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Abstract—In additive manufacturing (AM), heating and cool-
ing cycles are the main factors influencing component quality.
Physics-based models are the most powerful tool for simulating
such processes. However, the increasing availability of multimodal
sensor data in complex industrial systems requires hybrid digital
twins. Machine learning and physics-based process simulation
capabilities are crucial to optimize the complex production
environment. To integrate and analyze multimodal sensor data
while capturing the underlying physical behaviour, we propose
a multimodal physics-contrained graph transformer learning
framework (MPGT). The framework is made up of three parts: A
graph neural diffusion approach is employed to model the contin-
uous heat transport in AM and predict temperature features. An
autoencoder and principal component analysis (PCA) generate
dynamic feature embeddings representing potential structural
weaknesses, such as corners and edges on the top surface of
the printed components. The intermediate fused features are
processed by a temporal-spatial graph transformer, which aggre-
gates multimodal information to predict the component quality.
Our method enables precise defect identification and predictive
insight into component integrity. Experimental evaluations of
grayscale images and thermal data demonstrate the effectiveness
of our framework in accurately predicting quality outcomes for
3D-printed components. This emphasises the potential of the
framework for complex industrial applications in engineering
and manufacturing. The MPGT code will be made open-sourced
on GitHub once the paper is published.

Index Terms—multimodal machine learning, decision making,
graph transformer, heat transfer, additive manufacturing

I. INTRODUCTION

Additive manufacturing (AM) has emerged as a transfor-
mative technology in modern engineering, enabling the pro-
duction of highly customized components with complex ge-
ometries. However, ensuring the quality of these components
remains a significant challenge due to the intricate thermal
dynamics involved during the manufacturing process. Among
these dynamics, heating and cooling cycles are identified as
critical factors influencing the structural integrity and overall
quality of the printed components. Effective condition moni-
toring and quality prediction are essential to minimize defects
and optimize production outcomes in AM.

The increasing availability of multimodal sensor data in
complex engineering systems presents new opportunities and
challenges for comprehensive analysis of manufacturing pro-
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cesses. In particular, grayscale images documenting surface
characteristics and thermal data capturing heat transport dy-
namics offer complementary perspectives on the quality-
related phenomena in 3D printing. However, analyzing and
integrating these diverse data modalities to extract actionable
insights requires intelligent approaches that combine domain-
specific physical knowledge with advanced data learning ca-
pabilities. To address this challenge, we propose a multimodal
physics-constrained graph transformer model (MPGT) for hy-
brid digital twins that enables condition monitoring and quality
prediction of 3D-printed components. Our framework lever-
ages a multimodal dataset comprising grayscale images and
thermal data. Central to our approach is graph neural diffusion,
enhanced by physics constraints to model temperature distri-
bution and learn temperature-based features. The employment
of an autoencoder and principal component analysis (PCA)
facilitates the generation of dynamic feature embeddings of
the grayscale images, thus representing potential structural
weaknesses.

The intermediate fused features are processed by a graph
transformer, which aggregates multimodal information across
space and time to deliver a robust quality prediction. By
combining domain knowledge of heat transport dynamics with
graph learning, our approach achieves precise identification
of potential defects and provides predictive insights into
component integrity. Experimental evaluations demonstrate the
effectiveness of our framework, highlighting its potential for
complex industrial applications in engineering and manufac-
turing.

e The proposed approach combines an autoencoder
with physics-constrained graph neural diffusion and
a temporal-spatial graph transformer for condition
monitoring and quality prediction of 3d printed
components.

e We use dynamically modified latent space of an
autoencoder and PCA to create feature embeddings of

grayscale images.

e We evaluate our framework on a real measurement mul-



timodal data set of grayscale images and thermal data.

The remainder of this paper is organized as follows:
reviews related work in multimodal machine learning,
graph transformer networks and quality prediction in AM.
section IlI| introduces the architecture and methodological
details of MPGT. outlines the experimental setup
and presents results demonstrating the efficacy of our ap-

proach. discusses the implications of the findings
and concludes the paper with future research directions.

II. RELATED WORK

Some of the preliminary work done to lay the groundwork
for our work is described below.

A. 3D Printing

The advent of AM has profoundly influenced the landscape
of manufacturing and engineering. Laser Powder Bed Fusion
(LPBF) is a key AM technology used for creating complex
and high-precision metal components. In LPBF, a heat source
(either a laser or an electric beam) selectively melts powder
particles in a layer-by-layer manner, thereby building a three-
dimensional object based on a digital model. One of the
primary challenges in LPBF is the reduction and avoidance
of defects, such as porosity, surface roughness, and thermal
stresses, which can lead to enhanced structural component
quality [I]-[3]l. Du et al. investigate pore defects in LPBF
and their formation mechanism [4f]. Wang ef al. employed an
overview of melt pool characteristics for process optimization
in LPBF [5]]. Mukherjee et al. developed a model to calculate
heat transfer and fluid flow, with the aim of determining
temperature and velocity fields for a wide variety of materials
[6], [[7]. In the present work, our investigation focuses on three-
dimensional printed components of 316L stainless steel.

B. Physics-constrained Machine Learning

In recent years, machine learning has experienced a signif-
icant increase in complex technical systems, largely driven
by the proliferation of sensor data. However, despite the
growing availability of sensing and data in general, there
remains a significant challenge in fully characterizing numer-
ous engineering systems and structures, such as 3D printing,
through a purely data-driven approach. This underscores the
necessity for physical knowledge to complement sensor data,
thereby necessitating the development of physics-constrained
machine learning methodologies. The incorporation of phys-
ical domain knowledge, most typically expressed through
partial differential equations (PDEs), into the loss function
is a critical step in ensuring the preservation of underlying
physical laws. This integration can facilitate the handling
of limited data. Raissi et al. initially developed a physics-
informed neural network and subsequently demonstrated the
efficacy of this approach in solving both forward and inverse
problems involving nonlinear partial differential equations [8].
Cai et al. presented an overview of physics-informed neural
networks for fluid mechanics [9]]. Wessels er al. developed
the neural particle method for computational fluid dynamics

[10]. Cai et al. presented physics-informed neural networks
for heat transfer problems [9]. Hu er al. addressed the curse
of dimensionality with physics-informed neural networks [/11]].
Uhrich et al. employed physics-informed deep learning to
predict heat transfer and quantify anomalies for real-time fault
mitigation in 3D printing [[12] [[13]. In addition, Uhrich et al.
developed a neural network inspired by a physical model of
an electrodynamic valve system for the prediction of valve
failures [14]. Our work employs the concept of physics-
constrained machine learning, integrating physical principles
of heat transfer into the loss function.

C. Graph Transformer Networks

Graph transformer networks (GTNs) represent a signifi-
cant evolution in graph-based deep learning, combining the
strengths of graph neural networks (GNNs) and transformer
with self attention mechanism [[15]], [16] [17]. In recent years,
these methods have gained prominence due to their ability
to leverage global attention mechanisms and structural encod-
ings to capture both local and global dependencies in graph
data effectively [[18]. Liu ef al. developed a spatial-temporal
multigraph transformer network for joint prediction of multiple
vessel trajectories [19]. Chen et al. presented a survey on
graph neural networks and graph transformers in computer
vision [20]]. Geng et al. developed a dynamic-learning spatial-
temporal transformer network for accurate vehicular trajectory
prediction at urban intersections, addressing challenges in
modeling temporal dependencies and spatial interactions [21]].
Feng et al. have developed a novel energy-informed graph
transformer that has demonstrated its potential to improve the
efficiency, robustness and accuracy of network approximation
methods for both forward and inverse problems in the field of
solid mechanics [22]]. Wang et al. proposed a novel anomaly
detection and classification architecture for multivariate time
series data in industrial and IoT systems. This architecture
combines a graph learning method and a high-efficiency trans-
former model to perform rapid and accurate sequence model-
ing [23]]. In the present study, the integration of a temporal-
spatial graph transformer layer facilitates the aggregation of
temperature features and top surface patterns, thereby enabling
the prediction of component quality. This approach enables
multimodal machine learning.

D. Multimodal Machine Learning

Multimodal machine learning focuses on integrating and
analyzing data from multiple modalities, such as text, images,
audio, video, and sensor data, to enable a more compre-
hensive understanding of complex systems. This approach
leverages the complementary information across modalities,
addressing challenges such as modality alignment, fusion,
and co-dependencies. Baltruvsaitis et al. presented a survey
and taxonomy of multimodal machine learning [24]. Liang
et al. presented principles, challenges and open questions of
multimodal machine learning [25]]. A review of multimodal
machine learning appproaches in healthcare are presented by
Krones et al. [26]]. Lee developed a multimodal machine
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Fig. 1. Autoencoder architecture - The purpose of the encoder is to
transform input data into latent space, with the objective of reconstructing
the input data using a decoder

learning model for predicting heat transfer characteristics in
micro-pin fin heat sinks [27]. Bauer et al. investigated the
correlation of multimodal data in additive manufacturing [28].
Song et al. presented a comprehensive overview of the current
state, advancements and challenges of multimodal machine
learning in regard of engineering design [29].

III. MULTIMODAL PHYSICS-CONSTRAINED GRAPH
TRANSFORMER NETWORK
In this section the functionality of all learning components
of our MPGT are introduced.
A. Autoencoder

An autoencoder is composed of two neural networks: an
encoder and a decoder (see [Figure I)). The encoder is trained
to identify a transformation function

z = fe(x,0) (1

that maps the input feature space to a low-dimensional vector
space. The latent space generated by the encoder is then
transformed by the learned decoder,

T =g4(z,0) 2)

resulting in the reconstruction of the original feature space
[30]. In order to advance the learning of the encoder-decoder
function based on [Equation I} [Equation 2|

i‘:gd(fe(xae)ao') 3)

it is required to minimize the loss function:

No
Z(.f?z — 1‘,‘)2 (4)

i=1

1

£ == —
auto Na
Application tasks of autoencoders in general are dimension

reduction and feature extraction [31]].

B. Physics-constrained Graph Neural Diffusion

1) Graph Neural Diffusion: Chamberlain et al. have deter-
mined that the process by which information is propagated
through the individual layers of a GNN can be described
in a manner analogous to the calculation of the approximate
solution of a continuous diffusion process. This interpretation

of GNN layers as discrete approximations of an underlying
PDE is referred to as graph neural diffusion [32]]. In order to
predict the heat transfer process within the entire component
using temperature values derived from thermal sensor data
of the top surface, we propose the introduction of our graph
neural diffusion model based on the explicit Euler method and
the heat equation. The idea was first described in [33]:

Tyir(T,) = Ty + 6tL(T,) Ty + Q(T},) (5)

with the Temperature state 7),, the laplacian matrix L as
discrete version of the laplace operator allowing temperature
dependent conductivity and a dissipation vector () to account
for heat loss at the boundaries. The Laplacian matrix can be
described as:

L=D-A (6)

with adjacency matrix A and diagonal matrix D. The state-
dependend adjacency matrix A is defined as:

~ 0 i =0,
A={" W= 7
cij, i 0

where the non-zero entries c¢;; of A are estimated by a
learnable function

cij = (i, Tn (1), Tn(v;), C(vi), C(v;), d(v;), d(v;)) (8)
In a similar fashion the dissipation vector can be learned:

Qi(Ty) = ¥(Th(v), C(vi), d(v;)) )

In order to build the functional dependencies of the tempera-
ture state, the local graph structure and the local temperature
values influence the entries of L and @. The local information
for a single vertex v; is given by the temperature T, (v;), the
spatial property of the vertex C(v;), and the scale-invariant
density d(v;). For an edge between two adjacent vertices v;
and v;, the local information is defined as the distance between
the vertex g;; = ||v;—wv;||2, together with the local information
for each of the two vertices. The spatial property of the vertex
is defined by vertex classes (top boundary, side boundary,
bottom boundary and interior). The scale invariant density is

defined as:
8 \~1 -
aw) = (32) 2 i - vl
i

(10)

2) Physical Constraints: In order to accelerate the learn-
ing process and improving the prediction accuracy, physical
principles of heat transport and mathematical conclusions can
be integrated into the loss function. It is known from the
discretization of the continous Laplacian that the connectivity
of two adjacent vertices should be proportional to the inverse
square of their distance:

§:<ﬂmﬂ—£>
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Dissipation can only occur at the boundaries, for points of the
interior class, ¥ = 0 is required for the learned entries of our
dissipation vector:

ﬁw = Z w(Tn(U1)7C(vl)7d(vZ))2

i: C(v;)=int.

(12)

Using knowledge from the theoretical study of PDEs, state-
ments about the temporal evolution of the heat states can be
made. The total thermal energy in the body can only change
because of dissipation:

2
Eheat = <Z (Tn-‘rl(vi) - T’n(vi) + Qn(%’))) : (13)
Another well known property of the evolution of heat distri-
bution is the maximum principle:

Log = Y max (0, Tpr (v3) — maX(M))2 (14)

Loin =Y max (o, min(M) — T,,L+1(v,-))2 (15)

M= {T“(UT)a Tn+1(vj), Vi~ Uz'}

The temperature at a vertex is within the range given by the
minimum and maximum over its previous temperature and the
temperatures of connected vertices. The discrete approxima-
tion of the potential energy can be defined as:

Lenergy = max (0, E(Tpsr) — E(Tn)> (16)

where

BT =+ 3 (Tuw) - T’

_ 1
with T, = — ZTn(vi)

The potential energy is higher when temperature differences
are large. The loss ensures that the discrete energy representing
temperature variance, decreases over time to respect physical
laws of dissipation. It penalizes any increase in energy be-
tween consecutive time steps. Finally the best fit of the real
measurement data on the top surface and the prediction is
needed:

2
Lrdata = Z (Tn+1(vi) - T,(ld:lm) (Uz)) (17)

i: Cy=top
For training the model, the regularization loss functions as well
as the prediction loss are added using corresponding weights.

C. Temporal-spatial Graph Transformer Layer

As described in [subsection II-C| the temporal-spatial graph

transformer network is designed to process graph structured
multimodal features. Our architecture combines graph atten-
tion mechanisms and deep learning to learn node and graph-
level representations effectively. Each node v; has an input
feature vector z; € R%n_ with the number of input features
Cin (e.g., 2 for processed temperature features and grayscale

embedding). The input features of N nodes are transformed
into a shared hidden space:
H = (ho, h1,ha, ..., hn) (18)
where
hi = Wez; + be (19)

The graph transformer layers aggregate and transform node
features using multi-head attention. Let H represent the node
embeddings. The attention mechanism is defined as:

qk” >
«;; = softmazx; | —
= softmas (5
h; h)T
— soptma, (W)
Vd
with learnable weight matrices W, Wy. ¢ and k are key and
query vectors. The node embeddings are updated using:
h; = Z a;jWyhj; + Weeij
JEN(9)

(20)

2

with learnable weight matrices W, and W.. ¢;; are the edge

attributes from our learned connectivity model

To derive a graph-level representation, global mean pooling
aggregates node-level embeddings:

1
hG:mZhi

eV

(22)

with the nodes set V in the graph. The optimisation of the
weights is accelerated by the loss function that measures
the prediction quality (categorical cross-entropy loss) on the
training data:

Loross(f) = é'( S S (@),

z,y)€D j=1

(23)

IV. RESULTS
A. Experimental data

In the printing machines, two cameras are integrated to
capture images during the printing process. One grayscale
image with a resolution of 382x288 pixels is produced for each
completed print layer. Additionally, thermal images, recorded
in the wavelength range of A = 7Tum to 14um, are captured
at a frequency of 3 Hz throughout the entire printing process.

In order to train the proposed MPGT, we utilize data from
two components: One that maintains high quality throughout
the printing process and another that starts with high quality
but becomes deformed as printing progresses. The dataset
comprises three distinct classes of components: high quality,
deficient (warning), and low quality. Grayscale images repre-
senting the surface pattern of each completed print layer, along
with thermal images documenting the heat transport behavior
on the top surface, are used as input.

The thermal images are transformed into graph-structured
data G = (V,E), where V. = 1,..., N represents the set
of vertices (nodes), and £ C V x V represents the set of
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Fig. 2. MPGT Model Architecture - Flowchart of data processing, feature prediction and vizualization

edges. This graph structure serves as a representation of the
physical object, specifically the 3D-printed component. For
nodes corresponding to the top boundary class, temperature
values are directly assigned based on real measurement data.
For interior and side boundary nodes, temperature features are
predicted using the proposed physics-informed graph neural
diffusion method.

The incorporation of grayscale images into the graph-
structured data is achieved by utilising the proposed autoen-
coder and PCA to generate a dynamically changing latent
feature space. This dynamic latent feature space is necessary
because the surface size of the component changes during
the printing process. By integrating the features from both
modalities, MPGT is able to model the thermal and structural
behaviors of the component more effectively.

B. Intermediate Fusion

The feature embedding generated by the autoencoder and
the predicted temperature distribution are fused to create the
input feature vector for the graph transformer. In order to
train the MPGT to learn the internal heat dynamics, recognize
anomalies, and capture the influence of the printed shape, all

proposed loss functions [Equation 4} [Equation 11} [Equation 12}
Equanon l§L Equanon lll-BZL Equanon lGL Equanon [7] are

combined in the training objective:

Lyrpar = MLauto (24)
Al
+/\3£w
+ A4 Lheat
+2A5Lenergy
+A6LTdata

+)\7['cross

TABLE I
PERFORMANCE OF DIFFERENT CLASSIFICATION MODELS -
EVALUATION WERE DONE USING BALANCED ACCURACY (ACC.) AND f
SCORES FOR SUCCESSFUL (S), WARNING (W), AND FAILED (F).

Model Ace. | Jiw | Jiw | Jip
Resnet18 0917 | 0.98 0.87 0.89
Resnet50 0.920 | 0.98 0.87 0.90

EfficientNet-BO | 0.926 | 0.98 0.88 0.89
MobileNet-V3 0.860 | 0.96 0.79 0.81
MPGT 0.954 | 0.98 0.91 0.95

This integrated approach ensures that the model effectively
leverages multimodal data to make accurate predictions about
the quality and behavior of the 3D-printed components. The
model architecture and the flowchart of the process can be

seen in [Figure

The model is trained on 13,944 timepoints, corresponding
to a printing duration of 77.47 minutes, and evaluated on
18,981 timepoints. Among these, 7,892 timepoints correspond
to high-quality states, 5,299 represent anomalies that reduce
component quality (such as corners and edges), and 5,790
timepoints indicate low-quality states where the structure is
already deformed. shows the performance of the model,
achieving a prediction accuracy of 95.4%. Additionally, the
F1-scores for the three quality classes are calculated to provide
a more comprehensive evaluation of the model’s performance.
The MPGT approach is compared against four other neural
network architectures, which were used in a previous study to
investigate and predict component quality [28]. The proposed
MPGT model is distinct from alternative models in that it
is trained on a combination of multimodal features and the
temporal evolution of heat states. In contrast, the other models
are trained exclusively on temperature features of a thermal
image of one print layer and can thus only predict the quality



of a finished print layer.

V. DISCUSSION AND CONCLUSION

In this paper, we presented a physics-constrained graph
transformer framework for analyzing multimodal sensing and
processing in engineering. The component to be manufactured
was modelled as a graph, thereby enabling the integration
and analysis of both thermal data and structural characteris-
tics through a combination of advanced sub-learning models.
Specifically, an autoencoder and physics-informed graph neu-
ral diffusion were employed to predict node features for the
graph. These features were aggregated using a temporal-spatial
graph transformer, which facilitated decision-making about
component quality. Furthermore, the learned edge weights
from the graph neural diffusion were utilized as edge attributes
in the graph transformer layer, enhancing its interpretability
and accuracy.

Our proposed intelligent model demonstrates the ability to
understand underlying heat transfer processes and their effects
on physical structures. A unique aspect of our approach is
its capability for time-state prediction, effectively functioning
as a digital heat twin to simulate and predict heat transport
behavior. Additionally, the autoencoder predicts areas of po-
tential structural weaknesses, enabling proactive monitoring
and quality assessment.

This modular framework offers versatility: its components
(e.g., the digital heat twin and structural anomaly prediction)
can function independently or synergistically. Together, they
provide a comprehensive system for monitoring the condi-
tion of components and guiding the progress of the overall
manufacturing process. It has been demonstrated that the
integration and learning from multiple modalities of sensing
can yield benefits, including enhanced prediction accuracy
when compared with the utilisation of temperature features
alone. Furthermore, the model under consideration is capable
of predicting temporal states within a print layer, thereby
facilitating sensitive monitoring. Future work could explore
scaling the framework to more complex geometries and also
provide advice on what to do if the component gets too hot
during printing, to make sure the quality of future print layers
is maintained.
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