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Abstract
Laser Powder Bed Fusion (L-PBF) is distinguished by its precision in fabricating intricate structures, yet accurately pre-
dicting thermal profiles remains challenging due to the computational complexity of traditional physics-based models. 
This study explores the application of the Pix2Pix Generative Adversarial Network (GAN) framework for predicting 
thermal maps in L-PBF processes across multiple materials, including 316 stainless steel alloy (SS316L), aluminum alloy 
(AlSi10Mg), pure copper (Cu), and pure tungsten (W). Unlike conventional image-to-image translation tasks, where input 
and output images exhibit pixel-to-pixel spatial correlation, this work maps additive manufacturing process parameters 
encoded as images lacking spatial correlation to thermal profiles representing temperature distributions. The proposed 
approach demonstrates high accuracy (Mean Squared Error (MSE) < 0.018% and Structural Similarity Index Measure 
(SSIM) > 92.5%) and rapid prediction speeds (100 images per second) using data derived from finite element simula-
tions, which were validated with experimental results. This study provides a computationally efficient methodology for 
thermal profile prediction, showcasing the utility of GANs in capturing the relationship between process parameters and 
thermal behavior in additive manufacturing.

Keywords  Machine learning · Thermal profiles · Additive manufacturing · Finite element method · Deep learning · 
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1  List of symbols

Symbol Description Units
ρ Density kg/m3

Cp Specific heat J/(kg K)
k Thermal conductivity W/(m K)
q′′′ Volumetric heat source W/m3

T Temperature K
ϵ Emissivity of irradiated surface -
σb Stefan-Boltzmann coefficient W/(m2 · K4)
n Normal unit vector direction -
qevap Vaporization heat flux W/m2

Mv Mass loss due to vaporization kg

Lv Latent heat of vaporization J/kg
kb Boltzmann constant J/K
Ts Surface temperature K
Pamb Ambient pressure Pa
∆Hv Enthalpy of vaporization J/(kg K)
Tv Vaporization temperature K
g Heat source scaling constant -
rb Laser beam radius mm
H Melt pool depth scaling constant mm
P Laser power W
αth Thermal diffusivity m2/s

τ Laser interaction time s
V Scanning speed m/s
A, n Material fitting constants -

2  Introduction

Additive manufacturing (AM) has emerged as a transfor-
mative manufacturing paradigm for producing geometri-
cally complex components with reduced material waste and 
shortened production cycles compared to conventional sub-
tractive methods [1]. Among metal AM technologies, Laser 
Powder Bed Fusion (L-PBF) is particularly attractive due to 
its capability to fabricate high-density components with fine 
geometric resolution and consistent quality [2]. In L-PBF, a 
focused laser selectively melts metallic powder in a layer-
wise manner, resulting in highly localized and transient 
thermal gradients governed by laser–material interaction, 
heat transfer, melting and solidification, and phase transfor-
mation phenomena [3].

The spatiotemporal thermal profile produced during 
L-PBF plays a central role in determining melt pool geom-
etry, solidification dynamics, residual stress evolution, 
and ultimately microstructure and mechanical properties 
[4]. Consequently, accurate prediction of thermal fields is 
a prerequisite for process optimization, defect mitigation, 
and digital twin development. Recent studies on additively 

manufactured NiTi alloys for elastocaloric refrigeration fur-
ther highlight the strong coupling between process-induced 
thermal history, microstructural evolution, and functional 
performance, underscoring the importance of accurate ther-
mal control and prediction in laser-based AM processes 
[5–8]. Physics-based numerical frameworks such as finite 
element methods (FEM), computational fluid dynamics 
(CFD), and lattice Boltzmann methods (LBM) have been 
extensively used to model thermal behavior in AM pro-
cesses [9, 10]. While these models provide physically inter-
pretable results, their high computational cost limits their 
applicability for real-time prediction, parametric sensitivity 
analysis, and large-scale process optimization [11].

To overcome these limitations, data-driven machine 
learning (ML) models have been explored as computation-
ally efficient surrogates for thermal prediction. Early efforts 
employed tree-based models and convolutional neural net-
works (CNNs) to predict temperature evolution and melt 
pool characteristics in laser-based AM processes [3, 12]. 
Although these approaches demonstrated reduced inference 
time, they often required large training datasets, exhibited 
limited generalization across materials, or struggled to cap-
ture sharp thermal gradients intrinsic to L-PBF. More recent 
studies combined neural networks with reduced-order phys-
ics representations or hybrid architectures to improve accu-
racy; however, adapting such models to new materials or 
process windows typically required retraining or redesign, 
limiting scalability.

Physics-informed machine learning (PIML) approaches 
were subsequently proposed to embed governing equa-
tions or physical constraints directly into neural networks 
[13]. Models such as physics informed neural networks 
(PINNs) and recurrent neural network (RNN)-based frame-
works have shown promise in predicting three-dimensional 
thermal fields while reducing dependence on large labeled 
datasets [9, 14]. Despite these advantages, incorporating 
complex thermo-physical mechanisms into the learning pro-
cess remains computationally demanding, and model train-
ing becomes increasingly challenging as dimensionality and 
material diversity increase.

Generative Adversarial Networks (GANs) offer an alter-
native paradigm for learning high-dimensional thermal 
fields by directly modeling the distribution of temperature 
maps rather than regressing individual scalar quantities. 
GANs have been successfully applied across image syn-
thesis, scientific simulation, and materials informatics, 
where they have demonstrated superior capability in captur-
ing complex spatial patterns and sharp discontinuities [15, 
16]. In the context of additive manufacturing, GAN-based 
models have been used to generate microstructures, predict 
material morphology, and synthesize thermal or process-
related images [17, 18]. However, conventional GANs lack 
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explicit mechanisms to generate outputs conditioned on pre-
scribed process parameters, limiting their utility for process-
aware thermal prediction.

Conditional GANs (CGANs) address this limitation by 
learning mappings between conditioned inputs and target 
outputs [19]. Several recent studies have applied CGAN 
variants to thermal modeling problems by conditioning on 
discrete process labels, layer indices, or spatially aligned 
input images [20, 21]. These approaches are effective when 
conditioning variables are categorical or when input images 
share pixel-wise spatial correspondence with the target 
thermal fields. However, L-PBF process parameters such 
as laser power, scan speed, and time are continuous and 
non-spatial by nature, posing a fundamental challenge for 
image-to-image translation frameworks that typically rely 
on spatial alignment. Representative prior studies and their 
key characteristics, including their key limitations, are sum-
marized in Table 1.

Building on the limitations summarized in Table 1, the 
present work demonstrates that a conditional Pix2Pix GAN 
can reconstruct high-fidelity thermal profiles directly from 
non-spatial process-parameter encodings, without requir-
ing pixel-wise correspondence between input and output 
images. By encoding continuous laser power, scan speed, 
and temporal information into structured, non-spatial rep-
resentations, the model learns the underlying physical map-
ping between process parameters and spatial temperature 

fields, rather than relying on spatially correlated inputs, prior 
thermal images, or discrete labels as used in existing GAN-
based thermal models. This conditioning strategy enables 
learning across continuous process-parameter spaces and 
improves generalization across materials. The approach is 
validated across four materials—SS316L, AlSi10Mg, Cu, 
and W—spanning a wide range of thermophysical proper-
ties, thereby emphasizing generality rather than material-
specific tuning. By leveraging FEM-generated thermal 
data whose melt pool geometries and aspect ratios are 
experimentally calibrated, the proposed GAN framework 
is intended as a high-fidelity surrogate of the underlying 
FEM model. As such, the predictive accuracy of the pro-
posed approach is inherently bounded by the fidelity of the 
numerical simulations used for training, rather than consti-
tuting a direct experimental predictor. The key contribution 
of this work lies not in introducing a new GAN architec-
ture, but in demonstrating that an existing, well-established 
Pix2Pix framework can be repurposed in an architecture-
agnostic manner to learn physically meaningful thermal 
fields from non-spatial process-parameter encodings. This 
insight expands the applicability of image-to-image GANs 
for thermal modeling in L-PBF and supports their use in 
rapid process exploration, sensitivity analysis, and digital 
twin applications. Since numerous variants of the Pix2Pix 
and conditional GAN architectures have been reported in 
the literature [22], the proposed strategy offers a practical 

Reference Model Type Conditioning / 
Inputs

Material Scope Key Limitations

Ness et 
al. [3]

Tree-based 
ensemble ML

Process param-
eters and voxel-
wise thermal 
history

Single (L-PBF, 
IN718)

High data requirements; computation-
ally expensive training; limited scal-
ability to new materials

Hemmasian 
et al. [12]

CNN Laser power, 
scan speed, and 
time

Single (L-PBF, 
Ti-6Al-4VF)

Difficulty capturing sharp thermal 
gradients; limited generalization

Xu et 
al. [23]

MLP + CNN Beam parameters Single (L-PBF 
metal alloy)

Predicts representative melt-pool pro-
files rather than full transient history; 
trained for one alloy and machine setup

Ren et 
al. [14]

Physics-
informed ML 
(RNN)

FEM-informed 
scan history and 
thermal data

Single 
(LAAM, H13 
tool steel)

Requires model reconstruction for 
new materials and increased training 
complexity

Xie et 
al. [9]

Physics-
informed neu-
ral network 
(PINN)

Governing heat 
transfer equa-
tions with sparse 
data

Single (DED, 
metal alloy)

Computationally intensive training; 
limited scalability to high-dimensional 
datasets

Ouidadi et 
al. [20]

MPS-GAN Discrete process-
parameter labels

Per-dataset 
single process/
material (spot 
welding; AM)

Trained only on a discrete set of build-
parameter combinations and specific 
material–process datasets; generaliza-
tion to unseen process conditions or 
new materials is not established

Zhou et 
al. [21]

LMD-cGAN Layer index and 
prior thermal 
images

Single (LMD, 
Ti-6Al-4V)

Relies on spatially correlated in-situ 
thermal images; does not condition 
explicitly on continuous process 
parameters

Table 1  Summary of related work 
on machine learning–based ther-
mal profile prediction in laser-
based additive manufacturing
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material properties were employed to produce a diverse 
set of thermal profile data. The mathematical formulation 
and the modeling framework are described in the following 
subsections.

3.1.2  3D transient thermal model

The governing equation related to the heat transfer model is 
expressed as the following equation [24, 25]:

ρCp
∂T

∂t
= ∇ · (k∇T ) + q′′′� (1)

In the above equation, the delineation between the powder 
bed and the melt pool was employed using the effective 
thermal properties of the powder bed, accounting for the 
inter-particle porosity. The effective density of the powder 
bed (ρp) can be expressed as [30].

ρp =
{

(1 − ϕ)ρ, T < Tm
ρ, T > Tm

� (2)

A similar expression can be used for specific heat Cp. The 
effective thermal conductivity (kp) of the powder bed was 
modeled as a function of the bulk thermal conductivity (k), 
the thermal conductivity of the surrounding gas or air (ka), 
the powder packing density (ϕ), and the radiative effects 
within the powder bed (kr). This relationship is captured in 
the following Eq. 3 [31]:

kp

ka
=

(
1 −

√
1 − ϕ

) (
1 + ϕ

kr

ka

)
+

√
1 − ϕ

[
2

1 − ka

k

(
k

ka
ln

(
k

ka

)
− 1

)
+ kr

ka

]
� (3)

The laser-irradiated surface of the computational domain 
was prescribed with the following conditions:

−k
∂T

∂z
= −hc [T − Tamb] − ϵσb

[
T 4 − T 4

amb
]
� (4)

The non-irradiated boundary surfaces were prescribed with 
the following boundary condition:

−k
∂T

∂n
= −hc [T − Tamb]� (5)

The vaporization heat flux, which accounts for heat loss due 
to material vaporization, can be expressed as:

qevap = Mv × Lv� (6)

where the mass loss due to vaporization can be expressed 
as:

and extensible advantage. By designing the input pipeline 
to conform to the canonical Pix2Pix conditioning interface, 
diverse state-of-the-art Pix2Pix-based architectures can 
be directly adopted without modifying the core network 
design. This decoupling of input representation from archi-
tectural choices enables researchers to readily experiment 
with and benchmark multiple advanced Pix2Pix variants 
by simply adapting the process-parameter encoding, rather 
than re-engineering the model itself. As a result, the present 
approach significantly lowers the barrier to entry, promotes 
architectural interoperability, and makes recent advances in 
conditional GANs readily accessible to a broader materials 
and manufacturing research community.

3  Dataset

3.1  Data generation

3.1.1  Numerical model

The present study employed a 3D FEM-based heat trans-
fer model to generate multi-track thermal profiles during 
L-PBF-based AM. As reported in the literature, laser-matter 
interaction involves complex phenomena such as multiple 
reflections of the laser beam, highly dynamic melt pool 
convection, and vaporization-induced melt pool oscilla-
tions [24]. The dynamic coupling of laser absorption and 
melt pool oscillation results in different modes of melting 
(conduction, transition, and keyhole) with variations in 
process parameters (laser power, scanning velocity, hatch 
spacing, and layer thickness) [25, 26]. In light of these 
considerations, incorporating the aforementioned physical 
aspects into the numerical model is essential for accurately 
representing thermal profiles in the L-PBF process. How-
ever, the inclusion of such complex phenomena inevitably 
leads to increased computational run-time, which can hin-
der the generation of the extensive datasets required for ML 
algorithms [24, 25, 27]. Therefore, to efficiently generate 
a sufficient dataset for a GAN-based deep learning frame-
work, a computationally tractable approach was adopted. 
In this approach, the laser-matter interaction and melt pool 
convection were compensated by an experimentally derived 
volumetric heat source [28, 29]. Primarily, as a proof of 
concept, thermal profiles for up to five tracks on a single 
layer were generated and utilized as the input dataset for 
the GAN-based machine learning framework. It is impor-
tant to note that this framework is not limited to single-layer 
predictions; the numerical model and the resulting machine 
learning predictions can be seamlessly extended to accom-
modate multi-track, multi-layer thermal profile predictions. 
Parametric variations in machine settings and changes in 
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machine parameters and material properties. The following 
formulation describes the volumetric heat source [37]:

q′′′ = gαP

πr2
b (z)

exp
(

− gr2

r2
b (z)

)
f(z); f(z) = 1

H
exp

(
−g|z|

H

)
� (8)

In the above formulation, the term H  corresponds to the 
melt pool depth, which is scaled using the following nor-
malized energy input-based analytical equation [32, 35]:

H = rb × A ×
[(

αP

πr2
b

)
×

(
τ

√
αthτ

)
×

(
1

ρCpTs

)]n

, where τ = rb

V � (9)

The parameters A and n are material fitting constants, 
which can be obtained by fitting the above equation with 
experimentally obtained melt pool depth values. Thus, the 
above set of equations completes the conduction-based heat 
transfer formulation of the L-PBF process. In this study, 
four different material systems were considered: SS316L, 
W, Cu, and AlSi10Mg. These materials were selected due 
to their significant variation in thermophysical properties, 
such as thermal conductivity and melting point. Note that α 
is the laser absorption coefficient. In the current framework, 
at any given point below the melting temperature, α has 
been assigned a value pertaining to powder bed absorption. 
In case the temperature exceeds the melting temperature, α 
has been assigned the value of the molten metal absorption 
coefficient. The values for powder bed and molten metal 
absorption coefficients were obtained from the literature for 
the respective material systems: SS316L [34], W [37, 38], 
Cu [39], and AlSi10Mg [32]. The machine parameters and 
the values of the thermophysical properties used to evalu-
ate  (1)–(9) are listed in Tables 2 and 3, respectively. The 
number of data files per material listed in Table 2 depends 
on the power and velocity parameters for that particular 

Mv = m

√
2πkbTs

m
× Pamb × exp

(
∆Hv

kbTv

(
1 − Tv

Ts

))
� (7)

3.1.3  Volumetric heat source

As outlined in the preceding sections, the thermal model 
adopted in this study neglected certain physical mecha-
nisms, including melt pool convection and the interaction 
of laser energy with the powder bed, such as multiple inter-
nal reflections, which are likely to influence the evolution 
of melt pool morphology during L-PBF. To address this, a 
volumetric heat source was scaled using the experimentally 
observed melt pool depth. In the L-PBF process, the melt 
pool depth varies with changes in material properties and 
machine parameters. According to the literature, a normal-
ized energy input-based analytical function can be con-
structed to obtain a scaling function for the experimentally 
measured melt pool depth [32–36]. This scaling function 
is formulated to include phenomenological factors such as 
laser intensity, laser absorption coefficient, laser interac-
tion time, thermal diffusivity, specific heat, and melting 
temperature. Consequently, this volumetric heat formula-
tion enables a reasonable approximation of the changes in 
melting mode and thermal profiles that occur with varying 

Table 2  List of process parameters employed in input dataset generation
Parameter W SS316L Cu AlSi10Mg
Laser Power (W) 400–900 100–250 250–500 100–250
Scanning Speed (m/s) 0.1–0.5 0.3–1.5 0.3–1.0 0.3–1.5
Hatch Spacing (mm) 0.05 0.05 0.05 0.05
Beam Radius (mm) 0.04 0.0275 0.0275 0.0275
Layer Thickness (mm) 0.03 0.05 0.05 0.05
Beam Adjustment Factor (g) 2.0 2.0 2.0 2.0
Time Steps (s) 1 × 10−4 1 × 10−4 1 × 10−4 1 × 10−4

Total Number of Data Files 13013 4459 3558 5544

Table 3  Thermophysical parameters employed in the 3D heat transfer model. References for data sources are provided
Thermophysical Property W [37, 40] SS316L [40, 41] Cu [40, 42, 43] AlSi10Mg [30, 40, 44]
Density, Solid (kg/m3) 19300 7950 8960 2670
Density, Liquid (kg/m3) 16826 8200 − 0.77T

8020 2670
Conductivity, Solid (W/(m K)) 180 9.23 + 0.0139T

385 247.63 − 0.042T
Conductivity, Liquid (W/(m K)) 97 5.5 + 0.0133T

157 72.07 + 0.020T
Specific Heat, Solid (J/(kg K)) 131 415 + 0.01838T

481 834.96 + 0.216T
Specific Heat, Liquid (J/(kg K)) 274 830 537 1050
Heat of Melting (kJ/mol) 35.3 15.5 13.1 10.8
Heat of Vaporization (kJ/mol) 800 380 300 293 (Aluminum)
Liquidus Temperature (K) 3695 (melting) 1723 1357 (melting) 867
Solidus Temperature (K) - 1658 - 831
Vaporization Temperature (K) 5555 3090 2835 2743
Boltzmann Constant (J/K) 1.328 × 10−23 1.328 × 10−23 1.328 × 10−23 1.328 × 10−23

Convective Heat Transfer Coefficient (W/
(m2·K))

15 15 15 15

A, n 0.43, 1.19 0.14, 1.47 0.17, 1.18 0.18, 1.19
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Multiphysics®. To resolve the multitrack heating of the 
laser beam, an adaptive meshing strategy with quadrilateral 
mapped elements was employed. The minimum mesh size, 
determined through convergence analysis, ranged from 2 to 
15 µm depending on the given process parameter set. The 
computations were performed on an Intel® Xeon® Gold 6252 
CPU (2.10 GHz, 190 GB RAM) processor. Figure 2 presents 
the transverse cross-sections of numerically simulated melt 
pool geometries alongside the experimental results for all 
four material systems. The melt pool dimensions obtained 
from the numerical model, using the aforementioned analyti-
cal functions, are in strong agreement with the experimental 
data. Furthermore, the melt pool aspect ratio (depth-to-half-
width ratio) predicted by the developed numerical model 
shows good correlation with the experimentally measured 
values (Fig. 3). Within the current framework, the choice of 
experimental validation using the melt pool aspect ratio was 
based on the distinct melting modes observed in laser pow-
der bed fusion. As reported in the literature, three melting 
modes exist during laser powder bed interaction: conduction, 
transition, and keyhole modes [24]. These melting modes are 
contingent on process parameters and dictate the coupling 
between the laser beam and the molten pool, which signifi-
cantly influences the melt pool geometry and the evolved 
temperature within the molten zone.

Given that the present framework considers the laser-
matter interaction as a pure conduction problem with 

material. Additionally, Eq. 9 was fitted using melt pool 
depth data for the respective material systems obtained from 
both literature and in-house experiments. The fitted dataset 
is plotted in Fig. 1 for reference, and the fitting constants are 
provided in Table 3 [30, 37, 40–44].

The developed numerical framework was imple-
mented within the commercial FEM software COMSOL 

Fig. 2  Comparison of numerically simulated melt pool geometries with experimental results for (a) AlSi10Mg [45] (b) SS316L (c) W [37] (d) Cu 
[39] alloys

 

Fig. 1  Melt pool aspect ratio (H/rb) as function of normalized energy 

input 
(

αP πr2
b ×

√
ταth

τ × 1
ρCpTs

)
 for different material systems 

[30, 37, 40–44]
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3.2  Data pre-processing

The thermal profiles acquired from FEM simulations of four 
materials SS316L, AlSi10Mg, Cu, and W across different 
power and velocity combinations from Table 4, were used to 
test the proposed approach on a broader dataset that reflects 
realistic additive manufacturing conditions. Table 2 shows 
the total number of data files created for this work. The 
CGANs model, being an image translation model, required 
both source and target data to be in image form.

For this, the numerical data of process parameters laser 
power, velocity, and time step were encoded into images. 
For each of the FEM output temperature distribution maps 
(ground truth), corresponding laser power (P ), velocity 
(V ), and time step (t) values were converted into three 
grids of equal areas in a 256x256 image corresponding to 
each process parameter, as presented in Fig. 4. In order 
to maintain consistency and improve model performance, 
normalization was implemented for power, velocity, and 
time step. Normalization is crucial in this context as it 
ensures that all process parameters are on a comparable 
scale, preventing any one parameter from dispropor-
tionately influencing the model. This helps the model to 
learn more effectively, as it can focus on the relationships 
between the parameters rather than being biased by dif-
ferences in their magnitudes, ultimately improving its 
ability to predict accurate thermal profiles. For the out-
put or ground truth images representing temperature pro-
file maps, logarithmic scaling of temperature values was 
employed instead of using absolute values. This decision 
was guided by the observation that logarithmic prepro-
cessing significantly enhanced model convergence during 
training. The thermal profiles generated by FEM simula-
tions often exhibit a broad range of temperature values, 
with some regions experiencing extreme localized high 
values (i.e., near the laser beam) while others remain 
comparatively low. Such disparities can pose challenges 
for the model, leading to slower or less effective learn-
ing. Logarithmic scaling effectively compresses this wide 
range, emphasizing smaller but crucial variations in tem-
perature, thereby enabling the model to learn more effi-
ciently and achieve higher accuracy in predicting thermal 

appropriate vaporization heat source and sink terms, an 
accurate estimation of the molten volume is essential to 
establish a reasonable representation of thermal evolution. 
Moreover, as suggested in the literature, the small diam-
eter of the laser beam and the low laser interaction time 
(≤ 1 ms) pose challenges for experimental measurements of 
thermal evolution within the laser-matter interaction zone in 
L-PBF [24, 25].

In this context, the present framework, within its current 
limitations, provides reasonable validation in terms of the 
melt pool aspect ratio, effectively reflecting the prevailing 
melting mode, and the corresponding thermal evolution.

3.1.4  Experimental method

In the present framework, the melt pool aspect ratio for the 
material systems SS316L and tungsten (W) was evaluated 
through in-house experiments. For SS316L, single-track 
L-PBF experiments were conducted using a Trumpf Tru-
Print 1000 machine with a laser beam diameter of 55 µm. 
The SS316L powders, procured from ThermoFisher®, had 
a D50 particle size of 35  µm. For tungsten, single-track 
experiments were performed using an Aconity MDI L-PBF 
machine with a laser beam diameter of 80 µm. Spherical 
tungsten powder with 99.9% purity and a mean particle size 
of 33 µm was used. The process parameters for both mate-
rial systems are listed in Table 2.

Post-processing, the single-track specimens were cross-
sectioned, polished, and subjected to metallographic analy-
sis to determine the melt pool morphology (for aspect ratio 
calculation) using a Keyence VKS laser profilometer. Addi-
tional data on the material systems utilized in the modeling 
framework were obtained from the literature.

Table 4  Laser power and velocity values for each material
Material Power (W) Velocity (m/s)
SS316L 100, 125, 150, 175, 200, 225, 250 0.3, 0.5, 0.7, 

0.9, 1.1, 1.3, 1.5
AlSi10Mg 100, 125, 150, 175, 200, 225, 250 0.3, 0.5, 0.7, 

0.9, 1.1, 1.3, 1.5
Cu 250, 300, 350, 400, 450, 500 0.3, 0.5, 0.75, 

1.1
W 400, 450, 500, 550, 600, 650, 700, 

750, 800, 850, 900
0.1, 0.3, 0.5

Fig. 3  Comparison of experimentally observed and numerical model 
based prediction of melt pool aspect ratios (H/rb)
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dataset consists of 3,978 training images and 481 test-
ing images. Among the testing images, 57 were organized 
into a time series corresponding to a specific combination 
of power and velocity, while the remaining images were 
randomly sampled from the dataset. The AlSi10Mg dataset 
comprises 4,946 training images and 598 testing images, 
with 71 images structured in a time series. The Cu dataset 
includes 3,084 training images and 474 testing images, of 
which 155 images were organized in a time series. Finally, 
the W dataset contains 11,532 training images and 1,481 
testing images, with 257 images arranged in a time series. 
This non-spatial encoding of continuous process parameters 
into 256×256 images for image-to-image translation differs 
from MPS-GAN , which conditions on discrete labels (e.g., 
sheet number, coating status, welding current), and LMD-
cGAN , which uses prior thermal images and layer index 
[20, 21]. The proposed strategy enables learning thermal 
responses across continuous power–velocity–time varia-
tions for multiple alloys, supporting parametric sensitivity 
analysis in L-PBF.

profiles. Thus, the target image of dimensions 256x256 
represents a contour plot of thermal profiles from the 
numerical data derived from the FEM simulation with 
respect to x and y coordinates. Furthermore, the target 
image was processed by applying logarithms and normal-
izing the data with the lowest and highest temperatures 
for each material, as per the values presented in Table 5.

The processed source and target images were stitched 
together to create a single 256x512 image (training exam-
ple), as depicted in Fig. 4. These composite images were 
then divided into training and testing datasets. The SS316L 

Table 5  Details of the normalization values for source and target 
images across all materials
Material Power 

(W)
Velocity 
(m/s)

Time 
Step

Lowest 
Tempera-
ture (K)

Highest 
Tempera-
ture (K)

SS316L 250 1.5 20.6 188 3084
AlSi10Mg 250 1.5 25.6 293 2743
Cu 500 1 25.6 291 3000
W 900 0.5 77 287 7500

Fig. 4  Source (codified process parameter image) and FEM-generated 
target images (thermal profiles) for materials SS316L, AlSi10Mg, Cu, 
and W. Each 256x512 composite image combines a 256x256 source 

image (left - excluding the labels) and a corresponding 256x256 FEM-
generated target image (right), illustrating the differences for the speci-
fied materials and process parameters
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(SSIM) [53]. After training, the learned model weights were 
applied for inference on new data, for predicting thermal 
profiles [54]. In this phase, only the generator network was 
utilized, while the discriminator network was no longer 
involved [54].

The success of training GANs depends on several fac-
tors, including network architecture, activation functions, 
loss functions, relative loss weights, and optimization algo-
rithms [52]. In this study, the generator was based on the 
U-Net architecture within the Pix2Pix framework. It pro-
cessed the stitched source and target images as input, as illus-
trated in Fig. 5. The U-Net architecture consisted of encoder 
and decoder stages with skip connections to enhance feature 
representation and flow of higher-level information/features 
to lower levels (due to skip connections) [55]. The network 
employed standard Convolution - Batch Normalization - 
ReLU blocks, using 4×4 spatial filters with a stride of 2. 
The Adam optimizer was chosen for training the GANs due 
to its fast convergence and adaptive learning rates based on 
past gradients [51]

The loss functions of the generator:

G∗ = arg min
G

max
D

LCGANs(G, D) + λL1LL1(G) + λL2LL2(G)� (10)

Where, LL1(G), LL2(G), and LCGANs(G, D) represents 
the L1, L2, and CGANs losses of the generator, respec-
tively. λL1 and λL2 denotes the weights for the L1 and 
L2 losses respectively. The losses LL1(G), LL2(G), and 
LCGANs(G, D) are defined as follows:

LCGANs(G, D) = Ey[log D(y)] + Ex,z[log(1 − D(G(x, z)))]� (11)

LL1(G) = 1
N

∑
|G(x, z) − y|� (12)

LL2(G) = 1
N

∑
(G(x, z) − y)2� (13)

L1 and L2 losses measure the differences between predicted 
and actual images, crucial in GAN training. LCGANs cor-
responds to the binary cross-entropy loss, which typically 
exhibits high values with correct identification of the real 
image and low values when the discriminator cannot distin-
guish real from generated images.

This loss guides the generator’s improvement. x and y are 
source and ground truth images, respectively, while G(x, z) 
denoted the generator’s output. The parameters λL1 and λL2 
were used to balance the L1 and L2 losses in the generator’s 
total loss G. Achieving the correct balance between these 
losses was crucial for optimizing the generator’s output, 
ensuring that the generated images closely resembled the 
ground truth images.

4  Methodology

4.1  Network architecture

The CGAN-based machine learning model employs the Pix-
2Pix architecture to predict thermal profiles, demonstrating 
the adaptability of the image-to-image translation approach 
in GAN-based deep learning without modification. Genera-
tive Adversarial Networks (GANs) have been recognized 
as a pioneering approach to generative modeling in deep 
learning, frequently utilizing Convolutional Neural Net-
works (CNNs) [46]. GANs have been employed for various 
tasks, including image translation [47] and segmentation 
[48, 49], by framing the problem as a supervised learning 
task involving two sub-models: the The “Generator model 
(G)” and the “Discriminator model (D)”. These models are 
trained simultaneously in an adversarial, zero-sum game 
setting, where the generator aims to deceive the discrimina-
tor until the latter becomes uncertain about the classification 
of the images approximately half of the time [49].

The Generative Adversarial Network (GAN) framework 
operates in two distinct phases: training and inference. Dur-
ing the training phase, the generator is conditioned on source 
images that include process parameters such as laser power 
(P ), velocity (V ), and time step (t), while also receiving tar-
get images that represent the ground truth thermal profiles 
derived from FEM simulations. Initially, the generator’s 
output is far from the target, allowing the discriminator to 
effectively distinguish between real and generated images. 
Through backpropagation and iterative optimization, the 
generator adjusts its weights to minimize the error between 
the generated and real images, leading to progressively 
more accurate thermal profile predictions over time [50–
52]. During inference, only the source images are provided 
to the generator, which then produces the thermal profiles 
based on these inputs, without the need for target images. 
This enables the model to generate accurate predictions in 
the absence of ground truth data.

In artificial neural networks, model weights controlled 
the flow of information between neurons, determining how 
data was transformed as it traversed the network [52]. Dur-
ing training, these weights were optimized to minimize 
prediction errors, enabling the network to learn from the 
data [52]. The objective was to find optimal weights that 
minimized the discrepancy between generated and ground 
truth images [52]. Model weights were typically updated 
after each batch of training examples, with training progress 
monitored by evaluating the generator’s loss value at regu-
lar intervals (epochs) [52].

During the inference phase, the model was tested on 
unseen data to estimate accuracy using metrics such as 
mean squared error (MSE) and structural similarity index 
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It is further noted that this conditioning strategy differed 
fundamentally from conventional image–to–image trans-
lation tasks, in which input and output images typically 
exhibit pixel–wise spatial correspondence [46, 56, 57]. In 
the present work, the process–parameter images were delib-
erately constructed to lack spatial correlation with the target 
thermal fields. This design choice emphasized learning the 
underlying physical mapping between process parameters 
and thermal response, rather than relying on spatial align-
ment. Accordingly, the conditional Pix2Pix framework 
employed herein demonstrated that physically consistent 
thermal fields could be reconstructed from non–spatial pro-
cess representations, highlighting the suitability of archi-
tecture–level conditionality for modeling thermo–kinetic 
evolution in laser powder bed fusion.

There was no universal rule for determining the values 
of λL1, and λL2. In the current work, these hyperparameters 
were fine-tuned through a process of trial-and-error.

L1 loss focuses on pixel-level accuracy by minimizing 
the absolute differences between the generated and target 
images, thus ensuring that each pixel matches closely with 
its counterpart. While beneficial for detailed fidelity, high 
L1 weights can sometimes lead to overly smoothed images 
where sharper details are needed. In contrast, L2 loss more 
stringently penalizes deviations between generated and tar-
get images, particularly targeting larger errors. This char-
acteristic enables it to better preserve edge information and 
texture, making it more effective than L1 loss in maintain-
ing temperature values within the thermal profile data.

In accordance with the theoretical assumptions, experi-
mental observations on the SS316L dataset revealed distinct 

Although the adversarial loss functions in Eqs. 10–13 
were expressed in a compact form, the proposed frame-
work was conditional in an architectural sense. Within the 
present Pix2Pix implementation, thermal profiles were not 
provided to the discriminator in isolation. Instead, paired 
inputs comprising a codified process–parameter image and 
the corresponding real or generated thermal profile were 
supplied. The conditioning variables (actual experimental 
process parameters), such as laser power, scan velocity, and 
time step, were embedded directly within the input image 
as graded intensity fields. Consequently, the discriminator 
was trained to distinguish between real and generated ther-
mal fields conditioned on the supplied process parameters, 
thereby learning the conditional distribution p(Y | X), 
where X denoted the process–parameter image and Y repre-
sented the thermal profile.

The conditional character of the model therefore origi-
nated from the curated input representation and the paired 
data structure, rather than from an explicit conditioning term 
in the loss–function notation. During training, both real and 
generated thermal profiles were consistently evaluated by 
the discriminator in conjunction with the same condition-
ing image. As a result, the discriminator was compelled to 
assess whether the predicted thermal field was physically 
consistent with the supplied process parameters, rather 
than merely determining whether it resembled a plausible 
temperature distribution. A discriminator that ignored the 
conditioning image would have been unable to reliably dif-
ferentiate real from generated samples, thereby enforcing 
effective utilization of the embedded process–parameter 
information during adversarial training.

Fig. 5  Illustration of CGANs machine learning model architecture used for predicting thermal profiles
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including MSE and SSIM, were employed to assess the 
model’s performance. These metrics, reported along with 
their respective variabilities, provided insight into the mod-
el’s accuracy and reliability in predicting the thermal pro-
files for all four materials.

All models employed the same training configuration 
across materials. Specifically, paired 256×256 source and 
target images were used with a batch size of 128. The Adam 
optimizer was applied to both generator and discriminator 
with learning rates of 1 × 10−4. Loss weights were fixed 
as λL1 = 0, λL2 = 100, and λGAN = 1 for all materials, 
based on empirical evaluation of output fidelity and training 
stability.

5  Results and discussion

5.1  Model performance

This study examined the application of CGANs within the 
Pix2Pix framework to predict thermal profiles based on pro-
cess parameters in the L-PBF-based additive manufacturing 
process. A defining aspect of this approach is the mapping 
of input process parameters, encoded as images, to thermal 
profiles, which represent spatial temperature distributions 
without any direct spatial correlation between the inputs and 
outputs. This contrasts with traditional image translation 
tasks, where input and output data typically share a spatial 
relationship. By leveraging an established image-to-image 
translation framework, this methodology not only demon-
strated effective prediction capabilities under these condi-
tions but also highlighted the potential to capitalize on rapid 
advancements in generative AI. Such an approach enables 
researchers and practitioners in materials science to deploy 
thermal profile prediction models with minimal program-
ming expertise or modifications to the core network, thus 
lowering the barriers to adoption and extending its applica-
bility in the field.

To assess the model’s effectiveness, its performance was 
evaluated across both time-series and random time steps. 

outcomes with three different combinations of L1, L2, and 
GAN weights. When L1 = L2 = 0 and GAN = 100, the high 
GAN weight resulted in images that were visually divergent 
from the target, as presented in the GAN model in Fig. 6. 
Increasing the L1 weight (i.e., L1 = 100, GAN = 1, and L2 
= 0) produced images that were slightly improved compared 
to the GAN model, as observed in the L1 model in Fig. 6, 
However, this adjustment led to blurrier outputs due to the 
L1 loss’s tendency to average pixel values. Conversely, 
increasing the L2 weight (i.e., L1 = 0, L2 = 100, and GAN 
= 1) yielded sharper and more accurate thermal maps, as 
illustrated by the L2 model in Fig. 6, proving particularly 
advantageous for this study. Consequently, the model was 
trained with an increased L2 weight (i.e., L1 = 0, L2 = 100, 
and GAN = 1) for all other materials.

4.2  Evolution of training

The ML model predictions of thermal profiles in four differ-
ent materials across various epochs during training has been 
illustrated in Fig. 7 for the sake of comparison. The input 
process parameters were presented as source image, origi-
nal out put from the FEM simulation was presented as the 
target image. The predicted images from the machine learn-
ing model at the initial, intermittent, and final epochs are 
displayed in Fig. 7. For SS316L dataset, optimal model per-
formance was achieved at epoch 99 after approximately 17 
hours of training, using a training dataset of 3,978 stitched 
images (training examples). For the AlSi10Mg dataset, opti-
mal performance was reached at epoch 50 after about 11 
hours of training, utilizing a dataset of 4,946 examples. The 
Cu dataset achieved its optimal model performance at epoch 
199 after roughly 14 hours of training with 3,084 stitched 
images. Lastly, for the W dataset, the best performance was 
attained at epoch 47 after approximately 26 hours of train-
ing, with a dataset comprising 11,532 stitched images. All 
training sessions were conducted on a high-performance 
workstation featuring a 56-core/112-thread CPU, 256GB of 
RAM, and dual NVIDIA A6000 Quadro GPUs with a total 
of 96GB of dedicated GPU memory. Evaluation metrics, 

Fig. 6  Depiction of model performance based on L1, L2, and GAN loss functions, showing that the L2 loss function generates thermal profiles 
closely resembling the target thermal profile from FEM
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The thermal profiles, shown in rows labeled as “Target 
(FEM)” and “Predicted (ML Output)” in Fig. 8(a) details 
the model’s performance on SS316L test dataset for time 
series for P = 150W  and V = 1.1m/s. The comparison of 
machine learning predictions with FEM-generated thermal 
profiles demonstrated that the predictions were both visually 
and quantitatively similar to the FEM results. For instance, 
the maximum temperature T (k) at t = 57 for FEM was 
2890.93K and for ML output was 2845.51K), indicating 
consistent accuracy across all time steps. This accuracy was 
observed for all four materials, with an average SSIM of 
95.78% and an MSE of 0.0078 on the time series testing 
dataset.

Similarly, for AlSi10Mg (Fig. 8(b)) at P = 150W  and 
V = 1.1m/s, the average SSIM was 90.09% and MSE was 
0.018. For Cu (Fig. 8(c)) at P = 300W  and V = 0.5m/s, 
the average SSIM was 89.29% and MSE was 0.027. For 
W (Fig. 8(d)), the average SSIM was 88.01% and MSE 
was 0.038. The ML predictions consistently captured the 

For the first case, input parameters power (P ) and velocity 
(v) were fixed and time step (t) was varied. For the second 
case, different combinations of P  and V  were systemati-
cally varied, allowing for a comprehensive assessment of 
the model’s performance. Figures 8 and 9 present visual 
and quantitative comparisons between target thermal pro-
files generated by FEM simulations and those predicted by 
the machine learning model, evaluated using SSIM, MSE, 
and maximum temperature of the thermal profiles. Figure 
8 compares FEM simulated and machine learning model 
generated thermal profiles for time series test dataset of all 
four materials. As it can be observed, the model performed 
well on unseen test datasets across all four materials. The 
range of time steps [57-257] arises (Fig. 8) because the 
total number of time steps varies for each material depend-
ing on the power and velocity values. For example, some 
combinations of P  and V  take less time to complete the 
given (fixed in current case) scanning path, while others 
take longer.

Fig. 7  Evolving inference capabilities of the model in predicting ther-
mal profiles across initial, intermediate, and final epochs. Each row 
represents one of the following materials: SS316L, AlSi10Mg, Cu, and 

W. As training progresses, the predicted thermal profiles increasingly 
resemble the thermal profiles obtained through FEM
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Fig. 8  Performance of the model visualized on time-series during the 
printing process for (a) SS316L, (b) AlSi10Mg, (c) Cu, and (d) W. 
The top row displays original thermal profiles from FEM simulations, 

while the bottom row presents ML-predicted thermal profiles for each 
material. Each pair of thermal profiles is accompanied by their corre-
sponding MSE, SSIM, and maximum temperature (Tmax) values
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Fig. 9  Performance of the model on random testing dataset samples 
involving combinations of laser power, velocity, and time step for (a) 
SS316L, (b) AlSi10Mg, (c) Cu, and (d) W. The top row shows original 

thermal profiles from FEM, while the bottom row presents ML-pre-
dicted thermal profiles for each material alongside their corresponding 
MSE, SSIM, and maximum temperature (Tmax) values
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Fig. 9(a) to (d) of Fig. 9 delineated these parameter combi-
nations alongside their respective maximum temperatures. 
Conversely, the machine learning model-generated thermal 
profiles provides detailed metrics such as SSIM, MSE, and 
maximum temperature values. For instance, in Fig. 9(a), at 
t = 122 for P = 175W  and V = 0.5m/s, the FEM simu-
lated thermal profile recorded a maximum temperature of 
2822.79K. Meanwhile, the machine learning model pre-
dicted a maximum temperature of 2845.51K for the same 
conditions, with SSIM and MSE values of 93.74% and 
0.0063, respectively. From the analysis of the model perfor-
mance at random time steps, thermal profiles in Fig. 9 for 
different materials in panels Fig. 9(a) to (d), it was observed 
that the ML predicted thermal profiles closely aligned with 
the FEM simulated thermal profiles.

In addition to the maximum temperature (Tmax), the line 
thermal profiles along the x- and y-axes were extracted for 
quantitative evaluation. The extracted line thermal profiles 
also showed good agreement with the FEM thermal pro-
files for all four materials. Representatively, the tempera-
ture distribution as a function of distance for AlSi10Mg 
at t = 92 with P = 100 W and V = 0.5 m/s, along both 
the x- and y-axes, is presented in Fig. 10. Over a distance 
of 2000  µm, the temperature ranged from approximately 
290 K to 2000 K, with a MSE of 0.0089%. This representa-
tion was selected to demonstrate that the machine learning 
model accurately predicted numerical temperature values. 
Consequently, a model capable of predicting thermal pro-
files for different materials with comparable accuracy, as 
shown in Figs.  8 and  9, will facilitate efficient parameter 
optimization, quality control, and a comprehensive under-
standing of the AM process.

Performance of all the models considered in this present 
work for different materials are summarised in Table 6. It was 

temperature trends across all materials, with only the first 
time step showing the lowest SSIM and highest MSE val-
ues. This can be attributed to the fact that the model was 
trained on fewer examples of thermal profiles at time t = 0, 
as only 156 profiles were available for this initial state and 
this state is distinctly different from every other state (as 
laser is not present at t = 0).

The comparison of maximum temperatures between FEM 
and ML-generated thermal profiles did not always directly 
correlate with SSIM and MSE values, as these metrics evalu-
ate pixel-wise differences between the images. Nonetheless, 
maximum temperature prediction remains a valuable metric 
for assessing the model’s accuracy. Notably, in contrast to the 
pioneering study [12] that introduced upper cutoff tempera-
tures to ensure network stability, the current approach did 
not require such cutoffs. The model successfully learned the 
targeted profiles without convergence issues, demonstrating 
the stability of the GAN-based network in handling sharp 
gradients typical of the AM process, which also resulted in 
faster convergence during the training phase.

Both visual and quantitative analyses, as demonstrated in 
Fig. 8 indicated that the machine learning model accurately 
captured the transient thermal evolution, maintaining high 
fidelity to the physical numerical values. For a more detailed 
visualization of the model’s performance, time-series data is 
most effectively utilized. Readers are encouraged to refer to 
the video files (Videos I–IV) included in the online version 
of the manuscript for further insight.

For the second case, to enhance the model’s robustness 
and reduce the risk of overfitting when using only time-
series data. The model’s performance at random time steps 
across SS316L, AlSi10Mg, Cu, and W materials, were 
evaluated for different combinations of input parameters 
(P, V, t). The FEM simulated thermal profiles from panels 

Fig. 10  (a) Representative thermal profiles for AlSi10Mg at 100W 
power and 0.5 m/s velocity (time step = 92) illustrating extraction of 
thermal data for spatial comparison. (b) spatial comparison of ML 
and FEM generated temperature profile along X-axis (along the “blue 

color” section represented in (a)) and (c) spatial comparison of ML and 
FEM generated temperature profile along Y-axis (along the “red color” 
section represented in (a))
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and thermal response. High–fidelity thermal profiles were 
obtained for all four materials, yielding SSIM values of 
95.49, 92.59, 93.18, and 92.63 and MSE values of 0.006, 
0.011, 0.015, and 0.018, respectively, while maintaining 
physically consistent thermal behavior across a wide range 
of thermophysical properties.

The training data were generated using an FEM frame-
work incorporating an experimentally calibrated volu-
metric heat source, with physical fidelity ensured through 
validation of melt pool dimensions and aspect ratios against 
in–house and literature measurements. The demonstrated 
robustness of the model across multiple materials high-
lights its potential extension to more complex scenarios, 
including multi–track and multi–layer builds with intri-
cate scanning strategies. Inference was achieved at a rate 
of approximately 100 thermal profiles per second, enabling 
rapid exploration of large process–parameter spaces and 
significantly reducing computational cost relative to con-
ventional numerical simulations. Nevertheless, the present 
framework did not explicitly account for melt pool convec-
tion, keyhole dynamics, or scan–history effects, and retrain-
ing was required for each material system. These limitations 
motivate future extensions based on transfer learning and 
more comprehensive multi–physics formulations, as well as 
the integration of physics–based constraints and experimen-
tal thermal data to further improve generalization in metal 
additive manufacturing.
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observed that the model exhibited reasonable performance 
with the SS316L dataset, surpassing the accuracy achieved 
with all other material datasets. This can be postulated to a 
comparatively lower thermal gradient of 2.18 × 107 K/m 
experienced by this material in comparison to other materi-
als as presented in Table 6 during L-PBF AM processing.

In summary, the machine learning model generated ther-
mal profiles that closely aligned with FEM-simulated thermal 
profiles, both visually and quantitatively, across time series 
and random time steps. Additionally, the line thermal pro-
file temperature values were preserved, thus maintaining the 
physical integrity of the temperature distribution, as shown 
in Figs. 8, 9, and 10. The discriminator feedback enabled 
high SSIM, low MSE, and stable training despite large tem-
perature gradients (2.18 × 107 to 1.74 × 108 K/m). The 
model successfully captured a broader temperature field 
over a 2000 × 2000 µm2 area and accommodated diverse 
materials. While retraining is required for new parameters 
or materials, this approach establishes a foundation for gen-
erative thermal modeling in AM. Notably, this robustness 
is achieved using a standard Pix2Pix architecture with non-
spatial process-parameter encodings, allowing architecture-
agnostic extension to advanced Pix2Pix variants without 
modifying the core network design. Advancements in AI, 
particularly in generalization from limited datasets, could 
enhance scalability. Future research can refine these models 
for broader deployment.

6  Conclusion

In the present work, a conditional Pix2Pix architecture–
based GAN framework was developed to predict thermal 
profiles in laser powder bed fusion using continuous varia-
tions of laser power, scan velocity, and time step, encoded as 
non–spatial, codified input images deliberately constructed 
without pixel–wise correspondence to the target thermal 
fields. The framework was trained on FEM–simulated data-
sets for SS316L, AlSi10Mg, Cu, and W, comprising 4,459, 
5,544, 3,558, and 13,013 data files, respectively. Despite the 
absence of explicit spatial alignment between the inputs and 
outputs, the model successfully reconstructed sharp thermal 
gradients at the melt pool boundary, capturing the under-
lying physical relationship between process parameters 

Table 6  SSIM, MSE, and Maximum Thermal Gradient values across 
different range of parameter combinations of the model
Material SSIM (%) MSE Maximum Thermal Gradient (K/m)
SS316L 95.49 0.006 2.18 × 107

AlSi10Mg 92.59 0.011 3.72 × 107

Cu 93.18 0.015 1.14 × 108

W 92.63 0.018 1.74 × 108
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