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Wind farm operators always need a better maintenance strategy to increase resource utilization effi-
ciency while controlling operation and maintenance costs. However, conventional maintenance 
decision-making approaches are time-consuming and have poor flexibility and adaptability to various 
scenarios. This study addressed these challenges by using a large language model (LLM) to understand, 
generate, and plan maintenance strategies for wind farms characterized by various failure modes and 
maintenance costs. A labelled-data-supervised fine-tuning LLM for maintenance, named LLM4M, is pro-
posed. The proposed LLM4M model is trained on an extensive dataset of mathematical programs for 
maintenance to generate optimal strategies for wind farms. Compared with other large parameter
LLMs, the fine-tuned LLM4M model demonstrates remarkable accuracy, with an error of approximately
2% from the optimal strategy. In addition, the generalization of the proposed LLM4M model has achieved
remarkable results. If the LLM4M model correctly generates the maintenance strategy, the maintenance
cost deviates from the optimal solution by only approximately 5%. Furthermore, phase transition behav-
ior is observed, which provides considerable guidance for the development of domain-specific LLMs for
the maintenance domain.

© 2025 THE AUTHORS. Published by Elsevier LTD on behalf of Chinese Academy of Engineering and 
Higher Education Press Limited Company. This is an open access article under the CC BY license

(http://creativecommons.org/licenses/by/4.0/). 
1. Introductio n

In the 21st century, global society has entered a clean energy
and low-carbon transition period [1]. Among the various renew-
able energy resources, wind power has the advantages of mature
technology, relatively long use experience, and low cost [2]. By 
the end of 2022, the newly installed capacity of wind power 
reached 85.7 GW globally and 37.63 GW in China as a single mar-
ket. According to the Global Wind Energy Association (GWEC) 
‘‘Global Wind Power Report 2022” prediction data, the newly
installed capacity of global wind power will continue to maintain
a stable growth rate of approximately 6.6% per year in the future,
and it is expected to approach 128.8 GW by 2026 [1]. 

Although wind power is environmentally benign, the opera-
tional availability of wind farms remains constrained. First, the
inherent intermittency of wind resources fundamentally restricts
continuous power generation, and second, wind turbines operating 
under severe environmental conditions are highly susceptible to
multiple failure modes [3,4]. These technical and environmental 
challenges collectively reduce system reliability and operational 
uptime and, in turn, increase the requirements for frequent main-
tenance of wind turbines. Operation and maintenance (O&M)
expenditure accounts for 30% of the total life cycle cost (LCC) of
onshore wind farms [2,5]. Consequently, wind farm operators 
always need an optimal maintenance strategy to increase resource
utilization efficiency while controlling O&M costs.

Two principal approaches exist for formulating wind farm 
maintenance strategies: conventional analytical [6–14] and 
machine learning (ML) techniques [15–22]. Considerable research 
efforts have been dedicated to developing optimized maintenance 
strategies through analytical approaches, including system model-
ing and simulation, mathematical programming, and heuristic 
algorithms. All these approaches have demonstrated their ability
to generate maintenance schedules for wind energy systems. The
system modeling and simulation approach analyses component
interactions and failure propagation mechanisms. This
rms by
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methodology emphasizes reliability assessment and lifecycle cost 
evaluation through virtual system representations [7–9]. Mathe-
matical programming adopts rigorous optimization frameworks 
(e.g., mixed-integer linear programming (MILP) and dynamic pro-
gramming) to achieve optimality under defined operational con-
straints, prioritizing precise resource allocation and temporal
coordination of maintenance activities [10,11]. Heuristic algo-
rithms, particularly metaheuristic techniques such as genetic algo-
rithms and particle swarm optimization, provide computationally 
efficient solutions for high-dimensional optimization problems,
sacrificing mathematical optimality for enhanced computational
tractability and real-world adaptability [12–14]. Notably, these 
analytical approaches tend to be time-consumi ng and have poor
flexibility in various scenarios.

Owing to advances in machine learning, particularly deep learn-
ing (DL), the field of maintenance decision-making for wind farms 
has been revolutionized and has witnessed a shift to data-driven 
approaches. The ML-based approach typically comprises two main
types: remaining useful life (RUL) prediction and maintenance
strategy decision-making. Methods based on artificial neural net-
works [17] and support vector machines [18] have been exten-
sively utilized for specifying maintenance strategies, highlighting 
the possibility of intelligent maintenance. However, the perfor-
mance of these ML-based models strongly depends on high-
quality data, which are often laborious and difficult to acquire.
Moreover, such approaches often struggle to handle big data, par-
ticularly when facing high-dimensional variables that exhibit
strong intervariable and intra-variable nonlinearity.

Recently, DL models have achieved remarkable progress across 
various domains owing to the exceptional ability of automatic fea-
ture extraction and robust nonlinearity modeling [19]. This charac-
teristic positions DL as an ideal candidate for wind farm 
maintenance decision-making, particularly in scenarios of long-
term or sequential maintenance decision-making. By leveraging 
DL methods in maintenance decision-making, intricate system fea-
tures and failure modes can be effectively extracted from the raw
monitoring data, thereby facilitating smart maintenance. Numer-
ous researchers have developed various DL-based methods, such
as deep Q-network [20], convolutional neural network [21], recur-
rent neural network [21], random forest and transformer models
[22], and have effectively applied them in maintenance decision-
making. However, the performance of these DL-based models 
strongly depends on the trained model, which usually has fixed 
inputs and outputs. Moreover, these models are highly sensitive
to the scenarios. Different scenarios require different DL models,
meaning that DL-based models have insufficient adaptability and
flexibility.

Recently, pretrained large language models (LLMs) have 
demonstrat ed excellent understanding and interpretability
[23,24] and have become powerful tools for natural language 
understanding and task generation. Owing to their advanced com-
prehension and few-shot learning capability, pretrained LLMs can
resolve many domain-specific problems, such as fault diagnosis
[25,26], RUL predictio n [27], risk assessment [28,29], and biochem-
ical materials research [24,30,31]. However, to our knowledge, 
maintenance decision-making using pretrained LLMs is still lack-
ing. This deficiency exists possibly because although LLMs exhibit 
strong generation capability in language-based tasks, their plan-
ning capability for maintenance planning tasks—which involve
nonlinguistic status information, complex failure modes, and
sequential decision processes—remains uncertain and
underexplored.

The fine-tuning of LLMs within specific vertical domains has 
gained widespread acceptance across various professional 
domains. In the clinical field, LLMs are being fine-tuned to enhance
medical diagnosis and treatment planning [32,33]. In the financial
2

field, fine-tuning LLMs enables more accurate risk assessme nt and
investment decision-making [34]. In the legal domain, fine-tuning 
LLMs helps in legal document analysis and case strategy formula-
tion [35]. Domain-specific fine-tuning of pretrained LLMs enhances 
their capacity to comprehend specialized tasks and yields strong
performance in vertical domain applications.

Considering the potential of LLMs in maintenance 
decision-making and the research gap, this study proposes an 
LLM-enabled solution for allocating maintenance teams and main-
tenance route planning on wind farms. The core of the method is 
an LLM trained on an extensive dataset of precise solution models 
for maintenance. The LLM model is used to capture the complex 
and potential relationships between the failure modes of turbines, 
the capability of the maintenance team, the number of mainte-
nance teams, and the layout of wind farms. By leveraging LLM
models, this study demonstrates the potential for maintenance
decision-making on wind farms across a wide range of wind farm
layouts and failure conditions, which is particularly valuable for
wind farm operation and maintenance. The expected contributions
of this study are as follows.
• First, pretrained LLMs and corresponding fine-tuning 
approaches in the domain of maintenance decision-making
are introduced.

• A domain-specific LLM is created by fine-tuning a pretrained 
LLM based on labelled data, with a considerable improvement
in the accuracy of the LLMs in maintenance decision-making
within and without the fine-tuning data.

• Guidance on developing maintenance strategies using LLMs 
with observed phase transition behavior.
The remainder of this study is organized as follows: The pro-

cedure of the proposed LLM-enabled framework is detailed in
Section 2. Section 3 proposes a prompt and fine-tuning 
approach based on low-rank adaptation (LoRA). Some experi-
ments in fixed-scenario and nonfixed-scenario are proposed in
Section 4. Conclusions and future research are presented in
Section 5. 
2. Problem descriptions and solution framework

2.1. Description of the wind turbine maintenance planning problem

Wind turbine maintenance scheduling can be characterized as a 
collaborative multiteam route optimization problem with three
key features [36]. First, a wind farm can be served by multiple 
maintenance teams with heterogeneous service capabilities, where 
considerable differences exist in repair time and cost across teams 
for distinct failure modes (e.g., crack, damage, dirt and peeled 
paint). Second, wind turbines are spatially distributed, with geo-
graphic distances between devices determining travel costs, neces-
sitating joint optimization of repair sequences and spatial 
transitions. Third, the problem focuses on single-objective cost 
minimization, aiming to achieve the lowest total cost (including
operational and travel expenses) through optimized team routing
and fault-handling strategies. Notably, this discussion exclusively
pertains to corrective maintenance interventions conducted after
equipment failure. This problem serves as an extension of the trav-
elling salesman problem (TSP), which incorporates multiteam
coordination, heterogeneous service constraints, and failure mode
dependencies to form an optimization problem [37,38]. To effec-
tively describe this problem, the symbols are defined as shown in
Table 1.

Then, the optimization objective can be described as follows:

min 
k K f V j V 

ctra 
k dfjxk 

fj 
f F m M

ck mdfmykf 1

move_t0005
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Table 1 
Definition of symbols.

Symbols Meaning 

Set of maintenance teams s quantity of maintenance teams
Set of wind turbines requiring maintenance
Set of failure modes
All nodes (including the set of nodes requiring maintenance
and the starting node 0)
Distance travel from node to node 
Travel cost per unit distance for maintenance team
Travel speed of maintenance team
Repair cost for maintenance teams to repair failure mode
Repair time for crew for failure mode
If the failure mode of the wind turbine f is it is 1. Otherwise, 
it is 0.
If the team travels directly from node to it is 1. Otherwise, 
it is 0.
If team is responsible for maintaining wind turbine it  is  1.  
Otherwise, it is 0

K , K i
F
M

F V 0 F V 

dij i j 
ctra 
k k 

k vk

k ck m m 
k m tk m

m, dfm 0 1

j, k xk 
fj 0 1 f 

k f ,  yk 
f 0 1
It aims to minimize the total travel and maintenance costs 
while ensuring that all wind turbines awaiting repair are accu-
rately and completely assigned maintenance teams for inspection 
and repair. Specifically, the objective function comprises two com-
ponents: the sum of travel costs incurred by each maintenance
team based on travel distance (or time), and the sum of labor repair
costs incurred by each team for different failure modes.

In maintenance scheduling, the following constraints exist:
• Maintenance task assignment constraint: Each wind turbine 
requiring maintenance must be assigned exclusively to one 
maintenance team, ensuring that no device is left unassigned
and that no redundant assignments occur.

k K 

yk 
f 1 f F 2

• Visit consistency constraint: If a maintenance team is assigned 
to repair a specific device, it must visit that device node, and
conversely, any visit to a node implies that the team is assigned
to that wind turbine.

j V 

xk 
fj yk 

i f F k K 3

• Route connectivity constraint: Each maintenance team must 
begin and end its route at the central depot, forming a closed-
loop path that traverses all assigned wind turbine nodes.

j I 

xk 
0j 1 k K 4

• Flow conservation constraint: At any intermediate node (ex-
cluding the depot), the number of times a team enters the node
must equal the number of times it exits, thereby ensuring con-
tinuity of the route.

i V 

xk 
if 

j V 

xk 
fj f F k K 5

• Non-exemptive assignment constraint: Each maintenance team 
must be assigned at least one repair task, preventing any crew 
from remaining idle and ensuring a balanced utilization of all
available teams in the schedule.

f F 

yk 
f 1 k K 6

• Subtour elimination constraint: Through the incorporation of 
sequence-indexed variables and the application of Miller–Tuck
er–Zemlin (MTZ) inequalities, the formation of disconnected
3

subcycles among visited nodes is prevented, ensuring that each 
route constitutes a complete inspection tour. An additional vari-
able is introduced to set this constraint as follows. 

uk 
i uk 

j F x kij F 1 i j F i–j k K 7

1 uk 
i F i F k K 8

The aforementioned equations collectively form a mixed-
integer linear programming model that integrates multivehicle 
routing planning with heterogeneous maintenance costs. This 
model not only reflects the disparities in team capabilities and
fault types encountered in actual operations but also employs
mathematical optimization techniques to derive cost-optimal
scheduling solutions.

2.2. LLM-enabled solution framework for maintenance scheduling

LLMs have demonstrated exceptional generalization capabili-
ties in solving complex problems, particularly in handling unstruc-
tured data, multimodal fusion, and dynamic decision-making
scenarios [39]. Considering the limitations of traditional opera-
tional research methods in modeling flexibility and computational 
efficiency when practical challenges such as heterogeneous team 
coordination, spatiotempor al coupling constraints, and multi-
failure mode interactions are addressed, this paper proposes a
novel LLM-driven maintenance planning framework as shown in
Fig. 1.

The proposed solution framework comprises the following
standardized steps:

Step 1: Demand clarification. This step involves systematically 
mapping the spatial distribution of wind turbines and compiling a
comprehensive list of units requiring maintenance to establish task
scope and scale.

Step 2: Information extraction. Specific failure types, geo-
graphic coordinates, and technical capability paramete rs of avail-
able maintenance teams are retrieved from operational databases.

Step 3: Model interaction. Problem descriptions are provided 
to our fine-tuned LLM, named LLM4M, using structured prompt 
template s, enabling natural language interaction to ensure full
model comprehension of maintenance objectives and constraints.

Step 4: Model reasoning. The LLM4M comprehends problem-
specific contextual information and employs deductive reasoning 
to dynamically adjust task allocations under operational con-
straints, ultimately achieving measurable cost reductions through
optimized resource scheduling.

Step 5: Solution delivery. Complete solutions are generated 
encompassing scheduling sequences, route optimization, and cost
estimation, resulting in executable operational plans.

The cornerstone is to develop a domain-specific LLM tailored for 
maintenance planning tasks, complemented by a purpose-built 
prompt engineering framework. This process necessitates the con-
struction of an extensive operational dataset to fine-tune the foun-
dational model, enhancin g its adaptability and decision-making
capabilities within equipment maintenance contexts. Detailed
formulations of the context-specific prompt templates and
fine-tuning methods will be systematically elaborated upon in
subsequent sections.

3. Methodol ogy

In this study, the location information of the nodes requiring 
maintenance of different failure modes in the wind farm, fault 
information, target and the quotes and moving speeds of each
maintenance team were filled into the prompt templates that
had been designed in advance. This batch of data was subsequently

k kui u0 0
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Fig. 1. Large language model-enabled maintenance planning solution framework.
employed to supervise and fine-tune certain parameters of the 
base model. Through continuous iteration, a dedicated LLM for
wind power maintenance can be obtained.
3.1. Construction of prompt

The design of prompt is crucial in the application of LLM
maintenance planning tasks [40,41]. It is mainly used to guide 
the LLM to generate constraints and output requirements that 
meet the corresponding maintenance problems. The prompt in 
this study mainly comprise four parts: problem scenario
description, problem parameter filling, output example, and out-
put constraint requirements. The prompt template is shown in
Fig. 2. 

When the problem scenario is described, namely, encoding the 
maintenance issue into the LLM input, the context of the problem, 
the faulty equipment involved, the basic situation of the mainte-
nance team, and the final goal of the maintenance must be clearly
and comprehensively presented. This approach ensures that the
LLM can accurately understand the essence and core points of
the problem.

When problem parameters are provided, a structured prompt 
template is designed, including multiple fillable positions. Rele-
vant information about the maintenance team and the specific 
description of the faulty equipment are extracted and used to fill 
these positions in sequence accordin g to the established order.
This design enables the prompt template to be flexibly adjusted
according to different scenarios. The introduction and examples
of the content that needs to be filled in each slot are shown in
Table 2.

In the context of output examples, the prompts of a few sam-
ples are designed to clearly specify the desired output format,
Fig. 2. Prompt template fo
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thereby enabling the LLM to accurately present key information. 
Following prompt guidance, the output results from the LLM can 
be more readily recognized and efficiently extracted by the pro-
grammed code, facilitating subsequent automated processing. 
Additionally, the output examples incorporate certain constraints, 
which assist the LLM in understanding the core aspects and bound-
ary requirements of the problem. To efficiently utilize the LLM and
minimize redundant output contents, the prompts are designed to
emphasize the direct output of the final result. This strategy not
only considerably enhances output efficiency but also allows for
rapid access to useful information.

The output constraints are the target constraints of the 
maintenance problem to be solved. In the tests of maintenance 
planning tasks, the output results of general LLMs are prone to 
missed repairs, repeated repairs, and so forth. To avoid this sit-
uation, the importance of these constraints must be emphasized
in prompt to ensure that the output of the LLM meets the con-
straints of the problem. Fig. 3 shows an example of a prompt 
for a maintenance question generated using the prompt
template.
3.2. Fine-tuning based on low-rank adaptation

This study primarily employs the LoRA method for supervised
fine-tuning to adjust the LLM [42]. The core of this approach lies 
in freezing the original weight parameters of the pretrained model 
and achieving efficient parameter updates by introducing trainable
low-rank decomposition matrices. A schematic of the LLM before
and after fine-tuning is shown in Fig. 4.

Specifically, for the pretrained weight matrix where 
represents the set of real numbers. The parameter update form

defined by LoRA is expressed as follows:

W0 Rd k ,
R 
r maintenance tasks.
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Table 2 
Slot definitions and examples used in maintenance task prompts.

Slot Definition Example 

Number of maintenance teams ‘‘3” 
Output example ‘‘{team1: [2,5,9], team2: [1,4,7,10], 

team3: [3,6,8]}”
Number of nodes requiring
maintenance

‘‘10” 

Cost of moving the
maintenance team

‘‘200 USD” 

The speed at which each
maintenance team moves

‘‘with speeds of 8 km h−1 for Team 1, 
8  km  h− 1 for Team 2, 7 km h−1 for
Team 3”
‘‘for Team 1, 4789 USD (crack), 1967 
USD (damage), 4237 USD (dirt), and
3866 USD (peeled paint); for Team
2...”

Maintenance for each 
maintenance team for
different failure modes

The location of each fault site ‘‘Fault Point 1: Failure mode is crack, 
coordinates are (47, 33); Fault Point
2: failure mode is crack, coordinates
are (29, 46); ...”

X1 
X2 

X3

X4 

X5 

X6 

X7 
W W0 DW W 0 BA 9

In the above formula (9), and are trainable 
low-rank matrices, with the rank satisfying the constrain t

This design considerably reduces the number of 
trainable parameters from the original to while 
effectively preserving the knowledge integrity of the pretrained
model.

During LoRA fine-tuning, the introduction of low-rank matrices 
substantially decreases the gradient computation and optimizer 
state storage requirements. Moreover, the strategy of freezing the 
original parameters effectively prevents catastrophic forgetting of
pretrained knowledge. At deployment, the parameters can be
merged through a simple matrix addition operation
ensuring that no additional inference latency is introduced.

In the fine-tuning process, LoRA was applied to the attention 
mechanism-related layers of the model, including the query, key,
value, and output projection layers, which are crucial for capturing
complex dependencies between input sequences. Fig. 4 shows 

A Rr k B Rd r 

r 
r min d k .

d k d r r k

W0 BA ,
Fig. 3. Example of a fault task prompt ge
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schematic of the process before and after LoRA fine-tuning in this 
study. The hyperparameters were set as follows: an LoRA rank of 
8, a scaling factor (alpha) of 16, a dropout rate of 0.1 (to prevent 
overfitting), an optimizer set to Adam, a learning rate of
2 × 10−5, a batch size of 4, and 2 training epochs. LoRA hyperpa-
rameter analysis was included in Appendix A Table S1. Addition-
ally, to monitor the training process, the loss value was recorded 
every 10 steps, and after training, the loss curve was plotted to
analyze model convergence.

4. Experiments and results

4.1. Details of the experiment

The experimental equipment and environment is configured as 
follows: The server uses an Intel Xeon Skylake architecture with a 
20-core 40-thread processor, which is equipped with 144 GB of 
memory and 2 NVIDIA A100-PCIE-40GB graphics processing units 
(GPUs). The system architecture is x86_64, which supports 32-bit
and 64-bit operation modes. The operating system is Linux. The
software stack uses Python 3.12.9 as the programming language,
and PyTorch version 2.6.0 is installed. The CUDA version is 12.4,
which is compatible with the GPU.

The experiment involves fine-tuning small-parameter LLMs and 
conducting multiple rounds of testing by calling the application 
programming interfaces (APIs) of large-parameter LLMs available
on the market. The small-parameter LLM selected for this purpose
is Qwen2.5-7B-Instruct [43], which is open-sourced by the Alibaba 
Qianwen team. This model is considered one of the most accessible 
and easily fine-tunable models within a given parameter range,
and it demonstrates a strong ability to understand various instruc-
tions [44]. Four of the most globally influential large parameter 
LLMs, ChatGPT, Claude, Qwen, and DeepSeek, are chosen for com-
parison because of their ready availability and ease of use. Informa-
tion on these LLMs is shown in Table 3. The parameter values of the 
GPT-4o and Claude 3.5 Sonnet models are given by the Microsoft
research team [45].

In this study, the cost deviation rate mean square error 
(MSE), root mean square error (RMSE), mean absolute error (MAE),

Rdeviation, 
nerated using the prompt template.
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Fig. 4. Schematic of the process before and after LoRA fine-tuning in this study. Matrix A serves as the dimensionality reduction projection matrix and is initialized according
to a normal distribution with a mean of 0 and a standard deviation of where represents the normal distribution. Matrix B serves as the dimensionality expansion 
projection matrix and is initialized as a zero matrix and are the weight matrices used in the Transformer’s self-attention mechanism to map the input to the
Query, Key, and Value vectors, respectively is the down-projection weight matrix in the Feed-Forward Network of the Transformer. The user inputs the prompt template 
into the LLM for model fine-tuning. The model learns the solution for the specified maintenance task on the basis of the label and finally outputs the result directly.

Table 3 
Information about the large-parameter LLM used for comparative experiments.

Model Name Model version Vendor Parameter scale Usage methodology 

GPT GPT-4o OpenAI 200B (estimate) API 
Claude Claude 3.5 Sonnet Anthropic 175B (estimate) API 
DeepSeek DeepSeek-V3 Deepseek-AI 671B API 
Qwen Qwen2.5-72B Qwen 72B API

r, N 
. Wq Wk , Wv , 

. Wd , 
and mean absolute percentage error (MAPE) are selected as the 
main evaluation indicators to comprehensively measure the pre-
diction accuracy and cost-effectiveness of the model.

The cost deviation is used to measure the difference between 
the actual cost and the optimal cost. The calculation formula is
as follows:

Rdeviation 
1 
n 

n 

i 1 

Ci Oi

Oi
100 10

The MSE is used to measure the difference between the model 
output and the true value. The calculation formula is as follows:

MSE 1 
n 

n 

i 1 

C i Oi
2 11

The RMSE is used to measure the difference between the model 
output and the true value. It is the square root of the MSE. Com-
pared with the MSE, the unit of the RMSE is consistent with the
unit of the original data and is easier to interpret. The calculation
formula is as follows:
6

RMSE 1 
n 

n 

i 1 

C i Oi
2 12

The MAE is used to measure the mean absolute difference 
between the model output and the true value. The MAEs have 
the same weight for all the errors and are unaffected by extreme
values. The calculation formula is as follows:

MAE 1 
n 

n 

i 1 

Ci Oi 13

The MAPE is used to measure the average value of the absolute 
difference between the model output and the true value. The MAPE 
reflects the proportion of error in the true value and is suitable for
comparing data of different dimensions. The calculation formula is
as follows:

MAPE 1 
n 

n 

i 1 

Oi Ci

Ci
14
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Table 4 
Parameters related to maintenan ce for the fixed scenario.

Parameters Value Unit 

Number of maintenance team 3 — 
Number of turbines required maintenance 5 — 
Number of failure modes 4 — 
Travel costs 200 USD h− 1

Maintenance cost on turbines for various failure
modes

[2000, 
5000] 

USD 

Time-consuming on maintenance for various failure
modes

[60, 180] min 

Speed for maintenance teams [25,30,31] km h− 1

Fig. 5. Comparison of maintenance plan generation performance between the fine-
tuned and non-fine-tuned models under the fixed scenario.
In the above formulas (10)–(14), is the total number of sam-
ples; represents the cost of the generation strategy for the th 
sample, and represents the cost of the optimal strategy for the
th sample. 

4.2. Performance results in fixed-scenar io maintenance tasks

4.2.1. Fixed scenario description and dataset
To evaluate whether fine-tuning can enhance the performance 

of LLMs in maintenance planning tasks and to determine whether 
the LLMs have successfully learned the solution ideas and logic of
the maintenance problem presented in this paper, we designed a
series of comparative experiments.

For the fine-tuning dataset, an integer programming model is 
constructed on the basis of the problem description in Section 2 
to create a fixed scenario. In this scenario, there are three mainte-
nance teams, and each maintenance task involves five nodes that 
need to be repaired. Each maintenance team starts from the origin, 
follows a specific route, and eventually returns to the origin. All 
maintenance teams are required to perform the maintenance tasks. 
The stochastically generated datasets were designed to simulate a
broader spectrum of maintenance scenarios under fixed team and
failure conditions, thereby rigorously testing the adaptability of the
model to dynamic operational challenges. The range of values of
maintenance-related parameters for fixed scenarios in the dataset
is shown in Table 4 below, where references [46–48] provide the 
basis for generating experimental data. The location, fault type, 
and maintenance cost of the windmill were randomly generated, 
and the problem was accurately solved to construct a dataset of
fixed-scenario maintenance tasks. The dataset comprises 10000
samples in the training set and 1000 samples in the test set.

We compare the performance of the fine-tuned model, the non-
fine-tuned model, and the large-parameter model on the fixed 
maintenance planning problem involving three maintenance 
teams and five fault sites. This comparison allows us to assess
the impact of fine-tuning on model performance and whether
the fine-tuned model can better understand and solve the mainte-
nance planning problem.

4.2.2. Performance of the LLM4M in the fixed-scenario
The Qwen2.5-7B-Instruct model is first fine-tuned on the train-

ing dataset and evaluated on the test dataset. For comparative 
analysis, the non-fine-tuned Qwen2.5-7B-Instruct model was also 
evaluated on the same test dataset to serve as a baseline. The per-
formance of the model is evaluated in two dimensions:

Generation capability—assessing whether the model exhibits 
hallucinations and the validity of the maintenance plans it
generates.

Planning capability—evaluating whether the cost of the pro-
posed plan is the lowest or approaches to the lowest cost.

Fig. 5 illustrates the difference in generation capability 
between the non-fine-tuned and fine-tuned models under the 
fixed scenario. In 1000 test cases, the fine-tuned model consis-
tently generates implementable maintenance plans, whereas 
the non-fine-tuned model does so with a probability of 83.40%. 
An implementable plan refers to a feasible solution that satisfies 
all problem constraints and can be executed in practice; it may 
not be optimal but remains valid and actionable. Nonimple-
mentable plans are systematically categorized into two types.
The first type, ‘‘incorrect output,” accounts for 13.60% of the test
cases and indicates that the model experienced hallucinations
and failed to comprehend the maintenance planning task within
the fixed scenario as instructed on the provided prompt. The
second type, ‘‘invalid plan,” occurs in 3.00% of the test cases,
reflecting that although the model understood the task, the

n 
i-Ci 

O i 
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7

generated plans were nonimplementable, resulting in problems 
such as redundant or missing repairs.

The total cost of each implementable plan generated by the 
model is calculated on the basis of the conditions provided in the
prompt and compared with the cost of the optimal solution.
Fig. 6 compares the cost deviations of all implementable plans gen-
erated by the fine-tuned and non-fine-tuned models. As shown, the 
results from the fine-tuned model clearly exhibit a thin-tailed dis-
tribution, with a lower median and standard deviation. The median 
and standard deviation of the cost deviations from the optimal 
solutions are 0.88% and 2.90%, respectively. These results demon-
strate that under the fixed scenario, the fine-tuned model has a
strong ability to generate maintenance plans that closely approxi-
mate the optimal cost. In contrast, the cost deviations of imple-
mentable plans generated by the non-fine-tuned model reach
nearly 60% and show a significantly more dispersed distribution.
Table 5 compares the cost deviations by MSE, RMSE, MAE, and 
MAPE between implementable plans generated by the fine-tuned
and non-fine-tuned models and the optimal plan.

To further assess the effectiveness of the fine-tuned model, sev-
eral widely recognized large-parameter LLMs with superior perfor-
mance were evaluated on the same test dataset. As shown in
Table 6, the proportion of implementable plans generated by 
LLM4M and the large-parameter LLMs reached or approached 
100% in the test cases. This finding indicates that under the fixed 
scenario, the LLM4M and the large-scale LLMs can generate imple-
mentable maintenance plans. Furthermore, the performance of
LLM4M is comparable to that of these LLMs and even exceeds that
of Claude and Qwen.

In terms of planning capability, the LLM4M outperformed the
large-parameter LLMs. As shown in Fig. 7, under the fixed scenario,
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Fig. 6. Comparison of cost deviations within implementable plans generated by the
fined-tuned and non-fine-tuned models under the fixed scenario.
the cost deviations between the implementable plans generated by 
LLM4M and the optimal plan were much lower than those of the 
four large-parameter LLMs. LLM4M had a lower median and stan-
dard deviation and a more concentrated distribution. In contrast,
compared with LLM4M, the four LLMs exhibited more dispersed
distributions, with maximum deviations exceeding 60% and much
higher median medians and standard deviations. As shown in Fig. 8 
and Table 7, compared with the large-parameter LLMs, the LLM4M 
achieves much lower values of MSE, RMSE, MAE, and MAPE. These 
results have practical importance. LLMs are already being applied 
or are gradually being adopted in a wide range of industries. For 
maintenance planning tasks, users without a background in math-
ematical modeling often seek more convenient ways to obtain 
implementable planning, and LLMs offer a promising method. 
However, the maintenance plans generated by commonly accessi-
ble LLMs (such as the four LLMs used in this experiment) fall far
short of being optimal. As indicated by the MAE and MAPE values,
users may incur up to an additional 4000 USD in cost. In contrast,
the plans generated by LLM4M exhibit substantially lower RMSE,
MAE, and MAPE values, indicating that it enables users to access
maintenance plans with reduced additional cost and improved
usability.

To further demonstrate the practicality of the LLM4M, we com-
pared it with intelligent optimization models, including the genetic 
algorithm (GA), particle swarm optimization (PSO), ant colony 
optimization (ACO), and simulated annealing (SA). A task with
three repair crews and five turbines required maintenance (T3F5)
test set was used as the benchmark for this comparison. As shown
in Fig. 9, LLM4M and ACO exhibit lower median and standard devi-
ation values, indicating that their resulting distributions are more 
concentrated. In contrast, the distributions of the four other LLMs
are more dispersed, with the maximum deviation exceeding 35%.
Furthermore, as illustrated in Fig. 10 and Table 8, the MSE, RMSE, 
MAE, and MAPE values for LLM4M and ACO are significantly lower 
than those of the large-parameter LLMs. These results have impor-
tant practical implications. They demonstrate that the perfor-
mance of LLM4M is comparable to that of the current state-of-
the-art traditional optimization models, and it generates higher-
quality solutions than most other algorithms do. In practical engi-
neering applications, implementing an intelligent optimization
model requires maintenance personnel to have a solid grasp of
its key principles. In comparison, LLM4M can produce a similarly
Table 5 
Performance of the fine-tuned and non-fine-tuned models under the fixed scenario (based
the optimal plan costs).

Model MSE R

Fine-tuned 574 629.5433 7
Non-fine-tuned 20579482.5829 4

8

effective solution through a simple text prompt, making it a much
more convenient way to obtain a usable maintenance plan.

4.3. Performance results in nonfixed-scen ario maintenance tasks

4.3.1. Nonfixed scenario description and dataset
The experimental results show that the fine-tuned LLM per-

forms well in handling maintenance planning tasks in fixed scenar-
ios. To further evaluate its capabilities, experiments with nonfixed
scenarios are designed to evaluate the generalization ability of the
model in different scenarios.

For datasets with nonfixed scenarios, a synthetic dataset was 
created on the basis of the integer programming model con-
structed according to the problem description in Section 2. The 
number of maintenance teams and the number of nodes requiring 
repair in the synthetic dataset vary, which is distinct from the fixed 
scenario in the experiment involving three maintenance teams and
five nodes. Additionally, the location, fault type, and maintenance
cost of the windmills in the synthetic dataset are randomly gener-
ated, and the problem can be solved accurately.

Each maintenance team must start from the origin, perform 
maintenance tasks sequentially according to the planned schedule, 
and then return to the origin. All teams must participate in main-
tenance tasks. Furthermore, a mixed dataset (TRFR) is constructed,
combining various configurations of maintenance teams and
nodes. The characteristics of all the datasets are presented in
Table 9. The relevant parameters of all the samples meet the value
range specified in Table 4.

During fine-tuning, the use of LoRA technology in the experi-
ment was continued, and the same hyperparameter settings were 
maintained. Following fine-tuning, the model was applied to each 
test set in sequence, and the performanc e of the model on each test
set was recorded. Special attention was also given to the model’s
performance on the mixed dataset (TRFR) to assess its adaptability
to diverse data.

4.3.2. Generalization performance of LLM4M
Real-world maintenance operations encounter highly complex 

and dynamic scenarios characterized by variable weather condi-
tions, diverse turbine types, and other operational uncertainties. 
At the model formulation level, these factors manifest as param-
eter variations in maintenance optimization frameworks. For 
instance, environmental conditions directly influence mainte-
nance team mobility rates, whereas turbine type disparities 
necessitate distinct failure mode models and crew capability 
adaptations. The number of concurrent maintenance tasks and 
available teams also fluctuates significantly across scheduling 
instances. To validate the robustness and generalizability of the
LLM4M across these multifaceted conditions and nonfixed sce-
narios, we systematically generated extensive datasets featuring
randomized parameters, including turbine failure types, spatial
configurations, cost structures, team mobility constraints, and
repair capabilities. These datasets were created under varying
team availability and task quantity scenarios to ensure thorough
coverage of operational realities. All fully trained models were
evaluated on the TRFR dataset to assess their performance under
nonfixed scenarios.
 on the MSE, RMSE, MAE, and MAPE between the generated implementable plans and

MSE MAE MAPE 

58.0432 453.1927 0.0200 
536.4615 4107.8879 0.1580
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Table 6 
Proportion of different generation types of LLM4M and large-parameter LLMs under
the fixed scenario.

Model Implementable plan Incorrect output Invalid plan 

LLM4M 100% 0 0 
Claude 99.60% 0 0.40% 
GPT 100% 0 0 
DeepSeek 100% 0 0 
Qwen 98.80% 0 1.20%

Fig. 7. Comparison of cost deviations within implementable plans generated by
LLM4M and the LLMs under the fixed scenario.

Fig. 9. Comparison of cost deviations within implementable plans generated by
LLM4M and the traditional optimization model.
Fig. 11 and Table 10 report the generation performance of 
LLM4M in nonfixed scenarios when trained on different datasets. 
In terms of generating implementable plans, the model trained
on the T3F10 dataset outperforms the models trained on other
Fig. 8. Comparison of the performance of the LLM4M and the LLMs under the fixed scenar
plans and the optimal plan costs).

Table 7 
Performance of the LLM4M and the LLMs under the fixed scenario (based on the MSE, RMS
costs).

Model MSE RMS

LLM4M 574629.5433 758
Claude 16110879.3859 401
DeepSeek 19907225.5059 446
GPT 19140917.7422 437
Qwen 17605401.7107 419

9

datasets. LLM4M appears to be capable of understanding this type 
of maintenance planning problem through simple scenario com-
prehension. Models trained on datasets such as T3F10, T3F5, 
T3F9, T4F11, T2F5, T3F11, T6F13, and T5F10 generally exhibit 
stronger abilities in generating implementable plans than others
do. In contrast, the model has a limited ability to understand more
complex scenarios, as evidenced by its poor performance and sev-
ere hallucinations when trained on datasets such as T2F11, T2F12,
and T4F17.

In terms of planning capability, Fig. 12 shows that models 
trained on datasets such as T5F10, T5F16, and T6F13 exhibit the 
most concentrated distribution of cost deviations between the gen-
erated executable plans and the optimal solutions when evaluated
on the TRFR dataset. These models also achieve lower median devi-
io (based on the MSE, RMSE, MAE, and MAPE between the generated implementable

E, MAE, and MAPE between the generated implementable plans and the optimal plan

E MAE MAPE 

.0432 453.1927 0.0200 
3.8360 3522.7647 0.1378 
1.7514 3971.0095 0.1526 
5.0335 3855.6993 0.1485 
5.8791 3675.1583 0.1424 
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Fig. 10. Comparison of the performance of the LLM4M and traditional optimization models (based on the MSE, RMSE, MAE, and MAPE between the generated implementable
plans and the optimal plan costs).

Table 8 
Performance of the LLM4M traditional optimization model (based on the MSE, RMSE, MAE, and MAPE between the generated implementable plans and the optimal plan costs).

Model MSE RMSE MAE MAPE 

LLM4M 574629.5433 758.0432 453.1927 0.0200 
GA 3565545.5720 1888.2652 1539.7948 0.0660 
PSO 3820743.8065 1954.6723 1611.5536 0.0689 
ACO 275041.5270 524.4440 311.6987 0.0142 
SA 1377198.4179 1173.5410 812.1318 0.0356

Table 9 
Detailed information of the datasets in different scenarios, including the number of maintenance teams, the number of nodes, and the number of training and test sets.

Dataset name Number of maintenance team Number of turbines required maintenance Train data volume Test data volume

TRFR [2,10] [3,20] – 2000 
T3F5 3 5 10000 1000 
T2F5 2 5 10000 1000 
T5F10 5 10 10000 1000 
T3F9 3 9 10000 1000 
T3F10 3 10 10000 1000 
T6F13 6 13 10000 1000 
T4F11 4 11 10000 1000 
T2F9 2 9 10000 1000 
T2F10 2 10 10000 1000 
T3F11 3 11 10000 1000 
T5F6 5 6 10000 1000 
T2F11 2 11 10000 1000 
T2F12 2 12 10000 1000 
T4F17 4 17 10000 1000
ations. Moreover, the constraint that each maintenance team must 
participate in the task is not explicitly stated in the prompt. 
LLM4M appears to have recognized this latitude and generated
lower-cost plans by assigning fewer teams to the task than are
assigned in the optimal plan. The data points in Fig. 12 with values 
less than zero directly result from this behavior. As shown in
Fig. 13 and Table 11, the models trained on T5F10, T6F13, T4F11, 
and T5F16 demonstrate superior performance in terms of the
MSE, RMSE, MAE, and MAPE.

To further investigate the factors influencing the generalization 
ability of LLM4M, training and evaluation are conducted on a range
of datasets. As shown in Fig. 14, when the model is trained and 
tested on the same dataset (i.e., a fixed scenario), it generally has 
a strong ability to generate implementable plans. Furthermore,
the model appears to capture the semantic context of scenarios
10
similar to those seen during training. For instance, the model 
trained on the T3F5 dataset successfully generalizes to the scenario 
represented by T2F5 but produces largely invalid plans for the sce-
nario represented by T4F17. Similarly, the model trained on T3F10 
performs well on T2F9 and T2F10 but fails to interpret the scenario
associated with T4F17. In addition, consistent with the findings
from testing on the TRFR dataset, training on datasets that reflect
more complex scenarios tends to increase the likelihood of halluci-
nations, resulting in incorrect outputs, as seen with T5F16, T2F11,
T2F12, and T4F17.

In terms of planning capability, as shown in Fig. 15, the models 
trained on datasets with only two maintenance teams (e.g., T2F5, 
T2F9, T2F11, and T2F12) perform well only in similar scenarios.
In other scenarios, their outputs exhibit highly dispersed distribu-
tions, indicating poor generalization in planning. Models trained
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Fig. 11. Comparison of maintenance plan generation performance on the TRFR 
dataset. The X-axis represents the models trained on different datasets.

Table 10 
Proportion of different generation types in the TRFR dataset.

Model Implementable plan Incorrect output Invalid plan 

T3F5 34.10% 0.15% 65.75% 
T2F5 32.95% 0.50% 66.55% 
T5F10 26.20% 14.20% 59.60% 
T3F9 33.40% 19.35% 47.25% 
T3F10 37.15% 15.70% 47.15% 
T6F13 26.80% 19.30% 53.90% 
T4F11 33.00% 15.45% 51.55% 
T2F9 7.05% 35.65% 57.30% 
T2F10 17.20% 42.95% 39.85% 
T3F11 29.40% 20.30% 50.30% 
T5F16 23.85% 31.25% 44.90% 
T2F11 8.75% 38.40% 52.85% 
T2F12 1.55% 58.00% 40.45% 
T4F17 4.15% 46.35% 49.50%

Fig. 12. Comparison of the cost deviations of the generated implementable on the
TRFR dataset. The X-axis represents the models trained on different datasets.
on datasets from two or more maintenance teams demonstrated 
strong planning capabilities during testing, even in semantically 
simpler scenarios, such as T3F5 and T2F5. The MSE, RMSE, MAE,
and MAPE values for LLM4M results on different test datasets are
included in Appendix A Figs. S1 and S2.

Motivated by these phenomena, we aim to identify underlying 
patterns to inform best practices for future training dataset selec-
tion in this domain. Consequently, we systematically aggregated 
and analyzed test results from models trained on heterogeneous 
datasets, focusing on how the number of maintenanc e teams and
fault scenarios in training samples influence the fine-tuning effi-
cacy of LLM4M. By averaging the test metrics across diverse data-
sets and performing surface fitting on the aggregated results, we
obtained the visualization presented in Fig. 16.
11
As illustrated in Fig. 16, the variation trends of different evalu-
ation metrics across training datasets are substantially consistent, 
demonstrating the considerable impact of training dataset selec-
tion on the fine-tuning performance of LLM4M. To ensure visual-
ization completeness, interpolation is applied to the raw data. 
Empirical results demonstrate that models trained on datasets 
from complex operational scenarios exhibit strong generalization 
capabilities to simpler environments, whereas the converse sce-
nario—the application of models trained on simplified datasets to
complex tasks—often fails to achieve comparable performance.
Such findings underscore the paramount importance of adopting
principled strategies for dataset complexity management in AI sys-
tem development. Notably, the visualization reveals a distinct
phase transition boundary that demarcates a sudden performance
increase. To clarify this critical phenomenon, the interpolated
three-dimensional surface is projected onto a two-dimensional
plane in Fig. 17.

As depicted in Fig. 17, two distinct phase transition boundaries 
emerge at approximately three and five maintenance teams in the 
training scenarios, with the most pronounced performance inflec-
tion occurring around the threshold of three teams. This phe-
nomenon mirrors phase transition behaviors observed in 
complex systems research, where systemic properties undergo 
qualitative transformations through collective dynamics upon 
crossing critical thresholds. When the number of maintenance 
teams is less than three, the system operates in a low-
dimensional regime characterized by limited interaction combina-
tions and simplistic task allocation patterns. Under these condi-
tions, LLMs struggle to abstract universalizable rules from sparse
training examples. However, when the number exceeds three,
the system transitions to an edge-of-chaos regime in a high-
dimensional space. Here, nonlinear relationships such as task con-
flicts, resource competition, and spatiotemporal coupling prolifer-
ate exponentially. For example, configurations with four teams
may exhibit emergent behaviors such as dynamic team clustering
and nested priority hierarchies. This complexity compels the
model to develop sophisticated coordination strategies encom-
passing game-theoretic equilibria and adaptive priority scheduling
mechanisms.

This observation has profound methodological implications: the 
strategic selection of training datasets should follow principled 
design rather than arbitrary trial-and-error. The identified team-
count threshold demonstrates how seemingly minor paramete r
variations can induce fundamental regime shifts in model behav-
ior, underscoring the need for systematic dataset curation frame-
works in operational research applications.

4.4. Performance results of dynamic maintenance tasks

4.4.1. Description and dataset of nonfixed starting points
In real-world maintenance scenarios, to respond to real-time 

maintenance needs, maintenance teams may need to replan their 
operations during the maintenance process to address the latest 
maintenance requirements. To simulate this scenario, we no longer
use a fixed starting point for the maintenance teams but instead
randomize their starting points to different turbine sites to simu-
late the real-time updating of maintenance plans.

Therefore, on the basis of the above assumptions, we generated 
a dataset with 10000 training samples and 1000 test samples in
the same manner as in Section 4.2. In this dataset, the starting 
points of the maintenance teams are not fixed, but all maintenance 
teams return to the origin. On the basis of this dataset, we set the
following three scenes and conducted experiments:

Type 1: In the training and test data, maintenance teams start
from the origin.
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Fig. 13. Comparison of performance on the TRFR dataset (based on the MSE, RMSE, MAE, and MAPE between generated implementable plans and the optimal plan costs). The
X-axis represents the models trained on different datasets.

Table 11 
Performance on TRFR (based on the MSE, RMSE, MAE, and MAPE between generated implementable plans and the optimal plan costs).

Model MSE RMSE MAE MAPE 

T3F5 9928745.2740 3150.9910 2384.6890 0.0600 
T2F5 91342227.5470 9557.3130 7989.3120 0.1520 
T5F10 2982151.7000 1726.8910 1321.6920 0.0330 
T3F9 16683240.6010 4084.5120 3077.5170 0.0700 
T3F10 13928637.2940 3732.1090 2895.0710 0.0630 
T6F13 7973613.2260 2823.7590 2234.9120 0.0470 
T4F11 9472273.9960 3077.7060 2343.6320 0.0480 
T2F9 167330852.1740 12935.6430 11860.4460 0.1890 
T2F10 122289360.6850 11058.4520 9762.6530 0.1690 
T3F11 19289533.2480 4391.9850 3472.2830 0.0670 
T5F16 8160259.5950 2856.6170 2251.1450 0.0430 
T2F11 63254630.2400 7953.2780 6390.3060 0.1380 
T2F12 124212859.5030 11145.0820 9339.1130 0.1490 
T4F17 17791113.1080 4217.9510 3355.8550 0.0600 
Type 2: In the training data, maintenance teams start from the 
origin, whereas in the test data, the teams are initially located at
randomly selected turbine sites instead of the origin.

Type 3: In the training and test data, maintenance teams are ini-
tially located at randomly selected turbine sites.

4.4.2. Generation performance of nonfixed starting points scenarios
Fig. 18 and Table 12 show the final generation performance 

from Type 1 to Type 3. The Type 1 test results achieved 100% gen-
eration accuracy. In contrast, the Type 2 and Type 3 test results,
while only 97.90% and 99.40%, respectively, also demonstrated
excellent generation performance.

Fig. 19, Fig. 20, and Table 13 show the planning capabilities of 
the model under different scenes. In terms of test sample charac-
teristics, we compared Type 1 and Type 2 models, fine-tuned them 
on the same training dataset, the T3F5 dataset, and tested their 
performance in static and real-time maintenance scenarios. Our
experimental results revealed that although the Type 2 model
had lower maintenance strategy generation and planning capabil-
ities than the Type 1 model did, its mean absolute error (MAPE)
remained at 0.1511, indicating that the performance was
acceptable.

Furthermore, we compared Type 2 with Type 3 in terms of the 
model’s dynamic planning capability. The training data for Type 2 
did not have dynamic planning capability, whereas those for Type
3 did. The results demonstrated that Type 3 outperforms Type 2
12
across all the evaluation metrics, reflecting generation and 
decision-making capabilities. This comparison suggests that a 
model whose training data include dynamic planning capability
is better equipped to comprehend and process dynamic planning
data, thereby significantly enhancing its overall performance.

4.5. Model inference cost and economic consumption

When the practical deployment feasibility of LLMs in industrial 
settings is evaluated, beyond their core generative and planning
capabilities, the long-term operational cost and inference latency
are equally critical considerations.

The operational costs of a model primarily fall into two scenar-
ios: on-premises deployment and API calls. For models requiring 
on-premises deployment, such as the LLM4M discussed in this 
paper, the cost is primarily an upfront investment in computing 
hardware. Our fine-tuning process, which was based on the 
Qwen2.5-7B foundational model, was conducted using two 40 G 
A100 GPUs. Notably, for devices equipped with approximately 
50–60 GB of video random access memory (VRAM), the model
can also be fine-tuned within an acceptable timeframe. Depending
on the complexity of the model, the fine-tuning time is generally
40 to 150 min. Furthermore, during the practical usage phase
(i.e., the inference stage), equally high-cost hardware is not
needed. Some consumer-grade GPUs are sufficient to run the
model smoothly, which considerably reduces the actual
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Fig. 14. Comparison of maintenance plan generation performance on different datasets. The X-axis represents the testing datasets, and * indicates that the results shown are
from the model trained on the corresponding dataset.
deployment costs. In contrast, the cost of using an API is contingent 
on the pricing strategies of different service providers. The approx-
imate pricing from major LLM vendors is as follows:
13
GPT: The input pricing is approximately 1.25–2.5 USD per mil-
lion tokens, and the output pricing is approximately 10–12 USD
per million tokens [49].



D. Fan, M. Liu, Y. Shao et al. Engineering xxx (xxxx) xxx

Fig. 15. Comparison of cost deviations generated on different datasets. The X-axis represents the testing datasets, and * indicates that the results shown are from the model
trained on the corresponding dataset.

14
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Fig. 16. Performance comparison of different training datasets on the test set across key metrics. (a) MSE; (b) RMSE; (c) MAE; (d) MAPE.
Claude: The input pricing is approximately 1–3 USD per million 
tokens, and the output pricing is approximately 5–15 USD per mil-
lion tokens [50]. 

DeepSeek: The pricing is relatively uniform, with input and out-
put prices of 0.56 USD per million tokens and 1.68 USD per million
tokens, respectively [51]. 

Qwen: The input pricing is approximately 2–4 USD per million 
tokens, and the output pricing is approximately 8–12 USD per mil-
lion tokens [52]. 

The main factors affecting LLM output speed include the num-
ber of tokens and network quality. With respect to the number 
of tokens, we selected three test scenarios—T3F5, T2F10, and
T4F17—with a small, moderate, and large number of tokens,
respectively. The average inference times are detailed in Table 14. 
Notably, although LLM4M was run locally, owing to the limited 
hardware used in the experiment, its inference speed may be infe-
rior to that of other LLMs that provide cloud services. However, this 
inference speed can still be considered an effective and fast 
response to users. The latter benefit from extensive backend infras-
tructure, which allows them to offer significantly faster response
times to users. From the perspective of network quality, the use
of APIs requires a stable network connection, which incurs addi-
tional call costs and connection pressure. LLM4M, with the advan-
tage of local deployment, does not have additional call costs or
connection pressure.

5. Conclusions and further work

In this study, a domain-specific LLM-enabled approach for 
maintenance decision-making for wind farms with diverse num-
15
bers of wind turbines and maintenance teams is proposed. An 
advanced LLM for maintenance (LLM4M) has been established 
and trained on extensive datasets of maintenance decision-
making for wind farms generated from the MILP results. Given 
inputs such as the layout of turbines, failure modes, number of 
maintenance teams, and the cost and time for the maintenance
team to accomplish the repair, LLM4M can accurately generate
the task allocation for the maintenance teams and optimal mainte-
nance route planning in a short time, considerably reducing the
difficulty and time cost of modeling compared with conventional
MILP modeling and solutions.

The conclusions drawn from this study are as follows:
• Model validity and accuracy: The proposed fine-tuned LLM4M 
achieved a 100% effective probability of generating task alloca-
tion for maintenance teams and practical maintenance route 
planning. Compared with non-fine-tuned LLM models, the pro-
posed LLM4M obtained 2.00% MAPE for the optimal results,
while the Claude, DeepSeek, GPT, and Qwen LLMs obtained
13.78%, 15.26%, 14.85%, 14.24%, respectively.

• Model generalization: The proposed LLM4M model exhibits 
promising generalization capabilities. The fine-tuned LLM4M 
model achieves competitive performance on the TRFR bench-
mark, except for models trained with the T2F5, T2F9, T2F10, 
T2F11, and T2F12 datasets. These findings warrant attention, 
as the underperforming models were exclusively trained on 
maintenance data from two maintenance teams. The observed
performance disparity suggests that the LLM4M model may
demonstrate sensitivity to specific characteristics of training
data sources, potentially related to variations in maintenance
teams. Moreover, the results of dynamic maintenance tasks
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Fig. 17. Performance landscape analysis: impact of training datasets on key metrics. (a) MSE; (b) RMSE; (c) MAE; (d) MAPE.

Fig. 18. Comparison of maintenance plan generation performance for Types 1, 2,
and 3.

Table 12 
Proportion of different generation from Types 1, 2, and 3.

Type Implementable plan Incorrect output Invalid plan 

Type 1 100% 0 0 
Type 2 97.90% 0 2.10% 
Type 3 99.40% 0 0.60%

16

Fig. 19. Comparison of cost deviations within implementable plans generated for
Types 1, 2, and 3.
demonstrate that the LLM4M can effectively adapt to realistic 
dynamic task scenarios. This insight can further inform the 
design and curation of training datasets for different types of 
tasks in practical deployments, facilitating the development of 
models with improved generalization performance. Nonethe-
less, the proposed model holds considerable practical value, as 
conventional analytical and ML models usually require several
hours to solve such problems—depending on the size of the
solution space—whereas the proposed model can generate
implementable maintenance plans within seconds once trained.
In addition, compared with major LLMs, LLM4M features lower
deployment costs and functions independently of internet
access.
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Fig. 20. Comparison of the performance of Types 1, 2, and 3 (based on the MSEs, RMSEs, MAEs, and MAPEs between the generated implementable plans and the optimal plan
costs).

Table 13 
Performances of Types 1, 2 and 3 (based on the MSEs, RMSEs, MAEs, and MAPEs between the generated implementable plans and the optimal plan costs).

Type MSE RMSE MAE MAPE 

Type 1 574629.5433 758.0432 453.1927 0.0200 
Type 2 19737941.4863 4442.7403 3814.5749 0.1511 
Type 3 5773766.3022 2402.8663 1828.8961 0.0786

Table 14 
Average inference times for LLM4M and LLMs.

Test scenarios Average inference time (s)

LLM4M Claude DeepSeek GPT Qwen 

T3F5 7.11 1.54 3.34 0.79 0.76 
T2F10 9.35 1.63 3.56 1.19 1.14 
T4F17 17.79 2.25 4.65 1.36 1.28
• Model characteristics: A phase transition behavior was 
observed. This behavior indicated that systemic properties 
undergo qualitative transformations through collective dynam-
ics upon crossing critical thresholds. When the number of main-
tenance teams exceeds a specific value, the system transitions
to an edge-of-chaos regime in a high-dimensional space. This
finding provides experience and guidance for relevant scholars
in the model training of maintenance decision-making
problems.
To enhance the applicability of this approach to maintenance 

planning, future work will focus on expanding the dataset by incor-
porating a broader range of more complex maintenance models 
and parameters, such as maintenance capabilities, weather factors 
and other limitations. Moreover, preventive and predictive mainte-
nance processes should be incorporated into the LLM model. 
Uncertainty in decision-making is also a key focus of maintenance. 
Increasing the input channel features in the LLM model to accom-
modate these additional parameters will enable a more compre-
hensive representation of maintenance decision-making,
enhancing its ability to generalize across diverse maintenance sce-
narios. Explainability, as another crucial future direction, is essen-
tial for building trust and promoting the practical adoption of AI in
engineering. Future research will explore and develop explainabil-
ity methods to better understand the model’s decision-making
process. Furthermore, integrating physics-based constraints into
17
the model training process can be explored in future studies to
enhance the reliability of the AI-generated outputs.
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