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The Electro-optical Targeting System (EOTS) performs detection, tracking, and identification
of maritime and aerial targets using EO/IR sensors. However, in maritime surveillance
environments, operators must manually configure workflows such as multisensor control and
detection or tracking parameter settings, which requires considerable time and manpower and
hinders rapid response. To overcome these limitations, in this study, we propose an EOTS-AI
Agent framework based on a large language model (LLM). The proposed framework interprets
and analyzes natural language queries from maritime surveillance operators, autonomously
selects appropriate tools, and executes tasks step by step while providing an intuitive and
efficient natural language interface. The results demonstrate that the proposed framework
reduces operator workload and enables rapid, multicondition detection and tracking, thereby
significantly improving the efficiency and reliability of maritime surveillance operations.

1. Introduction

With the recent advances in generative Al (Generative Al), particularly large language
models (LLMs), capabilities in natural language understanding, complex reasoning, and code
generation have improved considerably, and the automation of complex business processes is
rapidly progressing. In the geospatial domain as well, there has been active discussion of the so-
called “geographic information system (GIS) copilot”/“autonomous GIS agent” approach, which
converts user requirements expressed in natural language into executable geoprocessing
workflows, and case studies have been reported in which an LLM sequentially organizes the
entire pipeline—from data collection, preprocessing, and analysis to visualization—into stages
of understanding, planning, and tool execution. For example, GeoGPT proposes and validates a
framework that structures natural language input into a sequence of procedures—"“think — plan
— sequential execution of GIS tools (execute)’—to produce the final analytical result, thereby
suggesting a direction that meets the practical requirement of orchestrating the execution of
multiple tools, which is inherently necessary in geospatial tasks.(!)

*Corresponding author: e-mail: choiys@uos.ac.kr
https://doi.org/10.18494/SAM6192

ISSN 0914-4935 © MYU K K.
https:/myukk.org/


https://doi.org/10.18494/SAM6192
https://myukk.org/

4260 Sensors and Materials, Vol. 38, No. 7 (2026)

Meanwhile, from the perspective of geospatial data retrieval, geospatial data question
answering systems that combine knowledge graphs with LLMs have been proposed,
demonstrating that even nonexpert users can perform data exploration that includes complex
spatiotemporal constraints through a natural-language-based interface. In these studies, large-
scale geospatial datasets and metadata are normalized into a domain ontology, and the LLM
infers relevant nodes and relationships while taking spatiotemporal conditions and semantic
constraints into account, thereby providing greater expressiveness and flexibility than traditional
keyword-based search.®

To reliably connect natural language instructions all the way to actual tool invocation,
execution, and verification, standardized tool interfaces and systematic tool discovery
mechanisms are essential, beyond ad hoc integrations at the level of individual applications. The
Model Context Protocol (MCP) proposed by Anthropic is an open standard that standardizes
secure bidirectional connections between Al applications and various data sources and business
tools; through a simple architecture in which developers expose data via MCP servers and MCP
clients connect to those servers, it unifies fragmented individual connectors under a single
protocol. In this way, heterogeneous systems such as in-house content repositories, business
systems, and development tools are integrated under one specification, providing a foundation
for efficiently accessing necessary information while maintaining contextual consistency.
Practical means of adoption are provided alongside the MCP specification, including software
development kits (SDKs), clients that support local MCP servers, and public MCP server
registries, and as various commercial and open-source developer tool ecosystems participate,
MCP’s status as a “standard interface for Al that connects data sources, tools, and workflows” is
being reinforced. Furthermore, the MCP Registry systematically supports tool discoverability
by providing clients with a list of servers.)

While MCP thus presents a standard interface for tool integration, in large-scale tool
ecosystems, there have been reports of limitations in which the LLMs’ tool selection
performance is easily degraded by prompt bloat and complexity of choice. Retrieval-augmented
Generation for MCP (RAG-MCP) proposes a structure in which, instead of indiscriminately
injecting all tool schemas registered in MCP into the prompt, an external vector index is used to
select only a small number of tools that are semantically highly related to the query in the order
of search — validation — invocation, and only the schemas of those tools are included in the
prompt. This design reduces unnecessary schema injection, lowering token costs while also
mitigating selection errors and hallucinations that intensify as the number of tools grows. In
various stress tests assuming an MCP environment, RAG-MCP showed more stable tool
selection performance and response consistency than simple injection approaches, and it was
confirmed that the system can be scaled in situations where tools are continuously added simply
by updating the index, without retraining. Ultimately, the RAG-MCP approach, which “separates
tool discovery into a search process”, provides a practical design principle for simultaneously
improving selection accuracy and cost efficiency in large MCP-based tool sets.®

In this study, we extend the discussion of LLM-based tool orchestration to the context of
maritime surveillance operations. The Electro-optical Targeting System (EOTS) is a key device
that performs target detection, tracking, and identification using EO and IR sensors. However, in
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actual operation, there is a limitation in that the operator must manually configure multistep
procedures such as multisensor control, mode switching, parameter setting and adjustment, and
exception handling. In particular, in maritime surveillance missions, operating procedures
branch in complex ways depending on target type, weather and visibility conditions, and rules of
engagement, which leads to high dependence on highly skilled operators and makes it difficult
to consistently apply optimal sensor operation strategies in real time.

To address this, we propose, in this paper, an EOTS-AI Agent framework that directly
integrates an LLM into the EOTS operating system. The proposed system takes natural language
queries as input, performs MCP-based tool discovery, and is designed to safely construct and
execute EOTS control commands through consistency verification of the selected tool schemas,
execution monitoring, and an automatic correction loop. In particular, considering that EOTS is
operated in a closed network environment isolated from external networks for the surveillance of
secure areas, the framework is implemented using an open-source LLM without relying on
commercial cloud application programming interfaces (APIs).

In this framework, a Qwen-series model, designed to support more than 100 languages, is
adopted as the core LLM. Qwen possesses language understanding performance that is
evaluated as comparable to or exceeding that of state-of-the-art models, especially for Asian
languages including Chinese, and Korean is also included among its primary supported
languages. This provides a basis for performing consistent question answering and reasoning
without loss of meaning even in environments where Korean-based operational commands and
other multilingual metadata coexist. In addition, by designing an interface that complies with
the EOTS integration protocol, the multilingual LLM capabilities are safely linked to actual
sensor control commands, thereby ensuring both the traceability and reliability of operating
procedures.

The remainder of this paper is organized as follows. In Sect. 2, we review related work, and
in Sect. 3, we describe in detail the architecture of the proposed EOTS-AI Agent system. In Sect.
4, we present the scenario-based evaluation methodology, performance test results, and
limitations, and in Sect. 5, we provide conclusions and directions for future research.

2. Related Work
21 LLM

Recently, LLMs, exemplified by OpenAI’s GPT series, have been reported to consistently
outperform previous-generation models across a wide range of tasks such as natural language
understanding, reasoning, code generation, summarization, and translation, as a result of
advances in pretraining using large-scale web, textual, code, and multimodal data, as well as in
alignment techniques. In particular, as their ability to decompose and execute complex
instructions step by step and to generate coherent responses within long contexts has improved
significantly, their scope of use has expanded from ordinary conversational agents to general-
purpose platforms that support complex interactions such as domain-specific tool invocation,
code authoring and modification, and comprehensive question answering over multiple
documents.®)
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Meanwhile, in terms of LLM alignment, principle-based alignment methods such as
“Constitutional AI” proposed by Anthropic are emerging as an important line of research. This
approach is aimed at training the model to suppress harmful or biased outputs while maintaining
usefulness and honesty by having another Al critique and revise the model’s responses against a
set of predefined principles (a constitution) and iteratively improving the original model using
that feedback. Such principle-based alignment research is evolving in conjunction with efforts to
secure safe and consistent response quality while improving long-context handling,
understanding of complex instructions, and transparency of the reasoning process, and more
recently, it has been extended to multimodal LLMs that handle multiple input modalities, such as
images in addition to text.(®)

In the line of open-weight LLM research, the latest version of the Qwen series, Qwen3, points
to one possible direction. According to the Qwen3 Technical Report, Qwen3 consists of dense
models and Mixture-of-Experts (MoE) models with parameter scales ranging from 0.6B to
235B. The detailed architectures of each are summarized in Table 1 (dense models) and Table 2
(MoE models). Qwen3 is designed to provide a continuous scale from lightweight to ultralarge
models within a single family, and by integrating, within a single model, a thinking mode for
complex multistep reasoning and a nonthinking mode for fast responses, and introducing the
notion of a thinking budget that allows the amount of reasoning to be adjusted in accordance
with task difficulty, it exemplifies a line of research on finely controlling the balance between
reasoning performance and latency. On the pretraining side, it is characterized by having
substantially enhanced multilingual and multidomain performance owing to the use of a massive
corpus of about 36 trillion tokens that cover various domains such as code, mathematics, science
and engineering (STEM), reasoning, and literature, and by expanding the supported languages
from 29 to 119 languages and dialects. Through this design, Qwen3 achieves performance close
to or competitive with commercial closed-source models on various benchmarks such as code
generation, mathematical reasoning, and agent tasks, while being an open-weight model under
the Apache 2.0 license, thereby enabling broad use in the research community and in industry,
including on-premises and air-gapped environments.(”)

Table 1

Model architecture of Qwen3 dense models.

Models Layers Heads (Q/KV) Tie embedding Context length
Qwen3-0.6B 28 16/8 Yes 32K
Qwen3-1.7B 28 16/8 Yes 32K
Qwen3-4B 36 32/8 Yes 128K
Qwen3-8B 36 32/8 No 128K
Qwen3-14B 40 40/8 No 128K
Qwen3-32B 64 64/8 No 128K
Table 2

Model architecture of Qwen3 MoE models.

Models Layers Heads (Q/KV) #Experts (total/activated) Context length
Qwen3-30B-A3B 48 32/4 128/8 128K

Qwen3-235B-A22B 94 64/4 128/8 128K
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2.2 Research cases of Al agents in the field of geospatial information

Research on agentic GIS centered on LLMs has, in recent years, rapidly developed toward the
automation of the entire “data collection—analysis—visualization” pipeline on the basis of natural
language. In particular, Ning et al. directly addressed the bottleneck of “data acquisition”, a
prerequisite task in spatial analysis, and proposed an autonomous GIS data collection framework
(LLM-Find) that enables an LLM to autonomously select data sources and download the
required geospatial data through code generation, execution, and self-debugging.®) This
framework introduces a two-tier structure consisting of a “data source index” and source-
specific “handbook repositories”, so that the LLM interprets the request, selects an appropriate
source, and then consults source-specific access protocols, authentication procedures, and
example code in order to retrieve the actual data. The authors implemented a prototype in the
form of a QGIS plugin and a Python program, and used case studies involving heterogeneous
data sources such as OpenStreetMap (OSM), the U.S. Census, ESRI World Imagery,
OpenTopography, OpenWeather, and NYTimes COVID-19 to demonstrate that consistent
automatic collection is possible. This is evaluated as a pioneering attempt to structurally
formalize the “data search and acquisition” layer in the discourse on autonomous GIS.®

2.3 MCP

One of the recent notable trends in LLM tool integration and agent orchestration is the MCP
proposed by Anthropic (Fig. 1). MCP is an open standard designed to connect Al systems,
including LLMs, with external data sources and business tools, replacing the previous approach
of implementing separate connectors for each system with integration through a single protocol.
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Fig. 1.  (Color online) MCP.
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Within a unified architecture, developers can configure MCP servers that expose data and MCP
clients that connect to multiple servers, thereby providing models with various capabilities—
such as file reading, function execution, and contextual prompt provision—in a standardized
manner. In its official announcement, Anthropic likened MCP to a “USB-C port for AI”, stating
that its goal is to integrate heterogeneous resources—including local file systems, databases,
cloud services, and business applications—under a single interface. Alongside its initial release,
Python and TypeScript SDKs, example servers, and reference implementations for major
systems such as Google Drive, Slack, GitHub, Postgres, and Puppeteer were provided, and as
MCP has since been adopted by various tools including integrated development environments
(IDEs), code assistants, and enterprise-embedded agents, it is reported to be emerging as a de
facto standard protocol for LLM access to tools, data, and workflows.®)

2.4 A case of optimizing large-scale MCP tool selection through RAG-MCP

Through RAG-MCP, we demonstrate a method for improving LLM tool selection accuracy
and reducing prompt bloat in environments where thousands of MCP tools coexist. The key idea
is that, for each user query, only the most semantically relevant MCP tools are selected from an
external index via semantic search, and only their schemas are injected into the LLM while the
rest are excluded, thereby simultaneously reducing the decision-making burden and token
consumption. In this way, the research structurally mitigates the problem whereby “the more
tool descriptions are injected at once, the harder the selection becomes and the more errors
increase”.® As shown in Fig. 2, RAG-MCP adds a tool-retrieval step before MCP-based tool
execution, so that only the relevant tool schemas are injected into the LLM prompt.

RAG-MCP

LLM LLM

(WESREEGE  MCP Result RAG-MCP Tool MCP

LLM LLM
(MCP) System /(¢

LLM

Fig. 2.  (Color online) MCP and RAG-MCP during inference.
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2.5 Agent frameworks for tool orchestration

LangChain and Llamalndex are representative general-purpose agent frameworks that
support tool selection and orchestration in LLM-based systems. These frameworks commonly
implement an agentic workflow in which natural-language queries are interpreted, appropriate
tools are selected, execution results are incorporated, and subsequent steps are determined
iteratively.

In particular, LangChain provides a flexible orchestration architecture centered on repeated
tool invocation and agent execution, enabling the construction of complex multistep workflows.
Llamalndex, in contrast, places greater emphasis on context-augmented agents by tightly
integrating external data sources and RAG mechanisms. Together, these research and
development efforts indicate that tool orchestration has already become a widely adopted design
pattern in LLM-based systems, providing a general foundation for building autonomous or semi-
autonomous agent frameworks.®-10)

2.6 Maritime traffic-specialized LLM and agent studies

In this study, we summarized and organized a multimodal integrated reasoning navigation
support system that combines LLMs and MLLMs specialized for the maritime traffic domain to
simultaneously process AIS maritime chart videos and forward-looking camera navigation
videos, and to support decision-making that takes into account navigational regulations such as
International Regulations for Preventing Collisions at Sea (COLREGs). The research proceeds
from the premise that the maritime environment contains a large amount of domain-specific
information that differs from general data, and that existing systems remain focused on data-
fusion-based situation awareness and thus fail to connect to comprehensive reasoning grounded
in regulations and expert knowledge. Accordingly, it proposes a framework that reinforces
semantic interactions across multiple modalities and extends to reasoning-based action
recommendations that leverage legal rules and expert knowledge.(!)

Recently, domain-adaptive LLM agent studies have also been proposed to support natural-
language-based situation awareness and decision support in vessel traffic services (VTS)
environments. For example, VTS-LLM formulates risk-vessel identification as a knowledge-
augmented Text-to-SQL task and validates its performance across diverse query styles (e.g.,
command style, operational style, and formal natural language) by constructing a domain-
specific corpus and a query—SQL benchmark. In addition, by incorporating maritime domain
knowledge injection, relational reasoning, and a query-rethink mechanism, we reported
improved performance over general-purpose LLMs and SQL-centric baselines, thereby
demonstrating the potential of natural-language interfaces and real-time decision support for
VTS operations.(12)
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2.7 Commercial maritime Al systems

Al-based systems to support maritime operations are also increasingly adopted in commercial
settings.(13-15) Windward provides operational support based on agentic workflows, enabling
risk analysis and compliance responses by fusing multisource maritime data into a Maritime Al
platform.('®) In addition, Fujitsu has highlighted the potential of maritime Al agents to optimize
operations, improve safety, and support regulatory compliance in the maritime domain.(!#)
Moreover, Fujitsu has reported a case study on applying an Al-based vessel-collision-risk
prediction technique in the VTS context of the Singapore Strait.(1%)

3. Design and Implementation Framework of EOTS-AI Agent

Figure 3 shows the overall architecture of the proposed EOTS-AI Agent framework. The
framework is designed with an EOTS AI Agent Side on the left and an EOTS Side on the right,
and the two areas communicate via an MCP client—server connection. First, the operator inputs a
natural language query (Step 1), and the LLM interprets this query and selects the tools and
workflows corresponding to the required functions (Step 2). In this process, the Tool Retrieval
module queries the list of tools and schemas registered on the MCP server and injects them into
the LLM’s system prompt, thereby enabling the LLM to explicitly recognize the space of tools
available for selection.

For the selected tool calls, verification and feedback (Step 3) are performed, including
schema consistency checking and safety inspection, and during execution, the Run-time
Monitoring & Self-correction module monitors the response format and exceptional situations
and supports the LLM in readjusting parameters when necessary. Finally, the confirmed tool
calls are delivered to the MCP server via the MCP client, where the actual tool execution takes
place (Step 4), and the execution results are then returned through the MCP client-LLM path
and presented to the operator in the form of natural language explanations, summaries, and
suggestions for follow-up actions (Step 5).

EOTS Al Agent Side EOTS Side

Run-time REST API EOTS

Monitoring & 4. Invoke Tool 3 > Operation
Self-correction : S/W
MCP e MCP A
o990  1query Schema 5. Result Client | “| Server J

' Y S Alignment

Human EOTS
H/W

2.tool &
workflow
selection

3. Validation )
& Feedback Tool List &

Schemas
System Prompt

LLM <t [ 10l Retrieval

Fig. 3. (Color online) Framework of EOTS-AI Agent.
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3.1 Tool retrieval module

In the proposed framework, the Tool Retrieval module functions as a tool catalog and
alignment layer that mediates between the LLM and the MCP-based tool set. First, the module
periodically collects and normalizes the list of tools and input schemas provided by the MCP
server, maintaining an internal catalog that includes each tool’s name, argument structure, and
purpose (e.g., status query, control command, diagnostic function, etc.). At the start of a session,
this catalog is inserted into the system prompt in the form of a summarized JavaScript object
notation (JSON) schema, so that the LLM interprets queries with an explicit awareness of
“which tools are currently available and with what kinds of arguments they can be invoked”.
Through this mechanism, while analyzing the user’s natural-language instructions, the agent can
autonomously plan which of the available tools to map to the functions required for EOTS
operation and how to construct the arguments with which to call them.

3.2 Run-time monitoring and self-correction module

This module is responsible for closed-loop control before and after the execution phase.
Before tool execution, it prevents structural errors by pre-validating missing parameters, format,
range, and units of commands through the schema alignment module described in Sect. 3.3.
After execution, it summarizes and organizes the success/failure information, key metrics, and
error messages returned by the EOTS and feeds them back to the model, thereby inducing
parameter reset, retry of corrected commands, and progression to subsequent steps. Through
this cyclical procedure of “pre-consistency verification — execution — result summarization
and feedback — modification and re-execution if necessary”, the module systematically
improves operational stability and success rate.

3.3 Schema alignment module

This module serves to verify the correctness of the tool calls generated by the LLM before
they are actually executed. Specifically, it checks
(1) whether any required parameters are missing,
(i) whether the data types of the values and any enum values to be selected match the schema,
(ii1) whether the values fall within the allowed ranges (minimum/maximum) defined in the
schema, and
(iv) whether units such as angles and speeds are expressed consistently and whether the notation
format is valid.

If any issues are detected during this inspection process, it briefly summarizes which items
are missing and what formats, units, and ranges are required, and sends this information back to
the LLM to induce it to rewrite the command within the same session. By separating verification
and correction into this pre-execution stage, structural errors can be blocked in advance, thereby
improving the completeness and consistency of tool calls.
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4. Case Studies

To demonstrate the capabilities of the proposed EOTS-AI Agent, maritime surveillance
missions were provided to the agent in the form of natural-language queries. The test cases were
designed by the authors with practical field experience, focusing on queries required for EO/IR-
based target detection, tracking, and identification. Figure 4 shows an example of the EOTS-AI
Agent GUI used in the experiments: on the left, an EO/IR surveillance video is displayed, and on
the right, an interactive interface is presented where the operator inputs queries in natural
language and the agent reports responses and control status. It is noteworthy that no separate
advanced prompt-engineering techniques are required to design task requirements. Even users
who have expertise in the maritime surveillance domain but no prior experience in using LLMs
can configure the required surveillance and control tasks using only the natural-language
expressions they ordinarily use, as shown in Fig. 4. These example cases were classified into
three levels—Basic, Intermediate, and Advanced—on the basis of the degree of automation
difficulty and the scope of work.

4.1 Basic-level tasks

Basic-level tasks are generally composed of a single command, and the procedure carried out
by the agent can be summarized in four steps: natural language command interpretation —
selection of appropriate tools — parameter application — verification of equipment operation.
Experiments at this stage were conducted on basic operations required for EO/IR sensor
operation, and whether the natural language commands were executed as intended was
evaluated. A representative list of specific tasks is summarized in Table 3, and all test cases are
attached in the appendix.

EOTS Operation View ( EO/IR T em LIVE - Link OK EO

o On-premise Qwen LLM

Sensor: EO /IR ) ( Mode: Auto Surveillance Controlleg.by, AM‘ -

How many ships are currently B

in zone C?

Two ships are currently detected in zone C
using EO/IR video.

- Target #1: distance = 3.2 km, moving to port
side

- Target #2: distance = 4.0 km, estimated as
stationary.

o 4

o e A SR e

EOTS LLM Agent

Track the stationary ship
ECIGENTE

The stationary ship has been set as the primary target and the
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Azimuth and elevation are kept on the target while monitoring
speed and range continuously.

EOTS LLM Agent

Notify me immediately if a person is
detected.

Fig. 4. (Color online) EOTS AI Agent GUI.
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Table 3
Partial list of basic-level tasks.
No. Query
1 Switch to thermal mode
2 Switch to day mode
3 Switch to SWIR mode
4 Zoom EO camera to 3%
5 Zoom IR camera to 5x
6 Switch IR camera to black-hot
7 Switch IR camera to white-hot
8 Start day camera stabilization
9 Stop day camera stabilization
10 Start thermal camera stabilization

In general, basic-level tasks consist of the most basic functions in EOTS operation, such as
zoom adjustment, pan/tilt control, autofocus, automatic detection/tracking, and stop commands.
The evaluation criterion judged a case as successful when the requested command was executed
normally and the equipment showed the expected behavior, and as a failure when abnormal
behavior occurred or the requested behavior was not performed.

4.2 Intermediate-level tasks

Intermediate-level tasks consist of composite control operations executed by coordinating
two or more tools. To accomplish these tasks, the agent receives concrete, sequential instructions
such as “switch mode and then start autoscan”, “move to a specified bearing and then adjust
zoom”, or “activate autotracking mode after autodetection”. The list of such tasks is summarized
in Table 4, and all test cases are provided in the appendix. In particular, sensor mode switching
is represented by queries such as “Switch to thermal mode then zoom IR camera to 5x” and
“Switch to day mode then zoom EO camera to 3x”, while azimuth/elevation motion is
represented by queries such as “Rotate left 20 degrees then tilt up 5 degrees”, “Rotate right 30
degrees then tilt down 3 degrees”, and “Move to azimuth 30 degrees then move to elevation 3
degrees”. In addition, the set includes multi-step commands that frequently appear in EOTS
operating procedures, such as distance measurement (“Start distance measurement then show
target position”) and automatic scan-based surveillance (“Show autoscan list then start
autoscan”). Even though the stepwise procedures are explicitly specified, the agent must still
select the appropriate tool for each step and execute them in the prescribed order. A task is
considered successful if all steps are executed correctly in the intended sequence and the final
outcome matches the user’s request; it is judged as a failure if any abnormal behavior occurs at
an intermediate step or if the final result differs from the requested outcome.

4.3 Advanced-level tasks

Advanced-level tasks are not simple controls that end with a single instruction, but presuppose
a composite surveillance and control workflow composed of multiple procedures. At this level,
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Table 4
Partial list of intermediate-level tasks.
No. Query
1 Switch to thermal mode then zoom IR camera to 5x
2 Switch to day mode then zoom EO camera to 3x
3 Start day camera stabilization then run day autofocus
4 Start thermal camera stabilization then run thermal autofocus
5 Rotate left 20 degrees then tilt up 5 degrees
6 Rotate right 30 degrees then tilt down 3 degrees
7 Move to azimuth 30 degrees then move to elevation 3 degrees
8 Increase pan speed then increase tilt speed
9 Turn on thermal camera then switch to thermal mode
10 Turn on day camera then switch to day mode

the user provides only high-level goals in natural language, such as “If there is any vessel near
the left red lighthouse, automatically find it and keep tracking it.”, “Scan the entire coastline and
automatically focus tracking on any vessel you detect.”, “Find a target near the breakwater and
report its exact coordinates.”, “Patrol the lighthouse area and automatically start recording when
movement is detected.”, as presented in Table 5, without specifying the detailed execution
procedure (i.e., which tools to invoke and in what order). The full list of queries is summarized
in Table 5. In this stage, the agent must infer the user’s intent, select appropriate tools, and
autonomously organize the necessary control commands and follow-up actions to design and
complete the entire task pipeline. The evaluation criterion is the consistency at which this
autonomous design satisfies the user’s intended surveillance objectives and operational
procedures.

4.4 Performance evaluation

All experiments in this study were conducted on a single NVIDIA A100 80 GB GPU. The
LLM was served using vVLLM (an OpenAl-compatible server) with Qwen/Qwen3—14, and the
inference hyperparameters were fixed to temperature = 0.2 and max_tokens = 1024.

In this environment, we evaluated the performance of the EOTS-AI Agent by running a total
of 80 prompt-based experiments, consisting of the representative scenarios introduced in Sect. 3
and additional scenarios. The experimental tasks comprised 50 basic-level tasks, 20
intermediate-level tasks, and 10 advanced-level tasks. Each task was allowed up to three retries
with the same prompt; if the required procedure was not fully completed within three attempts,
the case was classified as a failure. Overall accuracy was computed as the proportion of
successful cases.

Table 6 summarizes the distributions of successes and failures across the three task levels.
All 50 basic-level tasks were unsuccessful succeeded on the first attempt, yielding a 100%
success rate. Likewise, all 20 intermediate-level tasks were completed successfully, with only
one case requiring a single retry, resulting in a 100% success rate. In contrast, among the 10
advanced-level tasks that required scenario-based autonomous planning, the overall success rate
was only 50%. This indicates that while the proposed framework operates reliably for basic- and
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Table 5
Full list of advanced-level tasks.
No. Query
1 If there is any vessel near the left red lighthouse, automatically find it and keep tracking it.
2 Scan the entire coastline and automatically focus tracking on any vessel you detect.
3 Continuously monitor this area and notify me immediately when any object appears.
4 Find a target near the breakwater and report its exact coordinates.
5 Perform full-area surveillance and continuously track the most suspicious target.
6 Check if there are multiple objects in the current view and prioritize observing the closest one.
7 Perform long-range surveillance and automatically stabilize the image when necessary.
8 Search for targets in this area and keep tracking the first one you detect.
9 When an object of interest is detected, automatically capture a snapshot.
10 Patrol the lighthouse area and automatically start recording when movement is detected.
Table 6
Performance evaluation of EOTS Al Agent Framework.
Type Total count Count of successful cases Countof  Overall success
of tasks First attempt Second attempt Third attempt  failed rate cases (%)
Basic level 50 50 0 0 0 100
Intermediate level 20 19 1 0 0 100
Advanced level 10 5 0 0 5 50

intermediate-level tasks, there remains substantial room for improvement in handling more
complex advanced-level tasks.

To further analyze the causes of failure in advanced-level tasks, we categorized the observed
behaviors at the task level into two non-overlapping types.

(1) noncompliance: where the agent failed to withhold execution or request clarification under
ambiguous user goals and instead proceeded with generic or assumption-based actions

(ii)wrong tool selection: where the agent misinterpreted a goal-only instruction and selected
insufficient or inappropriate tools, resulting in incomplete task execution

Table 7 summarizes the success or failure outcome of each of the ten advanced-level
scenarios together with the corresponding error taxonomy. Among the ten tasks, five were
successfully completed, while the remaining five failed owing to wrong tool selection. Notably,
no failures were caused by execution-time schema violations, as such errors were effectively
mitigated by the schema-alignment and pre-execution verification mechanisms.

The EOTS-AI Agent showed generally strong performance on basic- and intermediate-level
scenarios, but the following issues were identified for advanced-level scenarios. These findings
suggest concrete research directions for improving the framework’s reliability in real operational
settings.

Enhancing RAG over tool documentation: By vectorizing EOTS operation manuals and API
references, the system can retrieve preconditions and parameter examples with higher priority,
and inject procedural rules and real usage examples into the prompt.

Domain fine-tuning: By fine-tuning a Qwen-based model on EOTS operation logs, domain
knowledge can be internalized in the model, thereby improving the accuracy of command
interpretation and tool selection.
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Table 7
Task-level success/failure outcomes and error taxonomy for advanced-level scenarios.
No. Advanced-level query Error taxonomy Description
If there is any vessel near the left red
1 lighthouse, automatically find it and keep Success The framework correctly selected the tools

. appropriate for the request.
tracking it. Pprop d

Scan the entire coastline and automatically

The framework correctly selected the tools

2 . Success .
focus tracking on any vessel you detect. appropriate for the request.
. . . . The framework enabled monitorin
Continuously monitor this area and notify Wrong Tool . . g
3 . . . . but failed to execute the required alert/
me immediately when any object appears. Selection . . .
notification action.
The framework moved to the breakwater
4 Find a target near the breakwater and report ~ Wrong Tool and fired LRF, but omitted the required
its exact coordinates. Selection autodetection step needed to find the target
before coordinate measurement.
. The framework correctly recognized that
Perform full-area surveillance and « R y recognized th:
. .. most suspicious” target prioritization 1s
5 continuously track the most suspicious Success

unsupported and selected appropriate tools
without claiming unsupported behavior.
The framework correctly checked the
current view, found no detected objects, and
therefore did not claim unsupported closest-
target prioritization.
The framework enabled stabilization
correctly, but failed to select additional

target.

Check if there are multiple objects in the
6 current view and prioritize observing the Success
closest one.

Perform long-range surveillance and

. . . Wrong Tool . .
7 automatically stabilize the image when Seleftion tools such as zoom or azimuth adjustment
necessary. that were expected to support long-range
surveillance.
3 Search for targets in this area and keep Success The framework correctly selected the tools
tracking the first one you detect. appropriate for the request.
If the definition of an object of interest was
. . . not provided, the framework should have
When an object of interest is detected, Wrong Tool P T . .
9 . . asked for the criteria first; proceeding with
automatically capture a snapshot. Selection . .
generic detection and a manual snapshot
was incorrect.
The framework proceeded with generic
Wrone Tool detection and a manual snapshot despite the
10 Patrol the lighthouse area and automatically Selecgtion / absence of a clear definition of an object of
start recording when movement is detected. . interest; a more appropriate response would
Noncompliance

have been to withhold execution or request
clarification.

Such domain-specific knowledge augmentation is expected to structurally reduce incorrect
tool choices, parameter configuration errors, and missing steps in procedures, and in particular
to significantly improve the success rate and stability for complex operations and advanced-level

tasks.
5. Conclusions

In this study, we proposed an EOTS-AI Agent framework that operates EO/IR sensors based
on natural-language queries in a maritime surveillance mission environment. The proposed
system connects to existing EOTS operation software through a locally deployed server-side
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LLM (Qwen Instruct with vLLM runtime) and an MCP-based tool integration layer, and
systematizes a series of procedures: interpretation of natural-language queries — selection of
appropriate tools — parameter configuration — verification of execution results. Through this,
it was shown that operators can perform EO/IR sensor control and surveillance sequences using
only natural-language instructions, without directly handling detailed control commands or API
specifications.

The performance evaluation was conducted on a total of 80 prompts in a single NVIDIA
A100 (80 GB) GPU environment. The prompt consisted of 50 basic-level tasks, 20 intermediate-
level tasks, and 10 advanced-level tasks. As shown in Table 6, both the basic- and intermediate-
level tasks successfully completed all required procedures, achieving a 100% success rate,
whereas the advanced-level tasks achieved a 50% success rate due to failures in tool composition
and procedural design in some cases. This indicates that the proposed framework is sufficiently
practical for basic sensor control and simple sequence execution, but a conservative interpretation
is still necessary for high-complexity autonomous scenarios.

Several limitations were also identified during the study. First, for some prompts, schema-
level errors such as missing parameters or inconsistencies in units and value ranges occurred,
but these were addressed by strengthening the system prompt and enhancing the MCP tool
descriptions. Second, in situations such as the advanced-level tasks, where only the goal is given
and the procedure is not specified, the LLM’s ability to fully and autonomously design and
execute the sequence of tool selections and ordering was limited.

This study is meaningful in that it presents a concrete case showing that an open-weight LLM
+ MCP-based agent architecture can serve as a practical alternative for EOTS operated in a
closed-network environment. Future work will aim to systematically improve performance on
advanced-level tasks by enhancing RAG over tool documentation and applying domain fine-
tuning based on EOTS operation logs, thereby strengthening tool-selection accuracy and error-
correction capability.
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Appendix
Table 8
Full list of basic-level tasks.
No. Query
1 Switch to thermal mode
2 Switch to day mode
3 Switch to SWIR mode
4 Zoom EO camera to 3%
5 Zoom IR camera to 5%
6 Switch IR camera to black-hot
7 Switch IR camera to white-hot
8 Start day camera stabilization
9 Stop day camera stabilization
10 Start thermal camera stabilization
11 Stop thermal camera stabilization
12 Thermal autofocus
13 Day autofocus
14 Pan left 20 degrees
15 Pan right 30 degrees
16 Tilt up 5 degrees
17 Tilt down 3 degrees
18 Move to azimuth 30 degrees
19 Move to elevation 3 degrees
20 Increase pan speed
21 Decrease pan speed
22 Increase tilt speed
23 Decrease tilt speed
24 Stop
25 Power on thermal camera
26 Power off thermal camera
27 Power on day camera
28 Power off day camera
29 Turn LRF on
30 Turn LRF off
31 Start distance measurement
32 Show target position
33 Start thermal image enhancement
34 Stop thermal image enhancement
35 Start day image enhancement
36 Stop day image enhancement
37 Move to latitude 37°13°56”N longitude 129°32°25”E
38 Move to left red lighthouse preset position
39 Move to right breakwater preset position
40 Get detected object list
41 Start autodetection
42 Stop autodetection
43 Start autotracking
44 Stop autotracking
45 Show autoscan list
46 Start autoscan
47 Stop autoscan
48 Start recording
49 Stop recording
50 Start capture
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Table 9
Full list of intermediate-level tasks.
No. Query
1 Switch to thermal mode then zoom IR camera to 5x
2 Switch to day mode then zoom EO camera to 3x
3 Start day camera stabilization then run day autofocus
4 Start thermal camera stabilization then run thermal autofocus
5 Rotate left 20 degrees then tilt up 5 degrees
6 Rotate right 30 degrees then tilt down 3 degrees
7 Move to azimuth 30 degrees then move to elevation 3 degrees
8 Increase pan speed then increase tilt speed
9 Turn on thermal camera then switch to thermal mode
10 Turn on day camera then switch to day mode
11 Turn on LRF then start distance measurement
12 Start distance measurement then show target position
13 Start thermal image enhancement then switch IR to black-hot
14 Start day image enhancement then zoom EO camera to 3x
15 Move to left red lighthouse preset position start autodetection
16 Move to right breakwater position then start autotracking
17 Show autoscan list then start autoscan
18 Start autoscan then start recording
19 Start recording then start capture
20 Start autodetection then get detected object list




