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Abstract: Certain frontline dam safety management personnel lack the ability to diagnose dam hazard issues and
often find it difficult to identify potential risks in practice. Existing causal analysis methods for dam safety diagnosis
struggle to provide specific reasoning paths and quantify risk probabilities. To address this gap, this study proposes
a dam safety diagnostic method based on Bayesian networks (BNs). First, historical cases of dam safety hazards
were collected and classified to extract various types of hazard issues, abnormal manifestations, and underlying
causes, which were used as nodes within the BN. Correlation analysis was then performed to identify relationships
among the nodes, enabling the construction of directed edges that form the BN structure. The degree centrality
algorithm was employed to analyze the prior probabilities of parent nodes, while Bayes’ theorem was applied to
calculate the conditional probabilities of the child nodes, generating conditional probability tables for all nodes
within the network. Using the BN’s posterior probability inference method, the probabilities of hidden hazards
in a target dam were calculated, facilitating accurate diagnosis and root cause tracing of potential risks. Finally, a
case study involving a hidden hazard in a domestic earth-rock dam was used to validate the proposed method. The
results demonstrate that the method efficiently utilizes a large number of scattered dam hazard cases, is less affected
by subjective factors, provides clear reasoning links and risk probabilities, and can accurately identify dam hazard
issues and trace their root causes, offering technical support for dam operation and safety management personnel.

Keywords: Dam safety; Bayesian network; Hidden hazards; Probabilistic diagnosis; Risk assessment

1. Introduction

Dam safety diagnosis is a highly abstract and
complex task. Experienced dam safety engineers
can comprehensively assess dam safety and identify
potential anomalies by leveraging their professional
knowledge and engineering They
holistically analyze dam safety monitoring data, field
inspection findings, structural numerical simulation
results, and other relevant observations to trace the
root causes of identified issues."? However, many

experience.

frontline dam safety management personnel still lack
the capability to perform such diagnostic evaluations.
Therefore, it is essential to analyze historical cases
and statistically examine causal relationships to enable
accurate diagnostics of dam structural safety.

Dam safety diagnosis is a form of causal analysis.**
Common methods include the analytic hierarchy
process, fuzzy comprehensive evaluation method,
artificial neural network analysis, cloud model, and
the Granger model.”!! The analytic hierarchy process
is greatly affected by subjective factors, and the
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diagnostic results are prone to deviation.'>!3 The fuzzy
comprehensive evaluation method is limited by the
number of indicators it can handle; if there are too
many indicators at the same level, it may lead to super-
fuzziness and cause diagnosis failure.'*!5 The artificial
neural network analysis method has high training costs
and a “black box” characteristic, making it difficult to
describe the diagnostic path.'®!” The cloud model is
highly dependent on parameters and cannot perform
scenario simulations.'®!” Granger causality, a traditional
causal analysis method, is often applied in financial
markets to analyze lead—lag relationships between
stock prices and trading volumes.?*?! However, the
Granger model is applicable only to stationary time
series, and its concept of “causality” pertains merely
to predictive capability rather than actual causal
relationships.” In contrast, the Bayesian network
(BN), which has developed rapidly in recent years,
is a probabilistic graphical model suitable for causal
analysis. It represents dependencies among variables
within a probabilistic reasoning framework, making it
effective for organizing historical cases, constructing
relationships, and handling uncertainties. BNs excel at
inferring and diagnosing unknown probabilities based
on available data®?* and have been widely applied in
fields, such as medical diagnosis, risk assessment, and
fault prediction. For example, Zhong and Xue® used
open-source data from the United Kingdom Biobank
and employed univariate Cox regression analysis to
identify predictive factors associated with lung cancer
incidence. They developed a lung cancer risk prediction
model combining BNs and the Cox model, enabling the
prediction of high-risk populations even in the absence
of certain predictive factors. Wu et al.*® constructed
a BN model of relay protection systems based on
operational logic. By performing backward Bayesian
inference, they obtained the failure probabilities of
relevant components and further integrated these
fault probabilities using Dempster—Shafer evidence
theory, achieving fault diagnosis for power distribution
networks by identifying malfunctions in protection
devices and circuit breakers. To extract fault features
from sequential observation signals of a liquid—solid
rocket engine, Wu et al.*’ combined the stepwise
method with kernel principal component analysis and
applied fuzzy C-means clustering to establish a fuzzy
polymorphic BN. This enabled fuzzification of the
signal scale, successfully diagnosing common engine
faults with a diagnostic accuracy 20.9% higher than
that of traditional methods. In the field of dam safety
management, Li et al.*®* analyzed and summarized

the primary risk sources responsible for concrete
dam failures and incorporated temporal factors to
construct a dynamic BN model, allowing for dynamic
assessments of failure probabilities and the likelihood
of risk factor occurrences. Chen and Lin,* considering
the probabilistic relationships among cascade dam
effects, natural hazard sources, and influencing factors,
established a Bayesian model for dam failurerisk analysis
under combined flood and earthquake conditions. This
model was applied to the Shuangjiangkou Dam project,
demonstrating the effectiveness of BNs in dam risk
diagnostics.

Building upon the identified needs in dam safety
management and the diagnostic capabilities of BN,
this study proposes a BN-based method for dam safety
diagnosis. By collecting and analyzing a large number
of dam hazard cases, three types of nodes—hazard
issues, abnormal manifestations, and underlying
causes—are extracted to form the structure of the
BN. Relevant data are then gathered as evidence to
establish directed edges between nodes and generate
conditional probability tables (CPTs) for each node,
thereby constructing a BN for dam safety diagnosis.
The proposed method effectively organizes and utilizes
a large number of scattered dam hazard cases, is less
affected by subjective factors, provides clear reasoning
links and risk probabilities, and can accurately identify
dam hazard issues and facilitate the tracing of their root
causes.

2. Methods

2.1. BN

A BN, also known as a probabilistic network, causal
network, or belief network, is a directed acyclic graph
consisting of network nodes, directed edges, and
CPTs. It represents an integration of graph theory and
probability theory.’'*> A schematic diagram of a simple
BN is presented in Figure 1.

2.1.1. Network nodes

Nodes in a BN are the fundamental elements
representing random variables.** Any random variable
can be represented as a node, such as abnormal
manifestations of a dam, potential hazard issues, or their
underlying causes. Based on the direction of the arrows,
nodes within the network can be categorized as parent
nodes and child nodes. A parent node of a given node
corresponds to its input variable (i.e., its predecessor),
while a child node corresponds to its output variable
(i.e., its successor). For example, in Figure 1, the
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Directed edge

CPT
P(x2lx1) x1=1 x1=0
x2=1 0.82 0.13
x2=0 0.18 0.87

Figure 1. Schematic diagram of a Bayesian network
Abbreviation: CPT: Conditional probability table.

directed edge x,—x, indicates that x| is the parent node
of x, and x, is the child node of x,.

2.1.2. Directed edges

Directed edges in a BN represent the causal relationships
between nodes. The interconnections formed by these
directed edges establish the structure of the BN and
express these causal relationships in the form of a
directed acyclic graph.’-3¢ For example, in Figure 1, the
edge x,—x, indicates that x| is the cause of x,, while x,
is the effect of x,.

2.1.3. CPTy

The CPT describes the conditional probability
distribution of each node in the BN and quantifies
the degree of influence among nodes.’” The size of a
node’s CPT depends on the number of its parent nodes
and the number of possible states for each parent node.
The probabilities involved in a CPT include prior
probabilities and conditional probabilities. A prior
probability refers to the initial assumption about the
probability distribution of a variable before considering
additional information. It is typically derived from
expert knowledge or extensive historical data analysis.
Conditional probability refers to the probability
of an event occurring given that another event has
already occurred, thereby quantifying the dependency
relationship between variables.

2.1.4. BN inference

BN inference refers to the process of calculating
the posterior probabilities of certain variables C, or
predicting their most probable values, given evidence
variables E, based on the structure G and the probability
distribution K of the BN, denoted as BN = (G, K).
Specifically, it involves computing the posterior

Pi=1) | P@xi=0)
0.65 0.35

x1=1 x1=0
P(x3] x2, x1)
xz=1 x2=0 x2=l x2=0
x3=1 0.72 0.51 0.39 0.62
x3=0 0.28 0.49 0.61 0.38

probability distribution P (C|E = ¢).*** The essence of
dam safety anomaly diagnosis and root cause tracing
is to calculate the posterior probability distribution
of specific variables within the BN (such as potential
dam hazard issues) based on the known values of other
variables (such as observed abnormal behaviors of the
dam). This process aligns with the general logic of BN
inference.

2.2. Construction method of the dam safety
diagnosis BN

This section proposes a method for constructing the
dam safety diagnosis BN based on a large number of
scattered dam hazard cases. First, the hazard cases were
organized and categorized to form three types of BN
nodes: Abnormal manifestations, hazard issues, and
underlying causes. Then, using the dam hazard cases
as connections points, directed edges were constructed
between the BN nodes. Finally, based on the complex
relationships between the dam hazard cases and BN
nodes, the CPTs of the BN sub-nodes were calculated.
In this study, the BN construction method relies entirely
on extensive industry data, thereby eliminating the
influence of subjective human judgment.

2.2.1. Nodes of the dam safety diagnosis BN

The tasks of the BN for dam safety diagnosis include
diagnosing dam safety anomalies and tracing the root
causes of potential dam hazards. Anomaly diagnosis
involves identifying potential hidden hazard issues
within the dam based on one or more abnormal
manifestations observed through monitoring data
or manual inspection. Root cause tracing refers to
identifying the possible underlying causes of one or
more hazard issues. Accordingly, the node types in the
dam safety diagnosis BN were categorized into three
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groups: Abnormal manifestations, hazard issues, and
underlying causes. The specific contents of each node
category were summarized based on the collected
dam safety hazard cases. In a single hazard case, the
corresponding abnormal manifestations, hazard issues,
and underlying causes may each include one or more
types. In addition, a given node in any of the three
categories may originate from one or more hazard cases.
This node extraction process is illustrated in Figure 2.

2.2.2. Directed edges in the dam safety diagnosis BN

As described in the previous section, the nodes
representing hazard issues, abnormal manifestations,
and underlying causes in the BN were extracted from
dam safety hazard cases. Accordingly, these three
types of nodes are connected based on the same
hazard cases, as shown in Figure 2. In the context of
dam safety anomaly diagnosis, hazard issues serve as
parent nodes, while abnormal manifestations serve as
child nodes, with directed edges pointing from hazard
issues to abnormal manifestations. For example, in
Figure 2, this is illustrated by the relationships labeled
(1D—(2) and (1)—(3), namely, [Abnormal seepage
at dam foundation] — [Lower uplift pressure at dam
foundation]; [Abnormal seepage at dam foundation]
— [Emitting water from the bottom plate of the
foundation gallery]. Similarly, in the context of root
cause tracing, underlying causes act as parent nodes,

Abnormal seepage at
dam foundation

while hazard issues serve as child nodes, with directed
edges pointing from causes to issues. This is depicted in
Figure 2 by the edge (4)—(1), such as: [Grouting defect
in individual curtain holes] — [Abnormal seepage at
dam foundation]. A complete chain of directed edges
is shown in Figure 3. Following this method, all nodes
in the dam safety diagnosis BN are connected through
directed edges based on the dam hazard cases, forming
a complete BN structure, as illustrated in Figure 4.

2.2.3. CPT in the dam safety diagnosis BN

After constructing the BN, it is necessary to assign
probability parameters to each node and build the
corresponding CPTs. When performing dam safety
anomaly diagnosis, only the upper two layers of the
BN structure are activated. In this context, the nodes in
the hazard issues layer serve as parent nodes, with their
probability parameters defined by prior probabilities.
The nodes in the abnormal manifestations layer act as
child nodes and require the assignment of conditional
probabilities under various conditions. When performing
root cause tracing for dam safety hazards, only the
lower two layers of the BN structure are activated.
Here, the nodes in the underlying causes layer serve as
parent nodes, and their probability parameters are also
set using prior probabilities, while the hazard issues
layer functions as the child nodes requiring conditional
probabilities. The methods for assigning BN parameters

Lower uplift pressure
at dam foundation

Abnormal
manifestation
- ®
Leakage volume of the Emitting water from the
foundation of a concrete arch bottom plate of the
dam suddenly increased foundation gallery

Underlying Cause

Grouting defect in
individual curtain holes

Leakage volume of the foundation

of a concrete gravity dam has been
increasing year by year

Figure 2. Schematic diagram of node extraction for the dam safety diagnosis Bayesian network
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in both anomaly diagnosis and root cause tracing are
similar. Therefore, only the parameter assignment
process for dam safety anomaly diagnosis is described
below.
(a) Prior probabilities of hazard issues

The prior probability was the initial parameter
assigned to a parent node within the BN. It was
calculated using the degree centrality algorithm, which
analyzes the relationships between dam hazard cases
and hazard issues to determine the prior probability of
each hazard issue. Degree centrality is defined as the
number of edges connected to a node, representing
the number of relationships that a node possesses. As
shown in Figure 2, each hazard issue node is linked to
one or more historical hazard cases. The more cases a
hazard issue is associated with, the higher its frequency
of occurrence, and consequently, the higher its prior
probability. For any hazard issue 4, in the BN, the
degree centrality can be expressed as:

c)=Ye, (1)

g=1

Lower uplift pressure
at dam foundation

Grouting defect in

Abnormal seepage at ~ OIC -
individual curtain holes

dam foundation

Emitting water from the bottom

plate of the foundation gallery
Figure 3. Schematic diagram of directed edge
construction in the dam safety diagnosis Bayesian
network

where m is the number of collected dam hazard
cases; and e, represents the relationship between hazard

issue 4, and case Dg. If a relationship exists, €, = 1;
otherwise, eig =0 ¢, =0.

To eliminate the influence of variation in the number
of collected cases, normalization was performed:

2 Cu
C'(4)=5"— )
m—1

where C'(4;) represents the relative frequency of
each type of hazard issue. In addition, it is necessary to
account for the overall probability that a dam may
experience any hazard issue. Thus, the final prior
probability of a hazard issue in the BN is given by:

m

m

B Ze,«
P(4,=1)=BC'(4)=—= (3)
m—1
where P(4=1) is the prior probability that hazard
issue A4, occurs; P(4=0) is the prior probability that
hazard issue 4, does not occur; and f represents the
overall probability that a dam may experience any
hazard issue. This value () should be determined based
on statistical data. In this study, due to the broad range
of hazard types considered, S was set to 100%. It should
be noted that the value of § did not affect the relative
diagnostic results among different hazard issues; it
only influences the absolute values of the calculated
occurrence probabilities.
(b) CPT of abnormal manifestations
In the BN for dam safety anomaly diagnosis,
the construction of CPTs involves determining the
conditional probability distribution of all abnormal
manifestation nodes using the hazard case dataset and

Abnormal
manifestations layer

Hazard issues layer

Underlying causes layer

Figure 4. Structure of the dam safety diagnosis Bayesian network
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prior information. For a directed edge from hazard issue
node 4, to abnormal manifestation node B where 4,= 1
and 4, = 0 indicate the occurrence and non occurrence
of hazard issue A, respectively, and B, 1 and
Bj = 0 indicate the occurrence and non- occurrence of

abnormal manifestation B, respectively, the conditional
probabilities are presented in Table 1. The parameters
to be determined include P (B =1l4,=1),P (B =1
4,=0),P (B =0[4,=1), andP(B —0|A =0).

In this study, the maximum likelihood estimation
method was used to calculate the CPT. Each parameter
in the CPT was determined as the ratio of the number
of samples satisfying both the parent and child node
conditions to the number of samples satisfying only the
parent node condition. These values were computed
based on historical dam hazard case data. As shown
in Figure 2, hazard issue node 4, and abnormal
manifestation node B are connected through at least one
dam hazard case D.. Suppose the number of such cases
is N, Then, the conditional probability of abnormal
manifestation B, occurring given that hazard issue 4,
occurs is calculated as:

Ny

P(B;=1|4=1)= 4)

N.

y

.M‘Q

1

J

Where N, is the number of dam hazard cases linking
hazard issue node 4, and abnormal manifestation node
B; q is the total number of abnormal manifestation

nodes; and Z

j=1
cases assomated with hazard issue node A,

Similarly, the conditional probablhty of abnormal
manifestation B, occurring given that hazard issue 4,
does not occur is calculated as:

SNy,
P(B;=1|4=0)=—— )

m—zq:N,-j

Jj=1

is the total number of dam hazard

where m is the total number of dam hazard cases; p is

V4
the total number of hazard issue nodes; and ZN
i=1

Table 1. Conditional probability table

P (B)4) A=1 A4=0
B=1 P(B=1|4=1) P (B=1|A4=0)
B =0 P(B=0|A4=1) P (B=0|A4,=0)

the total number of dam hazard cases associated with
the abnormal manifestation node B,

In addition, P(B =1[4,=1) andP(B =014,=1),
aswellasP(B —]|A —O)andP(B —0|A = 0),
are complernentary with respect to 1. Therefore the
following relationships hold:

P(B;=0|4,=1)=1- qN (6)
2N
Zp:Nij—Nif
P(B;=0|4=0)=1-1——— (7

m— Zq:Ny

Jj=1

Through the construction and calculation of the
BN nodes, directed edges, prior probabilities, and
conditional probabilities as described above, a complete
BN for dam safety diagnosis was established.

2.3. Inference method of the dam safety diagnosis
BN

Most BN inference problems involve calculating
posterior probabilities, that is, determining the posterior
probability distribution of certain variables given the
known values of other variables within the network.
Bayesian inference can be categorized into two types:
Forward predictive reasoning (from cause to effect) and
reverse diagnostic reasoning (from effect to cause). Both
dam safety anomaly diagnosis and hazard root cause
tracing fall under reverse reasoning. Taking dam safety
anomaly diagnosis as an example: When one or more
abnormal manifestations (child nodes) are observed,
the task is to identify the most probable hazard issues
(parent nodes) by computing and ranking their posterior
probabilities.

First, based on the known BN structure and the
observed abnormal manifestation nodes, the potentially
relevant hazard issue nodes were traced through the
directed edges to form a local BN. For example, if
observations or monitoring indicate that a dam exhibits

abnormal manifestations B, B, and B, and the associated

hazard issue nodes (connected via directed edges)
include 4,,4,,4,,4
BN is illustrated in Figure 5. In this figure, the first layer
represents the child nodes (abnormal manifestations),
each containing parameters from its CPT. The second
layer represents the parent nodes (hazard issues), each
containing prior probability parameters.

,and 4, the resulting two-layer local
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Abnormal manifestations layer

Hazard issues layer

Figure 5. Schematic diagram of the local Bayesian
network

Next, using the prior probabilities of the hazard issue
nodes and the conditional probabilities from the hazard
issue nodes to the abnormal manifestation nodes, the
posterior probability of each hazard issue node in the
local BN can be computed. This posterior probability
indicates the likelihood of each hazard issue given
the observed abnormal manifestations. For example,
suppose hazard issue node A4, is connected only to
abnormal manifestation B, through the directed edge
A,—B,. Then, the posterior probability of hazard issue
A, occurring is P (B, = 1| A, = 1), which, according to
Bayes’ theorem, can be expressed as:

P(4=1)P(B;=1|4=1)
P(B,=1)

From Figure 5, it can be observed that child node B, is
related to parent nodes 4, 4,, and 4,. Assuming that the
parent nodes 4,, 4,, and 4, are mutually independent,
the term P (B,=1) in Equation 8 can be expanded using
the law of total probability as follows:

PB,=1)=PB,=114,=1)P(4,= 1)+
PB,=1lA,=1)PA4,=1+P(B,=14,=1) 9)

By substituting Equation 9 into Equation 8, we

obtain:

P(4=1|B=1)=

®)

P(4=1)P(B,;=1|4,=1)
P(B,=1|4=1)P(4=1)
+P(B,=1|4,=1)P(4,=1)
+P(B=1|4;,=1)P(4;=1) (10)

In this expression, P (4 =1), P (4,=1), and P (4,=1)
are the prior probabilities of the parent nodes 4,, 4,,
and 4; the terms P (B, = |4, = 1), P (B, = 1|4, = 1),
and P (B, = 1|4, = 1) are entries from the CPTs of child
nodes B, B,, and B,. All parameters are known from the
BN. Therefore, the posterior probability of hazard issue

A, occurring, P (4, = I|B, = 1) can be calculated. For
other hazard issue nodes, such as 4., 4,, and 4, which

P(4=1|B=1)=

are each connected to two abnormal manifestation
nodes through directed edges, the number of parameters

involved in calculating their posterior probabilities is
greater. However, the computational method remains
the same and is not repeated here.

It is important to note that in actual projects, different
dam hazard issues may be correlated and may all point
to the same abnormal manifestations. This implicit
relationship was preserved in the BN through numerous
hazard cases. For example, hazard issues 4, 4,, and
A, may all be connected to abnormal manifestation
B, through directed edges, indicating an implicit
correlation among those hazard issues. When abnormal
manifestation B, is observed, 4, 4,, and 4, will all
be diagnosed. Therefore, even if the BN construction
and inference process assumes that hazard issues are
independent of each other, such implicit relationships
are not eliminated and remain embedded in the structure
of the BN.

3. Results and discussion

3.1. Construction of the dam safety diagnosis BN

Relying on the dam hazard case database compiled
by the Large Dam Safety Supervision Center of the
National Energy Administration, a total of 1,177 dam
safety hazard cases were collected and organized.
Among these, 261 were gravity dam cases, 131 were
arch dam cases, 764 were earth-rockfill dam cases,
and 21 were buttress dam cases (the distribution of
dam types among the hazard cases is consistent with
the distribution of dam types constructed in China).
Each case included detailed descriptions of abnormal
manifestations, hazard issues, underlying causes, and
hazard mitigation measures. Key information related to
hazard issues, abnormal manifestations, and underlying
causes was extracted and categorized from these dam
safety hazard cases, resulting in 94 types of hazard
issues (e.g., abnormal seepage in the dam body, scour
damage at the dam foundation), 275 types of abnormal
manifestations (e.g., muddy discharge from foundation
drainage holes, rising pressure pipe water levels),
and 138 types of underlying causes (e.g., inadequate
foundation treatment, improper gate opening sequence).
These were used as nodes in the dam safety diagnosis
BN, as shown in Figure 6. It should be noted that a single
hazard case may belong to multiple categories of hazard
issue, abnormal manifestation, or underlying cause. For
example, the abnormal manifestations of the hazard
case “Leakage volume of the foundation of a concrete
arch dam suddenly increased” include “Lower uplift
pressure at dam foundation” and “Emitting water from
the bottom plate of the foundation gallery,” as displayed
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in Figure 2. Conversely, multiple hazard cases may also
belong to the same category. For example, the underlying
cause of both “Leakage volume of the foundation of a
concrete arch dam suddenly increased” and “Leakage
volume of the foundation of a concrete gravity dam
has been increasing year by year” is “Grouting defect
in individual curtain holes,” as exhibited in Figure 2.
Statistical analysis revealed that the five most frequently
observed abnormal manifestations were: (i) High
uplift pressure at the dam foundation, (ii) large water
volume at measuring weirs, (iii) scour pits at the dam
site, (iv) weathered and fractured rock on the bank
slopes, and (v) dam crest elevation lower than the check
flood level. The top five most frequently occurring
hazard issues were: (i) Cracks in the dam body, (ii)
abnormal seepage in the dam body, (iii) slope sliding,
(iv) scour damage at the dam toe, and (v) insufficient
dam crest elevation. The five most common underlying
causes were: (i) Inadequate concrete compaction, (ii)
inadequate foundation treatment, (iii) damage to dam
body waterstops, (iv) rock mass weathering, and (v)
raised flood control design standards. Following the
methodology described in Section 2.2, the collected
dam hazard cases and the extracted nodes (abnormal
manifestations, hazard issues, and underlying cause)
were analyzed for correlations. Directed edges were
established between nodes, and prior probabilities and
CPTs were constructed, resulting in a complete BN for
dam safety diagnosis.

3.2. Verification of the dam safety diagnosis
effectiveness

A dam safety diagnosis system was developed based
on the Streamlit framework and the constructed BN.
The system includes two interfaces: A dam safety
anomaly diagnosis and another for hazard root cause
tracing. The interface for anomaly diagnosis is shown in
Figure 7A. By entering one or more observed abnormal

dam manifestations in the query box, the system calls
the constructed BN to perform posterior probability
inference, identifying possible hazard issues and their
corresponding probabilities. Diagnosis results are sorted
by probability value and displayed in the interface.
The interface for dam safety hazard root cause tracing
is illustrated in Figure 7B. Similarly, by inputting one
or more existing hazard issues into the query box, the
system infers possible underlying causes and their
associated probabilities.

The verification case involves a domestic earth-rockfill
dam, which includes a main dam, auxiliary dam, spillway,
emergency spillway, and power plant. The dam is 38.7
meters high, controls a drainage basin area of 2,376 km?,
has a total reservoir capacity of 1.214 billion m?, and an
installed capacity of 42 MW. Its primary function is power
generation, but it also provides flood control, irrigation,
aquaculture, and other services. During an inspection of
the dam’s foundation drainage gallery, a thick layer of
yellow muddy slurry, approximately 10 cm on average,
was observed covering the gallery floor, with the drainage
holes discharging an unusually large volume of water. The
abnormal manifestations, “a large amount of yellow slurry
in the drainage gallery” and “high discharge volume from
foundation drainage holes,” were input into the BN. The
system inferred a 68.29% probability of a “cutoff curtain
defect” and a 43.24% probability of a “foundation rock
mass defect,” as shown in Figure 7A. Subsequently, the
dam operating unit conducted a targeted investigation and
found that the dam’s foundation curtain grouting had been
eroded by prolonged groundwater activity. The failure of
the grouting allowed increased groundwater flow, which
carried away the clay-based yellow mud, confirming the
observations. Notably, this test case was not included
in the original dataset and is thus independent. The
investigation confirmed that the actual hazard issue was
indeed a “cutoff curtain defect,” demonstrating that the BN
provided reliable diagnostic performance. Similarly, BN

Figure 6. Nodes in the Bayesian network for dam safety diagnosis. (A) Hazard issue nodes. (B) Abnormal

manifestation nodes. (C) Underlying cause nodes.
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A
Please enter abnormal manifestations of the dam

A large amount of yellow slurry in the... x High discharge volume from foun... X

Q v

Possible hazard issue:

e Cutoff curtain defect: 68.29%

e Foundation rock mass defect: 43.24%

B

Overflow surface scouring damage X

Cause tracing

Possible underlying cause:

e Low concrete strength: 25.32%

Please enter hazard issues of the dam

e Operation at small gate opening: 25.61%

¢ High sediment content in the water: 25.32%

Figure 7. Interface of the dam safety diagnosis system. (A) Anomaly diagnosis. (B) Hazard root cause tracing.

can perform inference and root cause tracing from hazard
issues to underlying causes. For instance, if a dam exhibits
the hazard issue “overflow surface scouring damage,”
the network can infer the most likely underlying causes
as follows: “operation at small gate opening: 25.61%,”
“high sediment content in the water: 25.32%,” and “low
concrete strength: 25.32%,” as shown in Figure 7B.
It should be emphasized that although the verification
project involved an earth-rock dam, the types of hazard
issues and abnormal manifestations are applicable to all
dam types and thus are representative.

4. Conclusion

This paper proposes a dam safety diagnosis method
based on BNs, wherein dam hazard issue cases
are deconstructed and efficiently organized within
a probabilistic network, establishing a reasoning
framework that enables precise diagnosis and root cause
tracing of dam hazard issues. The specific conclusions
are as follows:
(1) BNs are well-suited for constructing dam safety
diagnosis models, allowing hazard issues, abnormal

manifestations, and underlying causes to be associated
and stored in the form of a probabilistic network. This
structure facilitates probabilistic reasoning and supports
systematic diagnosis of dam safety conditions.

(i1) The constructed BN for dam safety diagnosis enables
the efficient utilization of typical industry cases. By
simply inputting observed abnormal phenomena,
the BN can infer possible hazard issues and their
corresponding probabilities, providing technical
support for dam operation and safety management
personnel.

(ii1) The effectiveness of BN-based dam safety anomaly
diagnosis heavily depends on the quantity and
quality of collected cases. The more comprehensive
and accurately classified the cases, the better the
inference performance of the BN and the higher the
precision of the safety diagnosis.

(iv) The proposed method effectively organizes
and utilizes a large number of scattered dam
hazard cases. It is less influenced by subjective
factors, provides clear reasoning paths and risk
probabilities, accurately identifies dam hazard
issues, and facilitates tracing of their root causes.
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