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Abstract: In recent years, the construction of large-scale engineering structures has involved numerous
links in the construction process, including design, construction, supervision, material supply, and so forth.
The coordination and cooperation between these links are of paramount importance. The presence of several
linkages during the building process raises the possibility of communication breakdowns and information
transfer delays, which can negatively affect the project’s overall progress and quality. To overcome these
obstacles, the study constructed a safety management model for the construction of large engineering
structures by introducing digital twin technology. This model was then optimized and improved by using an
inverse neural network algorithm based on particle swarm optimization. The outcomes of the improved
model were subjected to testing, and the findings demonstrated that the model trained by the research
exhibited an exceptionally high degree of accuracy in the test, with a prediction accuracy of 98.2%. Especially
in the stress prediction of the cable, by comparing the predicted value of the research model with the
actual value, it was found that the prediction accuracy was as high as 99.1%. In addition, the model also
showed excellent performance in the eigenvalue system, and the EV value of the model was as high as 0.978.
The model was also able to accurately identify the critical components under specific working conditions.
From the above results, it can be observed that the research model has reached the expected standard in
terms of performance and reliability, and has strong application value in the prediction of structural safety
management of large-scale projects.
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1. Introduction

With the rapid development of science and technology, the safety and stability of large-scale
engineering structures such as Bridges and high-rise buildings have attracted increasing
attention [1]. In the long-term use of large engineering structures, they will be affected by
various external factors, such as earthquake, wind, etc., which may produce vibration and
displacement, and then pose a potential threat to the safety of the structure. In order to
ensure the safe and stable operation of these large engineering structures, experts and scholars
continue to study advanced monitoring and identification technology. For example, Yan and
Song proposed an automatic extraction method based on deep learning network to solve the
difficult problem of deformation curve extraction of civil engineering structures, realized
high-precision identification and extraction, and verified its effectiveness [2]. Eltouny and
Liang proposed an unsupervised learning novelty detection framework for damage detection
and localization of large structures. The accuracy of structural health diagnosis is as high as
93%, and the accuracy of damage location and detection is as high as 85% respectively [3]. In
this context, digital twin technology came into being. As an advanced technology system that
integrates multi-dimensional information such as physical information model, sensor update
data and operation history, digital twin technology provides unprecedented possibilities for
safety monitoring and evaluation of large-scale engineering structures. For example, Momber
et al. applied digital twin technology to monitoring and maintenance planning of wind power
tower surface protection system for the first time, showing its broad application prospects [4].
Chen and Whyte, for example, developed an innovative method through digital twin technology
to reveal the interdependence between systems in large-scale engineering systems and help
designers make reasonable decisions when system design changes [5]. However, in the practical
application, how to ensure the accuracy and real-time data, how to improve the accuracy and
efficiency of the simulation model are urgent problems to be solved. In order to solve these
problems, Particle Swarm Optimization Backpropagation (PSO-BP) algorithm based on particle
swarm optimization was introduced to improve the digital twin technology. Particle Swarm
Optimization (PSO) is an optimization algorithm based on swarm intelligence that can search for
optimal solutions in multidimensional space. PSO algorithm is used to optimize the weight and
threshold of BP network. PSO-BP algorithm can significantly improve the training speed and
generalization ability of neural network, so as to further improve the monitoring and recognition
accuracy of digital twin technology. The research is expected to promote the wide application
and development of digital twin technology in the field of engineering structure monitoring.

2. Methods and materials

2.1. Vibration displacement sensing and recognition model construction
for large-scale engineering based on digital twin

The digital twin is widely applied in many fields, with a greater number of applications in the
areas of product design, product production, medical analysis, and engineering construction [6].
However, in the large-scale engineering and construction industry, the application of the
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digital twin framework system is still in the primary stage. For this reason, it is investigated to
improve the vibration displacement sensing and recognition techniques for large engineering
structures using the digital twin framework. The digital twin framework consists of a model-
driven architecture M DA, a service-driven architecture SD A, and a data-driven architecture
DDA [7,8]. Realistic physical model S, is the basis of digital twin system, which is mostly
divided into five parts. The component dimension decomposition item S.4, the component
dimension decomposition item S, the structural dimension decomposition item S, the unit
dimension decomposition item S.4, and the component dimension decomposition item S...
The expression of S, is shown in Equation (2.1).
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In the architecture of digital twin technology, the twin virtual model B, is a comprehensive
digital representation that consists of four key types of models [9, 10]. The first is the geometric
model, the second is the physical model, the third is the behavioral model, the fourth is the
rule model. The rule model can also be customized and extended to suit different application
scenarios and requirements. The mathematical expression of B,,. is shown in Equation (2.2).

(2.2) Bye = (ng + va + Byp + Bvr)

In Equation (2.2), B, , denotes the geometric model. B, denotes the behavioral model.
B, denotes rule model package. In the digital twin system, the role of the comprehensive data
center P, is to fully integrate all kinds of data in the digital twin system. The digital twin
system’s many features, including data processing, storage, transmission, and application, are
employed to guarantee the system’s effective, secure, and intelligent operation. The expression
of P;q4 is shown in Equation (2.3).

(2.3) Pia=(Pig+Pip+ P +Piy+Py)

In Equation (2.3), P;, denotes realistic physical data. P;, denotes twin model data. P
denotes empirical knowledge data. P,y denotes fusion decision data. P;, denotes regression
prediction data. The functional application system L ¢, guides the whole digital twin system for
normal operation [11]. From the point of view of service category, functional application system
can be divided into two major categories, function-oriented service L y; and application-oriented
service L r,. The expression of L ¢, is shown in Equation (2.4).

(24) Lfa = (Lfi + Lfo)

In the digital twin system, C;,, can ensure the efficient operation and responsiveness of the
digital twin system by constructing an efficient information network. The expression of Cj,, is
shown in Equation (2.5).

(25) Cin = (Spr N Bve;Spr N Biq; Bye N Ptd;Spr N Lfa;Bve N Lfa)
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In digital twin technology, the construction of C;;, involves three core components, i.e., sens-
ing system, network system and communication protocol system [12]. As a cyclic growth process,
digital twin requires a closed loop in its logical structure to ensure the integrity and effectiveness
of its management model. Therefore, the vibration displacement sensing and identification
technology of large-scale engineering based on digital twin is investigated, and a closed-loop
management logical framework centered on PAPC is constructed. The study applies vibration
displacement sensing and recognition techniques from large-scale engineering to construction
safety. Fig. 1 displays the schematic diagram of the digital twin-based construction safety model.
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Fig. 1. Construction safety model schematic diagram based on digital twin

The expression of vibration displacement sensing and recognition model for large-scale
engineering based on digital twin is shown in Equation (2.6).

(2.6) DTy, = (Spr + Bve + Pra+ Lya + Ciy)

Assuming that the construction site of a large engineering structure consists of ¢ members,
the actual perceived value A of the mechanics of one of the members g can be set as A =
(x1,x2, ...,x). The formula for calculating the average value of A is shown in Equation (2.7).

q
2.

(2.7) ==
q
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The expression for the weights of each mechanical parameter is shown in Equation (2.8).
1

2.8) w=—%

2(a)

In Equation (2.8), d; denotes the Euclidean distance from each mechanical parameter to
the mean value of the mechanical parameter. Its expression is shown in Equation (2.9).

2.9 d; = ||Ix - x|l

The expression for the weighted average of the monitored values of the mechanical
parameters of the root tension cable is shown in Equation (2.10).

(2.10) %= Z wid,;
i=1

The expression for the overall perceived value of the engineered structure is shown in
Equation (2.11).

(2.11) D=u+aco

In Equation (2.11), @ denotes the confidence level of the mechanical parameter analysis. u
denotes the mean of the weighted average of the perceived values of the mechanical parameters
of each root member. o~ denotes the variance of the weighted average of the perceived values
of the mechanical parameters of each root member.

2.2. Construction of intelligent prediction model for large engineering
structures based on improved particle swarm optimization algorithm

In this study, the digital twin model is used to provide training samples of real-time
structural safety state for deep learning algorithms. In light of the aforementioned samples,
the PSO-BP algorithm is employed for the purpose of predicting the safety state, thereby
facilitating the dynamic monitoring and early warning of the construction safety of large
engineering structures. In the process of structural construction safety prediction, the mapping
relationship between design parameters and mechanical parameters is accurately extracted
in accordance with the results of digital twin simulation. Deep learning algorithms are then
used to analyze the inherent laws between these data to reveal their complex interactions. The
expression of the association rule is shown in equation (2.12).

(212) f(al,az,...,am) g(bl,bz,...,bn)

In Equation (2.12), f(ai,as, ..., a,) is the set of all parameters of the large engineering
structure. (ap, a, ..., d,,) is the random variable of the parameters of the large engineering
structure. g(b1, by, ..., b,) is the set of mechanical parameters of large engineering structures.
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(b1, by, ..., by) is the random variable of the mechanical parameters of the large engineering
structure. To ensure the validity and feasibility of the research model in actual construction, the
study further inputs these optimization and maintenance schemes into the digital twin model
to verify its practical application effect in safety maintenance. The structure of the digital twin
model based on deep learning network is shown in Fig. 2.
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Fig. 2. Diagram of digital twin model based on deep learning network

In neural networks, the transfer function, also known as the activation function, is responsible
for determining the output state of each neuron in the network [13]. Among many transfer
functions, Sigmoid type function is widely used due to its unique properties and is considered
as one of the most classical transfer functions [14, 15]. The expression of Sigmoid type function,
as shown in Equation (2.13).

1

The BPNN algorithm can be fitted with neural units in the output layer. Equation (2.14)
displays the formula for its outcome.

N, N
(2.14) Vi =Zw§jf (Zw}.ixi+bj)
j=1 i=1

In Equation (2.14), N; is the output neural units contained in the input layer. N, is the
hidden neural units contained in the hidden layer. w is the weight value. b is the bias value.
BPNN function and error expression as shown in Equation (2.15).

1
_ )
(2.15) E= 2;0, i)

In Equation (2.15), N3 is the neural units in the output layer. §; is the output result of
BP. y; denotes the true values of the BP parameters. The tuning expression of w is shown in
Equation (2.16).

OE

2.1 Aw = —0—
(2.16) w E
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In Equation (2.16) 6 is the learning rate. Equation (2.17) displays the neural network model’s
expression, which is built by the study using the construction features of huge structures as a basis.

Samplel — XLI Ducbl Dsl Dcl ITcl Dpl Scl Wbl

sample2 _, | XLy Dycpy Ds2 D2 -+ T2 Dpy Se2 -+ Wi
(2.17) . : . : o =] . :

samplen - XLy Ducon Dsn Den -+ ey Dpn Sen o+ Whpn

The expression of the neural network model, which was constructed by the study based on
the construction aspects of large structures, is shown in Equation (2.17). By mimicking the
movement and flocking behavior of bird flocks during foraging, the PSO algorithm — a global
stochastic search algorithm based on group intelligence — was developed. Assume that in
the search space, every particle represents a potential solution. Its position is denoted by
the position vector symbol X;, and its velocity is denoted by the velocity vector symbol V;.
Each particle has the ability to memorize its historical best position, which is denoted by the
vector symbol P;. Meanwhile, the whole particle population shares a global best position. This
position is selected from the best positions experienced by all the particles in the population
and is denoted by the vector symbol P;. The formula for the updating rule of particle velocity
and position, as shown in Equation (2.18).

Xi = (Xi1, X2, s Xin)
Vi = (i1, vi2, s Vin)
Pi = (pi1s Pi2s -+ Pin)
Py = (Vg1,Vg2, ..., Vgn)

(2.18)

In Equation (2.18), n denotes the dimension of the search space and m denotes the number
of particle populations.

3. Results

3.1. Construction of intelligent prediction model for large engineering
structures based on improved particle swarm optimization algorithm

A mid-plane chord-bearing structure of a large-scale engineering steel roof structure is
used as the experimental model for this study. The model has a span of 48 meters, the droop is
set to 3.5 meters and is equipped with 9 braces to ensure the stability and load carrying capacity
of the structure. Fig. 3 displays the large-scale engineering structural model’s unit numbering.
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Fig. 3. Schematic diagram of validation example component number
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To comprehensively verify the effectiveness of the algorithm, five representative working
conditions and three different stages are selected as test objects. The parameter settings of the
research algorithm in different working conditions and stages are shown in Table 1.

Table 1. Specific settings and parameter tables for different validation conditions and stages

Working Ground state Key component
condition T phase T1 phase T2 phase distribution
Be Interdistributed | E5 modulus damage 10%
1 . . Stay bar
self-possessed loading state corrosion 0.3%
Be Interdistributed E27 modulus damage
2 . . Stay bar
self-possessed loading state 10% corrosion 0.3%
3 Be Interdistributed E28 modulus damage Cable + steel
self-possessed loading state 20% rust 0.5% beam
Be Interdistributed | E9 modulus damage 15% Steel beam +
4 . .
self-possessed loading state corrosion 0.4% cable + strut
5 Be Interdistributed E11 modulus damage Steel beam +
self-possessed loading state 15% corrosion 0.4% cable + strut

To confirm the efficacy of the suggested method, the study selects working condition 1 as
the test case, and the algorithm is utilized to accurately identify the key components. Through
the calculation and analysis of the research algorithm, the judgment results based on a single
eigenvalue index are obtained, as shown in Fig. 4.
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Fig. 4. The displacement change and ground state key coefficient diagram of the algorithm: (a)
Displacement change coeflicient diagram, (b) Ground state key coefficient diagram

Fig. 4(a) shows the displacement coefficient of variation plot. The maximum value of the
displacement coefficient of variation of the research algorithm is 0.178, at which time the
corresponding EV value is as high as 0.983. Fig. 4(b) shows the plot of the key coefficient
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of the base state. The EV value of the research algorithm is 0.978, and the algorithm is able
to accurately identify the critical member ES unit. In summary, the EV values of both the
displacement changes and the base state critical coefficients exceed the threshold value of 0.95.

3.2. Application effect of IPM for large engineering structures
based on digital twin

In practical application, data samples are provided by sampling in the digital twin model.
In the digital twin model, the mechanical parameters and working conditions of the structure
are extracted in real time, and the data is studied as the sample set of deep learning. Among
them, 70% samples are selected as training set samples, and 30% samples are selected as test
set samples. Data is extracted every 15 seconds, and the extracted data is used as historical
experience to train the neural network. The influence of different mechanical parameters and
different number of hidden layer neurons on the number of iterations is shown in Fig. 5.
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Fig. 5. Schematic diagram of the influence of different mechanical parameters and different number of
hidden layer neurons on the number of iterations

It can be seen from Fig. 5 that when the number of hidden layer nodes is 11, the number of
iterations corresponding to vertical displacement is the least; when the number of hidden layer
nodes is 11, the number of iterations corresponding to steel beam stress is the least; when the
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number of hidden layer nodes is 11, the number of iterations corresponding to cable stress
is the least. In order to meet the accuracy requirements and model efficiency, the number of
nodes corresponding to different mechanical parameters of the neural network is selected as
11, 6 and 10 respectively. Aiming at the actual needs of vibration displacement perception
analysis of large engineering structures, the research conducted fitting experiments on the
constructed model, and the experimental results were shown in Fig. 6.
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Fig. 6. The study model fits the experimental result graph

As can be seen from Fig. 6, although the fitting effect of the model in the training stage
needs to be improved, the predicted fitting effect in the test stage is excellent. In order to verify
the application effect of the intelligent prediction model for large engineering structures based
on digital twins, the predicted value of the intelligent model of vertical displacement and cable
stress was compared with the actual value, as shown in Fig. 7.
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Fig. 7. The comparison between the predicted value and the actual value of the model vertical displacement
and cable stress
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Fig. 7(a) shows the comparison between the predicted and actual values of the intelligent
model for vertical displacement. The model trained by the research demonstrates considerable
accuracy in the test, and its PA reaches 98.2%. Fig. 7(b) shows the plot of predicted values
versus actual values of the intelligent model for tension cable stress. The prediction accuracy
of the research model is 99.1%. It can be concluded that the performance and reliability of the
research model meets the expected standards and therefore it can be authorized for practical
application and prediction in relevant scenarios.

4. Discussion and conclusions

4.1. Discussion

With the increasing number of large engineering structures such as bridges and high-rise
buildings, their safety and stability have become the focus of attention in the engineering field.
When engineering structures are subjected to external factors such as earthquakes and wind,
they will vibrate and displace, which poses a serious threat to the safety of the structures [16, 17].
To increase the safety of engineering structures, it is crucial to conduct research on vibration
displacement sensing and detection methods for large engineering structures based on digital
twin [18,19]. In the research process, by comparing the predicted value of the intelligent model
and the actual value of the vertical displacement and the cable stress, it can be seen that the
prediction accuracy of the vertical displacement is 98.2%, and the prediction accuracy of the
cable stress is as high as 99.1%. This result verifies the validity and accuracy of the research
model, and also indicates the great potential of digital twin technology in the field of engineering
structure monitoring, which is similar to the results obtained by Dong team in the study of real-
time fatigue life prediction method of bridge crane structure based on digital twin [20]. When
the structure is affected by external factors, its vibration displacement is effectively controlled,
and there is no obvious safety hazard. This indicates that through digital twin technology,
the health status of the structure can be monitored in real time, and countermeasures can be
formulated in advance to ensure the safe operation of the structure. This result is consistent with
the conclusion of Mosltt et al.’s digital twin study on compensating crane lifting planning at
sea [21]. Through Monte Carlo sampling method, it is found that the vertical displacement safety
index samples are mainly distributed in the range of —8 to 16, and there is a close correlation
between the vertical displacement safety index and the prestress. This finding is consistent with
the results obtained by Chen’s team in the federal analysis digital twin study using Bayesian
methods, which once again verifies the accuracy and reliability of the research model [22].

4.2. Conclusions

For the perception, analysis, prediction and control of safety problems in the construction
stage, an effective solution is urgently needed. Based on the concept of digital twin, this paper
deeply explores the management methods of construction safety problems of large engineering
structures, and constructs a set of intelligent management system of large engineering structures
based on digital twin. Through the actual case verification, the method not only shows high
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feasibility and significant advantages, but also the trained algorithm shows high accuracy in the
test, and can accurately predict the mechanical parameters of the structure, providing a strong
basis for safety evaluation. Looking forward to the future, it is necessary to continue to deepen
the research on digital twin technology in the field of large engineering structures to promote
its wide application in construction safety assessment, structural optimization design, etc., so
as to further improve the overall management level of large engineering structures construction
process and ensure project quality and safety.
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