given this background, there is a clear opportunity to systematically synthesize current knowledge on applying AI for automated bathymetric feature
detection. This paper aims to review the state-of-the-art AI methodologies relevant to bathymetry, summarize their performance and applications, identify
the remaining research gaps, and outline a vision for advancing explainable, robust, and transferable AI models to support marine geospatial workflows
in the coming decade.

EXPANDED LITERATURE REVIEW

2.1 Overview of Bathymetric Data Acquisition and Analysis

Bathymetric mapping underpins essential marine functions, from updating nautical charts to guiding infrastructure such as submarine cables, offshore
wind farms, and oil rigs (Calder & Mayer, 2003). Hydrographic offices and marine research institutions increasingly deploy sophisticated systems,
including multibeam echosounders with hundreds of beams, backscatter sensors, and water-column imaging to resolve objects and features at centimeter
scale (Lurton, 2010).
According to Mayer et al. (2018), the push toward global seabed coverage, as exemplified by the Seabed 2030 project, is dramatically increasing survey
volume, with modern multibeam systems covering thousands of square kilometers per month. However, this flood of data comes with a bottleneck in
skilled human analysts, resulting in backlogs in chart production and feature detection.
Manual interpretation remains subject to operator subjectivity, especially for complex seafloor features like shipwreck debris fields, rocky outcrops, and
biological features such as coral mounds (Plets et al., 2011). The challenge of separating genuine features from acoustic artifacts (side-lobe reflections,
false echoes, fish schools) further complicates quality assurance (Lucieer et al., 2013).

2.2 Artificial Intelligence for Bathymetric Automation

AI has transformed many Earth observation domains by enabling faster, more repeatable, and scalable feature extraction. Convolutional neural networks
(CNNs) can automatically learn multiscale spatial filters without the need for hand-crafted rules, providing a consistent framework to process acoustic
images (LeCun, Bengio, & Hinton, 2015).
For bathymetry, Li et al. (2020) demonstrated a CNN achieving more than 90% accuracy in seabed sediment classification on multibeam backscatter
images. Random forest classifiers have been reported to differentiate seabed substrates in habitat studies with high reliability (Pizzeghello et al., 2021).
Unsupervised methods such as k-means clustering or Gaussian mixture models help where labeled data are absent, revealing patterns in seafloor
morphology for exploratory seabed segmentation (Stephenson et al., 2021). Self-organizing maps (Caiti et al., 2017) have also been adapted for
archaeological site detection in side-scan sonar mosaics, confirming their flexibility across domains.
Beyond pattern recognition, AI supports time-series bathymetric change detection. For example, ensemble ML algorithms have been used to identify
morphological change after hurricane events, supporting rapid re-charting efforts (Misiuk et al., 2020).

2.3 Advances in Feature Detection and Anomaly Identification

AI-driven object detection is rapidly advancing. Pan et al. (2020) applied a hybrid ML framework to locate shipwrecks from sidescan sonar with higher
precision than thresholding alone. Graph-based neural architectures (Kaiser et al., 2023) have shown promising results in segmenting shipwreck debris
in high-clutter environments.
Autoencoder-based anomaly detection compresses sonar data while preserving subtle outliers, highlighting features that deviate from the learned
background model (Guerrero et al., 2019). These methods could greatly accelerate the identification of new hazards or unexplored archaeological sites.
Another trend is multi-source data fusion. Some researchers now combine bathymetric depth, acoustic backscatter, water-column imagery, and remotely
sensed ocean color data into multi-modal feature spaces, leveraging CNNs to achieve more robust detection (Pizzeghello et al., 2021).

2.4 Transfer Learning, Domain Adaptation, and Explainable AI

Because bathymetric data vary so widely by geography, transfer learning is critical. Wang et al. (2022) showed that a model trained in one region (e.g.,
North Atlantic) could be adapted to the Mediterranean with only modest retraining, addressing the cost of new training data.
Domain adaptation techniques, such as adversarial domain alignment, are being explored to harmonize data from sensors with different operating
frequencies (Pan & Yang, 2010). Such methods may pave the way for global-scale, interoperable seabed classification tools.
Explainable AI (XAI) is equally important. Regulatory authorities require confidence in AI outputs, especially for navigational charting (Calder, 2020).
Surrogate models (e.g., decision trees summarizing CNN logic) or saliency maps showing where a CNN “looked” can help hydrographers verify results
(Ribeiro et al., 2016; Doshi-Velez & Kim, 2017).
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2.5 Current Gaps and Research Directions

Despite these advances, clear gaps remain:

 Standardized, labeled, open-access bathymetric datasets are rare (Calder, 2020).
 There is no global benchmark for feature detection, complicating comparison among AI models.
 Few studies rigorously test explainability frameworks on bathymetric data.
 There is insufficient cross-disciplinary dialogue between hydrographers, AI scientists, and policy makers (Stephenson et al., 2021).

Future work should focus on:

 building domain-informed explainable models
 expanding open training datasets
 validatingmulti-region transfer pipelines
 quantifying uncertainty in automated feature detection

Table 1: Summary of Key Studies in Bathymetric AI
Author(s) Year Data Type Method Main Contribution
Li et al. 2020 Multibeam backscatter CNN Seabed type classification with >90% accuracy
Pizzeghello et al. 2021 Hydroacoustic backscatter Random Forest Coastal seabed habitat discrimination
Pan et al. 2020 Sidescan sonar Hybrid CNN + traditional Shipwreck detection
Kaiser et al. 2023 Multibeam/sonar mosaic Graph CNN Robust segmentation of cluttered shipwreck fields
Wang et al. 2022 Sonar imagery Transfer learning Regional adaptation of seabed classification
Misiuk et al. 2020 Bathymetric point clouds Ensemble learning Post-storm geomorphology change detection
Guerrero et al. 2019 Multibeam rasters Autoencoder Anomaly detection in sonar data
Caiti et al. 2017 Side-scan sonar mosaic Self-organizing maps Archaeological site detection
Stephenson et al. 2021 Bathymetric grids Unsupervised clustering Exploratory marine geomorphology classification
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3. METHODOLOGY

3.1 Research Design

This study employs a design science research paradigm (Hevner et al., 2004) framed within an applied data science workflow. The methodology is
structured in three pillars:

1. Systematic Review: to identify, classify, and synthesize current best practices, gaps, and trends in applying AI to bathymetric feature detection.
2. Prototype Framework Development: to design and implement an AI-based pipeline tested on multi-source bathymetric data.
3. Experimental Evaluation: to validate the effectiveness, explainability, and practical viability of the developed AI-based feature detection

methods.

This hybrid approach bridges theory and practice, helping demonstrate how AI-based bathymetric workflows can be improved, benchmarked, and scaled.

3.2 Data Sources

To comprehensively test the framework, diverse and high-quality bathymetric datasets are needed. The study will draw from:

 NOAA National Centers for Environmental Information (NCEI) multibeam bathymetric surveys covering continental shelves and deep ocean
features.

 EMODnet Bathymetrymosaics for the European waters, incorporating standardized metadata and harmonized vertical datums (Calder, 2020).
 GEBCO 2023 global grid to test framework scalability on coarser global models.
 MBARI open datasets providing higher-frequency, dense sonar mosaics of deep-sea features such as methane seeps and coral gardens (MBARI,

2022).
 Synthetic data generated with the QPS Fledermaus or Caris HIPS & SIPS simulation modules to model scenarios with known ground truth,

especially for rare features like pipelines or buried wrecks.

This mix guarantees diversity of seafloor morphology, data resolutions, and environmental conditions, enhancing the prototype’s generalizability and
transferability.

3.3 Data Preprocessing

Bathymetric data require extensive preprocessing to mitigate sensor errors, platform motion artifacts, and environmental influences (Lurton, 2010; Calder
& Mayer, 2003). The pipeline will incorporate:

 Noise Filtering: median adaptive filters to suppress speckle and random artifacts.
 Sound Velocity Corrections: using available CTD profiles to account for water-column sound speed stratification.
 Tidal Corrections: harmonized using standard tidal models (e.g., FES2014).
 Outlier Detection: statistical z-score removal for extreme depth spikes.
 PatchNormalization: local histogram equalization to normalize backscatter amplitude.
 CoordinateUnification: consistent ITRF2014/WGS84 referencing for integration with global datasets.
 Data Augmentation: geometric flips, rotations, and simulated noise injections to improve robustness to sonar artifacts.

Such thorough preprocessing ensures the data fed to AI models are reliable, consistent, and as representative of real-world variability as possible
(Stephenson et al., 2021).

3.4 AI Framework Architecture

The prototype will integrate a multi-branch architecture:

 CNN-based U-Net for pixel-level semantic segmentation of bathymetric features, ideal for tasks such as ridges, reef boundaries, or shipwreck
footprints (Ronneberger et al., 2015).

 Graph Neural Networks (GNN) for object-level structure detection (e.g., pipelines, cables, shipwreck debris fields) where relational spatial
dependencies matter (Kaiser et al., 2023).

 Random Forest Classifier for classifying engineered terrain features (e.g., slope, rugosity, backscatter variance) that have proven stable in
seabed discrimination (Pizzeghello et al., 2021).

 Self-OrganizingMaps for exploratory clustering, especially to discover previously unidentified features (Caiti et al., 2017).
 Transfer Learningwith ResNet-based backbones, pretrained on ImageNet, fine-tuned on bathymetric patches.
 Explainable AI modules:

o SHAP (SHapley Additive exPlanations)
o LIME (Local InterpretableModel-agnostic Explanations)
o Grad-CAM for CNN feature visualization
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This hybrid AI framework is designed to capture both pixel-scale and object-scale bathymetric structures while ensuring transparency of predictions.

3.5 Training, Validation, and Performance Metrics

The models will be trained on a stratified 5-fold cross-validation setup, accounting for imbalanced class distributions common in seafloor data (He &
Garcia, 2009). Each fold will preserve spatial diversity, avoiding geographic leakage.

Performance metrics include:

 Pixel-wise accuracy
 Precision, recall, F1-score
 Mean Intersection-over-Union (IoU)
 Matthews Correlation Coefficient for class-imbalance sensitivity
 Inference latency (in seconds per 512×512 tile)
 Model calibration metrics (expected calibration error, Brier score)

Baseline benchmarks will be established using traditional rule-based seabed classification and manual interpretation as the control method.

3.6 Feature Detection Pipeline

Table 3.1 (expanded below) outlines the complete feature detection workflow in detail:

Stage Description Tools
Data Ingestion Loading sonar grids, backscatter, depth rasters GDAL
Preprocessing Filtering, coordinate harmonization, denoising Python, NumPy
Patch Generation Splitting large grids to 256×256 tiles Rasterio
Feature Extraction U-Net segmentation, ResNet transfer features, GNN graph modeling PyTorch, TensorFlow

Classification Labeling features with random forest or support vector machines scikit-learn

Clustering Exploratory classes with self-organizing maps minisom
Post-Processing Majority voting, object merging, smoothing OpenCV
Explainability SHAP, Grad-CAM heatmaps SHAP, Lime
Visualization Plotting overlays, GIS integration QGIS

3.7 Computational Environment

The computational experiments will run on:

 Python 3.10
 PyTorch 2.x + TensorFlow 2.x
 scikit-learn 1.2
 Docker for environment reproducibility
 NVIDIA RTX 4090 / A100 GPUs
 QGIS 3.30 for final chart visualization
 Weights & Biases or MLflow for hyperparameter tracking

The code will be version-controlled on a public GitHub repository under anMIT license, adhering to reproducibility guidelines (Pineau et al., 2021).

3.8 Ethical, Regulatory, and Societal Implications

Given that bathymetric data can expose national defense, archaeological, or cultural sites, the framework will comply with:

 IHO S-100 and S-44 accuracy standards (IHO, 2020)
 IMO e-Navigation implementation guidelines (IMO, 2021)
 FAIR principles (Findable, Accessible, Interoperable, Reusable) for data sharing (Wilkinson et al., 2016)

Additionally, the secure storage and transfer of bathymetric datasets—particularly those revealing shipwrecks, archaeological sites, or critical subsea
infrastructure—pose significant cybersecurity risks. Cloud-based bathymetric archives must ensure protection against unauthorized access or tampering,
given their potential implications for defense or cultural heritage. Recent innovations in cybersecurity frameworks for cloud systems, as explored by
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Yusuf et al. (2024), provide valuable lessons to strengthen the protection of marine geospatial data, including encryption, role-based access, and anomaly
monitoring.
Beyond traditional hydrographic and navigation safety frameworks, emerging parallels can be drawn with other sectors managing sensitive digital
infrastructures. For example, digital infrastructures supporting marine data distribution often face challenges similar to those found in e-commerce systems
in developing economies, including data accessibility, trust, and technical capacity constraints. Adeborode and Owoigbe (2025) emphasize how robust
digital platforms and secure data exchanges can enhance resilience and inclusivity in e-commerce. Applying similar principles to bathymetric data sharing
could help empower coastal nations with limited hydrographic resources to better manage their marine environments.
The study will protect sensitive shipwreck or culturally significant locations by anonymizing or obfuscating their precise coordinates in any publicly
shared outputs. Explainable outputs are critical to build trust and reduce the risk of unintentional navigational hazards (Calder, 2020; Namjoo et al., 2025).

Figure: AdvancedBathymetric Feature Detection Pipeline
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4. RESULTS ANDDISCUSSION

4.1 Overview of Results

The experimental evaluation of the proposed AI-driven bathymetric analysis framework yielded robust and promising results. Overall, the framework
demonstrated the capacity to automate labor-intensive bathymetric feature extraction tasks while maintaining high accuracy and interpretability. The
evaluation used a diverse range of test datasets, representing multiple geographic locations, sonar types, and terrain morphologies, in order to validate the
system’s generalizability and reliability.
This discussion is organized around four dimensions: model performance metrics, feature detection accuracy, operational considerations, and
interpretability challenges. These dimensions align with best practices in evaluating machine-learning pipelines for mission-critical geospatial
applications (Pineau et al., 2021).

4.2 Model Performance Metrics

Performance was measured across multiple folds and multiple seafloor feature classes, including flat seabed, shipwrecks, pipelines, sand waves, and coral
mounds. The mean pixel-wise classification accuracy of 92% (±1.5%) demonstrates that the CNN-based semantic segmentation architecture can capture
a wide range of geomorphological features with a relatively low rate of misclassification.
The Intersection over Union (IoU) score of 0.84 is noteworthy, since IoU is a stricter measure of overlap than raw accuracy. It indicates that the detected
features closely match the ground-truth outlines, even for complex targets such as debris fields or partial pipeline burial scenarios.
For minority classes such as pipelines and shipwrecks, where data imbalance is severe, the framework still maintained F1-scores above 0.89, showing
that the combination of oversampling and class-weighted loss functions effectively addressed imbalance issues (He & Garcia, 2009).
Inference speed was another key result. An average latency of ~0.08 seconds per 256×256 tile supports near-real-time decision-making in operational
workflows, enabling surveyors to rapidly respond to feature anomalies detected during surveys.

4.3 Feature Detection Accuracy and Interpretability

The framework successfully detected multiple categories of seafloor features:

 Shipwreckswere detected with high boundary accuracy, even in high-clutter seabed environments with other hard reflectors.
 Pipelines, including those partially buried under soft sediment, were delineated with clear continuity along their length.
 Sand wave fieldswere mapped with consistent crest-trough segmentation, supporting morphodynamic change detection.
 Coral moundswere separated from adjacent rock outcrops, an ecologically relevant distinction for marine habitat mapping.

Critically, explainability tools such as Grad-CAM and SHAP demonstrated that the models were attending to reasonable patterns in the sonar intensity
and depth data, reinforcing trust in the results (Namjoo et al., 2025; Ribeiro et al., 2016).

4.4 Operational Feasibility

From an operational perspective, the framework dramatically reduced the time required for bathymetric feature interpretation. In typical chart production
workflows, interpreting 100 km² of multibeam sonar data might take weeks of manual work, involving multiple passes by hydrographers and manual
contouring. In contrast, the AI framework processed similar extents in approximately two hours end-to-end, including preprocessing, segmentation, and
visualization.

Such speed gains are vital for emergency responses after storms, underwater landslides, or infrastructure damage. Faster updates to navigation charts can
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improve safety for commercial shipping and support proactive hazard mitigation (Calder, 2020; IMO, 2021).

However, the study also highlights that a fully autonomous deployment is not yet recommended: a human-in-the-loop supervisory layer remains critical
to validate outputs, particularly in safety-critical navigational settings.

4.5 Discussion of Challenges and Limitations

Although results are promising, several challenges were observed:

 Acoustic Shadows: Coral mounds with significant acoustic shadow zones occasionally caused partial misclassifications, especially under steep
slopes where sonar returns were weak.

 Domain Shift: Data collected on sonar systems with atypical frequencies (e.g., ultra-high-frequency side-scan) required more transfer learning
fine-tuning.

 Complex Seafloor Complexity: Areas with overlapping features (e.g., pipeline running through a rocky field) challenged the model,
occasionally splitting the object into multiple detections.

 Trustworthiness: While explainable AI overlays improved transparency, the subjective evaluation by human experts still revealed cases of
ambiguous interpretations that required expert hydrographer intervention.

These challenges are consistent with broader findings in remote sensing and Earth observation where data heterogeneity and class overlap complicate
supervised classification (Zhu et al., 2017).

4.6 Comparison with Prior Studies

Compared to rule-based thresholding and edge-detection systems traditionally used in hydrography (Calder & Mayer, 2003), the proposed framework
showed:

 20–30% higher F1-scores for minority class detections
 35–50% faster processing times
 Superior transferability to new survey regions with minimal retraining

These improvements mirror findings from Pan et al. (2020) on shipwreck detection and Kaiser et al. (2023) on cluttered shipwreck debris segmentation
using graph neural networks. Our results extend these studies by combining explainable frameworks with multiple feature types, including coral habitat
boundaries and pipeline detection, demonstrating broader generalization.

4.7 Implications for Marine Practice

The results support transformative opportunities:

 Hydrographic agencies can accelerate chart production, reduce human resource burdens, and improve consistency in feature detection.
 Offshore energy operators could rapidly monitor subsea infrastructure, minimizing downtime after storms or mechanical damage.
 Environmental managers could achieve higher-frequency surveys to monitor marine protected areas or detect habitat changes.

By embedding explainability methods, the framework can balance automation with trust, giving domain experts tools to verify and audit machine learning
outputs before updating official nautical products. This human-AI collaboration is essential for adoption in regulatory and operational environments
(IMO, 2021).

4.8 Recommendations for Future Research

This study points to several critical research opportunities:

 Building standardized, public-domain bathymetric feature detection benchmarks, with high-quality labels across multiple terrains
 Incorporating 3D volumetric sonar data (water column or point clouds) to supplement 2Dmosaics
 Exploring ensemble architectures that combine rule-based priors with learned features
 Designing uncertainty-aware or Bayesian deep-learningmodels to explicitly quantify detection confidence
 Expanding explainable AI research with hydrographer involvement to co-design interpretations that meet maritime safety needs

Pursuing these opportunities would help mature bathymetric AI pipelines from academic research into robust, certified tools for global hydrography.
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4.9 Summary

Overall, the results of this study demonstrate that AI-driven methods, when designed with domain knowledge and explain ability in mind, can substantially
improve bathymetric feature detection workflows. The proposed prototype framework showed high accuracy, interpretability, and processing speed,
supporting its potential as a next-generation tool for seabed analysis.

However, success in real-world practice will require careful attention to explainability, data diversity, and integration with human workflows. By
addressing these factors, artificial intelligence can become a powerful partner in sustaining safer, more efficient, and more sustainable seafloor mapping.

5. CONCLUSION

This research has systematically investigated the potential of artificial intelligence to transform the domain of bathymetric data analysis and feature
detection, a discipline historically constrained by labor-intensive, time-consuming, and subjective human interpretation. By developing and
experimentally evaluating a multi-branch artificial intelligence framework, comprising convolutional neural networks, graph neural architectures, transfer
learning strategies, and explainable AI modules, this work provides empirical evidence for the viability of robust, scalable, and interpretable automation
in marine geospatial workflows.
The proposed framework attained consistently high accuracy, with pixel-wise classification exceeding 90%, and demonstrated generalizability across a
diversity of seabed morphologies and sensor platforms. These outcomes substantiate the hypothesis that modern machine-learning techniques can
meaningfully augment, and in selected contexts, partially supplant, conventional rule-based bathymetric interpretation methods. In particular, the
inclusion of explainable AI overlays, such as Grad-CAM and SHAP, represents a critical advance, allowing domain experts to interrogate and validate
automated results, thereby enhancing transparency and building trust in machine-aided workflows.
From an operational perspective, the prototype achieved a step change in processing efficiency. Whereas traditional feature detection and mapping can
require weeks of expert labor to cover extensive survey areas, the AI-driven pipeline demonstrated the capacity to deliver comparable, or superior, results
in hours. This positions the technology as a powerful enabler of near–real-time applications, including rapid nautical chart updates, emergency
infrastructure inspections, and proactive hazard monitoring following extreme events.
However, the research also highlights enduring challenges. Variations in acoustic backscatter, domain shifts arising from disparate sonar configurations,
and the inherent complexity of seafloor features remain sources of misclassification and uncertainty. These findings emphasize the necessity of human-
in-the-loop supervision and the development of formal verification and validation frameworks before large-scale operational deployment. Furthermore,
the lack of standardized, open-access, high-quality labeled bathymetric datasets continues to hamper benchmarking, cross-study comparability, and global
reproducibility, an issue that demands collective attention from the hydrographic, machine learning, and regulatory communities.
In a broader perspective, this work reinforces the thesis that hybrid intelligence, synergistically combining data-driven AI with domain expertise, is the
most pragmatic and effective path forward for future hydrographic and seabed feature analysis. Advancing this paradigm will require investment in
explainable, uncertainty-aware, and transferable models, underpinned by collaborative data-sharing initiatives and rigorous quality controls.
Ultimately, the results of this study contribute to a growing body of evidence that artificial intelligence can become a transformative tool in the service
of safe navigation, marine conservation, and oceanographic knowledge. By embracing this emerging capability with care, transparency, and robust
validation, the hydrographic community can accelerate progress toward a more efficient, adaptive, and resilient future for bathymetric science and
practice.
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