
����������
�������

Citation: Zhao, Y.; Wang, N.; Liu, Z.;

Mu, E. Construction Theory for a

Building Intelligent Operation and

Maintenance System Based on Digital

Twins and Machine Learning.

Buildings 2022, 12, 87. https://

doi.org/10.3390/buildings12020087

Academic Editors: Cynthia

Changxin Wang, Brian Lee and

Sara Shirowzhan

Received: 15 November 2021

Accepted: 16 January 2022

Published: 18 January 2022

Publisher’s Note: MDPI stays neutral

with regard to jurisdictional claims in

published maps and institutional affil-

iations.

Copyright: © 2022 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

buildings

Article

Construction Theory for a Building Intelligent Operation and
Maintenance System Based on Digital Twins and
Machine Learning
Yuhong Zhao 1,2, Naiqiang Wang 1,2, Zhansheng Liu 1,2,* and Enyi Mu 3

1 College of Architecture, Civil and Transportation Engineering, Beijing University of Technology,
Beijing 100124, China; zhaoyuhong@bjut.edu.cn (Y.Z.); wangnq@emails.bjut.edu.cn (N.W.)

2 The Key Laboratory of Urban Security and Disaster Engineering of the Ministry of Education,
Beijing University of Technology, Beijing 100124, China

3 College of Urban and Environmental Sciences, Urban and Economic Geography, Peking University,
Beijing 100871, China; emu@stu.pku.edu.cn

* Correspondence: liuzhansheng@bjut.edu.cn

Abstract: The operation and maintenance (O&M) of buildings plays an important role in ensuring
that the buildings work normally, as well as reducing the damage caused by functional errors.
There are obvious problems in the traditional O&M modality, and an effective way to solve them
is to make the model smarter. In this paper, a digital twin framework for building operation is
proposed, which consists of two key components: a digital twin O&M model and a machine learning
algorithm. The process of establishing the digital twin model is introduced in detail, and the method
is explained according to the structure, equipment, and energy consumption characteristics of the
model. A mechanism of fusing the digital twin and machine learning algorithm is proposed and
the prediction process based on an artificial neural network (ANN) is shown. Finally, based on a
systematic summary of the modeling process and fusion mechanism, the development path and
overall structure of the intelligent O&M system utilizing digital twins is proposed.

Keywords: digital twin; machine learning; artificial neural network; operation and maintenance

1. Introduction

In the process of operating a building, it is difficult to maintain the structures at a
safe status all the time, or even in a dangerous state, due to the degradation of materials
and damage caused by various harmful factors [1]. Building maintenance has long been
recognized globally as a long-term problem in the life cycle of buildings because of the
increasing number of deteriorating buildings [2–4]. As a part of building operation, it is
important to conduct maintenance work, such as repairing failures, replacing components,
and discovering construction problems—and solving them in time to ensure normal and
safe running status [5].

The traditional O&M pattern of buildings has a series of problems, such as data man-
agement difficulties, poor measurement and detection accuracy, single technical means,
and high cost [6]. In order to solve these problems and promote the development of O&M
technology, experts have conducted a great deal of research and investigations on intelligent
O&M management. Yu et al. [7] reported on the importance of BIM technology and ana-
lyzed the processes of a digital O&M system. Li et al. [8] put forward a BIM-based construc-
tion O&M system that realizes data visualization and improves efficiency. Taffese et al. [9]
introduced Internet of Things (IoT) technology into the process of structurally intelligent
O&M and created a framework for monitoring the durability of concrete structures in order
to improve the accuracy of structural state assessments. Shigeru Yasuda et al. [10] set up a
data acquisition and transmission system and an automatic fatigue detection system by
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using IoT technology, and a cloud server system that enables users to observe the state
of buildings from their office. Ramin et al. [11] used a wavelet pocket relative energy
(WPRE), wavelet weighted least square support vector machine (WWLS-SVM), and other
algorithms to monitor the health of a building’s structure and reduce their data dimension.
Gabriele et al. [12] observed elevator usage with eye-tracking technology, established an
elevator operation simulation model, predicted elevator usage under different conditions,
and optimized related operation measures.

The concept of digital twins has been evolving since its inception in 2002, generating
multiple definitions and interpretations—some of them differing significantly [13–15]. In
recent years, in order to better apply digital twin technology, the concept has been analyzed
many times and some of the characteristics have been widely recognized [16–18]. Digital
twins should be the most realistic virtual representation of physical entities, including
the digital model and all relevant information and should be synchronized with those
entities. Another characteristic of digital twins is self-evolution, which means that they
need to change and evolve according to the actual situation while maintaining the contrast
between physical and virtual spaces. Digital twins have a wide variety of applications in
manufacturing industries [19]. Cai et al. [20] used digital twins in additive manufacturing
with augmented reality, but there were inherent inaccuracies. Moretti et al. [21] combined
geometry monitoring and process quality control for fused filament fabrication through
digital twin and optical imaging, but it was limited to geometry. Compared with manufac-
turing, the construction industry is more complicated due to its wide range of fields and
long production cycles. Therefore, the realization of digital twins is more difficult and there
are fewer relevant results.

Digital twins have two key characteristics, interactive feedback and self-evolution,
and can realize intuitive observations and predictions of the working state, which makes
operation and maintenance work more efficient, timely, and intelligent [22]. Leser et al. [23]
applied digital twin technology to the health management of fatigue-critical structures
and noted that it has application potential in the operation and maintenance processes of
multiple fields, from engineering to medical treatment. The paper only put forward ideas
and did not give practical applications. Ye et al. [24] built a digital twin model for structural
monitoring; however, the limitation of that study was that it did not apply digital twins to
the overall O&M. Sivalingam et al. [25] combined physics and digital twin technology to
predict the working state and remaining life of offshore wind turbines. They researched
equipment, which has different O&M requirements compared to buildings. Liu et al. [26]
proposed a dynamic guidance method for fire evacuation based on digital twins combined
with a support vector machine and obtained a good evaluation and prediction model.
However, the method is only meaningful for evacuation in the event of a fire, which is of
little help with regard to the overall O&M process.

In a word, there are few articles on applying digital twins to the full range of building
O&M. To solve the problems mentioned above and improve the intelligence level of the
model, this paper emphasizes the advantages of digital twins and contributes to:

• Proposing a fusion of digital twins and machine learning driven by a method of
predicting a building’s O&M status;

• Establishing an overall structure and development route for the O&M platform based
on digital twins and machine learning;

• Using software engineering technology to achieve building visualization, resource
sharing, and simple and efficient operation.

The remainder of the paper is organized as follows. Section 2 proposes a framework
and describes its composition and functions, with brief descriptions of the contents of
Sections 3 and 4. Section 3 describes in detail how to establish an O&M model based
on digital twins. Section 4 presents the fusion mechanism of digital twins and machine
learning, which can predict status, and this method is proved to be feasible. Section 5 intro-
duces how to build an O&M system based on digital twins and introduces its composition.
Section 6 discusses the results and concludes the paper.
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2. Digital Twin Framework for Building Operations

The characteristics of digital twin virtual interaction and real-time feedback are con-
ducive to improving the informatization and automation of building O&M management.
Aiming at matching the characteristics and requirements of building O&M governance,
this paper pays attention to the critical problems of structure, equipment, and energy con-
sumption. It establishes a digital twin multidimensional model for building operation and
maintenance management [27]. In Equation (1), MODT is a digital twin model for building
O&M management, BOPE is a physical building entity, BOVE is a virtual building entity,
BODD is the real-time data obtained by sensors and other devices in a running building,
BOPD is the predictive data obtained by the machine learning algorithm, and BOCN is the
connection between various parts:

MODT = (BOPE, BOVE, BODD, BOPD, BOCN) (1)

According to the above model, and based on the characteristics and needs of the
construction operation and maintenance process, a digital twin framework is proposed, as
shown in Figure 1.
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Based on the physical entity of the building and its BIM model, this framework,
combined with emerging technologies—such as BIM, Internet of Things, and intelligent
sensors—applies intelligent algorithms—such as neural networks and decision trees—to
establish a digital twin operation model consisting of geometric, physical, and behavioral
aspects and rules. The model is divided into digital twin operation models of building
structure, building equipment, and building energy consumption [28]. The data between
the digital twin O&M model and the physical building entity interact in real time and are
stored according to the O&M model classification on the twin data platform. Machine
learning algorithms are needed to drive the analysis and processing of the twin data
platform. By analyzing the data, it can diagnose and predict the building status. State
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prediction is an important means to ensure the normal running of a building. Machine
learning algorithms are more widely used in state prediction, including neural networks,
support vector machines, and decision forests. Among them, an artificial neural network
has better durability and timeliness [29]. It has a high degree of self-learning, adaptability,
and error-proofing ability [30]. Appropriate network parameters can be determined to
obtain the best value of the results [31]. This characteristic of artificial neural networks is
suitable for the O&M process of buildings.

The framework, based on the information contained in the twin transport model
and driven by machine learning algorithms, realizes services such as predicting building
condition and residual life, analyzing disease and risk, etc. Furthermore, it develops a
targeted maintenance plan for the building and realizes intelligent O&M services to ensure
that it is in healthy condition. This framework can greatly improve the informatization level
of the construction operation and maintenance process, solve various defects in traditional
O&M, and reduce costs.

3. The Process of Establishing the Digital Twin Operation and Maintenance Model

The digital twin O&M model should adopt multiple aspects, including geometric,
physical, behavioral, and institutional models [32]. The basic work of establishing a virtual
model is adjusting the geometric model, which realizes the visual display of geometric
information such as the size, shape, and position of the physical entity. This is consistent
with the characteristics of BIM technology, which is well suited for the implementation of
this step and can construct geometric shapes. Based on the BIM model, combined with
IoT and intelligent sensor technology, the physical information will be integrated with
the geometric model to establish the physical model. On this basis, the behavior model
develops the ability to self-evolve by analyzing the relevant supplemented data. The related
data are collected by computer maintenance management systems (CMMS) and building
automation systems (BAS). Further, the behavior model is established by combining the
changing characteristics of the physical model, such as the changing rules of material
properties and the dynamic properties of structural components [33,34]. Finally, a rule
model is established by combining the related norms and machine learning algorithms.
The rule model can set thresholds for the O&M data. By comparing the collected data and
the thresholds, the rule model can identify the condition of the building. According to the
information on the building condition, the rule model can provide methods to maintain
different conditions. The specific process is shown in Figure 2.

According to the description of the digital twin O&M model, the stages of establishing
the corresponding twin may be different and it is introduced from three aspects: structure,
equipment, and energy consumption.

In terms of building structure, the accumulation, processing, and utilization of build-
ing structure data can be effectively managed according to the digital model procedure.
The model-based database system is connected with the relevant 3D digital model, and the
corresponding digital twin building structure operation and maintenance model is estab-
lished. According to the requirements of inspection practice, a three-dimensional digital
model can be established by using BIM technology. The database consists of the properties
of each widget and the code number of the committed file. During the operation of the
building, the data generated will accumulate in the database. The models and databases
are connected through a defined coding system [35]. Coding systems can often perform
sophisticated data management to predict the performance of a building’s overall structure
throughout its life cycle. The database mainly contains the twin model data of the three
dimensions of the building structure, and the three-dimensional digital model is the visual
representation of the geometric data.
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As for construction equipment, the system structure of BIM as the basis of the building
O&M management system forms the underlying data by combining the BIM model and
equipment parameter data together with the data from the building equipment O&M to
generate the digital twin. Based on the digital twin system, the health of each component
is analyzed and evaluated by the method of sensor acquisition and data optimization,
and the function of fault prediction and healthy management is established. By realizing
real-time synchronous transmission and interaction between the physical and virtual
equipment, the model can accurately predict faults and manage health so that the health
management mode of physical components can enter a new stage, which can be a significant
advantage in perceiving faults and locating them accurately and quickly. At the same time,
a corresponding maintenance plan can be made according to the operation conditions
to improve the maintenance mode. Under the guidance of the digital twin system, the
physical building equipment can communicate and transmit data in real time with the
virtual twin device. The virtual digital equipment and physical building equipment under
the guidance of the digital twins run simultaneously to analyze and evaluate the physical
building, detect faults, and verify repairs in order to work out a complete repair and
maintenance plan and ensure that the physical building is healthy and operating stably.

In terms of a building’s energy consumption, fragmented and scattered data are
combined and collected in the BIM model after the building is completed. These data
will be organized and analyzed to show the O&M phase for various energy-consuming
equipment parameters. BIM model integration and further inclusion of its O&M functions
completes the digital twin model. On this basis, the energy consumption information of the
sensors and equipment is collected through the digital twin, which reflects and simulates
the physical building’s operational elements and behaviors on the virtual management
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platform. Furthermore, real-time adjustment and iterative optimization of building energy
consumption are realized.

4. A Method of Predicting the State of Operations Driven by the Fusion of Digital
Twin and Machine Learning
4.1. Fusion Mechanism of Digital Twins and Machine Learning

The essence of the operation-dimensional state prediction method driven by the com-
bination of digital twinning and machine learning is the use of digital twin technology
to realize the digitization and visualization of the critical elements of building operation
and maintenance in terms of geometry, physics, behavior, rules, and other aspects, and the
intelligent analysis and prediction of the operational state of building O&M through ma-
chine learning algorithms, including the building state prediction, residual life prediction,
disease analysis, risk analysis, and so on. [36].

The fusion mechanism of the digital twin and machine learning is the core of the
O&M state prediction. Its primary function is to collect, process, and analyze data, and
then output diagnostic and predictive results to support decision-making of related work.
Among them, the digital twin layer has the function of perceptual data transmission. In
building operation and maintenance, the relevant data are collected and processed by
digital twins and then analyzed by layered machine learning algorithms. The digital twin
processes the predictive information analyzed by the machine learning algorithm to make
intelligent decisions that are transmitted to physical entities. This process is a closed loop
that achieves accurate predictions of the operational status of buildings.

In this method, the machine learning algorithm is the core of data analysis and
processing. In this study, the ANN algorithm is used to train the model with the data
integrated into the digital twin as the data source, and the building O&M status prediction
mechanism based on the ANN is established. The prediction results are imported into
the digital twin for simulation, which provides intelligent decision support for building
operation and maintenance processes.

With the fusion of digital twins and machine learning, the operation state prediction
method has the following characteristics: It provides real-time perceptual feedback based
on digital twins; the digital twin model of the building O&M process is established by
collecting relevant information about the physical entity; and this model contains the
whole unit with multidimensional and multiscale information of the building, which is a
synchronous model realizing the digitization of the operation and maintenance process.

By combining digital twins with machine learning algorithms, this study made full
use of various data sources—for example, basic building data and real-time data collected
by sensors. The emergence of building O&M problems can be effectively avoided by
using machine learning for the analysis of various data and the intelligent diagnosis and
prediction of the building running status, and then receiving feedback to the building
entities through the twin models.

4.2. Operation-Based State Prediction Mechanism Based on Neural Network

In the process of operation and maintenance, the health of a building will be disturbed
by many influencing factors. Different factors need to be considered for the operation and
maintenance of the different building structures or construction equipment operation, and
these are affected by other key factors. Therefore, this paper introduces an algorithm to
predict the subsequent conditions of these key influencing factors. The predicted results
are fed back to the control system.

Most building changes happen during operation. It is difficult for nonlinear processes
and traditional mathematical models to obtain ideal prediction results. As a commonly used
mathematical modeling method, an artificial neural network can adapt to large samples.
Based on the study of historical data, it can discover the mapping relationship between the
input and output, then extract and store the mapping during the learning process. In the
prediction stage, according to the input of the network, we can get the next period forecast
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output, and, with machine learning data from a large number of samples, reduce the error
of state assessment so as to get the correct result when dealing with these uncertainties.
At the same time, the artificial neural network can store and organize data and has good
generalization ability. Therefore, in a production environment where large amounts of data
have been collected, artificial neural networks can be used as an important technical means
of constructing a digital twin prediction system [37,38].

The neural network goes through two steps, feed-forward and reverse propaga-
tion [39]. The logical sigmoid activation function is used in both hidden and output
layers because it can guide the training process. The logical sigmoid activation function is
shown below. The structure and mathematical representation of the artificial neurons are
shown in Figure 3.

f (sum) =
1

1 + e−sum (2)

sum =
n

∑
i=1

XiWi + B (3)

1 
 

 

Figure 3. Structure and mathematical expression of artificial (hidden) neuron.

Here, f (sum) is an activation function, sum is the weighted sum, Xi is the input of
neuron i, Wi is the connection weight between two neurons, and B is the deviation value.
Back-propagation (BP) is one of many algorithms used to train ANNs. The algorithm con-
tinuously propagates the error backward and adjusts each network weight and deviation
value (output and hidden layer) to minimize the direction of the network output error.
This makes the predicted output closer to the target output, thus reducing the error of the
entire network to a satisfactory level. Many techniques can be used in reverse propagation
algorithms, such as gradient descent, Newtonian, and Levenberg–Marquardt (LM). LM is
mainly used in this study.

4.3. Evaluation of Predictive Models

In order to verify the applicability of the ANN, it is built to predict the cable force of
a spoke-type steel frame. The debugging process refers to the simulation analysis done
by Liu [40]. In this test, 70% is training data, 15% is validation data, and 15% is test data,
as obtained by Ansys. The input is the displacement of 30 nodes in the model and the
number of neurons is 30. Due to space limitations, only partial data are included, as shown
in Table 1. The output layer parameter is the cable force of the lower ring.
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Table 1. Input data of ANN.

Node Case1 Case2 Case3 Case4 Case5 Case6 Case7 Case8 Case9 Case10

node1 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
node2 0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
node3 0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
node4 0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
node5 0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
node6 0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
node7 0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
node8 0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
node9 0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
node10 0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
node11 0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
node12 0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
node13 0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
node14 0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
node15 0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
node16 0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
node17 0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
node18 0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
node19 0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
node20 0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
node21 0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
node22 0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
node23 0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
node24 0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
node25 0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
node26 0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
node27 0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
node28 0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
node29 0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
node30 0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

In this study, a hidden layer was used and the number of input and output parameters
for building operation and maintenance were known. In order to find the optimal structure
of the neural network, only the number of implied neurons needs to be calculated. In
general, too many implicit layer neurons will make the training too long, and overtraining
will lead to overfitting problems. There are too few implicit neurons to predict the data
adequately. It is calculated according to the empirical formula:

n =
√

m + l+a (4)

where n is the number of implicit layer neurons, l is the number of input layer cells, m is
the number of output layer nodes, and a is the adjustment constant between 1 and 10.

This section studies the influence of different numbers of neurons in the hidden layer
on the accuracy of the ANN model. A variable structure method that gradually increases
the number of hidden layer units was adopted based on Empirical Formula (4). That
is, relatively few hidden layer cells are added at the beginning. After learning a certain
number of times, the ideal number of hidden layer cells is finally reached by increasing the
number of hidden layer cells for debugging. Based on the training data, when the number
of hidden layer cells is 10, R2 met the requirements and did not take much training time. It
was determined to be 10. The network allows the maximum error to be set at 0.001 and
the learning rate at 0.01 for network training. The developed model was then statistically
evaluated by using mean square error (MSE), coefficient of determination (R2), and mean
absolute error (MAE), which are defined in Equations (5)–(7) below. In short, the lower
the value, the better the network performance. R measures the correlation between the
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output and target in the network; R = 1 indicates a close relationship and R = 0 represents a
random association.

MSE =
1
n

n

∑
i=1

(Ti −Oi)
2 (5)

R2 = 1−
(

∑n
i=1(Ti −Oi)

2

∑n
i=1(Oi)

2

)
(6)

MAE =
1
N

N

∑
i=1
|Xi −Yi| (7)

Here, n is the total number of training datasets, and Ti and Oi are the target (training
sample) and ANN output value, respectively.

The mean error in the LM network training, validation, and testing phases decreases
rapidly with increased iterations. Since the test set and validation set error have similar
characteristics, the MSE results are acceptable. As is shown in Table 2, for the training and
testing input data for MSE, MAE statistics are 7.62 × 10−5, 0.0297 and 8.53 × 10−5, 0.0366.
The artificial neural network model indicates an excellent correlation between the predicted
and measured values. In addition, a higher R2 value and lower MSE value indicate that the
ANN model has better prediction ability and generalization performance.

Table 2. Performance of neural network model.

MSE R2 MAE

Training 7.62 × 10−5 0.994 0.0297
Validation 9.81 × 10−5 0.992 0.0334

Test 8.53 × 10−5 0.995 0.0366
All data 8.09 × 10−5 0.994 0.0313

4.4. Building Operations State Prediction Process Based on Digital Twins and Machine
Learning Algorithms

According to the modeling method described in this paper, the digital twin model of
the construction operation and maintenance stage can be established, and the correspond-
ing parameters in the virtual space can be updated in real-time according to the entity
monitoring data in order to map the real-time state of the building in the physical space
to the virtual space and realize a real-time visualization of the construction operation and
maintenance. Using an artificial neural network algorithm, we can calculate the operation
and maintenance data of the next period with the data processing of entity monitoring and
virtual model-related information. The results are fed back to the virtual model to realize
real-time prediction and visualization.

The specific prediction process is shown in Figure 4. The data of moment t are the
real-time data and the data of moment t + 1 are the forecast data. The key factors of
moment t in the model are entered into the algorithm layer with ANN as the core. The key
influencing factors of moment t + 1 are deduced and fed back into the model to obtain the
decisive elements of moment t + 1 of the construction operation and maintenance state,
and to determine the operation and maintenance status of the building at time t + 1. Finally,
it determines whether there is a problem with the building and if maintenance is required.

BIM, building automation system (BAS), and IoT echo the digital twin operation and
maintenance mode in the establishment process above. They represent the three main
data sources of the digital twin model. BIM technology represents basic data, such as
building geometry information contained in the BIM model. BAS represents the relevant
operational data obtained for monitoring various facilities and equipment in the building.
IoT technology represents building operations data collected through intelligent sensors
with IoT technology at the core.
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4.5. Analysis of the Prediction Process

This study uses the experiment of Liu as a reference [41]. The test model is shown
in Figure 5. The prediction model is used to explore 47 different working conditions of
pre-stress loss scenarios. To simulate the relaxation limit state of the cable, the percentage of
pre-stress applied in the finite element simulation was 0–100%. The experiment analyzed a
single upper radial cable, a single lower radial cable, an upper ring cable, a lower ring cable,
a total upper radial cable, and a total lower radial cable. Through finite element simulation,
it can be seen that the relaxation of a single upper or lower radial cable has little effect on
the static performance of the structure. Therefore, the single upper and lower radial cables
are subjected to 50% and 100% relaxation of pre-stress applied in the simulation. The rest is
relaxed according to 20, 40, 60, 80, and 100% of the pre-stress applied. Some of the working
conditions are shown in Table 3. The input layer includes 12 input neurons, 5 in the lower
radial cable, 5 in the upper radial cable, and 2 in the residual relaxation pre-stress of the
upper and lower cables. The hidden layer contains 10 neurons and the output neuron is
the displacement of the maximum node of the inner strut. The input data are fed to the
digital twin model by IoT and sensors.
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Table 3. Percentage of slack residual pre-stress of cable members.

Case
Upper Radial Cable Lower Radial Cable Upper

Rope
Lower
Rope1 2 3 4 5 6 7 8 9 10

1 0.6 0.6 0.6 0.6 0.6 1 1 1 1 1 1 1
2 0.4 0.4 0.4 0.4 0.4 1 1 1 1 1 1 1
3 0.2 0.2 0.2 0.2 0.2 1 1 1 1 1 1 1
4 0 0 0 0 0 1 1 1 1 1 1 1
5 1 1 1 1 1 0.8 0.8 0.8 0.8 0.8 1 1
6 1 1 1 1 1 0.6 0.6 0.6 0.6 0.6 1 1
7 1 1 1 1 1 0.4 0.4 0.4 0.4 0.4 1 1
8 1 1 1 1 1 0.2 0.2 0.2 0.2 0.2 1 1
9 1 1 1 1 1 0 0 0 0 0 1 1

10 0.8 0.8 0.8 0.8 0.8 0.8 0.8 0.8 0.8 0.8 0.8 0.8
11 0.6 0.6 0.6 0.6 0.6 0.6 0.6 0.6 0.6 0.6 0.6 0.6
12 0.4 0.4 0.4 0.4 0.4 0.4 0.4 0.4 0.4 0.4 0.4 0.4
13 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2
14 0 0 0 0 0 0 0 0 0 0 0 0
15 1.2 1.2 1.2 1.2 1.2 1.2 1.2 1.2 1.2 1.2 1.2 1.2
16 1.4 1.4 1.4 1.4 1.4 1.4 1.4 1.4 1.4 1.4 1.4 1.4

According to the established ANN model, the predicted value of the maximum
displacement of the node under the inner pole under different working conditions and
the relative error value are obtained. As shown in Figure 6, there is not much difference
between the actual data from the experiment and the predicted data of this model. The
determination coefficient R2 reached 0.9866, and the process took just a few seconds. Given
this, it is an efficient and accurate forecasting process. just a few seconds. So, it is an
efficient and accurate forecasting process.
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5. Development Process of the Operation and Maintenance System Based on Digital
Twin Technology
5.1. Development Route Based on Digital Twin Technology Operation and Maintenance
Platform Function

According to the process for the development of the digital twin technology operation
and maintenance platform, the model mentioned above establishes the process and state
prediction method as the core and determines the specific functional development route
of the platform. First of all, the BIM model is lightweight, and the dynamic information
collected by the operation stage through the Internet of Things is integrated into it to form



Buildings 2022, 12, 87 12 of 17

the digital twin model. Then, through the network platform technology and machine
learning algorithm, the operation and maintenance management platform based on digital
twin technology is created. The main functions of the platform include scene roaming of
operational targets and data visualization management. Scene roaming includes overall
and local roaming; data visualization management includes information on the O&M of
the target building environment, energy consumption, components, component mechanics,
equipment, and space use. Through data analysis, the platform’s functions of emergency
warning, energy consumption early warning, and maintenance early warning are realized.

A specific development flowchart for the digital twin platform functionality is shown
in Figure 7.
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5.2. Overall Architecture of the Operating System Development Based on Digital Twin Technology

Establishing an operation and maintenance system should start with realizing the
three major objectives of efficient operation and maintenance according to the functional,
platform, data, network, and physical layers in reverse order to design the details of each
layer, thereby completing the platform construction. Platform construction follows the
function, perception, virtual model, transmission, and data layers to achieve forward data
transmission. Finally, the platform layer is aimed at achieving green, efficient, and safe oper-
ation and maintenance as the three major objectives. Figure 8 shows the overall architecture
of the digital twin platform. The system architecture contains the following layers:

Platform functional layer: The platform functional layer includes all kinds of analytical
decision-making systems. In practical applications, production management personnel
make the digital twin calculations and analyze the data and results as the basis for analysis
and decision-making. The formation of information and decision-making becomes a closed
loop. This layer is mainly responsible for interacting with end users by granting different
user rights within their prescribed permissions. Administrators can log in for data entry,
query, modification, and other operations. This layer is implemented primarily on the Web.
For example, sensors detect changes in stress on a layer of the beam of a monitoring target



Buildings 2022, 12, 87 13 of 17

and record that if the stress changes significantly beyond the safe value range, then the
structural inspection system accessed by the platform alerts the management that structural
reinforcement or maintenance is required. After logging in to the platform, management
personnel can find problems and report them to the corresponding personnel to solve them
through the mobile terminal.
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Platform functional layer: The platform functional layer includes all kinds of analytical
decision-making systems. In practical applications, production management personnel
make the digital twin calculations and analyze the data and results as the basis for analysis
and decision-making. The formation of information and decision-making becomes a closed
loop. This layer is mainly responsible for interacting with end users by granting different
user rights within their prescribed permissions. Administrators can log in for data entry,
query, modification, and other operations. This layer is implemented primarily on the Web.
For example, sensors detect changes in stress on a layer of the beam of a monitoring target
and record that if the stress changes significantly beyond the safe value range, then the
structural inspection system accessed by the platform alerts the management that structural
reinforcement or maintenance is required. After logging in to the platform, management
personnel can find problems and report them to the corresponding personnel to solve them
through the mobile terminal.

Perception layer: The perception layer contains various physical entities in the actual
building system and supports the detection devices and other content. The entity side
collects the information, operating parameters, and operation instructions of the actual
construction system and passes them, accurately, to the data measurement. The perception
layer records the data description of the entire model and describes the basic information
that is needed for each professional application. This layer contains information about the
surrounding environment of the building, including the information recorded by sensors
such as cameras, as well as temperature, humidity, smoke, etc. This layer also contains
general information about the building entity, such as the information recorded by stress
sensors, strain sensors, and so on. The perceptive layer also detects equipment information
such as water volume, electricity, and so on.
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Virtual model layer: The virtual model layer is mainly based on the simulation and
rule models. The simulation model covers the rule model, which reflects the objective law
of the actual construction system; the physical model, which embodies the information of
the system components such as attributes, features, and so on, and the geometry model,
which includes the shape, size, position, and assembly relationship of the key components
of the construction system. The rule model supports the construction and calculation of the
simulation model through the results obtained from experience or data analysis.

Transport layer: The most important function of the transport layer is to convert the
collected data to the upper layer. Data are collected from physical devices connected to
physical assets/spaces in the building or its surroundings. This layer can use a variety of
communication technologies, such as 5G or low-power, wide-area networks (LPs-WANs).
Among the available technologies, wireless local area network (WLAN) technology (i.e.,
wireless networks) is one of the most well-known and widely used.

Data layer: The data layer is responsible for providing data read and write support
for the virtual model layer, which collects real-time state data from the perceptive layer
to enable the multi-source heterogeneous data stores, which convert data from different
systems, formats, and manufacturers into exposed standardized data formats and store it
in a specified database. The data source stored in the database is divided into two parts,
twin data and external data. Twin data refers to the building’s digital twin operation
and maintenance model, which contains all kinds of data. External data mainly include
operational experience information and knowledge of other buildings for reference. The
database of continuous dynamic updates of synchronous building operations mainly pro-
vides the centralized storage of information, rapid retrieval updates, and data management.
All operations related to the consistent integrity of data security are carried out in the
data layer.

6. Discussion

Because of its real-time interaction and evolution, digital twin technology is suitable
for and a key technology in building operation and maintenance processes. According to
this conception, this paper constructs a digital twin model for these processes. Machine
learning algorithms provide analysis for massive amounts of complex data generated
during operations [42]. The results from this study support the argument by verifying the
ANN. The reliability of the output result is determined by checking the MSE, R2, and MAE
values. When the ANN is used to predict the cable force of the lower ring, the values meet
the requirement, as shown in Table 2.

This paper proves that the fusion of digital twins and machine learning is feasible in
Section 4.5. As shown in Figure 6, the error between the actual and predicted values is
basically less than 1 mm, and the determination coefficient R2 is approximately 0.98. The
mechanism is reliable and efficient.

This paper puts forward a method to develop an O&M platform based on digital
twins, but it stays at the theoretical level. Its feasibility is supported by the prediction
method’s verification in Section 4. The study of the practical application of this method still
needs much work.

7. Conclusions

This paper introduces the idea of digital twin technology for the process of building
operation and maintenance, as well as the fusion mechanism of digital twin technology
and a machine learning algorithm, to realize the intelligent prediction of building operation
and maintenance status.

1. According to the characteristics of virtual interaction and real-time feedback of digital
twin technology, a digital twin framework oriented to building operation and mainte-
nance is proposed, which provides a new idea for the practical application of digital
twins in the process of intelligent building operation and maintenance.In the process
of combining digital twin technology with a machine learning algorithm, this paper
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first puts forward the process of establishing a digital twin operation and maintenance
model to realize the integration and visual display of building operation and mainte-
nance data. The machine learning algorithm is then applied for data-driven intelligent
prediction and diagnosis of the building operation and maintenance processes.

2. The operation and maintenance processes of a building produce large amounts of
diverse data. With digital twin technology as the core, the data are visual and can be
retrieved from a 3D model, which is clearer than the traditional way.

3. Based on digital twin technology and the machine learning algorithm, the develop-
ment of an operation and maintenance system is proposed, providing the idea for the
application of digital twin technology in intelligent operation and maintenance.

In summary, the application of the digital twin technology and machine learning
algorithm is an effective way to achieve intelligent prediction and diagnosis of building
operation and maintenance status in order to achieve intelligent operation and maintenance
of a building. However, the implementation of digital twin technology is still in its initial
stages. There are still certain limitations regarding the establishment of digital twins. Digital
twins still have much potential to be developed in O&M. Therefore, most of the methods
proposed in this paper only exist at the theoretical level; it is difficult to prove them with
practical examples. We will try to use the theory to establish a platform and apply it to a
practical project in future work.
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