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Abstract: Risks and hidden dangers in dam safety management may occur suddenly, such as piping effects and dam
overflow. Faced with these problems, several frontline dam managers are often at risk due to a lack of experience.
To address this, a dam safety emergency response decision-making method based on a graph database and language
model was proposed. First, a dam safety emergency knowledge system was constructed by identifying the potential
components involved in the decision-making process. Relevant data were collected, organized, and stored according
to this system, forming a knowledge graph of dam safety emergencies. Then, a Siamese Bidirectional Encoder
Representations from Transformers Network was used to build a semantic matching model that effectively links
dam safety emergency retrieval statements with corresponding cases in the graph database. A matching and sorting
method was also developed to enable precise retrieval and intelligent recommendation of the most similar cases.
The practical application of this method shows that it can effectively leverage professional expertise and typical
cases in the dam safety domain, automatically providing decision support to dam operation safety management
personnel through the integration of subgraphs and texts.
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1. Introduction

Dam safety incidents involve significant risks arising
from several factors, such as over-standard floods,
engineering failures, seismic and geological disasters,
large-volume floating object impacts, and terrorist
activities, all of which can lead to severe consequences
if not addressed promptly and effectively."* A notable
example occurred between February 7 and 14, 2017,
when the main spillway of the Oroville Dam sustained
extensive damage during discharge operations due
to melting snow and continuous rainfall. Although
discharge was temporarily halted to assess the damage,

and the spillway was subsequently reactivated, erosion
continued to worsen despite ongoing mitigation
efforts.>” During the accident, there were various
opportunities for human intervention to prevent the
situation from deteriorating further. However, due
to the mutual influence and joint action of multiple
inducing factors, the best time to curb the accident was
missed.® Another incident took place on January 12,
2022, at the No. 3 Unit of the Guanzhou Hydropower
Station, where a choke plug burst due to elevated water
pressure, causing upstream water to rapidly inundate
the powerhouse through the turbine’s inlet valve
passage, ultimately submerging the lower levels of the
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facility. This tragic event resulted in nine fatalities and
an estimated direct economic loss of approximately
RMB 44 million. One of the causes of the accident
was that the dam safety management personnel failed
to detect the abnormalities in the hydropower station’s
operation in time and take corresponding measures. In
recent years, countries have successively formulated
laws and standards to address these issues. For example,
the “Emergency Management Measures for Dam
Operation Safety of Hydropower Stations” issued by
the National Energy Administration of China stipulates
that power companies should strengthen the information
construction of dam emergency management. After an
emergency occurs, they should immediately initiate
an emergency response, take advanced measures,
and control the situation. At present, most dam safety
management departments in China have developed dam
safety emergency response manuals.'®!" However, these
are text documents with complex content and cannot
automatically recommend specific response measures
based on the occurrence of emergency events.

Dam operation safety management relies on a
combination of empirical experience and theoretical
knowledge.">"®* Over several decades, China’s
hydropowerindustry hasamassed extensive professional
expertise and numerous typical case studies; however,
this valuable knowledge is predominantly stored in
unstructured formats across various media, making
systematic and effective utilization challenging. In
dam safety management practice, experts with rich
engineering experience and specialized knowledge
are often capable of accurately identifying potential
hazards based on abnormal dam behavior and
recommending  appropriate = response  measures.
In contrast, some frontline dam safety personnel,
lacking such experience, may struggle to respond
effectively to emergencies, resulting in potential serious
consequences. A notable example is the Edenville Dam
failure, which was partly attributed to management’s
inability to fully open all six spillway gates promptly.'*
The investigation team believed that the opening of the
gate limited the discharge of the spillway. If the gate
could be fully opened, the maximum reservoir water
level would drop about 0.3 m compared to the time of
the accident. For the managers of the Edenville Dam,
if they had received the correct decision support in
time, such as fully opening the six gates, the accident
might have been avoided.!* Therefore, it is imperative
to systematically organize and leverage industry
knowledge by constructing a dam safety emergency
knowledge graph, which can provide decision-making

support during emergencies and help ensure the safety
of dam operations.

Wu et al.'® were the first to propose an expert system
that integrates dam safety data analysis, comprehensive
evaluation, and decision support, based on the “One
Engine and Four Bases” framework, comprising
an integrated inference engine, including database,
knowledge base, method base, and graph database.!”
While this system holds considerable theoretical value,
its knowledge representation and inference processes
were relatively mechanical due to the limitations
of knowledge base systems and natural language
processing technologies available at the time. Sheng
et al.'® further explored the impact mechanisms of
dynamic factors on decision-making by investigating
how these factors influence the decision-making process
and interact through feedback loops.!® They developed
a numerical model to capture the dynamics of decision
systems, enabling a quantitative description of decision
behaviors and their effects on remediation outcomes.
In recent years, the rapid advancement of technologies,
such as knowledge graphs and large language models,
has created new possibilities for enhancing decision-
making in dam safety emergency response. A knowledge
graph is a novel approach that uses graph-based models
to represent knowledge and capture relationships
among various entities,'*?! enabling the integration of
professional expertise, abnormal events, remediation
strategies, and other relevant information in dam safety
management. Meanwhile, large language models
can intelligently interpret user inputs related to dam
emergencies, accurately connect them to corresponding
decision-making options within the knowledge base,
and, leveraging the knowledge graph, provide informed
decision support by referencing the most relevant past
cases.””® Yan et al.*® proposed a new water quality
prediction modeling approach based on a knowledge
graph and deep adversarial networks. A deep adversarial
joint model was used to extract water quality data from
different knowledge sources and construct a knowledge
graph. The contribution of parameters in water
quality prediction was calculated by simultaneously
considering the correlation between knowledge and data,
significantly improving the effectiveness of water quality
prediction.”® Wang and Xu?” designed a watershed-
internal knowledge graph and a large language model
that encompasses watershed relationships and internal
information structures. The research indicated that
the long short-term memory (LSTM) model, when
integrated with a watershed-internal knowledge graph
and a large language model, can effectively incorporate
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critical elements influencing water level changes. The
accuracy of mountain flood forecasting was enhanced
by 3% compared to the standard LSTM model.”
Yang et al.?® proposed a novel intelligent question-
answering approach in hydroengineering inspection
based on a synergistic knowledge graph and a large
language model. The knowledge contained in the graph
was integrated into an optimal clarification path and
transferred to a large language model to address noise
and randomness, thereby enhancing the efficiency of the
clarification process. The results confirmed the method’s
effectiveness in enhancing the accuracy of intelligent
question-answering in hydroengineering inspection.?®

Building on these foundations, this study proposes
a dam safety emergency response decision-making
method that integrates the knowledge storage and
visualization strengths of knowledge graphs with
the text understanding capabilities of large language
models. A structured knowledge system for dam safety
emergencies was developed based on key decision-
making elements, which guided the systematic
collection and organization of relevant data into a
comprehensive knowledge graph. To enable intelligent
case retrieval, a semantic matching model based on
Siamese bidirectional encoder representations from
transformers (SBERT) was constructed, allowing for
the effective association of user queries with relevant
cases in the graph. This was further supported by a case-
matching and -ranking mechanism designed to ensure
accurate retrieval and intelligent recommendation of
decision-support information.

2. Methods

2.1. Knowledge graph

A knowledge graph is a type of graph database that
organizes and stores various forms of knowledge in
a structured network graph format.?>° As an efficient
means of knowledge representation, it models
relationships between entities by connecting nodes
to form either directed or undirected graphs.’!' In a
knowledge graph, nodes may represent tangible entities,
such as dams or rivers, and abstract concepts, including
emergency issues or decision-making solutions. The
edges between nodes denote attributes, such as river
names or dam elevations, or relationships, such as
“located in” or “belongs to,” thereby linking entities
and constructing a comprehensive knowledge network.
At its core, a knowledge graph is composed of triplets,
each consisting of a head entity, a relationship, and a tail
entity. These triplets represent discrete knowledge units

from the real world. When aggregated in large numbers,
they enable the modeling of complex inter-entity
relationships, thus realizing a true interconnection of all
relevant entities.

2.2. Semantic matching model

Semantic matching is a subfield of natural language
processing that focuses on determining the degree
of similarity between two textual expressions. Early
methods for semantic matching primarily relied
on basic word-level comparisons, where sentences
were segmented into individual characters or words
and then matched against entries in a knowledge
base. The emergence of large language models,
most notably bidirectional encoder representations
from transformers (BERT), has introduced advanced
solutions for semantic understanding and matching.’*34
However, when using a single BERT model to calculate
sentence similarity, the typical approach involves
concatenating two statements as a single input, which
can lead to increased computational complexity,
especially with longer texts. Furthermore, BERT’s
multi-head attention mechanism merges the contextual
information of both statements, potentially causing
information loss. To overcome these limitations, this
study integrated the BERT model with a Siamese
network, constructing a semantic similarity matching
model known as the SBERT network. This approach
employed two separate BERT models to independently
extract semantic features from each statement,
calculate their similarity, and then intelligently match
them within the knowledge graph based on the degree
of semantic similarity.*3¢ As illustrated in Figure 1,
the architecture of the SBERT network consisted of
three main components: the input layer, the feature
extraction layer, and the output layer.

To accommodate the specific data format required
by the BERT model for text-based tasks, the input
layer must first convert the two statements into a
format suitable for model processing. Initially, the
input statements were tokenized into word-level units
using a tokenizer, resulting in two distinct sets of word
tokens 4 = (a,a,,--,a_) and B = (b ,b,,---,b ). Special
tokens, classification token (CLS) and separator token
(SEP), were then added to structure the input properly,
where (CLS) was placed at the beginning of each token
sequence and (SEP) was used to denote the end. This
formatting ensured that the input was compatible with
the BERT architecture and enabled effective extraction
of semantic features. The final input structure for each
statement followed the format in Equations (1) and (2).
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Figure 1. Structure of the Siamese bidirectional encoder representations from transformers (BERT) network

A={[CLS] a,a,,,a [SEP]}
B={[CLS] b b, b [SEP]}

(1)
2)

The feature extraction layer employed two separate
BERT models to learn the textual features of the two
input statements, using a Siamese network architecture
that enabled parameter sharing between the models.
Once the textual features were extracted, a mean
pooling strategy was applied to reduce dimensionality
while preserving the most significant semantic features.
Subsequently, a bidirectional LSTM model equipped
with an attention mechanism assigned varying weights
to different components of each statement, enhancing
the model’s ability to capture interaction information
both within individual statements and between them.
After passing through the feature extraction layer, the
two input sentences were converted into two feature
vectors.

The output layer evaluated the feature vector
representations of the two input statements to determine
their semantic similarity. Among various methods for
measuring vector distances, cosine similarity is the
most widely used. It calculates the cosine of the angle
between the two statement vectors, thereby quantifying
how similar the texts are in the vector space. A cosine
similarity value closer to 1 indicates that the vectors
are nearly aligned, meaning the semantic content
of the statements is highly similar, with the angle
between them approaching 0°. In contrast, a cosine

value closer to 0 implies that the vectors are nearly
orthogonal, suggesting low semantic similarity with
an angle approaching 90°. Assuming that the feature
vectors of the two input statements were X and Y, with
a vector feature dimension of n, that is, X = (x x,,"x ),
Y = (v,.0,,,), the semantic similarity coefficient
between the two statements could then be calculated as
shown in Equation (3).

Zn:(xi X Yi)

S =
DEENRE
i=1 i=1

2.3. Dam safety emergency knowledge system

Based on the key components involved in the dam
safety emergency response decision-making process,
dam safety emergency knowledge can be categorized
into eight entity types: Dam, river, dam type, emergency
issues, abnormal manifestations, causal factors,
emergency measures, and treatment effectiveness.
Among these, the dam serves as the central element
of the knowledge system, acting as the carrier for
emergency issues and related components. Its entity
attributes describe engineering characteristics, such
as dam name, height, storage capacity, installed
capacity, and others. The dam depends on a river for its
development, and rivers at different levels form a natural

)

Volume 23 Issue 1 (2026) 169

doi: 10.36922/AJWEP025330253


https://dx.doi.org/10.36922/AJWEP025330253

Gong, et al.

hydrological network. River attributes include the river
name and the basin to which it belongs. The dam type
represents a fundamental classification, as different dam
types may experience distinct emergency issues and
require varied response strategies. Emergency issues
encompass representative incidents that have occurred
in dams, such as wide-span tensile stress in concrete
arch dams or sudden increase in leakage at the base of
earth-rockfill dams, and include details, including issue
name and description. Abnormal manifestations refer to
physical or monitoring-based indicators associated with
emergency issues, such as increased leakage pressure
at arch dam abutments or a strong correlation between
leakage and reservoir water level. Causal factors
represent the root causes of emergencies, examples being
a collision with a sand carrier or a long-term operation
of gates with minimal opening. Emergency measures
include detailed solutions for addressing these issues.
Treatment effectiveness describes the outcomes of
interventions, evaluated across four levels: significant,
good, moderate, and poor. Entity relationships define the
semantic links between pairs of entities, serving as vital
components of the structured knowledge. Based on the
eight proposed entity types, a total of 14 types of entity
relationships are established to support comprehensive
knowledge modeling. The detailed structure of the dam
safety emergency knowledge system is illustrated in
Figure 2.

3. Experiment

3.1. Construction of the dam safety emergency
knowledge graph

The construction of a dam safety emergency knowledge
graph served as a foundational step in enabling effective
decision support. Based on the dam safety emergency
knowledge system outlined in Section 2.3, relevant
knowledge was extracted from diverse sources, such as
documents, web pages, and books, and then organized
into a standardized, unified format. Once standardized,
this structured knowledge was stored in bulk to form
a comprehensive dam safety emergency knowledge
graph, enabling systematic representation and retrieval
of critical information for emergency decision-making.

3.1.1. Collection and compilation of dam safety
emergency knowledge

The data sources used to construct the dam safety
emergency knowledge graph in this study were primarily
composed of three parts. The first part included dam
engineering characteristic data stored in various dam

Dam type

Upstream
and
downstream

River
Branch and trunk Basis

Abnormal | Phenomena

measure

Result

Causal
factor

Treatment
effectiveness

Emergency
issue

Reason Result

Figure 2. Dam safety emergency knowledge system

safety management systems constructed by national
supervisory agencies and power companies, covering
several attributes, such as dam height, storage capacity,
and installed capacity. These datasets were stored in a
structured format and were primarily collected using
an automated batch export method. The second part
consisted of semi-structured data presented in tables
or lists, containing information on domestic rivers and
their tributaries, as well as upstream and downstream
relationships of dams. These data were collected from
China’s River and Lake Dictionary, which is China’s first
professional reference book that systematically sorts
out the current status of river and lake systems. After
proper organization, these data could also be processed
in batches. The third part involved unstructured textual
data derived from professional reports, technical
books, academic papers, and specialized websites,
encompassing various details, such as emergency issues,
abnormal manifestations, causal factors, emergency
measures, and effectiveness of intervention. Since this
information was primarily unstructured, research and
testing were conducted using automatic text knowledge
extraction models, such as TechGPT-2.0, OneKE, and
Unified Structure Generation for Universal Information.

While these models demonstrated high flexibility
and accuracy in extracting short text, they were less
effective in handling long texts that required contextual
judgment. Consequently, long textual data, such as
detailed emergency case descriptions, were manually
extracted and organized. The dam safety emergency
cases were the key to making emergency response
decisions. A total of 1,177 dam safety emergency cases
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were collected in this study, encompassing almost all
possible event categories, including over-standard
floods, engineering failures, seismic and geological
disasters, large-volume floating object impacts, and
flooded powerhouses. Each emergency case contained
information, such as emergency issues, emergency
process, abnormal manifestations, causal factors,
emergency measures, and remediation effectiveness,
which could be used for emergency decision support.
Part of the data sources for constructing the dam safety
emergency knowledge graph is shown in Table Al.
Ultimately, all collected data were transformed into
a unified triplet format to illustrate the dam safety
emergency knowledge graph. Examples of such triplets
include “Goupitan, dam height, 230.5 m” and “Goupitan,
emergency issue, erosion damage to the plunge pool.”

3.1.2. Storage of dam safety emergency knowledge
based on Neo4j database
After the knowledge collection phase, the target
data used for constructing the dam safety emergency
knowledge graph was organized in the form of triplets,
making it well-suited for storage in a graph database.
At present, the primary data models employed for
knowledge graphs include the resource description
framework (RDF) graph and the property graph.

The RDF Graph is a standardized data model primarily
utilized in the Semantic Web domain and developed
by the World Wide Web Consortium standardization

organization. It is designed to describe entities, resources,
and the relationships between them, with a core structure
based on triplets composed of a subject, predicate, and
object, where the subject and object represent entities
and the predicate defines the semantic relationship
between them. While the RDF graph is recognized for
its formal rigor and comprehensive functionality, it has
notable limitations in practical implementation. Its usage
is mainly confined to academic research, with limited
adoption in industrial applications. In contrast, the
property graph model, introduced more recently, offers
greater flexibility and better compatibility with existing
storage systems. This model emphasizes the relationships
between nodes and edges and is composed of elements
such as nodes, edges, properties, identifiers, and labels.
Neo4j, the most widely adopted open-source property
graph database, effectively illustrates the interconnected
characteristics of data and is valued for its fast read/
write performance, highly flexible structural design, and
support for distributed, high-availability deployment.

In this study, the Neo4j database was employed
to construct the dam safety emergency knowledge
graph, with the py2neo toolkit serving as an interface
between Python and the Neo4j environment. Python
programming was utilized to convert a large volume
of triplets into the property graph format. These triplets
were then imported into the Neo4j database in batches to
complete the graph construction process, as illustrated
in Figure 3. The subgraph is shown in Figure 4.

Add concrete futoff wall and
d

Figure 3. Dam safety emergency knowledge graph
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Figure 4. Subgraph of the dam safety emergency case

3.2. Construction of the dam safety emergency
semantic matching model

When frontline dam safety management personnel
require decision support during emergencies, they
often seek to retrieve similar past cases along with their
corresponding response measures. This necessitates
the development of an association matching model
that links input statements to the trigger statements of
dam safety emergency scenarios within the knowledge
graph. To achieve semantic matching, the SBERT
model constructed in Section 2.2 was utilized, where the
effectiveness of the matching process largely depended
on the choice of the underlying BERT model. Since
the introduction of the BERT architecture, numerous
organizations have developed a wide range of pre-
trained BERT models and BERT-based variants tailored
to various corpora, resulting in differences in model
applicability. Among these, the bge-large-zh-v1.5
model demonstrated superior performance as a leading
semantic vector model compared to other large language
models, having outperformed comparable models in
terms of Chinese semantic representation capabilities.
Consequently, this study adopted the bge-large-zh-v1.5
model as the pre-trained foundation for the SBERT

network, enabling accurate semantic parsing and vector
transformation of input statements.

3.3. Intelligent matching of dam safety emergency
cases based on a knowledge graph

Dam safety emergency cases were stored within the
knowledge graph as subgraphs, with each emergency
case represented as an individual subgraph. A complete
subgraph of a dam safety emergency case is illustrated
in Figure 4. Each subgraph included seven key
entities: Dam, dam type, emergency issues, abnormal
manifestations, causal factors, emergency measures, and
remediation effectiveness. The entity attributes within
each subgraph contained detailed information specific
to the corresponding emergency case. For example,
the entity attributes of the emergency issue included
both the name and a comprehensive description of
the issue. The issue name played a critical role in case
retrieval, as it served as the basis for semantic matching
with the input query related to an emergency issue.
Consequently, intelligent matching of dam emergency
issue cases entailed retrieving relevant subgraphs from
the knowledge graph and extracting the associated
entity attribute content for decision support.
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As shown in Figure 5, matching dam safety

emergency cases involved the following four steps:

(i) Collection of dam safety emergency cases: All

(iii) Subgraph of dam safety emergency case: For each

candidate emergency issue entity obtained from
step 2, the associated entities in the dam safety

C = [619C29C3’. . .9Cn)

emergency issue entities were retrieved from the
dam safety emergency knowledge graph using
Cypher query language. The names of these entities
were then extracted and compiled into a collection
of emergency issue names, which served as the key
reference for semantic matching. This collection of
emergency issue names is formally represented in
Equation (4).

av)

(i1) Matching of candidate emergency issues: Based

on the dam safety emergency semantic matching
model developed in Section 3.2, the semantic
similarity between the input dam emergency issue
retrieval statement and the collection of emergency
issue names was calculated. Similarity scores were
computed between the input statement and each
element within the collection. The top 5 elements
with the highest similarity coefficients were then
selected as candidate emergency issue entities for
further processing or retrieval.

emergency knowledge graph, such as dam, dam type,
abnormal manifestations, causal factors, emergency
measures, and remediation effectiveness, were
retrieved using single-hop and multi-hop query
methods. These related entities were then used to
generate the corresponding subgraph representing
the complete dam safety emergency case.

(iv) Text representation of dam safety emergency case:
The textual content of the dam safety emergency
case was retrieved by querying the entity attributes
of the subgraph entities within the graph database.
These retrieved attributes were then assembled to
form the complete textual representation of the dam
safety emergency case.

4. Engineering case
4.1. Engineering introduction and emergency issue

A domestic pumped-storage power station consists of an
upper reservoir, a lower reservoir, a waterway system,

(Dam emergency retrieval statemenD ( Dam safety emergency case )

Input

A 4
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A 4
Entity of candidate |
emergency problem |
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emergency case
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Figure 5. Dam safety emergency case matching process
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and an underground powerhouse system. The upper
reservoir is an asphalt concrete-faced rockfill dam with
a maximum height of 43.9 m. The lower reservoir is a
roller-compacted concrete gravity dam with a maximum
height of 73.0 m, equipped with spillways and other
facilities. During a routine dam safety inspection, the
following issues were discovered: High leakage in the
concrete-faced rockfill dam body, erosion damage to
the stilling-basin slab, and tensile stress existed in the
concrete gravity dam heel.

4.2. Semantic matching of dam safety emergency cases
According to the dam safety emergency case matching
method in Section 3.3 and the semantic matching
model in Section 3.2, emergency cases similar to the
current emergency issues of the pumped storage power
station were matched from the dam safety emergency
knowledge graph and sorted according to the similarity
coefficient, as shown in Table 1. As demonstrated by

statement pairs 1, 6, and 11, corresponding to the input
statements of high leakage in the concrete-faced rockfill
dam body, erosion damage to the stilling-basin slab, and
tensile stress exists in the concrete gravity dam heel,
respectively, the model successfully identified the most
semantically similar emergency issue cases based on the
calculated similarity coefficients, all of which exceeded
0.95 for correct matches. Furthermore, a comparison
between statement pairs 1 and 2 revealed that the
similarity coefficient of pair 2 was significantly lower
than that of pair 1, indicating that the semantic matching
algorithm developed in this study demonstrated strong
discriminative ability between synonyms and antonyms.
For instance, it accurately distinguished between high
leakage, severe leakage, and low leakage. In addition,
the similarity coefficient of statement pair 6 was higher
than that of pair 8, suggesting that the model recognized
greater semantic similarity between erosion and scouring
than between erosion and cavitation. This observation

Table 1. Semantic matching test results for dam safety emergency issues

S/N Current emergency issues

Candidate emergency cases

Similarity coefficient

1 High leakage in the concrete-faced Severe leakage in the concrete-faced 0.968
rockfill dam body rockfill dam body

2 High leakage in the concrete-faced Low leakage in the concrete-faced rockfill 0.891
rockfill dam body dam body

3 High leakage in the concrete-faced High leakage in the concrete gravity dam 0.787
rockfill dam body

4 High leakage in the concrete-faced Obvious deformation in the concrete-faced 0.883
rockfill dam body rockfill dam body

5 High leakage in the concrete-faced Collapse of the earth-rockfill dam body 0.732
rockfill dam body

6 Erosion damage to the stilling-basin slab Scouring damage to the stilling-basin slab 0.966

7 Erosion damage to the stilling-basin slab Erosion damage to the plunge pool slab 0.748

8 Erosion damage to the stilling-basin slab Cavitation damage to the stilling-basin slab 0.925

9 Erosion damage to the stilling-basin slab Exposed reinforcement on the sidewall of 0.631

the stilling basin

10 Erosion damage to the stilling-basin slab Erosion damage to the spillway chute 0.633

11 Tensile stress exists in the concrete Tensile stress appears in the concrete 0.986
gravity dam heel gravity dam heel

12 Tensile stress exists in the concrete Tensile stress exists in the concrete arch 0.925
gravity dam heel dam heel

13 Tensile stress exists in the concrete Excessive tensile stress in the concrete 0.886
gravity dam heel gravity dam body

14 Tensile stress exists in the concrete Compressive stress exists in the concrete 0.942
gravity dam heel gravity dam heel

15 Tensile stress exists in the concrete A scouring pit exists at the concrete gravity 0.852
gravity dam heel dam heel

Abbreviation: S/N: Serial number.
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Scouring damage to the stilling-basin slab
Case 1:

Dam Name:

Suzhi

Problem Summary:
Scouring damage to the stilling-basin slab

Detailed Description of the Problem:

In December 2005, the project began operating with a temporary rockfill
dam cross-section for water retention, with an initial reservoir operation
level of 1891.00 m, and the first generating unit was put into operation.
On October 5, 2006, the reservoir water level rose to the normal storage
level, leading to a sharp increase in drainage from the sand-free pipes on
the energy dissi pool floor, by red sediment-lad
discharge, and water accumulation was observed in the drainage gallery.
From December each year to May of the following year, seepage
exhibited a periodic increase, reaching its peak in March and gradually
decreasing to approximately 1.0 L/s by May. Simultaneously, large
amounts of yellow mud occasionally appeared, leading to drainage
channel blockages. In November 2009, another occurrence of yellow
mud-like seepage was observed. In 2011 and 2012, a total of 15.08 m?
and 2.34 m® of silt were removed from the drainage channel in the
gallery, respectively.

Emergency measure:
Most areas of the energy dissipation pool floor exhibit an erosion depth
exceeding 5 cm, with an average depth of 15.14 cm. To ensure effective
restoration, an additional 15 cm thick layer of silica fume impact- and
wear-resistant concrete (C35F100W8) is applied over the original
concrete surface. The expansion joints remain as per the original design.
For areas with an erosion depth between 5 cm and 15 cm, where the
original reinforcement remains intact, first-grade concrete is poured.
Anchoring bars ($12) are arranged at a 60 cm x 60 cm spacing, with an
anchorage length of 15 cm, hole diameter of 18 mm, and hole depth of 20
cm. A surface reinforcement mesh (8 @ 10 x 10 cm) is installed, with a
protective layer thickness of 10 cm. For areas with an erosion depth
greater than 15 cm, where the original reinforcement has been damaged
or exposed, second-grade concrete is poured. Anchoring bars (®22) are
arranged at a 60 cm x 60 cm spacing, with an anchorage length of 40 cm,
hole diameter of 30 mm, and hole depth of 400 mm. The original
reinforcement mesh is restored through welding, and an additional anti-
crack reinforcement mesh (48 @ 10 x 10 cm) is installed, with a
protective layer thickness of 10 cm.

Case 2:

Dam Name:

Sayano-Shushensk

Problem Summary:

Scouring damage to the stilling-basin

Detailed Description of the Problem:

During the construction period from 1975 to 1978, the diversion bottom

@ Emergency problem [1]

v
Treatment Significant reduction in
. &ffect seepage volume
)
Thickened silica fume._
impact-resistant and
wear-resistant concrete
Emergency
measure

problem .
Scouring damage to the

stilling-basin slab

Suzhi dam

Figure 6. Results of auxiliary decision support for dam operation safety

aligned with domain knowledge in the dam safety
management industry, demonstrating the model’s ability
to understand specialized terminology. In summary, the
dam emergency knowledge semantic matching model,
based on the SBERT network developed in this study,
can effectively identify semantic similarities in dam
safety emergency statements and reliably retrieve the
most relevant emergency cases from the knowledge
graph.

4.3. Subgraph and text representation of the dam
safety emergency case

Based on the method proposed in this study, a dam
safety emergency decision-making system was
constructed to display recommended similar cases
and decision-making solutions. The system interface
is shown in Figure 6. For each candidate emergency
issue entity in Table 1, the associated entities in the
dam safety emergency knowledge graph, such as dam,
dam type, abnormal manifestations, causal factors,
emergency measures, and remediation effectiveness,
were retrieved using single-hop and multi-hop query
methods. These related entities were used to generate
the corresponding subgraph representing the complete

dam safety emergency case, as shown on the right side
of Figure 6. Then, the textual content of the dam safety
emergency case was retrieved by querying the entity
attributes of the subgraph entities within the graph
database. These retrieved attributes were assembled
to form the complete textual representation of the dam
safety emergency case, as shown on the left side of
Figure 6. These retrieved cases included similar case
descriptions and detailed emergency response measures.
The dam safety manager could make decisions based on
the disposal measures recommended by the dam safety
emergency decision-making system.

5. Conclusion

This study proposes a dam safety emergency response
decision-making system that integrates a knowledge
graph, large language models, and a substantial
collection of historical cases. Compared to existing
methods, the proposed system enables users to query
decision-making solutions through natural language
inputs and delivers results in a combined format of
subgraphs and textual descriptions, thereby offering
effective support to technical personnel involved in
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dam safety management. The specific conclusions are

as follows:

(1) The knowledge graph is well-suited for constructing
dam safety emergency knowledge bases, as
representing and storing emergency cases in
graphical form facilitates effective retrieval, clear
presentation, and efficient utilization of industry-
specific knowledge.

(i) The SBERT network, integrated with the bge-
large-zh-v1.5 vector model, demonstrates strong
performance in the semantic matching of dam safety
emergency knowledge and accurately interprets
specialized vocabulary within the dam safety domain.

(iii) By integrating knowledge graph technology with the
SBERT network, this study achieves the systematic
utilization of professional expertise and typical cases.
The proposed method not only supports emergency
decision-making during critical events but also
offers valuable decision support for potential hazard
management in routine dam operations.

(iv) The method proposed in this study is highly
dependent on dam safety emergency cases stored
in the knowledge graph. Continuous improvement
of the categories and number of cases is necessary
to obtain better decision-making support effects
in future work. In addition, the decision-making
system serves solely as an auxiliary tool, offering
case-based support and a reference framework for
dam safety managers; the final decision-making
plan should be determined through further expert
consultation and discussion.
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Appendix

Table Al. Part of the data sources for constructing the dam safety emergency knowledge graph

Data source

Internet link Category

Association of state dam safety officials

Hydropower station dam safety operation safety monitoring platform

China’s river and lake dictionary
Dam hazard assessment and hazard removal and reinforcement technology

Risk management and control of water conservancy and hydropower
projects

Identification and treatment technology of safety hazards for reservoirs and
dams

Analysis of typical failure cases of equipment and facilities in pumped
storage power stations

Analysis of abnormal working behavior of hydraulic structures
Examples of reinforcement of dangerous reservoirs

Technical guidelines for handling safety hazards of earth-rock dams in small
reservoirs

Design of hazard removal and reinforcement of the main dam of Fuxi
Reservoir

Leakage analysis and evaluation of Huidong hydropower station

Analysis on risk elimination and reinforcement measures for Bazai reservoir
project

Study on the risk elimination and reinforcement project for chaganghe
reservoir

Research on key technologies for Danan reservoir hazard removal and
reinforcement

Analysis on the scheme for eliminating danger and reinforcing the Lingxi
reservoir dam

https://damsafety.org/ ~ Website
https://v3.dam.com.cn/ Website (not open

to the public)

/ Book

/ Book

/ Book

/ Book

/ Book

/ Book

/ Book

/ Standard
/ Article

/ Article

/ Article

/ Article

/ Article

/ Article
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