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Remote laser heating of WK35 buckets faces several constraints, including late-state detection, empirical
parameter settings, and inadequate synchronization between the physical and virtual spaces, which affect the
quality and stability of the heating process. This research aims to develop a monitoring and control system for
the heating process by applying the digital twin concept, including multi-source sensing, two-way physical and
virtual interaction, and intelligent prediction. The first stage includes the sensing of temperature, laser power,
and movement trajectories and their synchronization with the dynamic virtual model. Meanwhile, the second
stage includes the return of the results of digital twin operations to the physical world and adaptive adjustment
of heating parameters depending on the current state. The states of the equipment and faults are detected with
the help of closed-loop control and Transformer-BiLSTM spatiotemporal feature fusion algorithms. As a result
of the experimental study, it was found that the reduction of synchronization error in comparison with the
classical PID control system, no power overshoots were detected below 0.05 kW, and stabilization was reached
within 0.8 seconds. The temperature of the main heating area was rather constant and equal to 965°C and the
AUC of the anomaly detection algorithm was 0.96.
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1. Introduction

The long-distance laser heating technique is important in
maintaining the durability of WK35 mining buckets un-
der harsh operating conditions in terms of extreme wear
and shock loading due to its impact on the lifespan and
safety of the machine [1, 2]. The process shows complex
temperature distributions and varying power dynamics [3,
4]. However, traditional manual control cannot provide
an appropriate response to sudden variations in the laser
power, temperature, and machinery status [5, 6]. Existing
control systems based on discrete sensors give inaccurate
control, overheating in a local region, and delayed detec-
tion of anomalies [7, 8].

Infrared thermal imaging can be used in temperature
measurement, but it does not provide efficient feedback.
For example, Feng et al. [9] do not use multisource fu-
sion and real-time synchronization. Gaikwad et al. [10]
miss bidirectional virtual physical control, Di Meglio et al.
[11] disregard synchronization of curvilinear or irregular
structures, and Aminzadeh et al. [12] cannot provide asyn-
chronous multisensor sampling and anomaly early warn-
ing. Finite-element method and sensor-based techniques
similarly limit the possibilities for virtual physical synchro-
nization and interaction [13, 14]. Methods of temperature
prediction-based control and optimization are faced with
similar restrictions [15-18].
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Digital modeling, virtual simulation, and intelligent
prediction have enhanced monitoring techniques for long-
distance laser heating [19, 20], but low update frequencies
prevent real-time anomaly detection [21, 22]. IoT and time
series techniques are limited in terms of multisource fusion
[23, 24]. Besides, deep learning and finite-element methods
cannot provide intelligent interaction [25, 26]. Therefore,
problems with multisource fusion, virtual physical synchro-
nization, and intelligent assessment of machinery status
still exist [27, 28].

The literature review on this topic is divided into three
different categories with the aim of emphasizing some of
the research issues associated with this topic. It has been ob-
served that existing multi-source sensor technologies work
independently while gathering data, which leads to data
isolation and delay in the estimation of states. The inter-
action process, both virtual and physical, is unidirectional,
where no feedback is given from the virtual model to the
physical environment for optimization of parameters. Also,
traditional time series models are incapable of capturing
the dependencies between various variables such as the
temperature field and power changes.

This work designs a digital twin system for remote laser
heating of WK35 buckets in order to solve problems re-
lated to the experience-based tuning of parameters, late
recognition of the state of equipment, and the synchroniza-
tion of virtual and physical objects. The temperature, laser
power, and motion data are collected by multiple sensors
to construct a dynamic digital twin in real time that maps
between the physical and the virtual world.

2. Methods

2.1. Construction of Multi-Source Sensing Network for
WK35 Bucket Laser Heating

The IR thermometer, laser power detector, current detector,
and displacement detector are used to ensure the observ-
ability of the entire system state while remotely heating
the WK35 bucket with laser light. These sensors detect the
surface temperature, changes in the laser power, operating
current, scan path, and accuracy of actuator motion [29,
30]. Zero-point and range calibration are carried out for all
sensors using a black body source and displacement stage.

In the process of collecting data, synchronization is
achieved through the use of a master-clock-based scheme
for the synchronization of timestamps at all the sensors.
The multiple-source system observation vector at time t is
defined as:

X(t) = [T1(t), Ta(t), ..., Tu(t), P(t), I(t), D(H)] (1)

Here, T,,(t), P(t), I(t), and D(t) represent temperature,

laser power, current, and actuator displacement, respec-
tively. Kalman filtering iteratively removes any noise and
disturbance present. The state update equation is:

Xk = X1 + Ky (zx — HX—1) 2

2y is the current observation value; H is the observation
matrix; and Kj is the Kalman gain, used to dynamically
correct measurement errors, thereby improving the stability
and consistency of multi-source data.

The communication-based viewpoint sees the standard-
ization of heterogeneous sensor data by the industrial data
bus standard based on OPC UA. The sensor data are cap-
tured in real time at the edge computing nodes, trans-
formed to the unified form, and pre-processed by filtering
out the outliers, applying sliding window smoothing, and
normalizing in order to avoid the effect of communication
delay.

In order to create the digital twin model, the multi-
source features of different dimensions need to be further
standardized in the same feature space. The following is
the expression of normalized features:

i

/(t) x7(t) — Hi (3)

Here, x;(t) represents the starting value, whereas y; and
0; are the mean and standard deviation, respectively. The
standardization of temperature, power, current, and dis-
placement ensures that the information can be represented
in one common feature space, and this indicates that the
scale variance will not have any effect on the model in
use. Consequently, the multisensor network offers real-
time access to the information stream from the multisensor
network to the digital twin layer using edge-cloud collabo-

ration.

2.2. Digital Twin Dynamic Mapping Model for Heating
Process

This high-density multi-view point cloud data can be ob-
tained through the 3D laser scanning of the WK35 bucket.
Registration and stitching of the point clouds give rise to
the formation of the complete geometry model, which is
then subjected to processes of denoising, hole filling, and
smoothing. The mesh model is obtained from the process
of Poisson Reconstruction (Fig. 1). The final stage in the
modeling process involves scaling of the model and orient-
ing its coordinate system according to the installed WK35
bucket.

Upon completion of the geometric reconstruction, the
3D model is exported to Unity3D, whereby the heated zone,
bucket structure, and motion parts are modeled separately
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Fig. 1. WK35 Bucket Entity, 3D Point Cloud Model, and
Triangular Mesh Model

as physical bodies. A finite element thermal model is de-
veloped for the simulation of heat conduction resulting
from the laser operation via solution of the transient heat
conduction equation:

pe ot = V- (KVT) + Q(x,1) @
In this case, p denotes material density, k is thermal conduc-
tivity, T denotes temperature field, and Q(x, t) represents
the laser heat source. Meshing helps determine dynamic
temperature.

FE analysis uses tetrahedral elements with a maximum
element size of 3 mm within the heating region and 8 mm
elsewhere (total of 187,432 elements). The time-step size of
the simulation is At = 0.05 s (0-10 s), 0.10 s (10-100 s) and
0.02 s for cooling. The boundary condition is convective for
exposed surfaces with h = 15 W/ m?2 K, T = 20°C, while
the bottom surface is thermally insulated. The laser heat
source is defined by a Gaussian heat flux with » = 8 mm
and n = 0.45.

For Dynamic Synchronization, temperature, power, and
displacement are saved from the time-aligned vectors on
the edge server to update the twin model. In case of devia-
tion in the physical state vector beyond a certain value, only
the affected FE model will be updated for computation effi-
ciency and synchronization accuracy. If (S,(f)) and (S,(t))
are physical and virtual state vectors, the synchronization
error is defined as:

E(t) = [Sp(t) = Su(t)]2 ®)

The correction procedure for the model starts at the mo-
ment when the synchronization error E () exceeds a certain
value. In this way, one can make some correction of ma-
terial characteristics and boundary conditions to achieve
better convergence. However, the choice of the threshold
is a trade-off between accuracy and computational costs:
E;;, = 1.0°C provides a mean error equal to 0.8°C, 8.2 re-
calculations per second and 46.3% of resource usage while
E;;, = 5.0°C leads to a mean error equal to ~4.3°C and
3.6 recalculations per second but only 8.1% of CPU usage.

Hence, the threshold value equals E;;, = 2.5°C, providing
a mean error of 1.2°C, 3.6 recalculations per second, and
19.7% of resource usage.

The coordinates of the displacement sensor as well as
the motion controller are described in three-dimensional
orientation using quaternions to avoid singularities. The
calculated orientation is synchronized in real-time with the
Unity rigid body with millisecond precision [31, 32].

Geometry and thermal modeling and synchronization
allow the construction of the digital twin for the bucket

motion.

2.3. Intelligent Interaction Mechanism for Laser Heating
with Virtual-Real Fusion

The communication link between the physical and the dig-
ital twin is an MQTT bus. The MQTT broker at the edge
provides live streaming of temperature, energy, current,
and displacement through JSON messages via topics for
homogeneous communication [33, 34].

In the other direction, the digital twin performs consis-
tency analysis and anomaly detection based on live tem-
peratures and the state of the devices. The temperature
gradient is being tracked using the sliding window of tem-
peratures across spatial locations:

V() = Ti(t) — - Y Ti(t) ®)

T;(t) stands for the temperature measurement at i-th sensor
point, and n denotes the number of neighboring sensors in
total. Such a method helps detect any anomalies related to
overheating or underheating along with the temperature
profile in the past.

If the anomaly takes place, the virtual model generates
optimal control strategies according to the rules controlling
laser power, path, and heating zone. The result will be
presented in the form of vectors:

u(t) = [P(t),0(t),6(t)] @)

Here, P(t) denotes laser power adjustment, v(t) the scan-
ning speed, and 6(t) the trajectory deflection angle. A
constrained optimization model limits the control vector
within equipment and safety boundaries to ensure stable
operation.

Control commands are transmitted from the digital twin
to the laser-controller PLC via the MQTT downlink, con-
verted into low-level signals for power modulation and
trajectory replanning, and verified through execution feed-
back.

The total time delay of the loop consists of the virtual-
real interaction Tloop = Zluplink + Tedge + Tdownlink + Tplc-
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Fig. 2. Overall Framework of the Virtual-Real Fusion Laser Heating Intelligent Interaction Mechanism

In the case of the proposed architecture, Tuplink averages
2.5 ms, and Teqge includes preprocessing (1.2 ms), finite
element calculations (4.5 ms), and 3D visualization (2.1 ms),
which gives 7.8 ms. Tyownlink averages and Tpic averages
are 3.2 and 5.6 ms, respectively, and therefore the total time
delay is 20.0 ms and satisfies the requirement.

With an aim to minimize the effect of latency in the net-
work, priority queuing is employed in the message bus for
the abnormal condition messages, and so the temperature
deviation and equipment deviation can first take part in
the cycle of control and minimize the latency in turn [35,
36]. The timestamp check is the other technique used to
ensure synchronization of the uplink/downlink data.

Overall, the interaction mechanism has brought about
the cycle of "physical perception-virtual decision making-
control feedback" in the digital twin.

The virtual and real fusion of laser heating process has
three layers. The physical layer includes the WK35 bucket
heating process and consists of the temperature sensor,
power sensor, current sensor, and displacement sensor. The
collected data from the sensors is transferred through OPC
UA and MQTT, with Kalman filtering and normalization.
The digital twin layer comprises geometric mapping, finite
element analysis for heating, TwinSync, and gradient-based
local temperature. The execution layer includes calculating
the optimal control vector of laser power, scanning velocity,
and trajectory deviation.

Directed communication time delays are Typjink = 2.5

ms, Tegge = 8.7 mS, Tgownlink = 3.2 ms, and Ty = 5.6 ms,
respectively. Thus, the total closed-loop time delay will be
Tioop = 20.0 ms. In conclusion, the proposed architecture
allows implementing an intelligent closed-loop architecture
for sensing, decision making, and control.

2.4. Equipment Status Monitoring Platform Based on
Spatiotemporal Feature Fusion

The Transformer-BiLSTM architecture utilizes a combina-
tion of two BiLSTM layers (128 hidden units each way)
and a three-layer Transformer encoder (6 attention heads,
model dimension 256, FEN 512). Training is done with 0.1
dropout, batch size 64, and 200 epochs with early stopping.

Resampling using sliding windows and filtering using
the exponential moving average is performed on the tem-
perature, laser power, and actuator path to ensure synchro-
nization. The hybrid network makes use of spatiotemporal
features due to BiLSTM-based temporal dependencies in
temperature-power dynamics. State update takes place as
Eq. (8):

! e = BILSTM(x1) = (7, I ®)
Xt represents ’ge multi-source fusion input feature vector
attime t, and h; and E display the forward and backward
hidden state outputs, respectively. Then, the output se-
quence of BiLSTM is input into the Transformer encoding
module, and the correlation weights between different time
steps are modeled through the multi-head self-attention
mechanism to realize the enhanced expression of long-term
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dependency. The attention calculation Eq. (9):

. QKT
Attention(Q, K, V) = softmax [ == | V )

Vd

In this case, Q, K, and V stand for query, key, and value
matrices, respectively, with d being the feature dimension
scaling. Attention is implemented via the use of tempera-
ture, power, and trajectory evolution in combination.

Hyperparameters of Transformer-BiLSTM were deter-
mined using an ablation analysis. Sliding window L ranged
from 10 to 80, attention heads H: 2, 4, 6, 8, and fully con-
nected layer size N fet 64, 128, 256, 512. BiLSTM was made
of two layers with 128 neurons each. Adam was the op-
timization algorithm, with LR=1e-3 and decay of 0.9 per
20 epochs. The optimal combination was L = 40, H = 6,
Ny, = 128 and achieved AUC = 0.95 for anomalies. L = 20.

Fig. 3 shows the attention heads of the Transformer
model at 20 time intervals. Attention heads 1 and 3 have
diagonal weights that denote spatiotemporal dependencies
while head 5 denotes long-range dependency and head 7
denotes autoregressive temporal dependency.

For the Health Status Assessment Module, the fused fea-
tures pass through the regression network and produce the
Health Index (HI). It shows the health status of the system
when it is in a healthy state. HI is used for health classifica-
tion and adaptive thresholding. Anomaly occurrence takes
place when the decay rate of HI exceeds a certain threshold
value. The system’s degradation level is obtained using Eq.
(10):

(10)

w; represents the feature attention weights adaptively
learned by the fully connected network, satisfying ) w; =
1, and N is the dimension of the state variables. Subse-
quently, G(t) is converted into a health index HI(t) using
the Sigmoid normalization mapping function:

1
" 1+exp(a(G(t) - B))

Here, « is the parameter of curve sensitivity, and § is the

HI(t) 1)

parameter of health baseline shift. The dimensionless HI(f)
varies between (0,1), with closeness to 1 indicating a healthy
status of the equipment and closeness to 0 indicating degra-
dation/abnormalities.

For prediction and early detection purposes, the status
of the equipment in the short term is forecasted through
the use of encoded temporal features with the help of a
Transformer, and this is compared with the live data using
the state residual function:

Er =Tt — il (12)

Threshold-crossing residuals prompt multilevel alarms for
input into the virtual-real control block for adjusting laser
power and speed, completing the control loop. Fusion of
multilevel data is used to build a health model for continu-
ous monitoring, fault detection, and forecasting of future
states.

Experimental data were gathered using the WK35
bucket laser-heating system at 0-6 kW, 0.1-2.5 m/s, 50 Hz.
Public data were transformed into a 3D space of power,
temperature, and motion parameters and re-sampled with
a frequency of 10 ms. Generated FE data covered the range
of 20-80 mm thickness and 35-60 W/mK with power pertur-
bations (+/-30%), offset of laser path (0-15°), and ambient
temperature (-10 to +45°C). The last test set consisted of
120 minutes of data with ~4.3x10° points.

Testing included synchronization error, response time,
temperature uniformity, fault detection precision, and
power stability in steady state, transition state, and per-
turbation state (3 repeats for each).

Equipment: Laser (6 kW, wavelength 1070 nm, M2 <
1.3); IR temperature sensor, power sensor, IR current sensor,
six-axis displacement sensor; Intel Xeon Silver 4314 CPU,
RTX 4090 GPU, Gigabit Ethernet, MQTT, Ubuntu 20.04,
Unity3D 2022.3, MATLAB/Simulink.

3. Results and discussions

3.1. Evaluation of Virtual-Real Synchronization Delay
and Consistency Error

Once the system is operational, temperature, energy, and
displacement readings of the physical system and its digi-
tal replica will be measured simultaneously, with the edge
node used as the clock. End-to-end processing time of the
signal from the point of measurement to the moment of
update of the virtual system will be measured in order
to distinguish uplink latency from the feedback latency.
Synchronization accuracy will be determined by the com-
parison of the state of the physical and the virtual system
at the same instant in time, resulting in the generation of
an error sequence.

The analysis of synchronization performance from vir-
tual world to real environment is conducted by referring
to Fig. 4. From Fig. 4(a), it is seen that the FEA calculation
module has the longest time delay value of approximately
4.5 ms, but this time is much shorter compared to other
configurations such as no-edge cooperation (12.4 ms) and
local computation (8.2 ms). The proposed method is able
to reduce the time used in the 3D rendering process to
approximately 2.1 ms. From Fig. 4(b), the values of syn-
chronization errors are clustered around 0.6 with a narrow
95% confidence interval range, whereas the peak values of
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Table 1. Key Experimental Parameter Configurations

Module Parameter Value

Laser Rated power 6 kW

Laser wavelength Operating wavelength 1070 nm
Temperature sampling Frequency 50 Hz

System synchronization period = Time resolution 10 ms

Industrial control platform GPU RTX 4090
Communication protocol Data transmission MQTT + OPC UA
Temperature range Test interval —10°C to 1200°C

average errors for traditional PID control and the LSTM
model are 2.4 and 1.5, respectively.

Significance tests were conducted between the proposed
model and the baseline models in relation to synchroniza-
tion efficiency, control performance, and fault detection.
The output of the paired-sample t-test showed that the pro-
posed method resulted in significantly lower virtual-real
synchronization error than the conventional PID control
method (t = 5.84), (p < 0.01) and improved power regula-
tion response (p < 0.05).

3.2. Evaluation of Heating Temperature Uniformity and
Spatial Distribution

The position of the fixed points in the heated region of

the bucket is continually recorded and plotted in a two-

dimensional space to form the temperature field as a func-
tion of time. Analysis of the statistical properties of the
process of temperature diffusion in different regions is per-
formed to get information on the spatiotemporal heat con-
duction dynamics and to find overheating or under-heating
regions.

The increase in temperature is represented in Fig. 5(a)
as follows: 370°C at 3 (20s) to 880°C at 8 (60s) to 955°C at
80s. Fig. 5(b) represents the maximum temperatures: core
965°C, HAZ 390°C, substrate 175°C, and edges approxi-
mately 610°C.

The developed technique provides more uniform distri-
bution (8.5°C compared to 15.3°C and 18.1°C) and better
performance in terms of anomaly detection (98.5).
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3.3. Evaluation of Laser Power Control Response Charac-
teristics

For all cases of power tuning, both the command and mea-
sured laser power are collected simultaneously until stabi-
lization occurs. Differences in response and settling times
are considered along with power-temperature-time behav-
ior.

As depicted in Fig. 6(a), the proposed control technique
using twins has a fast response time, with overshoots of
0.04 kW and 0.03 kW, for the ranges 0-3 kW and 3-5 kW,
respectively, and reaching steady state within 0.8 seconds.
The values are very low when compared with the 0.8 kW
overshoot in the case of the conventional PID control tech-
nique, thus indicating that the proposed technique is fea-
sible. As can be seen from Fig. 6(b), the average response

time of the closed loop for micro amplitude, high frequency
disturbance rejection, and continuous step control are 38 +
1.8 ms, 58 &+ 4.2 ms, and 50 + 3.1 ms, respectively.

3.4. Equipment Status Identification Accuracy and
Anomaly Detection Evaluation

The labeling process takes place based on the monitoring
tool for the equipment state and is then evaluated against
manual or pre-manual inputs in six classes that include:
normal, moderate overheating, excessive overheating, yaw
scanning, overcurrent, and compound anomalies. Time-
series data is partitioned into segments of equal size, which
are then labeled and subjected to statistical evaluation. The
misclassification process of the samples, peak temperature,
and power variations is also analyzed.
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Fig. 7(a) shows that there is high classification perfor-
mance in six classes, where accuracy of diagonals is more
than 95.8%. Accuracy of normal and combined-fault classes
is 98.5% and 96.4%, respectively. Major errors include mis-
classification of mild overheating class into severe overheat-
ing class (1.5%), and scan yaw class into combined fault
class (2.2%). It is clear from Fig. 7(b) that proposed STFF
model achieves AUC of 0.96 and outperforms other models
such as Transformer (0.89), BILSTM (0.75), and SVM (0.59).

3.5. Stability and Operational Fluctuation Assessment of
the Heating Process

The important parameters of the heating process, such as
temperature changes per unit of time, power changes, and

deviations from the optimal actuator position, are perma-
nently measured and separated into equal time segments
in order to identify the amount of fluctuations and find any
unstable time intervals. The fluctuations at different stages
of the process — start, heating, transition, and shutdown —
are examined and compared according to their dynamics.

Staging-based variations are provided in Table 2. The
first stage is the least stable stage, having a temperature
change of 3.52°C/s, power change of 0.28 kW, trajectory
change of 0.85 mm, and abnormality rate of 4.2/h. Tran-
sition stage I is relatively stable; however, steady heating
(20-100 min) is the most stable stage, having a temperature
change of 0.12°C/s, power change of 0.04 kW, trajectory
change of 0.18 mm, and abnormality rate of 0.40/h. Transi-
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Table 2. Statistical Analysis of Fluctuation Intensity and Transition Characteristics of Key Operating Parameters in Different

Heating Stages

Time Mean Temp. = RMS Power Max Trajectory = Abnormal Fluctuation
Heating Stage Window  Change Rate  Fluctuation Offset Frequency

(min) =+ Std (°C/s) (kW) (mm) (times/h)
Start-up phase 0-15 3.52 £0.42 0.28 0.85 42
Transition I 15-20 1.25+0.18 0.15 0.42 15
Steady heating phase 20-100 0.12 +0.03 0.04 0.18 0.4
Transition I 100-105 —1.85+£0.22 0.12 0.35 0.8
Cooling phase 105-120 —2.4540.35 0.00 0.05 1.1

tion stage II does not experience much change.

The statistical tests proved a significant difference be-
tween the proposed approach, PID, LSTM, and Trans-
former methods in terms of temperature uniformity
(F(3,76) = 18.34, p < 0.001) and anomaly detection
(F(3,76) = 22.67, p < 0.001). The Tukey HSD test results
indicated that the proposed approach significantly excelled
other approaches in both cases (p < 0.01).

3.6. Ablation Experiment Design and Module Contribu-
tions

An ablation study was performed to determine how the
individual modules contributed to the performance of the
system as a whole. The modules that underwent abla-
tion include the multi-sensing fusion module, the digi-
tal twin synchronization module, the MQTT interactive
control module, and the prediction module consisting of
Transformer-BiLSTM. In order to examine the performance
difference between the ablated modules and the entire sys-
tem, all experiments were conducted under the same heat-
ing conditions.

The outcomes of the ablation study are captured in Table
3. The system yields a synchronization error of 1.2°C, tem-
perature uniformity standard deviation of 8.5°C, response
delay of 42 ms, and anomaly detection accuracy of 98.5%.
Without multi-source sensing fusion, the synchronization
error, temperature deviation, and detection accuracy fall
to 3.8°C, 18.2°C, and 92.3%, respectively, thereby justifying
its significance. The significance of digital twin synchro-
nization can be noted from the fact that its omission results
in a synchronization error of 5.6°C, temperature deviation
of 22.7°C, and detection accuracy of 88.6%. Though the
response delay increases to 76 ms when there is no MQTT
control, Transformer-BiLSTM achieves detection accuracy
of 86.9%.

It can be said that the significance of digital twin syn-
chronization is higher than that of sensing fusion because
of consistency in the physical and virtual states through
time and space. Synergy exists between the MQTT and

Transformer-BiLSTM modules since timely features are
provided by MQTT module for prediction, while impor-
tant commands are handled through the prediction output.
Thus, an ablation result cannot reveal the significance of
both modules.

3.7. Performance Evaluation Under Extreme Industrial
Conditions

The three extremely harsh environments tested for assess-
ing the generalization performance of the system include:
laser power at 6 kW, where the velocity is 2.5 m/s; scanning
speed at 3.5 m/s, with laser power of 4 kW; and environ-
mental temperature at —15°C, with laser power at 5 kW.
The highest power level caused the synchronization error
to rise to 2.8°C from 1.2°C and the power response time to
rise to 68 ms because of thermal radiation interference and
limitations in the power supply system. In the case of the
very high scanning speed, the trajectory error rose to 0.52
mm from 0.18 mm owing to inertia.

4. Conclusions

In this paper, state perception delay, calibration of parame-
ters based on experience, and desynchronization of virtual
and physical in WK35 bucket laser heating at a distance
through the design of an interaction and condition moni-
toring framework using the digital twin system are investi-
gated. With the designed framework, better synchroniza-
tion of heating, uniform temperature, detection of hot spots,
and stable heating performance can be achieved. However,
its performance is degraded in the case of extremes, in
which synchronization error reaches 2.8°C at maximum
power and temperature uniformity error reaches 15.6°C
at low ambient temperature. Moreover, the Transformer-
BiLSTM model requires about (2.3 x 10°) FLOPS per infer-
ence and 3.8 ms on RTX 4090. Such a requirement could
make it challenging to deploy the proposed model on edge
devices due to their limited computational resources. The
geometrical adaptation out of the WK35 bucket (35 m3,
20-80 mm wall thickness) is required through recalibration
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Table 3. Ablation Experiment Performance Comparison

Virtual-Physical Temperature = Power Anomaly

Experimental Configuration Sync Uniformity Response Detection
Error (°C) Std Dev (°C)  Delay (ms)  Accuracy (%)

Full system 1.2 8.5 42 98.5

Remove the multi-source perception fusion module 3.8 18.2 51 92.3

Remove the digital twin synchronization module 5.6 22.7 48 88.6

Remove the MQTT interactive control module 2.9 14.1 76 94.1

Remove Transformer-BiLSTM prediction module 1.5 10.3 46 86.9

of point cloud registration and meshing, but the thermal References

framework is not dependent on the geometry. In the case of
5% packet loss, synchronization error increases from 1.2°C
to 1.8°C.
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