
Computational Materials Science 274 (2026) 115025 

A
0

 

Contents lists available at ScienceDirect

Computational Materials Science

journal homepage: www.elsevier.com/locate/commatsci  

Full length article

Towards real-time prediction of thermal history and hardness in laser powder 
bed fusion using deep learning
Philipp Schüßler ∗, Volker Schulze , Stefan Dietrich
Karlsruhe Institute of Technology (KIT), Institute for Applied Materials - Materials Science and Engineering (IAM-WK), Karlsruhe, 76131, Germany

A R T I C L E  I N F O

Keywords:
Additive manufacturing
Deep learning
Surrogate model
Carbon steel
AISI 4140
42CrMo4
Thermal history
Hardness

 A B S T R A C T

Laser powder bed fusion (PBF-LB) of quenched-and-tempered steels is governed by highly localized thermal 
histories that control microstructure evolution and hardness. Predicting these process–structure–property 
relationships typically requires computationally intensive finite element (FE) simulations, limiting real-
time applicability. Here, we present a physics-informed deep learning surrogate for real-time prediction of 
thermal histories and hardness in PBF-LB of AISI 4140. The model integrates process parameters and spatial 
laser–material interactions within an autoregressive sequence framework to capture path-dependent thermal 
behavior. Trained on multiscale FE data, the model reconstructs local temperature–time histories with high 
fidelity and enables hardness prediction via a non-isothermal Hollomon–Jaffe relationship. A two-layer LSTM 
ensemble achieves a temperature RMSE of (2.6 ± 1.2)K on an independent test set. The central contribution is 
the prediction of complete local thermal histories and their propagation through a validated tempering model 
to obtain local hardness under varying process conditions and cross-section geometries. Beyond this specific 
system, the proposed framework establishes a generalizable strategy for bridging high-fidelity simulation and 
real-time prediction in manufacturing processes. It thus provides a foundation for accelerated process design, 
in situ decision-making, and the realization of digital twins in materials processing.
1. Introduction

Laser Powder Bed Fusion (PBF-LB) offers high geometric design 
freedom and enables the fabrication of complex, functionally integrated 
components. Despite this potential, industrial use is still largely limited 
to well-established alloys, while high-strength martensitic quenched-
and-tempered steels such as AISI 4140 (42CrMo4) remain challenging 
due to cracking, residual stresses and difficult process control [1].

In these steels the local microstructure and hardness are gov-
erned by the intrinsic heat treatment during the PBF-LB process. 
This treatment takes the form of repeated, highly localized heat-
ing and cooling cycles during layerwise exposure [2]. The resulting 
process–structure–property relationships are strongly driven by the 
local thermal history and are difficult to characterize experimentally, 
especially under the extreme heating and cooling rates typical of 
PBF-LB [1–3]. This motivates the development of efficient, predictive 
models for local temperature histories and derived properties as a basis 
for process optimization and, ultimately, real-time data-driven process 
control.

Numerical simulations can provide detailed insight into the intrinsic 
transformation and tempering phenomena, help identify their govern-
ing causes and quantify their impact on microstructure and mechanical 
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properties [1]. In particular, finite element (FE) models have become an 
important tool for predicting temperature evolution, residual stresses 
and microstructure in PBF-LB [4–6]. Most existing FE studies, however, 
focus on alloys without solid-state phase transformations (e.g. 316L 
or aluminum alloys) and employ simplified macroscopic or mesoscale 
models with effective material properties and averaged energy input 
[3,7,8]. In martensitic steels with complex transformation and temper-
ing behavior, however, these simplified energy input representations 
fail to capture the highly localized heating and cooling rates. These 
localized rates control phase fraction evolution and ultimately deter-
mine the resulting hardness [9]. Moreover, their high computational 
cost limits their applicability for real-time prediction and rapid process 
exploration.

The underlying challenge is schematically illustrated in Fig.  1, 
which highlights the localized and path-dependent thermal histories 
in PBF-LB, their governing role in process-structure–property relation-
ships, and the limitations of conventional FE-based approaches for 
efficient process exploration.
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Fig. 1. Conceptual overview of process-structure–property relationships in PBF-LB and the associated computational challenge. Localized, path-dependent thermal 
histories govern microstructure evolution and resulting hardness, but their accurate prediction via multiscale FE simulations is computationally expensive. A 
physics-informed deep learning model enables efficient prediction of thermal histories and resulting properties, facilitating rapid process exploration.
2. Literature review and research gap

In parallel, the attention to data-driven methods and deep learning 
(DL) in additive manufacturing has increased in recent years [10–12]. 
A wide range of neural network architectures have been applied to 
tasks such as process monitoring, defect detection, process parameter 
optimization and prediction of final part properties. Physics-informed 
machine learning (PIML) in additive manufacturing comprises several 
distinct modes of incorporating physical knowledge. These include 
physics-based feature engineering, physics-based shaping of the model 
architecture and physics-based modification of the loss function [13]. 
This distinction is important because models trained on high-fidelity 
simulation data with engineered physical descriptors differ conceptu-
ally from physics-informed neural networks (PINNs), in which govern-
ing equations and boundary or initial conditions are imposed through 
the training objective.

For time-dependent thermal processes, recurrent neural networks 
(RNNs) and their gated variants are natural candidates for representing 
path-dependent temperature sequences [14–16]. Mozaffar et al. used a 
Gated Recurrent Unit (GRU)-based RNN to predict pointwise thermal 
histories in Directed Energy Deposition (DED) across variations in ge-
ometry, toolpath and process parameters [17]. Ren et al. subsequently 
combined an RNN with a deep neural network and trained the model 
on data from an experimentally validated numerical simulation to map 
laser scanning patterns to thermal-history distributions [18]. A comple-
mentary non-neural approach was presented by Ness et al. who used 
extremely randomized trees and generic, physics-engineered features 
derived from FE simulations to obtain transferable nodal thermal-
history predictions across several geometries and deposition conditions 
[19]. These studies demonstrate the effectiveness of temporal state 
representations and physics-derived inputs, but predominantly concern 
DED or simplified material descriptions without a coupled solid-state 
transformation and hardness model.

Alternative architectures emphasize different aspects of the ther-
mal prediction problem. Recurrent graph neural networks (RGNNs) 
explicitly retain mesh connectivity and have been used to predict long 
thermal histories for geometries not included in training [20]. More 
recently, transfer learning has enabled RGNN temperature prediction 
across new DED geometries, process conditions and material systems 
[21]. Temporal convolutional networks (TCNs) provide a convolution-
based sequence alternative and achieved accuracy comparable to pre-
viously proposed deep-learning thermal surrogates at a fraction of their 
compute and training times in DED [22]. For PBF-LB, the STEAM frame-
work compared LSTM and GRU variants using temporal and spatial 
physics-based features for part-scale scanwise thermal histories and 
demonstrated transfer to unseen, larger geometries [23]. Consequently, 
neither thermal-history prediction nor transfer across geometry alone 
constitutes the research gap addressed here.

PINNs follow a different formulation by incorporating the governing 
equations directly into learning. Zhu et al. embedded conservation of 
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mass, momentum and energy to predict temperature and melt-pool 
fluid dynamics in metal additive manufacturing [24]. Hosseini et al. 
obtained parametric transient and steady-state temperature profiles 
and melt-pool dimensions for single-track PBF-LB through an unsuper-
vised PINN formulation [25]. Peng and Panesar extended PINN-based 
thermal-history prediction to multilayer DED and specifically addressed 
discontinuities introduced by layerwise activation [26]. These works 
show the potential of equation-constrained learning, while also illus-
trating the additional formulation and training challenges associated 
with moving heat sources, layer activation and material nonlinearities.

A separate body of research has linked process or thermal infor-
mation to microstructure and properties. Kuehne et al. predicted melt-
track geometry and part density in PBF-LB from process parameters 
using classical machine-learning algorithms [27]. Gan et al. combined 
thermal-fluid simulations, experimental measurements, mechanistic re-
lations and a self-organizing map to design microstructure and micro-
hardness in deposited Ni-based superalloys [28], while Wolff et al. ex-
perimentally validated a computational thermal-history–microhardness 
relationship for laser-deposited Inconel 718 on carbon steel [29]. Xie 
et al. transformed measured DED thermal histories into wavelet repre-
sentations and used a convolutional neural network to predict location-
dependent as-built mechanical properties [30]. For PBF-LB, Yu et al. 
predicted Ti–6Al–4V hardness directly from process parameters using 
explainable machine-learning models [31]. These studies establish im-
portant process–property relationships, but they either concern other 
AM processes and alloys or predict final-state quantities without first 
reconstructing the complete local multicycle thermal history.

The suitability of a model family therefore depends on the rep-
resentation and prediction target. CNNs are advantageous for regular 
spatial fields or transformed signal representations, GNNs for explicitly 
connected full-field meshes, TCNs for convolutional sequence modeling 
and PINNs for imposing governing equations. The present task instead 
consists of pointwise, autoregressive sequences containing short laser-
induced heating events, longer cooling intervals and dependencies 
over the complete layer-processing sequence. An LSTM is therefore a 
task-appropriate choice for the present process–property formulation.

Taken together, the literature has separately demonstrated fast 
thermal-history reconstruction, geometry-transferable thermal surro-
gates and data-driven prediction of hardness or other mechanical 
properties. To the best of the authors’ knowledge, the remaining 
gap is the integration of these elements in a computationally ef-
ficient process–structure–property framework that predicts complete 
local multicycle temperature histories for PBF-LB of a martensitic 
quenched-and-tempered steel and propagates the histories through 
transformation and non-isothermal tempering models to obtain local 
hardness across process and cross-section variations.

In the present work, the term physics-informed therefore refers 
to training data generated by an experimentally validated FE model, 
physics-derived input features and coupling of the predicted thermal 
history to a physically based tempering relationship. The governing 
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Fig. 2. Schematic overview of the data flow used for training. Process definition and slicing provide scan vectors and process parameters, which serve as input 
to a multiscale FEM process model that computes local temperature–time histories and derived tempering quantities (Hollomon-Jaffe parameter 𝑃HJ and hardness 
HV1). The FEM simulation results are used to train a physics-informed sequence-to-sequence LSTM ensemble, which subsequently acts as a fast surrogate model, 
enabling accelerated process optimization.
heat equation is not imposed directly in the loss function. The ap-
proach is primarily based on physics-informed feature engineering and 
simulation-generated data and is distinct from a classical PINN [13].

The present study addresses this gap by developing and analyzing 
a deep learning based surrogate model for PBF-LB of quenched-and-
tempered steels with a solid phase transformation like AISI 4140. 
The study focuses on a physics-informed LSTM surrogate and exam-
ines model-capacity sensitivity within this recurrent architecture. The 
overall training and inference workflow is illustrated in Fig.  2.

High-fidelity multiscale FE simulations are used to generate local 
thermal histories and derive hardness via the Hollomon–Jaffe temper-
ing parameter, which serve as training data for a physics-informed 
sequence-to-sequence LSTM model [32–34]. The overarching goal is to 
enable fast and accurate prediction of local temperature–time histories 
and resulting hardness for a broad set of process and geometric con-
ditions, thereby providing a basis for process optimization and, in the 
longer term, for real-time in-process property control.

More specifically, the objectives of this work are

• to demonstrate the feasibility of a physics-informed LSTM sur-
rogate for predicting local temperature histories from process 
and geometric features, and to examine the sensitivity of its 
performance to LSTM model capacity,

• to evaluate the predictive performance of the LSTM ensemble rel-
ative to FE simulations using global (RMSE) and process-specific 
metrics (maximum temperature, final temperature and hardness),

• to analyze feature relevance and assess model generalization 
across unseen process conditions and geometries, and

• to quantify the computational speed-up of the surrogate model 
and its potential for accelerated and real-time process optimiza-
tion.

By combining a physics-based multiscale FE model with a carefully 
designed LSTM surrogate, this work aims to contribute to a physi-
cally grounded, yet computationally efficient, framework for modeling 
the process–structure–property relationships in PBF-LB of martensitic 
quenched-and-tempered steels with a clear pathway toward real-time 
prediction. The best-performing of three investigated LSTM capacities 
is used as the reference configuration for the subsequent analyses.

3. Methods

3.1. Finite element process simulation

A finite element (FE) model was employed to generate the physi-
cally consistent reference data used for training and validating the deep 
learning model. The FE framework was implemented in
Abaqus/Standard and extended by user-defined subroutines written 
in Fortran. It was based on a modular, Python-controlled workflow 
consisting of four primary modules: (1) scan strategy analysis, (2) 
pre-processing, (3) FE simulation, and (4) post-processing. This mod-
ular structure enabled automated transfer of process and material 
parameters, boundary conditions, and geometric data between mod-
ules, ensuring reproducibility across process configurations. A detailed 
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experimental validation was previously published by the authors [35]. 
The process configurations underlying the validated FE model were 
based on build jobs manufactured on an SLM280 system (SLM Solutions 
Group AG, Germany) equipped with a Yb:YAG fiber laser with a 
maximum power of 400W, a wavelength of 1070 nm and a nominal focal 
diameter of 80 μm. Processing was conducted under argon using a layer 
thickness of 30 μm and a bidirectional hatch strategy.

The simulation described transient heat conduction during the Laser 
Powder Bed Fusion (PBF-LB) process. The laser energy input was 
modeled using a double-ellipsoidal Goldak heat source, which was 
calibrated against experimentally measured melt pool geometries ac-
cording to Hocine et al. [6] and Zhang et al. [36]. Temperature- and 
phase-dependent thermophysical properties of the low alloyed quench 
and tempering steel AISI 4140 (42CrMo4) were implemented based 
on experimentally fitted material models derived from literature and 
the authors previous publications [35]. The material models included 
solid–liquid transitions [35], austenite transformation [37], bainitic 
transformation [38,39], martensitic transformation [35,40], and car-
bide precipitation (𝜀-carbide and cementite) during tempering [9,41]. 
All phase transformations were modeled using temperature-dependent 
modified Johnson–Mehl–Avrami–Kolmogorov (JMAK) equations, im-
plemented via UMATHT user subroutines. A modified Hollomon-Jaffe 
equation for non-isothermal tempering was used in order to calculate 
the resulting hardness distribution based on the thermal history and 
the phase transformations [33,35]. Thermal boundary conditions were 
defined as follows: the bottom surface of the build plate was maintained 
at a fixed base plate temperature (BPT), as measured on the machine. 
The lateral surfaces were assumed adiabatic due to the low thermal 
conductivity of the surrounding powder bed and the top surface was 
subjected to combined convective and radiative heat losses, modeled 
using a constant heat transfer coefficient ℎ = 20Wm−2 K−1 and an 
emissivity 𝜀 = 0.5, following Peyre et al. [42].

Each scan vector was characterized by its start and end coordinates 
(𝑥start, 𝑦start, 𝑧start) and (𝑥end, 𝑦end, 𝑧end), laser power 𝑃 , scanning speed 
𝑣, hatch angle 𝛼SV, and layer thickness 𝑡𝑆 . The process parameters were 
automatically extracted from the machine control files (.3mf, .lsr) 
using the Python-based preprocessor module (Project ‘‘3mf-to-pbflb-
gcode’’ [43]). For each simulated layer, the laser motion was discretized 
into sequential time steps corresponding to active and inactive laser 
phases. The applied multiscale approach combined Goldak-based high-
resolution near-field modeling with scan-vector- and area-equivalent 
laser source formulations to reduce computational cost while maintain-
ing physical accuracy for the far-field [35]. The multiscale approach is 
visualized in Fig.  3. The simulation output included geometrically and 
temporally resolved temperature fields 𝑇 (𝑥, 𝑦, 𝑧, 𝑡), local phase fractions, 
the Hollomon–Jaffe tempering parameter 𝑃HJ [32,33], and the derived 
Vickers hardness 𝐻𝑉 . The hardness–𝑃HJ correlation was implemented 
according to the validated relationship for AISI 4140 by Schüßler et al. 
[35].

3.2. Deep learning model

The prediction of the temporal temperature evolution was based 
on a recurrent neural-network architecture, specifically a sequence-to-
sequence Long Short-Term Memory (LSTM) network. An LSTM is a 
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Fig. 3. Visualization of the multiscale modeling approach for the laser energy input of the part at a specific build height. Near-field Goldak-based laser source in 
the center (dark gray), a scan vector equivalent laser source for the mid-field (gray) and an area-equivalent laser source for the far-field modeling (light gray).
gated form of RNN whose hidden and cell states are designed to retain 
long-range temporal information and mitigate the vanishing-gradient 
limitations of conventional RNNs [14,44]. This is suitable for the 
present pointwise sequences, which contain short laser-induced heating 
events, longer cooling intervals and dependencies over the complete 
layer-processing sequence. The autoregressive formulation also reflects 
the temporal state evolution by using the preceding temperature in 
the prediction of the subsequent time step. Temporal convolutional 
networks constitute a credible convolution-based alternative for ther-
mal sequences [22], whereas CNNs applied to transformed thermal 
signals and GNNs applied to explicitly connected meshes can exploit 
regular image-like representations or spatial connectivity, respectively 
[20,21,30]. In the present dataset, spatial information is represented 
by physics-derived laser–point distances and process descriptors rather 
than a full-field mesh. The selected LSTM formulation is therefore 
aligned with the pointwise autoregressive target. All models were 
implemented in PyTorch using the nn.Module class.

3.2.1. Dataset preparation
The dataset used for training and validation of the LSTM models 

was generated with the multiscale finite element (FE) process model 
described in Section 3.1. Only evaluation points from the mesoscale 
domain with the implemented Goldak heat source were considered, 
as these regions exhibit the most accurate temperature histories for 
the investigated process parameters. The geometries were fabricated 
directly on the build plate without support structures. Due to the simul-
taneous fabrication of multiple samples per build job, each layer cooled 
completely to the prescribed base plate temperature (BPT) before the 
next exposure. This dwell time was included in the simulated thermal 
histories.

The time-dependent FE results were exported in .npy format using 
a dedicated post-processing routine with the Abaqus/Standard Python-
API and subsequently converted to compressed HDF5 files for efficient 
storage and handling. Each record contains the process parameters 
(𝑃 , 𝑣, 𝑑Fokus, ℎ, 𝛼SV, BPT), the scan vector geometry (start and end 
coordinates in 𝑥, 𝑦, 𝑧), the coordinates of the evaluation point, and 
the corresponding time-dependent outputs (temperature 𝑇 (𝑡), phase 
fractions 𝑤(𝑡), Hollomon–Jaffe parameter 𝑃HJ(𝑡), and hardness 𝐻𝑉 1).

Simulations were carried out for three process parameter combina-
tions (P006, P030, P076), three BPTs (non-controlled, 100 ◦C, 200 ◦C), 
and four geometries with different scan vector lengths (3mm, 6mm, 
9mm and 12mm). The full dataset comprises approximately 650 000
evaluation points with a compressed size of about 250GB. For LSTM 
training, a subset of 32 306 points was randomly selected and split into 
training (80%), validation (10%), and test (10%) sets, ensuring a strict 
separation between these subsets to avoid data leakage.

The feature selection followed a correlation analysis to remove 
redundant inputs. The final feature set included: laser power 𝑃 , laser 
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Table 1
LSTM architectures investigated in this study.
 Model LSTM layers Hidden units per layer Trainable parameters 
 A 1 16 1937  
 B 2 32 14369  
 C 4 64 119873  

on/off state, scan speed 𝑣, cyclically transformed hatch angle com-
ponents sin(𝛼SV) and cos(𝛼SV), relative distances between laser and 
evaluation point in 𝑥-, 𝑦-, and 𝑧-direction (scan-vector coordinate sys-
tem), vertical distance between build plate and evaluation point in the 
global 𝑧-direction, time since the end of laser exposure, BPT, and the 
temperature at the previous time step 𝑇𝑡−1 (autoregressive feature). All 
input variables were normalized using min–max scaling based on the 
range of the training data. The target variable for all models was the 
complete temperature sequence 𝑇 (𝑡) at each evaluation point.

3.2.2. Network architecture
To predict the full temperature history, a sequence-to-sequence 

LSTM architecture was employed. At each time step 𝑡, the network 
receives the current input features, the internal hidden and cell states 
and outputs the temperature at the same time step. This operation is 
repeated over all time steps with a fixed time increment of 2 × 10−4 s. 
A simplified version of the LSTM was used for a previous small scale 
study by the authors [34]. Three LSTM architectures with increasing 
capacity were evaluated to assess sensitivity to model size within the 
selected recurrent model family (see Table  1). 

Each architecture consists of stacked LSTM layers followed by a 
fully connected output layer that maps the final hidden state at each 
time step to the predicted temperature. During training, a teacher-
forcing strategy [45] was used, in which the reference temperature 
from the previous time step is provided as auto-regressive input to sta-
bilize learning and improve convergence. During validation, testing and 
inference, the model operates in an auto-regressive mode, recursively 
feeding its own predictions back as input for the subsequent time step.

3.2.3. Training strategy
The network parameters were optimized by minimizing the mean 

squared error (MSE) between predicted and reference temperatures. 
The Adam optimizer was employed with an adaptive learning-rate 
scheduler. To promote robust convergence and generalization, a cur-
riculum learning strategy was implemented: the network was first 
trained on simpler examples with shorter sequences and smaller cross 
sections and then gradually exposed, in six stages, to increasingly 
complex data with larger cross sections (more scan vectors per layer) 
and longer sequences. Early stopping based on the validation loss was 
used to prevent overfitting. For each architecture (Models A–C), an 
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ensemble of five networks was trained from different random initial-
izations. The ensemble mean was used as the final prediction, while 
the standard deviation across ensemble members provided a measure of 
predictive uncertainty. All training and inference runs were performed 
on a workstation equipped with an Nvidia RTX 4090 GPU. Inference for 
multiple evaluation points was parallelized over batches for efficiency.

3.2.4. Numerical validation
The accuracy of the predicted temperature sequences 𝑇̂ (𝑡) was eval-

uated by comparison with the FE reference data 𝑇FEM(𝑡) on the test 
dataset. The root mean square error (RMSE) was used as the primary 
metric and defined as 

RMSE =

√

√

√

√
1
𝑁

𝑁
∑

𝑖=1

(

𝑇̂𝑖 − 𝑇FEM,𝑖
)2, (1)

where 𝑁 denotes the number of time steps in the sequence.
In addition, several process-specific error metrics were computed for 

each evaluation point: (i) the error of the maximum temperature, 
𝛥𝑇max = max

𝑡
𝑇̂ (𝑡) − max

𝑡
𝑇FEM(𝑡), (2)

(ii) the temperature error at the final time step, 
𝛥𝑇end = 𝑇̂ (𝑡end) − 𝑇FEM(𝑡end), (3)

and (iii) the error of the resulting hardness, 
𝛥𝐻𝑉 = 𝐻𝑉 −𝐻𝑉FEM, (4)

where 𝐻𝑉  and 𝐻𝑉FEM are obtained from the predicted and FE-based 
temperature histories via the Hollomon–Jaffe parameter. These met-
rics provide complementary information on amplitude accuracy and 
temporal alignment of predicted and simulated temperature histories.

3.3. Model analysis and generalization framework

3.3.1. Permutation feature importance
The relative importance of the individual input features was quan-

tified using Permutation Feature Importance (PFI). For each feature, 
its values were randomly permuted over the test dataset while all 
other inputs were kept unchanged. The resulting change in RMSE, 
averaged over multiple permutations, was interpreted as a measure of 
the feature’s influence on the model predictions (Fig.  6). For the auto-
regressive temperature input 𝑇𝑡−1, simple permutation would destroy 
the temporal structure of the sequence. Instead, 𝑇𝑡−1 was replaced by a 
constant value and the resulting RMSE was compared to the baseline.

3.3.2. Error analysis across process categories
To investigate systematic dependencies of the prediction error on 

specific process conditions, the RMSE values for the test dataset were 
analyzed as a function of different process categories: (i) process param-
eter combination (P006, P030, P076), (ii) BPT (non-controlled, 100 ◦C, 
200 ◦C), (iii) scan vector length (and thus cross-sectional area), and (iv) 
distance of the evaluation point from the current part surface. For each 
category, the distribution of RMSE values was visualized using boxplots 
(Fig.  7), providing insight into the median error, spread and occurrence 
of outliers under different process conditions.

3.3.3. Generalization tests for process parameters and geometry
The generalization capability of Model B was further assessed by ap-

plying the trained network to input conditions outside the discrete com-
binations used for training. For process parameters, new test datasets 
were generated in which hatch angles, BPT, laser power 𝑃  and scan 
speed 𝑣 were systematically varied, both individually and in combina-
tion. The corresponding error metrics (RMSE, 𝛥𝑇max, 𝛥𝑇end, 𝛥𝐻𝑉 ) were 
evaluated and summarized in Table  4, and representative temperature–
time histories were compared with FE simulations (Fig.  8).
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Table 2
Error metrics of the three LSTM architectures for training, validation, and test 
datasets. Values are reported as mean ± standard deviation. The training data 
used is described in Section 3.2.1.
 Model Dataset RMSE/K 𝛥𝑇max/K 𝛥𝑇end/K 𝛥𝐻𝑉 /HV1 
 
A

Train 4.4 ± 2.0 55 ± 105 4.2 ± 3.2 10 ± 28  
 Val 4.4 ± 2.0 54 ± 102 4.1 ± 3.2 11 ± 28  
 Test 4.3 ± 1.9 55 ± 108 4.2 ± 3.2 10 ± 28  
 
B

Train 𝟐.𝟔 ± 𝟏.𝟐 𝟐𝟓 ± 𝟒𝟔 𝟐.𝟑 ± 𝟐.𝟏 𝟓 ± 𝟐𝟎  
 Val 𝟐.𝟔 ± 𝟏.𝟐 𝟐𝟓 ± 𝟒𝟔 𝟐.𝟐 ± 𝟐.𝟏 𝟓 ± 𝟏𝟗  
 Test 𝟐.𝟔 ± 𝟏.𝟐 𝟐𝟓 ± 𝟒𝟖 𝟐.𝟑 ± 𝟐.𝟏 𝟓 ± 𝟏𝟔  
 
C

Train 4.8 ± 2.4 𝟐𝟓 ± 𝟒𝟓 6.8 ± 4.3 𝟔 ± 𝟏𝟗  
 Val 4.7 ± 2.4 𝟐𝟓 ± 𝟒𝟒 6.6 ± 4.3 𝟔 ± 𝟏𝟗  
 Test 4.8 ± 2.4 𝟐𝟒 ± 𝟒𝟒 6.8 ± 4.3 𝟔 ± 𝟏𝟗  

For geometry, three additional test cases with unseen cross-section 
shapes were considered: a square cuboid with 𝐴 = 5mm × 5mm, 
a rectangular cuboid with 𝐴 = 5mm × 10mm, and a cylinder with 
circular cross-section (diameter 5mm). The corresponding error metrics 
are reported in Table  5, and representative thermal cycles are shown 
in Fig.  9. These tests quantify how far the trained model can be 
extrapolated in terms of process parameters and geometry while still 
yielding physically plausible temperature histories.

4. Results

4.1. Model-capacity sensitivity and selection

Influence of LSTM model capacity
Three LSTM architectures of different capacity (Models A–C) were 

evaluated to determine how the accuracy of the surrogate depends 
on model size and to select a representative configuration for the 
subsequent analyses. Model A comprises 1937 trainable parameters and 
consists of a single LSTM layer with 16 parallel cells. Trainable param-
eters denote the weights and biases of the network that are optimized 
during training and determine the model’s representational capacity. 
Model B has 14 369 parameters distributed over two layers with 32
cells each, whereas Model C contains 119 873 parameters arranged 
in four layers with 64 cells per layer. Accordingly, the increase in 
parameter count from Model A to Model C reflects a systematic increase 
in model complexity and flexibility, enabling the networks to capture 
more intricate temporal dependencies in the thermal histories. For each 
architecture, an ensemble of five independently trained networks was 
generated. The training data used for model development is described 
in Section 3.2.1. From the ensemble predictions, mean values and 
confidence intervals were computed to quantify predictive uncertainty. 
Model quality was assessed using the root mean square error (RMSE) 
between predicted and FEM-simulated temperature–time histories, as 
well as process-specific error measures that capture relevant features of 
the thermal histories: the deviation of the maximum layer temperature 
𝛥𝑇max, the deviation of the final temperature 𝛥𝑇end, and the deviation 
of the resulting hardness 𝛥𝐻𝑉 . All error measures were computed for 
each evaluation point and subsequently aggregated over the complete 
dataset. Errors were evaluated separately for the training, validation, 
and test sets. Details for the FEM simulation and the deep learning setup 
are listed in Sections 3.1 and 3.2 respectively.

Table  2 summarizes the quantitative performance of the three archi-
tectures. Across all models, the errors for training, validation, and test 
sets are very similar, indicating good generalization and only minor 
overfitting.

Model A achieves an average RMSE of (4.4 ± 2.0)K and (4.3 ± 1.9)K
for the training and test sets, respectively. The maximum temperature 
deviation 𝛥𝑇max is on the order of (55 ± 105)K (train) and (55 ± 108)K
(test), while the final-temperature error 𝛥𝑇end remains comparatively 
small at about (4.2 ± 3.2)K across all splits. The derived hardness devi-
ation 𝛥𝐻𝑉  is 10±28 HV1 on the test set and thus comparable to typical 
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Fig. 4. Comparison of FEM-simulated and LSTM-predicted temperature histories for a representative near-surface evaluation point (𝑃 = 250W, 𝑣 = 600mm s−1, 
ℎ = 0.12mm, BPT = 200 ◦C, 0.2mm beneath the current surface). Upper panel: absolute temperature as a function of layer processing time for the FEM reference 
and the three deep learning models A–C; ensemble RMSE values for each model are indicated. Lower panel: corresponding relative temperature error with respect 
to the FEM solution; the vertical dashed line denotes the end of laser processing.
experimental scatter. Taken together, these values already demonstrate 
a high level of consistency between the LSTM predictions and the 
FEM simulations, albeit with noticeable spread in the peak-temperature 
error.

With Model B, the prediction quality improves significantly and con-
sistently for all datasets. The RMSE decreases to (2.6±1.2)K for training, 
validation, and test, corresponding to a reduction of roughly 40%
compared to Model A. At the same time, the maximum-temperature 
deviation 𝛥𝑇max is nearly halved to about (25±46)K (train/val) and (25±
48)K (test), indicating a much more accurate reconstruction of the ther-
mal peaks. The final-temperature error 𝛥𝑇end drops to approximately 
2.3K, i.e. an additional reduction of about 45% relative to Model A. The 
hardness deviation 𝛥𝐻𝑉  is reduced to 5±16 HV1 on the test set, which 
represents an improvement of about 50% and brings the mean error 
well within the experimental variability of hardness measurements. 
Importantly, both the mean values and standard deviations of all error 
metrics remain virtually unchanged from training to validation and test, 
underlining the robustness of Model B.

Further increasing the network size (Model C) does not yield addi-
tional performance gains. Although the maximum-temperature devia-
tion 𝛥𝑇max is comparable to that of Model B (around (25 ± 44)K across 
all splits) and the hardness error 𝛥𝐻𝑉  remains at a similar level (6 ±
19 HV1), the global fit of the temperature–time histories deteriorates. 
The RMSE rises to (4.7 ± 2.4)K (validation) and (4.8 ± 2.4)K (test), i.e. 
by about 85% compared to Model B and even slightly above the error 
level of Model A. In addition, the final-temperature deviation 𝛥𝑇end
increases considerably to (6.6±4.3)K (validation) and (6.8±4.3)K (test), 
indicating systematic inaccuracies in the late cooling regime. The larger 
mean errors together with increased standard deviations indicate that 
increasing the model capacity did not improve generalization under 
the applied training conditions and was associated with less stable 
convergence.

Within the three investigated LSTM capacity variants, Model B 
provides the most favorable balance of accuracy, stability and compu-
tational effort and was therefore selected as the reference model for the 
subsequent analyses.

Temperature and tempering parameter profiles
The quality of the predicted thermal histories and tempering re-

sponse for a representative evaluation point is illustrated in Figs.  4 and
5. The example corresponds to a near-surface point 0.2mm beneath the 
current surface processed with 𝑃 = 250W, 𝑣 = 600mm s−1, ℎ = 0.12mm
and BPT = 200 ◦C.

Fig.  4 (top) shows the temperature–time profiles of the FEM ref-
erence solution and the three LSTM models. The thermal cycle is 
6 
characterized by a rapid temperature increase during laser exposure, 
a pronounced peak when the laser passes the evaluation point, and 
a subsequent monotonic cooling phase. All three networks reproduce 
the timing and magnitude of these features with high fidelity. The 
predicted curves are almost indistinguishable from the FEM reference. 
The ensemble RMSE values of 3.89K, 2.54K, and 7.10K for Models A, B, 
and C, respectively, quantify these differences. The lower panel shows 
the corresponding relative temperature error. For Model B, the error 
remains confined to a narrow band around zero over most of the layer 
processing time and exhibits only short, transient deviations in the 
vicinity of the temperature peak, where the local thermal gradients 
and cooling rates are highest. Models A and C display slightly larger 
deviations but no systematic bias over the full thermal cycle.

Fig.  5 presents the associated evolution of the Hollomon–Jaffe tem-
pering parameter 𝑃HJ. The FEM reference solution exhibits the expected 
three-stage behavior: a steep increase of 𝑃HJ during heating (tempering 
of previously depositioned material), a quasi-stationary plateau while 
the material is in the austenitic or molten state, and a gradual decrease 
during cooling due to the martensitic transformation. The LSTM models 
accurately capture the onset and duration of each regime as well as the 
absolute level of 𝑃HJ. In the lower panel, the relative 𝑃HJ error remains 
small over the entire process time, with modest, short-lived deviations 
during the transition between the heating and plateau regimes and 
in the subsequent transformation-dominated cooling stage. Among the 
three candidates, Model B again yields the smallest deviations over the 
full tempering cycle. Taken together, these results demonstrate that the 
selected LSTM model reconstructs the transient temperature histories 
with high accuracy and reliably predicts the integrated tempering 
response that governs the local hardness.

Computational efficiency
The wall-clock times for training and inference of the three LSTM 

architectures are summarized in Table  3.For each architecture, the 
table lists the mean training time of a single network instance and 
the corresponding total time for an ensemble of five independently 
trained models, as well as the average inference times for batch and 
per-point evaluations (batch size 256). All runs were performed with 
identical training data, learning rate, and hyperparameters. Differences 
in runtime thus arise solely from the network complexity, i.e. the 
number of layers and cells.

As expected, the training time increases with model size. On av-
erage, a single instance of Model A requires (8844 ± 1767) s, whereas 
Model B requires (9564 ± 376) s, corresponding to a modest increase 
of about 8%. For the largest architecture, Model C, the training time 
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Fig. 5. Comparison of FEM-simulated and LSTM-predicted Hollomon–Jaffe tempering parameter 𝑃HJ for the same evaluation point and process parameters as in 
Fig.  4. Upper panel: temporal evolution of 𝑃HJ, illustrating the increase during heating, the quasi-stationary plateau in the austenitic/melt state, and the subsequent 
reduction during martensitic transformation. Lower panel: relative 𝑃HJ error of the three deep learning models with respect to the FEM reference as a function 
of layer processing time.
Table 3
Training and inference times of the three LSTM models. For each architecture, 
the table reports the wall-clock training time of a single model instance 
and the total training time for an ensemble of five independently trained 
models, as well as the corresponding inference times for batched and per-
point evaluations. All numerical entries are mean values with the associated 
standard deviation obtained from 5 repeated runs (given as mean ± std).
 Model Training time/s Inference time/s
 Single model Ensemble Ensemblea Ensembleb  
 A 8844 ± 1767 44 220 11.4 ± 1.9 0.045 ± 0.007 
 B 9564 ± 376 47 820 11.5 ± 1.4 0.045 ± 0.006 
 C 11 916 ± 655 59 580 13.5 ± 1.3 0.053 ± 0.005 
Note: All training and inference times were obtained with a batch size of 256.
a Average inference time per ensemble and batch.
b Average inference time per ensemble and evaluation point.

rises to (11 916 ± 655) s, i.e. approximately 25% longer than Model B 
and 35% longer than Model A. Because the ensemble members are 
trained sequentially in the present study, the total training time for 
the ensembles scales nearly linearly with these values and amounts to 
44 220 s, 47 820 s, and 59 580 s for Models A, B, and C, respectively. This 
overhead could be reduced substantially by parallelizing the ensemble 
training on suitable hardware.

Differences in computational effort are also evident during infer-
ence, i.e. when applying the trained models to predict temperature 
histories. For a batch size of 256, the average ensemble inference times 
per batch are (11.4 ± 1.9) s for Model A, (11.5 ± 1.4) s for Model B, and 
(13.5±1.3) s for Model C. These values correspond to average per-point 
inference times of (0.045±0.007) s, (0.045±0.006) s, and (0.053±0.005) s, 
respectively. Within the uncertainty of the measurements, Models A 
and B exhibit essentially identical inference costs, whereas Model C is 
slower by about 18% per evaluation point.

In contrast, the corresponding FEM simulations require on the order 
of 1 × 103 s to 1 × 105 s per equivalent temperature sequence. The 
LSTM surrogates thus provide speed-ups of several orders of magnitude, 
enabling rapid evaluation of large numbers of process parameter combi-
nations and geometric positions. Taken together with the error metrics 
in Table  2, these results support the selection of the Model B ensemble 
as the reference configuration for all subsequent analyses within this 
study.
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4.2. Analysis of the selected reference model

All analyses in this section are based on the ensemble of five 
networks of Model B. They are carried out exclusively on the test 
dataset, which was not used during training and therefore provides an 
independent assessment of the model performance.

4.2.1. Influence of input features
The influence of the individual input features on the prediction 

quality was quantified using the Permutation Feature Importance (PFI) 
method. The feature and data preparation is listed in Section 3.2.1. In 
this approach, the relative contribution of each feature is determined 
by randomly permuting its values while keeping all other inputs un-
changed. The resulting change in RMSE of the temperature histories 
reflects the impact of the respective feature on the model accuracy. 
The input features comprise process parameters (laser power 𝑃 , scan 
speed 𝑣, base plate temperature BPT, and laser on/off state), geometric 
descriptors of the relative position between laser and evaluation point 
(𝛥𝑥0, 𝛥𝑦0, 𝛥𝑧0, 𝛥𝑧BP), temporal information (𝛥𝑡cooling, 𝑇𝑡−1), and the 
hatch angle represented by its cyclic components sin(𝛼SV) and cos(𝛼SV).

Fig.  6 illustrates the resulting hierarchy of feature importance. Out 
of the twelve input variables, ten lead to a substantial increase of the 
RMSE when perturbed, confirming their relevance for the prediction 
task. The strongest effects are observed for the relative distance be-
tween laser and evaluation point in 𝑦-direction 𝛥𝑦0, the base plate 
temperature BPT, the laser power 𝑃 , and the horizontal distance 𝛥𝑥0. 
Permuting any of these variables increases the RMSE by roughly one 
order of magnitude compared to the baseline value, corresponding 
to a strong degradation of the temperature prediction. A similarly 
pronounced impact is found for the binary laser-on/off indicator, the 
time since the end of laser processing 𝛥𝑡cooling, and the vertical distance 
between laser and evaluation point 𝛥𝑧0, which underlines the impor-
tance of correctly representing the local process state and the thermal 
boundary conditions.

Variables related to the vertical positioning relative to the base plate 
and to the scan dynamics show an intermediate influence. Permutation 
of the distance between measurement point and base plate 𝛥𝑧BP and 
of the scan speed 𝑣 yields RMSE values clearly above the baseline, but 
below those associated with the primary process parameters 𝑃  and BPT. 
These inputs mainly govern the temperature profile.

For the autoregressive temperature input 𝑇𝑡−1, the classical PFI 
procedure (random permutation) is not well posed, because 𝑇𝑡−1 is 
deterministically coupled to the target temperature and naive shuffling 
would destroy the temporal structure of the sequence. Instead, 𝑇  was 
𝑡−1
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Fig. 6. Permutation Feature Importance (PFI) results for the Model B ensemble. The top bar shows the reference RMSE of Model B on the test dataset without 
permutation (baseline error of (2.6 ± 1.2)K). Each subsequent bar represents the RMSE obtained when the corresponding input variable is randomly permuted 
(or, for 𝑇𝑡−1, replaced by a constant value), while all other inputs are kept unchanged. Bars indicate mean values and whiskers the associated standard deviation 
over repeated permutations. The horizontal axis is plotted on a logarithmic scale.
fixed to a constant value and the resulting predictions were compared 
to the original model output. The corresponding bar in Fig.  6 shows 
an RMSE that is several times higher than the baseline, demonstrating 
the critical role of 𝑇𝑡−1 for maintaining temporal consistency in the 
predicted temperature histories.

The individually permuted hatch-angle components sin(𝛼SV) and 
cos(𝛼SV) produce only a minor increase in RMSE, with values remaining 
close to the baseline within the indicated standard deviations. This 
result must be interpreted cautiously because both components jointly 
encode the same periodic variable and are therefore statistically de-
pendent. Permuting only one component leaves part of the directional 
information available through the other component. Consequently, the 
individual PFI values may underestimate the combined relevance of the 
hatch-angle representation and do not, by themselves, justify removing 
these inputs.

Overall, the PFI analysis demonstrates that almost all process-
related and geometric input variables contribute meaningfully to the 
performance of Model B, with a clear ranking from highly influential 
process parameters to moderately important geometric and kinematic 
quantities and, finally, to the hatch-angle components, which show low 
individual PFI scores within their coupled representation.

4.2.2. Influence of different process categories
The complete test dataset covers all geometry, scan strategy, and 

process variations and exhibits a global mean RMSE of (2.6 ± 1.2)K. 
All input variables considered in the PFI analysis were used for these 
evaluations. To investigate potential dependencies of the prediction 
accuracy on specific process conditions, this global error was decom-
posed into individual process categories. The analysis was carried out 
separately for process parameter combinations, base plate temperatures 
(BPT), scan vector lengths (equivalently, cross-sectional areas), and the 
distance of the evaluation points from the corresponding part surface 
(Fig.  7).

For the three investigated process parameter combinations, each 
comprising 20 000 data points, pronounced differences in model accu-
racy are observed (Fig.  7a). The parameter set P006 with the highest 
volumetric energy density (VED) exhibits the largest error with an 
RMSE of (3.2 ± 1.3)K. The corresponding boxplot is shifted to higher 
values and shows a wider interquartile range and a larger number of 
high-error outliers compared to the other parameter sets, indicating 
a broader spread of local prediction errors under strongly energy-
intensive conditions. For P030 and P076, the RMSE decreases to (2.5 ±
1.1)K and (1.8 ± 0.7)K, respectively. The boxplots for these conditions 
are more compact, with lower medians and fewer extreme outliers, 
demonstrating that the model performs more accurately and more 
consistently under less extreme process conditions.
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The dependence on base plate temperature is less pronounced (Fig. 
7b). For the non-controlled BPT and the controlled BPT of 100 ◦C, the 
RMSE is (2.3 ± 1.1)K (each with 12 000 data points). The associated 
boxplots are almost identical in level and spread. At a controlled BPT 
of 200 ◦C, the RMSE slightly increases to (2.7 ± 1.2)K, and the dis-
tribution becomes marginally wider, suggesting a modest degradation 
of accuracy and a somewhat larger variability at higher preheating 
temperatures.

A clear trend is also observed with respect to scan vector length 
and thus cross-sectional area (each class containing 15 000 data points, 
Fig.  7c). For short scan vectors of 3mm and 6mm, the RMSE is (1.9 ±
1.0)K and (2.3±0.9)K, respectively. The corresponding boxplots exhibit 
relatively narrow interquartile ranges and only a few larger outliers. 
For longer scan vectors of 9mm and 12mm, the errors increase to 
(3.1 ± 1.2)K and (2.7 ± 1.2)K, accompanied by broader boxes and more 
pronounced upper tails. This behavior indicates that more extended 
melt tracks with stronger geometric temperature gradients and longer 
interaction times are more challenging to predict accurately.

The distance of the evaluation points to the current part surface also 
has a marked influence on the prediction quality (Fig.  7d). Depending 
on the layer, between 50 and 5000 data points were evaluated. In near-
surface regions, where temperatures above the liquidus temperature 𝑇L
occur and the thermal cycle is dominated by rapid heating and solidi-
fication, the boxplots are centered at higher RMSE values and display 
a pronounced right-hand tail. Here, the RMSE values are up to 25%
higher than the global mean. With increasing depth below the surface, 
the median and spread of the RMSE systematically decrease and reach 
values below 2.0K at larger distances, reflecting the smoother and less 
transient thermal histories in the bulk material. Only a small number of 
outliers remains at deeper layers, indicating that large local deviations 
are predominantly confined to the highly transient near-surface region.

4.3. Generalization of the selected reference model

To assess the generalization capability of the trained deep learn-
ing model, selected input variables were deliberately varied beyond 
the ranges used during training. The analysis covers both process 
parameters and the geometry of the manufactured cross sections.

Variation of process parameters
During training, five discrete hatch angles were used for the cycli-

cally transformed variables sin(𝛼SV) and cos(𝛼SV) (0◦, 18◦, 36◦, 54◦ and
72◦). Although the hatch-angle components showed a low importance 
in the PFI analysis, this result is affected by the coupled sine–cosine 
representation (see Section 4.2.1). The hatch angle was therefore varied 
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Fig. 7. RMSE of the Model B ensemble as a function of process categories: (a) process parameter combination, (b) base plate temperature BPT, (c) scan vector 
length 𝑙SV and (d) distance to the current part surface. Boxplots indicate the median and interquartile range, whiskers denote the 1.5× interquartile range, 
and symbols represent individual evaluation points outside the interquartile range. Each point corresponds to the RMSE of the temperature history at a single 
evaluation point.
Table 4
Error metrics for variations of process parameters compared with the reference 
dataset. All values are given as mean ± standard deviation.
 Dataset Error metrics
 RMSE/K 𝛥𝑇max/K 𝛥𝑇end/K 𝛥𝐻𝑉 /HV1 
 Reference 2.2 ± 0.8 25 ± 40 0.9 ± 0.5 3 ± 21  
 Variation 𝛼SV 2.2 ± 1.0 25 ± 41 1.8 ± 0.8 3 ± 12  
 Variation BPT 2.3 ± 0.9 23 ± 38 1.7 ± 1.0 3 ± 19  
 Variation 𝑃 8.6 ± 5.4 119 ± 221 1.6 ± 0.8 20 ± 42  
 Variation 𝑣 11.9 ± 6.4 140 ± 201 2.3 ± 1.3 23 ± 45  
 Variation 𝛼SV, BPT 2.0 ± 0.8 20 ± 33 1.8 ± 0.7 3 ± 20  
 Variation 𝛼SV, 𝑃 8.5 ± 4.8 120 ± 226 1.6 ± 0.8 20 ± 38  
 Variation 𝛼SV, 𝑣 12.1 ± 6.5 140 ± 201 2.3 ± 1.3 25 ± 48  

explicitly to assess whether directional effects are nevertheless captured 
by the model. In addition, three discrete base plate temperatures (BPTs) 
and three process parameter combinations of laser power, scan speed, 
and hatch spacing were included in the training data. For the gener-
alization study, the input variables in the test dataset were sampled 
randomly such that both interpolation within and extrapolation beyond 
the training ranges could be evaluated.

The resulting error metrics are summarized in Table  4. For randomly 
selected hatch angles (17◦, 41◦, 46◦, 56◦, 75◦ and 89◦) that were not 
part of the training dataset, the errors are virtually identical to the 
reference case. The RMSE remains at (2.2±1.0)K, matching the level of 
the reference dataset with (2.2 ± 0.8)K. The deviation of the maximum 
temperature 𝛥𝑇max is (25±41)K, the deviation of the final temperature 
𝛥𝑇end is (1.8±0.8)K, and the hardness difference 𝛥𝐻𝑉  is (3±12)HV1. A 
similar behavior is observed for variations of the BPT and the combined 
variation of hatch angle and BPT, with RMSE values of (2.3 ± 0.9)K
and (2.0 ± 0.8)K, respectively. These results indicate that the model 
interpolates reliably within and between the discrete process states seen 
during training.
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In contrast, variations of laser power and scan speed, alone or in 
combination with the hatch angle, lead to significantly higher errors. 
For these extrapolative changes, the RMSE increases to 8.5K to 12.1K
on average, and the deviation of the maximum temperature 𝛥𝑇max rises 
from 25K (reference) to values between 119K to 140K. The hardness 
difference 𝛥𝐻𝑉  grows from about 3HV1 to values between 20HV1
to 25HV1, while the deviation of the final temperature 𝛥𝑇end changes 
only moderately, from 0.9K to 1.6K to 2.3K. These trends indicate 
that the model is more sensitive to strong changes in the absorbed 
energy density and the local solidification conditions than to variations 
of purely geometric or boundary-condition-type inputs.

Fig.  8 illustrates representative temperature–time histories for two 
such extrapolative cases, obtained by varying the scan speed. For 
this purpose, modified process parameter combinations that were not 
contained in the training data were evaluated using the deep learning 
model (inference). Corresponding FEM simulations were performed for 
validation.

For a reduced scan speed of 360mm s−1 (Fig.  8a) and an increased 
scan speed of 440mm s−1 (Fig.  8b), the deep learning model and FEM 
simulations exhibit very similar thermal cycles. The temporal position 
and magnitude of the main temperature peak and the subsequent 
cooling branch are reproduced with good accuracy. The local RMSE 
for the representative points shown is on the order of 6K to 7K, in 
agreement with the ensemble statistics in Table  4. Despite the increased 
RMSE for strong variations of 𝑣, the predicted temperature histories 
remain physically consistent and yield hardness deviations that are still 
acceptable for process-screening applications.

Variation of cross-section geometry
In addition to process parameters, the generalization capability was 

also investigated by targeted variation of the cross-section geometry. 
All training data were based on cuboid specimens with square cross-
sections 𝐴, such that a simple relationship between cross-sectional area 
and the square of the scan vector length could be assumed (𝐴 = 𝑙2SV). 
To test the model beyond this setting, three new test datasets with 
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Fig. 8. Temperature–time histories of representative evaluation points for variations of the scan speed used to assess the generalization capability. Direct 
comparison between the predictions of the deep learning model (Model B) and the FEM simulations for (a) a reduced scan speed of 360mm s−1 and (b) an 
increased scan speed of 440mm s−1. The reported RMSE and hardness deviations 𝛥𝐻𝑉  correspond to the specific evaluation points shown. The modified process 
parameter combinations were not part of the training, validation, or test datasets.
Table 5
Error metrics of the selected reference model for variations of the cross-section 
area 𝐴. The reference dataset corresponds to the original cuboid specimens 
with square cross-section used for training. Geometry variation I denotes a 
cuboid with square cross-section 𝐴 = 5mm × 5mm (interpolation), variation II 
a cuboid with rectangular cross-section 𝐴 = 5mm × 10mm (extrapolation in 
aspect ratio), and variation III a cylinder with circular cross-section of 5mm
diameter (extrapolation in shape). All error metrics are given as mean ±
standard deviation.
 Dataset Error metrics
 RMSE/K 𝛥𝑇max/K 𝛥𝑇end/K 𝛥𝐻𝑉 /HV1 
 Reference 2.2 ± 0.8 25 ± 40 0.9 ± 0.5 3 ± 21  
 Geometry variation I 3.3 ± 0.9 27 ± 45 3.4 ± 1.2 5 ± 21  
 Geometry variation II 5.9 ± 2.5 50 ± 87 1.8 ± 1.4 9 ± 26  
 Geometry variation III 4.0 ± 1.1 34 ± 56 3.8 ± 1.4 6 ± 27  

modified cross-sectional geometries were defined: (i) a cuboid with 
square cross-section 𝐴 = 5mm×5mm, representing interpolation within 
the range of 𝑙SV (geometry variation I); (ii) a cuboid with rectangular 
cross-section 𝐴 = 5mm × 10mm, corresponding to extrapolation in 
cross-section aspect ratio at approximately fixed area range (geometry 
variation II); and (iii) a cylinder with circular cross-section and a 
diameter of 5mm, representing extrapolation in both shape and area 
distribution (geometry variation III).

The results in Table  5 show that changes in geometry lead to 
moderate, but systematic, variations in the error metrics. For geometry 
variation I, the RMSE increases from (2.2 ± 0.8)K (reference) to (3.3 ±
0.9)K. The deviations of the maximum temperature 𝛥𝑇max and the 
resulting hardness 𝛥𝐻𝑉  remain within the standard deviation of the 
reference dataset, while the final-temperature error 𝛥𝑇end increases to 
(3.4 ± 1.2)K, compared to (0.9 ± 0.5)K for the reference. This indicates 
that the model interpolates reasonably well to intermediate square 
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cross-sections, but exhibits a slightly larger bias in the late cooling 
regime.

For geometry variation II (rectangular cross-section), the RMSE rises 
to (5.9 ± 2.5)K. The deviation of the maximum temperature increases 
to (50 ± 87)K, and the mean hardness deviation 𝛥𝐻𝑉  reaches 9HV1. 
Geometry variation III (cylindrical geometry) lies between the other 
two variants, with an RMSE of (4.0 ± 1.1)K, a maximum-temperature 
deviation 𝛥𝑇max of (34 ± 56)K, and a hardness deviation 𝛥𝐻𝑉  of 
6HV1. The final-temperature error 𝛥𝑇end amounts to (3.8 ± 1.4)K in 
this case. Overall, the largest errors occur for the most pronounced 
extrapolation in terms of aspect ratio (geometry variation II), while 
the purely shape-related extrapolation (cylinder) leads to intermediate 
deviations.

Fig.  9 illustrates representative temperature–time histories for ge-
ometry variations I–III. For all tested geometries, the temperature–time 
histories predicted by the deep learning model and the FEM simula-
tions agree well both qualitatively and quantitatively: the timing and 
magnitude of the principal temperature peak and the overall cooling 
trend are reproduced with good fidelity. Small discrepancies occur 
primarily in the near field of the laser–material interaction and during 
the late cooling phase, but no physically inconsistent behavior (e.g. 
spurious oscillations or non-monotonic cooling) is observed. These 
results demonstrate that the selected LSTM model retains a reasonable 
level of accuracy when applied to previously unseen cross-section 
geometries, particularly for applications where moderate errors in peak 
temperature and hardness are acceptable.

5. Discussion

The results of the deep learning based process modeling demon-
strate that recurrent neural networks, in particular LSTM architectures, 
can predict the time-resolved temperature evolution in PBF-LB with 
high accuracy and good physical consistency. In the following, the 
main findings are discussed in the context of the numerical simulations, 
experimental observations and current literature.
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Fig. 9. Temperature–time histories of a representative evaluation point for the three cross-section geometries considered in the generalization study: (a) square 
cuboid with 𝐴 = 5mm × 5mm (geometry variation I), (b) rectangular cuboid with 𝐴 = 5mm × 10mm (geometry variation II), and (c) cylinder with circular 
cross-section, diameter 5mm (geometry variation III). In all cases, the same process parameter combinations as in the reference dataset are used. Solid lines 
denote the FEM simulations and dotted lines the predictions of the deep learning model (Model B). Each curve pair illustrates the local agreement over the full 
layer processing time, including rapid heating during laser exposure, the main temperature peak, and the subsequent cooling phase. The inset values (RMSE, 
𝛥𝑇max, 𝛥𝑇end, 𝛥𝐻𝑉 ) refer to the specific evaluation points shown and are consistent with the ensemble statistics reported in Table  5.
Comparison with FEM simulations and experimental observations

The predictions of the selected LSTM ensemble (Model B) show very 
good agreement with the FEM simulations in terms of shape, amplitude 
and temporal dynamics of the thermal cycles (Figs.  4 and 5). Both 
the rapid heating during laser exposure and the subsequent cooling 
phase are reproduced in a physically plausible manner. The mean devi-
ations of the temperature histories are small, with RMSE values around 
(2.6 ± 1.2)K (Table  2). The hardness values derived via the Hollomon–
Jaffe tempering parameter are likewise in very good agreement with 
the FEM-based reference and remain within the typical experimental 
scatter of hardness measurements. For the selected reference model, 
the average hardness error over the full test set is below 20HV1.

Larger discrepancies are mainly observed due to deviations in the 
near-field region of the laser track, where small temporal shifts in the 
maximum temperature lead to disproportionately large differences in 
phase fractions and hence hardness (Fig.  8). Nevertheless, the model 
consistently reproduces the experimentally observed trends between 
volumetric energy density, base plate temperature and resulting hard-
ness, capturing the reduction in hardness scatter at higher energy input 
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and preheating. Taken together, these results confirm that the LSTM 
ensemble provides a reliable surrogate for computationally expensive 
thermal FEM simulations while retaining sufficient fidelity to be used 
for microstructure- and property-related analyses.

Assessment of model capacity and input features

Within the investigated LSTM capacity variants, the intermediate 
configuration (Model B) offers the most favorable balance of prediction 
accuracy, numerical stability and computational cost. Increasing the 
number of layers and cells in Model C did not improve the error metrics 
under the applied training conditions and was associated with less 
stable convergence, as reflected by the higher RMSE, the larger spread 
of the final-temperature error and the increased training time.

The PFI analysis (Fig.  6) reveals that almost all input variables 
contribute significantly to the model performance. Laser power, base 
plate temperature and the relative position between laser and eval-
uation point (𝛥𝑥0, 𝛥𝑦0, 𝛥𝑧0) are the most influential features, which 
is consistent with their direct control over local energy input and 
heat conduction. The hatch-angle components show low individual PFI 
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scores. However, their coupled sine–cosine representation means that 
these scores may underestimate their combined relevance. The very 
strong sensitivity with respect to the autoregressive temperature input 
𝑇𝑡−1 confirms the importance of temporal correlations for learning the 
thermal dynamics: fixing 𝑇𝑡−1 to a constant value leads to a pronounced 
increase in RMSE. Overall, these findings support the chosen physics-
inspired feature design, in which distances, process state and energy 
input are explicitly represented and exploited by the LSTM model.

Generalization and transferability

The generalization analyses indicate that the selected reference 
model generalizes well to interpolated and selected extrapolated pro-
cess conditions. For variations of hatch angle and base plate tem-
perature within and slightly beyond the training range, the global 
error metrics remain close to those of the reference dataset (Table  4). 
Similarly, changes in cross-section geometry lead to moderate increases 
in RMSE and hardness error, even for a cylindrical specimen that was 
not present in the training data, the RMSE remains on the order of 
4K (Table  5, Fig.  9). In all these cases, the predicted temperature–time 
histories remain physically consistent and reproduce the characteristic 
heating, peak and cooling behavior.

Higher errors occur when laser power or scan speed are varied 
beyond the three discrete parameter combinations used for training. 
Here, the RMSE increases to 8.5K to 12.1K and the error at maximum 
temperature exceeds 100K on average (Table  4), although the quali-
tative shape of the thermal cycle is still captured very well (Fig.  8). 
This behavior is consistent with the dominant role of energy input in 
governing the thermal response and indicates that the model correctly 
captures the underlying physical dependencies, while remaining sensi-
tive to variations that are underrepresented in the training data. The 
training dataset was intentionally limited to a small number of discrete 
process parameter combinations in order to assess the feasibility of the 
approach under constrained data conditions.

The results demonstrate that, even within this restricted setting, the 
model provides robust and physically consistent predictions. A system-
atic extension of the training space to include additional combinations 
of laser power, scan speed and hatch spacing is therefore expected to 
further improve quantitative accuracy, without changing the overall 
modeling approach.

Relation to existing approaches

Previously published thermal surrogates address complementary 
formulations. GRU- and RNN–DNN-based models represent pointwise 
histories or scan-pattern-dependent thermal fields [17,18], physics-
engineered tree models seek transferability without an explicitly recur-
rent architecture [19], TCNs use causal temporal convolutions [22], 
and RGNNs emphasize mesh connectivity and transfer across geome-
tries and materials [20,21]. Classical PINNs instead incorporate gov-
erning equations and boundary or initial conditions into the training 
objective, with demonstrations ranging from single-track PBF-LB to 
multilayer DED [24–26]. The recent STEAM framework further demon-
strates scalable part-level scanwise thermal prediction for PBF-LB using 
spatial and temporal physics-based features [23]. Among published ap-
proaches, STEAM provides the closest quantitative PBF-LB comparison 
because it evaluated LSTM and GRU surrogates against FE-generated 
scanwise thermal histories on a common dataset [23]. On its large-scale 
unseen test geometries, the best-performing medium GRU achieved an 
average RMSE of 49.35 K, whereas the investigated LSTM variants 
yielded 82.77–124.71 K. The present LSTM ensemble yields 2.6 K on 
the independent test set and 3.3–5.9 K for unseen cross-section geome-
tries. The temporal discretizations also differ: STEAM uses nonuniform 
increments with 0.1 ms during heating and temperature output every 
180 ms during cooling, whereas the present model uses a fixed incre-
ment of 0.2 ms. The substantially lower errors in the present study 
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therefore provide favorable literature context, but not a controlled 
ranking: STEAM predicts millions of nodes in geometries up to approx-
imately ten times larger than its training cases, and the studies differ in 
material, thermal model, spatial representation and evaluation domain. 
The comparison nevertheless shows that the compact recurrent model 
provides competitive accuracy for the local process–property prediction 
task addressed here.

For the present process–property prediction task, the LSTM ensem-
ble combines the accuracy discussed above with a substantial reduction 
in computational cost: inference at a single evaluation point requires 
only a few tens of milliseconds, compared to 10 × 103 s to 10 × 105 s for 
the corresponding FEM simulation. By incorporating physics-informed 
input features (energy input, relative laser position, distance to the 
free surface, autoregressive temperature), the model implicitly encodes 
the dominant process physics without explicitly solving the governing 
equations. The prediction task also differs from applications focused 
on melt-track geometry or density [27] and from direct data-driven 
prediction of hardness or mechanical properties [30,31]. Earlier hy-
brid process–property studies combined simulated or measured thermal 
information with mechanistic relations to estimate microstructure and 
microhardness, but were demonstrated for deposited Ni-based systems 
rather than PBF-LB of a martensitic quenched-and-tempered steel [28,
29]. Here, the network first reconstructs the complete local temper-
ature history. The resulting phase-transformation and non-isothermal 
tempering state and hardness are then calculated through the vali-
dated Hollomon–Jaffe relationship. The model does not predict geom-
etry itself, but its transferability is evaluated under previously unseen 
cross-section geometries. This thermal-history intermediate preserves 
information on heating and cooling rates, peak temperatures and re-
peated exposure and allows the surrogate to remain coupled to existing 
transformation and property models.

Overall, the present study demonstrates a computationally efficient 
process–structure–property framework that connects process and geo-
metric inputs to complete local thermal histories and derived hardness, 
with promising perspectives for accelerated process optimization and, 
in the longer term, integration into real-time process control.

6. Conclusion

A physics-informed deep learning surrogate for PBF-LB of AISI 
4140 was developed to reconstruct complete local thermal histories 
and propagate them through a non-isothermal tempering model to 
predict hardness. The framework was validated against high-fidelity 
multiscale FE simulations. The sequence-to-sequence LSTM ensemble 
reconstructs local temperature–time histories with a mean RMSE of 
(2.6±1.2)K, while the deviation of maximum temperature is (25±48)K
and the final-temperature error is (2.3 ± 2.1)K. The resulting hardness 
predictions show deviations of 5±16 HV1, remaining within the typical 
experimental scatter for hardness measurements.

Within the investigated LSTM capacity variants, the two-layer
Model B with 14 369 parameters provides stable performance across 
training, validation, and test sets and was selected as the reference 
model. Inference requires approximately 0.045 s per evaluation point, 
compared to 1 × 103 s to 1 × 105 s for equivalent FE simulations, 
corresponding to a speed-up of 4 to 6 orders of magnitude.

The feature importance analysis shows that permuting key inputs 
such as laser power, base plate temperature, or spatial laser–point 
distances increases the RMSE by up to one order of magnitude relative 
to the baseline of 2.6K. Fixing the autoregressive input 𝑇𝑡−1 similarly 
leads to a multi-fold increase in error, confirming its central role in 
capturing temporal evolution.

For interpolative generalization, variations in hatch angle and base 
plate temperature yield RMSE values of 2.0K to 2.3K, with maximum 
temperature deviations of approximately 20K to 41K and hardness 
deviations of 3HV1 to 20HV1. For extrapolative variations in laser 
power and scan speed, the RMSE increases to 8.5K to 12.1K, while 
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𝛥𝑇max reaches up to 140K and hardness deviations increase to 20HV1
to 25HV1. For unseen geometries, RMSE values range from 3.3K (inter-
polated square cross-section) to 5.9K (rectangular cross-section), with 
corresponding hardness deviations between 5HV1 and 9HV1.

Overall, the presented framework connects process and geometric 
inputs to complete local thermal histories and derived non-isothermal 
tempering hardness with millisecond-level inference times, providing a 
data-efficient pathway toward real-time-capable process modeling and 
digital twins in metal additive manufacturing.
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