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Abstract 
Automatic Identification System data generate continuous spatiotemporal 

information that supports maritime surveillance, yet converting detected vessel 

anomalies into reliable analytical reports remains challenging because 

statistical abnormality does not always indicate operational significance. This 

study aimed to conceptualize and evaluate an Artificial Intelligence-supported 

mechanism for generating evidence-grounded vessel AIS anomaly analysis 

reports. A Design Science Research approach was employed through AIS 

preprocessing, trajectory reconstruction, anomaly detection, contextual 

interpretation, explainability, evidence packaging, controlled natural-language 

generation, and expert validation. Findings showed that the anomaly-detection 

component achieved satisfactory predictive performance, while report quality 

improved substantially after provenance, contextual validation, and uncertainty 

controls were incorporated. Expert assessments indicated stronger factual 

consistency, traceability, contextual relevance, and uncertainty communication 

in the refined reports, while case analyses demonstrated that AI could 

distinguish observed AIS facts from model inference more effectively when 

constrained by structured evidence. The study concludes that generative AI 

should function as an evidence-constrained analytical communicator rather 

than an autonomous interpreter of vessel intent or maritime risk. The proposed 

architecture contributes an integrated framework for transparent, auditable, and 

human-verified AIS anomaly reporting and provides a foundation for future 

validation across diverse maritime environments, vessel classes, and 

operational contexts under realistic human-in-the-loop maritime decision-

support conditions across waters. 
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INTRODUCTION 

Maritime transportation increasingly depends on continuous digital information to support 

navigational safety, vessel monitoring, traffic management, and maritime situational awareness 

(Khudhur & Al-Alawi, 2024). The Automatic Identification System (AIS) constitutes a major 

component of this information environment because equipped vessels automatically exchange 

identification, positional, navigational, and voyage-related information through maritime radio 

communication (Purohit et al., 2025). International requirements under the Safety of Life at Sea 

framework make AIS an important source of operational maritime data, while the current ITU-

R M.1371-6 recommendation specifies the technical characteristics of AIS operating through 

time-division multiple-access techniques in the VHF maritime mobile band (Voicu et al., 2025). 

The scale, frequency, and continuity of AIS transmissions create substantial analytical 

opportunities, but they also generate data volumes that increasingly exceed the practical capacity 

of purely manual examination. 

Vessel AIS data provide a temporal and spatial representation of maritime movement 

through attributes such as position, speed, course, heading, navigational status, vessel identity, 

and transmission time (Babaei et al., 2024). Abnormal patterns within these data may include 

unexpected trajectory deviations, unusual speed or course changes, anomalous stops, 

inconsistent positional behavior, abnormal transmission gaps, and context-dependent deviations 

from expected vessel activity (Loganathan et al., 2025). Recent studies demonstrate that machine 

learning, deep learning, contextual autoencoders, and spatio-temporal graph models can be used 

to recognize increasingly complex patterns of anomalous vessel behavior in AIS streams (Kaur 

& Taak, 2026). Such developments shift maritime surveillance from retrospective inspection 

toward data-driven systems capable of identifying potentially significant deviations within large 

and continuously changing traffic environments. 

Artificial Intelligence creates a further possibility beyond anomaly detection by supporting 

the interpretation and communication of detected events (Salam et al., 2026). Emerging 

architectures have begun integrating AIS time-series analysis with language models to produce 

contextual explanations and situation summaries alongside trajectory prediction, anomaly 

detection, and collision-risk assessment. AIS-LLM, for example, demonstrates the feasibility of 

connecting time-series vessel information with large language models to generate human-

readable explanations and briefings from analytical outputs (Nazirov et al., 2026). This 

development suggests that AI can potentially transform the anomaly-analysis workflow from a 

sequence of isolated algorithmic alerts into a mechanism capable of generating structured 

analytical reports that explain what anomaly occurred, where and when it occurred, why it was 

classified as abnormal, and what contextual information should be reviewed by a human analyst. 

Existing AIS anomaly-detection research has achieved substantial progress in identifying 

abnormal vessel trajectories and behavioral patterns, yet the operational value of a detection 

system depends on more than its capacity to assign an anomaly score or label (Tzanova, 2024). 

Maritime analysts must interpret the relationship among vessel identity, historical movement, 

geographic context, course and speed variations, temporal patterns, and potentially relevant 

neighboring traffic before determining the significance of an event (Yu et al., 2024). An isolated 

algorithmic notification may therefore create an additional analytical burden when operators 

must manually reconstruct the reasoning behind the alert (Sonawane, 2025). Research on self-

explainable maritime anomaly detection has explicitly identified interpretability as an important 

issue because operators need to understand algorithmic outputs before they can effectively apply 

them to maritime decision support. 

AIS data themselves introduce additional analytical complexity because an unusual 

observation does not automatically constitute meaningful abnormal behavior (Shah et al., 2025). 

Context influences interpretation: a speed reduction may represent normal port approach 

behavior, a course alteration may reflect navigational constraints, and a trajectory deviation may 

have different significance depending on vessel type, location, traffic conditions, or previous 
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movement (Tu & Chen, 2025). Recent context-aware anomaly-detection research shows that 

incorporating vessel-specific context can materially affect anomaly identification, reinforcing 

the inadequacy of interpreting all deviations through uniform thresholds (Bai & Yao, 2026). A 

reliable reporting mechanism must therefore distinguish between statistical abnormality and 

operationally meaningful anomaly rather than automatically converting every outlier into a 

definitive maritime-risk statement. 

The central technological problem lies in the fragmentation between data processing, 

anomaly identification, analytical interpretation, and report generation (Sharma et al., 2025). 

Conventional anomaly-detection mechanisms primarily concentrate on determining whether 

vessel behavior differs from learned or predefined patterns, while reporting remains a separate 

human-centered activity (Rigotti & Fosch-Villaronga, 2024). Generative AI may bridge these 

processes, but uncontrolled language generation introduces risks of unsupported explanation, 

overstatement of anomaly significance, loss of traceability to original AIS evidence, and false 

confidence in machine-generated conclusions (Atias & Mawasi, 2025). The required system 

should therefore not be conceptualized as an autonomous AI “decision maker,” but as a traceable 

analytical mechanism in which anomaly detection, contextual interpretation, evidence retrieval, 

report generation, confidence representation, and human verification operate as connected 

stages. 

The primary objective of the study is to conceptualize an AI-supported mechanism for 

generating vessel AIS data anomaly analysis reports (Johnson, 2026). The proposed framework 

is intended to transform raw or preprocessed AIS data into structured analytical information 

through sequential processes of data validation, vessel-track reconstruction, anomaly 

identification, contextual interpretation, evidence extraction, and natural-language report 

generation (Chin, 2026). The research does not merely seek to determine which AI algorithm 

can achieve the highest anomaly-detection accuracy (Bartelheimer et al., 2025). Its principal 

concern is the architecture through which multiple analytical components can be coordinated to 

produce reports that remain understandable, evidence-based, traceable, and operationally 

meaningful. 

The analytical objective is to identify the functional relationships among AIS data 

characteristics, anomaly-detection models, contextual reasoning mechanisms, explainable AI, 

and generative language technologies (Speith et al., 2024). Machine-learning and deep-learning 

components can identify statistical or behavioral deviations, while contextual modules can 

evaluate whether those deviations are meaningful relative to vessel characteristics and 

navigational circumstances (Liu & Ye, 2026). Explainability mechanisms can expose the 

variables or trajectory segments responsible for an anomaly judgment, while generative AI can 

convert structured evidence into concise analytical narratives (Che et al., 2025). Recent AIS-

language-model research provides evidence that numerical maritime tasks and natural-language 

explanations can be combined within a unified architecture, creating a technical foundation for 

extending anomaly detection toward systematic reporting. 

The practical objective is to formulate the architecture of an anomaly-report generation 

mechanism suitable for subsequent prototype development and empirical validation 

(Ahmadzadeh et al., 2026). A proposed report could contain vessel identifiers, observation 

periods, anomaly type, location, relevant trajectory characteristics, deviations from expected 

behavior, supporting AIS parameters, anomaly confidence, contextual considerations, and an 

explicit indication of uncertainties requiring human review (Meyer & Mariosi, 2025). The 

resulting conceptual architecture should also specify where deterministic rules, statistical 

models, machine learning, explainable AI, and generative AI are most appropriate (Afroogh et 

al., 2024). Such differentiation is necessary because not every stage of the reporting mechanism 

benefits from generative methods, particularly when numerical calculations, vessel 

identification, or compliance-sensitive information requires deterministic traceability. 
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Current research provides an increasingly sophisticated foundation for AIS-based vessel 

anomaly detection (Li et al., 2025). Earlier deep-learning architectures demonstrated multi-task 

processing of AIS streams for trajectory reconstruction and anomaly detection, while subsequent 

research has introduced unsupervised trajectory-image approaches, online anomaly detection, 

behavior classification, spatio-temporal graph modeling, and context-aware autoencoders (Vu & 

Nguyen, 2025). These studies significantly advance the ability to identify anomalous maritime 

behavior from complex trajectory data (Al-Refai et al., 2026). The dominant research orientation 

nevertheless remains focused on detection performance, behavioral classification, trajectory 

modeling, or risk identification rather than on the complete downstream mechanism through 

which detected anomalies are transformed into standardized analytical reports for human use. 

Emerging research has begun addressing interpretability and language-based maritime 

reasoning, narrowing but not eliminating this gap (Michael et al., 2025). Self-explainable 

anomaly-detection approaches seek to make abnormality assessments more transparent, while 

AIS-LLM demonstrates that large language models can integrate time-series AIS information 

and generate contextual natural-language explanations and briefings (Wang et al., 2025). These 

developments show that the boundary between numerical anomaly detection and linguistic 

interpretation is becoming increasingly permeable (Luong et al., 2026). The remaining research 

space concerns the explicit design of a report-generation mechanism in which anomaly evidence, 

contextual assessment, explanation, uncertainty, and standardized narrative output are 

systematically linked rather than treated as secondary by-products of an AI model. 

A deeper gap concerns governance and analytical reliability within the AI-generated 

reporting process (Wang et al., 2026). Detection accuracy alone cannot establish report reliability 

because a linguistically convincing report may contain conclusions that exceed the underlying 

evidence (Yue et al., 2026). Maritime anomaly reporting therefore requires provenance 

mechanisms linking each narrative claim to AIS records, calculated features, model outputs, or 

defined contextual rules (Sienknecht & Vetterlein, 2024). Human analysts must also remain able 

to distinguish observed facts from algorithmic inference and operational interpretation (Lin et 

al., 2026). The unresolved conceptual problem is consequently how to combine the scalability 

of AI with the evidentiary discipline required for maritime analysis, producing reports that 

accelerate human interpretation without obscuring uncertainty or replacing accountable 

professional judgment. 

The principal novelty of the proposed study lies in shifting the unit of innovation from AI-

based anomaly detection to an AI-supported anomaly-analysis report generation mechanism (De 

Larmelina et al., 2026). This distinction broadens the system boundary from identifying 

abnormal vessel behavior to explaining and documenting it through a structured analytical 

workflow (Roy et al., 2025). The proposed mechanism can be conceptualized as a layered 

architecture consisting of AIS ingestion and quality control, trajectory reconstruction, feature 

engineering, anomaly detection, contextual validation, explainability, evidence packaging, 

generative report synthesis, and human verification (Filep et al., 2024). Such an architecture 

addresses a practical gap between sophisticated computational models and the information 

products ultimately required by maritime analysts and decision makers. 

The conceptual contribution lies in combining analytical AI and generative AI while 

assigning different responsibilities to each (Mansfield et al., 2025). Numerical and trajectory-

processing models should determine measurable patterns and anomaly indicators, contextual 

reasoning should examine whether an observation is operationally unusual, explainability 

mechanisms should identify the evidence underlying the model output, and generative AI should 

convert verified structured information into readable analysis rather than invent new evidence 

(Fasouli et al., 2025). This separation creates an evidence-grounded reporting architecture that 

can reduce the risk of treating fluent language as equivalent to factual reliability (Kalli et al., 

2026). The framework consequently emphasizes human-in-the-loop validation, provenance, 
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confidence representation, and separation between factual observations, machine inference, and 

analyst conclusions as fundamental design requirements. 

The practical justification derives from the continuing growth of AIS-based maritime 

monitoring and the corresponding need to convert large volumes of vessel movement 

information into actionable analytical products (Kalbande et al., 2025). ITU and IMO standards 

establish AIS as an important component of the contemporary maritime information 

environment, while recent research demonstrates rapid methodological advances in AI-based 

trajectory analysis, contextual anomaly detection, and language-model integration (Rizk et al., 

2024). The proposed research can therefore contribute to maritime informatics by connecting 

anomaly detection with interpretable reporting, contribute to artificial intelligence by examining 

evidence-grounded generation from spatio-temporal data, and contribute to maritime operational 

practice by conceptualizing a mechanism through which machine-detected anomalies can be 

transformed into transparent, standardized, and reviewable analytical reports. 
 

RESEARCH METHOD 

Research Design 

This study employed a Design Science Research approach to conceptualize, develop, and 

evaluate an Artificial Intelligence-supported mechanism for generating vessel Automatic 

Identification System anomaly analysis reports. The design was selected because the principal 

research output was an integrated analytical artifact rather than a single anomaly-detection 

algorithm (Rizk et al., 2024). The proposed mechanism combined AIS data preprocessing, 

trajectory reconstruction, anomaly identification, contextual interpretation, explainable artificial 

intelligence, evidence packaging, natural-language report generation, and human verification. 

The research design treated these components as interdependent layers of a reporting system 

whose primary purpose was to transform complex vessel-movement data into structured, 

traceable, and operationally interpretable analytical information. 

The research artifact was developed according to a layered architecture consisting of data, 

analytical, interpretive, generative, and validation components (Chen et al., 2026). The data layer 

managed AIS acquisition, cleaning, synchronization, trajectory segmentation, and data-quality 

assessment. The analytical layer extracted vessel-movement characteristics and identified 

anomalous patterns using statistical or machine-learning techniques. The interpretive layer 

linked detected anomalies with vessel characteristics, spatial context, temporal patterns, and 

relevant behavioral indicators (Qiang et al., 2026). The generative layer converted verified 

structured evidence into standardized natural-language reports, while the validation layer 

examined whether each generated statement could be traced to AIS observations, derived 

variables, model outputs, or explicitly defined contextual rules. 

The evaluation strategy distinguished anomaly-detection performance from report-

generation quality. Detection models were assessed according to their ability to discriminate 

normal and anomalous vessel behavior, whereas generated reports were evaluated for factual 

consistency, evidentiary traceability, completeness, clarity, contextual relevance, uncertainty 

communication, and operational usefulness. This separation was necessary because a high-

performing anomaly detector does not automatically produce a reliable analytical report. The 

study therefore conceptualized AI report generation as an evidence-grounded decision-support 

process in which generative AI communicated verified analytical results rather than 

independently determining whether vessel behavior constituted a maritime threat. 

Research Target/Subject 

The quantitative subjects of this study comprise historical vessel movement trajectory 

datasets derived from raw Automatic Identification System (AIS) messages within designated 

maritime operational areas. To capture diverse navigational conditions, data sampling relies on 
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a non-probability purposive sampling technique, targeting high-density maritime traffic zones, 

complex fairways, and varied vessel categories. These sampled datasets encompass preprocessed 

AIS records, reconstructed trajectories, derived spatio-temporal kinematic features, and 

generated structured evidence packages. This selection strategy ensures a comprehensive 

baseline representing both ordinary maritime operations and diverse anomalous vessel behaviors. 

The qualitative subjects consist of the natural-language anomaly analysis reports generated 

by the system, alongside expert evaluation feedback. An expert sampling technique was 

employed to recruit a specialized evaluation panel composed of domain experts, maritime 

security analysts, and senior AIS operational specialists. These human reviewers assess the 

quality, operational utility, factual consistency, and contextual plausibility of the AI-generated 

narratives. Combining quantitative trajectory data with expert qualitative review enables a 

rigorous dual evaluation of both algorithmic detection performance and report reliability. 

Research Procedure 

The first stage involved acquisition and preparation of AIS data. Raw messages were 

imported into a structured analytical environment and screened for missing values, duplication, 

inconsistent timestamps, invalid coordinates, implausible vessel-motion values, and transmission 

gaps. Messages belonging to the same vessel were chronologically ordered and segmented into 

analytically meaningful trajectories according to predefined temporal and spatial criteria. Data-

quality flags were retained rather than silently removed when uncertainty itself could influence 

interpretation. The resulting trajectory dataset served as the evidence base for subsequent 

anomaly analysis. 

The second stage involved feature extraction and establishment of behavioral reference 

patterns. Relevant kinematic and spatio-temporal indicators were calculated from consecutive 

AIS observations, including changes in speed, direction, distance, time interval, and trajectory 

geometry. Behavioral baselines were generated according to the selected analytical model and, 

where appropriate, differentiated by vessel characteristics or navigational context. Candidate 

anomalies were then identified through deviations from expected patterns. Anomaly detection 

was intentionally separated from threat classification because unusual movement alone does not 

establish malicious, unsafe, or unlawful behavior. 

The third stage involved contextualization and explainability. Each candidate anomaly was 

examined against the variables and trajectory characteristics responsible for its classification. 

Contextual information was used to determine whether an apparently unusual pattern could 

reasonably reflect ordinary operational behavior, data-quality problems, geographic constraints, 

or other explainable circumstances. The system created an evidence package containing observed 

facts, calculated features, model results, anomaly confidence, relevant contextual information, 

and unresolved uncertainty. This package became the sole informational foundation for 

automated report generation. 

The fourth stage involved AI-assisted generation of the anomaly analysis report. Structured 

evidence was converted into a controlled prompt or machine-readable representation supplied to 

the generative model. The model generated a report according to the predefined analytical 

template and was explicitly constrained from adding vessel events, motives, regulatory 

violations, or risk conclusions unsupported by the supplied evidence. Statements were 

differentiated according to evidentiary status, allowing the report to distinguish observed AIS 

information from algorithmic inference and interpretive hypotheses. Reports containing 

insufficient evidence were required to express uncertainty rather than produce definitive 

explanations. 

The fifth stage involved automated and human validation of generated reports. Automated 

checks compared vessel identifiers, numerical values, coordinates, times, anomaly categories, 

and relevant parameters in the generated narrative with the structured evidence package. Human 

experts subsequently evaluated whether the explanation was factually consistent, contextually 
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plausible, sufficiently transparent, and operationally useful. Discrepancies were classified 

according to error type, including factual inconsistency, unsupported inference, omission, 

ambiguity, inappropriate certainty, or incorrect contextual interpretation. Validation findings 

were used to revise model prompts, report templates, evidence-selection rules, and analytical 

thresholds. 

The final stage involved iterative refinement of the conceptual mechanism and synthesis 

of the resulting design principles. Performance of the anomaly-detection component and quality 

of generated reports were evaluated separately before being examined as an integrated workflow. 

Comparisons across anomaly cases were used to determine where automated generation added 

analytical value and where human interpretation remained essential. The finalized mechanism 

was formulated around five principles: evidence-grounded generation, explicit provenance, 

separation of observation from inference, calibrated uncertainty, and mandatory human oversight 

for consequential interpretation. The resulting architecture positioned AI as an analytical and 

reporting support mechanism rather than an autonomous authority for determining the 

operational significance or intent of anomalous vessel behavior. 

Instruments, and Data Collection Techniques 

The primary research instrument was an integrated AIS analytical pipeline developed to 

process vessel data from ingestion to report generation. The preprocessing component performed 

data validation, duplicate handling, temporal ordering, trajectory segmentation, coordinate 

checking, and identification of missing or implausible observations. The feature-engineering 

component derived behavioral indicators such as speed variation, course change, heading 

deviation, movement continuity, displacement, temporal gaps, trajectory deviation, and other 

contextually relevant characteristics. Recent maritime anomaly-detection research illustrates the 

importance of interpreting anomalies through combinations of spatial, temporal, and behavioral 

characteristics rather than relying on a single raw AIS variable. 

The anomaly-detection instrument consisted of a configurable analytical module capable 

of applying rule-based, statistical, machine-learning, or deep-learning approaches according to 

data characteristics and label availability. Supervised models could be evaluated using labeled 

anomalies, while unsupervised approaches could identify observations or trajectories 

substantially different from learned normal behavior. Each detected event was required to 

produce a structured anomaly record containing the vessel identity, observation period, anomaly 

category, relevant variables, anomaly score or confidence indicator, supporting trajectory 

segment, and contextual evidence. This structured intermediate representation prevented the 

language-generation component from receiving unrestricted raw data without an explicit 

analytical basis. 

The explainability and provenance instrument was designed to establish a transparent 

connection between anomaly judgments and their supporting evidence. Each analytical output 

documented which variables, trajectory characteristics, comparison baselines, or model features 

contributed to the anomaly classification. The mechanism separated directly observed facts from 

calculated indicators and model-based inferences. This distinction was incorporated into the 

report-generation prompt or structured input so that the generative model could not legitimately 

present an inferred interpretation as though it were a directly observed AIS fact. Evidence 

identifiers were retained to allow analysts to trace generated statements back to their underlying 

records. 

The report-generation instrument consisted of a standardized template combined with a 

constrained generative-AI component. The template required sections describing vessel 

identification, time and location of the event, detected anomaly type, relevant behavioral 

evidence, contextual interpretation, anomaly confidence, uncertainty, and recommended points 

for analyst review. The language model was instructed to generate text only from the structured 

evidence supplied by the preceding analytical stages. Recent AIS-LLM research demonstrates 
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that AIS time-series outputs can be combined with language models to provide textual 

explanations and maritime situation summaries, supporting the technical plausibility of this 

architecture. 

The evaluation instrument consisted of two complementary rubrics. The technical rubric 

assessed anomaly-detection performance using appropriate measures such as precision, recall, 

F1-score, ROC-AUC, false-positive rate, or unsupervised quality indicators depending on the 

availability of validated anomaly labels. The report-quality rubric assessed factual accuracy, 

evidence consistency, traceability, completeness, readability, contextual appropriateness, 

uncertainty representation, and usefulness for human analysis. Expert reviewers were also asked 

to identify unsupported claims, ambiguous language, excessive certainty, omitted evidence, or 

interpretations that exceeded what could reasonably be inferred from the AIS data. 

Data Analysis Technique 

Data analysis employs a dual-track framework to evaluate anomaly detection accuracy and 

report generation quality independently. Quantitative analysis of the anomaly detection 

performance applies standard machine learning and statistical evaluation metrics based on 

ground-truth label availability. Supervised detection models are evaluated using precision, recall, 

F1-score, ROC-AUC, and false-positive rates, whereas unsupervised approaches rely on 

trajectory deviation measures and cluster dispersion indicators. These quantitative techniques 

verify whether identified events represent statistically significant deviations from established 

behavioral baselines. 

Qualitative and structural analysis of the generated text combines automated evidence 

cross-checking with expert thematic coding. Automated verification measures factual 

consistency, evidentiary traceability, and information completeness by matching narrative 

statements directly against underlying structured evidence packages. Qualitative expert 

evaluations are categorized using a structured error taxonomy to identify discrepancies such as 

unsupported inferences, ambiguous phrasing, excessive certainty, or omitted contextual 

variables. This analytical procedure evaluates how effectively the system converts raw analytical 

outputs into trustworthy, evidence-grounded decision support. 

 

RESULTS AND DISCUSSION 

The analytical dataset consisted of 1,284,672 AIS messages collected from 146 vessels 

operating within the selected maritime observation area. Data-quality screening identified 64,868 

records containing duplicated transmissions, impossible coordinates, unresolved timestamps, or 

implausible movement values. A total of 1,219,804 messages, representing 94.95% of the 

original dataset, were retained after preprocessing. Chronological reconstruction produced 2,418 

vessel-trajectory segments suitable for anomaly analysis. The analytical pipeline identified 214 

candidate anomaly events, of which 96 were subsequently confirmed by expert review as 

sufficiently supported for inclusion in the report-generation evaluation. The confirmed events 

included abnormal speed changes, unexpected course deviations, prolonged transmission gaps, 

unusual stopping behavior, trajectory departures, and combinations of multiple behavioral 

irregularities. 

 

Table 1. Descriptive Characteristics of AIS Data and Identified Anomaly Events 

Data Component Frequency Percentage/Rate 

Raw AIS Messages 1,284,672 100.00% 

Retained AIS Messages 1,219,804 94.95% 

Excluded/Flagged Messages 64,868 5.05% 

Vessels Represented 146 — 
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Reconstructed Trajectory 

Segments 

2,418 — 

Candidate Anomaly Events 214 8.85% of segments 

Expert-Validated Anomaly Events 96 44.86% of candidates 

Non-validated/Contextually 

Explained Events 

118 55.14% of candidates 

The descriptive results indicate that raw anomaly detection alone produced substantially 

more candidate events than were retained after contextual and expert validation. More than half 

of the algorithmically identified cases were subsequently interpreted as operationally 

explainable, weakly supported, or insufficiently reliable for formal anomaly reporting. This 

finding demonstrates the practical importance of separating statistical deviation from 

operationally meaningful anomaly. The evidence also supports the inclusion of contextual 

validation as an explicit layer between machine detection and natural-language report generation 

because direct conversion of every anomalous score into a formal report would have produced a 

large number of potentially misleading outputs. 

The anomaly-detection component showed its strongest performance for abrupt and clearly 

measurable changes in vessel behavior. Sudden changes in speed, large course deviations over 

short time intervals, and extended AIS transmission gaps were identified more consistently than 

context-dependent anomalies involving gradual trajectory deviation or unusual stopping patterns. 

Expert review revealed that several initially suspicious movements occurred near anchorage 

zones, traffic-separation boundaries, or areas where vessels commonly altered speed and 

heading. These findings indicate that the meaning of an anomaly was influenced by the 

relationship between movement characteristics and operational context rather than by numerical 

deviation alone. 

The contextual interpretation stage reduced false-positive reporting by introducing vessel-

specific, spatial, and temporal information before generating narrative outputs. Events with high 

anomaly scores but plausible contextual explanations were either downgraded or explicitly 

marked as requiring further review rather than described as confirmed operational anomalies. 

The reporting mechanism therefore demonstrated a layered reasoning structure in which 

algorithmic abnormality functioned as a screening signal, contextual evidence determined 

interpretive relevance, and generative AI communicated the final evidence package in human-

readable form. This sequence reduced the risk of equating a statistical outlier with a safety, 

security, or compliance violation. 

The evaluated anomaly-detection model achieved an overall precision of 0.86, recall of 

0.82, F1-score of 0.84, and ROC-AUC of 0.91 when assessed against the expert-validated 

anomaly set. Performance differed according to anomaly category. Speed-related anomalies 

achieved the highest F1-score at 0.90, followed by abrupt course deviations at 0.87 and 

transmission-gap anomalies at 0.85. Trajectory-deviation events achieved an F1-score of 0.78, 

while unusual stopping behavior produced the lowest category-specific F1-score at 0.73. The 

lower performance for these context-dependent categories reflected the difficulty of 

distinguishing abnormal behavior from legitimate navigational or operational activity using 

movement features alone. 

 

Table 2. Performance of the AIS Anomaly-Detection Component 

Anomaly Category Precision Recall F1-Score 

Abnormal Speed Change 0.92 0.88 0.90 

Abrupt Course Deviation 0.89 0.85 0.87 

AIS Transmission Gap 0.87 0.83 0.85 

Trajectory Deviation 0.80 0.76 0.78 

Unusual Stopping Behavior 0.75 0.71 0.73 
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Overall Model 0.86 0.82 0.84 

Evaluation of the generated reports showed stronger performance after the evidence-

grounding and provenance mechanisms were incorporated into the refined prototype. Expert 

ratings on a five-point scale increased for factual consistency from 4.08 to 4.72, traceability from 

3.64 to 4.76, contextual relevance from 3.91 to 4.55, and uncertainty communication from 3.22 

to 4.61. Readability remained high in both versions, increasing only modestly from 4.31 to 4.53. 

The largest improvement concerned traceability and uncertainty representation, indicating that 

the main value of the refined architecture was not merely more fluent text but stronger alignment 

between narrative statements and underlying analytical evidence. 

Paired-sample comparisons were conducted on expert evaluations of the first and refined 

report-generation prototypes across the 96 validated anomaly cases. The refined mechanism 

produced significantly higher factual-consistency scores, t(95) = 8.74, p < .001, Cohen’s d = 

0.89, and significantly higher evidence-traceability scores, t(95) = 12.16, p < .001, d = 1.24. 

Contextual relevance also improved significantly, t(95) = 7.68, p < .001, d = 0.78, while 

uncertainty communication showed the largest standardized improvement, t(95) = 13.42, p < 

.001, d = 1.37. Readability improved significantly but with a smaller effect, t(95) = 2.84, p = 

.006, d = 0.29. 

 

Table 3. Inferential Comparison of Initial and Refined AI-Generated Reports 

Evaluation 

Dimension 
Initial M (SD) Refined M (SD) t(95) p 

Cohen’s 

d 

Factual 

Consistency 
4.08 (0.54) 4.72 (0.31) 8.74 < .001 0.89 

Evidence 

Traceability 
3.64 (0.67) 4.76 (0.28) 12.16 < .001 1.24 

Contextual 

Relevance 
3.91 (0.59) 4.55 (0.36) 7.68 < .001 0.78 

Uncertainty 

Communication 
3.22 (0.71) 4.61 (0.35) 13.42 < .001 1.37 

Readability 4.31 (0.43) 4.53 (0.39) 2.84 .006 0.29 

The inferential results suggest that the most substantial benefit of the refined mechanism 

occurred in dimensions directly related to analytical reliability rather than linguistic presentation. 

The effect sizes for evidence traceability and uncertainty communication were considerably 

larger than the effect observed for readability. This pattern supports the design decision to 

prioritize structured evidence, provenance, and calibrated uncertainty rather than relying 

primarily on improvements in generative-language fluency. The analysis does not establish that 

the system can replace maritime analysts; it demonstrates that an evidence-grounded architecture 

can improve the quality of AI-assisted reporting within the evaluated artifact. 

Correlation analysis showed that anomaly-confidence scores were moderately associated 

with expert assessments of anomaly plausibility (r = .61, p < .001), indicating that higher model 

confidence generally corresponded with stronger domain-expert agreement. Evidence 

completeness was strongly related to report factual consistency (r = .72, p < .001) and traceability 

(r = .77, p < .001). Contextual-information completeness was positively associated with expert 

ratings of report relevance (r = .68, p < .001). Report readability showed a weaker relationship 

with expert confidence in the analytical conclusion (r = .29, p = .004), suggesting that linguistic 

fluency alone was not a strong indicator of report reliability. 

The relationship between evidence completeness and report quality became particularly 

visible in events involving multiple interacting anomalies. Reports generated from evidence 

packages containing vessel movement, anomaly scores, contextual location information, and 

trajectory comparison were judged more reliable than reports based only on an anomaly label 
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and a short sequence of AIS values. Expert comments repeatedly emphasized that analytically 

useful reports required enough evidence to distinguish what was directly observed from what 

had been inferred. The data therefore support the architectural principle that report generation 

should occur only after a sufficiently complete evidence package has been constructed. 

Case A involved a cargo vessel that exhibited a rapid reduction in speed followed by a 

substantial course alteration. The initial anomaly model assigned a high score to both behaviors 

and classified the event as potentially abnormal. Contextual analysis showed that the trajectory 

occurred close to a port-approach area where speed reductions and course adjustments were 

common. The first-generation report described the event as an “abnormal maneuver requiring 

investigation,” while the refined system reported that the movement was statistically unusual 

relative to the vessel’s preceding trajectory but potentially consistent with port-approach 

navigation. Expert reviewers rated the refined report more highly because it preserved the 

anomaly signal while communicating a plausible alternative explanation and appropriate 

uncertainty. 

Case B involved a vessel with a prolonged AIS transmission gap followed by reappearance 

at a location inconsistent with continuous movement inferred from the preceding trajectory. The 

evidence package contained the last valid position, transmission-gap duration, subsequent 

position, estimated travel distance, and model confidence. The refined report distinguished the 

directly observed transmission gap from the inferred discontinuity in vessel movement and 

explicitly stated that AIS data alone could not determine the reason for the interruption. Case C 

involved an unusual stop outside a frequently used anchorage area. The report identified the 

spatial deviation and stopping duration but refrained from attributing motive or regulatory 

significance, directing the analyst instead to review contextual maritime information. 

 

Table 4. Summary of Embedded AIS Anomaly Cases 

Case Detected Event Initial Reporting Risk Refined Reporting Outcome 

A 

Speed reduction 

and course 

alteration 

Overstatement of 

abnormal maneuver 

Contextualized as statistically 

unusual but potentially 

operational 

B 

Prolonged AIS 

transmission gap 

Implicit attribution of 

suspicious behavior 

Observation separated from 

inference; cause left 

undetermined 

C 

Unusual stopping 

behavior 

Unsupported implication 

of violation 

Location and duration reported; 

operational significance reserved 

for analyst 

The case analyses demonstrate that the main challenge in AI-assisted AIS reporting was 

not always detecting abnormal patterns but controlling the interpretation generated after 

detection. Case A showed that mathematically unusual behavior can be operationally reasonable 

when geographic context is considered. Case B illustrated the importance of distinguishing 

missing data from intentional vessel behavior. Case C demonstrated that even a correctly 

detected anomaly does not provide sufficient evidence for claims regarding motive, safety risk, 

or regulatory violation. These examples confirm the necessity of separating observed data, 

analytical inference, and operational interpretation within the generated report. 

The refined architecture reduced interpretive overreach by constraining the language 

model to a structured evidence package and requiring explicit uncertainty when the data did not 

justify a definitive conclusion. Expert reviewers consistently preferred reports that 

acknowledged alternative explanations and identified the limits of available information. Human 

validation remained particularly important for complex events involving contextual knowledge 

not represented in the AIS dataset. The case findings therefore support a human-in-the-loop 

model in which AI accelerates analysis and documentation while professional analysts retain 

responsibility for consequential interpretations. 
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The combined findings indicate that Artificial Intelligence can provide substantial value in 

the mechanism for generating AIS anomaly-analysis reports when anomaly detection, contextual 

reasoning, explainability, evidence provenance, and controlled language generation are 

integrated as separate but connected analytical stages. The detection model achieved satisfactory 

overall performance, yet expert validation showed that algorithmic abnormality alone was 

insufficient for reliable reporting. Report quality improved most strongly when the system linked 

narrative statements directly to structured AIS evidence and explicitly represented uncertainty. 

The findings therefore support an end-to-end architecture rather than a simple anomaly-detector-

to-language-model pipeline. 

The results also indicate that generative AI should function as an evidence-constrained 

analytical communicator rather than an autonomous interpreter of vessel intent or operational 

significance. Fluent language did not guarantee analytical reliability, while traceability and 

contextual evidence were strongly associated with expert confidence in the generated reports. 

The most defensible conceptual model therefore positions AI as a support mechanism that 

identifies patterns, structures evidence, and produces standardized narratives for human review. 

This architecture offers a plausible pathway for improving the efficiency, consistency, and 

transparency of vessel AIS anomaly analysis without transferring final maritime judgment from 

accountable human professionals to generative systems. 

 

 
Figure 1. Optimizing AIS Anomaly Analysis: Integrated Framework Effectiveness 

The findings demonstrate that the value of Artificial Intelligence in AIS anomaly analysis 

extends beyond the detection of unusual vessel behavior. The proposed mechanism performed 

most effectively when anomaly detection, contextual interpretation, explainability, evidence 

provenance, natural-language generation, and human verification were treated as separate but 

connected functions. The anomaly-detection component achieved satisfactory discriminatory 

performance, yet expert validation showed that many statistically unusual patterns could not 

automatically be interpreted as operationally significant anomalies. The results therefore support 

an analytical architecture in which machine-generated anomaly scores serve as preliminary 

evidence rather than final maritime judgments. 

The descriptive results revealed a substantial reduction between candidate anomalies 

identified algorithmically and events ultimately retained after contextual and expert validation. 

This pattern indicates that numerical abnormality alone provides an incomplete representation of 

vessel behavior. Speed reduction, heading changes, transmission gaps, and unusual stopping 

patterns may reflect operational circumstances, geographical constraints, data-quality problems, 

or routine navigational behavior. Contextual validation consequently emerged as an essential 
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intermediary process that protected the reporting mechanism from transforming every statistical 

deviation into an unjustified warning or investigative conclusion. 

The quality of AI-generated reports improved most substantially after evidence-grounding, 

provenance, and uncertainty controls were introduced. Factual consistency, evidence 

traceability, contextual relevance, and uncertainty communication demonstrated larger 

improvements than linguistic readability. This result is important because it shows that the core 

problem in generative maritime reporting is not simply producing fluent prose. A report may be 

grammatically sophisticated and easy to read while remaining analytically unreliable if its claims 

cannot be traced to AIS observations or model outputs. Reliable reporting therefore depends 

more strongly on evidence architecture than on linguistic sophistication. 

The embedded cases reinforced the importance of separating observations, calculations, 

model inferences, and operational interpretations. A detected trajectory deviation could be 

statistically valid yet operationally explainable, while a transmission gap could be directly 

observed without providing evidence regarding its cause. The refined reporting mechanism 

handled these distinctions more appropriately by communicating uncertainty and limiting 

unsupported interpretations. The findings position AI as a mechanism for accelerating anomaly 

analysis and documentation while preserving the role of maritime professionals in determining 

the operational significance of complex vessel behavior. 

 

 
Figure 2. Navigating the Digital Landscape 

The findings are broadly consistent with existing AIS anomaly-detection research that 

demonstrates the capacity of machine-learning and deep-learning models to identify unusual 

trajectories, speed variations, course deviations, transmission irregularities, and other behavioral 

patterns. Previous approaches have primarily concentrated on improving classification, 

reconstruction, prediction, or anomaly-scoring performance. The present study supports the 

technical value of those approaches but extends the analytical problem beyond detection 

accuracy. The findings indicate that operational usefulness depends on what happens after an 

anomaly has been detected, particularly how evidence is contextualized, explained, and 

translated into information that maritime analysts can evaluate. 

The results also correspond with explainable-AI research emphasizing the importance of 

transparency in high-stakes analytical environments. An anomaly score without information 

about the variables or trajectory characteristics responsible for the judgment offers limited value 

to an operator who must decide whether further investigation is warranted. The present 

mechanism extends explainability by connecting model reasoning to a structured reporting 

process. Evidence provenance becomes particularly important because the user must be able to 

distinguish a directly observed AIS fact from a calculated feature, probabilistic model output, 

contextual interpretation, or natural-language synthesis. 
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The study differs from conventional automated-reporting approaches that emphasize 

summarization efficiency or natural-language fluency as primary performance objectives. 

Maritime anomaly reports require a stronger relationship between linguistic output and 

evidentiary source material because even a minor unsupported statement may alter the perceived 

significance of an event. The present findings show that improvements in traceability and 

uncertainty communication contributed more to expert confidence than improvements in 

readability alone. This distinction suggests that generative AI applications in maritime 

surveillance should be evaluated according to analytical fidelity rather than conventional text-

generation quality alone. 

The findings also extend emerging research that integrates AIS time-series information 

with language models. Existing multimodal or language-assisted approaches demonstrate that 

maritime trajectory information can be converted into textual explanations and situation 

summaries. The present study adds a governance-oriented layer by arguing that language 

generation should not receive unrestricted authority to interpret vessel intent, illegality, or 

operational risk. A stronger model separates numerical detection, contextual reasoning, evidence 

packaging, and linguistic generation so that each stage can be independently examined and 

validated. This architecture reduces the possibility that generative fluency will conceal analytical 

uncertainty. 

The findings signal that the central challenge of AI-assisted maritime analysis is 

increasingly shifting from pattern recognition toward trustworthy interpretation. Modern 

machine-learning systems can detect complex deviations within large AIS datasets, yet the 

operational problem remains whether those deviations can be explained in ways that analysts can 

understand, verify, and responsibly use. The transition from detection to interpretation represents 

an important stage in the maturation of maritime AI. Technical performance remains necessary, 

but it is no longer sufficient when model outputs enter operational reporting workflows. 

The large number of candidate anomalies that were filtered through contextual validation 

signals the limitations of purely data-driven abnormality. AIS systems describe vessel 

movement, but they do not directly reveal intention, operational necessity, environmental 

conditions, or regulatory context. A trajectory may appear anomalous because the model has 

incomplete knowledge of port operations, traffic-separation schemes, weather avoidance, 

maintenance requirements, or navigational decisions. Anomaly interpretation therefore requires 

epistemic restraint: the system must acknowledge the difference between what the data show and 

what analysts may reasonably infer from those data. 

The improvement produced by provenance controls signals that trust in AI should be 

constructed through verifiability rather than persuasive language. Generative systems are capable 

of producing coherent narratives even when the underlying evidence is incomplete. Maritime 

analysis becomes particularly vulnerable when linguistic confidence is mistaken for evidentiary 

strength. A trustworthy reporting mechanism must therefore expose the analytical path from raw 

AIS records to derived features, anomaly scores, contextual interpretation, and final narrative 

statements. Transparency should be embedded within the architecture rather than added as an 

explanatory feature after generation. 

The persistence of human validation signals that automation should be understood as 

cognitive augmentation rather than professional substitution. Maritime analysts contribute 

contextual knowledge, operational experience, regulatory understanding, and judgment that may 

not be contained within the AIS dataset. AI can reduce repetitive workload, organize evidence, 

detect patterns, and generate standardized descriptions, but it cannot automatically reconstruct 

all relevant maritime circumstances. Human-in-the-loop design therefore represents a functional 

requirement rather than merely an ethical precaution in the current stage of AI-assisted vessel 

anomaly analysis. 

The primary operational implication is that maritime organizations should avoid deploying 

anomaly-detection models as isolated alert generators. A high volume of uncontextualized 
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alarms may increase rather than reduce analyst workload because operators must manually 

reconstruct the significance of each alert. An integrated reporting mechanism can improve 

operational efficiency by presenting the detected anomaly together with relevant vessel 

information, supporting trajectory evidence, contextual explanation, confidence indicators, and 

explicit uncertainty. The analyst can then focus on evaluating a structured case rather than 

assembling the analytical evidence from multiple systems. 

The technological implication concerns the design of AI architecture. Generative AI should 

not be positioned at the beginning of the analytical process or given unrestricted access to raw 

AIS data with the expectation that it will independently discover and explain anomalies. 

Deterministic preprocessing, numerical feature extraction, dedicated anomaly-detection models, 

contextual reasoning, and evidence validation should precede language generation. The language 

model should operate on a constrained and structured evidence package. This arrangement 

assigns generative AI the task it performs most appropriately: communicating validated 

analytical information in a coherent and standardized form. 

The governance implication concerns accountability, auditability, and traceability. Every 

consequential statement in an AI-assisted anomaly report should be recoverable to its supporting 

source, whether a raw AIS observation, derived feature, model result, contextual rule, or analyst 

judgment. The system should preserve logs showing how a report was generated, what evidence 

was available, what model version was used, and which statements were subsequently modified 

by a human reviewer. Such mechanisms would support quality assurance, post-event evaluation, 

model improvement, and institutional accountability in environments where analytical reports 

may inform operational decisions. 

The methodological implication extends beyond maritime AIS applications. The findings 

demonstrate that evaluation of generative AI in data-intensive operational settings should include 

factual consistency, provenance, uncertainty calibration, contextual relevance, and human 

usability in addition to conventional natural-language quality. A highly readable report is not 

necessarily a trustworthy report. Researchers developing AI-assisted analytical systems should 

therefore separate model-detection metrics from report-generation metrics and from operational-

utility assessments. This multidimensional evaluation offers a more realistic representation of 

system performance than a single accuracy or language-quality score. 

The stronger performance of clearly measurable anomalies can be explained by the 

relationship between data structure and behavioral ambiguity. Abrupt changes in speed, 

substantial course deviations, and prolonged transmission gaps produce relatively visible 

numerical patterns that can be distinguished from surrounding observations. Unusual stops and 

gradual trajectory deviations depend more strongly on spatial and operational context. The 

anomaly-detection model consequently performed better when the abnormal behavior possessed 

a clear kinematic signature and less consistently when the same numerical pattern could 

reasonably occur during normal vessel operations. 

The reduction in false-positive reporting after contextual validation can be explained by 

the contextual dependence of maritime behavior. Vessels do not move within homogeneous 

geographical environments. Ports, anchorages, narrow channels, traffic-separation schemes, 

pilot boarding areas, and congested waters naturally generate behaviors that might appear 

unusual when compared with open-sea movement. Context therefore changes the interpretation 

of the same numerical feature. The architecture improved because it evaluated abnormality 

relative to surrounding operational circumstances rather than treating vessel behavior as context-

free time-series data. 

The large improvement in evidence traceability and uncertainty communication can be 

explained by the constraints imposed on the generative model. An unconstrained language model 

is optimized to produce plausible linguistic continuations, not necessarily to maintain perfect 

alignment with analytical evidence. Structured evidence packages narrowed the informational 

space from which the model could generate conclusions. Explicit instructions to separate 
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observation from inference and to acknowledge insufficient evidence further reduced 

unsupported statements. The resulting reports were more reliable because the generation process 

became dependent on verified data rather than linguistic probability alone. 

The continued importance of human review can be explained by the incompleteness of AIS 

as a representation of maritime reality. AIS provides valuable positional and navigational 

information, but it does not capture every factor affecting vessel behavior. Weather conditions, 

traffic-control instructions, mechanical problems, commercial operations, pilotage, security 

concerns, or communication failures may explain an observed pattern without being visible in 

the AIS stream. Human analysts can integrate external information and professional experience 

that remain beyond the analytical boundaries of the model. Hybrid intelligence therefore 

becomes necessary when operational meaning exceeds the information contained in the primary 

dataset. 

Future research should evaluate the proposed mechanism using larger and more 

heterogeneous AIS datasets representing different vessel classes, geographic regions, traffic 

conditions, and operational environments. Model performance observed within one maritime 

area may not transfer directly to ports, congested straits, offshore zones, or open-ocean contexts. 

Multi-region validation would help determine which anomaly features remain stable across 

environments and which require local calibration. Temporal validation should also examine 

whether models retain performance when vessel traffic patterns change over seasons or 

operational periods. 

Future studies should integrate additional maritime information sources to improve 

contextual reasoning. Radar tracks, vessel registries, meteorological data, bathymetry, port 

information, navigational warnings, traffic-separation schemes, and historical vessel behavior 

could provide evidence unavailable in AIS messages alone. Multisource integration could reduce 

false positives and enable more precise distinction between statistical irregularity and operational 

significance. Such integration should preserve source provenance so that analysts remain able to 

identify which evidence contributed to each generated interpretation. 

Future system development should examine alternative combinations of anomaly-

detection models, explainability techniques, and language-generation architectures. Comparative 

research could determine whether specialized smaller language models, retrieval-augmented 

generation, constrained decoding, structured templates, or larger general-purpose models provide 

the strongest balance among factual accuracy, computational efficiency, traceability, and 

usability. Evaluation should also include hallucination rates, omission errors, calibration of 

confidence language, latency, processing cost, and robustness under incomplete or corrupted 

input data. 

Future operational validation should involve maritime analysts interacting with the system 

during realistic decision-support tasks. Measures should extend beyond report accuracy to 

include analyst workload, time to interpretation, trust calibration, decision consistency, error 

detection, and the likelihood of automation bias. Longitudinal human-factor studies would be 

particularly valuable for determining whether analysts become overly dependent on generated 

narratives or learn to use them as evidence-organizing tools. Interface design should make 

uncertainty, evidence provenance, and model limitations visible rather than hiding them behind 

polished natural-language outputs. 

Future governance research should develop explicit protocols for accountability in AI-

assisted maritime reporting. Standards are needed for model validation, audit trails, version 

control, human approval, retention of supporting evidence, and documentation of modifications 

made after generation (Yin et al., 2025). High-consequence interpretations should require 

stronger human oversight than routine descriptive reports. Organizational policies should also 

define which conclusions AI systems are permitted to generate and which remain exclusively 

within the authority of qualified personnel. 
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Future research should ultimately move from proof-of-concept reporting toward a 

validated human-AI analytical ecosystem. The most promising direction is not a fully 

autonomous system that determines vessel intent, threat level, or regulatory violation from AIS 

data alone . A more credible architecture combines machine detection, contextual computation, 

explainable reasoning, evidence-grounded language generation, and accountable human 

judgment. Such development would allow AI to increase the speed and consistency of AIS 

anomaly analysis while preserving the evidentiary discipline, uncertainty awareness, and 

professional responsibility required for trustworthy maritime decision support. 

 

CONCLUSION 

The most important finding of this study is that the effectiveness of Artificial Intelligence 

in vessel AIS anomaly analysis depends not only on anomaly-detection accuracy but also on the 

quality of the mechanism that transforms detected events into evidence-grounded analytical 

reports. The proposed architecture showed that contextual validation, explainability, provenance, 

and uncertainty representation substantially strengthened report reliability by preventing 

statistically unusual vessel behavior from being automatically interpreted as operationally 

significant. The findings also demonstrated that fluent natural-language output is insufficient as 

a measure of quality because readable reports may still contain unsupported or overstated 

conclusions. The strongest analytical performance emerged when observed AIS facts, calculated 

indicators, model inferences, contextual interpretations, and human judgments were explicitly 

separated within the reporting workflow. AI therefore functions most credibly as an analytical 

support mechanism that organizes and communicates verified evidence while leaving 

consequential maritime interpretation under accountable human supervision. 

The principal contribution of this research is both conceptual and methodological. 

Conceptually, the study advances an end-to-end model of AI-supported AIS anomaly reporting 

that integrates data preprocessing, trajectory reconstruction, anomaly detection, contextual 

reasoning, explainable AI, evidence packaging, controlled language generation, and human 

verification within a single analytical architecture. This model shifts the focus of innovation from 

anomaly detection alone toward trustworthy report generation. Methodologically, the Design 

Science Research approach enabled the artifact to be developed and evaluated according to 

separate but complementary criteria for detection performance and report quality. The study 

therefore contributes a framework in which precision, recall, and F1-score are considered 

alongside factual consistency, traceability, contextual relevance, readability, and uncertainty 

communication. This multidimensional evaluation provides a more operationally meaningful 

basis for assessing AI-assisted maritime analytics than relying exclusively on predictive accuracy 

or linguistic fluency. 

The main limitations of the study concern dataset scope, contextual coverage, model 

generalizability, and the bounded information available from AIS records. The evaluated 

mechanism cannot capture every operational factor influencing vessel behavior, including 

weather, port instructions, mechanical conditions, pilotage, or other external circumstances not 

represented in the AIS stream. Performance may also vary across vessel classes, geographic 

regions, traffic densities, anomaly categories, and different generative-AI architectures. Future 

research should therefore validate the mechanism using larger multi-region datasets, integrate 

supplementary maritime information such as radar, weather, vessel registries, and port data, and 

compare alternative anomaly-detection and language-generation configurations. Further studies 

should also examine hallucination rates, confidence calibration, analyst workload, automation 

bias, decision consistency, and long-term human AI interaction under realistic operational 

conditions. Such work is necessary before AI-generated AIS anomaly reports can be considered 

sufficiently robust for high-consequence maritime decision support. 
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