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High-speed rail is becoming the main transport option for medium-distance travel, thanks to its efficiency and
convenience. However, the increased frequency of operations causes significant infrastructure wear, raising both the
requirements and costs of maintenance. For these reasons, the AIRIS (Autonomous Intelligent Railway Inspection
System) project, jointly developed by COPASA and the University of Vigo, aims to automate inspections using
onboard optical sensors and artificial intelligence tools for the autonomous characterisation of railway infrastructure.
The system includes LiDAR sensors as well as global-shutter cameras for the automatic detection of track defects,
such as damaged concrete sleepers, deformations in the ballast bed, and issues with fastener elements. All this
defect information is integrated into a Large Language Model (LLM) decision-making framework, which, based
on pathology analysis data from the sensors, generates maintenance plans that account for factors such as resource
availability, damage severity, and uncertainties in defect detection. The output is a user-friendly tool that provides
maintenance operators with an inspection plan and recommended maintenance actions. This work presents the main
results of the AIRIS project, focusing on the system’s outcomes and uncertainties, as well as a quantitative analysis
of the proposed decision-making framework, evaluating the reliability of LLM-based solutions for planning and
decision-making in railway maintenance.
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1. Introduction

High-speed railway has become one of the pre-

ferred options for medium-distance travel, driven

by improvements in infrastructure, increasing de-

mand for sustainable mobility, and competitive

door-to-door travel times (Ye et al. (2022); Li

et al. (2023)). However, the increase in operating

frequency, together with the higher loads imposed

by heavy and high-speed vehicles, leads to signifi-

cant infrastructure wear, thereby increasing main-

tenance and inspection requirements (Zhan et al.

(2022); Consilvio et al. (2019)).

Traditionally, railway inspections have been

performed manually by human operators, who

visually verify on-site the condition of track

elements. This process is time-consuming and

resource-intensive, often requiring track closures

and thereby considerably increasing maintenance

costs. With the growing inspection requirements

associated with higher traffic volumes and operat-

ing frequencies, these costs are expected to rise

further, potentially compromising the economic

sustainability of the railway sector (Odolinski and

Boysen (2019); Binder et al. (2023)).
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To mitigate this issue, autonomous inspection

systems have been proposed in recent years to

automate these tasks using sensors embedded

in track vehicles such as trains or inspection

draisines. These solutions typically rely on optical

sensors, such as cameras or LiDAR, with com-

puter vision and artificial intelligence algorithms

for the automatic detection and characterisation

of defects. Recent works have successfully pro-

posed systems for the autonomous inspection of

track components, including fasteners, catenary

systems, ballast morphology, and the condition of

rail and fastening elements (Aldao et al. (2023);

Arain et al. (2024); Jeong et al. (2025); Olivier

et al. (2025)).

Although these models can reliably quantify

infrastructure damage, the information they pro-

vide must be integrated into decision-making

frameworks, and optimisation methods must be

established for planning maintenance operations

(Sedghi et al. (2021); Buurman et al. (2023)).

Traditionally, task scheduling has been addressed

using Mixed-Integer Linear Programming (MILP)

models, which mathematically define decision

variables (such as whether to perform a repair),

objective functions, and operational constraints to

optimise resource allocation. This approach has

been widely applied in previous studies, success-

fully optimising maintenance scheduling in both

construction and railway contexts (de Weert et al.

(2024); van Hövell et al. (2022); Costa et al.

(2024)).

However, the rigid mathematical formulation

of MILP approaches may not fully capture the

uncertainty and adaptability inherent in real-world

maintenance operations. By defining hard con-

straints, these models can sometimes produce in-

feasible solutions, and formulating a single objec-

tive function that balances cost, risk, and service

continuity is often challenging. Computational

complexity also grows rapidly with problem size,

limiting scalability for large infrastructures (He

et al. (2023); Figueroa et al. (2024)).

In contrast, large language models (LLMs)

have recently emerged as an alternative for task

scheduling. LLMs are AI models trained on vast

amounts of text and structured data to understand,

interpret, and generate human-like reasoning. In

the context of maintenance planning, they can

process inspection results, network information,

and resource availability, and use this knowledge

to autonomously generate flexible and adaptive

maintenance schedules. By reasoning over multi-

ple data sources and constraints, LLMs provide a

scalable approach that can prioritise actions, han-

dle uncertainty, and support decision-making be-

yond the limits of traditional MILP formulations

(Gao et al. (2024); Chen et al. (2025); Maggio

(2025); Bai et al. (2026)).

This work demonstrates the use of a large

language model (LLM) for autonomous railway

maintenance planning. The study is set within

the AIRIS project (Adaptive and Intelligent Rail-

way Inspection System), a collaboration between

the University of Vigo and COPASA to develop

optical-based autonomous inspection and main-

tenance systems. A regional case study in Gali-

cia, Spain integrates infrastructure defect maps

annotated by severity, railway network layouts,

and operational constraints such as maintenance

windows and vehicle availability.

The remainder of the paper is structured as

follows: Section 2 introduces the methodology,

presenting the training dataset generation and the

noise field reconstruction framework. In Section

3, the results are discussed and analysed. Finally,

the main conclusions of this work are included in

Section 4.

2. Methodology

Figure 1 depicts the workflow diagram of the

AIRIS autonomous inspection and maintenance

planning system. First (Section 2.1), infrastruc-

ture damage is detected and geolocated using an

autonomous defect detection system introduced

in previous works (Aldao et al. (2025); Aldao

et al. (2025)). Next (Section 2.2), the severity of

detected defects is assessed, and finally (Section

2.3), maintenance operations are planned using

a state-of-the-art LLM. The rest of the sections

explain the different steps of this methodology

in detail, providing an overview of the AIRIS

workflow.
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Fig. 1. Autonomous LLM-based inspection and main-
tenance planning diagram.

2.1. Damage Detection & Geolocalisation
For data acquisition, the inspection hardware

shown in Fig. 2 is employed. The system is de-

signed to be carried onboard railway vehicles,

such as maintenance draisines and trains, enabling

automatic data collection. It consists of a LiDAR

sensor and global-shutter cameras for measuring

ballast morphology and detecting track surface

defects, together with an onboard computer for

data synchronisation and navigation.

For defect detection (Fig. 3), a multi-modal

analysis is conducted by processing data from the

onboard sensors. Camera images are analysed in

two stages. First, a DeepLab V3+ neural network

is applied to characterise the different track ele-

ments and verify the presence of fasteners. Sub-

sequently, YOLO-based object detectors are used

to detect and estimate the size of smaller defects,

such as rust or cracks in the concrete sleepers. Fur-

ther details on the implementation can be found in

(Aldao et al. (2023, 2025)). LiDAR data are pro-

cessed by reconstructing point clouds and com-

paring their geometry against a reference railway

track model, which enables the detection of voids

and deformations in the ballast bed.

Once these pathologies are identified, their ge-

ographical position is computed. To this end, a

multi-modal navigation solution is adopted, com-

bining tachometer data, visual navigation, and

GNSS RTK, as introduced in previous work (Al-

dao et al. (2025)). This approach provides in-

creased robustness in areas with degraded GNSS

reception, such as tunnels or mountainous regions,

enabling accurate georeferencing within a Geo-

graphic Information System (GIS).

Fig. 2. AIRIS autonomous inspection hardware.

Fig. 3. Multi-modal analysis for autonomous defect
detection Aldao et al. (2023, 2025)
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2.2. Damage Severity Assessment

Once defects are detected, their severity is char-

acterised according to Table 1. Each pathology is

assigned a severity value ranging from 5 to 90,

representing its expected impact on the infrastruc-

ture. In this work, due to the lack of available data,

severity values are generated randomly within the

specified ranges. In a real-world application, how-

ever, this characterisation could be refined using a

decision-logic approach based on damage size, lo-

cation, and anticipated impact, informed by expert

judgement.

Table 1. Infrastructure defects and severity ranges

Defect Severity Range Repair time

Cracked sleeper 30–60 25 min
Missing bolt 50–80 2 min
Missing fastener 40–70 4 min
Rust 10–40 15 min
Stones over sleeper 5–20 1 min
Ballast void 50–90 3 min
Ballast deformation 40–85 10 min

2.3. LLM-Based Maintenance Planning

As a practical case study, the Galicia high-speed

railway network is considered, a regional network

comprising three main lines: Santiago–A Coruña,

Santiago–Vigo, and Santiago–Ourense. For the

LLM-based maintenance planning, a total of 251

defects were generated, distributed across the net-

work, with randomised severities and categories

as illustrated in Fig. 4.

Fig. 4. Case study of 251 defects with random severi-
ties in Galicia’s high-speed railway network.

To automate the scheduling of these inspec-

tion tasks, the problem was formulated as a

multi-objective constraint satisfaction problem

and solved using the Gemini 3.0 Pro LLM. De-

fect information was provided to the model in a

JSON file, including details such as pathology ID,

internal network location (kilometre position and

associated line), maintenance duration, and prior-

ity score. Additionally, the following constraints

were imposed:

(1) Kinematic Constraints: The vehicle can

only travel along the rail network shown in

Fig. 4. Distances between defect points are

defined by their kilometre positions along the

line. For nodes belonging to different track

sections, the vehicle must first pass through

Santiago de Compostela station to switch sec-

tions. Travel time between nodes is deter-

mined by distance and the vehicle’s typical

speed, assumed to be 80 km/h on average.

(2) Temporal Windows: Operations are strictly

limited to the maintenance window from

23:30 to 05:30. A soft constraint allows minor

exceedances past 05:30 only if justified by

proximity to a station or the need to com-

plete high-priority tasks. Total operation time

is computed as the sum of maintenance dura-

tions and travel times between nodes.

(3) Return to Logistic Stations: Upon complet-

ing each working journey, vehicles are re-

quired to return to a logistic station as indi-

cated in Fig. 4. The network includes four pri-

mary stations—A Coruña, Santiago, Ourense,

and Vigo—while additional smaller service

stations are available for vehicle storage as

needed.

Under these assumptions, the model was tasked

with generating inspection plans for different lev-

els of maintenance coverage. Three levels—low,

medium, and high—were selected to balance re-

pair time and expected defect detection, resulting

in a maintenance schedule specifying the opera-

tions to be performed. The number of operating

days was left for the model to determine, allowing

it flexibility to adjust based on the total required

repair time. All instructions were provided to the
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model via the prompt described in Appendix A.

3. Results

Figures 5, 6, and 7 show the spatio-temporal

scheduling for the three maintenance configura-

tions. In the high-coverage plan, the operations

take up to five days to complete all scheduled

repairs. On the first day, work begins at the Santi-

ago station, addressing the repairs closest to San-

tiago and progressing to an intermediate service

station, where operations pause until the follow-

ing day. The second day completes the Santi-

ago–Vigo track repairs, finishing the day’s sched-

ule in Vigo. Subsequently, the Santiago–Ourense

track is repaired over two days to complete all

planned tasks. On the final day, repairs on the San-

tiago–Coruña track are carried out, completing all

operations in a single journey.

Fig. 5. Spatio-temporal distribution of the high-
coverage maintenance plan.

In the intermediate plan, each line is repaired

in a single day, without stopping at intermediate

stations, only pausing at the main stations—Vigo,

Santiago, and Coruña—at the end of each working

day. To complete all tasks within three days, the

total number of repairs is reduced. In the fast low-

coverage configuration, the Coruña and Ourense

tracks are repaired in just one day, limiting the

number of maintenance actions to allow comple-

tion of all tasks in only two days.

Fig. 6. Spatio-temporal distribution of the medium-
coverage maintenance plan.

Figure 8 shows the percentage of performed

actions for the three configurations. In the high-

coverage plan, almost all maintenance actions

(99%) were completed, leaving only 1% unfin-

ished, which would require an additional inspec-

tion day. In the medium and low configurations,

the completed actions decrease to 67% and 52%,

respectively, due to the shorter available schedule.

The model prioritises defects with higher sever-

ity, focusing primarily on those most critical for

infrastructure health. This illustrates a clear trade-
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off between coverage and completion time.

Fig. 7. Spatio-temporal distribution of the low-
coverage maintenance plan.

Fig. 8. Percentage of maintenance actions completed
under the three maintenance plans.

Figure 9 further highlights this trade-off by

showing the number of performed maintenance

actions across configurations. For low-priority de-

fects, the low-coverage plan performs no main-

tenance actions, whereas for critical defects, it

closely approaches the number performed in the

higher-coverage plans.

Fig. 9. Distribution of maintenance action categories
across the three maintenance plans.

4. Conclusions

In this work, a comprehensive pipeline for au-

tonomous railway maintenance is presented, in-

tegrating an autonomous inspection solution for

multi-modal data acquisition with a decision-

making system based on a Large Language Model

(LLM). The approach utilises geolocated defect

maps characterised by severity magnitude. This

information is processed through a state-of-the-

art LLM to generate maintenance plans while

accounting for kinematic constraints of vehicle

movement, working time windows, and logis-

tic constraints of the railway network. Validation

on a simulated case study of the Galicia high-

speed network demonstrated the system’s abil-

ity to generate optimised maintenance plans for

varying levels of repair coverage. Results high-

lighted a trade-off between execution time and

thoroughness: a 99% defect resolution rate was

achieved in high-coverage scenarios (5 days),

while high-severity defects were effectively pri-

oritised in time-restricted, low-coverage configu-

rations (2 days).

Future work will focus on expanding LLM

integration to incorporate real-world historical

data, moving beyond the synthetic severity val-
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ues employed in the current study. This devel-

opment aims to support the transition toward

fully predictive maintenance and Structural Health

Monitoring (SHM) programs. Additionally, multi-

agent LLM architectures will be explored to man-

age complex, real-time disturbances in the rail-

way network, enabling dynamic rescheduling and

more detailed cost–benefit analysis for infrastruc-

ture management.
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Appendix A. Prompt for Inspection Plan
Generation

The following prompt was submitted to Gemini

3.0 Pro to automatically generate structured rail-

way inspection plans:

LLM Prompt

Develop a railway inspection plan using

the file maintenance tasks.json.

The output must be structured with the

fields: Day, Time, Location, Required ac-

tion, Pathology ID.

File contents: Each entry includes Main-

tenance ID, Pathology ID, line/station, ex-

act location, maintenance type, estimated

duration (min), night task indicator, and

priority score.

Network Topology and Distances: The

network is a star topology centered at San-
tiago. Distances between consecutive sta-

tions are approximate rail distances based

on the provided coordinates:

• Route 1: Santiago → A Coruña
(North)

– Santiago → Ordes: 28 km

– Ordes → Meirama: 12 km

– Meirama → Uxes: 11 km

– Uxes → A Coruña: 9 km

– Total Line Length: 60 km

• Route 2: Santiago → Vigo (South-
West)

– Santiago → Padrón: 20 km

– Padrón → Vilagarcı́a: 25 km

– Vilagarcı́a → Pontevedra: 25 km

– Pontevedra → Arcade: 12 km

– Arcade → Redondela: 8 km

– Redondela → Vigo: 10 km

– Total Line Length: 100 km

• Route 3: Santiago → Ourense
(South-East)

– Santiago → Boqueixón: 12 km

– Boqueixón → Silleda: 20 km

– Silleda → Lalı́n: 13 km

– Lalı́n → Carballiño: 25 km

– Carballiño → Ourense: 20 km

– Total Line Length: 90 km

Operational constraints:

• Vehicle operates only between 23:30

and 05:30.

• Maximum speed 80 km/h; travel

times must be calculated based on the

distances provided above.

• Vehicle may start at any station of the

previously mentioned waypoints.

• Service must end at a valid station of

the previously mentioned waypoints.

• If tasks are incomplete, continue next

day from the last station.

• Minor exceedances past 05:30 are al-

lowed only if justified and minimal

(close to station, short remaining task,

or high-priority task).

Objective: Generate a plan covering all

tasks realistically according to travel

times, time window, task durations, max-

imum speed, routes and stations, and any

other necessary parameters.

Required plans: Generate three separate

plans: (1) Fastest possible, (2) Interme-

diate solution, (3) Priority-based (Try to

repair as much as possible). Save each

plan as a separate CSV.


