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Abstract: To address the low efficiency and error-prone nature of manually formulating safety measures in
hydropower plant work tickets, as well as the difficulty of existing methods in balancing accuracy and compliance,
this paper proposes a safety measure generation method integrating a knowledge graph (KG) and large language
models (LLMs). A work ticket KG is constructed to capture historical associations between work contents and
safety measures, while a safety regulation vector database is established as a rigid compliance constraint, forming a
dual-modal safety knowledge base. Named entity recognition and a weighted similarity retrieval algorithm are
employed to obtain relevant subgraphs from the KG. Based on the retrieved context, a locally deployed LLM
generates candidate safety measures. Furthermore, a compliance review mechanism, combining opposite-action
veto and KG co-occurrence statistics, is introduced to evaluate both compliance and necessity. Experiments on
1,600 test work tickets show that the proposed method achieves a precision of 91.5%, a recall of 87.8%, and a
compliance score of 86.7, outperforming all baseline configurations and improving the reliability and automation
of work-ticket processing.

Keywords: compliance review; hydropower plant work tickets; knowledge graph; large language models; safety
measure generation

I. INTRODUCTION
With the advancement of new power systems, hydropower
plays an increasingly important role in peak shaving,
frequency regulation, and emergency reserves [1]. Ensuring
its safe and stable operation is therefore essential for power
system reliability [2]. The work ticket system is a core
component of power production safety management and
provides the procedural basis for field operations [3].
However, hydropower operation and maintenance (O&M)
tasks often involve multiple interconnected devices and
complex electrical and mechanical isolation measures,
making safety measure formulation highly dependent on
expert knowledge [4,5]. Although existing generation man-
agement systems support workflow management, they
provide limited intelligent assistance for safety measure
formulation. In practice, operators still rely on personal
experience or historical work tickets, which can lead to
omitted safety measures and inconsistent implementation

under complex operating conditions [6]. Therefore, devel-
oping an automated and reliable safety measure generation
method has become an urgent requirement.

Owing to the extensive variety and intricate interde-
pendencies of equipment in hydropower stations, conven-
tional work ticket generation methods based on rule bases
or expert systems suffer from high maintenance costs and
limited generalizability [7]. To improve automation, re-
searchers have introduced natural language processing
(NLP) techniques into power O&M applications [8]. For
example, Zhang et al. proposed a text mining and NLP
method for construction site accident analysis to improve
safety knowledge extraction efficiency [9]. Lawal et al.
developed machine learning models for optimizing tunnel
support design, demonstrating the potential of data-driven
methods in underground engineering [10]. Although these
methods improve information extraction and text proces-
sing capabilities, they mainly rely on shallow semantic
analysis and struggle to capture complex operational logic,
limiting the quality of generated safety measures.

The emergence of large language models (LLMs) has
created new opportunities for intelligent power O&M
[11,12]. Li et al. proposed SafetyGPT, a multimodal safety
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agent for detecting unsafe worker behaviors through
human–machine collaboration [13]. Wang et al. combined
knowledge graphs (KGs) with LLMs to develop a prompt-
enhanced question-answering framework for electric power
applications [14]. Li et al. developed an LLM-based ques-
tion-answering system for power safety regulations using
text classification and vector retrieval [15]. Cheng et al.
introduced Grid Artificial Intelligent Assistant (GAIA) for
power dispatch tasks, including operation adjustment, oper-
ation monitoring, and black-start support [16]. Xiang et al.
integrated domain-specific prompting with fuzzy evalua-
tion to assess power system operating states and generate
dispatch recommendations [17]. Kaya et al. evaluated
LLMs in System Theoretic Process Analysis (STPA)- and
Functional Resonance Analysis Method (FRAM)-based
safety assessment [18]. The models generated substantial
information rapidly. However, they showed weaknesses in
systems thinking and output consistency. Despite these
advances, LLMs remain vulnerable to hallucinations in
domain-specific tasks [19]. They may generate incorrect
equipment references, use non-standard terminology, or
omit critical operational steps. These risks limit their direct
application to safety-critical work-ticket generation.

To mitigate the reliability degradation caused by hallu-
cinations, integrating KGs with retrieval-augmented genera-
tion (RAG) has become a major research direction, where
KGs provide precise and reliable knowledge retrieval to
guide LLM generation [20]. Owing to their structured rela-
tional representation and strong interpretability, KGs have
been widely applied in engineering decision support [21].
For example, Zhang et al. constructed causally embedded
multi-KGs for geological fault identification, significantly
improving feature representation under complex geological
conditions [22]. Feng et al. proposed a KG-based framework
for generating calculation schemes in water project schedul-
ing to improve generation reliability through structured
knowledge representation [23]. Wang et al. constructed a
domain-specific industrial safety KG to support hazard

analysis and decision-making in complex industrial pro-
cesses [24]. Mao et al. developed a multimodal RAG
framework that jointly exploits textual, visual, and topologi-
cal information to enhance knowledge retrieval for power
grid work tickets [25]. Nevertheless, existing studies gener-
ally rely on a single knowledge source and lack effective
coordination between historical operational experience and
safety regulation constraints [26]. Consequently, methods
based solely on knowledge retrieval or LLM generation
cannot simultaneously guarantee the accuracy and compli-
ance of generated safety measures.

To address the above limitations, this paper proposes a
safety measure generation method for hydropower plant
work tickets that integrates KG and LLMs. The main
innovations are as follows:

(1) A dual-modal knowledge base integrating a historical
work ticket KG with a safety regulation vector data-
base is constructed to simultaneously support experi-
ence reuse and compliance verification.

(2) A graph-enhanced retrieval framework based on
LLMs is developed to jointly exploit KG information
and semantic reasoning capability, thereby improving
the accuracy and contextual relevance of generated
safety measures.

(3) A review mechanism integrating feature decoupling,
opposite-action veto mechanism, and graph co-occur-
rence support is proposed to enforce safety regulation
constraints, thereby enhancing the compliance and
reliability of the generated safety measures.

II. METHODOLOGY
The overall framework of the proposed safety measure
generation method is illustrated in Fig. 1. The framework
comprises three main stages: dual-modal knowledge base
construction, graph-enhanced safety measure generation,
and safety measure review. A historical work-ticket KG and

Fig. 1. Flowchart of the proposed framework.
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a safety regulation vector database are first constructed to
provide structured operational experience and compliance
knowledge. Based on the retrieved graph context, an LLM
generates candidate safetymeasures through graph-enhanced
retrieval. The generated results are then verified using a
review mechanism that integrates feature decoupling, oppo-
site-action veto mechanism, and graph co-occurrence sup-
port to ensure both semantic correctness and regulatory
compliance. The details of each stage are described in the
following subsections.

A. CONSTRUCTION OF A DUAL-MODAL
KNOWLEDGE BASE FOR SAFETY
MEASURES

1). MULTI-SOURCE DATA PREPROCESSING. Multi-
source power data require different preprocessing strate-
gies. Historical work tickets are processed through field
mapping to preserve factual information, whereas safety
regulations require specialized parsing due to their complex
hierarchical structures.

To retain document semantics, a structure restoration
method is adopted. PDF files are first parsed using Optical
Character Recognition (OCR), and a document logic tree is
reconstructed based on layout features such as font size,
indentation, and line spacing. The parsed content is then
converted intoMarkdown format andmanually verified. This
process preserves heading hierarchies and contextual rela-
tionships, providing support for subsequent text chunking
and knowledge modeling. The workflow is shown in Fig. 2.

2). CONSTRUCTION OF THE WORK TICKET KG. To
address the entity associations and business logic in
work ticket data, a Neo4j graph database is used to construct

a historical work ticket KG. This achieves the structured
storage and association mining of historical operation
information. To describe the graph structure, the work
ticket KG is formally defined as a directed multigraph
G= (E, R, T). Here, E represents the set of all entities,
R represents the set of relationships between entities, and T
represents the set of triplets.

Automated scripts are used to read the structured Excel
data. Using the “work ticket number” entity as the core, fields
such as “work ticket number,” “equipment name,” “work
content,” and “safety measures” are mapped and instantiated
as graph nodes. Based on this, the semantic relationships
between entities are strictly defined. The relationship set is
defined as R= {r1, r2, r3, r4}. These correspond to “operation
object,” “task,” “power outage status,” and “required mea-
sures,” respectively. The triplet set T can be expressed as
follows:

T = fðh,r,tÞj h ∈ Eticket,t ∈ Eattribute,r ∈ Rg (1)

where h represents the head entity (i.e., the work ticket
number), t represents the tail entity, and r denotes the
semantic edge connecting them. The structure of the work
ticket KG is shown in Fig. 3.

Through the batch import and construction of these
relationships, flat data tables are transformed into a net-
worked knowledge structure. This provides knowledge
support for subsequent graph-based complex retrieval
and reasoning.

3). VECTORIZED REPRESENTATION OF SAFETY REGU-
LATION KNOWLEDGE. To solve the problems of semantic
loss and context fragmentation when processing long safety
regulation documents in RAG tasks, a semantic chunking
strategy based on the document heading hierarchy is adopted.
This strategy replaces the traditional fixed-character chunking
method. By following the hierarchical structure of safety
regulations, this approach preserves the semantic complete-
ness of each provision or operational rule within a chunk. It
also avoids semantic fragmentation caused by mechanical
truncation. The knowledge vectorization process is shown
in Fig. 4.

The original safety regulation document sequence is
defined as P. It is divided into a set of L chunks using the
heading-level chunking strategy, S = fs1,s2, : : : ,sLg. Mean-
while, to enhance the semantic coherence between chunks, a
sliding window mechanism is introduced. For the i-th chunk
si, its text range is constrained by the context overlap rate λ.

Fig. 2. OCR recognition process. Fig. 3. Work ticket KG structure.
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Furthermore, to address the lack of global background after
the chunks are isolated, a hierarchical concatenation strategy
is adopted, as shown in Fig. 5. Specifically, the multi-level
heading path of each chunk is dynamically concatenated
to its head. The heading path Hi of the current chunk is
concatenated before the main content Ci to form the input
sequence Xi. This explicitly preserves the hierarchical con-
text information of the regulations. The construction process
is defined as follows:

Xi = ConcatðHi,SEP,CiÞ (2)

whereConcat represents the concatenation function and SEP
denotes the separator.

These strategies have different but complementary
functions. Heading-level chunking preserves the semantic
integrity of each provision. The sliding-windowmechanism
reduces information loss at chunk boundaries. Hierarchical
concatenation adds the regulatory context of each chunk.
Together, these strategies improve retrieval completeness
and accuracy. They also reduce irrelevant matches caused
by isolated text fragments.

The processed sequences are then encoded into high-
dimensional vectors using a pretrained text embedding
model. The vectors are stored in a vector database for
subsequent indexing and semantic retrieval.

B. GENERATION OF SAFETY MEASURES
BASED ON GRAPH-MODEL FUSION

1). SEMANTIC EXTRACTION BASED ON CONTEXT DE-
COUPLING. In power operation scenarios, work ticket
descriptions are usually written in unstructured natural
language. They often couple the operation location with the
work content, resulting in high semantic coupling and
inaccurate knowledge retrieval. To solve this problem, an
LLM-based context semantic decoupling method is pro-
posed. It converts unstructured text into structured semantic

slots through prompt-guided entity extraction. Figure 6
illustrates the process. For example, given the input
*“Inspection of the diversion penstock and high slope
at Xisiping Hydropower Station”*, the LLM outputs
‘{“Location”: “Xisiping Hydropower Station”, “Content”:
“Inspection of the diversion penstock and high slope”}’.

2). KG-BASED SUBGRAPH RETRIEVAL OF OPERA-
TIONALEXPERIENCE. To effectively reuse historical safety
measure experience, a KG retrieval algorithm based on
weighted semantic similarity is proposed. Since work content
is more critical than station location for safety measure
formulation, an asymmetric weighting mechanism is intro-
duced. Specifically, a text embedding model maps the de-
coupled query vector vq to the feature vector vd of historical
graph nodes, and a weighted similarity function is defined to
reduce retrieval noise caused by location differences among
similar operations:

Scoreðq,dÞ = α · cosðvqloc,vdlocÞ þ β · cosðvqcont,vdcontÞ (3)

where Scoreðq,dÞ denotes the scoring function and cos(·)
represents the cosine similarity calculation. α and β are the
weight coefficients for the location and the work content,
respectively, satisfying α+ β= 1.

Based on this scoring function, a set of Top-K nodes
with the highest similarities, denoted as Ntop, is retrieved
from all historical nodes. Subsequently, each node in Ntop is
used as an anchor to perform a 1-hop traversal in the KG.
The associated triplets are extracted to construct a subgraph
Gsub containing historical operation experience. The triplet
set Tsub of this subgraph can be expressed as:

Tsub = fðh,r,tÞj h ∈ Ntop ∨ t ∈ Ntop,ðh,r,tÞ ∈ Gkgg (4)

3). LLM-DRIVEN SAFETY MEASURE GENERATION.
After retrieving the operation experience subgraph, the
KG triplets are converted into natural language safety
measures using a prompt-based RAG framework. The
retrieved triplets serve as contextual knowledge and are
combined with task instructions and generation constraints
to construct the prompt. A locally deployed Qwen model
then generates the safety measures. As shown in Fig. 7, the
model consists of stacked Transformer decoder layers, each
including a multi-head self-attention mechanism and a feed-
forward neural network [27].

To ensure the reliability and traceability of the gener-
ated content, the prompt requires the model to generate
safety measures based on the retrieved knowledge and
explicitly indicate the reference sources. The final results

Fig. 4. Knowledge vectorization process.

Fig. 5. Hierarchical concatenation strategy.

Fig. 6. Semantic decoupling extraction.
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are output in a structured JSON format. The safety measure
generation prompt is constructed as follows.

C. SAFETY MEASURE REVIEW BASED
ON FEATURE DECOUPLING AND GRAPH
CO-OCCURRENCE

In power operations, work ticket safety measures must be
logically correct and operationally reliable. Although LLMs
can generate candidate measures, hallucinations may cause

equipment misidentification or incorrect operations, posing
safety risks. Moreover, text vector similarity alone is insuf-
ficient for review. It cannot reliably distinguish opposite
operations (e.g., “disconnect” vs. “close” or “fully close”
vs. “fully open”) and fails to assess whether a safety
measure is necessary in a specific operation scenario.

To address these issues, a review mechanism integrat-
ing feature decoupling, opposite-action veto, and graph co-
occurrence statistics is proposed. By constructing a com-
pliance and necessity review framework, the generated
candidate safety measures are intelligently reviewed.

1). RULE TEMPLATE-BASED FEATUREDECOUPLINGOF
SAFETY MEASURES. Given the standardized nature of
hydropower safety instructions, a rule template-based feature
decoupling algorithm is designed to convert LLM-generated
safety measures into structured representations. A standard
operation action dictionary, Adict, is first constructed from
power safety regulations and historical work tickets. It
includes operation verbs such as “fully close,” “disconnect,”
“put into service,” and “take out of service.”Candidate safety
measures are then classified into operational isolation and
general specification categories according to whether they
contain actions in Adict. Different feature decoupling strate-
gies are subsequently applied. The classification criteria and
decoupling rules are listed in Table I. For general specifica-
tions, the complete sentence is retained as the retrieval query,
and compliance is evaluated through semantic matching
without applying the opposite-action penalty.

2). COMPLIANCE REVIEW BASED ON AN OPPOSITE-
ACTION VETO MECHANISM. The compliance review en-
forces safety regulations and prevents operation errors. For
operational isolation measures, it incorporates an opposite-
action veto mechanism based on regulation vector retrieval.
Let mi be a candidate safety measure generated by the LLM,
and rj be the most semantically similar clause retrieved from
the regulation vector database. A power operation opposite-
action dictionary, denoted as Dant, is constructed. This dic-
tionary contains mutually exclusive action pairs. It is used to
modify the traditional cosine similarity calculation. The
modified compliance matching function Scomp is defined as
follows:

Scompðmi,rjÞ = simðmi,rjÞ · ½1 − Pconf lictðmi,rjÞ� (5)

where simðmi,rjÞ is the cosine similarity based on the text
embedding model and Pconf lict ∈ f0,1g is the penalty func-
tion. If the action intents of mi and rj belong to an opposite-
action pair in Dant, Pconf lict equals 1; otherwise, it equals 0. If
the following condition is met:

Scomp ≥ δ (6)

where δ is a preset compliance threshold, the safety measure
mi is considered compliant at the regulation level.

3). NECESSITY REVIEW BASED ON HISTORICAL GRAPH
CO-OCCURRENCE. The necessity review verifies
whether candidate safety measures satisfy the minimum
safety requirements of the current operation. It uses the
relational structure of the work ticket KG to perform
probabilistic reasoning based on co-occurrence support,
ensuring consistency with the operation scenario and avoid-
ing redundant or missing measures.

For a given work taskw, the set of historical work ticket
nodes containing w, denoted as NticketðwÞ, is retrieved from
the KG. For any candidate safety measure mk, its historical
co-occurrence support in this task is defined as SsupðmkjwÞ:

Fig. 7. Qwen model architecture diagram.

Safety Measure Generation Prompt

System: You are an expert in the formulation of operational
safety measures for hydropower plants. Your task is to generate
safety measures based on the provided information.

User:

Requirements:

1. Prioritize the facts provided in the knowledge base and do not
fabricate information.

2. The plant/station location referenced in the safety measures
must be consistent with the query text.

3. Output must be strictly in JSON format with the following
fields:

{

“measures”: [“Measure 1”, “Measure 2”, “ : : : ”],

“citations”: [“Reference 1”, “Reference 2”, “ : : :”]

}

- ‘measures’must be an array, and each itemmust be a plain-text
safety measure without numbering or line breaks; at least one
measure must be included.

- ‘citations’ may be an empty array; if provided, they should
briefly describe the source content.

4. Do not output any text other than the JSON content.

5. Some retrieved content may be irrelevant to the task; ensure
that the generated safety measures are relevant to the task.

6. Safety measures should be practical and feasible, avoiding
vague or generic statements.

A Method for Generating Safety Measures 235
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SsupðmkjwÞ =
jNticketðwÞ∩NticketðmkÞj

jNticketðwÞj
(7)

where NticketðmkÞ is the set of historical work tickets in the
KG containing the candidate safety measure mk, and j · j
represents the cardinality of this set. SsupðmkjwÞ reflects the
probability of adopting this safety measure in similar
historical operations. If the candidate safety measure mk

satisfies the following condition:

SsupðmkjwÞ ≥ γ (8)

where γ is a preset necessity threshold. If this condition
is met, the safety measure is considered to be strongly
correlated with the current work content. Conversely, if a
safety measure meets the regulatory requirements but is not
supported by similar historical operation scenarios, it is
classified as a redundant measure.

III. EXPERIMENTAL VALIDATION
A. EXPERIMENTAL SETUP

To evaluate the proposed method, an experimental dataset
was constructed from real-world work tickets and industry
safety regulations. The operational data consist of historical
work tickets collected from a cascade hydropower plant
between January 2015 and October 2025. The dataset covers
primary electrical, secondary electrical, and hydro-mechani-
cal operations and includes task descriptions, equipment
information, safety measures, and related records. The regu-
lation corpuswas built from national, industry, and enterprise
safety standards in the power sector.

(1) Work ticket KG: After deduplication, cleaning, and
desensitization, 8,000 valid work tickets were retained.
Among them, 6,400 (80%) were used to construct the
knowledge base, and the remaining 1,600 served as the
test set. The resulting KG follows a four-level hierar-
chy of station–equipment–task–safety measure and
contains 32,695 entities and 53,621 triplets.

(2) Regulation knowledge base: Five core safety regula-
tions were selected as the compliance basis, including
the Safety Work Regulations for Power Grids (Elec-
trical Part of Power Plants and Substations) and the
Two-Ticket Management Standard of a hydropower
company. Using a sliding-window strategy (window
size: 512 tokens, overlap: λ = 10%), 2,600 regulation
vector indices were constructed.

To ensure data security, all experiments were con-
ducted in a local offline environment. The framework
was implemented with Python 3.10 and PyTorch 2.6.0.
Neo4j and Chroma were used to store the work ticket KG
and regulation vector database, respectively, while vLLM

provided the LLM inference service. All experiments were
performed on an Ubuntu 22.04 server. The hardware con-
figurations are shown in Table II.

Qwen3-8B was selected as the base model for local
deployment, considering model performance, size, and
GPU memory constraints. During inference, the tempera-
ture was set to 0.1 and Top-P to 0.9 to ensure deterministic
outputs. The BGE-Large-zh-v1.5 model was used for
semantic embedding with a dimension of 1024, supporting
accurate KG retrieval and regulation matching.

For the review module, the compliance threshold δ and
necessity threshold γ were determined using 100 safety
measure–regulation pairs and 100 safety measure–task pairs
sampled from the test set. These samples were used to
compute Scomp and Ssup, and their distributions are shown
in Fig. 8.

As shown in Fig. 8(a), compliance scores of positive
samples are mainly distributed in the range of 0.78–0.95,

Table I. Safety measure classification and decoupling rules

Measure
type

Trigger
condition

Extracted
elements Rule Example Structured result

Operational
isolation

Contains action
verbs in adict

Action,
equipment

Regex+
adict

Matching

“fully close unit 1f inlet butterfly
valve 1df, gao self-provided

power station”

Action: fully close;
Equipment: inlet butterfly valve
1df of unit 1f, gao self-owned

power station

General
specification

No action verb
matched

Complete
sentence

No
processing

“enter the work site and complete
the “two wears & one wear”

requirements.”

Complete sentence retained

Table II. Experimental hardware parameter
configuration

Configuration item Value

Operating System Ubuntu 22.04

CPU Intel(R) Xeon(R) Gold 6330

GPU NVIDIA GeForce RTX 4090D 24GB

Fig. 8. Sample similarity distribution characteristics: (a) Scomp
Score; (b) Ssup Score.

236 Xinyang Yi et al.

JDMD Vol. 5, No. 3, 2026



whereas negative samples are concentrated below 0.60.
Therefore, the distribution valley at δ= 0.70 was selected
as the compliance threshold.

As shown in Fig. 8(b), the co-occurrence support of
positive samples is generally above 0.75, while that of
negative samples is mostly below 0.35. Accordingly, the
necessity threshold was set to γ= 0.75.

B. PARAMETER SENSITIVITY ANALYSIS

The station location weight α and work content weight β
control the retrieval strategy of the proposed weighted
similarity algorithm. To validate the importance of work
content and determine the optimal parameter settings, a
sensitivity analysis was conducted on the test set.

In the absence of large-scale annotated retrieval pairs,
weight parameters were evaluated using safety measure
consistency. Specifically, the Average Safety Measure
Semantic Similarity (AMSS) measures the semantic simi-
larity between the ground-truth safety measures and the
Top-1 retrieved historical safety measures. The mathemati-
cal definition is given as:

AMSSðαÞ = 1
jDtestj

X

i∈Dtest

simðMT
i ,M

R
i ðαÞÞ (9)

where Dtest is the test set, MT
i is the ground-truth safety

measure set of the i-th test sample, MR
i ðαÞ is the safety

measure set of the Top-1 historical node retrieved from the
knowledge base under the parameter α configuration, and
simð·Þ is calculated using cosine similarity based on the
BGE embedding model.

Because α+ β= 1, a grid search was performed for α in
the range [0,1] with a step size of 0.1. The AMSS values
under different settings are shown in Fig. 9.

As α increases, the AMSS first increases and then
decreases. When α= 0 and α= 1, the AMSS is 0.76 and

0.21, respectively, indicating that neither work content nor
location alone achieves satisfactory retrieval performance.
The best result is obtained at α= 0.2, where the AMSS
reaches 0.89, suggesting that an 80% work content weight
combined with a 20% location weight provides the most
effective retrieval.

C. EXPERIMENTAL ANALYSIS

1). EVALUATION METRICS. To evaluate the proposed
method, experiments were conducted on a work ticket
test set covering typical maintenance, defect elimination,
and equipment commissioning scenarios. Performance was
assessed using Precision (P), Recall (R), and Compliance
Score (Cscore).

(1) Precision (P): Measures the proportion of correct and
executable safety measures in the generated results:

P =
Ncorrect

Ntotal
× 100% (10)

where Ncorrect is the number of safety measure items
judged by experts as correct, unambiguous, and
specific to the current work content, and Ntotal is
the total number of safety measure items generated
by the model.

(2) Recall (R): Measures the coverage of standard safety
measures by the generated results:

R =
Ncorrect

Nstandard
× 100% (11)

where Nstandard is the total number of safety measure
items that should be included in the standard work
ticket corresponding to the work content.

(3) Compliance Score (Cscore): This metric evaluates the
regulatory compliance of the generated safety mea-
sures on a 100-point scale. The outputs of different
methods were anonymized and randomly ordered
before evaluation. Three hydropower experts with
more than five years of experience in work-ticket
preparation independently scored each sample ac-
cording to the deduction rules listed in Table III.
The arithmetic mean of the three expert ratings was
taken as the compliance score for each sample,
thereby reducing the influence of individual scoring
differences. The final Cscore was calculated by aver-
aging the sample-level scores over the entire test set.
The detailed scoring criteria are listed in Table III.

2). BASELINE METHODS. To evaluate the effectiveness
of different knowledge enhancement and review strategies,
four baseline methods were compared with the proposed
approach (M5). The configurations of all experimental
groups are summarized in Table IV.

3). EXPERIMENTAL RESULTS. Figure 10 compares the
performance of the five methods in terms of P, R, Cscore.

Fig. 9. AMSS value variation curve.

Table III. Compliance scoring rules

Evaluation item Penalty Description

Compliance score 100 points Full score

Critical defect −100 Violates mandatory safety rules (e.g., no power isolation or grounding)

General defect −10/item Incorrect description or terminology

Redundant item −2/item Irrelevant or repeated measures
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As shown in Fig. 10, the proposed method (M5)
achieves the best performance across all evaluation metrics,
with a precision of 91.5%, a recall of 87.8%, and a
compliance score of 86.7. Compared with the baseline
LLM (M1), introducing either regulation knowledge
(M2) or historical work ticket knowledge (M3) significantly
improves generation quality. Specifically, M2 substantially
increases the compliance score, whereas M3 achieves
higher precision and recall. Integrating both knowledge
sources (M4) further improves overall performance, dem-
onstrating their complementary benefits.

The additional gains of M5 result from the proposed
review mechanism. Without post-review, M4 still suffers
from hallucinations, including confusion between opposite
operational actions and redundant safety measures. In
contrast, the opposite-action veto mechanism effectively
eliminates conflicting operations, while graph co-occur-
rence reasoning removes redundant measures and supple-
ments missing ones. Consequently, M5 achieves the highest
accuracy, coverage, and regulatory compliance among all
methods.

To further evaluate result stability, 200 samples were
randomly selected from the test set. The distribution of
compliance scores for the five methods is shown in the box
plot in Fig. 11.

As shown in Fig. 11, M1 exhibits the lowest median
score (13), indicating that the foundation LLM cannot gen-
erate engineering-feasible safety measures without domain
knowledge. Compared with M1, both M2 and M3 substan-
tially improve compliance scores but still produce numerous
low-score outliers, reflecting the limitations of relying solely
on regulation knowledge or historical experience. Although
M4 further shifts the score distribution upward, low-score
outliers remain because of LLM hallucinations.

In contrast, M5 achieves the highest median score and
the smallest interquartile range while effectively eliminating
most extreme low-score outliers. These results demonstrate
that the proposed review mechanism enhances both the
compliance and robustness of safety measure generation
by resolving conflicting operations and reducing redundant
or missing measures.

IV. CONCLUSIONS
Traditional methods struggle to balance historical operational
experience with safety regulation constraints in hydropower
plant O&M. To address this issue, this paper proposes an
intelligent safetymeasure generation method that integrates a
historical work ticket KG with safety regulation constraints.
Experimental results demonstrate its effectiveness in improv-
ing both generation quality and regulatory compliance. The
main conclusions are summarized as follows:

(1) A dual-modal knowledge base combining a historical
work ticket KG and a regulation vector database was
constructed, enabling effective reuse of operational
experience while providing reliable compliance
constraints.

(2) A graph-enhanced retrieval framework with weighted
semantic similarity was developed to jointly exploit
work content and location information. Experiments
show that dual-modal knowledge significantly im-
proves the precision and recall of safety measure
generation compared with single-source methods.

(3) A review mechanism integrating opposite-action veto
and graph co-occurrence reasoning was proposed to
perform compliance and necessity verification, fur-
ther improving the reliability and robustness of the
generated safety measures.

Table IV. Configurations of experimental groups

Group Configuration Incremental component

M1 Foundation LLM None

M2 M1+Regulation Vector database Regulation knowledge

M3 M1+Work Ticket KG Historical knowledge

M4 M1+KG+Regulation Vector database Dual-modal knowledge

M5 M4+Review Mechanism Compliance and necessity review

Fig. 11. Box plot of safety measure compliance scores.
Fig. 10. Performance comparison of the five experimental
configurations.
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The proposed method still depends on the quality of
historical work tickets and the structured processing of
safety regulations, and its generalizability to other hydro-
power plants requires further validation. Future work will
integrate multimodal equipment information, plant topol-
ogy, and real-time operational data to support more adap-
tive and reliable safety-measure generation.
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