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Cranes used in factories and ports are frequently exposed to potential risks arising from complex
operating conditions. To comprehensively assess operational reliability, digital technologies are being increas-
ingly employed for dynamic monitoring and optimization during crane operations. This study focuses on the
dynamic stress variations in the main truss of cranes during operations. First, a digital mapping model be-
tween a scaled physical crane and its virtual counterpart was developed using a parametric design approach
based on a real-world engineering crane. Using this model, a digital-twin representation of the crane’s dynamic
stress field was constructed. Nodal stresses of the twin crane were obtained using radial basis function (RBF)
interpolation in conjunction with finite-element stress field calculations. Subsequently, the K-nearest-neighbor
algorithm was used to select relevant nodes for training an interpolation-based surrogate model, enabling end-
to-end stress prediction at the crane’s nodes. Finally, dynamic stress rendering using the HSV (hue, saturation,
value)-color-model-enabled synchronized visualization of the stress field within the digital twin, supporting real-
time monitoring, simulation-based optimization, and dynamic life cycle management of the crane. Experimental
comparisons of three different lifting conditions show that the average error between finite-element analysis and
stress-rendering results is 8.29 %, while the average error between measured data and stress-rendering results
is 9.98 %, verifying the predictive reliability of the interpolation model. These findings guide the application of

dynamic digital twins of stress fields in industries such as construction, manufacturing, and energy.

The safe operation of cranes is critical to ensuring the smooth
and efficient execution of construction projects. However,
with the expansion of construction scales and increasing op-
erational complexity, safety risks associated with crane oper-
ations have grown substantially. Consequently, accident pre-
vention during crane operations has become a critical is-
sue demanding urgent solutions. Studies indicate that real-
time monitoring of crane operations can mitigate accidents
to some extent, prompting extensive research in this area.
To address collision detection among hoisted objects,
obstacles, and cranes during lifting operations, Zhu et al.

(2024) proposed a method integrating octree and bounding-
box techniques (Oct-Box) that effectively reduces the search
space while enabling continuous, accurate collision detec-
tion. Xue (2023) developed a real-time distance measure-
ment method between the hook and jib using the BiseNetV?2
image segmentation algorithm, integrated with a distance-
based collision avoidance strategy to enhance construction
personnel safety. Regarding dynamic loads during lifting,
Huang (2022) derived formulas for calculating dynamic load
coefficients by establishing a single-crane force model and
proposed measures to control dynamic loads. Hong et al.
(2016) modeled the crane jib as a finite-element system, ap-
plying the fourth-order Runge—Kutta method to solve motion



equations and analyze system behavior, dynamic loads, and
jib deformation. Regarding structural strength during lifting,
Xia (2023) used MSC Patran/Nastran finite-element analysis
software to evaluate the structural stability of superstructures
throughout the lifting process, accounting for various uncer-
tainties. Su (2023) utilized finite-element simulation, multi-
island genetic algorithms, and adaptive simulated annealing
to optimize the structural strength of living quarters dur-
ing FPSO (floating production storage and offloading) lift-
ing operations, achieving weight reduction while maintain-
ing safety and reliability. For damage detection, Li (2015)
applied the curvature modal difference method to improve
the accuracy of theoretical and experimental predictions for
damage forecasting. Chen (2021) used faster R-CNN and
SSD algorithms to detect cracks and other defects in large
construction cranes, enabling intelligent, automated crack
detection. In stress monitoring, Lalik et al. (2017) integrated
a theodolite and a self-excited acoustic system (SAS) into
a redundant measurement system to monitor tower crane
tilt and structural stress. Zhang (2019) developed a fiber
Bragg grating-based stress-monitoring system for shipbuild-
ing gantry cranes, enabling real-time, high-precision struc-
tural stress monitoring with long-term stability.

Research has demonstrated that monitoring and feedback
via virtual simulation, along with algorithmic optimization,
can reduce accidents and enhance safety in lifting opera-
tions. However, there is still a need for a rapid, accurate,
comprehensive, and reliable approach to real-time monitor-
ing, analysis, and prediction during crane operations. Digital-
twin technology offers a promising solution (Tao and Qi,
2019) for dynamic stress monitoring of cranes to ensure
structural safety, making it among the most promising ap-
plications of digital twins. The concept of digital twins, first
introduced around 2002 (Barbie and Hasselbring, 2024), has
since been the subject of extensive research on its princi-
ples, implementation, and applications. Initially employed
by NASA and the US Air Force for design simulation and
performance evaluation of aircraft and aerospace engines,
digital twins have now been widely adopted across various
types of industrial equipment, such as mobile cranes, wind
turbines, and computerized numerical control (CNC) ma-
chines, evolving from a descriptive concept into an opera-
tional technology (Lai et al., 2022). Liu et al. (2021) de-
veloped a safety risk prediction framework for prefabricated
building lifting using digital-twin technology. They proposed
a digital-twin support vector machine (DT-SVM) algorithm
for data analysis and risk prediction. Lai et al. (2021) pro-
posed the shape-performance-integrated digital twin (SPI-
DT) technology, which integrates numerical, analytical, and
artificial intelligence models to achieve high-precision, real-
time stress visualization for lattice boom cranes. He et al.
(2022) applied the multi-level fusion modeling (M-LFM)
method to construct surrogate models for predicting stress
in telescopic boom forklift arms, demonstrating efficient and
accurate modeling suitable for digital twins. Gao et al. (2023)

On-site image of crane equipment (source: Yangtze
Evening Post, official photograph).

developed a digital-twin-based prediction system for gantry
cranes, integrating finite-element analysis for stress calcula-
tion and visualization to display structural stress distribution.
Moi et al. (2022) performed real-time crane simulation us-
ing nonlinear finite-element programs, employing an inverse
method based on physical strain gauge measurements to es-
timate load weight and force vector directions, thereby ob-
taining strain histories for structural monitoring and fatigue
damage assessment.

This paper presents the development of a scaled crane
model and its corresponding digital twin. Through the ap-
plication of digital-twin methodology, virtual-physical syn-
chronization between the model and the physical crane was
achieved. Predictive stress analysis of the crane’s main girder
was conducted using radial basis function (RBF) interpola-
tion, with stress contours rendered via the HSV (hue, satura-
tion, value) color model, enabling both prediction and visu-
alization of the stress distribution in the main girder.

In constructing the scaled crane test platform, the main truss
structure was designed to be consistent with that of an engi-
neering crane, as shown in Fig. 1.

While preserving the main truss structure of the origi-
nal crane, other components were simplified, as shown in
Fig. 2. The test platform has overall dimensions of 700 mm
(length) x 550 mm (width) x 440 mm (height). Except for
the front diagonal brace, the main truss was fabricated
from galvanized square steel tubes with a wall thickness of
1.3 mm and cross-sectional dimensions of 30 x 30 mm, pri-
marily joined by welding. To investigate the effects of vari-
ations in front diagonal brace angle on the stress in key
truss structures during lifting operations, the front diagonal
brace was designed as a telescopic, rotatable sleeve assem-
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Figure 2. Physical model of scaled crane.

bly. The outer square tube has a maximum cross-section of
25 mm x 25 mm, while the inner square tube has a cross-
section of 20 mm x 20 mm. The length of the diagonal brace
can be adjusted by tightening butterfly nuts between the
sleeves. The upper end of the front diagonal brace was fas-
tened to an elongated slot beneath the main truss using a but-
terfly nut. The base of the diagonal brace was connected to
the other end by a pin joint. The steel winch is positioned
on both sides of the platform, with the cable routed through
a fixed pulley beneath the crossbeam to change the pulling
direction before connecting to the simple lifting mechanism.
The winches are symmetrically arranged along the central
axis and are driven by a 57-series dual-output-shaft stepper
motor, enabling forward and reverse rotation to lift and lower
the load. The motor is connected to the winches via a drive
shaft and a rigid coupling. The crossbeam and main truss are
connected using a standard MGNOC linear guide rail and car-
riage from Hiwin Corporation. The 150 mm rail is aligned
with the central axis of the front beams on both the left and
right sides of the truss. The carriage is mounted on a fixed
plate, which is then bolted to the crossbeam. A 42-series lin-
ear lead-screw stepper motor is installed along the central
axis of the platform on the top horizontal rod. The 300 mm
lead screw is fixed at one end to the motor, while the other
end engages with a copper nut secured to the center of the
crossbeam with screws. This linear lead-screw stepper motor
drives the forward and backward movement of the crossbeam
along the guide rail.

In terms of geometric similarity, the model faithfully repli-
cates the core structural layout and load transfer logic of the
actual bridge deck crane. It preserves all key features that de-
termine the overall mechanical configuration, including the
main frame of the main truss, the adjustable front diagonal
braces, and the precise mechanism for crossbeam movement
via slide rails and sliders. A stepper motor drive system re-
places the hydraulic winch of the original crane, simplifying
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the non-load-bearing components that do not affect the me-
chanical behavior of the main truss.

Regarding mechanical similarity, firstly, the main struc-
tures of the model are fabricated from Q235B steel, which
is identical to that of the actual crane. This ensures full
consistency in key parameters governing material deforma-
tion and failure behavior, such as elastic modulus and yield
strength, thereby providing the physical foundation for the
similarity of stress distribution patterns. Secondly, loads are
applied at specific positions along the slide rails using pre-
cise mass-simulation blocks that represent the concentrated
forces transmitted to the main truss via the sliders in actual
hoisting operations. Finally, rigid fixation is achieved at the
end using U-shaped clamps, accurately simulating the artic-
ulated support between the actual crane and the bridge struc-
ture, thereby ensuring that the load transfer path from the
support points to the fixed end is consistent with that of the
actual structure.

A load sensor and a gyroscope mounted on the experi-
mental platform collect load weight and hoist attitude data
in real time. The operating status of the stepper motor is con-
verted into crossbeam displacement and hoisting-height data
by the programmable logic controller (PLC). After aggrega-
tion, time synchronization, format unification, and prelimi-
nary data validation of these multi-source heterogeneous data
in the PLC, the data are published to the data service plat-
form via the laboratory’s local area network using the Mes-
sage Queuing Telemetry Transport (MQTT) protocol. Subse-
quently, the digital-twin monitoring system, which uses Web-
Socket communication, subscribes to the data stream and re-
ceives it in real time.

3 Construction of the crane digital-twin model in
digital space

3.1 Construction of crane 3D digital-twin model

Following the assembly of the scaled-down crane model in
physical space, it is essential to construct a corresponding
digital-twin model in virtual space. A high-fidelity digital-
twin model is characterized by high precision, multidimen-
sionality, and real-time responsiveness. These attributes col-
lectively enable the creation of a virtual object in the digi-
tal environment that accurately reflects and describes the dy-
namic behavior of its physical counterpart (Tao et al., 2019).
In this study, SolidWorks software was first used to create
a three-dimensional model of the scaled-down crane. Since
relative displacement occurs only between the carriages and
the rails during load lifting and horizontal movement, the car-
riages, beams, rails, and main truss were merged in Blender.
This process simplified the model by removing minor struc-
tures and reducing the polygon count, ensuring the model
remained lightweight while preserving its overall shape. Fi-
nally, the Unity 3D engine was used for scene rendering and
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for programming the driver for the crane’s digital twin, com-
pleting its construction.

The crane dynamic monitoring platform was developed us-
ing a Browser/Server (B/S) architecture and is built on a
MongoDB database, enabling cross-platform deployment on
Windows and Linux systems. The B/S architecture offers
simplified deployment and maintenance as only the server-
side application requires updates, with all client-side applica-
tions in web browsers automatically reflecting these changes.
For the scaled crane’s attitude data during operation, sensors
were installed at corresponding positions to collect the data.
A dynamic connection was established between the opera-
tional data and the digital-twin model through the monitoring
platform. As sensors continuously collect operational data,
the model is updated in real time.

In the data acquisition phase, the design of the data collec-
tion scheme is critical as it directly influences the complete-
ness of the monitoring platform’s functionality. In this study,
sensors were positioned at key locations to capture attitude
data during the operation of the scaled-down crane. Proto-
col parsing was used to extract information from the PLC
regarding the equipment’s control system.

All data acquired through various channels are processed and
aggregated on the monitoring platform into a unified standard
format, facilitating the subsequent information transmission.
The crane operation dynamic monitoring platform prioritizes
real-time performance, accuracy, and high interactivity, mak-
ing the choice of communication protocols particularly cru-
cial. The data must be synchronized in real time to ensure
consistency and timeliness between the physical entity and
its digital representation (Bao and Hu, 2019). Based on the
characteristics of data transmission between the crane and
the three-dimensional digital-twin model, WebSocket and
MQTT protocols were selected as the primary communica-
tion protocols.

WebSocket is a protocol that provides full-duplex commu-
nication over a single transmission control protocol (TCP)
connection. Unlike HTTP, the WebSocket protocol does not
require a handshake for each transmission after establishing
the connection. This reduction in overhead lowers data trans-
mission costs and conserves server resources (Ogundeyi and
Yinka-Banjo, 2019). Its built-in Ping-Pong frame interaction
mechanism enables rapid detection of connection anoma-
lies, reduces interruptions caused by connection timeouts,
and delivers superior anti-interference performance. MQTT
is a lightweight messaging protocol designed for small de-
vices operating in low-bandwidth, unreliable, or high-delay
network environments. It operates on a publish—subscribe
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model, enabling efficient and streamlined message transmis-
sion between devices and servers. Its lightweight transmis-
sion characteristics further cater to the anti-interference re-
quirements of weak network environments.

In summary, Fig. 3 illustrates the implementation of the
crane operation dynamic monitoring digital-twin framework.
Additional functionalities, such as historical data playback,
live video monitoring, and anomaly alerting, have been inte-
grated into the human—machine interface to meet the require-
ments of practical engineering applications. This comprehen-
sive framework effectively demonstrates the virtual-physical
mapping and state synchronization between the physical
crane and its digital twin.

Factors such as data acquisition, transmission speed, data
processing capability, and system architecture influence the
real-time performance of the digital-twin model during its
interaction with the physical model. Real-time performance
and displacement accuracy are critical metrics for evaluating
the effectiveness of virtual-physical synchronization (Lin,
2019). According to project specifications, the system must



Request-response delay statistics (unit: ms).

Number (0] S w T
1 152 05 90 105.7
2 148 03 855 100.6
3 13.9 0.2 87 101.1
4 12 04 922 104.6
5 155 0.6 883 1044
6 11.8 05 935 1058
7 143 04 89.7 1044
8 135 03 858 99.6
9 16.1 05 914 108
10 124 04 869 99.7
11 149 02 881 103.2
12 133 03 845 98.1
13 15 06 907 106.3
14 11.6 05 92  104.1
15 141 03 876 102
16 128 04 899 103.1
17 13.7 05 91.1 1053
18 153 02 884 1039
19 145 03 86.2 101
20 13 06 903 103.9
21 126 04 89.6 102.6
22 151 05 938 1094
23 11.7 03 859 97.9
24 146 04 873 1023
25 134 05 885 1024

achieve a delay of less than 500 ms and a displacement error
of no more than 2 mm.

In this study, the PLC controls the crane’s motion by con-
necting to a driver, which subsequently regulates the servo
motor. Timestamps related to the entire process, from send-
ing a request to receiving a response from the digital-twin
model, were obtained from client log records.

To verify the real-time performance of the digital-twin
model, we organized the network request and response log
records into a table, as shown in Table 1. In the table; Q
(queueing) represents the queue waiting time; S (stalled) in-
dicates the stalled time; W (waiting for server) denotes the
time spent waiting for the server response; and 7' (total de-
lay) is the sum of Q, S, and W, representing the total delay.

In the sample data presented in Table 1, the maximum de-
lay observed on the platform was 106.3 ms, the minimum de-
lay was 97.9 ms, and the average delay was 103.176 ms. The
results indicate that the monitoring platform satisfies the re-
quirement of maintaining a delay below 500 ms, successfully
achieving virtual-physical synchronization. This delay test
was conducted in a laboratory local area network environ-
ment, aiming to verify the feasibility and basic performance
of the communication architecture.

To validate the displacement accuracy of the digital-twin
model, the lifting process was paused at random intervals,
and the actual displacement values of the beam and hoist-

Displacement accuracy measurement benchmark.

ing mechanism were measured. These values were then com-
pared with the displacement values displayed by the digital-
twin crane model at the corresponding moments to calculate
the error. As shown in Fig. 4, the position 10 mm from the
front edge of the main truss was designated as the initial po-
sition of the beam in the digital-twin model, labeled as X,
with rightward movement defined as positive. The crane’s
base was used as the reference position for the lifting height,
denoted as Yj, with upward movement also defined as posi-
tive.

The hoisting heights of the lifting device and the beam
displacements, measured from both the physical crane and
its twin model, were compiled and compared. The results of
the comparison are shown in Fig. 5a and b.

In Fig. 5a and b, the random time refers to a scenario in
which the crane operates for a certain period and then pauses.
In this particular instance, the measured value is compared
with the model value. It is not a uniformly sampled time
value. In Fig. 5a, T4 denotes the beginning of the lifting op-
eration, where the heights of both the physical and virtual
crane lifting devices are zero. As the lifting operation pro-
gresses, a deviation in lifting height becomes apparent, with
the maximum deviation of 1.39 mm occurring at time point
T1. However, the relative error rate is only 1.5 %, which is
acceptable. As a result, the difference is almost invisible on
the real-time monitoring display interface. This discrepancy
is primarily due to minor variations in the steel cable winding
on the winch and calculation errors in the virtual crane when
determining the lifting height based on motor speed. The er-
ror can be effectively minimized by installing sensors on the
lifting device and the beam to capture the spatial positions
of these components precisely. In Fig. 5b, the displacement
measurements of the beam for both the physical crane and
the digital-twin model are nearly identical, with a maximum
error of only 0.3 mm, fully meeting the displacement accu-
racy requirements for virtual-physical synchronization.

In conclusion, although a slight error in the hoisting mech-
anism’s lifting height was observed, the errors were primar-
ily due to data acquisition methods. Nonetheless, they remain
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within the acceptable error range and meet the design’s pre-
cision requirements.

The previous section successfully achieved virtual-physical
synchronization of the crane’s operational states, demonstrat-
ing effective synchronization. Building on this foundation,
the focus now shifts to predicting and visualizing the global
stress distribution in the crane’s main truss during operation.
To achieve this, a method combining finite-element simula-
tion with a radial basis function (RBF) interpolation surro-
gate model was employed to predict stress at various nodes of
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Material parameters of the main truss.

Parameter name Unit Value
Elastic modulus MPa 2.06 x 10°
Density g mm?> 7.85
Poisson’s ratio - 0.3
Ultimate tensile strength MPa 450
Yield strength MPa 235

the main truss. A Python-based server was developed to in-
terface with Unity3D software, enabling real-time rendering
of nodal stresses in the crane’s digital-twin model. This ap-
proach enables intuitive visualization of the global stress dis-
tribution across the equipment. The workflow for construct-
ing the stress contour map of the crane’s main truss is shown
in Fig. 6.

The finite-element model was established to extract nodal
stresses under various working conditions, which provides a
dataset for training the RBF surrogate model. A more com-
prehensive and detailed simulation solution was achieved by
combining the strengths of Abaqus software and Workbench
software. Therefore, in this study, Abaqus software was used
for shell element modeling and mesh generation of the scaled
crane’s main truss. At the same time, Workbench was em-
ployed to set up loads and boundary conditions and to solve
the finite-element model (Baiges et al., 2019). The material
properties are listed in Table 2.

Finite-element simulations were conducted by combining
different loading positions and weights, resulting in 11 x5 =
55 sample datasets. Table 3 presents a selection of these sam-
ple data.

Real-time rendering of dynamic stress contour maps in
Unity3D software is essentially a 3D mesh-rendering tech-
nique based on three-dimensional mesh reconstruction tech-
nology, placing significant demands on CPU performance.
Unity3D software supports up to 65000 nodes per model. In
this study, the finite-element model of the main truss con-
tained 91 968 nodes, exceeding the Unity3D software’s max-
imum node limit for a single model. When rendering nodal



Partial sample data.

Node X position Y position  Z position Equivalent
index (mm) (mm) (mm)  stress (MPa)
21165 —519.99 207.83 591.67 0.11617
21166 —519.99 213.83 591.67 0.17796
21167 —519.99 209.83 591.67 0.12705
21168 —519.99 211.83 591.67 0.12891
169111 —519.99 211.83 587.23 0.20254
169112 —519.99 209.82 589.44 0.13434
169113 —519.99 211.85 573.89 0.20371
169114 —519.99 211.83 589.45 0.22104

colors, the large volume of mesh node data can lead to lag
or even rendering failure. Therefore, it was necessary to re-
duce the order of the finite-element mesh. Moreover, order
reduction of the finite-element mesh allows for a balance be-
tween simulation efficiency and accuracy. By appropriately
selecting and optimizing mesh density, it becomes possible to
more accurately assess the numerical stability of the results
and the convergence of the numerical solution. The reduced-
order model is referred to as the ROModel (reduction of or-
der model) in this study.

The element size was increased in Workbench, and the
finite-element mesh was remeshed. The coarse-element mesh
model was exported directly in ASCII format as an .stl file, in
which the node information for each triangular facet is listed
sequentially. This conversion transformed the original finite-
element mesh model into a triangular mesh model compati-
ble with Unity3D software. Additionally, the coordinates of
the triangular facet nodes, along with their ordering, were ob-
tained. This reduced-order model, referred to as ROModel,
contains 15204 nodes.

The K-nearest-neighbor (KNN) algorithm was employed
to identify the 15 closest points around the prediction point.
The Euclidean distance formula was used to calculate the dis-
tance between the prediction point and its neighboring points
in three-dimensional space as follows:

dey=/> 0 Gk — 3> M

Here, d,, represents the distance between points x and y.
The stress values at these 15 points were used to calculate the
nodal stress of the ROModel through the radial basis function
(RBF) interpolation method (Cui et al., 2022). In this study,
the interpolation for the ROModel was performed using the
local neighboring node data. Gaussian functions are smooth
and continuous, with their values decaying more rapidly as
the distance from the center increases (Levesley, 2022). This
characteristic enables them to accurately reflect and capture
the influence of sample data in the local neighborhood near
the prediction point while avoiding unnecessary interference
or global oscillations caused by distant nodes. This property

corresponds precisely to the localization strategy adopted in
this study, which uses the KNN algorithm to select the near-
est 15 sample points for interpolation. Meanwhile, the shape
parameter in Gaussian functions provides flexibility in con-
trolling the influence range, helping balance interpolation
accuracy and smoothness. Furthermore, as positive definite
functions (Yao et al., 2015), Gaussian functions ensure ex-
cellent numerical stability of the interpolation system matrix,
and their computational form facilitates efficient implemen-
tation. Therefore, the Gaussian function was selected as the
basis function. The radial basis function is expressed as fol-
lows:

F@ =31 ol —xi ). @)

Here, f(x) is the interpolation function, N is the total number
of radial basis functions used in the interpolation problem, ¢
(]]x —x;||) represents the general form of the RBF, ||x —x;||
is the Euclidean distance between two position vectors (x and
x; are three-dimensional coordinates, i.e., x, x; € R3), Xx; is
the position of the support point for the i-th RBF, and w; is
the weight coefficient corresponding to the i-th RBF.

To address the computational expense of traditional anal-
ysis models, surrogate models have become a widely ap-
plied method. Compared to polynomial response surfaces
and Kriging models, the RBF interpolation surrogate model
offers both superior computational efficiency and approxi-
mation accuracy, presenting broad potential for various ap-
plications (Qi et al., 2021). The process for constructing the
RBF surrogate model is illustrated in Fig. 7.

The basic principles of RBF include three main compo-
nents: the input layer, the hidden layer, and the output layer.
Its network structure is illustrated in Fig. 8.

1. Input layer. The input is the operating-condition param-
eter vector 1, which consists of two feature parameters,
the loading position and the load magnitude. A total of
55 sets of sample data under different operating condi-
tions were used.

2. Hidden layer. The hidden layer is the core component
of the RBF network. It contains 55 center points (corre-
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sponding to the 55 sets of training-condition samples),
each associated with a Gaussian kernel function. The
Gaussian function was employed as the activation func-
tion. The general form of the activation function is as
follows:

2
$(r) = exp (‘zra_z> . 3)

In the formula, r = ||u — c|| is the Euclidean distance
between the input data u and the basis function center
¢, and o is the width parameter that influences the shape
of the function.

3. Output layer. The output is the nodal equivalent stress
value u. The ROModel contains 15204 nodes. A sepa-
rate RBF interpolation model was trained for each node,

resulting in a total of 15204 RBF interpolation mod-
els. Each model corresponds to one row of data in the
stress matrix Y (i.e., the stress values of a single node
across all operating conditions), and all were saved as
.pkl files. Each RBF model interpolates and predicts the
stress output of its corresponding node for a given input
operating-condition parameter u based on which it es-
timates the stress at other u values. The output function
is as follows:

w=3 " didi(u). “

where }; is the weight coefficient, and ¢;(u) is the out-
put of the i-th RBF basis function.

4. Model training. Firstly, the nodal stress data derived
from reduced-order mesh processing were read and as-
signed to the stress matrix Y. The minimum and maxi-
mum values of Y were then printed to verify the valid-
ity of its data range. Secondly, the rbf_training function
was invoked to iterate over each row of Y (the number of
iterations equals the number of ROModel nodes), where
an RBF model is trained in each iteration using the
parameter samples u (55 operating-condition parame-
ters) and the stress values of the current row. Thirdly,
all trained models were stored in a list, serialized, and
saved as the RBF surrogate model .pkl file to complete
the model training.

When applying the model to digital-twin visualization,
multiple validations are required to assess the model’s ac-
curacy. If the prediction accuracy does not meet the require-
ments, the interpolation model’s construction method needs
to be improved until the stress prediction error falls within an
acceptable range.

As shown in Fig. 9, a socket server was created on the
Python side, bound to the IP address “127.0.0.1” and port
“8000”, and it began listening for connection requests. When
a connection request was received, a new thread was cre-
ated to handle the connection, allowing the server to man-
age multiple client connections simultaneously. The function
RBF_pre was used to obtain displacement values x_pre and
load values p_pre, followed by deserialization of the surro-
gate model to predict stresses at all nodes. The prediction
results were sent back to the client via the fea function. Both
RBF_pre and fea were custom functions created to achieve
specific tasks.

A Socket client was similarly created on the Unity side,
with the IP and port number matching those of the server. A
script named fea was created that used the send and receive
methods of the Socket class to exchange data with the server.
The information sent included the beam position and load
weight variables for deserialization. In contrast, the received
information consisted of the node data of the ROModel used
to construct the stress contour map.
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Comparison of stress cloud maps in Unity3D rendering
and workbench finite-element stress cloud maps.

Under conditions of arbitrary loads and load application
positions, the stress at random nodes of the main truss is pre-
dicted. The stresses at all nodes, obtained through the RO-
Model trained by the surrogate model, are rendered and vi-
sualized in Unity3D software using the HSV color model,
resulting in a real-time stress cloud diagram, as shown in
Fig. 10. It illustrates a comparison between the stress cloud
diagram rendered in Unity3D and the stress cloud diagram of
the truss computed by Workbench finite-element analysis.

To validate the accuracy of the interpolated surrogate model’s
stress contour maps, comparisons were made among stress
results predicted by the surrogate model, those calculated
by finite-element software, and strain gauge measurements
(Bose et al., 2020; Montero et al., 2011). The experimental
equipment required for this study is listed in Table 4.

Based on the finite-element analysis results, the positions
for strain gauge placement on the main truss structure of the
scaled crane were selected. Subsequently, the chosen loca-
tions were prepared by polishing and cleaning with alcohol.
After applying adhesive to the strain gauge, it was attached
to the surface, and the wires were secured. The condition of

Experimental equipment.

Code Name Number

1 crane test platform 1

2 load mass simulator 40

3 TMR-200 dynamic data 1
acquisition instrument

4 multimeter 1

5 rosette strain gauge 5

6 enameled copper wire several

7 workstation 1

8 glue 1

9 sandpaper several

10 alcohol 1

11 electrical tape 1

the strain gauge is illustrated in the enlarged view shown in
Fig. 11.

As shown in Fig. 11, the strain data were collected us-
ing the TMR-200 dynamic data acquisition system, which
the laboratory procured. The strain gauge’s wires were con-
nected to the measurement channels of the strain gauge in-
strument. Data were collected under load conditions of 5, 10,
and 15kg. To ensure accuracy, the data collection was re-
peated three times for each load and position combination,
thereby ensuring the reliability of the experimental results.

The selection of 5, 10, and 15 kg as the three loading con-
ditions for experimentation was based on the following con-
siderations. First, excessively high loads were avoided to pre-
vent plastic deformation at the welded joints, which could
cause irreversible damage to the experimental model and
compromise test repeatability. Second, the chosen loads of
5, 10, and 15 kg provided a sufficient safety margin and cor-
respond to low, medium, and high load levels, respectively.
This uniform incremental step loading helped prevent abrupt
stress variations that may arise from excessively large load
increments. Third, these load levels were sufficient to induce
clearly detectable, accurately measurable strain signals on
the main truss of the scaled model, thereby effectively val-
idating the model’s response capability and predictive sta-
bility under varying load conditions. Finally, loads of 5, 10,
and 15 kg facilitated operation and experimental replication,
thereby ensuring the reliability of the acquired data.

A resistive strain gauge was used to measure surface strain
on the structure. For materials such as steel, which exhibit
linear elasticity, Hooke’s law can be applied to describe the
relationship between strain and stress:

o =¢E, )

where o is the stress, ¢ is the strain, and E is the modulus of
elasticity.

This study used a 45° rosette strain gauge to collect data,
and the principal stresses were calculated from the triaxial
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Figure 11. Stress accuracy testing experiment.

strain measurements (Liu, 2023).
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The equivalent stress was then calculated using the fourth
strength theory.

1
8 = \/5 [(01 —02)* + (02 —03)* + (03 — ‘71)2] ®)

In the equation, §; represents the equivalent stress; &4, &5, and
&. are the strain measurements; u is Poisson’s ratio; and o7y,
07, and o3 are the first, second, and third principal stresses,
respectively. Based on the plane stress assumption (Sulwin-
ski and Johnston, 2023), o3 = 0.

After substituting the measured strain data into the for-
mula, the resulting stress values were compared with the
finite-element analysis results and the surrogate model’s in-
terpolated results. Figures 12, 13, and 14 show the compari-
son results for different operating conditions.

Based on the comparison results shown in the figure above,
the stress curves obtained from the three methods show a
generally consistent trend. The relative errors of the average
stress values predicted by the RBF interpolation model un-
der 5, 10, and 15 kg load conditions, compared to the finite-
element analysis results, were 8.36 %, 7.93 %, and 8.58 %,
respectively. When comparing the average errors from the
RBF surrogate model with the strain gauge measurements,
the relative errors were 12.5 %, 9.78 %, and 7.6 %. During
the actual measurement process, the accuracy of the finite-
element model, installation errors of the scaled crane, and
the strain gauge installation method can also contribute to
measurement errors. However, the maximum error remains
within 15 %, indicating that the overall error was relatively
stable.
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Figure 13. Stress comparison under a 10 kg load.

As observed in the comparative results, the model predic-
tions were consistently lower than both the finite-element
solutions and the measured stress values. This discrepancy
primarily arose from two contributing factors. First, to meet
the computational efficiency required for real-time render-
ing, model order reduction was applied to the finite-element
model, and interpolation was performed using a Gaussian ra-
dial basis function. While this process compresses data and
ensures continuous, smooth results, it inherently suppresses
local stress peaks, leading to predictions that were lower than
the high-precision finite-element simulation results. Second,
in the actual simplified crane test bench, slight clearances
in the connectors introduced contact nonlinearity, inducing
stress concentration near the clearances and increasing the
local stress response. Meanwhile, welding residual stresses

https://doi.org/10.5194/ms-17-207-2026
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superimpose on external load stresses, which may have led to
a slight increase in the measured total stress in certain areas.
Consequently, the predicted values following the simulation
baseline were lower than the measured values.

To address the systematic deviation between predicted
values and finite-element simulation results, a lightweight
residual-correction model could be developed. This model
would learn the underlying error patterns between predic-
tions and simulations and perform real-time compensation
accordingly. Furthermore, to improve the model’s perfor-
mance in real physical environments, its predictive capability
in critical regions could be enhanced by incorporating a small
amount of high-precision finite-element simulation data or
measured data for localized refinement.

The emergence of the digital-twin concept is closely linked
to the developments in Industry 4.0, the Internet of Things
(IoT), and big-data technologies. These advancements have
driven transformative changes in smart manufacturing, en-
abling companies to monitor and optimize the performance
of physical assets in real time through virtual models. In
modern industry, digital-twin technology is widely applied
across sectors such as manufacturing, energy, and aerospace,
helping enterprises achieve predictive maintenance, optimize
production processes, and manage resources effectively. By
utilizing simulation and modeling, companies can test vari-
ous strategies in a virtual environment to reduce costs and en-
hance efficiency. This study presented a comprehensive pro-
cess for implementing real-time dynamic stress monitoring
of industrial cranes using digital-twin technology. The fol-
lowing tasks were specifically completed.

Firstly, a scaled physical crane model and a correspond-
ing digital twin were established to achieve virtual-physical
synchronization of the crane’s operational states. The delay
of the crane twin system fluctuates around 100 ms, meeting
the design requirement of staying below 500 ms; the lifting-
height deviation between the physical and digital models was
within 2 mm, and the maximum deviation in beam displace-
ment did not exceed 0.3 mm, demonstrating good real-time
synchronization.

Secondly, a finite-element model of the main truss was de-
veloped to monitor its stress during crane operation. Based
on this model, a reduced-order model of the main truss
was constructed, and an RBF interpolation surrogate model
was developed to predict the nodal stresses of the reduced-
order model. The surrogate model was implemented using
the Unity3D virtual engine to render the scaled crane’s main
truss nodes in real time, enabling stress prediction within the
digital twin.

Finally, using an experimental test platform, the results
showed that the average error between the finite-element
analysis results and the stress-rendering results was 8.29 %.
In comparison, the average error between the measured data
and the stress-rendering results was 9.98 %. With an aver-
age error of less than 15 %, the approach effectively met
the real-time stress-monitoring requirements for the crane,
marking a substantial advancement from monitoring external
appearance to intrinsic properties and significantly reducing
monitoring costs. The approach expanded stress visualiza-
tion from one-dimensional to three-dimensional, providing a
more intuitive representation of the global stress distribution
in the crane’s main truss.
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