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ABSTRACT: Metal additive manufacturing (AM) technology has promising applications across many fields due to its
near-net-shape advantages. The quality of the as-built component is closely linked to the temperature evolution during
the metal AM process, which exhibits strong nonlinearities, localized high gradients, and rapid cooling rates. Therefore,
real-time prediction of the temperature field is essential for effective online process control to achieve high fabrication
quality, which poses surprising challenges for numerical methods, as traditional methods suffer from the inherent
time-consuming nature of fine time-space discretizations. In this study, we proposed an isothermal surface imaging
and transfer learning framework for fast prediction of isothermal surfaces, which are further used to reconstruct
the high-dimensional, nonlinear temperature field. It consists of three key parts: physics-guided isothermal surface
imaging to reduce the problem dimensionality by transforming the unstructured temperature field into a series of
structured grayscale images, a pre-trained hybrid parameter-to-image generative neural network for the isothermal
surface prediction in favor of small training samples, and a transfer learning strategy leveraging physical similarity
of these isothermal surfaces in the metal AM process to obtain the 3D temperature field. The training samples
are generated using a high-fidelity numerical model, which is validated against experimental data. The predicted
results from the proposed framework agree well with those from the high-fidelity numerical simulation for a given
combination of process parameters, achieving a computational cost measured in seconds. It is expected that the
proposed framework could serve as a powerful tool for predicting the temperature field and further facilitating online
control of process parameters.
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1 Introduction
Metal additive manufacturing (AM) technology has attracted promising applications in many fields

due to its ability to fabricate parts with complex geometries and enable rapid customization. As one of
the key metal AM technologies, the laser powder bed fusion (LPBF) process utilizes a high-energy laser
beam that moves along predefined scan paths to melt metal powder in a track-by-track, layer-by-layer
manner. The thermal behavior during the process, characterized by high thermal gradients and rapid cooling
rates [1–3], is closely related to the quality and efficiency of the fabrication. In particular, complex thermal
evolution can lead to the formation of manufacturing defects, such as surface inhomogeneity and internal
porosity. Therefore, rapid prediction of the temperature field is essential for online process control to ensure
component quality and fabrication efficiency in LPBF.

Copyright © 2026 The Authors. Published by Tech Science Press. This work is licensed under a Creative Commons Attribution 4.0 International
License, which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.

https://www.techscience.com/journal/CMES
https://www.techscience.com/
https://doi.org/10.32604/cmes.2026.078312
https://www.techscience.com/doi/10.32604/cmes.2026.078312
mailto:yanping.lian@bit.edu.cn


2 Comput Model Eng Sci. 2026;146(3):1

Although traditional numerical methods, including the finite element method (FEM) and the finite
volume method (FVM), have been widely developed to simulate transient temperature fields [4–6], their
practical applications remain constrained by prohibitive computational costs, especially under fine spa-
tiotemporal resolution requirements. In contrast, machine learning methods automatically learn hierarchical
representations from data offline and then make real-time predictions online. However, this advantage in
efficiency often comes at the cost of relying heavily on large-scale labeled samples, which is expensive to
achieve by either experimental measurements or high-fidelity simulations. Therefore, it remains an open
problem to develop a machine learning based method using small samples to efficiently predict the 3D
temperature field during the metal AM process.

Many efforts have been devoted to machine learning (ML) models for AM. These works can be
divided into two categories: the physics-driven ML models and the data-driven ML models. Compared
with the latter, the former is directly used to solve the partial differential equations (PDEs) without or
with a little dependence on labeled samples. For example, the physics-informed neural network (PINN)
model [7–9], using the residual of the governing equation of the physical problem as a loss function, is the
most representative. Zhu et al. [7] first extended the PINN model to metal AM processes to predict the
temperature and the molten pool flow fields. The model was trained on a small subset of high-fidelity finite
element simulation data (spanning 1.2 to 1.5 ms) and achieved relative discrepancies of 2.9% to 9.7% for the
dimensions of the molten pool and 7.8% to 37.7% for the cooling rates compared to NIST AM-Benchmark
experimental measurements. However, the computational efficiency of the PINN is shown to be lower than
that of FEM. Li et al. [10] proposed a label-free PINN model that incorporates heat conduction, convection,
and radiation equations to predict 3D temperature fields for the laser metal deposition process. The model
achieved a maximum relative error of approximately 2% (with mean relative errors ranging from 0.64% to
0.95%) compared to the FEM results. In terms of computational efficiency, the basic training process took
approximately 650 s on Nvidia A100 GPUs, while the FEM simulation required 600 s on a 12-core i7-12700K
CPU. Liao et al. [11] developed a hybrid physics-based data-driven PINN to predict the full-field temperature
history and identify unknown parameters in AM by combining partially observed data with heat conduction
laws. For the bare plate scanning example, the PINN achieved a root mean square error (RMSE) of 14.07
K compared to the FEM results, which was further reduced to 3.72 K when incorporating noisy auxiliary
data, and took approximately 2.5 h on an RTX A6000 GPU. To enable real-time prediction, recent studies
have shifted towards data-driven PINNs, referred to as the parametric PINNs, which are trained offline and
makes predictions online. By integrating process parameters directly into the model input, these models
can predict temperature fields for unseen conditions without updating weights. Hosseini et al. [12] used a
parametric PINN model for the prediction of transient temperature fields and the dimensions of the molten
pool. The model achieved a mean absolute error (MAE) below 4.5% for temperature predictions compared
to FEM benchmarks. Although the PINN training process took approximately 1.8 h (constant properties)
to 4 h (temperature-dependent properties) on a single Nvidia Titan RTX GPU compared to 0.2 to 2.5 h for
the corresponding FEM simulations on a 12-thread Intel Xeon Gold 6150 CPU, the trained PINN model
achieved a prediction at the cost of around 1 ms. Xie et al. [13] proposed a parametric PINN model to predict
the 3D temperature fields for the direct energy deposition (DED) process, where 6000 samples generated
from a high-fidelity finite element model were used, and the model achieved a mean relative error of 4.83%
compared to experimental measurements (with mean relative errors between 0.8% and 3.5% compared to
the FEM results) within a mean prediction time of 0.20 ms. Although parametric PINN can perform real-
time prediction, it suffers from the same shortcomings as data-driven ML models with multilayer neural
networks, as discussed below. Moreover, the original PINN, which directly solves PDEs, is not suitable for
the real-time analysis of physical problems [14].
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Data-driven ML models have been widely used for predicting the temperature field in AM due to
their effectiveness in learning complex nonlinear mappings from data [15–17]. Compared with PINN, they
avoid the physics-based constraints and associated automatic differentiation during offline training, while
achieving efficient prediction once trained. For example, Roy and Wodo [18] proposed an artificial neural
network-based surrogate model to predict the temperature history in the fused filament fabrication process,
where a total of 26,000 training data points from 3D cuboid geometries with a fixed cross-section of 2.4 ×
2.4 mm2 and lengths ranging from 2.0 to 6.0 mm, discretized with a mesh size of 0.1 mm, were generated
using the transient heat conduction FEM. The model achieved a prediction accuracy exceeding 95% with a
computational cost of approximately 326 per simulation (0.036 s per point) executed on a single-core Intel
Xeon E5645 CPU @ 2.40 GHz, which can take up to 35.5 h using FEM executed on a 12-CPU system. Pham
et al. [19] proposed a feedforward neural network-based surrogate model to predict the temperature field
in the DED process. The model was trained on 19.92 million samples generated using a 2D heat conduction
FEM model. The domain was discretized into 2519 nodes via a non-uniform mesh: a fine 0.7 mm mesh was
applied to the cladding, while the substrate bottom featured a coarse mesh. The surrogate model achieved a
prediction accuracy of 99% with a computational cost of 12 s per simulation, and the FEM model takes 0.6 h.
It is clear that a direct mapping from the process input to the high-dimensional temperature field via a deep
learning neural network requires a massive number of training samples. Because high-fidelity numerical
simulations are time-consuming, these existing data-driven models often rely on the simulation data from
the simplified numerical models with coarse mesh, in which many thermofluid flow effects, e.g., the molten
pool convection, are ignored. The promising data-driven ML model should be trained using samples with
high fidelity and fine spatial resolution. However, the limited availability of expensive high-fidelity simulation
data challenges the data-driven ML model using neural networks for fast prediction of temperature fields in
metal AM.

To address the aforementioned challenge, we proposed an isothermal surface imaging and transfer
learning (ISI-TL) framework for rapid and accurate prediction of the isothermal surface and the reconstruc-
tion of the 3D temperature field in metal AM. The proposed framework is formulated for application within
the stable LPBF processing window. Unlike data-driven ML models that directly output voxel temperatures,
the proposed ML model in the framework outputs the geometric morphology of isothermal surfaces, which
are further aggregated to construct the 3D temperature field. To this end, a physics-guided isothermal surface
imaging method is used to transform the high-dimensional 3D problem into a low-dimensional 2D one,
decomposing the temperature field of interest into a finite set of isothermal surfaces. These isothermal
surfaces are further compressed along the build direction into a 2D grayscale image, achieving an efficient
structured representation of the temperature field. Then, a pre-trained hybrid parameter-to-image generative
neural network (PHPG-NN) is trained to predict 2D grayscale images with process parameters as input.
A strategy of combining unsupervised and supervised learning is used to maximize the extraction and
utilization of information from limited data. Once a PHPG-NN is trained for one isothermal surface, a
transfer learning is used to extend it to other isothermal surfaces corresponding to different temperature
values by a lightweight fine-tuning step, rather than retraining the entire complex NN. A combination
of PHPG-NNs trained on different isothermal surfaces can yield a 3D temperature field for a region of
interest via spatial interpolation among a set of isothermal surfaces, thereby enabling scalable temperature
prediction. The proposed PHPG-NN and the entire framework are trained and validated using 100 samples,
generated with a high-fidelity numerical model using the multiphysics material point method (MPM), which
is validated against experimental data. The predicted results for unseen samples agree well with those from
high-fidelity numerical simulations, while the computational efficiency of the PHPG-NN is shown to be
orders of magnitude higher than that of the multiphysics MPM.
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The remainder of this paper is organized as follows. In Section 2, we present the proposed ISI-TL
framework, including the high-fidelity numerical model to generate training samples, the physics-guided
isothermal surface imaging method, and the PHPG-NN with its transfer learning strategy for the isothermal
surface prediction and the reconstruction of the 3D temperature field. Section 3 presents the predic-
tion results of the proposed framework, demonstrating its accuracy and efficiency with limited samples.
Finally, Section 4 makes concluding remarks and lists future research directions.

2 Isothermal Surface Imaging and Transfer Learning Framework
In this section, the proposed ISI-TL framework is introduced for rapid prediction of a high-dimensional

nonlinear temperature field with scarce high-fidelity simulation data. As illustrated in Fig. 1, the framework
adopts a high-fidelity thermo-fluid flow model to obtain 3D temperature fields under various process param-
eters, then utilizes the physics-guided isothermal surface imaging method to convert the 3D temperature
field within the region of interest (ROI) for a given time instance into a series of 2D grayscale images,
which are further normalized and divided into training and testing samples for the PHPG-NN model.
The PHPG-NN model, consisting of a deep neural network (DNN) and a convolutional neural network
(CNN) decoder, establishes a direct mapping from the process parameters to the geometric morphology of
the isothermal surface of T. Given the significant influence of laser power (P) and scanning speed (V) on
molten pool dynamics, these two parameters are selected as the model inputs. Once trained, a set of PHPG-
NNs is constructed through transfer learning for different isothermal surfaces within the same ROI. For a
new set of process parameters, multiple PHPG-NNs are used simultaneously to predict the corresponding
isothermal surfaces, from which a 3D temperature field within the ROI can be reconstructed via spatial
interpolation. The high-fidelity thermo-fluid flow model and each part of the ISI-TL framework are detailed
in the following sections.

Temperature field reconstruction

Temperature field

T Ttl

Data generation Isothermal surface imaging Output
Generative NN

model

Process parameters

DNN Decoder 

CNN Decoder Pre-trained
network

Parameter
transfer

Reverse projection

Field discretization
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Figure 1: Methodology of the proposed ISI-TL framework for temperature field prediction in metal AM.

2.1 High-Fidelity Thermo-Fluid Flow Model
In this study, the problem of thermo-fluid flow in the LPBF AM is considered. As illustrated in Fig. 2,

the primary interfacial phenomena, including heat convection/radiation, heat input, surface tension, and
the Marangoni effect, play an important role in the evolution of the temperature field during the scanning
process. The governing equations for this problem, including the continuity equation, the momentum
conservation equation, and the heat transfer equation, are given below.
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∇ ⋅ u = 0

ρ Du
Dt
= ∇ ⋅ (μ∇u) − ∇p − K0 ⋅

(1 − f )2

f 3 + ε0
u + ρg + f v + f s

ρcp
DT
Dt
+ Vmetalρmetal Lm

D f
Dt
= ∇ ⋅ (λ∇T) + q

(1)

where Dϕ
Dt denotes the material derivative of a variable ϕ, u denotes the fluid velocity, ρ denotes the material

density, μ denotes the dynamic viscosity, p denotes the pressure, K0 denotes the Carman–Kozeny coefficient
of the mushy zone flowing, f denotes the volume fraction of liquid phase, ε0 denotes a small constant to avoid
singularity, g denotes the gravity, T denotes the temperature, cp denotes the specific heat capacity, Vmetal
denotes the metal volume fraction, Lm denotes the melting latent heat, λ denotes thermal conductivity, q
denotes the moving heat source with the given power and scanning speed.

Substrate

Laser

Powder bed

Scanning direction

Figure 2: Illustration of the thermo-fluid flow problem in the LPBF AM.

To enhance numerical stability, recoil pressure and surface tension are converted into body force. The
recoil pressure f v reads:

f v = ξp p0 exp [LVM (T − TV)
RTTV

] n 2ρ
ρmetal + ρgas

∣∇Vmetal∣ (2)

where ξp denotes the recoil pressure coefficient, p0 denotes the ambient pressure, LV denotes the latent heat
of vaporization, M denotes the molar mass, R denotes the ideal gas constant, TV denotes the vaporization
temperature, n denotes the normal vector at the gas/liquid interface.

The surface tension f s including the Marangoni force reads:

f s = (γκn + dγ
dT
[∇T − (n ⋅ ∇T)n]) 2ρ

ρmetal + ρgas
∣∇Vmetal∣ (3)

with κ being the interface curvature, γ being the surface tension coefficient, and dγ
dT being the derivative of

surface tension coefficient with respect to temperature.
To accurately simulate the thermo-fluid coupling and transient nonlinear behavior of the molten pool in

metal AM, a numerical method that effectively captures free surface evolution and solid-liquid phase change
is required. The multiphysics material point method is used in this study. In this method, the material domain
is discretized using a set of Lagrangian particles and an Eulerian background grid. The particles carry all
material information and track material motion as well as phase interfaces, while the background grid is used
to solve the governing equations. In particular, an improved Chorin’s projection method is applied to solve
Darcy’s damping, a staggered derivation scheme is applied to calculate surface tension and the Marangoni
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effect, and a sub-cell occupation technique is introduced for volume fraction treatment. In addition, a semi-
implicit local iteration algorithm is adopted for the latent heat calculation. For a detailed description of the
multiphysical MPM, please refer to our previous work [20].

2.2 Physics-Guided Isothermal Surface Imaging Method
The physics-guided isothermal surface imaging method is one of the three key components of the ISI-

TL framework for reducing the dimensionality of the temperature field. It transforms the prediction of an
unstructured, high-dimensional 3D temperature field into a regression problem of a series of structured,
low-dimensional 2D grayscale images. Here, the term physics-guided refers to the physically meaningful
representation provided by the structured 2D grayscale images, where the learned features correspond to
the geometric morphology of isothermal surfaces. Therefore, it consists of two sequential steps: isothermal
surface discretization and 2D grayscale image creation. They are detailed as follows.

2.2.1 Isothermal Surface Discretization
The mushy zone is selected as ROI due to its significance in the evolution of material microstructure.

Under the assumption of a quasi-steady state of the molten pool, the temperature field within this ROI at the
same time is decomposed into distinct isothermal surfaces, as illustrated in Fig. 3.

3D field of interest

T2

T1

Tn

Isothermal surfaces

Interpolate

Molten pool depth

Discretize

Project Laser

Grayscale image

Figure 3: Illustration of the isothermal surface imaging process: from the 3D temperature field of the ROI to 2D
grayscale images.

For the isothermal surface STi , the geometric morphology representation is mathematically formalized
as a cloud of discrete points X(k)

Ti
:

X(k)
Ti
= {x j ∈ R3 ∣ j = 1, 2, . . . , n(k)

Ti
} (4)

where the superscript (k) denotes the combination of process parameters, the subscript Ti denotes the
temperature value of the isothermal surface, x j ∈ R3 denotes the spatial coordinate of the j-th discrete point,
n(k)

Ti
is the total number of points, which may vary with Ti and k. With the definition of X(k)

Ti
, the ROI

temperature field can be expressed as a geometric ensemble D(k):
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D(k) = {X(k)
T1

, X(k)
T2

, . . . , X(k)
Tm
} (5)

where m denotes the total number of discrete isothermal surfaces selected for reconstruction.

2.2.2 Grayscale Image of the Isothermal Surface
The discrete isothermal surfaces are converted into corresponding 2D grayscale images. Each 2D

grayscale image maintains the same size across all samples, where the pixels represent the coordinates
(x, y) of X(k)

Ti
. The intensity of each pixel indicates the vertical depth of the isothermal surface relative to a

specified z value. This algorithm not only achieves dimensionality reduction but, more importantly, preserves
critical physical information. This conversion is essential for the effective application of CNN in the proposed
PHPG-NN.

To align all 2D images, we define a local coordinate system. In the LPBF process, the center of the
laser beam determines the temperature distribution, especially within the molten pool and the surrounding
mushy zone. Therefore, the laser center is designated as the origin of the local coordinates. Let x(k)

laser =
(x(k)

0 , y(k)
0 , z(k)

0 ) represent the laser center for the k-th sample. Consequently, for an isothermal surface with
a temperature value of Ti , we can rewrite X(k)

Ti
as:

X(k)
Ti
= X(k)

Ti
− x(k)

laser (6)

Likewise, a square domain Ω(k) for the 2D image is centered at (x(k)
0 , y(k)

0 ), namely,

Ω(k) = [−L/2, +L/2] × [−L/2, +L/2] (7)

where L is the side length of the domain, which is discretized into a structured mesh of N × N cells. Thus,
the subregion of each cell, C(k)

αβ , is determined as:

C(k)
αβ = [x

(k)
0 − L/2 + αΔ, x(k)

0 − L/2 + (α + 1)Δ) × [y(k)
0 − L/2 + βΔ, y(k)

0 − L/2 + (β + 1)Δ) (8)

with α, β ∈ {0, 1, . . . , N − 1}, and Δ = L/N the spatial resolution. (As a tradeoff between resolution and
computational cost, N is set as 32, and L as 320 μm in this study.) The coordinates of the cell center are
calculated as:

g(k)
αβ = (−L/2 + (α + 0.5)Δ, −L/2 + (β + 0.5)Δ) (9)

The intensity of the pixels for each cell is determined by the distance from its center to the isothermal
surface. To this end, a Delaunay triangulation mesh of P(k)

Ti
is constructed based on X(k)

Ti
. Let d̂(g) be the

distance from its center to the isothermal surface. For any cell center, it is determined as g(k)
αβ ∈ Ω(k):

d̂(g(k)
αβ ) = ∑

ν∈T (g(k)
αβ )

λν(g(k)
αβ ) zν (10)

where T (g(k)
αβ ) represents the set of three vertices of the Delaunay triangle that covers g(k)

αβ , zν is the z–
component of these vertices, and λν(g(k)

αβ ) are the corresponding area coordinates. It should be noted that
the z(k)

0 coordinate of the laser center is set as the substrate surface, indicating that we only consider the
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isothermal surface below the substrate surface to avoid the multi-value attribute in the projection operation.
The intensity of the pixels, denoted as I(k)

Ti
∈ RN×N , is then obtained by normalized d̂(g(k)

αβ ) to the range
[0, 1], as follows:

I(k)
Ti
[α, β] =

⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩

d̂(g(k)
αβ ) − zmin

zmax − zmin
, g(k)

αβ ∈H(P
(k)
Ti
)

0, otherwise
(11)

where zmin and zmax denote the minimum and maximum values of z value among all samples, respectively.
H(P(k)

Ti
) is the convex hull of the projected points, defining the valid interpolation region.

2.3 Pre-Trained Hybrid Parameter-to-Image Generative Neural Network
The proposed PHPG-NN is designed to directly map process parameters to the 2D grayscale image of

the isothermal surface. It utilizes a hybrid deep learning architecture to achieve low-to-high dimensionality
mapping. To effectively reduce overfitting and improve both the convergence speed and generalization
capability of the model, a two-stage of pre-training and fine-tuning strategy is implemented for the
PHPG-NN. The details of this PHPG-NN are explained as follows.

2.3.1 Architecture of the PHPG-NN
As illustrated in Fig. 4, the proposed architecture comprises two cascaded functional modules. The first

module is a parameter embedding module based on fully connected layers, referred to as the DNN module.
The other is a surface reconstruction module based on transposed convolutional layers, referred to as the
CNN module.

Linear

Input Output

Parameter embedding module Surface reconstruction module

8 12 32

Reshape

Conv2d SeparableCov2d Residual block Upsample

Figure 4: The architecture of the proposed PHPG-NN, showing the information flow from process parameters to the
isothermal surface via the DNN and CNN modules.

In the DNN module, a non-linear transformation from the process parameter space to the latent feature
space is implemented. It is designed as a fully connected block that takes a vector of process parameters
p ∈ R2 as input. This transformation passes through two sequential hidden layers, which are formulated as:

h1 = σ(W1p + b1)
h2 = σ(W2h1 + b2)
z = σ(W3h2 + b3)

(12)
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where h1 and h2 denote the intermediate hidden representations, z ∈ RD denotes the latent feature vector
of the output with dimension D, Wi and bi denote the weight matrices and bias vectors for the i-th layer,
respectively. σ(⋅) is the non-linear activation function.

The latent vector z is mapped to a structured feature tensor through a reshaping operator R, namely,

Z(0) =R(z) ∈ RC0×H0×W0 , s.t. D = C0 ×H0 ×W0 (13)

where C0 is the channel dimension, and H0 and W0 denote the height and width corresponding to the initial
feature map, respectively. The tensor Z(0) serves as an input for the subsequent CNN module. In this study,
the latent feature vector is reshaped into the dimensions of 2 × 4 × 4 (i.e., C0 = 2, H0 = 4, W0 = 4).

In the CNN module, depthwise separable convolutions [21] are used to effectively recover the spatial
details of the 2D grayscale images from the input of Z(0). This technique factorizes a standard convolutional
kernel into two separate operations: one for separate spatial (depthwise) and the other for channel-
wise (pointwise) convolutional kernels. This factorization significantly reduces the number of learning
parameters. The operation proceeds in two sequential stages. In the first state, spatial filtering is conducted
independently on each input channel using depthwise convolution, namely,

Ẑ(�)c , i , j =
3
∑
m=1

3
∑
n=1

Z(�)c , i+m−2, j+n−2 ⋅K
(�,dw)
c ,m ,n (14)

where Z(�) ∈ RC�×H�×W� denotes the input feature map in layer �, Ẑ(�) denotes the intermediate feature map
produced by depthwise convolution, the indices (i , j) denote the spatial coordinates of the output feature
map, c ∈ {1, . . . , C�} denotes the input channel, and K(�,dw) ∈ RC�×3×3 is the depthwise convolutional kernel,
where the superscript dw indicates the depthwise operation. Each channel is associated with an independent
spatial kernel of size 3 × 3. Subsequently, the pointwise convolution performs the channel mixing via a 1 × 1
convolutional kernel to project the intermediate features into a new channel space. This operation constitutes
the residual branch transformation, yielding the output feature map as:

Z̃(�+1)
c′ , i , j =

C�

∑
c=1

Ẑ(�)c , i , j ⋅K
(�,pw)
c′ ,c + b(�,pw)

c′ (15)

where Z̃(�+1) ∈ RC�+1×H�×W� denotes the output of the pointwise convolution, c′ ∈ {1, . . . , C�+1} denotes the
output channel, K(�,pw) ∈ RC�+1×C� is the pointwise convolutional kernel, where the superscript pw denotes
the pointwise operation, and b(�,pw)

c′ is the bias term associated with the c′-th output channel.
To facilitate efficient gradient propagation, the module incorporates residual blocks with skip con-

nections. For a given residual unit receiving input feature map Z(�), the output Z(�+1) is calculated as:

Z(�+1)
c′ , i , j = σ(Z̃(�+1)

c′ , i , j ) +W(Z(�))c′ , i , j (16)

where the operator W(⋅) denotes a linear projection (typically a 1 × 1 convolutional kernel) applied to the
skip connection, aiming for dimensionality alignment.

2.3.2 Pre-Training and Fine-Tuning of the PHPG-NN
The parameters of PHPG-NN are initialized using the pre-training strategy. As illustrated in Fig. 5,

a convolutional autoencoder is trained on augmented grayscale images to learn their latent features. The
decoder of this autoencoder provides a high-quality initialization for the CNN module. Furthermore, a



10 Comput Model Eng Sci. 2026;146(3):1

latent-variable autoencoder is trained to learn the bidirectional mapping between the process parameters
and the latent feature of the images. The decoder of this latent-variable autoencoder offers the initialization
for the DNN module. Once initialized, the parameters of the PHPG-NN are further fine-tuned via the
supervised training.

Process 
parameters

Process 
parameters

CNN-based image autoencoder training

Latent
variable 

CNN
Encoder

CNN
Decoder

Isothermal 
surface

Reconstructed
image

Latent
variable 

Process 
parameters

Reconstructed
latent variable

Train

Auxiliary regressor

Frozen Encoder
(DNN)

Trainable Decoder 
(DNN)

Model initialization and fine-tuning

DNN module training (Regressor & Autoencoder)

Predicted 2D
grayscale image

Figure 5: Flow chart of the training and optimization process for the proposed PHPG-NN.

In convolutional autoencoder (CAE) training, data augmentation techniques such as random trans-
lation, flipping, and rotation are applied to images. The encoder maps the augmented image to its latent
features, expressed as:

ZCAE = fenc(Ĩ; Θenc) (17)

where Ĩ is the augmented image, ZCAE is the compressed latent variable (the encoder output), and
fenc(⋅; Θenc) denotes the convolutional encoder function parameterized by weights Θenc. The decoder
reconstructs the image Î from ZCAE, namely,

Î = fdec(ZCAE; Θdec) (18)
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where fdec(⋅; Θdec) is the decoder function parameterized by weights Θdec. The purpose of autoencoder
training is to minimize reconstruction loss Lrec between the augmented image Ĩ and the reconstructed
augmented image Î:

Lrec(Θenc, Θdec) =
1

Ntrain

Ntrain

∑
i=1

L(Ĩi , Îi) (19)

with L(⋅, ⋅) being the mean squared error (MSE) and Ntrain being the number of training samples.
The latent variable autoencoder is trained to link parameters p to the latent variables ZCAE. To this end,

an auxiliary regressor is first trained with ZCAE as input to predict the corresponding process parameters p,
as follows:

p = henc(ZCAE; Φenc) (20)

where henc(⋅; Φenc) denotes the encoder mapping function parameterized by Φenc. Upon convergence, the
parameters of this component Φenc are frozen. Subsequently, to establish the forward mapping from process
parameters to latent variables, a symmetric mapping module in the form of an autoencoder is employed to
reconstruct the latent features, as shown in Fig. 5. It is expressed as:

ẐCAE = hdec(henc(ZCAE; Φenc); Φdec) (21)

with hdec(⋅; Φdec) being the decoder mapping function that reconstructs latent variables from the process
parameters. The model parameters Φdec are optimized by minimizing the latent reconstruction loss of
∥ZCAE − ẐCAE∥2

2.
Finally, well-optimized Φdec and Θdec are assigned to the DNN and CNN part defined in Section 2.3.1.

The initialized PHPG-NN is expressed as:

Îgen = fdec(hdec(p; Φdec); Θdec) (22)

where Îgen is the grayscale image generated according to a given set of process parameters. During the fine-
tuning process, the parameters of the CNN module (Θdec) remain frozen, and the parameters of the DNN
module (Φdec) are optimized to minimize:

Φ = arg min
Φ

E(p,I)∥I − fdec(hdec(p; Φ); Θdec)∥2 (23)

with Φ being the trainable parameters for the function hdec, I being the ground truth, and E(p,I) being the
expectation over the loss distribution. Once a 2D grayscale image is predicted with the well-trained PHPG-
NN, the corresponding isothermal surface can be obtained by the reverse operation of the isothermal surface
imaging algorithm in Section 2.2.

2.4 Transfer Learning Strategy
The PHPG-NN model, which is trained on an isothermal surface, can be further adapted to predict

other isothermal surfaces at different temperatures through transfer learning. The original PHPG-NN model
is referred to as the parent PGPG-NN, while its adaptations are called the transferred PHPG-NN. Let I =
{IT1 , IT2 , . . . , ITK} represent a set of target isothermal surfaces of the ROI. Here, ITK ∈ RN×N corresponds to
the isothermal surface at a specific temperature Tk . Since these isothermal surfaces are governed by the same
physical laws (heat transfer, fluid dynamics), they share high geometric feature similarity, providing a solid
physical foundation for applying transfer learning.
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The transfer learning procedure begins with a well-trained parent PHPG-NN, denoted as Nbase. The
parameters of it are represented as {Φbase , Θbase} (corresponding to Φdec and Θdec, as derived in Section 2.3).
For each subsequent target isothermal surface ITk , the parameters {Φk , Θk} of the k-th transferred PHPG-
NN are initialized as:

Φ(0)k = Φbase, Θk = Θbase (24)

We assume that the CNN module has learned to extract general geometric features of isothermal
surfaces, while the DNN module needs to learn the specific mapping between these features and the process
parameters for different temperatures. Therefore, a fine-tuning strategy is applied to optimize Φ(0)k , while
Θk is frozen, allowing low-cost extension to predict new isothermal surfaces. The optimization objective for
the k-th isothermal surface is formulated to find the optimal mapping parameters Φ∗k by minimizing the
prediction error:

Φ∗k = arg min
Φ(0)

k

E(p,ITk )
∥ITk − fdec(hdec(p; Φ(0)k ); Θbase)∥2 (25)

This transfer learning is carried out iteratively for all target temperature values. Once completed, a set of
transferred PHPG-NNs {NT1 , NT2 , . . . , NTK} is created. For a specific set of process parameters ptest, these
transferred PHPG-NNs can generate predictions {ÎT1 , ÎT2 , . . . , ÎTK} in parallel. Since all transferred PHPG-
NNs are fine-tuned with isothermal surfaces spatially normalized to the laser center position (as defined
in Section 2.2), the predicted isothermal surfaces for any given process parameters share the same laser-
centric coordinate system. This alignment ensures that the surfaces are consistently positioned in 3D space.
Finally, a 3D temperature field can be reconstructed based on I , where a linear interpolation is conducted
between adjacent isothermal surfaces.

2.5 Overall Implementation Procedure
The overall implementation procedure of the proposed ISI-TL framework is summarized below.

1. Generate samples using the high-fidelity thermo-fluid flow solver described in Section 2.1 for different
combinations of process parameters p(k) = (Pk , Vk).

2. Extract isothermal surfaces from each simulation data and create the samples of 2D grayscale images
through the physics-guided isothermal surface imaging algorithm detailed in Section 2.2.

3. Train a partent PHPG-NN Nbase for a selected isothermal surface using the training strategy described
in Section 2.3.

4. Obtain a set of transferred PHPG-NNs for other isothermal surfaces using the transfer learning strategy
presented in Section 2.4.

5. For a new set of process parameters ptest, predict all target isothermal surfaces {ÎT1 , ÎT2 , . . . , ÎTK} using
the parent and the transferred PHPG-NNs.

6. Reconstruct the 3D temperature field based on {ÎT1 , ÎT2 , . . . , ÎTK}, taking advantage of the intrinsic
spatial alignment of the laser-centric coordinate system and the linear interpolation.

3 Results and Discussion
This section presents a thorough evaluation of the proposed ISI-TL framework against the high-fidelity

simulation results using multiphysics MPM in Section 2.1. First, we discuss hyperparameter optimization
to identify the optimal network architecture within a predefined search space. Second, the performance of
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PHPG-NN is evaluated for a specific isothermal surface. Finally, the 3D temperature field is reconstructed
from the predicted isothermal surfaces using the transfer learning strategy.

In this study, all networks were developed with PyTorch 1.10.2 (Python 3.8.12). The architecture features
the Swish activation function [22] and uses 3 × 3 kernels for spatial convolutions and 1 × 1 kernels for
pointwise operations. The weights were initialized using the He method [23] for convolutional layers
and standard random initialization for fully connected layers. Training was optimized using the AdamW
optimizer [24] with default parameters, while learning rates and epochs were tuned specifically for each
model’s configuration. All numerical simulations were conducted on an Intel Xeon E5-2680 supercomputer
platform, while PHPG-NN training and prediction were performed on a workstation equipped with an
NVIDIA GeForce RTX 2070 SUPER GPU.

The structural similarity index (SSIM), the normalized root mean square error (NRMSE), and the
coefficient of determination (R2) are used to quantitatively assess perceptual fidelity, error magnitude, and
explained variance, respectively. SSIM evaluates the structural consistency between the ground truth and the
predicted images, defined as:

SSIM(I, Îgen) =
(2μI μÎgen

+ c1)(2σIÎgen
+ c2)

(μ2
I + μ2

Îgen
+ c1)(σ 2

I + σ 2
Îgen
+ c2)

(26)

where μI and μÎgen
represent the mean value of the ground truth and the reconstructed image, respectively; σ 2

I
and σ 2

Îgen
represent the variances of the ground truth and the prediction, respectively; σIÎgen

is the covariance
between ground truth and prediction, and c1 = 0.012 and c2 = 0.032 are stability constants. NRMSE quantifies
the global reconstruction discrepancy, normalized by the range of the corresponding grayscale image. It
reads:

NRMSE(I, Îgen) =
N−1∣∣I − Îgen∣∣F

max(I) −min(I) (27)

where ∥ ⋅ ∥F denotes the Frobenius norm. R2 measures the proportion of spatial variance explained by the
model, expressed as:

R2(I, Îgen) = 1 −
∣∣I − Îgen∣∣2F
∣∣I − μI∣∣2F

(28)

3.1 Data Set Generation
A single-track deposition process in the LPBF is studied under different combinations of laser power and

scanning speed. To generate the training samples, the high-fidelity numerical model based on multiphysics
MPM is used. The accuracy of this numerical model is validated against the experimental data [25]. Details
of the experimental setups, including the specific machine and measurement techniques, are provided
in Table A1. In the experiment, the process parameters include a laser power of 200 W, a scanning speed of
800 mm/s, a beam diameter of 70 μm, and an absorption coefficient of 0.38. A powder layer with an average
particle diameter and layer thickness of 30 μm was deposited on a stainless steel substrate. The material
properties of the 316 L stainless steel used in the simulation are listed in Table A2.

The simulation was conducted with a domain size of 0.6 mm × 0.3 mm × 0.18 mm and a cell size of 4 μm,
corresponding to a particle spacing of 2 μm. The physical time and the time step were set to 7.5 × 10−4 s and
1 × 10−7 s, respectively. It should be noted that only the melt pool width can be obtained from the experimental
measurement in Reference [25]; no experimental data on the melt pool length and depth are available. To fully
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demonstrate the accuracy of the MPM model, we conducted an additional numerical simulation using the
FVM with high mesh resolution. The numerical results from the MPM model are quantitatively compared
with the experimental data as well as those obtained from the FVM in Table 1. Regarding the width of the
molten pool, both numerical results agree well with the experimental data, with a relative error of 3.70% for
the multiphysics MPM result, which is smaller than that of the FVM result. In terms of the length and depth
of the molten pool, both numerical results are in good agreement with each other, where the experimental
data is absent due to the lack of corresponding measurements. It is worth noting that the molten pool depth
predicted by the multiphysics MPM is lower than that by the FVM, which is reasonable because the molten
pool width is larger in the former than in the latter. In addition, the accuracy of the Multiphysics MPM on
the LPBF problem has been fully demonstrated in our previous study [20]. All in all, the accuracy of the
MPM model in this study is reasonably validated, and it is used to generate a reliable data set.

Table 1: Comparison of molten pool dimensions from experiment [25], finite volume method (FVM) [26], and material
point method (MPM).

Method Length (μm) Width (μm) Depth (μm)
Experiment – 108 –

FVM 236.7 99 39
MPM 262.6 104 34.5

The LPBF temperature fields can be affected by many process parameters, including laser power (P),
scanning speed (V), beam radius, absorptivity, layer thickness, hatch spacing, and substrate temperature.
However, in this study, P and V are selected as the input variables because they primarily determine the
energy input and thus dominate the thermal response in LPBF. Meanwhile, other parameters are typically
fixed within a given manufacturing configuration and kept as constant in the present dataset.

The parameter space is set to the LPBF processing window to ensure a stable molten pool, as observed
experimentally. For the manufacturing system utilized by Yuan et al. [25], it was identified that a scan speed
below 800 mm/s with the laser power fixed at 200 W can yield highly uniform and continuous melt tracks,
whereas higher scan speeds may lead to necking or even balling defects. Therefore, 800 mm/s is adopted as
the upper bound of the scan speed range to reduce the complexity of the numerical simulations.

Based on the selected variables and the defined parameter range, a full factorial design of experiments
was constructed with the ranges of P and V listed in Table 2. It results in 100 cases with unique combinations
of process parameters, which were simulated by the validated numerical model using MPM. The resulting
samples have the process parameters (P, V) as input and their corresponding temperature fields as output,
which serve as the foundation for PHPG-NN training and validation.

Although the proposed framework takes two process parameters as input, it is straightforward to add
more process parameters, but at the expense of more training samples and more sophisticated training
strategies. Additional variables can be incorporated by either extending the input variable set or through
composite descriptors derived from multiple process parameters. In this scenario, the mapping is defined
in a higher-dimensional process space, thereby increasing the problem’s complexity. Consequently, more
representative training data, greater model capacity, and careful training are required to maintain stable con-
vergence. From the perspective of transfer learning, the proposed framework retains most of its advantages,
as it leverages reusable feature representations learned from predicting one set of isothermal surfaces to
accelerate learning on related isothermal surface tasks. However, introducing additional parameters requires
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greater network capacity along with retraining and fine-tuning to accommodate stronger nonlinearities and
parameter couplings introduced by the higher-dimensional input.

Table 2: Process parameters for samples generation.

Process Parameter Unit Values
Laser power W 160, 180, 200, 220, 240, 260, 280, 300, 320, 340

Scanning speed mm/s 440, 480, 520, 560, 600, 640, 680, 720, 760, 800

3.2 Network Architecture and Hyperparameter Analysis
This section provides a systematic study of hyperparameter effects on PHPG-NN performance. Using

a controlled-variable approach, we evaluate each hyperparameter sequentially while keeping all other
settings fixed.

3.2.1 Hyperparameters for the Convolutional Autoencoder
The hyperparameters of the convolutional autoencoder include six critical factors. They are augmented

sample size, Gaussian noise intensity for latent space, training epochs, learning rate, batch size, and channel
capacity. The mean reconstruction errors for all cases are compared in Table 3. This comparison reveals
that the mean reconstruction error consistently decreases as the augmented sample size increases. The
effect of Gaussian noise intensity in the latent space on the mean error shows a non-monotonic trend:
an appropriate noise intensity effectively enhances model robustness and reconstruction accuracy, while
excessive perturbation degrades the performance of the convolutional autoencoder. The number of training
epochs is found to be in an optimal range, with the mean error first decreasing and then increasing as training
epoch increases. Regarding optimization, it is observed that the mean error increases with the learning rate,
where, to ensure a fair comparison, the training epochs are adjusted inversely proportional to the learning
rate (e.g., reduced to 60 epochs for the learning rate of 0.01). Within the range of batch sizes, the mean error
decreases as the batch size decreases. The channel capacity configuration is represented as n1/n2/n3/n4 for the
decoder and n4/n3/n2/n1 for the encoder. Among the given configurations, 2/16/32/64 yields the lowest mean
reconstruction error. The corresponding training and validation loss curves, as well as the reconstruction
results of the test samples, are presented in Fig. A1. Based on these comparisons, the values highlighted in
bold for the hyperparameters listed in Table 3 were selected for this study to well balance computational cost
and prediction accuracy.

Table 3: Effect of hyperparameters on the accuracy of the convolutional autoencoder.

Hyperparameters Values Mean Error
Augmented samples size 100 0.00675

800 0.00244
1600 0.00208
3200 0.00202

Gaussian noise intensity 0 0.00408
0.01 0.00244
0.05 0.00279
0.10 0.00319

(Continued)
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Table 3 (continued)

Hyperparameters Values Mean Error
Training epochs 500 0.00277

600 0.00244
800 0.00225
1000 0.00389

Learning rate/Adjusted epochs 0.0001/6000 0.00195
0.001/600 0.00244

0.01/60 0.00570
Batch size 8 0.00194

16 0.00219
32 0.00244
64 0.00311

Channel capacity (n1/n2/n3/n4) 3/8/16/32 0.00357
3/16/32/64 0.00244

3/32/64/128 0.00345
1/16/32/64 0.00346
2/16/32/64 0.00238
4/16/32/64 0.00260

3.2.2 Hyperparameters for the DNN Autoencoder
The hyperparameters considered for the DNN autoencoder include three critical factors. They are the

number of neurons per hidden layer, the learning rate, and the number of training epochs. The ranges of
these hyperparameters are summarized in Table 4, where “h1/h2” indicates the number of neurons in the
two hidden layers, which can take values of 4, 8, 12, or 16. The training and validation loss curves, along
with the reconstruction results of the test samples, are presented in Fig. A2. Based on these comparisons, the
values highlighted in bold in Table 4 were selected for the corresponding hyperparameters in this study to
well balance computational cost and prediction accuracy.

Table 4: Effect of hyperparameters on the accuracy of the DNN autoencoder.

Hyperparameters Values Mean Error
Number of neurons (h1/h2) 4/4 0.9819

4/8 0.9778
4/12 0.9792
4/16 0.9800
8/4 0.9810
8/8 0.9836

8/12 0.9856
8/16 0.9825
12/4 0.9807
12/8 0.9817

(Continued)
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Table 4 (continued)

Hyperparameters Values Mean Error
12/12 0.9856
12/16 0.9820
16/4 0.9840
16/8 0.9807
16/12 0.9819
16/16 0.9802

Learning rate/Epochs 0.001/1000 0.9856
0.001/3000 0.9896
0.001/5000 0.9888
0.01/1000 0.9854
0.01/3000 0.9838
0.01/5000 0.9858

3.3 Prediction of a Single Isothermal Surface by PHPG-NN
For fine-tuning and testing, isothermal surfaces at 1658 K are used from the 100 samples. With these

samples, 60% is used for training and validation (50 samples for fine-tuning and 10 samples for validation),
while the remaining data (40 samples) is used for testing the PHPG-NN. In the test samples, 20 samples have
process parameters outside the convex hull of the training parameter space. During fine-tuning, a learning
rate of 1 × 10−5 is used with 80 epochs. The loss profiles are plotted in Fig. 6, indicating a well-trained PHPG-
NN for the prediction of the specific isothermal surface.

Figure 6: Training and validation loss profiles during the fine-tuning process.

The performance of PHPG-NN in terms of SSIM, NRMSE, and R2 on the test samples is summarized
in Table 5. The average SSIM is 0.986, the NRMSE is 0.025, and the R2 is 0.990, indicating the high accuracy
of the proposed PHPG-NN. Moreover, a comparison of the grayscale images between the ground truth and
the NN model’s predictions is shown in Fig. 7. They are in good agreement across different combinations
of the process parameters. As indicated by the absolute error map, the differences exist mainly along the
boundary of the isothermal surface projection. Fig. 8 further compares the reconstructed isothermal surface
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from the predicted grayscale image with the ground truth. Good agreements are achieved, with an average
error of approximately 2% with respect to the maximum depth of the molten pool.

In addition, the comparison between the predicted molten pool dimensions and the benchmark
results in Table 1 is summarized in Table 6 to demonstrate the experimental consistency of the PHPG-NN
prediction. For the molten pool width, the relative error of the PHPG-NN prediction to the experimental
result is 3.3%. Since the molten pool length and depth are not available experimentally, the results from the
MPM model are used as the reference solution. The predicted molten pool length of 245.9 μm is close to the
MPM result of 262.6 μm, with a difference of 6.4%, while the predicted depth of 33.8 μm is close to the MPM
result of 34.5 μm, with a difference of 2.0%. The molten pool dimensions from the PHPG-NN are shown to
conform to physically meaningful geometry, thereby validating the predictive fidelity of the proposed model.

Table 5: Performance evaluation of the proposed PHPG-NN model.

Model SSIM NRMSE R2

Numerical model – – –
PHPG-NN model 0.986 0.025 0.990

= 220W = 800mm/s= 220W = 600mm/s

= 240W = 480mm/s = 240W = 800mm/s= 240W = 600mm/s

= 320W = 480mm/s = 320W = 800mm/s= 320W = 600mm/s

= 340W = 480mm/s = 340W = 800mm/s= 340W = 600mm/s

= 220W = 480mm/s

PredictionGround truth Error PredictionGround truth Error PredictionGround truth Error

Figure 7: Comparison of the grayscale images from the PHPG-NN and numerical simulations for the given process
parameters, where the absolute error map shows the distribution of the difference between the two images.
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= 220 W = 480 mm/s

PredictionGround truth PredictionGround truth PredictionGround truth

Figure 8: Comparison of the reconstructed isothermal surfaces from the PHPG-NN and numerical simulations for
the given process parameters.

Table 6: Quantitative comparisons of the molten pool dimensions for the benchmark case in Table 1.

Quantity Experiment MPM PHPG-NN Relative Error
Width (μm) 108.0 104.0 104.4 3.3% (to Experiment)
Length (μm) – 262.6 245.9 6.4% (to MPM)
Depth (μm) – 34.5 33.8 2.0% (to MPM)

3.4 3D Temperature Field Reconstruction Based on Transfer Learning
In this section, the PHPG-NN trained for the 1658 K-isothermal surface is extended to first predict

the 1723 K-isothermal surface, and then the isothermal surfaces with temperature values of 1684, 1700 and
1712 K to construct the 3D temperature field of the ROI. For fine-tuning during transfer learning, a learning
rate of 1 × 10−3 is used.

The evolution of the training and the validation loss for the isothermal surface at 1723 K, using 50
samples for the training, is shown in Fig. 9. Both curves exhibit rapid decay during the first 50 epochs and
achieve stable convergence after approximately 200 epochs, which highlight the efficiency of the transfer
learning. Furthermore, Table 7 lists the average SSIM of 0.9832, the NRMSE of 0.0369, and the R2 of
0.9865 across the 40 test samples. These results demonstrate that the transferred PHPG-NN achieves high
accuracy. Fig. 10 compares the predictions from the transferred PHPG-NN and the high-fidelity numerical
model in terms of grayscale image for six test samples. They are in good agreement, with absolute errors



20 Comput Model Eng Sci. 2026;146(3):1

mainly occurring along the boundaries of the isothermal surface projection. The corresponding isothermal
surfaces reconstructed from the predicted grayscale images are shown in Fig. 11, and they are in line with
the ground truth provided by the high-fidelity numerical model. Furthermore, the effect of the number of
training samples on the prediction accuracy is examined. As shown in Table 7, a gradual reduction in the
number of training samples results in a slight decline in the accuracy of the test samples. In particular, even
with 20 samples, the transferred PHPG-NN maintains competitive performance, achieving an average R2 of
0.9858, an average SSIM of 0.9821, and an average NRMSE of 0.0373. This highlights the effectiveness of the
transfer learning applied to the PHPG-NN.

Figure 9: Training and validation loss profiles during the fine-tuning of the transferred PHPG-NN.

Table 7: Performance evaluation of the transferred PHPG-NN model across different training sample sizes.

Training Sample Sizes SSIM NRMSE R2

50 0.9832 0.0369 0.9865
40 0.9845 0.0393 0.9845
30 0.9834 0.0372 0.9864
20 0.9821 0.0373 0.9858
10 0.9785 0.0386 0.9853

= 220 W = 800mm/s= 220 W = 600mm/s

= 320 W = 480mm/s = 320 W = 800mm/s= 320 W = 600mm/s

= 220W = 480mm/s

PredictionGround truth Error PredictionGround truth Error PredictionGround truth Error

Figure 10: Comparison of the grayscale images from the transferred PHPG-NN and numerical simulations for the
given process parameters, where the absolute error map shows the distribution of the difference between the two images.
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= 220W = 480mm/s

Figure 11: Comparison of the reconstructed isothermal surfaces from the transferred PHPG-NN and numerical
simulations for the given process parameters.

A 3D temperature field is reconstructed using a series of PHPG-NNs and the spatial interpolation
algorithm. The PHPG-NNs include the one trained with 50 samples and the ones based on transfer learning.
Five isothermal surfaces at temperatures 1658, 1684, 1700, 1712 and 1723 K are predicted for test cases with
different process parameters. It should be noted that, because the temperature gradient is very high and there
are prediction errors, the adjacent isothermal surfaces may exhibit non-physical penetration at some spatial
points. It further leads to spatial interpolation errors for the scenario where the spacing between neighboring
isothermal surfaces in high gradient regions is smaller than the grid cell spacing. As a consequence,
small prediction errors may lead to local disordering. To ensure thermodynamic consistency, we first
locate the nodes that exhibit local penetration, then iteratively adjust their positions along the temperature
gradient. The 3D temperature fields reconstructed from the five isothermal surfaces, obtained by spatial
interpolation, are plotted in Fig. 12, along with their counterparts from the high-fidelity numerical model for
comparison. Both results are found in good agreement, demonstrating the accuracy and effectiveness of the
proposed framework.

Furthermore, the quantitative comparisons are summarized in Table 8. Let MAET ,s and MaxAET ,s
denote the mean and maximum voxel-wise absolute temperature errors evaluated within the ROI of
each individual sample s, respectively. Likewise, MAE∇T ,s and MaxAE∇T ,s are defined as the voxel-wise
temperature gradient difference within each sample s. The mean and maximum values are obtained by
further aggregating these sample-wise metrics across all test samples. Within the ROI, the mean values of
MAET ,s and MaxAET ,s are 3.12 and 64.90 K, and their maximum values across test samples are 7.32 and
65.00 K, respectively. For temperature gradients, the mean values of MAE∇T ,s and MaxAE∇T ,s are 2.69 and
78.70 K/μm, and their maximum values are 4.69 and 79.18 K/μm, respectively.

The non-physical penetration behavior is further quantified, and its frequency is summarized in Table 9.
For the the interpolation samples, the penetration frequency ranges from 0.0031 to 0.0618 with a mean
value of 0.0194 and a variance of 3.03 × 10−4, indicating that adjacent isothermal surfaces exhibit good
monotonicity over most regions of the training domain. For the extrapolation samples, the penetration
frequency increases to the range of 0.1218 to 0.2688 with a mean value of 0.2074 and a variance of 2.36 × 10−3,
indicating both a larger magnitude and greater variability outside the training range.
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Figure 12: Comparison of temperature field within the ROI between the ISI-TL framework and the high-fidelity
numerical models.

Table 8: Quantitative comparisons between the predicted temperature fields and ground truth within the ROI.

Metric Unit Mean Value Max Value
MAET ,s K 3.12 7.32

MaxAET ,s K 64.90 65.00
MAE∇T ,s K/μm 2.69 4.69

MaxAE∇T ,s K/μm 78.70 79.18

Table 9: Statistics of penetration frequency between neighboring predicted isothermal surfaces.

Samples Mean Value Min Value Max Value Variance Value
Interpolation 0.0194 0.0031 0.0618 3.03 × 10−4

Extrapolation 0.2074 0.1218 0.2688 2.36 × 10−3

Although the post-processing correction works, it lacks physical consistency. To avoid post-processing
corrections, two potential improvements to the current model will be addressed in the future. First, a
regularization term that penalizes intersections between adjacent temperature levels can be introduced to the
transfer learning to ensure physical consistency. This would avoid local ordering reversal during fine-tuning.
Second, multiple isothermal surfaces can be jointly predicted within a unified model, thereby enforcing
monotonicity across temperature levels during training and eliminating the need for corrections afterward.
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3.5 Computational Efficiency
The computational costs of the numerical simulation, model training, and online prediction are

summarized in Table 10. The PHPG-NN takes approximately 3 h for offline training and about 3 s to predict
a single isothermal surface online. Based on a parent PHPG-NN, the transfer learning takes only 1 min
while maintaining comparable prediction accuracy. Generating a 3D temperature field in the ROI takes
approximately 3 s using the transferred PHPG-NNs to predict the required isothermal surfaces. Based
on the predicted isothermal surfaces, the subsequent reconstruction to obtain one 3D temperature field
takes approximately 2.5 s. Therefore, the end-to-end online cost for generating one 3D temperature field is
approximately 5.5 s. Once well trained, it enables near real-time prediction and reconstruction. In contrast,
the numerical model takes about 5 h for one output interval.

Table 10: Computational costs of the numerical simulation, model training, and the online prediction of the PHPG-
NNs.

Model Training Time Prediction Time Reconstruction Time
Numerical model – ∼5 h/step –
PHPG-NN model ∼3 h ∼3 s ∼2.5 s

Transferred PHPG-NN model <1 min ∼3 s

4 Conclusion
In this study, an isothermal surface imaging and transfer learning (ISI-TL) framework is proposed to

fast predict isothermal surfaces and to reconstruct the 3D temperature field in metal additive manufac-
turing. To overcome the challenges of high dimensionality and scarce high-fidelity data, the framework
integrates a physics-guided isothermal surface imaging method that encodes the 3D temperature field
into structured 2D grayscale images, a pre-trained hybrid parameter-to-image generative neural network
(PHPG-NN) that efficiently learns the mapping from process parameters to these isothermal surface images
through a two-stage autoencoder initialization strategy, and a transfer learning strategy that leverages the
geometric similarity across isothermal surfaces, enabling rapid model adaptation to new temperatures. A
high-fidelity numerical model based on the multiphysics material point method is used to generate 100
samples for training and validation. Comprehensive evaluations demonstrate that the ISI-TL framework
achieves high predictive accuracy while providing results in seconds. This capability enables near real-time
temperature field prediction and reconstruction, offering a high efficient surrogate model for process analysis
and optimization.

Despite the advantages of the proposed framework, two limitations need to be addressed in future
research. First, the current framework is limited to predict the temperature field at a quasi-steady state. A
critical extension would be to predict the full spatiotemporal evolution of the temperature field throughout
the scanning process. Second, the physics-guided isothermal surface imaging method cannot handle an
isothermal surface with concave feature in the scanning direction, which requires a specialized design for
the imaging method. In addition, developing cascaded NN models to connect predicted temperature fields
with microstructure and defect formation represents an important research direction toward achieving a
comprehensive digital twin of metal additive manufacturing.

In conclusion, the ISI-TL framework and the PHPG-NN model represent a significant step forward in
physics-aware, data-efficient surrogate modeling for computational mechanics. By creatively reformulating
the field-prediction problem and leveraging transfer learning, this work provides a practical and scalable tool
for real-time analysis of complex additive manufacturing processes.
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Appendix A Material Properties
This appendix summarizes the experimental conditions [25] and material parameters used in the

numerical simulations. Table A1 summarizes the experimental setups and measurement conditions; Table A2
lists the input thermophysical constants for 316L stainless steel; and Table A3 presents the temperature-
dependent properties.

Table A1: Experimental setups and measurement conditions in [25] used in this study.

Category Item Value
Material Powder material 316L stainless steel powder

Powder size distribution Dv10 = 18.5 μm; Dv50 = 30.9 μm; Dv90 = 49.3 μm
Powder pre-treatment Dried at 90○C for ≥10 h before SLM

Machine SLM system Self-developed SLM system
Laser type SPI-400 fiber laser

Maximum laser power 400 W
Laser spot size 70 μm

Process environment Shielding gas High-purity argon (99.9%)
Operating pressure ∼0.1 MPa

Table A2: Thermophysical material properties of 316L stainless steel used in the numerical simulations.

Material Property Symbol Unit Value
Solidus temperature Ts K 1658

Liquidus temperature Tl K 1723
Evaporation
temperature

Tv K 3090

Reference temperature Tref K 363

(Continued)
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Table A2 (continued)

Material Property Symbol Unit Value
Solid density ρs kg m−3 8000

Liquid density ρ� kg m−3 See Table A3
Solid specific heat

capacity
cp ,s J kg−1 K−1 500

Liquid specific heat
capacity

cp ,� J kg−1 K−1 See Table A3

Solid thermal
conductivity

λs W m−1 K−1 See Table A3

Liquid thermal
conductivity

λ� W m−1 K−1 See Table A3

Latent heat of melting Lm J kg−1 2.7 × 105

Latent heat of
vaporization

Lv J kg−1 7.45 × 106

Dynamic viscosity μ Pa s 6.42 × 10−3

Surface tension
coefficient

σ N m−1 1.7

Marangoni coefficient dσ/dT N m−1 K−1 −0.0003
Molar mass M kg mol−1 0.05593

Universal gas constant R J mol−1 K−1 8.314
Radiative emissivity ε – –
Stefan–Boltzmann

constant
σs W m−2 K−4 5.67 × 10−8

Table A3: Temperature-dependent thermophysical properties of 316L stainless steel.

Temperature (K) 300 1000 1700 2000 3000
Density (kg m−3) 7900 7710 7430 7140 6740

Specific heat capacity (J kg−1 K−1) 13.96 24.96 35.95 18.97 22.25
Thermal conductivity (W m−1 K−1) 434 498 965 531 600

Appendix B Performance Evaluation of the Pre-Training Phase
The performance of the two pre-trained models is evaluated in terms of convergence stability and

reconstruction accuracy. The results are summarized in Figs. A1 and A2. The left column illustrates the
training and validation loss curves, indicating the optimization process over epochs. The right column
presents the corresponding testing results: (1) the distribution of prediction errors; (2) the prediction
accuracy of the process parameters; and (3) the reconstruction fidelity of the latent variables.
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Figure A1: The training and testing performance of the CNN-based autoencoder.

P:  R 2 = 0.9851
V:  R 2 = 0.9938

(a) Training and validation log-loss curves: mapping
latent variables to process parameters. 

(c) Training and validation log-loss curves: 
reconstruction of latent variables. 

(b) Comparison between predictions and reference 
process parameters on the test samples.

(d) Comparison between reconstructed and reference 
latent variables on the test samples. 

R2=0.9953 R2=0.9888

R2=0.9923 R2=0.9859

Figure A2: The training and testing performance of the DNN-based autoencoder.
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