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Abstract: Long-term water conservancy engineering projects face safety issues during operation, and effective assessment
is key to ensuring stable operation. Therefore, this study proposes an intelligent digital evaluation technology for water
conservancy engineering based on digital twin technology. The study uses a cloud model to quantify safety indicators and
utilizes three parameters, namely expectation, entropy, and super entropy, to establish a two-way mapping between
qualitative concepts and quantitative values. This mapping is used to construct a four-level safety status discrimination
criterion. Second, the study combines an improved mutation series method with deep learning models, integrating physical
interpretability with data-driven advantages to construct a hybrid evaluation framework. In a case study of a certain water
conservancy hub, the cloud model achieved 100% consistency between its evaluation results for 32 indicators, including
horizontal displacement and uplift pressure, and the actual conditions, outperforming comparable technologies. In water
conservancy parameter identification, the research model had an error rate of 0.017, with an anomaly detection accuracy
of 97.25%, demonstrating the best performance. Finally, an overall assessment of water conservancy engineering was
conducted, with a total mutation level of 0.93 to 0.95, all of which were classified as “normal”. In summary, this research
technology has good application results and provides more efficient and reliable technical support for digital twin security
assessment for water conservancy engineering.
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1. Introduction

Water conservancy engineering (WCE) is closely related to the national economy and people's livelihood, and its safety
and stability are important guarantees for economic and social development. Digital twin technology empowers the entire
life cycle management of engineering projects through virtual-physical mapping, providing a new paradigm for safety
supervision (Wang et al., 2023). Security assessments are at the core work of WCE operations. By combining digital twins
and deep learning, it is possible to provide accurate and effective technical support for WCE operations and security
assessments. The integration of these three elements has become a key direction for the development of the industry. When
cloud models are combined with digital twins at the provincial level, they significantly improve the accuracy of building
risk assessments. Cloud models use expectation, entropy, and super entropy to map qualitative concepts (QCs) to
quantitative values (QVs) in both directions, balancing fuzziness and randomness. Their forward and inverse
transformation algorithms enable applications such as granular computing and system assessment (Cantiello et al., 2023).
Currently, the most common model is the normal cloud model, which has also given rise to multi-dimensional clouds,
similarity metrics, and generic concept trees. These models have widespread applications in the field of engineering safety
(Jamion et al., 2023). Related scholars have conducted extensive research on this topic. For example, Xiashi et al. (2023)
studied the issue of insufficient accuracy in the evaluation of dual prevention mechanisms in non-coal mining areas and
proposed an evaluation model combining the weighting method. The technical process involved establishing a dual
evaluation indicator system and introducing cloud model theory (CMT). Experiments revealed that this study had
outstanding overall accuracy and resolved the subjectivity and randomness problems of conventional approaches. Huang
et al. (2024) proposed an assessment method based on a three-dimensional cloud model to address the issue of ambiguity
in risk assessment for deep foundation pit construction. This technology established an evaluation index system by
identifying risk sources, which was preliminarily determined using the Delphi method. Finally, a dimensional cloud was
generated using a forward cloud generator and applied to foundation pit engineering. Tests showed that this technology
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had good reliability, but its accuracy was low in extreme risk scenarios. Sarwar (2023) combined interval rough numbers
and cloud models to address multiple uncertainties in the evaluation of early-stage products. This technology obtained
evaluation ranking schemes through a combination of subjective and objective weighting methods and cloud computing,
which were then used in the development of refrigerator products. Tests showed that this technology could improve product
evaluation quality and reduce data analysis processes.

The mutation series originates from Tom's mutation theory, which studies the series expansion of system mutations. In
recent years, it has been used for ecological and financial tipping point early warning, combined with machine learning to
improve prediction accuracy. Kaining et al. (2023) conducted research on the frequent occurrence of geological disasters
in Ping Shan County, Hebei Province. The study proposed a combined model integrating the analytic hierarchy process
(AHP), mutation theory, and the minimum information entropy weighting method. The study selected nine evaluation
factors, including terrain elevation, and calculated their weights using the AHP and mutation theory. The study then
combined the minimum information entropy weighting method to establish a model and compared the results of the three
methods. The results indicated that the combined model achieved high accuracy and aligned with the developmental
characteristics of geological disasters. Lu et al. (2023) established a system comprising five primary indicators and 21
secondary indicators for assessing construction risks in prefabricated building projects. The study used the AHP, the
importance criterion of inter-attribute correlation, and the theory of sudden change to create an assessment model. This
model used combination weighting and the sudden change series method. The findings demonstrated that the examination
of four businesses was successful and that metrics such as the caliber of prefabricated components had significant weights.
Zhang et al. (2023) addressed the issue of evaluating the quality of cold chain logistics services for fresh food e-commerce.
They constructed an indicator system from the perspective of service recipients and used maximum deviation and fuzzy
set theory for combined weighting. Furthermore, this study employed the sudden change series method to determine
indicator priority and ranking, and applied it to two companies to validate its effectiveness. Xu et al. (2023) addressed the
evaluation of farmland system resilience by establishing a framework based on production, ecological, and economic
elasticity. The results showed significant spatiotemporal differences that steadily increased over time. Key driving forces
were identified, but the sudden change model’s inability to smooth fluctuations in long-term data affected trend judgments.

In summary, cloud models have significant advantages in handling ambiguity and randomness and are widely used in
many fields. However, they suffer from low processing efficiency for high-dimensional indicators and poor adaptability to
small samples (Wang et al., 2023). Additionally, the mutation series is useful for analyzing critical points in systems and
is effective in disaster and engineering risk assessments. However, it has issues such as sensitivity to extreme factors and
low efficiency when dealing with complex, hierarchical structures (Shao et al., 2023). A digital twin security assessment
for WCE involves multi-source uncertainty, multi-level complex indicators, and diverse data characteristics. These factors
make it difficult to adapt existing single methods (Chauhan et al., 2023). Therefore, to address the inadequacy of WCE
security assessments, this study proposes a new assessment method. This method uses cloud models and an improved
mutation series to ensure the safety and stable operation of WCE. This study has two innovative aspects. The first is the
proposal of a cloud-model-driven quantitative method for digital twin security metrics, enabling qualitative-to-quantitative
mapping and precise identification of four-level states. Second, the study introduces an improved Transformer (I-
Transformer) network hybrid evaluation framework with an enhanced mutation order. This framework uses a temporal
convolutional network (TCN) to improve feature extraction and enhance evaluation accuracy and adaptability through the
hybrid structure. This study will provide more precise and efficient technical support for digital twin security assessment
in WCE.

2. Methods and Materials
2.1. Cloud-Based Digital Twin Safety Index Analysis for WCE

To meet the safety and stability requirements of WCE, an effective WCE security assessment is crucial. Therefore, this
study proposes a digital twin security assessment technology for the field of WCE. Based on CMT, this technology
provides accurate security threshold references for digital twin platforms. Fig. 1 displays the framework for the cloud model.
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Fig. 1. Basic theory and digital features of cloud models
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Fig. 1 displays that the core of the cloud model is to reflect the uncertainty of the engineering operation status through
quantitative indicators. The analysis process primarily includes four stages: monitoring data preprocessing, calculation of
cloud model feature parameters, implementation of forward and inverse cloud generators, and formulation of safety metrics
based on the “3En criteria”. This method identifies randomness and fuzziness characteristics within monitoring data. The
cloud model describes QCs through three feature parameters: expectation (Ex), entropy (En), and hyperentropy (He) (Zhu,
2024). It is assumed that domain U isasetof QVs,and C isaQCon U .Forany x e U , its certainty n(x) €[0,1]
on C is a random variable, then £(x) on U is called a cloud distribution, denoted as C(x). Each [x, z(x)] is

called a cloud drop. The QC is described as shown in Eq. (1) (Wang et al., 2023).
1:U—[0,1,VxeU,x > u(x) (1

In Eq. (1), U is the quantitative domain. X is the QV within the domain. (x) is the degree of certainty of X for
the QC (. For the normal cloud model, its characteristic parameters will reflect the engineering change relationship.

Among them, the expectation (Ex) is the center value of the cloud droplet distribution, representing the core of the QC, as
shown in Eq. (2).

1 n
Ex=— E X, 2
n'ic

In Eq. (2), 7 isthe sample size. X; isthe ith monitoring data. Eq. (3) illustrates how the feature parameter entropy
(En), which integrates fuzziness and unpredictability, represents the measurement concept's uncertainty.

7 1
En—\g-;;m—m 3)

In Eq. (3), |xl. - Ex| is the absolute deviation between the ith data point and the expected value (EV), reflecting

the degree of data dispersion. Eq. (4) illustrates how the dispersion thickness of the cloud droplet distribution is reflected
in the uncertainty of entropy, which is described by hyperentropy (He).

He=+/S*— En* 4

1 < —\2 . . — .
In Eq. (4), S ’= —IZ(x,- -X)* is the sample variance. X = Ex represents the sample mean, reflecting the
n—15
volatility characteristics of the data. To effectively reflect the mapping relationship between the standardized concept and
the quantitative concept in the WCE digital twin system, this process needs to be converted through a cloud generator. The

principle diagram is shown in Fig. 2 (Bitarafan et al., 2023).
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Fig. 2. Schematic diagram of cloud generator

In Fig. 2, the cloud generator includes two types: forward and reverse. It uses three parameters, “expectation, entropy,
and super-entropy”, to transform fuzzy concepts into random cloud droplets with membership degrees. Conversely, it
estimates these three parameters from data, thereby achieving a qualitative-quantitative exchange. In the forward cloud
generator, cloud droplets are generated using feature parameters, producing a normal random number En' with En as the
expectation and He as the Standard Deviation (SD), as displayed in Eq. (5) (Jin et al., 2024).

En' ~ N(En,He") (%)

In Eq. (5), N() is the normal distribution function. En' is the random entropy value. A normal random number X
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with EV Ex and SD En' is generated, as shown in Eq. (6).
x~ N(Ex,(En')*) (6)

In Eq. (6), X is the cloud droplet value within the domain. Further calculations based on the above analysis determine
the certainty ££(x) as shown in Eq. (7).

O]

u(x)= exp{—ﬂ}

2(En'y’

In Eq. (7), p(x) reflects the extent to which X belongs to a QC, with a value range of [0,1]. In the reverse cloud
generator, feature parameters (Ex, En, and He) are inferred from cloud droplet samples. This is achieved by calculating the
sample mean, absolute central moment, and variance. These calculations are consistent with forward inference, which
extracts cloud model features from monitoring data. Subsequently, safety metrics based on the “3En criterion” are
established, serving as the core basis for safety metrics. The contribution distribution of cloud droplet groups to QCs is
shown in Fig. 3 (Li et al., 2023).
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Fig. 3 Distribution of cloud droplet group’s contribution to QCs

In Fig. 3, four safety zones can be divided within zone [Ex — 3En, Ex + 3En]. Cloud drops contribute 99.74% to

QCs, and values outside the zone can be considered outliers. The normal zone [Ex — En, Ex + En] contributes 68.26%

and corresponds to the “normal” state. The basic normal interval [Ex—2En, Ex—En]U[Ex+ En,Ex+2En] has a

contribution rate of 27.18%, corresponding to the “basic normal” state. The light abnormal (LA) interval
[Ex—3En, Ex—2En]U[Ex+2En, Ex+3En] has a contribution rate of 4.3%, corresponding to the “LA” state. The

severely abnormal (SA) interval (—oo, Ex—3En) U (Ex+3En,+o0) has a contribution rate of 0.26%, corresponding to the
“SA” state. The safety indicators are shown in Eq. (8).

K, :|x—Ex|<En

K, :En<|x—Ex|<2En
K, 2En<|x—Ex|<3En
K :|x—Ex[>3En

®)

In Eq. (8), X is the monitored value. Ex is the EV. En is the entropy. K, , K;, K,,, and K correspond to

normal, Basically Normal (BN), LA, and SA, respectively. This interval division can be used to quantify and distinguish
safety status.

2.2. Security Assessment Modeling based on Improved Mutation Series and Deep Learning

After the cloud model has completed the quantification of safety indicators and interval division, a comprehensive
assessment model is needed to identify the overall safety status of the digital twin of WCE. Therefore, this study proposes
a hybrid assessment framework based on a combination of an improved mutation series method and a deep learning model.
The entire technical process is shown in Fig. 4.
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In Fig. 4, this technology utilizes an improved mutation series to analyze the hierarchical relationships between
indicators, thereby enabling deterministic assessment. Meanwhile, deep learning models optimize assessment accuracy by
capturing deep-level correlations in the data. Together, these two approaches provide dynamic, high-precision security
assessment results for digital twin platforms. In the assessment model, the improved mutation series method employs an
entropy-corrected G2 method to address the issue of strong subjectivity in indicator weights in traditional methods. The
appropriate mutation model is selected based on the number of sub-indicators, such as the spike mutation model for two
sub-indicators. The potential function is shown in Eq. (9) (Gergek and Giiven, 2023).

f(x)=x*+ax’ +bx ©)

In Eq. (9), X is the state variable. @ and b are control variables that describe the transition law of the system from
stable to abrupt change. The three sub-indicators reflect the swallowtail abrupt change model. The normalization formula
is shown in Eq. (10).

1/2 1/3 1/4
x,=a’,x,=b",x.=c (10)

a

InEq. (10), @, b,and C display the standardized values of the sub-indicators. X,, X,,and X arethe normalized

mutation order values, achieved through square root operations to perform a nonlinear transformation of the indicators. To
avoid the influence of indicator ranking on the results, a combined ranking strategy using the entropy method and the G2
method is adopted. Entropy calculation is used to measure the information utility of the indicators, as shown in Eq. (11)
(Sajjad et al., 2023).

e == In(m )ng n(f;), f; = y,,/Zy,, (11)

InEq. (11), €; is the entropy value of the J thindicator. M is the number of samples. Y; 1s the standardized value

of the Jj th indicator of the ith sample. fij is the indicator weight. Eq. (12) illustrates how the study determines the
relative relevance of other indicators by using the least important indication as the baseline.

e, le. e, <e
r, = Jk " " jn ( /k) (12)
1 (ejn - /k)

In Eq. (12), 7 1is the ratio of the entropy value €, between the k th indicator and the least important indicator. The
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larger the value of 7, 2 1, the more important the indicator. To solve the problem of value concentration in traditional
mutation series methods, the results are distributed to a uniform interval through linear mapping, as shown in Eq. (13).

H. —h
d)——+d, (13)

H":(diH_ i h _h
i+l i

J

In Eq. (13), H ;+ represents the adjusted evaluation value. H . is the original evaluation value. [hi, hm] is the

J
original grade interval. [di, d,-H] is the target uniform interval, such as [0,0.3) corresponding to “severe anomaly” and

[0.85,1] corresponding to “normal.” Considering the temporal and high-noise characteristics of WCE monitoring data, a
slightly improved deep learning model is introduced to extract nonlinear features and correct the evaluation results of the
sudden change series method. This model integrates convolutional neural networks (CNN), Transformers, and TCNs,
enhancing feature capture capabilities through two structural improvements (Luo et al., 2023). First, the study uses 1D-
CNN to filter noise and extract local features, as shown in Eq. (14).

K
z, = a(z W, X, +bj (14)
k=1

In Eq. (14), z, represents the convolution output. K denotes the convolution kernel (CK) size. W, refers to the

weights. X,_,,, signifies the input time-series data. b represents the bias. O denotes the ReLU activation function.

Considering that the various indicator data in WCE vary with time, the study employs an I-Transformer to capture long-
range dependencies among indicators. The I-Transformer network structure is illustrated in Fig. 5.
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Fig. 5. I-Transformer network structure

In I-Transformer network structure, it strengthens the capture of time-dependent relationships through a multi-head
attention mechanism, enhancing the analysis of detailed features. At the same time, the study also needs to consider the
seasonal and cyclical characteristics of WCE data. TCN is introduced into the output layer of the Transformer network to
capture long-term time series patterns using dilated convolutions, strengthening the analysis of key features. The output of
the Transformer network attention layer is shown in Eq. (15).

KT
?/d, 4 (15)

InEq. (15), O, K,and V represent the query, key, and value matrices, respectively. d « 1s the feature dimension,

Attention(Q, K, V") = softmax

and the metric correlation weights are calculated through scaled dot-product attention. Subsequently, TCN is introduced
into the output layer of Transformer to strengthen the analysis of temporal features, as shown in Eq. (16).

K-l
Y= Zwk "X sk (16)
=0
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In Eq. (16), S is the expansion rate. K is the CK size. W, is the weight. Jump sampling is used to expand the
receptive field to adapt to the seasonal and periodic characteristics of WCE data. After reinforcing the engineering feature
extraction, the deep learning model outputs a standardized score )7 €[0,1], which is mapped to a safety level through the
Sigmoid function, as shown in Eq. (17).

y=o (W -TCN(Transformer(CNN(X)))+b) (17)

In Eq. (17), X represents the time series data output by the cloud model. W and b represent the parameters of the
fully connected layer. O represents the Sigmoid function, which implements the nonlinear mapping of the evaluation

value. Finally, the research results fusion strategy integrates and improves the results of the mutation series method 7 It

and the deep learning results J through weighted fusion, as shown in Eq. (18).
S=a-H,+(1-a)y (18)

In Eq. (18), S is the final safety evaluation value. « €[0,1] is the weight, which is optimized through cross-
validation and typically set to 0.6 to highlight the physical interpretability of the mutation series method. The entire digital
twin security assessment system for WCE framework is shown in Fig. 6.
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Fig. 6 shows that the entire system consists of a data collection layer, a communication layer, a cloud processing layer,
and a digital twin platform. Among them, various node sensors are deployed in the collection layer, combined with project
monitoring data, such as YHD type tension line meter, JLX type static level meter, etc. The cloud processing outputs four-
level safety indicators, and the final safety status is evaluated using a hybrid evaluation meter. The entire system framework
requires tension gauges for measuring displacement and pressure gauges for measuring seepage. The cloud platform adopts
Huawei Cloud, and the system detection adopts the Mantu MTW460SI terminal, combined with the MQTT+LoRa protocol
for a complete design.

3. Results
3.1. Cloud-Based Model Evaluation Grade Analysis

A water conservancy hub of a tributary of the Yangtze River, which is a concrete gravity dam, is selected for the study.
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The monitoring system is laid out as follows: Hardware equipment: YHD-type lead tensiometer is used for horizontal
displacement, JLX-type static level meter is used for vertical displacement, JFX-type seam gauge is used for joint cracks,
and SYC-type seepage pressure meter is used for dam base lifting pressure. The data are transmitted to the database through
the automated collection terminal. Software environment: The data preprocessing is done using Python 3.8 (Pandas library)
and the cloud modeling calculation is implemented based on MATLAB 2022a. It contains forward, inverse cloud generator
algorithms and 3En criterion interval division module. The study gives the project status security assessment system based
on the operational safety standards for WCE dam projects as displayed in Table 1.

Table 1. Digital twin security system for WCE

Primary . . . .
Target layer indicator Secondary index Level IV index (measuring point area)
Horizontal displacement SXI1-1, 8X1-2 (t;:)lisrf)n line measuring
Drgg(t)lrirtrcl)arlitlllon Vertical displacement CZ1-1, CZ1-2 (static leveling point)
& Seam opening and closing JF1-1, JF1-2 (measuring point of joint
Safe operation degree meter)
status of the dam Secpage Foundation seepage uplift YLI-1, YL1-2 (measuring point of
monitoring osmometer)
Dam heel stress YL1-1, YL1-2 (measuring point of stress
Stress meter)
monitoring Dam toe stress BY1-1 (strain gauge group)
Local stress JY1-1 (strain gauge group)

In Table 1, the dam safety state mainly analyzes WCE state safety from three directions: deformation, seepage, and
pressure. The study selects the overflow section 11 monitoring data of this water conservancy project to verify the validity
of the cloud model. The monitoring data from 2015 to 2022 are shown in Table 2.

Table 2. Monitoring data and cloud model parameters of overflow section 11 of water conservancy project

Cloud
Measurem Mean  characteristi
Index entpoint 2015 2016 2017 2018 2019 2020 2021 2022 7 )
number parameters
Horizontal  SX1-1 32 2.8 4.1 1.9 2.5 53 22 3.8 Ex=3.09,
displaceme  SX1-2 3.0 2.6 3.9 1.7 2.3 5.1 2.0 3.6 309  En=1.12,
nt (mm) SX1-3 35 3.1 43 2.1 2.7 55 2.4 4.0 He=0.18
Vertical Cz1-1 15 2.1 38 09 24 45 18 32 Ex=-2.53,
displaceme CZ1-2 -1.8 -2.4 -4.1 -1.2 -2.7 -4.8 -2.1 -3.5 -2.53 En=1.05,
nt (mm) CZ1-3 12 1.8 35 0.6 2.1 42 15 29 He=0.15
Seam orack JF1-1 0.8 1.2 2.5 0.6 1.5 3.8 0.9 2.1 Ex=1.66,
JF1-2 0.6 1.0 23 0.4 13 3.6 0.7 19 166  En=0.98,
(mm) —0.12
JF1-3 1.0 1.4 2.7 0.8 1.7 4.0 1123 He=0.
Foundation  yL1-1 342 338 365 329 347 381 335 359 Ex=34.71
Sf;plff%e YLI1-2 335 33.1 35.8 322 34 374 328 352 3471  En=1.63,
(mH:0)  YLI3 328 324 351 315 333 367 321 345 He=0.21

In Table 2, the index data of overflow section of the water conservancy project are recorded for a total of 8 years from
2015 to 2022. Among them, the mean value (MV) of horizontal displacement of overflow section is 3.09, the MV of vertical
displacement is -2.53m, the MV of joint crack is 1.66mm, while the MV of dam base head pressure is 34.71. According to
the above data can be obtained the parameters related to the cloud characteristics of the cloud model. The study introduces
confidence interval method evaluation, confidence interval method evaluation, and fuzzy comprehensive evaluation
method evaluation to compare the cloud model evaluation method and verify the rationality of its evaluation level. Among
them, four major indicators are set according to the cloud model, which are normal (N), BN, LA, and SA. Table 3 displays
the test results.

The multi-measurement point evaluation results in Table 3 show that the deviation of the indicator level cloud parameter
Ex from the MV of the representative value is <3%, e.g., the horizontal displacement is Ex=3.09 mm, the MV of the
representative value is 3.09 mm, and En covers 82% of the fluctuating range of the data at the measurement points, and
He<0.25. This indicates that the parameter can accurately characterize the randomness and ambiguity of the data at the
multi-measurement points. The evaluation results of the cloud model for 32 groups of samples are completely consistent
with the actual state, which is 100%. 100% consistency indicates that the cloud model's determination of the safety status
determination of 32 monitoring indicators, such as horizontal displacement and vertical displacement, fully matches the
actual operating status confirmed by the dam site survey, with no misjudgments. In contrast, the confidence interval method
and fuzzy synthesis method consistency are 68.75% and 56.25%, respectively. For example, the confidence interval method
misjudges the horizontal displacement of 5.3mm in 2020 as “A”, but it is actually a reasonable response during the flood
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period. Whereas, the subjective assignment of the fuzzy synthesis method ignores the difference in the location of the
measurement points, resulting in the settlement of the dam bottom of -2.4mm in 2019 being misjudged as “BN”. The actual
state is N, which is consistent with the base consolidation law.

Table 3. Comparison of multi point evaluation results of three methods with actual status

. Representative ~ Cloud anﬁdence Fuzzy . Actual Cloud
Index Year Multi sensor data interval comprehensive model
value model state )
approach method consistency
SX1-1=3.2, SX1-
2015 2=3.0, SX1- 3.2mm N N N N 100%
. 3=3.5(mm)
Horizontal
disglac:mZnt $X1-1=4.1, $X1-
2017 2=3.9, SX1- 4.1mm N N BN N 100%
3=4.3(mm)
SX1-1=5.3, SX1-
2020 2=5.1, SX1- 5.3mm BN A LA BN 100%
3=5.5(mm)
CzZ1-1=-2.1,CZ1-2=-
Vertical 2916 2.4, CZ13=-1.8(mm) -2.1mm N N N N 100%
displacement 5019 S21 231%&;) -2.4mm N N BN N 100%
2020 %lclz_ 1435:%21112%) -4.5mm BN A LA BN 100%
JF1-1=2.5,JF1-
2017 2=2.3,JF1- 2.5mm N N BN N 100%
3=2.7(mm)
Seam crack JF1-1=3.8, JF1-
2020 2=3.6,JF1- 3.8mm LA A SA LA 100%
3=4.0(mm)
JF1-1=2.1, JF1-
2022 2=1.9, JF1- 2. 1mm N N N N 100%
3=2.3(mm)
YL1-1=32.9, YL1-
2018 2=32.2, YL1- 32.2mH20 BN A N BN 100%
3=31.5(mH20)
Foundation YL1-1=38.1, YLI1-
seepage 2020 2=37.4,YLI1- 37.4mH20 BN A LA BN 100%
uplift 3=36.7(mH20)
YL1-1=359, YLI-
2022 2=35.2, YLI- 35.2mH20 N N N N 100%
3=34.5(mH20)

3.2. Comprehensive Assessment of the Operational Status of Dam Segments

This part will assess the operational status of the water project based on the evaluation level of the cloud model. The deep
learning model in the study is set up as follows: the CK is 3x1, the output channel is 64, the number of multi-attention
heads is 8, and the hidden layer dimension is 128. The deep learning is implemented based on Python 3.8 with PyTorch
1.12, and the data is obtained from the monitoring system data of the Xiajiang River Water Conservancy Hub from 2016
to 2022. The study compares the performance of improved long short-term memory (I-LSTM), I-Transformer, and the
proposed method based on overflow section 11 monitoring data. The results are shown in Fig. 7.

Fig. 7(a) shows the data selected for December 2022 to test the accuracy of different models. The research model
significantly outperforms similar techniques in detecting the effect, achieving an average accuracy of 95.21%. In
comparison, the I-Transformer and I-LSTM achieve 86.1% and 78.2%, respectively. Especially during the rainy season
(June-July), the research model is able to recognize seasonal fluctuation data more accurately with higher accuracy. Fig.
7(b) displays the root mean square error (RMSE) for different data sizes. With the increase of data size, different models
gradually decrease the data detection error. However, the research model performs better overall under large scale and
multiple source counts. For example, at 150,000 data, its error is 0.017, while the I-Transformer and I-LSTM are 0.044 and
0.073, respectively. Fig. 7(c) 12 data monitoring points are selected for testing to compare the effect of different models
on abnormal data recognition. Among them, the range of abnormal values 0-8 (0-2 normal, 3-4 LA, 4-6 abnormal, 6-8
severe abnormal) is set to compare the model output with the actual values. The proposed model output has the smallest
deviation from the actual outliers, with an average outlier judgment accuracy of 97.25%, compared to 84.52% and 90.25%
for I-LSTM and I-Transformer, respectively. As monitored in June-August overflow section 11, I-LSTM has the largest
overall deviation of more than 13.52%, and only the research model has the best performance with a deviation of 0.56%.
Additionally, the study uses a deep learning model to adjust the mutation evaluation value, which ranges from 0 to 1.
Higher values indicate safer indicator status. Normal values range from 0.85 to 1. Values between 0.6 and 0.85 are
considered BN. Values between 0.3 and 0.6 are considered LA. Values below 0.3 are considered SA. The test results are
shown in Fig. 8.
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Fig. 7. Analysis of the recognition effect of water conservancy parameters in deep learning models
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Fig. 8. Comparison of mutation evaluation values after fusion

Fig. 8(a) shows the results of overflow section 11 mutation value correction, after the correction of the seven major
indicators, the deviation value of the indicators are controlled within 0.50%. For example, the deviation of indicator A4 is
1.42% without correction and 0.49% with correction. Correcting the mutation value of the indicator improves the
assessment effect on WCE further. Fig. 8(b) shows the results of the correction of the mutation value of gate dam section
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No.1. Similarly, the deviation of each index of correction is controlled within 0.50%, which is better than the maximum
deviation of 1.11% before correction. Finally, according to the corrected mutation evaluation value, overflow section 11,
right bank retaining dam No.8, and gate dam section No.1 are selected for the study. Nine samples are collected from each
region, and the improved mutation level method is utilized to calculate the evaluation value of each indicator and the total
mutation level. The total mutation level results of the project are also obtained by swallow-tail mutation, as shown in Table
4.

Table 4. Comprehensive evaluation of WCE projects

. Bottom level testing Evaluation value of  Total mutation Security
Region Index . L
and evaluation value upper-level indicators level level

Al 0.93 0.95 Normal (N)
A2 0.91 0.93
. A3 0.9 0.92

Overflolv&{ section Ad 0.88 0.9 0.94

AS 0.94 0.96
A6 0.92 0.94
A7 0.9 0.92

Al 0.92 0.94 Normal (N)
A2 0.89 0.91
Richt bank A3 0.91 0.93

ight ba A4 0.87 0.89 0.93
retaining dam No.8

A5 0.93 0.95
A6 0.91 0.93
A7 0.89 0.91
Al 0.94 0.96
A2 0.92 0.94
Gate d ) A3 0.91 0.93

ate .~ ls"c“"“ A4 0.89 0.91 0.95 Normal (N)
' AS 0.95 0.97
A6 0.93 0.95
A7 0.91 0.93

The comprehensive assessment results in Table 4 show that the total mutation grades of the three regions are in the
range of 0.93-0.95, and the safety grades are all normal (N). For instance, the lowest evaluation value for the gate dam
section (No. 1A5) is 0.95. After calculating the dovetail mutation model, the upper evaluation value reaches 0.97, which is
significantly higher than the other indexes. This reflects the structural stress stability advantage of the gate dam section.
Moreover, the total mutation level of right bank retaining dam No.8 is 0.93, which is slightly lower than the other two
regions, mainly due to the lower A4 (dam base head pressure) bottom evaluation value of 0.87. Therefore, based on the
results, it is necessary to strengthen monitoring of this area of the green bias and combine it with the digital twin platform
to track the correlation with the upstream water level in real time. This will ensure the safety and stability of the WCE
project.

4. Conclusion

This study proposed a hybrid assessment framework that integrated the advantages of physical interpretability and data-
driven approaches. The outcomes revealed that the cloud model performed exceptionally well in indicator evaluation.
Evaluation results for 32 indicators, including horizontal displacement and uplift pressure, showed 100% consistency with
actual conditions. This result significantly outperformed the 68.75% achieved by the confidence interval method and the
56.25% achieved by the fuzzy comprehensive method. Its characteristic parameters could accurately characterize the
randomness and fuzziness of the data. In the comprehensive assessment, the total sudden change index for overflow section
11, right bank retaining dam No. 8, and gate dam section No. 1 was 0.93 to 0.95, all of which were judged to be “normal”.
After deep learning correction, the index deviation was controlled within 0.50%, and the assessment stability was
significantly improved.

The research model can be integrated with current dam safety guidelines (such as deformation and seepage limit
requirements) and environmental impact standards. The consistency of indicator evaluation also provides a quantitative
basis for supervision. For example, the evaluation of various parts of the project is “normal”, which solves the problem of
vague standard implementation in traditional governance. At the same time, the model’s real-time evaluation capability of
the model can help policymakers build data-driven inspection frameworks and assist regulatory agencies in developing
high-precision early warning systems with 97.25% anomaly recognition accuracy. It can also support the optimization of
inspection mechanisms for water departments and promote the transformation of water safety supervision from empirical
to precise. This technology can be adapted to various water conservation projects in the real world and used for risk
supervision and assessment in scenarios involving dams, reservoirs, and gates. It provides managers with a basis for
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decision-making. For example, engineers can use cloud models to quantify indicators such as deformation and seepage
pressure and divide them into safe zones. Operators rely on a hybrid evaluation framework to monitor data in real-time and
trigger alerts when anomalies occur, while management personnel refer to the total mutation level to coordinate operations
and follow the "monitoring evaluation decision-making" process to efficiently manage engineering safety.

In summary, the proposed technology is more accurate and reliable for assessing the security of digital twins in WCE.
However, there are still shortcomings. For example, the efficiency of cloud models in processing ultra-high-dimensional
indicators needs improvement, and they are relatively sensitive to sudden changes in extreme conditions. In the future, it
will be necessary to optimize the processing capacity of high-dimensional indicators, integrate multi-source monitoring
data, and refine the model to improve its adaptability and stability in complex water conservancy scenarios.
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