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Abstract

To address the health monitoring and safety assessment challenges of telescopic cranes,
this study proposes a comprehensive, online structural performance assessment method
based on digital twins, applicable throughout the entire service life cycle of telescopic
cranes. The modeling of the telescopic boom and turntable, key components of the target
telescopic crane, was carried out using ANSYS Workbench. Working condition sample
points were generated through a hierarchical Latin hypercube sampling method, and finite
element analysis was conducted to construct a simulation stress database. The fatigue life
of the target telescopic crane was analyzed using ANSYS nCode DesignLife to estimate its
expected fatigue life. The BayeFsian optimization algorithm was employed to optimize
the hyperparameters of BO-LightGBM, which serves as the surrogate model for stress
calculations. A digital twin system for the structural performance assessment of telescopic
cranes was developed, with a structural performance assessment module at its core. The
research findings provide valuable insights for crane structural performance assessments
based on digital twin technology.

Keywords: telescopic crane; structural performance assessment; digital twin; surrogate
model

1. Introduction

Digital twin technology creates high-fidelity models of physical entities through digital
methods, mapping information such as their attributes, behaviors, states, and performance
to a virtual space [1]. By leveraging data fusion, data analysis, and decision optimization, it
enables real-time analysis, simulation, and prediction of the performance and operational
status of these physical entities [2]. This technology allows for continuous monitoring
throughout the full service life cycle of a crane, enhancing control over equipment oper-
ational status. It thus provides a scientific foundation for fault prediction, maintenance
decision-making, and performance optimization. In terms of numerical simulation re-
search, scholars both domestically and internationally have achieved remarkable results,
but several technical bottlenecks remain. Although the Component Mode Synthesis order
reduction method developed by Moi et al. reduced the state assessment time to less than
50 ms, its fixed parameter characteristics make it difficult to adapt to the evolution of struc-
tural damage, resulting in a gradual decrease in assessment accuracy over time [3,4]. The
Gaussian process surrogate model designed by He Xiwang et al. achieves 85% prediction
accuracy with only 50 sets of training data, but experiences a response delay of 0.5-1 s when
facing sudden load changes [5]. The physics-informed neural network proposed by Fu Ling
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et al. performs well in predicting fatigue damage in boom systems, but the prediction error
increases significantly when the data volume is insufficient [6]. Wang et al. constructed a
real-time simulation model based on the Krylov subspace reduction method, which greatly
improved computational efficiency but had limited adaptability to nonlinear operating
conditions [7]. Lai et al. developed a shape-integrated digital twin modeling method that
achieved stress analysis verification, but the computational complexity introduced by the
integration of multiple models limited the system’s real-time performance [8].

In the field of structural performance assessment, existing research faces many chal-
lenges. The SVM load assessment model developed by Mudasir et al. [9], the ANSYS main
beam strength analysis by Lin et al. [10], the deflection curve structural stiffness assessment
method proposed by Anatoliy et al. [11], the nominal stress method by Chen Li et al. [12],
and the hot spot stress method for fatigue life assessment by Li Yongliang et al. are all
limited to the independent analysis of a single performance indicator [13]. Yan Bo et al.
developed the FAHP safety evaluation system, and Zheng et al. proposed a fault tree—
Bayesian network diagnostic framework, which achieves multi-indicator comprehensive
evaluation but remains confined to offline analysis [14,15]. The physics-informed neural
networks developed by Chen et al. showed good fatigue life prediction capabilities, but
they are difficult to adapt to dynamically changing working conditions [16]. The digital
twin fatigue prediction system developed by Schmid et al. relies on a large amount of
simulation data, and its real-time performance needs improvement [17]. Although the
fault tree-Bayesian network integration method developed by Feng et al. overcomes the
limitations of traditional FTA, the complex calculation process hinders its application in
real-time monitoring [18]. While these research results have made significant progress,
there are still clear deficiencies in real-time response capabilities, multi-indicator collabora-
tive evaluation, and dynamic adaptability. More efficient numerical calculation methods
and more intelligent comprehensive evaluation systems need to be developed.

In response to the above technical bottlenecks, this research proposes an innovative
solution: first, a BO-LightGBM-based surrogate model is developed to automatically
tune parameters through Bayesian optimization algorithms, thereby improving prediction
accuracy while ensuring computational efficiency; second, a multi-indicator fusion digital
twin evaluation system is constructed, integrating finite element analysis, surrogate models,
and real-time monitoring technologies to establish a comprehensive evaluation system
covering multiple dimensions, such as stress, deformation, and fatigue life.

2. Finite Element Analysis of Telescopic Cranes
2.1. Stress Analysis of Telescopic Cranes and Database Establishment

The real-time boom length of the telescopic boom is L. When the boom angle 0 is 0°, the
maximum working radius of the front i section of the boom is R;(1 < i < 5,i € Z). Let the
telescopic length of each section of the boombe L;(2 <i < 5,i € Z). When R; < L <R,
only two sections of the boom are telescoped, and the telescopic length is L, = L — R;.
Similarly, the telescopic length of each section of the boom is L;, as shown in Table 1.

Table 1. Calculation table for telescoping arm lengths.

L L, Ls Ly Ls
Ry <L<R, L—R, 0 0 0
Ry <L <R, Ry — Ry L-R LRy 0
2 2
Ry < L <Rj Ry, — R4 Ry —Ry Ry —Ry Fourth gear




Appl. Sci. 2025, 15,10121

30f23

From Table 1, we can see that the real-time boom length can be divided into three
ranges according to the drive section boom, namely Ry <L < R,, Ry <L <Ry, and
R4 < L < R5. To ensure the reasonable distribution of sample points in actual use sce-
narios, stratified Latin hypercube sampling (LHS) was used to generate 30, 50, and 20 sets
of operating condition samples in the three ranges, respectively, for a total of 100 sets. Fi-
nally, the boom angle and real-time boom length (L) were sampled using the LHS method,
and the sampling results are shown in Figure 1.
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Figure 1. Sampling distribution of telescopic crane working conditions.

For the 100 sample working conditions, structural stress distribution data under
different combinations of boom length and boom angle were obtained through finite
element numerical simulations. These data were then used for the subsequent training of
the surrogate model.

2.2. Finite Element Modeling and Boundary Condition Setup

Using SOLIDWORKS 2022, a 3D model of the telescopic boom and its saddle was
created based on the CAD drawings provided in the manual for the Mighty Crane Model
CR235GL (R&B ENGINEERING CO.,LTD., Tokyo, Japan).Model preprocessing, material
parameter configuration, material model selection, meshing, and boundary condition setup
were carried out in ANSYS Workbench (version 2022 R2). Finite element models were
established and analyzed for 100 sets of sample operating conditions.

The boom of the telescopic arm is fabricated from Q235 steel plates welded together.
Each boom section is connected via sliding blocks made of Q215 material, while other
critical structural components are made of Q460 material. Material parameters are sourced
from the GB/T 700-2006 standard (carbon structural steel) and the GB/T 1591-2008 standard
(low-alloy high-strength structural steel) [19,20]. Specific parameters are detailed in the
Table 2.
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Table 2. Target crane material parameters.
Part Name Material Modulus of Poisson Densit Yield Strength  Tensile Strength
Type Elasticity [MPal] Ratio y [MPa] [MPa]
Side rib plates Q235 210,000 0.3 7.85 x 1077 235 400
Sliding block Q215 210,000 0.3 7.85 x 1077 215 350
Other parts Q460 210,000 0.3 7.85 x 1077 460 600

Compression Constraint

The telescopic arm and saddle are plate—shell structures, meshed using the SHELL281
shell element. The slider structure utilizes the SOLID187 solid element, and its node connec-
tion sequence is exported for constructing the cloud diagram on the digital twin platform.

Refer to the crane design standard GB/T 3811-2008 to calculate the loads on the
telescopic crane [21], including self-weight, rated lifting load, hoisting wire rope tension,
and hoisting lateral force. Set the boundary conditions as shown in Figure 2, with the
gravity direction along the—Y axis. To prevent excessive local structural stiffness, apply
remote displacement to the saddle base surface and impose full constraints to restrict
rigid-body motion, allowing elastic deformation in local shell elements. A cylindrical pair
is applied between the boom cylinder and its piston, constraining displacement along the
piston’s extension/retraction direction (local Z-axis). A compression-only constraint is
applied at the end bearing of the first boom section to simulate the cylindrical surface
constraints from pins and bolts, matching its loading conditions. Load mass is applied via
mass points. Since the mass points do not exceed the rated load and do not induce plastic
deformation, a linear elastic material model is selected.

hoisting lateral force

 —

X J . Cylindrical pair

¥ hoisting wire rope tension
Sefweghtl g P : Load mass
Z-axis
| VA rated lifting load

&

Remote displacement

Figure 2. Boundary condition setup.

2.3. Finite Element Analysis of Fatigue Life

According to GB/T 3811-2008, the target telescopic crane has a usage class of Us, a
load condition class of Q,, and a working class of As. Based on the equipment manual
and systematic operation logs of the target telescopic crane, the average operational cycle
frequency is statistically calculated to be 10 cycles per hour. Under conventional operating
conditions, assuming an 8 h daily work period and 200 rated working days per year,
the annual operational cycle for this equipment totals 16,000 cycles. The fatigue life was
evaluated for the extreme lifting conditions as an operational cycle, with the boom angle
changing from 0° to 45° in 5 s, maintained for 5 s, and finally returning from 45° to 0° in
the last5s.

ANSYS Workbench was used to modify the finite element model and establish a multi-
time-step finite element model based on the extreme operational cycle. A multi-time-step
Z-direction displacement constraint was then applied to the cylindrical pair between the
slewing cylinder and the slewing cylinder piston.

The multi-time-step finite element model was imported into ANSYS nCode DesignLife
for fatigue life analysis, and the displacement time steps are summarized in Table 3.
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Table 3. Z-direction displacement time steps of the boom cylinder piston.
Lifting and Z-Direction . Z-Axis Decreasing Z-Axis
. . . Maximum Boom . . : .
Swing Time Displacement Anele Time Ste Displacement =~ Amplitude Time  Displacement
Steps /[mm)] & P /[mm] Step /lmm]
1 0 6 271.42 11 271.42
2 42.62 7 271.42 12 150.18
3 93.6 8 271.42 13 93.6
4 150.18 9 271.42 14 42.62
5 210.1 10 271.42 15 0

Fatig

X

gt lay
Model: ..\.\.\dp0\SYS-56\ECHile.rst
1-Results

The fatigue life contour map of the telescopic arm is shown in Figure 3. The weak-
est part of the structure is the connection between the side ribs and one section of the
arm. The fatigue life is 4.078 x 10° stress cycles. Based on actual working conditions,
with 16,000 operational cycles per year, the target telescopic crane service life can reach
25.49 years.

Figure 3. nCode simulation life cloud diagram.

2.4. Data Preprocessing

In the structural analysis of telescopic cranes, due to differences in the rated loads
corresponding to different working radii, it is difficult to directly sample the applied loads
randomly. Given that the relationship between applied load and stress typically follows
the linear elasticity assumption and small deformation assumption when the applied load
remains within the yield material strength range, an increase in load mass exhibits a linear
relationship with stress variation at finite element nodes within this applied load range.
Through finite element analysis, we found that within this applied load range, the variation
in node stress with increasing load mass follows a linear trend. Based on this, this study
employs a linear conversion method to simplify the calculation process, ensuring sufficient
analytical accuracy while maintaining computational efficiency. When the initial load is
0 kg, the finite element node stress is 0y, and when the load is 1 kg, the stress is o1. Then, the
node stress o, when the load is mp, can be determined by the following linear relationship:
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k=0 — oy )
o = 0p+kmy (2)

(1) In the above formula, k is the stress load coefficient, which represents the amount
of stress change caused by a unit mass. To determine this coefficient, two extreme working
conditions were selected for finite element analysis in this research: working condition
1 applies only the self-weight of the lifting device system (1, = 0 kg), and working condition
2 applies both the self-weight of the lifting device system and a load of 1 kg (m, = 1 kg).
After calculating the stress load coefficient using Formulas (1) and (2) can be used to quickly
convert the structural stress under different load masses.

This research employs a multi-scale feature fusion method to process the data. The
core processing flow is as follows: the node coordinates (x;, y;,z;) are used as local scale
inputs to represent the geometric position of each node; Ly ~ Ls and 6 are used as global
feature inputs, which are combined with the local features of each node through a broadcast
mechanism to form a comprehensive feature vector. The overall structure of the algorithm
used in this research is shown in Equation (3). The algorithm inputs are the coordinates
of each finite element node (x;, y;, z;), the extension length of each arm L, ~ Ls, and the
boom angle 0. The algorithm outputs a list of stresses for all nodes o;.

(xi/ Yi,Zi, LZ/ L3/ L4r L5/9) — 0 (3)

3. Establishment of Stress Surrogate Model
3.1. LightGBM Algorithm

In engineering practice, surrogate models have become an effective alternative to
complex system calculations, and various typical modeling methods have been devel-
oped. Polynomial regression models are known for their simple mathematical expressions
and highly interpretable parameters [22]. Neural network models perform well in com-
plex system modeling due to their deep non-linear mapping capabilities [23]. Support
vector regression effectively handles high-dimensional feature space problems through
kernel function transformations [24]. Gradient boosting regression adopts an ensemble
learning paradigm to construct robust prediction models by iteratively optimizing weak
predictors [25].

In constructing the stress surrogate model for the telescopic crane, this study compre-
hensively evaluated the applicability of various modeling methods and their engineering
feasibility. Ultimately, the gradient boosting regression algorithm was selected over tra-
ditional approaches such as polynomial regression, neural networks, and support vector
regression. This decision was grounded in the unique data scale and task requirements of
this research, with the rationale primarily reflected in the following three aspects:

1.  Gradient Boosting Regression demonstrates exceptional generalization capability
under small sample conditions. This study conducted modeling based solely on
100 finite element samples combining different boom lengths and boom angles. Tra-
ditional deep neural networks are prone to overfitting due to excessive parameters,
yielding low loss function values on the training set but significantly lacking in extrap-
olation prediction reliability. Polynomial regression, while structurally simple, has
limited capability in capturing highly nonlinear relationships and lacks robustness in
degree selection. Gradient Boosting Regression (GBR) integrates multiple weak learn-
ers (decision trees) and incorporates mechanisms such as tree structure constraints
and leaf node output regularization. This approach extracts robust features from
limited samples, balancing model complexity control with fitting accuracy, thereby
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significantly enhancing the model’s prediction stability and accuracy under unknown
operating conditions.

2. Gradient Boosting Regression demonstrates robust representation capabilities for com-
plex nonlinear mapping relationships. Crane node stress exhibits strong nonlinearity
and high coupling characteristics with respect to boom length and boom angle varia-
tions, making explicit mathematical expressions challenging to formulate. Gradient
Boosting Regression employs a forward stepwise algorithm to progressively fit resid-
uals, enabling adaptive capture of complex interactions between variables. Without
relying on manually predefined kernel functions (as in Support Vector Regression), it
achieves accurate modeling of the underlying physical mechanisms between inputs
and outputs, thereby reconstructing node stress distributions with greater precision.

3. The Gradient Boosting Regression algorithm offers significant computational effi-
ciency advantages when handling high-dimensional output tasks. This study requires
simultaneous prediction of stress values for tens of thousands of finite element nodes,
representing a typical high-dimensional output regression problem. Traditional meth-
ods like Support Vector Regression would necessitate building independent regression
models for each node, incurring substantial computational overhead. Gradient Boost-
ing Regression, with its fast training speed and low memory consumption, supports
efficient batch modeling, making independent regression training for each node a
viable strategy.

Building upon the traditional Gradient Boosted Decision Trees (GBDTs) architecture,
this study selected the LightGBM algorithm as the core modeling framework [26]. The
implementation workflow of the LightGBM algorithm is illustrated in Figure 4. Model
training strictly follows LightGBM’s standard workflow, including feature preprocessing,
gradient-based one-sided sampling, histogram generation and split point search, hierarchi-
cal node splitting, and histogram differential optimization. Through iterative construction
of regression trees, the final prediction output is formed via weighted accumulation. To
validate LightGBM’s effectiveness in this study, we subsequently conducted comparative
experiments between LightGBM and XGBoost, evaluating their performance in prediction
accuracy, computational efficiency, and training time.

GOSsS
Calculate the loss function g; == Sort all samples according to |g;| == Sample subset

No [lteratively constructing the next moment tree

Differential Hierarchical ) L ‘
calculation O node selection O Optimal split point
@ OGain calculation O O Gain calculation
Leaf node histogram Constructing the initial feature histogram

Initialize the regression tree

The weighted sum of all tree outputs

LightGBM model training completed Calculate stress list

Figure 4. LightGBM algorithm implementation flow.

3.2. Five-Fold Cross-Validation

To improve the generalization ability of the surrogate model on a limited dataset and
reduce the risk of overfitting, this research employs k-fold cross-validation to train and
evaluate the surrogate model [27]. The training set is randomly divided into k mutually
exclusive subsets. In each iteration, k — 1 of the data is used as the training set, and the
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remaining 1 is used as the validation set. After repeating k times, the mean absolute error
(MAE) is taken as the evaluation result.

Based on the characteristics of the telescopic boom movement mechanism, a hierarchi-
cal sampling mechanism is established. Using the boom length parameters as hierarchical
variables, which are consistent with the LHS sampling ratio used to construct the sim-
ulation stress database, the database is divided into three sub-databases. This ensures
that each fold adheres to the real-time boom length distribution ratio of 3:5:2. Through
hierarchical five-fold cross-validation, it is guaranteed that each training and validation
subset corresponds to the overall boom length distribution.

Based on the characteristics of hierarchical five-fold cross-validation, this study elimi-
nates the need for manual division of the validation set. Using the boom length parameter
as the stratification variable, the dataset is divided into a training set and a test set in a
4:1 ratio, effectively avoiding model overfitting caused by parameter distribution bias. The
training set undergoes hyperparameter optimization through five-fold cross-validation and
the Bayesian optimization (BO) algorithm, while the test set remains isolated throughout the
entire process to prevent any data leakage. It serves as the final benchmark for evaluating
the model’s generalization ability, assessing its predictive performance on unseen data.

3.3. Hyperparameter Optimization for BO-XGBoost and BO-Light GBM

When performing hyperparameter optimization for BO-XGBoost using Optuna (ver-
sion 4.2.1), the objective function was set to minimize the average value achieved through
five-fold cross-validation [28]. Seven hyperparameters, including the learning rate and
maximum tree depth, were optimized. Logarithmic scale sampling was applied to the
learning rate, while uniform integer sampling was used for parameters such as maximum
tree depth and the number of leaves. Uniform continuous sampling was employed for the
remaining hyperparameters. Specific settings are provided in Table 4.

Table 4. BO-XGBoost parameter tuning table.

Hyperparameters Sampling Range Sampling Method

learning_rate [0.05,0.09] Logarithmic scale sampling

max_depth [5,15] Uniform integer sampling

min_child_weight [30, 80] Uniform integer sampling
feature_fraction [0.5,1.0] Uniform continuous sampling
bagging_fraction [0.5,1.0] Uniform continuous sampling
lambda_L1 [0.0,20.0] Uniform continuous sampling
lambda_L2 [0.0,20.0] Uniform continuous sampling

As shown in Figure 5, BO-XGBoost identified the optimal hyperparameters during
its 50th iteration: learning rate = 0.062, max_depth = 14, min_child_weight = 30, fea-
ture_fraction = 0.999, bagging_fraction = 0.773, lambda_L1=0.111, lambda_L2 =7.747, with
the optimal loss function value of 0.0686.

Optuna was used to optimize the hyperparameters of BO-LightGBM, with the average
value minimized through five-fold cross-validation as the optimization objective. Nine
hyperparameters, including the learning rate and maximum tree depth, were optimized.
Logarithmic scale sampling was applied to the learning rate, uniform integer sampling
was used for the maximum tree depth and the number of leaves, and uniform continuous
sampling was applied to the other hyperparameters. The specific settings are shown in
Table 5.
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Table 5. BO-LightGBM parameter tuning table.

Hyperparameters Sampling Range Sampling Method
learning_rate [0.05,0.09] Logarithmic scale sampling
num_leaves [31,255] Uniform integer sampling
max_depth [5,15] Uniform integer sampling
min_data_in_leaf [30, 80] Uniform integer sampling
feature_fraction [0.5,1.0] Uniform continuous sampling
bagging_fraction [0.5,1.0] Uniform continuous sampling
bagging freq [1,10] Uniform integer sampling
lambda_L1 [0.0,20.0] Uniform continuous sampling
lambda_L2 [0.0,20.0] Uniform continuous sampling

As shown in Figure 6, BO-LightGBM identified the optimal hyperparameters

during its 50th iteration:learning_rate = 0.051, num_leaves = 254, max_depth = 15,

min_data_in_leaf = 45, feature_fraction = 0.978, bagging_fraction = 0.699, bagging_freq =7,
lambda_L1 =9.289, lambda_L2 = 3.664, with the optimal loss function value of 0.0426.
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Figure 6. BO-LightGBM hyperparameter optimization history.
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3.4. Result Analysis

To evaluate the performance of the BO-LightGBM surrogate model, this study used
the BO-XGBoost model as a comparative benchmark, trained under the same conditions.
During the training process, as shown by the black dotted line in Figure 7, the BO-XGBoost
model triggered an early termination mechanism after 100 consecutive rounds with no
improvement in the validation set MAE, ultimately achieving an MAE value of 0.095
on the test set. In contrast, the BO-LightGBM model demonstrated superior computa-
tional performance, with a test set MAE of only 0.0543. After normalization, the average
computational error for BO-XGBoost was 1.4565 MPa, while for BO-LightGBM, it was
reduced to 0.8325 MPa. These results indicate that BO-LightGBM significantly reduced the
computational error by 42.84% compared to BO-XGBoost, demonstrating a clear accuracy
advantage. Additionally, in terms of error distribution, the RMSE for BO-LightGBM (0.1718)
outperformed that of BO-XGBoost (0.2214), further confirming its superior performance.

0.6 1.0
BO-LinghtGBM 0.9 ] BO-LinghtGBM

0.5 - : - — — BO-XGBoost & o8 — — = BO-XGBoost
= | A Trigger early stopping 2 A Trigger early stopping
= o 0.7 4
S 0.4 g
= S 0.6
Q 3]
S c
2 03 S 05-
a 0
38 8 0.4
'a; i -—
@ 02 ? 0.3
a k]
o o
= 0.2 1

0.1 - = !

0.1 1
0.0 T T — T T T T 0.0 T T T l T T T T
0 1000 2000 3000 4000 5000 6000 0 1000 2000 3000 4000 5000 6000
Number of iterations Number of iterations
(a)Test set loss function MAE curve (b)Test set loss function RMSE curve

Figure 7. Test set loss function curves.

A comparison of the time efficiency between the two surrogate models and the tradi-
tional finite element simulation model is shown in Table 6. The finite element simulation
model requires 2580 s for simulation and cannot be directly used for rapid computation, as it
is limited to a single predefined operating condition. In contrast, BO-XGBoost has a training
time of 1104 s and a computation time of 0.92 s; BO-LightGBM required 559 s for training
and 0.55 s for real-time computation. BO-LightGBM reduced training time by approxi-
mately 49.37% compared to BO-XGBoost and improved real-time performance by 40.22%.
Consequently, BO-LightGBM was selected as the final stress calculation surrogate model.

Table 6. Comparison of training and computational time across different models.

Simulation/Training  Real-Time Computation

Model Timel[s] Time/[s]
Finite element simulation model 2580 \
BO-XGBoost 1104 0.92

BO-LightGBM 559 0.55
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3.5. Establishment of Displacement Surrogate Model

In this study, both the displacement surrogate model and the stress surrogate model
adopt the same BO-LightGBM architecture. The operational condition samples were
generated using the previously described Latin hypercube sampling method. While the
two models share identical sampling schemes, their target data differ: the stress surrogate
model employs equivalent stress obtained from finite element simulations, whereas the
displacement surrogate model uses total displacement as its target variable. All sample
data were derived exclusively from finite element simulations to ensure reliability.

The training process of the displacement surrogate model involved data preprocessing,
feature selection, and model training, with performance optimized through cross-validation,
consistent with the procedure used for the stress surrogate model. To evaluate predictive
accuracy, the model outputs were compared against finite element simulation results. The
results demonstrate that the displacement surrogate model effectively predicts maximum
real-time displacement, achieving accuracy closely aligned with finite element outcomes.
Although minor deviations are observed under certain complex operating conditions, the
displacement surrogate model overall exhibits high predictive accuracy and stability while
substantially enhancing computational efficiency, thereby confirming its suitability for
engineering applications.

4. Structural Performance Assessment of the Digital Twin
System Development

4.1. Digital Twin System Framework and Composition

The digital twin system of a telescopic crane enables dynamic assessment and safety
monitoring of structural performance through closed-loop interaction between the physical
and twin spaces. The digital twin framework is illustrated in Figure 8. The physical space
comprises the crane entity, a multi-source sensor network (including pull-wire sensors,
rotary encoders, attitude sensors, etc.), and an electro-hydraulic control system, which
collect key operating condition data such as boom length, rotation angle, boom angle,
and load weight in real time. The twin space integrates multi-dimensional digital models,
including physical models, surrogate models, and finite element analysis models, and
relies on the Unity 3D engine to achieve high-fidelity visualization of stress cloud maps,
deformation analysis, and point cloud models. The system adopts a layered data interaction
architecture, integrates multi-protocol sensor data through the data acquisition layer, and
achieves efficient data synchronization between the industrial control computer, visualiza-
tion platform, and stress calculation module based on a TCP dual-connection mechanism.
Additionally, it utilizes a MySQL database for intelligent storage and management of
operating condition data.

4.2. Unidirectional Performance Evaluation
4.2.1. Applied Load Assessment

Load assessment accurately determines the operational cycle of a telescopic crane by
monitoring its real-time load status and identifying potential overload risks in a timely
manner. The real-time load mass M), is detected by a Tian Guang NTIL tension sensor, with
a permissible error of My, which is used for online determination of the operational cycle.
The specific rules are as follows:

(1) If M, > My, mark “operational cycle start”, indicating that the crane has entered the
current operational cycle and has begun the load operation;
(@) If M, < M, mark “work cycle end”, indicating that the crane is in an unloaded state.
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Figure 8. Digital twin system framework diagram.

The real-time working radius R, is a key parameter for load assessment and directly
affects the determination of the rated load. The system uses sensors to monitor the real-time
boom length L and boom angle 6 of the telescopic boom in real time, and calculates R,
using the following geometric formula:

R, =L x cos(0) 4

The relationship between the real-time working radius R, and the current rated load
M, can be found in the telescopic crane performance parameter table, which is then used
to assess whether the current load status is safe. To intuitively display the load assessment
results, they are quantified on a percentage basis. The load assessment index L; is
= % x 100 (5)

Considering the working characteristics of telescopic cranes and the need to adapt
to different working conditions, telescopic cranes frequently adjust the boom angle and
boom length. During an operational cycle, if the boom angle increases or the boom length
decreases, the real-time working radius R. decreases, the rated load increases, and the
real-time load mass M, remains unchanged. In this case, no overload update will be
triggered, and the original load assessment index L; will be maintained. However, if the
boom is lowered or extended, the real-time working radius R increases, the rated load
decreases, and the real-time hoisting mass M, remains unchanged, M, > M, may occur,
causing an overload, and the load assessment index L; needs to be updated.

4.2.2. Material Strength Assessment

The calculated stress 0; at node i is obtained through the BO-LightGBM stress surrogate
model. According to the structural material parameter database, the allowable stress [o;] of
this node is known. As long as 0; < [0;] is satisfied, the material strength of this node meets
the requirements. The overall material strength of the telescopic crane is assessed using the
material strength assessment index S, which is calculated using the following formula:

S— mm(%) % 100 6)
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4.2.3. Structural Stiffness Assessment

Structural stiffness assessment ensures that the telescopic boom can maintain sufficient
deformation resistance after being subjected to specified loads and constraints. Structural
stiffness reflects the ability of a structure to resist deformation caused by external forces. It
is quantified by calculating the ratio of real-time displacement to allowable static displace-
ment. As shown in Equation (7), the allowable displacement varies with the real-time boom
length L. The real-time allowable static displacement f; is calculated based on the real-time
boom length L detected by the Milan MPS cable sensor. The displacement surrogate model
is trained using the —Y direction displacement data of the finite element model established
by extracting operating condition samples in Section 2. If the maximum real-time displace-
ment calculated by the surrogate model, Z;;y, is less than f1, the structural stiffness meets
the requirements. Therefore, the structural stiffness evaluation index K is quantified by the
following formula:

K:Mxloo 7)

4.2.4. Fatigue Life Assessment

Using the BO-LightGBM surrogate model, the stress time series 0 (t) of all nodes in
an operational cycle is calculated based on the operating conditions of the telescopic crane
within an operational cycle (real-time boom length L, boom angle 8, and load mass mp). The
rainflow counting method is applied to the stress time series 0,,;(t) of node j to break down
the complex stress history into a series of independent cyclic loads, extracting the amplitude

Uflk and cycle number n?c of k complete stress cycles. Based on Miner’s linear damage

theory, the maximum cycle number N]]; of the stress amplitude Uik is obtained through
the Goodman straight line model-corrected material S-N curve. Before this operational
cycle, the cumulative fatigue damage of this node is Djy. During this operational cycle, the
fatigue damage D; of node j is

-
Dj=Djo+) ®)
Nk
The fatigue life F of node j is
1
F=— ©)

]
Then, the formula for quantifying the fatigue life assessment index F of the target
telescopic crane as a percentage is

F; = (1—max(D;)) x 100 (10)

4.2.5. Structural Assessment Visualization Interface

The structural assessment visualization interface is shown in Figure 9. Real-time
operating condition curves are generated based on the real-time operating condition pa-
rameters monitored by the sensors. By clicking the real-time stress cloud map button,
the real-time operating condition information is sent to the Python (version 3.11.5)-side
BO-LightGBM stress surrogate model via TCP communication. The surrogate model then
transmits the stress data of all nodes to Unity 3D, updating the stress cloud map in the twin
cloud map model. Based on the stress data from all current nodes, the stress cloud map
legend is updated, a real-time assessment score is generated, and the structural assessment
dashboard is refreshed. Figure 9 also shows the material strength assessment interface.
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4.3. Comprehensive Structural Performance Assessment

To conduct a long-term assessment of the structural performance of telescopic cranes
throughout their full service life cycle, this research proposes a comprehensive assessment
method based on the operational cycle. The core of the method involves extracting the most
critical values of the four key performance indicators (Ly, S, K, F;) during each operational
cycle to form a performance indicator matrix. The assessment employs a comprehensive
weighting strategy that combines the analytic hierarchy process (AHP) and the entropy
weight method, taking into account both expert knowledge and the dynamic characteristics
of objective data.

First, the weights of each indicator were calculated using the AHP method (W4gp).
Five experts from the field of mechanical engineering, representing both academia and in-
dustry, were invited to score the importance of the four evaluation criteria using a 1-9 scale,
as shown in Table 7. Based on the expert ratings, a judgment matrix A was constructed. The
maximum eigenvalue of the judgment matrix A (A;4x) and its corresponding eigenvector
were calculated. After normalization, the initial weights (W4 p) were obtained.

Subsequently, a consistency test is conducted to calculate the consistency ratio:

CI
CR= 7 (11)
where A
_ ANmax — 1
Cl= —_1 (12)

where CI is the consistency index, n is the number of single indicators, Rl is the average
random consistency index. Since the judgment matrix is of the 4th order, refer to the table
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to determine that RI is 1.12 [29]. CR is the consistency ratio. If CR < 0.1, the matrix
consistency is considered acceptable; otherwise, the judgment matrix is discarded. Finally,
take the average of the judgment matrix A that passes the consistency check to obtain the
final WA HP-

Table 7. 1-9 scale method.

Scale Meaning (aj;)
1 Indicator i and indicator j are equally important
3 Indicator i is slightly more important than indicator j
5 Indicator i is significantly more important than indicator j
7 Indicator i is strongly more important than indicator j
9 Indicator i is extremely important compared to indicator j

Indicator i is of intermediate importance relative to

24,68 indicator j

Calculate the entropy weight method weights W, using the entropy weight method.
First, extract the scores of each evaluation indicator for the last 100 operational cycles based
on the operational cycle table to obtain the data matrix X, and then normalize the data
matrix X.

Calculate the entropy value of the jth indicator E;. The entropy value E; reflects the
degree of dispersion of the indicator data in different operational cycles: the smaller the E;,
the greater the fluctuation of the indicator data (i.e., the higher the degree of differentiation),
and the higher the weight that should be assigned.

Calculate the entropy weight method weight of each indicator based on the entropy

value wj:
1—-E; 13)
w] = —"Q
Z?:l (1-E)

Therefore, the entropy weight method weight matrix W, is
We = [wy, wa, w3, wy) (14)
Combining the two weight calculation methods, the comprehensive weight W, is
Wz = 0.6Wapp + 0.4We (15)

Using the single performance indicator matrix and comprehensive weight of the
current operational cycle, the final evaluation score is calculated as follows:

Q=[Lys S K F W} (16)

This score, Q, intuitively reflects the comprehensive status of structural performance
under the current operational cycle and is displayed in real time on the main human-
machine interaction interface.

5. Experimental Design
5.1. Experimental Platform Setup

The experimental platform in this research is based on the physical entity of the target
telescopic crane. Through the supporting sensor system, key operating parameters such
as boom length, load weight, boom angle, and swing angle are accurately detected in real
time. Therefore, a three-axis strain gauge is additionally used to measure stress, thereby
verifying the accuracy of the digital twin structural performance assessment.
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Due to the structural characteristics of telescopic arms, the second to fifth sections
of the arm are coated with lubricating oil for telescoping purposes, making it impossible
to attach three-axis strain gauges. Furthermore, the first section and the turntable are the
parts of the telescopic arm that bear the heaviest loads. Therefore, a total of eight stress
measurement points were selected on the first section and the turntable. The selected test
points are all located at key structural parts that require close monitoring of stress changes.
The belly plate of the telescopic arm is prone to large uniform stresses, while the hinge area
is a thin-walled component with an open structure that is prone to stress concentration and
material strength failure, making it an area that requires close verification. The locations of
the eight stress measurement points are shown in Figure 10.

measurement
points 1-2

measurement fl§ measurement [ measurement
points 3—4 points 5—6 points 7-8

Figure 10. Stress measurement points.

In this study, all sensors underwent rigorous calibration prior to experimentation.
Each measurement channel of the triaxial strain gauges was connected to the DH5908L
dynamic stress meter. After the system warmed up and stabilized, the bridge parameters
were configured using the accompanying software. During calibration, high-precision
calibration resistors were connected to apply known standard electrical signals. This
established an accurate conversion relationship between the data acquisition instrument’s
output voltage and the strain value. Channel balance calibration was also completed to
ensure consistent response across all channels, providing a reliable foundation for precise
data acquisition in subsequent steps.

During data acquisition, the DH5908L wireless dynamic stress meter and the software-
created test project established a Wi-Fi connection with the instrument. Parameters for each
measurement channel were configured: selecting the 1/4-bridge configuration, setting the
strain gauge resistance to 120(), setting the sensitivity coefficient K = 2.20, and calibrating
the strain gauge array orientation (0° /45°/90°). The sampling frequency was set to 200 Hz
with continuous sampling mode enabled. After parameter configuration, a hardware
zeroing operation was performed to eliminate systematic errors. Subsequently, the data
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acquisition task was initiated for real-time monitoring of triaxial strain waveforms in the
time domain, and data was saved in binary format to support subsequent stress analysis.

To ensure high precision and stability in data acquisition, this study implemented
noise suppression measures at both the physical and software levels during measurement.
Physically, all strain gauge leads were securely fastened to the telescopic arm to prevent
cable sway during vibration, thereby avoiding induced electromotive force in the magnetic
field and reducing noise interference. On the software side, the system employed anti-
aliasing filters and low-pass filters to suppress high-frequency noise. Anti-aliasing filters
restricted the introduction of high-frequency signals, preventing their aliasing into the
effective bandwidth and thus avoiding signal distortion. Low-pass filters filtered out
high-frequency noise exceeding the effective bandwidth, ensuring data accuracy and clear
signal acquisition.

5.2. Material Strength Evaluation Experiment

Four working conditions were selected for the target telescopic crane, and the stress
detected at the eight measurement points shown in Figure 10 was compared with the
stress simulated by the finite element model and the stress calculated by the BO-LightGBM
surrogate model. To prevent data leakage in the surrogate model, all comparison working
conditions strictly avoided the use of Latin hypercube sampling points. Therefore, in
order to obtain the finite element simulation stress under these working conditions, it
was necessary to ensure that all other settings were consistent with the finite element
model established in Section 1, and only the working condition parameters were adjusted
to compute the finite element simulation stress at the corresponding points under these
conditions. The eight selected working conditions were as follows:

Working condition 1: the lifting device system is unloaded, the boom angle is 60°, and the
boom length is 4.5 m.

Working condition 2: the lifting device system is unloaded, the boom angle is 30°, and the
boom length is 7 m.

Working condition 3: the lifting device system is loaded with a 30 kg weight, the boom
angle is 60°, and the boom length is 4.5 m.

Working condition 4: the lifting device system is loaded with a 30 kg weight, the boom
angle is 30°, and the boom length is 7 m.

Working condition 5: the lifting device system is loaded with a 60 kg weight, the boom
angle is 60°, and the boom length is 4.5 m.

Working condition 6: the lifting device system is loaded with a 60 kg weight, the boom
angle is 30°, and the boom length is 7 m.

Working condition 7: the lifting device system is loaded with a 100 kg weight, the boom
angle is 60°, and the boom length is 4.5 m.

Working condition 8: the lifting device system is loaded with a 100 kg weight, the boom
angle is 30°, and the boom length is 7 m.

The test results indicate that, as shown in Figure 11, the trends in the measured
stress, simulated stress, and calculated stress at each test point under different working
conditions are consistent. Specifically, under no-load conditions (working conditions 1
and 2), Figure 11a,b demonstrate that the simulated and calculated stress curves are
nearly identical. As the load mass increases, the discrepancy between the two also grows.
Under the 100 kg load condition (operating conditions 7 and 8), Figure 11g,h reveal the
maximum deviation between the two, indicating that the surrogate model exhibits superior
computational accuracy under no-load conditions compared to loaded conditions.
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Figure 11. Comparison of stress results under different working conditions.
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Through statistical analysis of the stress data from eight operating conditions and

eight measurement points (Table 8), the following conclusions were drawn:

1.

The maximum detection error (the maximum error in the stress detected at symmet-
rical measurement points) is 1.09 MPa, proving that the detection data accurately
reflects the actual stress distribution of the target telescopic arm.

The maximum simulation error (the maximum error between the finite element
simulation and the detected stress) is 6.18 MPa. Considering model simplifications
and experimental environment interference, this error is within an acceptable range,
validating the reliability of the finite element model.

The maximum calculation error under no-load conditions (the maximum error be-
tween the surrogate model and the finite element simulation) is 0.76 MPa, confirming
the accuracy of the stress surrogate model.

Under the 100 kg weight applied load condition, the maximum calculated error
increased to 4.15 MPa due to the application of the stress load coefficient conversion
method. However, reasonable accuracy was maintained, validating the effectiveness
of the conversion method.

The maximum practical error (maximum discrepancy between the surrogate model
and measured stress) occurred under the 100 kg load condition, reaching 8.98 MPa.
This error primarily stems from two factors: finite element modeling and theoretical
assumptions. First, to enhance computational efficiency, the finite element model em-
ployed shell elements for discretization. These elements inherently impose geometric
approximations, leading to a systematic overestimation of simulated stresses. Conse-
quently, the surrogate model, constructed based on this simulation data, exhibits an
overestimation bias. Second, although a linear relationship between load mass and
stress is expected under linear elasticity and small deformation assumptions, slight
nonlinear structural responses may occur under high-load conditions. Combined
with the idealization introduced by stress conversion factors, this further contributes
to computational deviations.

Table 8. Statistics of stress results under different working conditions.

Maximum Maximum Maximum .
. . . Maximum Actual
Name Measurement Error Simulation Error Calculation Error Error/[MPal
/[MPa] /[MPa] /[MPa]
Condition 1 0.82 3.6 0.66 418
Condition 2 0.64 3.1 0.76 3.74
Condition 3 0.89 3.41 2.01 4.45
Condition 4 0.52 3.93 1.67 5.14
Condition 5 0.81 4.48 3.09 6.85
Condition 6 1.09 4.66 2.38 6.62
Condition 7 0.84 5.42 4.15 8.98
Condition 8 0.95 6.18 3.33 8.81

Despite these errors, the digital twin system developed in this study accurately reflects

the structural stress distribution under low-load conditions. Under high-load conditions,

while the error increases, it remains within the system’s acceptable range and exhibits a

conservative bias: when the surrogate model’s output reaches the stress warning threshold,

the actual structural stress is typically lower than this value, ensuring that the assessment

results possess a certain safety margin. From the perspective of the core function of digital

twins, the primary objective is to accurately reproduce the overall morphology and trend

of structural stress distribution. The results from the eight load cases presented in Figure 11
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consistently demonstrate that the surrogate model exhibits good rationality in predicting
stress distribution characteristics, thereby validating the effectiveness and reliability of this
material strength assessment module in engineering applications.

5.3. Fatigue Life Simulation Experiment Verification

Since the fatigue life of telescopic cranes is difficult to measure directly through ex-
periments, this study employs numerical simulation methods for verification. Without
considering the existing damage to the structure, the results of the nCode finite element
simulation were compared with the fatigue life calculation results from the digital twin
system’s assessment submodule. The calculation principles of the two methods are consis-
tent, with the main difference being the stress input source: the digital twin system uses
the BO-LightGBM surrogate model to calculate stress, while the nCode simulation is based
on a multi-time-step finite element model. The focus of the experimental verification was
to determine whether the fatigue life assessment submodule could accurately calculate the
fatigue damage accumulation from the stress data output by the BO-LightGBM surrogate
model, using the integrated rainflow counting method and the S-N curve algorithm modi-
fied by the Goodman linear model. The experimental data (Table 9) show that the error in
the fatigue life calculation results obtained by the two methods is only 2.86%, indicating
high calculation accuracy. Given that the BO-LightGBM surrogate model has been proven
to fit the finite element calculation results well, this experiment further validates that the de-
veloped fatigue life assessment algorithm can replicate the assessment process of the nCode
software with high accuracy, demonstrating that the system can achieve long-term and
reliable fatigue life monitoring and assessment based on real-time operational cycle data.

Table 9. Comparison of the results of the two fatigue life assessment methods.

Evaluation Method Fatigue Life Service Life/[a] Calculation Error/[%]
nCode finite element method 4.078 x 10° 25.49 28
Fatigue life assessment submodule 3.962 x 10° 24.76 ‘

6. Conclusions

This research proposes a method for the structural performance assessment of a
telescopic crane throughout its entire service life cycle based on digital twins. By integrat-
ing finite element simulation and the Bayesian optimization LightGBM surrogate model
(BO-LightGBM), the method enables comprehensive assessment of structural strength,
structural stiffness, and fatigue life. The experimental results show that, in terms of cal-
culation accuracy, compared with the benchmark BO-XGBoost model, the BO-LightGBM
surrogate model reduces the mean absolute error (MAE) by 42.84% and improves the root
mean square error (RMSE) by 22.4%. In multi-condition stress prediction, the maximum
calculation error of the model under no-load conditions was 0.76 MPa (relative error: 1.5%),
verifying the accuracy of the stress prediction model. Under a 100 kg load condition, after
applying the dynamic conversion method of the stress load coefficient, the maximum calcu-
lation error was 4.15 MPa (relative error: 8.3%), confirming the effectiveness of the dynamic
conversion method. System-level verification showed that the reference error between the
finite element simulation results and the actual measured stress was 6.18 MPa, validating
the reliability of the basic finite element model. The maximum deviation between the surro-
gate model’s predicted stress and the actual measured stress was 8.98 MPa, indicating that
the material strength assessment module of the digital twin system can effectively calculate
the structural stress distribution. In terms of fatigue life assessment, the deviation between
the results of this method and the results calculated by nCode (version 2022 R2) software
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was only 2.86%, demonstrating high calculation accuracy. This method upgrades traditional
offline single-index analysis to an online comprehensive assessment covering multiple
indices such as material strength, structural stiffness, and fatigue life. It also establishes a
three-level mapping architecture of “physical entity-simulation model-surrogate model,”
significantly improving assessment efficiency while ensuring calculation accuracy, thus
providing more scientific and reliable technical support for the structural safety monitoring
of construction machinery.

The linear stress—load coefficient conversion method employed in this study is based
on the assumption that, within the applied load range not exceeding the yield material
strength, the relationship between applied load and stress generally conforms to the linear
elasticity hypothesis and the small deformation hypothesis. Within this load range, the
increase in load mass should exhibit a linear relationship with the stress variation at finite
element nodes. This linear relationship performs well under low applied loads. However,
under high applied load conditions, the structural response may exhibit slight nonlinear
behavior. Combined with the idealization introduced by the stress conversion coefficient,
this can lead to minor computational deviations. Although this study employs a simplified
linear model for calculations, the limitations of this assumption may impact model accuracy
under extreme operating conditions. Future research may consider incorporating more
complex nonlinear models or expanding the applied load range through Latin hypercube
sampling to enhance the representativeness of sample data, thereby improving the model’s
predictive accuracy under complex applied load conditions.

The stress calculation surrogate model proposed in this study was trained on a specific
type of telescopic crane. When transferring this model to other crane types in practical
applications, recalibration may be necessary. Significant differences in structural design
and applied load distribution may exist across crane types. Therefore, model validation
and retraining are recommended for new crane variants. This process can be achieved
by adjusting existing training data or generating new datasets through finite element
simulations of novel cranes to retrain the model, ensuring its applicability and accuracy.

Future research should focus on real-time deployment and large-scale monitoring.
With the continuous advancement of IoT technology and digital twin systems, real-time
monitoring systems can provide instant feedback to ensure crane safety during operations
and enable timely early warnings and responses to potential failures. To achieve efficient
management of large-scale equipment, future research must prioritize addressing technical
bottlenecks such as data processing, storage, and computational efficiency, ensuring the
capability for parallel monitoring and comprehensive optimization of multiple devices.
Simultaneously, as data acquisition technologies advance, integrating data fusion with
artificial intelligence will become pivotal for enhancing evaluation precision and intelli-
gence. By merging data from diverse sensors (e.g., vibration, temperature, displacement)
and applying Al techniques like deep learning and machine learning, the automation level
and predictive accuracy of structural health assessment can be significantly improved. This
will provide more advanced and efficient technical support for the long-term monitoring
and intelligent maintenance of construction machinery.
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