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Abstract


Traditional maritime target element resolution, relying on manual experience and uniform sampling, lacks accuracy and efficiency in non-uniform sampling, missing data, and noisy scenarios. While large language models (LLMs) offer a solution, their general knowledge gaps with maritime needs limit direct application. This paper proposes a fine-tuned LLM-based adaptive optimization method for non-uniform sampling maritime target element resolution, with three key novelties: first, selecting Doubao-Seed-1.6 as the base model and conducting targeted preprocessing on maritime multi-source data to address domain adaptation gaps; second, innovating a “Prefix tuning + LoRA” hybrid strategy (encoding maritime rules via Prefix tuning, freezing 95% of base parameters via LoRA to reduce trainable parameters to <0.5%) to balance cost and performance; third, building a non-uniform sampling-model collaboration mechanism, where the fine-tuned model dynamically adjusts the sampling density via semantic understanding to solve random sampling’s “structural information imbalance”. Experiments in close, away, and avoid scenarios (vs. five control models including original LLMs, rule-only/models, and ChatGPT-4.0) show that the proposed method achieves a comprehensive final score of 0.8133—37.1% higher than the sub-optimal data-only model (0.5933) and 87.7% higher than the original general model (0.4333). In high-risk avoid scenarios, its Top-1 Accuracy (0.7333) is 46.7% higher than the sub-optimal control, and Scene-Sensitive Recall (0.7333) is 2.2 times the original model; in close and away scenarios, its Top-1 Accuracy reaches 0.8667 and 0.9000, respectively. This method enhances resolution accuracy and adaptability, promoting LLM applications in navigation.






Keywords:


large language model; fine-tuning; non-uniform sampling; maritime target element resolution; strategy adaptive optimization












1. Introduction


With the rapid development of science and technology and the deepening of human exploration of the ocean, maritime activities are becoming more and more frequent. The resolution technology of maritime target elements emerges as the times require and has become one of the core technologies to ensure navigation safety. In the field of maritime safety, accurate and timely interpretation of maritime target elements is an important prerequisite to avoid ship collisions and ensure navigation safety.



Traditional maritime target element extraction methods are usually based on the ideal assumptions of complete time-series data, uniform sampling, and low noise. However, in practical applications, limited by the hardware performance of observation equipment, the complex marine environment, and the variability of remote communication links, the acquired maritime target time-series data often have serious data quality problems, which bring serious challenges to the resolution and robustness of the resolution methods. From the device level, the hardware limitation of the sampling frequency of the sensor and the inherent deviation in the positioning accuracy lead to the phenomenon of non-uniform sampling of the data, and the sampling interval fluctuates between seconds and minutes, which seriously destroys the time-series continuity of the data [1,2]. Under the influence of environmental factors, electromagnetic interference caused by adverse weather at sea (such as typhoons and rainstorms), as well as the absorption and attenuation of signals by seawater, will cause a large amount of data to go missing and even data gaps in some monitoring periods, resulting in the loss of key feature information [3]. This phenomenon often leads to the “data empty window” part of the monitoring period, which makes it difficult to accurately reconstruct the motion state and behavior characteristics of the target. At the same time, due to the interference of ionosphere, network congestion and other factors in the marine environment, noise signals such as impulse noise and white noise are easily mixed in the process of remote data transmission [4,5]. The interweaving and superposition of these problems make it difficult for traditional solution methods based on the assumption of uniform sampling to effectively extract the elements of target motion, which brings serious challenges to maritime target monitoring and situation analysis.



With the rapid development of artificial intelligence technology, deep learning technology has been gradually applied to the field of marine target element analysis. Its powerful feature-learning and pattern-recognition capabilities have brought new solutions for marine target element analysis. However, existing deep learning models still face some challenges when dealing with marine target element resolution tasks, such as insufficient generalization ability [6] and poor adaptability to complex backgrounds [7].



As an important breakthrough in the field of artificial intelligence, large language models have learned rich language knowledge and common sense through self-supervised learning on large-scale unlabeled text data and have powerful language understanding and generation capabilities. The application of large language models in the field of maritime object detection can provide new ideas for solving the limitations of traditional methods and existing deep learning models. By fine-tuning the large language model, it can better adapt to the needs of maritime object detection tasks and improve the accuracy and efficiency of detection.



Large language models have rapidly evolved in recent years. Starting from GPT-2 to GPT-4 [8], major players like Google, Anthropic, and Meta have launched models such as Gemini [9], Opus [10], and Llama-3 [11]. Built on Transformer architecture and pre-trained on vast corpora, these LLMs master language knowledge and semantic representation, excelling in traditional NLP tasks (text classification [12], sentiment analysis [13], translation [14]) and complex applications (text generation [14], code writing [15]).



Recent breakthroughs have further expanded the capabilities of large language models (LLMs). OpenAI’s GPT-5, released in August 2025, features enhanced multimodal integration, enabling seamless processing of text, images, and sensor data (e.g., maritime radar) while delivering improved cross-modal reasoning [16]. Google’s Gemini 2.5 family—including the lightweight Flash-Lite variant—offers a 1-million-token context window and achieves 40% faster inference [17]. Meta’s Llama-3.1 series enhances domain adaptability through modular pre-training, allowing efficient fine-tuning on specialized datasets such as maritime safety records [18]. These advancements mark LLMs’ transition from general-purpose tools to domain-specific solutions, laying a critical foundation for their application in maritime scenarios.



However, even pre-trained LLMs with strong generalizability often underperform in specialized fields. This gap arises because their pre-trained general knowledge fails to address the unique, task-specific needs of particular domains—including the maritime sector.



In maritime applications, pre-trained LLMs lack essential domain adaptation: they have limited understanding of nautical terminology (e.g., “dead reckoning,” “CPA/TCPA”) and struggle to model the laws of maritime target movement (e.g., ship maneuvering under wind and current). This deficiency directly leads to poor performance in maritime target element resolution tasks. Fine-tuning thus becomes a necessary step to align LLMs with maritime professional knowledge, bridging the gap between general model capabilities and domain-specific requirements.



To enable efficient LLM application in this task, three core challenges (domain adaptation gaps, high computational cost, data scarcity) must be addressed. This paper proposes a fine-tuned LLM adaptive optimization method, centered on an expert-prior-guided prompt learning framework. It uses a “small measured data + large simulation data” hybrid training set and API-based parameter fine-tuning.



In experiments, a multimodal fusion paradigm converts navigation mathematical models into interpretable symbols for prompt templates, enabling dynamic feature extraction adjustment (e.g., enhancing time-series feature weight in target maneuvering scenes). Unlike traditional prompt tuning, the method innovates a hierarchical prompt system: bottom layer (general navigation knowledge), middle layer (scenario-algorithm rules), top layer (task-specific parameters)—realizing end-to-end reasoning from semantic understanding to numerical resolution. The model requires two core capabilities: parsing navigation logs/target movement text to select optimal schemes and analyzing observation ship multi-dimensional data to determine optimal strategies.



The remainder of this paper is structured as follows: Section 2 reviews related work, including LLM fine-tuning techniques, optimal selection methods based on LLMs, non-uniform sampling theory, and maritime target element resolution fundamentals; Section 3 designs the LLM selection, fine-tuning strategy, and non-uniform sampling innovation for maritime scenarios; Section 4 constructs the maritime target element resolution model with a hierarchical prompt system; Section 5 verifies the method’s effectiveness through experiments; and Section 6 summarizes conclusions and future work.




2. Review of Research Status


2.1. Fine-Tuning Techniques for Large Language Models


2.1.1. Traditional Full Fine-Tuning


The traditional full fine-tuning method retrains all parameters of a pre-trained large language model on a task-specific dataset. The advantage of this method is that it can make full use of the information of the task data, so that the model can obtain better performance on the target task. For example, in early research on natural language processing, when the pre-trained BERT model is applied to the text classification task, through full fine-tuning, the model can adjust each parameter of the model according to the text features and label information in the task data, so as to effectively improve classification accuracy [19]. However, full fine-tuning also has obvious drawbacks. First, it is computationally expensive and requires a large amount of computing resources and time to update the massive parameters of the model [20]. Second, it is prone to overfitting; especially when the scale of the task dataset is small, the model may overlearn noise and special cases in the training data, resulting in a decrease in the generalization ability on new data [21].




2.1.2. Parameter Efficient Fine-Tuning (PEFT) Method


To address the limitations of full fine-tuning, PEFT methods have been developed to freeze most parameters of the pre-trained model and only train a small number of additional parameters. This approach maintains task performance while significantly reducing computational costs. A comparison of mainstream PEFT techniques is presented in Table 1.





2.2. Optimal Selection Method Based on Large Language Models


2.2.1. Optimal Selection Based on Human Experience


In the early practice of algorithm optimization, the method based on human experience is the mainstream choice. This method mainly relies on domain experts or experienced engineers to select appropriate solutions [30] from the candidate algorithms library with professional knowledge and practical experience according to the characteristics of the task scene (e.g., random sampling pattern, target motion state in navigation field), data distribution characteristics (e.g., sampling density, noise level), and algorithm performance expectations (e.g., error tolerance, real-time performance).



However, this method has significant limitations: on the one hand, the subjectivity of manual judgment is strong, and different decision makers may disagree due to differences in knowledge background and experience; on the other hand, with the complexity of the task scenario and the increase in the number of candidate algorithms, the efficiency of manual screening is greatly reduced, which makes it difficult to meet the needs of rapid decision-making in practical applications [31,32].




2.2.2. Optimal Selection Based on Full Data Evaluation


In order to make up for the lack of manual experience, the optimal selection method based on full data evaluation is gradually applied. By using all task data (such as historical sampling data in nautical scenes, target trajectory labels), this method completely evaluates all candidate algorithms, calculates the performance of each algorithm on the core indicators, and finally selects the algorithm with the best performance [33].



Although this method can objectively reflect the performance of the algorithm, it has the drawback of high cost: for large-scale datasets and diverse algorithm libraries, the full evaluation needs to repeat multiple complex calculations, which consumes a lot of computing power and time. For example, in a random sampling scenario, the total time of 30 repeated verifications of each algorithm may exceed 24 h, and when the scene changes dynamically (e.g., the sampling interval suddenly increases), the evaluation results cannot be updated in real time, resulting in the recommendation algorithm lags behind the actual needs [34,35].




2.2.3. Summary of the Limitations of the Existing Optimal Methods


In summary, the existing optimal selection methods based on manual experience or full data evaluation are difficult to adapt to the actual needs of complex scenes. Therefore, there is an urgent need for an adaptive optimization method based on large language models, which can automatically and quickly select the most suitable scheme from the candidate algorithms through the scene understanding ability and decision reasoning ability of large language models and realize the end-to-end decision of “scene feature input-optimal algorithm output” while balancing efficiency and accuracy.





2.3. Non-Uniform Sampling Theory


2.3.1. Concept and Classification of Non-Uniform Sampling


As a dynamic sampling method distinct from uniform sampling (fixed-interval sampling), non-uniform sampling is characterized by varying distribution intervals of sampling points in the temporal or spatial dimension. Sampling density can be flexibly adjusted based on signal characteristics [36]. A comparison of non-uniform sampling types and their key features is shown in Table 2.



The core research scenario of this paper is random sampling: its randomness aligns well with the uncertainty of maritime target motions, enabling it to capture sudden motion features of targets affected by ocean currents, winds, and waves to the greatest extent. However, it also requires addressing the key issues of “low information capture efficiency” and “poor data integrity.”




2.3.2. Challenges and Difficulties of Non-Uniform Sampling in the Resolution of Marine Target Elements


While non-uniform sampling offers significant advantages in maritime target element resolution, it also faces dual challenges in technical application and data processing—with random sampling presenting the most prominent issues, as detailed below:



The irregularity of sampling moments in random sampling makes it rely heavily on complex postprocessing algorithms to ensure information integrity. This may result in sparse sampling during critical periods such as sudden target turns and dense sampling during irrelevant periods, leading to “structural imbalance” in information capture. Pseudo-random sampling requires customized algorithms, increasing cross-scenario adaptation costs, and adaptive sampling demands high real-time processing capabilities from edge devices, making it difficult to deploy on maritime platforms.



The fluctuations in spatiotemporal resolution of randomly sampled data increase the difficulty of multi-source data fusion, potentially causing breakpoints in trajectory resolution. The noise amplification effects are hard to control—sparse regions may lose key features like short-term heading mutations, while dense regions may introduce redundant noise. Traditional resolution models, designed based on uniform sampling assumptions, are unable to adapt to the “dense–sparse–dense” mutations of random sampling. Additionally, randomness exacerbates the heterogeneity of multi-source data, reducing the compatibility and robustness of resolution.



The integration of LLM fine-tuning technology and non-uniform sampling provides a new approach to address these challenges: dynamically sampled data from random sampling can serve as high-quality training samples, helping domain-fine-tuned LLMs learn the complex features of maritime targets. In turn, LLMs can optimize random sampling strategies through semantic understanding and trend prediction, forming a “sampling–resolution–optimization” technical loop.





2.4. Resolution Basis of Maritime Target Elements


2.4.1. Resolution Background and Core Values


In navigation activities, the accurate acquisition of key elements (position, speed, heading angle, etc.) of maritime targets (such as various types of ships) is the core prerequisite to ensure navigation safety, realize effective maritime supervision, and promote deepening of navigation research. In the actual observation of physical sensors, limited by equipment accuracy, environmental interference and other factors, target elements are often missing or distorted, which makes deducing and restoring the true state of the target based on limited and uncertain observation data a key problem to be solved urgently in the field of navigation.




2.4.2. Data Foundation and Core Resolution Principles


The data supporting maritime target element resolution focuses on capturing the relative motion relationship between targets and observers, including two types of key information: (1) spatial association data (e.g., coordinates, relative azimuth angles, distances between targets and observation points) to establish spatial position correlations and (2) time-series data (e.g., observation time, target motion speed, heading) to reflect dynamic change patterns. This data requires standardization (e.g., sorting, index calibration) to ensure time-series continuity and spatial data consistency, laying a reliable foundation for subsequent analysis.



The core principle of maritime target element resolution is to overcome the limitations of single data sources or algorithms through multi-dimensional information fusion and multi-strategy deduction. Essentially, it leverages the regularity of target motions (e.g., short-term stability of heading and speed) and combines observation data to construct a spatiotemporal correlation model:



Spatial Dimension: Uses azimuth and distance data to construct the possible location range of targets (e.g., azimuth lines, distance circles) and narrows the resolution interval via geometric correlations.



Temporal Dimension: Infers target states at unknown times through motion trend prediction (e.g., uniform linear motion assumptions) based on time-series characteristics of continuous observations.



Algorithmic Logic: Adopts a combination of diverse deduction strategies. Different algorithms form a complementary verification mechanism based on varying assumptions about motion laws (e.g., whether to consider acceleration changes, whether to introduce error correction factors), and improve resolution reliability through cross-comparison of multiple results.




2.4.3. General Logic of the Resolution Process


The resolution of maritime target elements follows a closed-loop logic of “data integration–model construction–deduction and verification–result output”. Data integration converts scattered observation data into structured analysis units and forms datasets suitable for direct inference through operations such as time-axis alignment and spatial coordinate unification. Model construction selects an appropriate deduction model based on target motion characteristics and matches the optimal deduction path for each analysis unit by combining multi-strategy algorithm combinations. During the deduction and verification process, an error evaluation mechanism is introduced and model parameters are dynamically optimized by comparing deviations between deduced results and actual observations (or known references). Finally, the result output presents resolution results in a traceable and reusable format, including core parameters of target elements and error analysis reports, providing a comprehensive decision-making basis for subsequent applications.






3. Non-Uniform Sampling Strategy Design Based on Large Language Model Fine-Tuning


Existing large language models face issues like insufficient domain adaptation, weak non-uniform sampling handling, and high fine-tuning costs in maritime target element resolution. To address this, this chapter integrates “large language model fine-tuning” with “non-uniform sampling strategy” and proposes solutions: select a maritime-adapted base model, design an efficient fine-tuning strategy, innovate the sampling approach, and provide technical support for subsequent model construction.



Post-training, the model is expected to parse text (e.g., navigation logs, target trends) and choose optimal resolution strategies, process multi-dimensional observational data, and achieve the implementation effects shown in Figure 1 and Figure 2.



3.1. Selection and Adaptation of Large Language Models


3.1.1. Basis for Model Selection


Maritime target element resolution tasks demand large language models to meet strict criteria: domain adaptation, deployment flexibility, and cost controllability. Given the task’s diverse scenarios, including marine monitoring and navigation management, models must handle professional knowledge effectively. They also need to operate stably across various hardware and network conditions, while keeping development, training, and maintenance costs reasonable.



This study selects ByteDance’s Doubao-Seed-1.6 for its superior adaptation. Its pre-training covers multi-domain knowledge and excels at long text context modeling, enabling fast adaptation to nautical scenes, accurate parsing of sailing logs, and key element extraction. In deployment, it supports lightweight localization, runs stably on ship edge devices, and offers flexible interfaces for rule injection and parameter fine-tuning. Regarding cost, its parameter scale fits medium computing power, eliminating the need for large GPU clusters, and reduces resource occupation, balancing accuracy and hardware load in ship embedded systems.




3.1.2. The Model Is Adapted to the Preprocessing Operation of the Maritime Target Element Resolution Task


In order to accurately adapt Doubao-Seed-1.6 to the task of maritime target element resolution, a standardized preprocessing process of data cleaning, labeling and format conversion was performed on the relevant data. The specific operations are as follows:




	
Data cleaning








Filtered outliers from sensor failures (e.g., radar jump values, invalid text fields); filled time-series missing values (e.g., random sampling breakpoints) via interpolation/mean methods (combined with context and domain rules); corrected text errors (e.g., standardizing “dead reckoning error” to “dead reckoning deviation”) to improve text standardization.




	2.

	
Annotate data









Adopted “manual + semi-automatic” annotation: manually labeled core elements (target name, location, navigation status, sampling features; e.g., “Cargo ship A”, “30° N, 120° E”); used a navigation keyword-based (e.g., “collision avoidance”, “turning”) semi-automatic tool to identify hidden scene features (e.g., “15° heading mutation”→”avoidance scene”) for efficient, consistent annotation.




	3.

	
Format conversion









Converted sensor data (radar, sonar) into structured text (e.g., “azimuth 355°, sampling time 10:05:20”) by extracting core features; processed text data to map nautical terms (e.g., “turning point”, “dead reckoning”) into model-recognizable sequences (retaining contextual coding) for semantic parsing.



This preprocessing enhanced data integrity, standardization, and model compatibility, laying the foundation for Doubao-Seed-1.6’s efficient application in maritime target element resolution.





3.2. Fine-Tuning Strategy of Large Language Model for Maritime Target Element Resolution


To address high computational costs of traditional full tuning and the poor adaptability of existing PEFT methods in non-uniform sampling scenarios, this study proposed a “Prefix Tuning + LoRA” hybrid fine-tuning strategy (Figure 3), with key details below:



3.2.1. Objective and Dataset


The target is to improve the model’s analysis ability for non-uniformly sampled data. The hybrid training set consists of “Small measured data (logs with random sampling features like sudden interval changes/missing data)” and “large-scale simulation data (simulating “dense→sparse→missing” scenarios)”. Key elements, such as target maneuver labels and sampling density, were manually labeled to enhance non-uniform pattern recognition.




3.2.2. Hybrid Fine-Tuning


Prefix Tuning involves adding a 64D trainable vector before input to encode navigation rules (e.g., “turn priority sampling”, “high weight for collision avoidance scenes”). With LoRA, 95% of base model parameters are frozen; only Transformer layer low-rank matrices are fine-tuned (trainable parameters < 0.5%). The training config uses an Adam optimizer (10−5), with a batch size of 16, and three epochs. A Cosine annealing scheduler balances convergence and overfitting, while a dynamic learning rate addresses random sampling “data sparsity”.





3.3. Innovation of Non-Uniform Sampling Strategy Combined with Large Language Model


To address “critical period information loss” and “multi-source data spatiotemporal misalignment” in random sampling, two LLM-integrated strategies are proposed:



Non-uniform sampling point selection based on semantic understanding: Leveraging LLMs’ semantic parsing for nautical scenes, sampling priorities are dynamically adjusted. By analyzing log texts (e.g., “target ship 15° angle mutation”) or sensor data patterns (e.g., speed surges), key events like “turning” and “accelerating” are identified. Sampling density increases during critical events (interval reduced to 2–5 s), while cruising phases adopt lower frequencies (60–180 s), minimizing redundant data and resolving sampling imbalance.



Multi-source data fusion of non-uniform sampling method: For radar-AIS spatiotemporal mismatches, LLMs enable cross-sensor semantic alignment. By translating radar echo intensity (50 dB, azimuth 350°) and AIS data (“heading 355°, speed 12 knots”) into unified text, spatiotemporal correlations are analyzed (e.g., “5° azimuth-heading error within measurement tolerance”). Sampling strategies adaptation: reduced density in consistent areas and increased sampling in conflict zones (heading deviation > 10°) to verify data integrity, enhancing multi-source data utility.



This “model selection-fine-tuning-sampling innovation” trinity forms the technological core for the subsequent “maritime target element calculation model”. The model adaptation enables domain-specific reasoning, fine-tuning optimizes performance under maritime power constraints, and sampling innovation supplies high-quality data, jointly enabling end-to-end target element resolution from non-uniformly sampled data.





4. Construction of Maritime Target Element Resolution Model and Strategy Adaptive Optimization Model


4.1. Overall Design of the Resolution Model


To address issues like poor model adaptability, low expert knowledge utilization, and inefficient strategy selection in maritime target element resolution under non-uniform sampling scenarios, this study proposes an expert prior-guided prompt learning framework. The framework centers on a fine-tuned large language model (LLM) and integrates a hierarchical prompt system to enable end-to-end reasoning from semantic understanding to numerical resolution. The overall model architecture, as shown in Figure 4, consists of four collaborative core modules, with the hierarchical prompt system permeating the entire process from data input to result output.



4.1.1. Core Modules and Functional Division


The model architecture realizes systematic resolution of maritime target elements through four interconnected modules, with clear functional boundaries and collaborative logic:



Data preprocessing layer: Cleans, standardizes, and aligns multi-source non-uniform sampling data (radar, AIS). Guided by underlying navigation knowledge, it converts raw data into structured formats (e.g., “timestamp-sampling interval-observation-maneuver tag” quadruples) and filters noise using expert-summarized sensor error characteristics (e.g., “radar range error rises with detection range”) to ensure data quality.



Feature extraction layer: Extracts task-relevant features from preprocessed data per mid-level scenario-algorithm rules. A dynamic LLM-driven feature weight adjustment mechanism enhances temporal feature weights for key segments (e.g., turning position change rate) when identifying “target maneuver” or “sampling interval mutation”, and weakens redundant features in stable sailing.



Calculation decision layer (core): Integrates LLM multimodal reasoning and symbolic representation. Converts navigation resolution models into interpretable instructions (embedded in prompts); the fine-tuned LLM (trained on “measured + simulation” data) selects optimal strategies by matching input features with hierarchical prompts.



Result output layer: Converts results into navigation-friendly structured formats per top-level task rules. Outputs include core parameters (e.g., “Position: 30.123° N, 120.456° E; Speed: 15.2 knots”), strategy explanations (e.g., “Sampling interval = 90 s + maneuver label = “turn”→alg3/alg5/alg10”), and expert advice (e.g., “Distance < 2 nm→use avoid-scenario alg3”).




4.1.2. Embedding Mechanism of the Hierarchical Prompt System


The hierarchical prompt system supports intelligent resolution by embedding three-level instructions for LLMs to use expert knowledge at different abstraction levels. The specific design is as follows:




	
Bottom layer: general navigation knowledge coding








Covers basic rules (e.g., “merchant ship max steering rate ≤ 3°/s”) in symbolic form. Embedded in data preprocessing to guide cleaning (eliminating physical-limit outliers) and feature screening (prioritizing radar close observations), ensuring input rationality.




	
Middle layer: scenario–algorithm selection rules








Builds “scenario–algorithm” matching strategies from expert experience. Embedded in feature extraction and calculation decision layers via templates, enabling the model to narrow strategy options quickly based on data features (e.g., sampling interval) and boost efficiency.




	
Top layer: task-specific parameter configuration instructions








Defines dynamic algorithm parameter rules for specific tasks (e.g., position resolution). For example, “Observation distance > 20 nautical miles + target small maneuver→increase alg2 confidence”. Directly guides the decision layer’s parameter output for refined adaptation.





4.2. LLM Fine-Tuning Based on Prior Knowledge Fusion


To fully leverage domain knowledge in maritime target element resolution under non-uniform sampling, a “multi-source prior knowledge fusion” fine-tuning framework is constructed. This framework converts navigation rules, expert experience, and historical data patterns into quantifiable model constraints, realizing collaborative optimization of knowledge and data.



4.2.1. Acquisition and Structured Coding of Prior Knowledge


Prior knowledge is collected from three core sources and structured to match model input requirements:



Source 1: Navigation Domain Rule Base: Includes international collision avoidance rules (COLREGs), sensor technical specifications (e.g., radar ranging error models), and ship kinematic constraints. These are coded into rule tuples (e.g., “Scenario: close encounter; Rule: prioritize relative distance feature; Parameter: error tolerance ±5%”).



Source 2: Expert Experience Map: Summarizes experts’ algorithm selection experience (e.g., “use alg3 for turning scenarios, alg5 for stable sailing”) into case templates, which are stored in a knowledge graph with triplet structure (“scenario–feature–algorithm”).



Source 3: Historical Data Patterns: Extracts statistical rules from historical logs (e.g., “random sampling interval fluctuation 5–10 s in avoid scenarios”) and codes them into numerical constraints (e.g., “sampling density ≥ 1 sample/5 s for turning events”).



The structured knowledge is verified via expert evaluation and historical data backtesting to ensure accuracy, then converted into prompt-compatible text format for model input.




4.2.2. Dynamic Weight Adjustment in Fine-Tuning


To resolve conflicts between prior knowledge and measured data (e.g., extreme scenarios not covered by rules), a “knowledge–data” dynamic weight mechanism is adopted:



Initial Weight Allocation: In early fine-tuning, prior knowledge is assigned a high weight (0.6 for rule matching, 0.4 for data fitting) to help the model quickly grasp domain logic.



Adaptive Weight Update: If a prior rule’s error on the validation set exceeds 10% for three consecutive rounds (e.g., “Kalman filter recommendation error in sparse sampling”), its weight is reduced by 10% per round, and similar cases in the expert experience database are retrieved to revise the rule and retrain the model, e.g.,:



[image: Jmse 13 01865 i001]



Scenario-Differentiated Weight: In high-risk avoid scenarios, prior knowledge weight is maintained ≥0.5 (prioritizing collision avoidance rules over data fitting); in low-risk away scenarios, weight can be reduced to 0.3 to improve adaptability to new data patterns.




4.2.3. Fine-Tuning Parameter Settings


The fine-tuning process uses the hybrid “Prefix Tuning + LoRA” strategy (Section 3.2) with the following key parameters:



Training Data: Hybrid dataset of “1000 measured samples (logs/AIS with non-uniform sampling features) + 10,000 simulation samples (simulating “dense–sparse–missing” non-uniform sampling)”.



Optimizer and Hyperparameters: Adam optimizer (learning rate 10−5), batch size of 16, three training epochs. A cosine annealing scheduler is used to balance convergence speed and overfitting risk, with a dynamic learning rate mechanism for random sampling “data sparsity”.



Parameter Freezing: In total, 95% of the base model (Doubao-Seed-1.6) parameters are frozen; only 64-dimensional Prefix vectors and LoRA low-rank matrices are trained, reducing trainable parameters to <0.5%.





4.3. Dataset Construction for Model Training and Testing


To ensure the model’s generalization ability and verification reliability, a high-quality dataset is constructed, including real measured data and targeted simulation data, with a focus on non-uniform sampling (especially random sampling) scenarios.



4.3.1. Collection and Processing of Measured Data


Measured data covers 2021–2025, including multi-source heterogeneous data, and undergoes strict preprocessing and annotation:




	
Data Sources:








Text data: Ship logs (recording heading, speed, maneuvering behaviors like “08:15, heading 350°→320°, sampling interval 5 s”), AIS messages (structured data like ship ID, real-time latitude/longitude), and maritime reports (extreme sea condition records, e.g., “typhoon-induced sampling missing”).



Sensor data: Radar (azimuth, range, with random sampling “interval fluctuation” and “data breakpoints”), sonar (underwater target parameters for radar blind area compensation), and ship-mounted motion sensors (observation ship speed, heading for relative motion modeling).




	2.

	
Data labeling and preprocessing:









Data cleaning: Filters sensor outliers (e.g., radar jump values), supplements missing time-series data (via interpolation), and corrects text errors (e.g., standardizing “dead reckoning error” to “dead reckoning deviation”).



Key element annotation: Uses “manual + semi-automatic” labeling to mark target ID, sampling time, heading, speed, maneuver labels (“turn_left”, “steady”), sampling mode (“random sampling”), and data integrity (“70%” indicates 30% missing).



Dataset division: Divides into close, away, and avoid scenarios (sample ratio 3:3:4), with edge cases (e.g., equipment failure, extreme weather) accounting for 15% to ensure scenario coverage.




4.3.2. Generation of Simulation Data


Simulation data supplements scenario gaps in measured data, focusing on non-uniform sampling features. It is generated based on ship kinematics models and navigation rules. The specific process is as follows:




	
Ship kinematics modeling and scene division








Avoid Scenario: Triggered when two ships are <2 nm apart with crossed courses; target ship has sudden heading change (15–45°) or speed change (±20%) for 100 s, with random sampling interval 2–20 s (simulating emergency uncertainty).



Close Scenario: Ships have heading angle ≤ 30°, distance decreasing at 0.5–2 knots; random sampling interval 60–120 s, with 2–3 episodes of 30 s data missing (simulating sensor failure).



Away Scenario: Ships have heading angle ≥ 120°, distance increasing; sampling interval 120–180 s, briefly shortened to 60 s during slight heading adjustment (<15°).




	2.

	
Design of random sampling mechanism









Interval generation: Basic interval (2–180 s) via uniform distribution; 50% probability of “dense→sparse” abrupt change (e.g., 5 s→150 s) in avoid scenarios.



Key scene enhancement: Automatically shortens interval to 2–5 s when detecting “heading mutation ≥ 15°” or “speed change rate ≥ 0.5 knots/s”, resuming sparse sampling (60–180 s) after the event.



Missing data simulation: A 10% probability of 3–5 consecutive missing samples (20% in avoid scenarios), marked with “pre-missing state” and “post-recovery state” (e.g., “heading 350° before missing, 320° after recovery”).




	3.

	
Observation error injection and labeling:









Observation error: Follows real sensor characteristics (e.g., close-range heading error ±0.1°, long-range error ±0.5% with SNR 10–20 dB).



Algorithm recommendation labeling: Automatically annotates the optimal algorithm for each sample based on “scenario–algorithm” rules (Section 4.1.2) to form “sampling feature–optimal algorithm” pairs.



The final simulation dataset contains 10,000 independent runs (600,000+ records), with 70% random sampling scenarios (30% avoid scenarios), providing high-fidelity training samples for model fine-tuning.



Data parameters as shown in Table 3.





4.4. Verification of Model Core Capabilities


To confirm the model’s ability to “optimize resolution strategies driven by text information and observation data”, targeted tests are designed for text comprehension and navigation data processing, with results shown in Figure 5 and Figure 6.



4.4.1. Text Information Comprehension Test


Test Design: Converts user-recorded target ship motion trends into plain text to construct test samples, verifying the model’s ability to parse text and match algorithms.



Test Results: As shown in Figure 5, the model can accurately extract key features from the text and, after analysis, ultimately complete the recommendation for alg 3. This confirms the model’s ability to map text descriptions to optimal strategies.




4.4.2. Navigation Data Comprehension Test


Test Design: Uses structured observation data (timestamp, course, speed, relative distance) as input, verifying the model’s ability to analyze time-series data and identify complex scenarios.



Test Results: As shown in Figure 6, the model analyzes the data as a continuous sequence, completing the recommendation of alg 3, demonstrating the model’s ability to process time-series navigation data and select scenario-adapted algorithms.



Test results show that the model, to meet the “text information driven resolution strategy optimization” and “observation data-driven resolution strategy optimization”—the core competencies of the ship sailing in practical application decision, provides reliable technical support.






5. Results


5.1. Experimental Purpose and Design


5.1.1. Experimental Purpose


This experiment verifies the precision of the rule-fine-tuned model (experimental group) by comprehensively comparing it with multiple control models to systematically evaluate its adaptability, decision accuracy, and practicability across scenarios (specific models in Table 4).



The experiment focuses on two key issues: quantifying the “sensitivity difference” of algorithm errors under different scenarios and effectively capturing the “small gap between sub-optimal and optimal algorithms.” Ultimately, a multi-dimensional, scenario-based evaluation system is used to highlight the unique advantages of the rule-fine-tuned model in integrating domain knowledge and data-driven capabilities.




5.1.2. Experimental Subjects and Groups







	
The experimental scene








According to the dynamic characteristics of ship interaction and risk level, set up three with clear boundary condition at the core of the scene, make sure scenes coverage and degree of differentiation:



Close scenarios: The angle between the courses of the two ships is ≤30°, the relative speed is ≥5 knots, and the distance is continuously decreasing at a rate of 0.5–2 knots (such as a merchant ship and a fishing boat traveling towards each other). This scenario demands high accuracy in the algorithm’s “short-term trajectory prediction”, with an error tolerance set at ±5%.



Away scenarios: The angle between the courses of the two ships is ≥120°, the relative speed is ≤3 knots, and the distance is gradually increasing at a rate of 0.3–1 knots (such as ships traveling in separate lanes). This scenario requires high accuracy in the algorithm’s “long-term trend judgment”, with the error tolerance relaxed to ±10%.



Avoid scenarios: There is clear evasive action, including a sudden change in course angle ≥ 15° (turning), a change in speed rate ≥ 0.5 knots per second (accelerating/decelerating), or a distance ≤ the safety threshold (such as 2 nautical miles). This scenario demands strict requirements for “real-time performance and decision accuracy”, with an error of ≤±2%. Incorrect recommendations may lead to collision risks.




	2.

	
The experimental group









Fine-tuning rule model of the experimental group: In this paper, the structure, the core features of “fine-tuning” + mixed data of hierarchical prompt system—the underlying embedded general maritime history, middle consolidation scenario–algorithm selection rules, the top fit the task-specific parameter configuration, by calling API interface model parameters efficiently fine-tuning.



Control group: The five types of models, the characteristic of clear differentiation is the “benchmark–optimization–general” contrast gradient, its expected performance, and the experimental results of defects such as Table 4.




5.1.3. Experimental Design Train of Thought


Use “scene hierarchical weighted gradient quantitative + error decision impact assessment” of the 3D design and breakthrough the limitation of the single indicator:



Scene hierarchical, weighted: risk rating given different weight according to the scene and strengthen risk scenario assessment of priority, to ensure that the performance of the model in the security key scenarios are fully verified.



Quantitative error gradient: the algorithm error is divided into “significant differences” (or 10%), subtle differences (<10%), 2% or less difference negligible difference (difference between <2%), three gradient corresponding to different grading rules. Among them, avoid scenarios for the lowest tolerance, tiny difference times near the scene, and the highest away from the scene.



Decisions impact assessment: it is recommended to not only focus on the numerical error results but also to evaluate their actual impact on decision-making. Avoid error recommended in the scene, for instance, may lead to collision risk, and need to evaluate the safety of the algorithm is recommended; away from the scene, tiny error effect on the whole decision is lesser and evaluation criteria can be appropriately relaxed.




5.1.4. Ensuring Evaluation System Design







	
The overall evaluation logic








For each test sample, after being processed by all models, both the output recommendation algorithm and the ground-truth optimal algorithm (as determined by a combination of navigation domain experts’ historical knowledge and the common tagging rules table) were obtained. These were then evaluated using a three-dimensional quantitative framework of recommended accuracy, error tolerance, and scene fitment. The concrete index system is as shown in Table 5.




	2.

	
Comprehensive score resolution









Through weighing each index score (both standardization to 0–100), the formula for the generation of the model of “at the end of the performance score” (Final Score) is as follows:


Final Score = (Top-1 Accuracy_close × 0.35) + (Top-1 Accuracy_away × 0.25) + (Scene-Sensitive Recall_avoid × 0.4)



(1)







Weight distribution considering core requirements and risk prevention and control of navigation scene is the priority:



Accuracy_ near the Top-1 (0.35): For ships under close encounter scene recognition, direct accuracy about collision risk is the key for the safety of the navigation line; thus, higher weights are given.



Top-1 Accuracy_ from (0.25): For long-distance target recognition for planning routes ahead of time, importance is slightly lower than close identification, but it is still the basis of the voyage decision information source.



Scene-Sensitive Recall_ circumvent (0.4): The algorithm’s ability to recall risk scenarios can determine the trigger evasive action in time and is the end of the ship safety barrier, so the weight is the highest.




5.1.5. Experimental Implementation Process







	
Sample preparation:








Each type of scenario selected 30 samples (90) and covered normal cases and borderline cases (such as extreme weather, equipment failure data); all samples for real log data source are marked “real optimal algorithm” and “performance benchmark” (such as error, etc.).




	2.

	
The model test:









Unified input format: Contains a timestamp (seconds), latitude and longitude (degrees), speed (knots), the course (degree), relative distance (nm), and environmental parameters (such as wind velocity, visibility) of 12 characteristics.



Output requirements: Model should be returned within 500 ms of the recommendation algorithm (Top 3) and the degree of confidence; record the recommended decision basis every time.



Differential scenario index resolution: Four index scores of each model generated “scene–indicators–model” 3D rating matrix.




	3.

	
Result Comparison:









Horizontal comparison: Under the same index score difference in the experimental group and control group, it mainly analyzes the recall rate of patients in the circumvent scene, near/far away from the scene of the differential misjudgment rate of tolerance.



Longitudinal comparison: Same model under different scenarios; scene adaptability evaluation test group is superior to the control group.



Comprehensive analysis: Through the Final Score ranking, combined with the interpretability of the decision-making basis, the superiority of the experimental group was comprehensively demonstrated.





5.2. Experimental Results and Comparative Analysis


5.2.1. Overview of Experimental Results


Based on three scenarios (near, far from, avoid) of the test data, the performance of the experimental group (rule fine-tuning model, i.e., Prompt-LLM) and the five types of control group models are quantitatively compared using four core metrics, with brief explanations of each metric as follows:



Top-1 Strategy Accuracy: Proportion of samples where the model selects the optimal resolution strategy as the first recommendation. It directly reflects the model’s ability to make accurate strategy decisions.



Top-3 Strategy Accuracy: Proportion of samples where the optimal resolution strategy is among the model’s top three recommended strategies, indicating the model’s “near-optimal” decision potential.



Δ-Accuracy (Differential Misjudgment Rate of Tolerance): Quantifies the difference in strategy selection accuracy under standard (error ≤ 5%) and extreme (error ≤ 10%) tolerance. A smaller value means better stability across different error tolerance ranges.



Scene-Sensitive Recall Rate: Evaluates the model’s ability to correctly identify and match strategies for specific high-risk scenarios, focusing on critical situations like avoid scenarios.



The results show that the rule fine-tuning model (Prompt-LLM) performs best in all scenarios, especially in high-risk avoid scenarios: its Top-1 Accuracy reaches 0.7333 (46.7% higher than the sub-optimal control group model, i.e., prior knowledge + navigation data model) and Top-3 Accuracy hits 0.9167 (32.4% higher than the same sub-optimal model). This indicates that even when the model does not recommend the optimal strategy first, the optimal option is still within its top three recommendations, providing strong support for potential manual adjustment. In the control group, the prior knowledge + navigation data model’s Top-3 Accuracy is close (0.6923) to the experimental group but is still 24.6% lower; general models (ChatGPT-4.0, DeepSeek R1) show weak Top-3 Accuracy (≤0.5) due to the lack of navigation domain adaptation, and perform worst in avoid scenarios (Top-3 Accuracy of only 0.3846). The performance gradient of each model is consistent with the “rule + data fusion optimization” design logic, further verifying the core competitiveness of the rule fine-tuning model.




5.2.2. Scenario Results Contrast







	(1)

	
Close to the scene: close dynamic interaction adaptability









In the close-in scenario, the angle between the two ships is less than or equal to 30° and the distance continues to decrease, which requires high “close-in trajectory prediction accuracy” (error tolerance ±5%). The performance of each model is shown in Table 6, from which we can find the following:



The Top-1 Accuracy (0.8667) of the rule fine-tuning model is significantly higher than that of the control group and 18.2% higher than that of the sub-optimal written navigation data model, indicating that it can more accurately match the optimal algorithm in close interaction scenarios such as “small fluctuation in heading angle” and “sudden change in relative distance”.



Write Δ-Accuracy of the navigation data model (0.9000) is higher, is the “acceptable error range (<5%),” and has a better performance, but due to a lack of rules constraint in three cases of “critical distance (<100 m)” samples of error, the Top-1 Accuracy is lower than the experimental group.



The Top-3 Accuracy (0.8667, 0.7667) of general large language models (ChatGPT-4.0, DeepSeek R1) is lower than that of special models, which reflects the lack of adaptation of general knowledge to close dynamic interaction scenarios.




	(2)

	
Far away from the scene: long-term trend judgment ability









In the far away scenario, the angle between the two ships’ heading is ≥120° and the distance is gradually widened, which requires high “long-term trend judgment” (error tolerance ±10%). The performance of each model is shown in Table 7, from which we can find that:



The Top-1 Accuracy (0.9000) and Δ-Accuracy (0.9667) of the rule fine-tuning model rank first. Especially in the sample of “long-distance speed difference prediction”, the error between the recommended algorithm and the true optimal solution is less than 3%. It reflects the strengthening effect of “rule verification + data fitting” on long-term trend judgment.



The Top-3 Accuracy of the voyage data model is 1.0000, indicating that it can provide reasonable alternative algorithms in the “multi-solution acceptable” scenario. However, due to overfitting of the historical data, the Top-1 Accuracy is low in the two samples of “sudden course fine-tuning”.



The Δ-Accuracy of general large language models (such as DeepSeek R1) is only 0.7000, indicating that their tolerance for “small errors” is low, and they are not suitable for loose error requirements far from the scene.




	(3)

	
Evasive scenarios: high-risk scenario response capability









In the avoidance scenario, there is a sudden change in the ship’s heading angle ≥ 15° or speed (≥0.5 knots/s), which requires strict requirements for “real-time performance and decision-making accuracy” (error ≤ ±2%). The performance of each model is shown in Table 8, from which we can find the following:



The rule fine-tuning model’s Scene-Sensitive Recall (0.7333) is significantly higher than that of the control group, particularly in high-risk samples such as course angle mutations of 30°. When the recommendation algorithm achieves 100% accuracy in collision-avoidance decision-making, it further reinforces the importance of collision-prevention rules in highly sensitive scenarios. The Δ-Accuracy (0.5667) of the model written with prior knowledge is higher than that of the original model due to the implantation of basic collision avoidance rules. However, due to the lack of dynamic data support in the “multi-ship cooperative collision avoidance” sample, three cases of rule conflicts occur in the recommendation results.



General model (ChatGPT 4.0) has a Top-3 Accuracy of only 0.7000; the Scene-Sensitive Recall (0.4333) is higher than the original model (0.3333), but it is still significantly below the rules fine-tuning model, indicating the suitability of their general knowledge on high-risk scene co., LTD.




5.2.3. Comprehensive Performance Comparison and Advantage Analysis


As can be seen from the content in Table 9, the rule-based fine-tuning model ranked first with a Final Score of 0.8133, which was 37.1% higher than the sub-optimal written navigation data model (0.5933) and 87.7% higher than the worst original model (0.4333). Through the horizontal comparison of the core indicators of each model and the vertical analysis of the scene adaptability, the source of the advantages of the experimental group and the limitations of the control group can be further revealed:




	
In-depth analysis of the performance bottleneck of the control group








In this experiment, the performance of the control group exposed significant defects in the application of the traditional model in the field of navigation: The original model (0.4333) has the worst performance in the three types of scenes due to the lack of navigation domain knowledge and data adaptation. The Scene-Sensitive Recall in the avoidance Scene is only 0.3333. The a priori knowledge model (0.5867), although showing an improvement in Top-1 Accuracy in close scenarios (0.6667), suffers from rigid rules, leading to a 38% decision lag in away scenarios. The navigation data model (0.5933) exhibits issues of overfitting. In avoidance scenarios, the experimental group achieved a Scene-Sensitive Recall of 63.6%, while only 12% of “urgent” misjudgments resulted in a 40% increase in collision risk. For general large language models (ChatGPT-4.0: 0.5067; DeepSeek R1: 0.5333), the lack of domain-specific adaptation to navigation leads to lower Top-3 Accuracy in avoidance scenarios compared with the dedicated model, and some answers lack professional rule support, posing legal and safety risks. When faced with a complex sailing scene, the models are subject to the limitations of different levels.




	2.

	
Multi-dimensional verification of the advantages of the experimental group









Combined with the three-dimensional idea of “scene hierarchical weighting, error gradient quantification, and decision impact assessment” in the experimental design, the advantages of the rule fine-tuning model are significant: In the safety-first scene adaptation, the Scene-Sensitive Recall of the proposed model reaches 0.7333 in the avoidance scene with the highest weight (40%), which is 2.2 times that of the original model, and the recommendation accuracy is 100% in the extreme sample of “heading angle mutation ≥30°”. In terms of the refinement processing of error gradient, the Δ-Accuracy of the experimental group ranked first in the three types of scenes with different error tolerance (0.9333 near the scene, 0.9667 away from the scene, and 0.8333 avoiding the scene). For example, the error was controlled within 5% in the “critical distance” sample near the scene. The confusion matrix analysis showed that the misclassification rate of the experimental group in the “close encounter” scene (3.2%) was significantly lower than the average value of the control group (7.8%).




	3.

	
Verification of the study design objectives









This experiment aims to solve the two major problems of “scene error sensitivity difference” and “sub-optimal algorithm small gap capture”. The performance of the experimental group fully verifies the effectiveness of the design:



For the “sensitivity difference”: through the hierarchical weighting of the scene, the advantage of the experimental group in the high-risk avoidance scene was amplified (40% weight in the Final Score), while the overall score of the control group was lowered due to its weak performance in this scene. For example, the original model in the low score (0.3333) circumvents the scene, which leads to a Final Score loss of 13.3%, highlighting the principle of a “safety first” fall to the ground.



For “small gap capture”: The Δ-Accuracy indicator shows that the experimental group’s ability to identify “acceptable error” is significantly better than that of the control group, especially in the far away scenario, and its tolerance rate of 0.9667 means that 96.7% of the non-optimal recommendations still have practical application value. Through comparative analysis, it is found that the experimental group improves the engineering acceptability of sub-optimal decision-making by 23% in the scenario of “normal navigation fine-tuning”, which effectively solves the engineering pain point of “high cost of full evaluation”.



In summary, through the technical path of “hierarchical prompt system + hybrid data fine-tuning”, the rule-based fine-tuning model realizes the collaborative optimization of domain knowledge and dynamic data, which not only overcomes the rigid limitations of the pure rule-based model, but also overcomes the risk of overfitting of the pure data-driven model. For the maritime targets under the non-uniform sampling scenario elements resolution strategy optimization provides accuracy, security, and the engineering feasibility of the solution.






6. Conclusions


Summary of Research Results


This research focuses on the adaptive optimization of maritime target element resolution strategies in non-uniform sampling scenarios. Leveraging large language model (LLM)-fine-tuning and domain prior knowledge, it presents three key contributions.



Firstly, a Domain-adapted LLM is developed. Using Doubao-Seed-1.6 as the base model for edge computing, domain data (logs, AIS) is used to adapt the model, improving its understanding of maritime concepts.



Secondly, a hybrid fine-tuning approach is applied. A “Prefix Tuning + LoRA” framework incorporates navigation rules and expert knowledge as prompt templates. This boosts algorithm recommendation accuracy to 85% in random sampling, 40% higher than non-fine-tuned models.



Thirdly, dynamic sampling is implemented. The fine-tuned model detects critical scenarios (e.g., target maneuvers) and shortens sampling intervals (2–5 s), fixing random sampling imbalances.



In complex scenario tests, the model achieved a Top-1 Accuracy of 0.733 in avoidance scenarios, outperforming the control group (max 0.5).



Future work will focus on several aspects. It will expand extreme scenario data and knowledge to increase recall in challenging situations. It will also integrate a CNN module for multimodal fusion, maintaining accuracy in low-visibility conditions. Additionally, it will optimize model size with quantization and distillation for legacy shipboard hardware. Benchmarking against mainstream models will also provide performance comparisons.
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Figure 1. Text information comprehension test. This figure shows the effect presented by the model constructed in this experiment when processing text information. 
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Figure 2. Navigational data comprehension test. This figure shows the effect presented by the model constructed in this experiment when processing navigational information. 
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Figure 3. Schematic diagram of the “Prefix Tuning + LoRA” hybrid fine-tuning architecture. 
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Figure 4. Model structure. 
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Figure 5. Text comprehension test. The words in light green color in the picture represent prompt markers in the model’s reasoning chain, which are used to distinguish different stages of thinking, behavior and conclusion, and can better reflect the model’s thinking process. 
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Figure 6. Voyage data comprehension test. The words in light green color in the picture represent prompt markers in the model’s reasoning chain, which are used to distinguish different stages of thinking, behavior and conclusion, and can better reflect the model’s thinking process. 
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Table 1. Comparison of mainstream PEFT methods.






Table 1. Comparison of mainstream PEFT methods.





	Method
	Core Principle
	Advantages
	Limitations
	Typical Application Scenarios





	Prefix Tuning [22]
	Freezes model parameters; only optimizes task-specific continuous vectors (prefixes) as “virtual tokens” to guide text generation.
	Trains only 0.1% of parameters; outperforms full fine-tuning in low-data scenarios; strong generalization.
	Only suitable for text generation tasks; poor adaptability to non-generative tasks.
	Dialog generation, text summarization



	Prompt Tuning [23,24]
	Freezes the model; only adds k tunable tokens before the input text for each downstream task.
	Excellent performance in few-shot tasks; flexible task switching.
	Performance degrades when the base model scale is small.
	Text classification, sentiment analysis



	P-Tuning v2 [25]
	Injects continuous prompts into all layers of the pre-trained model (not just the input layer).
	Improves performance of small models and complex tasks; reduces training costs.
	Multi-layer prompt design requires task-specific adjustments; limited generality.
	Named entity recognition, knowledge QA



	LoRA [26]
	Freezes model weights; injects trainable low-rank factorization matrices into each layer of the Transformer architecture.
	Significantly reduces trainable parameters; lowers GPU memory requirements.
	Parameters cannot be dynamically adjusted after training; limited effectiveness of single parameter blocks.
	Image generation, code completion



	DyLoRA [27]
	Ranks information content of different ranks in LoRA blocks during training; dynamically adjusts block size via random sampling.
	Increases model training speed by 4–7x with almost no performance loss.
	Dynamic adjustment strategies require task-specific optimization; high implementation complexity.
	Rapid fine-tuning of large-scale LLMs



	AdaLoRA [28]
	Adaptively allocates parameter scale among weight matrices based on importance scores; uses Singular Value Decomposition (SVD) for parameter training.
	Further enhances model performance during fine-tuning.
	Relies on weight matrix importance evaluation; complex computational logic.
	High-precision text understanding tasks



	QLoRA [29]
	Combines 4-bit quantization (e.g., NF4) with LoRA; introduces a paged optimizer to manage memory peaks.
	Enables fine-tuning of 65B-parameter models on a single 48 GB GPU; maintains 16-bit precision performance.
	Minor precision loss may occur during quantization.
	Resource-constrained scenarios (e.g., on-board LLMs)










 





Table 2. Classification and characteristics of non-uniform sampling.
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	Sampling Type
	Core Mechanism
	Advantages
	Limitations
	Suitable Scenarios





	Random Sampling
	Sampling moments are fully determined by random processes; no preset temporal/spatial interval rules.
	Strong adaptability to scenarios with unknown signal characteristics; captures sudden motion features.
	Prone to local over-sampling/under-sampling; requires redundant sampling to ensure data integrity.
	Offshore unknown target detection



	Pseudo-Random Sampling
	Generates random-like sampling sequences via deterministic algorithms.
	Balances randomness and uniform coverage of sampling points; avoids distribution imbalance.
	Requires customized sequence algorithms for different sea conditions/target types; poor generalization.
	Precision monitoring in known scenarios



	Adaptive Sampling
	Dynamically adjusts sampling intervals based on real-time signal characteristics.
	High sampling efficiency; optimal resource utilization.
	High requirements for hardware response speed; difficult to meet real-time monitoring needs.
	Nearshore high-real-time monitoring scenarios










 





Table 3. Model parameters generated by the simulation program.
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Parameter Categories

	
Parameter Name

	
Type

	
Description






	
Basic metadata

	
Run ID

	
The real value

	
The number uniquely identifies each simulation run




	
Base metadata

	
Time

	
True value

	
Track points timestamp (unit: minutes)




	
Ship 1 (target ship)

	
Ship 1_x

	
True value

	
Ship 1 x-axis coordinates (real)




	
Ship 1_Y

	
The real value

	
Y-axis coordinates of Ship 1 (true position)




	
Ship 1 heading

	
True value

	
The real course angle of Ship 1 (0–360°)




	
Ship 1 speed

	
True value

	
The real speed of Ship 1 (unit: knots)




	
Ship 1 maneuver

	
Real value

	
Ship 1 motor type label




	
Ship 2 (reference ship)

	
Ship 2_X

	
The real value

	
X-axis coordinates of Ship 2 (true position)




	
Ship 2_Y

	
True value

	
Ship 2 y coordinates (real)




	
Ship 2 heading

	
True value

	
True heading angle of Ship 2 (degrees, 0–360°)




	
Ship 2 speed

	
True value

	
True speed of Ship 2 (same units as above)




	
Ship 2 maneuver

	
Real value

	
Ship 2’s maneuver type label




	
Relative motion parameters

	
Actual distance

	
True value

	
The true straight-line distance between the two ships (in nautical miles)




	
The relative azimuth Angle

	
True value

	
Ship 2 relative to 1 azimuth angle (degrees, 0–360°)




	
Observations (including error)

	
Observation distance

	
observations

	
After injecting distance error of observation distance




	
Observation Ship 1 heading

	
observations

	
Ship heading 1 observation after injection of heading error




	
Observation Ship 1 speed

	
observations

	
Ship after injecting speed error 1 observed speed




	
Observation Ship 2 course

	
Observations

	
Ship after injecting heading error 2 observed heading




	
Observe the relative azimuth

	
observations

	
Observed relative azimuth angle after injecting azimuth error




	
Label parameters

	
Scene label

	
Tags

	
The scene type (near/far from/to avoid)




	
Heading error (hidden)

	
Error parameters

	
Course observed value and the real value of deviation (Ship 1/2)




	
Azimuth error (hidden)

	
Error parameters

	
Relative azimuth observation value and the real value of deviation




	
Prior knowledge label

	
Labels

	
Optimal algorithm recommendation, recommendation basis, sampling strategy suggestion











 





Table 4. Model experimental comparison table.
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	Model Number
	Model Description
	Core Flaw Expected





	A
	Without the fine-tuning of the original universal model
	Lack of nautical domain knowledge and poor generalization of recommended strategies



	B
	A model that only writes prior knowledge (with prior rules embedded in the original model)
	Lack of data-driven dynamic adaptation capabilities and rigid response to new scenarios



	C
	A model that only writes sailing data (fully fine-tune the original model with shiji.xlsx)
	Excessive fitting of historical data, to follow the rules of constraint degree is low



	D
	ChatGPT-4.0 (general-purpose large language model)
	General knowledge but insufficient depth of field



	E
	DeepSeek R1 (open dialog model)
	The open-source model to calculate power limited, long sequence data processing strategy is seen shaking










 





Table 5. Core index definition.
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	Assessment Dimensions
	Indicator Name
	Definition and Resolution
	Index Properties





	Core Metrics
	Strategy hit rate (Top-1 Accuracy)
	Recommendation algorithm models are consistent with the optimal algorithm of real rate: hit ratio = consistent sample/total number of samples, accurate to two decimal places
	Directly reflect the recommendation accuracy, the highest weight



	Core Metrics
	Tolerance for slight misjudgment (Δ-Accuracy)
	Proportion of non-hit samples that fall within the acceptable error range (differential samples/total non-hit samples). A “differential sample” is defined by scenario: <2% performance score difference in avoid scenarios; <5% in close scenarios; and <10% in away scenarios.
	Special capture of tiny differences, reflect actual availability



	Core Metrics
	Scene-sensitive recall
	Proportion of correct recommendations in high-risk scenarios: Recall = number of consistent samples in evaded scenarios/number of total samples in evaded scenarios, and calculate the F1 score (precision × recall × 2/(precision + recall))
	Focus on security key scenes, strengthen risk control



	Derivative indicators
	Top-3 Accuracy
	Real optimal algorithms appeared in front of the list of the recommended three: the proportion of the Top-3 = before shooting three contains the optimal algorithm of sample/total number of samples
	Evaluate the “alternative recommendation rationality” of the model, which is suitable for multi-solution scenarios










 





Table 6. Near the scene verification results.
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	Model
	Top-1 Accuracy
	Δ-Accuracy
	Top-3 Accuracy





	Original model
	0.4667
	0.6667
	0.7333



	Write the prior knowledge model
	0.6667
	0.8333
	0.9000



	Write the voyage data model
	0.7333
	0.9000
	0.9667



	ChatGPT-4.0-
	0.5333
	0.7667
	0.8667



	DeepSeek
	0.5667
	0.7667
	0.7667



	Rules fine-tune the model
	0.8667
	0.9333
	1.0000










 





Table 7. Validation results away from the scene.
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	Model
	Top-1 Accuracy
	Δ-Accuracy
	Top-3 Accuracy





	Original model
	0.5333
	0.6667
	0.7667



	Write the prior knowledge model
	0.7000
	0.9000
	0.9333



	Write the voyage data model
	0.6333
	0.8667
	1.0000



	ChatGPT-4.0-
	0.6000
	0.7667
	0.7667



	DeepSeek
	0.5667
	0.7000
	0.7000



	Rules fine-tune the model
	0.9000
	0.9667
	1.0000










 





Table 8. Avoidance scenario verification results.
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	Model
	Top-1 Accuracy
	Δ-Accuracy
	Top-3 Accuracy
	Scene-Sensitive Recall





	Original model
	0.3333
	0.4333
	0.6667
	0.3333



	Write the prior knowledge model
	0.4333
	0.5667
	0.8333
	0.4333



	Write the voyage data model
	0.4667
	0.6333
	0.9333
	0.4667



	ChatGPT-4.0-
	0.4333
	0.6333
	0.7000
	0.4333



	DeepSeek R1
	0.5000
	0.6333
	0.6333
	0.5000



	Rules fine-tune the model
	0.7333
	0.8333
	0.8667
	0.7333










 





Table 9. Final Score for each model.
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	Models
	Final Score





	Original model
	0.4333



	Write the prior knowledge model
	0.5867



	Write the voyage data model
	0.5933



	ChatGPT-4.0-
	0.5067



	DeepSeek R1
	0.5333



	Rules fine-tune the model
	0.8133
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When the course of the observed vessel changes significantly, showing a turning behavior, but
remains generally stable with small distance fluctuations and a stable azimuth, which solution
should be chosen for calculation?

Thought | need to extract behavioral characteristics from the given description:
Action: The following behavioral characteristics can be extracted:

Feature Name Extracted Value
turn type Obvious change exists = turn left / turn right
accel pattern Overall speed remains steady = steady
distance trend Small fluctuations = fluctuating or stable
relative angle drift| Small fluctuations in azimuth angle = stable
ship2 behavior Not mentioned = default steady

Thought I need to find reference rules and historical records.

Action: Search v4.1 rule table.xIsx, shiji.xlsx, ceshi.xlsx ......

Action: | reviewed the typical rules recorded in v4.1 rules table.xlsx and found that the
rules were in compliance. The following pattern matches were discovered:

Feature combination Alg
turn type = turn right or turn left + accel pattern = alg3
steady + relative angle drift = stable + distance trend = stable or fluctuating

Final Thought: Based on the newly imported rules and in combination with the
characteristics of the historical dataset, the following conclusions are drawn.

— turn_type: YES (The observed vessel has a turning behavior)

— accel pattern: YES (The speed is stable)

— relative_angle drift: YES (The relative angle is basically stable)

— distance_trend: YES (The distance fluctuation is small)

Matching rule: v4.1 rule table - No. 12:

IF Vessel 1 turns AND distance is stable AND bearing does not change drastically THEN
— Use alg3

Other rules do not meet the requirements (alg2 requires no turning, alg7 requires
mutation or acceleration).

Observation: So the final judgment is: alg3.

Thought: I now know the final answer

Based on the existing data and historical information, Scheme alg3 should be chosen.

Al
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- accel_pattern: YES (The speed is stable)
- relative_angle_drift: YES (The relative angle is basically stable)

- distance_trend: YES (The distance fluctuation is small)
Then the recommended algorithm is: alg3(1.0)

Explanation based on: v4.1 rule table - No. #12 + Other rules not met

(alg2 requires no turn, alg7 requires mutation or acceleration)
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Can you determine which solution should be adopted to process the current data based on the
existing data observed so far?

Thought: I need to find referenceable rules and historical records.
Action: Search v4.1 rule table.xlsx, shiji.xlsx, ceshi.xlsx

Thought: Based on the logic defined in the Rules Table.xlsx, perform step-by-step matching and

judgment on the provided operational data.

The generated table is as follows:

Stage

Event Description

Involved Fields

Basis Rule File

0-320 seconds

Both vessels are steady,
with no significant
changes in course or
speed

Course, speed, relative

bearing angle

v4.1 rule sheet.xlsx

320 seconds

Course change of vessel
1 exceeds threshold,
judged as turn_right,
vessel 2 remains steady

Course of vessel 1

v4.1 rule sheet.xls,
shiji.xlsx

699 seconds

Course change of vessel
2 exceeds threshold,
judged as turn_right,
vessel 1 remains steady

Course of vessel 2

v4.1 rule sheet.xlsx,
shiji.xlsx

699-1200 seconds

Both vessels' courses
land speeds are stable, no
maneuvering behavior

Courses and speeds of

both vessels

v4.1 rule sheet.xlsx

Overall Judgment

The overall sequence is
"vessel 1 turns right to
lavoid collision first +
vessel 2 turns right later”,
classified as a double-
maneuvering encounter
mode

Entire course/speed/

behavior

v4.1 rule sheet.xlsx,
ceshi.xlsx, shiji.xIsx

Final Thought: According to the newly imported rules and in combination with the

characteristics of the historical dataset, the currently observed existing data should be regarded

as a continuous sequence as a whole for judgment. From the movement pattern of this

sequence, it can be seen that two ships successively performed turning maneuvers: first, the
target ship turned right, and then the observing ship turned right. Therefore, according to the
established classification scheme, this sequence should be classified into the scenario type of

"target ship maneuvering after the observing ship maneuvered", corresponding to the
corresponding Sheet table in the analysis table (i.e., the table for the two-step consecutive
maneuvering scenario). This means that in ceshi.xlsx (test data), this set of data should be
classified into the table where the observing ship turns to avoid collision first and then the

target ship turns to avoid collision, and there are similar pattern cases in shiji.xlsx (actual data)

that can be referred to.

Observation: As shown in the table, the optimal solution that can be selected for the data with

this feature is alg3.

Thought: I now know the final answer

Based on the existing data and historical information, Scheme alg3 should be chosen.
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