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Abstract

Digital twin technology puts forward higher requirements on the real-time performance
of simulations. In order to realize the online simulation of the heat treatment process,
a transient temperature field-microstructure field coupling calculation method based on
the reduced-order model was constructed. This mathematical model was applied to the
online simulation of the end-quenching treatment of 42CrMo steel with complex time-
varying water spray. The results show that the utilization of a 10th-order reduced-order
model diminishes the total computation time from 1 h to 3.4 s, with a reduction in storage
requirements by a factor of 610. The calculation accuracy of the reduced-order model is
99.2%, which satisfies the requirements of real-time online simulation. A framework for the
heat treatment digital twin system has been proposed and an online simulation platform
for end-quenching treatment was developed. The single-step calculation time for the
proposed platform is 0.4 s. The online simulation temperature is basically consistent with
the measured temperature results. This work provides novel avenues for fast calculation
and real-time control of the heat treatment process.

Keywords: heat treatment; digital twin; reduced-order model; end-quenching; intelligent
heat treatment

1. Introduction

With the continuous advancement of machine learning, artificial intelligence and
related technologies, intelligent heat treatment has become one of the core innovative
technologies of heat treatment, and there is also a strong demand for the transformation
and upgrading of heat treatment technology. It is difficult to implement process regulation
in the heat treatment process by using the traditional monitoring-feedback-control method,
which restricts the development of intelligent heat treatment. The fundamental challenge
lies in achieving real-time monitoring of the heat treatment process. Digital twins, serving
as digital representations of tangible objects, have progressively evolved into a significant
technological instrument for intelligence, enabling comprehensive real-time monitoring
and control of physical entities from all perspectives [1,2]. The digital twin necessitates the
spatial description of both the intrinsic and extrinsic behaviors of the actual physical entity.
Additionally, it demands online and real-time capabilities [3], which consequently impose
an elevated requirement for computational speed [4].
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Multi-physics coupling numerical simulation is one of the important methods for
carrying out heat treatment research, which can reflect the internal behaviors of tempera-
ture, phase transformation, stress, deformation and other aspects of the part during heat
treatment [5]. Currently, the principal numerical simulation methods employed for heat
treatment include finite element, finite difference, and finite volume methods. Nonetheless,
due to the substantial degrees of freedom inherent in the model, the numerical simulation
entails solving a substantial number of partial differential equations at each increment step
during iteration processes [6]. Even with the utilization of a high-performance computer,
the computational time extends to several hours or even days, making it challenging to
fulfill the real-time simulation requirements demanded by digital twin technology [7].

The reduced-order model (ROM) technology involves employing a condensed model
to capture the essential features of the original full-order model (FOM). This approach
reduces the complexity of partial differential equations within finite element computa-
tions and enhances computational efficiency. The Proper Orthogonal Decomposition (POD)
method [8] is a predominant model reduction technique that has been extensively applied in
various research fields, including fluid dynamics systems [9,10], mechanical systems [11,12]
and electrical power systems [13]. Ansari [14] employed the POD method to simulate the
electrochemical behavior of the proton exchange membrane fuel cell, including the porosity
of catalyst layers, cell temperature, and concentration of inlet oxygen. Compared to the
traditional finite volume method, the POD method improves the computational efficiency
by dozens of times. Some researchers have utilized the POD method to establish static
response models, aiming to enhance computational speed. For instance, both Chen [15] and
Aversano [16] assembled a snapshot matrix based on the fluid dynamics calculation results
under different boundary conditions. Specifically, Chen [15] constructed the snapshot
matrix from 585 simulations under different combinations of boiler operating conditions,
including variations in fuel distribution and air flow parameters. Aversano [16] generated
64 samples by varying inlet velocity and inlet CHy molar fraction to assemble the snapshot
matrix. After applying POD reduction to these matrices, they employed surrogate mod-
els [17] such as Kriging or support vector machines to establish the relationship between
input and output, facilitating rapid simulation computations of the system with respect
to input parameters. However, this type of static response method is not suitable for
intricate transient physical processes, such as a heat treatment process. Wang [18] proposed
a finite element reduction model for the transient fluid-solid coupling temperature field
calculation of oil-immersed transformers. This model led to a reduction in calculation time
from hours to seconds, which is suitable for building digital twin models. Li [19] proposed
a POD-ROM model for the calculation of fluid flow and heat transfer process in a fractured
geothermal reservoir. The computational efficiency can be improved by 10-15 times and
the maximum prediction error is 0.83%. Some researchers have also demonstrated the
suitability of ROM in transient physical field calculations involving nonlinear parame-
ters [20] and complex time-varying boundary conditions [21]. However, it remains unclear
whether ROMs built from snapshots under a single boundary condition can accurately
predict responses under the strongly time-varying conditions typical of heat treatment.
In addition, the coupling between temperature evolution and phase transformation may
further reduce computational efficiency, challenging the use of these models for real-time
digital twin simulations in heat treatment.

The online simulation of the heat treatment process demands swift solutions for
transient physical fields throughout the entire procedure. Employing conventional ap-
proaches, such as reducing the number of mesh or improving hardware performance,
proves challenging in achieving real-time online simulation. Particularly in intricate heat
treatment processes such as water-air alternating quenching [22], the real-time computa-
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tion of temperature-microstructure fields becomes even more challenging. In this study,
the POD method is employed to establish a transient temperature-microstructure fields
ROM for intricate end-quenching processes. For the transient state process, the FOM must
solve 5268 partial differential equations simultaneously, whereas the ROM needs to solve
10 equations. The computational efficiency of the proposed model improved by 1062 times
while a maximum calculation error of 0.8% is maintained. This work offers novel insights
for real-time control and rapid computation in the context of the heat treatment process.

2. Numerical Model
2.1. Full-Order Model of the Temperature Field Computation

The efficiency and accuracy of the temperature field computation significantly influ-
ence the efficiency and precision of microstructures and other physical field calculations.
The governing equation commonly employed for FOM of temperature field computation is
the Fourier heat conduction equation, as described below:

oT
kv2T+Q—pcp§ =0 1)

where T is temperature; k, cj, p are thermal conductivity, specific heat and density, respec-
tively; t is time; Q is the heat source, which is a latent heat of phase transformation during
heat treatment. In this study, the material is assumed to be isotropic, and the thermal
properties are considered temperature-dependent to account for nonlinearity. Due to the
small magnitude of deformations during heat treatment, the heat generated by plastic
strains is negligible. Utilizing Galerkin’s weighted residual method, and employing shape
functions as weighting functions for the temperature field governing equation and bound-
ary conditions, the finite element solution equation for the temperature field can be derived
as follows [23]:

KT+MT =F )
K= / kBTBAO) + / WNTNAT 3)
Q I
M= / pc,NTNdQ) )
0
F= / NTQIO + / INTT;dr (5)
0 T

where T is nodal temperature column vector; T is temporal derivative of T; K, M and F are
stiffness matrix, mass matrix and load vector, respectively; & is heat transfer coefficient N
is element shape function matrix; (2 is integration domain; I is the boundary of (2, B is
gradient of the shape function matrix.

The evolution of the temperature field can be divided into discrete time steps during
transient calculation. Based on the temperature field at the ith time step and the time step
increment, the temperature field at the (i + 1)th time step can be computed. Therefore, the
evolution of the field variable at different time instants can be sequentially calculated by
giving the initial temperature field. The transient temperature field calculation equation
can be obtained by using the backward difference method:

M M
K|T;,1 =F+ —T; 6
(Ati+1 * ) s - Atiyr ™! ©)

where At;; is the time step of (i 4 1)th. By employing the nodal temperature values at the
nth step T;, the nodal temperature values at the (i + 1)th step T 1, can be obtained using
the equation mentioned above.
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Equation (6) represents the FOM of transient temperature field computation. From this
equation, it is evident that matrices K and M are of size n x n, where # is the total number
of nodes. Consequently, solving a system of n-order linear equations is required in each
time step. When dealing with a substantial number of elements, solving large-scale linear
systems can be time-consuming, making it challenging to meet the real-time demands
of online simulations. Therefore, it is necessary to reduce the computational complexity,
thereby achieving the objective of rapid computation.

2.2. Reduced-Order Model of Temperature Field Computation

The main purpose of the transient temperature field ROM is to reduce the stiffness
matrix, mass matrix, and load vector of the FOM (Equation (6)). The reduced model can
retain the principal modes of the original matrix, thereby encapsulating the primary features
of the FOM. Additionally, the reduced model diminishes the matrix dimensions, enabling
efficient approximation solutions for the linear equation system. The present study employs
the POD method for model reduction. This approach involves establishing an optimal set
of orthogonal bases that can effectively represent the full-order system, using a snapshot
matrix derived from computational results of the FOM. These orthogonal bases effectively
capture the essence of the full-order system. Subsequently, model reduction is achieved
by truncating the first s orthogonal basis vectors. Based on the Sirovich method [24],
the snapshot matrix A can be constructed by nodal temperature values at m moments
as follows:

A=[T,T,...Ty] 7)

where T; represents the nodal temperature values at ¢ time as follows:
1 2 T
T, = [Tt,T,...,Tﬂ ®)
Performing Singular Value Decomposition (SVD) on matrix A results in:
A=uzv? 9)

where U and V are the left and right singular vector matrices, respectively, both of which
are orthogonal matrices. X is a diagonal matrix where the singular values o; are arranged in
decreasing order along the diagonal. The magnitudes of the singular values directly reflect
the importance of the corresponding orthogonal vectors U and V in capturing the essential
characteristics of the snapshot matrix A.

By retaining the first s terms of U, the POD orthogonal basis P; can be obtained:

Ps =U; = [uq,up,. .., us) (10)
The nodal temperature can be reconstructed by using the following equation:
%t = Pu; (11)

where i is the reconstructed nodal temperature at time ¢. a; is the coefficient column vector
of the orthogonal basis at time #, which corresponds to the columns of ZV7 in the SVD of
the snapshot matrix and is used, together with the retained POD modes, to reconstruct the
nodal temperature at that time. The reconstruction accuracy can be evaluated using the
energy proportion of the POD mode I;.

s m
I; = 2(71‘2/20'1‘2 (12)
i=1 i=1
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Substituting Equation (11) into the FOM of the transient temperature field (Equation (6))
and multiplying both sides of the equation by Ps7, the ROM of the transient temperature
field can be derived as follows:

(PST M b PSTKPS> i1 = PTF+ PSTipsa,« (13)
Atitq Aty
From the equation, it can be observed that the temperature computation equation has
transformed from calculating the temperature of all nodes to computing the coefficients a
of the orthogonal basis. The nodal temperature can be subsequently calculated by using
Equation (11). As the dimension of « is s, which is significantly smaller than the node
number 7, the solution time for the linear equation system of ROM is significantly reduced.

2.3. Microstructure Computation

Solid-state phase transformations in the heat treatment process can be categorized
into diffusional and non-diffusional phase transformations based on the underlying mech-
anisms. The pearlite transformation and bainite transformation in steel are typically
considered diffusional phase transformations, while the martensitic transformation is a
non-diffusional phase transformation. For isothermal processes, the kinetics of diffusional
phase transformations can be described using the Johnson-Mehl-Avrami-Kolmogorov
(JMAK) equation:

f=1—exp(=b(t—t)") (14)

where f is the transformed fraction, ¢ is time, and ¢, is the incubation period. The param-
eters b and n are temperature-dependent and can be computed based on the isothermal
transformation kinetics curve of steel, also known as the Time-Temperature-Transformation

(TTT) curves:
In [ln(l *fl)}

In(1 —f2)
= 15
"l —fo1) —In(fs — fs2) (15)
In[1 — f1]
p— 2 — Al 16
(t1 —ts1)" (16)

where t; and t; are the isothermal times corresponding to the transformed fraction of f;
and f, respectively in the TTT curves. ¢, ; and £;, are the incubation periods corresponding
to the transformed fraction of f; and f;, respectively. The values of f; and f; are typically
set to 1% and 99%, respectively.

The JMAK equation is applicable to the isothermal transformation process. For a
continuous cooling process, it can be considered as a sequence of small isothermal steps.
The incubation rate is accumulated using Scheil’s additivity rule [25]. Therefore, the
occurrence of phase transformation can be determined by satisfying the following equation:

‘2%:1 (17)

where inc is the current increment step, At; is the time for the ith incremental step, £,
is the isothermal incubation period at the temperature of the ith incremental step. The
transformed fraction of ith step can be calculated as follows:

fi=1 —exp(=bi( + At — £::)") (18)

_ _ £ l/ﬂ,‘
t = [l”(lb f”)} o (19)
i
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where f; and f;_; are the transformed fraction of ith and i — 1 th step.

In martensitic transformation, the transformed volume fraction of martensite is a
function of undercooling. Koistinen and Marburger [26] proposed a relationship between
the martensite fraction and temperature:

f=1—exp(—a(M; —T)) (20)

where M is the start temperature of martensitic transformation, a is the constant reflecting
the transformation rate and varying with the steel composition.

For 42CrMo steel, the JMAK model combined with Scheil’s additivity rule provides
a practical description of diffusional phase transformations under continuous cooling
conditions, since the kinetic parameters are derived from its TTT data [27]. Although
rapid cooling may introduce local non-equilibrium effects, the additivity rule enables the
continuous cooling process to be reasonably approximated as a sequence of incremental
isothermal steps. For martensitic transformation, the Koistinen-Marburger relation cap-
tures the dominant dependence of martensite fraction on undercooling and is therefore
suitable for engineering simulations of alloy steels.

2.4. Online Simulation Process

The proposed mathematical model is applied to the online simulation of the end-
quenching process of 42CrMo steel. The procedure for online simulation is shown in
Figure 1 and can be outlined as follows:

1.  Initialization stage: The purpose of this stage is to acquire the POD orthogonal basis.
To achieve this objective, a finite element model (FEM) was initially established.
Subsequently, the FOM of the transient temperature field was employed to compute
nodal temperatures at various time steps. The snapshot matrix was constructed
utilizing the nodal temperature values derived from the FOM. The snapshot matrix
underwent SVD, and the first s terms of the left singular vector were truncated,
resulting in the acquisition of the POD orthogonal basis. The value of s should be
chosen to ensure that the energy proportion of the POD mode I, surpasses 0.99. To
assess the adequacy of this selection, we conducted a sensitivity analysis by varying
s and examining the corresponding cumulative energy fractions and their impact
on the resulting prediction errors. This analysis provides guidance for selecting an
appropriate ROM order in transient simulations.

2. Loop iteration stage: The purpose of this stage is to address the computation of
temperature and microstructure fraction under varying heat transfer boundary condi-
tions during online simulation. As the heat transfer conditions alter throughout the
quenching process, the matrices K, M and F are updated at the beginning of each time
step in accordance with the actual quenching process. Subsequently, the coefficient
column vector « is determined through the ROM of the transient temperature field.
Consequently, the nodal values are reconstructed according to Equation (11). The
volume fraction of the microstructure is determined based on the nodal temperatures.
The aforementioned steps are iterated in each simulation increment until the final
time is reached.
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Figure 1. Flow of online simulation model of the end-quenching process.

3. Online Simulation of End-Quenching Process
3.1. FE Model

Figure 2 is the illustration of the end-quenching process. The material of the cylindrical
sample is 42CrMo steel, which is assumed to be isotropic, and its thermal properties—
thermal conductivity and specific heat—are temperature-dependent and exhibit nonlinear
behavior, as referenced in our previous work [28]. The cylindrical sample was heated
to 850 °C for 30 min. Following removal from the furnace, the sample was promptly
transferred to an end-quenching test station, where water was sprayed until it cooled to
room temperature. Online simulation and experiment of continuous water end-quenching
(CWEQ) and water—air alternation end-quenching (WAEQ) are conducted. The WAEQ
process is achieved by controlling the cessation and resumption of water spray cooling.
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12

Figure 2. Illustration and simulation model of the end-quenching process (unit: mm).

Due to the axisymmetric nature of the end-quenching cylindrical sample, a two-
dimensional axisymmetric model was employed for modeling. To ensure the numerical
accuracy of the full-order model, convergence analyses in both space and time were per-
formed. The mesh size and time increment were successively refined, and the correspond-
ing temperature evolution was examined. When the element size was refined to 0.5 mm and
the time increment was reduced to 0.1 s, further refinement resulted in negligible changes
in the simulated temperature field. Therefore, a mesh with an element size of 0.5 mm was
adopted, resulting in 5036 elements and 5268 nodes, and a time step of 0.1 s was selected for
the simulations. The initial node temperature was set to 850 °C. The bottom boundary was
assigned a heat transfer coefficient of water cooling, while the remaining boundaries were
set to air convection [29]. The total cooling time was set to 1000 s to ensure complete cooling
of the specimen to room temperature. The ROM of the temperature microstructure-coupled
field was developed using the C++ language. The FOM calculation was performed using
the commercial finite element software MSC.Marc 2018.

3.2. FOM Simulation Results of CWEQ

Figure 3 illustrates the temperature distributions at different times during the CWEQ
process. It can be observed that the temperature is lowest at the end of the sample and
highest at the top during the quenching process. However, since contact heat transfer
with the support was not considered, the top temperature slightly deviates from the actual
situation. Nevertheless, this deviation does not significantly affect the overall temperature
simulation results. The temperature is relatively consistent in the radial direction, indicating
that the air cooling on the side walls has a minimal impact on the temperature field. The
cooling of the sample is primarily achieved through contact with the spray water on
the end.

684
601
518
435
352
269
186

HEEE

0s 05s 2s 10s 20s 50s 100 s 150 s 200s

Figure 3. Temperature distributions at different time during the CWEQ process.

https://doi.org/10.3390 /met16030272


https://doi.org/10.3390/met16030272

Metals 2026, 16, 272

9of17

3.3. ROM Simulation Results of CWEQ

Based on the FOM simulation results of the CWEQ process, a snapshot matrix is
constructed by collecting temperature data of all nodes at intervals of 1 s within the time
range of 0 to 1000 s. The dimension of the snapshot matrix is 5268 x 1001, capturing
temperature variation characteristics from 850 °C to room temperature. By employing the
method described in Section 2, ROM with various reduced orders can be obtained.

Figure 4 presents a comparison between the simulated temperature distributions at
different times (5 s, 50 s and 200 s) using FOM and ROM with different reduced orders (1,
3,7,and 10). It is evident that there is a substantial difference in temperature distribution
between the FOM result and the ROM result, with the order of 1 and 3. However, the
temperature distribution trend of the ROM is similar to the FOM, depicting lower tempera-
ture at the end and higher temperature at the top. When the reduced order reaches 7, the
temperature distribution pattern of the ROM closely aligns with that of the FOM. Further
increasing the reduced order to 10 makes it difficult to visually discern differences in the
results from the cloud plot.

|41

(a)

850
767
684
601
518
435
352
269
186
103
20

1th-order 3th-order 7th-order 10th-order
ROM ROM ROM ROM

!

FOM

(b)
850
767
684
601
518
435
352
269
186
103
20

1th-order 3th-order 7th-order 10th-order FOM
ROM ROM ROM ROM

(©)

850
767
684
601
518
435
352
269
186
103
20

1th-order 3th-order 7th-order 10th-order
ROM ROM ROM ROM

FOM

Figure 4. Simulated temperature distribution at (a) 5 s, (b) 50 s, (c) 200 s by using FOM and ROM
with different reduced orders.

https://doi.org/10.3390 /met16030272


https://doi.org/10.3390/met16030272

Metals 2026, 16, 272

10 of 17

The energy proportion of the POD mode I; of ROM with different orders was used to
evaluate the information accuracy of ROM, as depicted in Figure 5a. At the 1st order, the
value of I, is 76.8%. As the order increases, I; quickly rises, reaching a remarkable 99.999%
at the 10th order. Additionally, the maximum nodal temperature error between ROM and
FOM was analyzed. At the 1st order, the maximum nodal temperature error was 850 °C,
while at the 10th order, the maximum nodal temperature error was 0.05 °C. Therefore, the
10th-order ROM was used for the subsequent analysis. Figure 5b shows the maximum
temperature error versus distance from the quenched end for different ROM orders. The
temperature error exhibits spatial oscillations because truncating higher-order POD modes
removes fine-scale spatial variations, causing alternating over and under estimations at
different nodes. The maximum error occurs at the quenched end at the start of cooling,
where the temperature gradient is steepest. As the number of retained modes increases,
both the overall error and the amplitude of the oscillations decrease.
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Figure 5. (a) Energy proportion and maximum error curves of ROM with different orders.
(b) Maximum temperature error versus distance from the quenched end for different ROM orders.

Figure 6 illustrates the simulated distribution curves of ferrite, bainite, and marten-
site volume fractions after the CWEQ process. Additionally, the distribution of Rockwell
hardness has been determined experimentally. The result indicates that a complete marten-
sitic microstructure is obtained within a depth of 7 mm from the surface. In the range of
7-30 mm depth, a mixture of martensite and bainite is present, while the remaining regions
primarily consist of bainite. On the upper surface, the volume fraction of pearlite is less
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than 10%. The hardness of 42CrMo steel is mainly determined by martensite content. The
experimental measured hardness distribution fits well with the simulated martensite frac-
tion distribution, thus confirming the accuracy of the simulation. Figure 7 shows the SEM
images of the microstructure at 0/10/20/30 mm from the end surface. The microstructure
is lath martensite at the spray end. The fraction of granular bainite increases with the
increasing of distance.

1.0 64
0.9 62
Perlite Martensite
08} o 160
Bainite —%— Hardness
= 0.7 - 158
."..;; 06 - 0.1 1.0 1.0 156 %
‘g 05 lss 2
0.05 05 05 15
§ 04 152 _§
03+ <
0.0 0.0 juud 0.0 4 50 I
0.2+ Perlite Bainite Martensite 48
0.1+
46
00 L 1 1 + 1 1 L 1 L 44

0 10 20 30 40 50 60 70 80 90 100

Distance.mm

Figure 6. Simulated microstructure volume fraction and experimental measured hardness distribution
curves after the CWEQ process.

Figure 7. SEM images of microstructure at (a) 0 mm, (b) 10 mm, (c) 20 mm, (d) 30 mm from the end
surface after the CWEQ process.

Table 1 shows the comparison of FOM and ROM simulation. When employing the
10th-order ROM for computation, the efficiency of solving is significantly enhanced. This
is due to the reduced scale of solving the linear equation system, which now comprises
10 equations for each increment. In this study, a workstation with a CPU of Intel Core i9-
7900 X CPU @ 3.30 GHz and 127 GB RAM is used. In terms of simulation time, FOM requires
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7038 s to complete the simulation, whereas ROM takes 7.5 s. A substantial computation
time reducing, by a factor of 938, is achieved for this particular problem. The primary
reason is the reduction in the model’s degrees of freedom from 5268 to 10 through the
adoption of the ROM model. Additionally, the first ten basis functions capture almost
100% of the transient heat transfer process. This approach ensures the preservation of key
characteristics in matrix operations.

Table 1. Comparison of FOM and ROM simulations of CWEQ.

Number of Maximum Time
Model Steps Error/°C Consuming/s Storage/MByte
FOM 10,000 - 7038 748
ROM 10,000 0.05 7.5 1.16

Moreover, FOM necessitates storing all node data for every step, leading to a matrix
size of 5248 x 10,001. This means the storage requirement for all time steps is 748 Mbyte. In
contrast, ROM requires storing the coefficient column vector matrix of the POD orthogonal
basis, which has a size of 10 x 10,001 and occupies 1.16 Mbyte. When there is a need
to extract the node temperature values at a specific time, the data reconstruction can be
performed using Equation (11), resulting in the nodal temperature corresponding to that
specific time.

3.4. FOM and ROM Simulation Results of WAEQ

In the aforementioned analysis, ROM was obtained through the simulation of the
CWEQ process. In order to assess the applicability of the obtained ROM for time-varying
heat boundary conditions, the proposed 10th-order ROM is employed to simulate the
WAEQ process in this section.

Figure 8 illustrates the simulated temperature curves using FOM and ROM at different
positions during the WAEQ process, with a total of seven random water—air alternation
cycles. The results indicate a close agreement between FOM and ROM simulation. Figure 9
depicts the maximum temperature error between FOM and ROM at various times. It
can be observed that the error fluctuation is consistent with the frequency of water-air
alternation. This phenomenon mainly arises from the fact that when temperature gradients
are steep, the snapshot matrix struggles to accurately reflect the temperature distribution
characteristics of the model. However, the maximum temperature difference is 6.4 °C,
achieving an accuracy of 99.2%. This level of precision is considered sufficient for simulating
the temperature field in heat treatment processes, ensuring an adequate description of
the overall temperature distribution. It is demonstrated that the applicability of the ROM
developed by the CWEQ process to complex heat transfer boundary conditions.

Table 2 presents the maximum error, computation time, and required storage space
during ROM and FOM simulation processes. It is evident that under complex heat transfer
boundary conditions, the computation time using the ROM decreased by 1062 times (from
3612 s to 3.4 s). The storage space has been reduced by a factor of 619 (from 378 Mbyte to
0.62 Mbyte). The POD-ROM method has been widely recognized as an effective approach
for reducing computational cost in transient temperature field simulations. In this study,
we further demonstrate its reliability and efficiency for high-fidelity online simulation of
the heat treatment process considered here.
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Figure 8. Simulated temperature curves using FOM and ROM at different positions during the
WAEQ process.
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Figure 9. Maximum temperature error curves between FOM and ROM simulation of WAEQ process.

Table 2. Comparison of FOM and ROM simulation of WAEQ.

Number of Maximum Time
Model Steps Error/°C Consuming/s Storage/Mbyte
FOM 5000 - 3612 378
ROM 5000 6.4 3.4 0.62

3.5. Online Simulation Platform for Digital Twin

Figure 10 illustrates the digital twin architecture for the heat treatment process. In the
provided framework, the interaction between heat treatment equipment/process param-
eters in the physical space and the digital space is facilitated through sensor and control
modules. This interaction establishes a bridge between the physical and digital spaces, cre-
ating a dynamic mapping within the digital space that accurately reflects the characteristics
of the physical space. This digital twin framework offers the capability to visualize the
real-time status of equipment and the distribution of physical fields within heat-treated
components. Furthermore, it enables the analysis and control of equipment and processes
based on the digital twin data.
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Figure 10. Digital twin architecture for the heat treatment process.

Within this architecture, the online simulation platform for heat treatment digital twin
is a visualization system that integrates physical and mathematical models. It enables the
online simulation of the physical space, parameter response, visualization of physical field
and data, as well as virtual tests. The platform also serves as a foundation for intelligent
analysis, simulation, optimization, decision-making, and early warning throughout the
heat treatment process.

In this study, an online simulation platform for the end-quenching process was devel-
oped based on the proposed ROM, as shown in Figure 11. This platform enables real-time
online simulation of CWEQ and WAEQ processes. The spray-/water-quenching status of
the platform corresponds to the physical world. Furthermore, the temperature at a point
located 20 mm from the end is measured using an infrared thermometer. This measured
temperature is then transmitted in real time to the online simulation platform, represented
as “Tested” in the temperature curve chart on the upper-right side of the platform. The
“Simulation” corresponds to the real-time simulated data for the same location. The chart in
the lower-right section of the platform represents the volume fraction of the microstructure
at that specific location. In the center, the platform provides the real-time temperature dis-
tribution on the end-quenched sample, which can be toggled to show the volume fraction
distribution of austenite, pearlite, bainite, and martensite. The upper-right corner displays
the current spray/air quenching status and current time.

The online simulation platform primarily accomplishes real-time dynamic calculation
and visualization of the temperature and microstructure fields during the end-quenching
process. We also conducted an assessment of the platform’s real-time capabilities. The re-
sults indicate that the computational time required for each update of the online simulation
platform is 0.4 s. Specifically, the computation time for the temperature field using ROM
is approximately in the range of 10~° to 10~* s; the microstructure field calculation takes
about 0.2 s; the model rendering and display consume another 0.2 s. It should be noted
that the 0.4 s update interval reflects the time required for complete visualization and mi-
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crostructure computation, not the temperature calculation itself. Since the temperature field

computation is extremely fast, it is sufficient to meet the requirements of typical industrial

temperature sampling frequencies (~50 Hz), even though control system commands are ex-

ecuted at microsecond intervals. Therefore, the platform is capable of supporting real-time

monitoring and visualization of the heat treatment process. The simulated temperature

data closely aligns with the measured data. This platform addresses challenges related to

the invisibility and immeasurability of component states during the end-quenching process.

It provides a dynamic control foundation for complex heat treatment processes.

== Spray_Quenching

Online Simulation Platform of End Quenching
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Time/s
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Figure 11. Online simulation platform of end-quenching process.

4. Conclusions

1.

In this paper, the ROM of the transient temperature field calculation was constructed
based on the POD method. This significantly reduces the size of the partial differential
linear equation system to be solved during transient calculations. A coupled online
calculation method for the temperature field and microstructure field during the heat
treatment process was developed.

The ROM for the end-quenching process of 42CrMo steel was established, enabling
simulations of both CWEQ and WAEQ scenarios. Compared with the FOM calcu-
lation by MSC.Marc, the computation time was significantly reduced 1062-fold by
employing a 10th-order ROM, accompanied by a 610-fold reduction in storage space.
The maximum relative deviation between FOM and ROM is 0.8%, which demonstrates
the ROM'’s capability to meet the online simulation requirements for digital twinning.
A framework for the thermal treatment digital twinning system was proposed, and
an online simulation platform for end-quenching was developed. This platform
enables real-time prediction of temperature and microstructure evolution during the
end-quenching process. The computation time for each step is 0.4 s. This research
presents a novel approach for real-time control and rapid computation in the heat
treatment process.

In future work, the proposed ROM-based online simulation framework will be ex-

tended and validated for components with more complex geometries. Furthermore, it will

be utilized to investigate advanced cooling control strategies, such as alternating water and

air quenching, with the aim of optimizing heat treatment processes.
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