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ARTICLE INFO ABSTRACT

Keywords: This paper presents a physics-informed neural network (PINN)-based solution framework that
Physics-informed neural network predicts the thermal history during a multi-layer Directed Energy Deposition (DED) process. The
DED meshless nature and the readily available derivative information of PINN solution opens up new
Thermal simulation opportunities for modelling the thermally induced distortion in metal Additive Manufacturing
Scientific Machine Learning (AM). The proposed framework incorporates simple yet effective strategies that enable PINN

to overcome the usual shortfall of neural networks (NNs) in dealing with discontinuities. It is a
critical step for applying PINN to the multi-layer problem which intrinsically contains disconti-
nuities due to the layer-by-layer nature of DED and other metal AM processes. The accuracy of
the proposed framework is validated via a benchmark test against ANSYS simulation. Leveraging
the possibility of initialisation with prior knowledge, PINN is also demonstrating potential
computational time-savings, especially for larger parts. Furthermore, remarks on strategies to
improve ease of training and prediction accuracy by PINN for the particular use case in DED
temperature history prediction have been made. The proposed framework sets the foundation
for the subsequent exploration of applying scientific machine learning (SciML) techniques to
real-life engineering applications.

1. Introduction

Additive manufacturing (AM), a key pillar of Industry 4.0 [1], is playing an increasingly critical role in realising
complex designs during actual production in many industries (e.g. aerospace, biomedical, high-end automobile etc.).
The increased adoption in production implies an increasing demand for first-time-right from AM, especially the metal
AM (MAM) processes due to the high material cost and the usually high-value parts. However, achieving first-time-
right remains a challenge due to the complexity and extreme conditions during the procedure. During the common
MAM processes, the feedstock (in Directed Energy Deposition (DED)) or the layer of powder (in Laser Powder Bed
Fusion (L-PBF) or Electron Beam Melting (EBM)) is melted with a local heat source (commonly laser and electron
beam) and re-solidifies to form the designed part geometry. Such a process involves steep thermal gradients and
high cooling rates, resulting in multi-scale impacts on the final product — from impacts on mechanical properties
due to effects on microstructure to impacts on the final geometry due to thermally induced part distortion [2, 3]. It
consequently leads to complications in part qualification and, in the worst case, part failure during printing. Hence,
there is no shortage of attempts to predict the thermally induced phenomena in the literature with a significant amount
of publications utilising the numerical approach [4].

The predictions, regardless of being metallurgical or mechanical, are usually a two-step process due to their weakly-
coupled nature. The first step is usually a thermal analysis of the process which involves two main schools of methods —
conduction-based and CFD-based. Due to the computational cost and recent progress in computing power, the latter has
been gaining momentum over recent years while the former is more commonly applied, especially for analyses at the
part-scale. The conduction-based thermal model is commonly used for both meso- and part-scale thermomechanical
simulation. At the mesoscale, the scan paths are resolved explicitly which captures the effect of the scan pattern on
residual stress/strain but it results in high computational cost. In the work by Denlinger et al. [5], they managed to obtain
the thermo-elasto-plastic evolution during the L-PBF process. However, it is only up to 38 layers of a cube. Attempts
are made by other researchers such as Olleak and Xi [6] and Moran et al. [7] to push the analyses to the part level.
However, their analyses only involve the thermal component. The attempts of mesoscale, conduction-based analyses
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are usually based on finite element analyses (FEA) and make use of techniques such as element coarsening, adaptive
re-meshing etc. to speed up the process. By neglecting certain thermal phenomena such as phase transformation, Parry
et al. [8] and Cheng et al. [9] were able to investigate the impact of scan patterns relatively quickly with their own set
of assumptions on the heat source and/or material model, respectively. The thermomechanical simulations at the part
scale usually aim to obtain the overall part distortion. By homogenising the scan patterns over multiple layers, quick
computation can be achieved with a reasonable level of accuracy after proper calibration for the material and process. A
series of works based on the modified inherent strain (MIS) method have been published [10, 11, 12, 13, 14]. Instead of
explicitly solving for the thermal history, MIS-based methods usually have a detailed simulation stage to calibrate the
inherent strain during printing and use the information to predict the overall part distortion. The accuracy of the MIS
methods has improved with more phenomena captured progressively. In Dong et al.’s work [14], thermal simulation
is re-introduced since the heat accumulation during large-scale DED has too large an impact to be neglected and the
accuracy improvement outweighs the increased computational cost.

The rapid progress in machine learning (ML) algorithms and the enabling hardware over the recent decade have led
to a significant uptake of ML-based surrogate modelling in many traditionally computationally intensive areas. There
is no exception in the field of MAM. In Demir et al.’s work, a four-layer neural network (NN) is trained on simulation
data and used to predict the residual stresses based on the scan path [15]. Also related to the scan path, Ren et al.
proposed an architecture which blends a recurrent neural network (RNN) consisting of long short-term memory cells
and a NN of one hidden layer in order to predict the thermal history based on the scan path. The model is trained on
simulation data based on FEA [16]. Another use of NN is to generate compensation for overhang angle to improve the
print accuracy of lattice structures through MAM [17]. The convolutional neural network (CNN) is another popular
architecture used in AM-related works for its better graphics-based learning capability. For example, a CNN can be
trained with CFD-based, mesoscale thermal simulation data to predict the melt pool depth given a surface temperature
during the L-PBF process [18]. With most ML-based methods for AM-related applications being purely data-driven,
there is usually a common question on their applicability and a stigma of being ‘black-box’. It leads to the concept
of scientific machine learning (SciML) which aims to incorporate physical laws into the training process of the ML
models. Physics-informed Neural Network (PINN) [19] is one of the most widely adopted SciML methods since its
conception in 2019. In the field of MAM, there have also been some attempts to employ PINN for thermally-related
simulations. When a forward problem is solved with PINN, while it is often termed as ‘prediction’, there are two classes
of applications that should be distinguished:

1. Class 1: No data is used over the temporal domain for the solution. Hence, the trained model approximates the
solution as a solver and predicts the evolution of the output(s). It is categorised as self-supervised learning.

2. Class 2: Labelled data (e.g. temperature values) is added into the PINN framework, usually in the form of a data
loss term, over the entirety or majority of the temporal domain, making it semi-supervised learning. Many works
in the literature are in this class.

Many attempts of using PINN for temperature history simulation are single-layer. [20] applied PINN to predict the
melt pool dimension akin to the method in [21]. The authors then attempted to predict the temperature field for a single
scan. [22] applies PINN for the Class 1 forward problem and demonstrates the effectiveness of incorporating residue
block in the NN and initialising from a trained model. The method is restricted to the single-layer problem. There are
some works attempting the multi-layer DED problem. In [23], training for both single-layer and multi-layer requires
labelled data. Hence, it is a Class 2 application of PINN in the forward problem and a substantial portion of the article
is to justify the accuracy of the source of data. It neglects the discontinuity in the initial condition between the new
and already-printed layers for the multi-layer problem. Liao et al. demonstrated PINN’s capability of solving both the
forward problem of obtaining the temperature history of one scan in DED and the inverse problem of obtaining material
thermal properties from synthesised data [24]. The multi-layer problem is briefly presented. With the temperature data
over the scan duration utilised, the multi-layer attempt remains Class 2 of the forward problem.

In this work, we propose a multi-layer framework that emulates the DED manufacturing process, allowing part-
scale, meshless thermal history prediction based on PINN. The authors envision that the proposed framework lays the
foundation for the progression from geometry-only to process-aware design optimisation for DED whose temperature
history is intrinsically discontinuous with its layer-by-layer nature — i.e. as the deposition of the new layer is simulated,
there is a discontinuity of temperature field between the previously deposited layer and the region where the new layer is
to be deposited (region of air with room temperature). It poses significant challenges to the multi-layer simulation using
NN-based methods since NN does not handle discontinuity well despite the persisting endeavour among researchers.
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One key contribution of this work is the proposed strategies that make PINN contiguous with the discontinuities in
simulating the multi-layer DED process while remaining as a Class 1 application of PINN (i.e. without labelled data
over the simulated duration). Computational gains supported by initialisation based on a previously trained model,
especially for large parts, are also explored. The paper is structured as follows. The multi-layer framework and relevant
building blocks are first presented in detail together with the definition of several test cases used to evaluate the effect of
the building blocks and investigate the ML-specific strategies. The results corresponding to the test cases are presented
and discussed subsequently. It is followed by a benchmark study demonstrating the performance of the proposed method
compared to ANSYS. The unique super-resolution capability from PINN’s meshless nature and the readily available
derivative information for the solution are also illustrated. Finally, concluding remarks are made, accompanied by the
outline of future work.

2. Methods

PINN, a type of SciML-based method, is used as a forward solver for the temperature history during the DED
process and Figure 1 illustrates the architecture of the NN employed. At the core of PINN, the auto-differentiation [25]
capability of an NN is utilised to obtain the respective terms in the governing equations. It subsequently allows the
‘physics-informed’ loss terms to be computed and used in the training process.

————————————————————————————————————————————————————

i
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A

Figure 1: Architecture of the NN

2.1. Governing equation

Transient heat conduction is solved to obtain the temperature history with the definition of the heat source model,
boundary conditions (BCs), and initial condition (IC) being the key elements. The governing equation(s) for each are
defined herein. For brevity, the equations and the relevant expansions are elaborated in their 2D form in this section.
The 3D implementation is attached in Appendix A for completeness and any interest from the reader.

The energy equilibrium in an infinitesimal control element over an infinitesimal short period can be expressed as:

d(pC,T) N
ot
where p is the density of the material, C, is the specific heat capacity, T is temperature, q is heat flux out of the control
element, and €., is the body heat source emulating the laser.
Applying Fourier’s Law where k is the thermal conductivity and considering density, specific heat capacity, and
heat conductivity as temperature-dependent properties,

Vog=tgn (1)

q=—k(T)VT
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Equation 1 in the 2D case can be expanded to:
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It results in a non-linear problem that is computationally intensive to solve, and a common simplification by
assuming a temperature-constant material property is often adopted in the literature which reduces Equation 2 to:

oT 0’T | o°T .
k(5 5 ) = ®

The body heat source (or the 2D equivalent body heat source) is adopted to represent the laser as the laser penetrates
into the top layer during the DED process. Hence, it is incorporated into Equation 2 as the heat generation term. The
Goldak model [26], commonly used in AM thermal simulations [4], is implemented in the simplified form, and the 2D
equivalent can be expressed as:
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where P = l£ is the laser power per unit length (term /., is defined in Equation 10), # is the laser absorptivity, a is the

C
radius of the laser spot, b is the penetration depth which is assumed as twice the radius, and Xj,4.;, 1.6 are the centre
of the spot.
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Figure 2: Assignment of Boundary Conditions

For a unique solution, BCs and IC have to be specified. Neumann BC is employed to describe the energy exchange
with the surroundings and the bottom of the substrate as specified in Equation 5. For the bottom, a large convective
coefficient A, is applied to emulate the heat transfer from the bottom of the substrate. Figure 2 illustrates the location
where different BCs are applied.

qx,Hm =Y geu(x,0), x€T Q)

where n is the normal vector at the boundary and

— Geonv t Grad = T - Tamb) + G£(T4 - T;mb) x e l—‘left U 1—‘right U 1—‘top
Z qext(x’ t ) -
qconv,f = hforce(T - Tamb) X € l—‘bottom

The initial condition is treated as Dirichlet:

T(x,0)=T,, x€Q (6)

where T, is defined in a two-part manner (i.e. as room temperature for the layer to be printed and as output from the
trained model for the printed layer(s)) due to the layer-by-layer nature of DED. More details on the complications from
it are presented in Section 2.2.2.

The values of the material and process parameters introduced in this section are listed in Appendix B.
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2.2. PINN setup
2.2.1. Model architecture

Fully connected NN, one of the most common types of NN architecture is used for the PINN in this work. The
solution from PINN can be generalised as f“(x, t) which approximates the target function 7'(x, ).

The governing equations for the PDE, BC, and IC discussed in the previous section can be re-arranged and
expressed as the following error terms at a given collocation point, respectively:

V)
of o2t 2T\ 6P —3(—“’“(’; 2 4 O gar? >
F(T,x,1) = k(= +=F)-— ‘ ' 7
(T, x,10) = pC,—- <ax2 ay2> zab’ @
- 74 4
B(f, X.1) = q(x,1)n— (h(T - Tamb) +oe(T” - Tamb)) (8)
q(x )n— (hforce(T - Tamb))
(T, x,0) =T, — Tyt ©

The governing equations are non-dimensionalised for the two-fold benefits — 1) it eliminates the additional
complexity introduced by units; 2) it improves the generalisation capability of the trained model [27]. The non-
dimensionalisations are done on the space, time, and temperature scale by introducing the characteristic length /.,
time ¢,, and temperature T, respectively. Superscript []* indicates non-dimensionalised quantities:

s

x =1lx*
=] y*
V= (10)
t =t.r*
T =T.T*
The following characteristic length, time, and temperature are adopted:
l. = (glaser
— Zlaser
) tc - Ulaser (1 1)
T, =3000

where ¢, 18 the diameter of the laser spot and v}, is the speed of the laser movement. T, is set as 3000K to contain
any possible extreme over-prediction from the melting point of the material (Ti6AI4V).
Hence, Equations (7) to (9) can be re-written as:

2
* (¥ ¥k 2 s _ ok 242
(x5 =G ) )2 ey P2

. Tk t 2k 2 t. 6 P a2 »2
F* xr = O _ k L (07T 07T 1 Lo bnP (12)
ot* pC l2 ox*2  gy*2 pC, T wab "
aT* * * CE 3 w4 wd
A +— I(T =T, )——Tl(T —-T*)
B(T*’ x*’ t*) { aTan hfum’-[ * % ke amb (13)
oy* (T _T b)
1T, x*,0)= f;; —-T% (14)
Normalisation of -1 to 1 is applied to the inputs when the collocation points are fed into the NN:
X =2
mdx % min (15)
A s
mn tmax tmm

* *
max® Xmins maxe I ar€ the upper and

where subscript [, indicate the value fed into the hidden layers of the NN, x*
lower bounds of the non-dimensionalised spatial and temporal domain.
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The individual loss terms for the training of the PINN can subsequently be written as:

1 Nz s
Lppg = Nope & | (7" (*ppgs TopE)- xPDE”PDE)| (16)
1 Ngc o
Lpc=+— Z ’B (7" (gt xBC’tElC)‘ a7
NIC 5
Lic= ?ZP T*(xL, 0), %2, 0, 10l ) (18)

where Nppg, Npc, and Ny are the number of collocation points sampled to compute the PDE, BC, and IC losses.
The wic term in Equation 18 is the pointwise weight for the initial condition loss which is defined in Equation 22 and
a more detailed explanation of this term is provided in Section 2.3.2.
The total loss used for the training of the PINN is obtained by assembling the individual loss terms through a
weighted sum:
WppgLppE + WpcLpe + Wickic

L= (19)
Wppg + Wgc + Wy

The loss expressions are embedded into that NN architecture as illustrated in Figure 1.

2.2.2. Spatio-temporal sampling points

Collocation points, akin to those in numerical methods, are spatiotemporal sampling points used during the PINN
training for computing the relevant loss terms to evaluate the level of approximation. When PINN is applied as a forward
solver without any auxiliary data, the collocation points play an especially critical role in dictating the convergence and
quality of the results. The sensitivity of the training outcome with regard to the distribution and density of collocation
points has been well documented in the literature [24, 28, 29]. The weighted total loss in Equation 19 gives a degree of
control of the overall relative contributions of the losses. However, it should be noted that the individual loss term is
the mean value, implying a need for careful design of the collocation points’ density distribution so that the loss values
are not biased towards the trivial areas which could occupy the majority of the domain.

In the 2D implementation of this work, a grid distribution of the collocation points is used for simplicity and ease
of definition of the boundaries. Similarly, the temporal domain is uniformly discretised such that the laser spot moves
by @ )acer OVer each time step. In this work, a is chosen to be 0.15 for sufficient overlapping.

Figure 3 illustrates the four main zones into which the domain can be split: 1) substrate; 2) Zone A: already-printed
layer; 3) Zone B: region in the current layer where the material is deposited; 4) Zone C: region in the current layer
where the material is not yet deposited.

The number of collocation point directly influence the computational time and memory usage during training.
Hence, the collocation points are assigned with varying density — global assignment and local assignment. Specifically,
for the PDE collocation points, the global region is defined as the overall spatial domain and the local domain is defined
as the (4 450r X 1.5¢0,450r) T€giON centred around and below the centre of the laser spot. To smoothen the transition,
a secondary region is defined as that bounded by half the total height from the top and the whole width of the global
domain. For BC collocation points, the top side is split into two parts due to the layer-by-layer nature of the DED
process - one segment for the top of Zone B and another for the bottom of Zone C in Figure 3. The latter replaces the
former as the print progresses. A higher density is applied to the top side compared to the other sides due to the split
in the region.

Contrary to other applications of PINN as a forward solver commonly seen in the literature, IC collocation points
also play an important role in this multi-layer framework since satisfying the IC ensures continuity between the previous
and the current layers. The IC collocation points are put into two sets — one for the printed part (Zone A and Substrate)
and one for the new layer (Zone B and C). The former is assigned values from the output of the trained model of the
completed layer and the latter is assigned the value of ambient temperature since no material is added yet. To ensure
enough sampling, the printed zone has a total collocation number of 64 times of that the global PDE domain and
the same density is applied to the new layer zone. Such IC allocation is non-conventional and introduces additional
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Substrate

Figure 3: Key zones during the multi-layer process: Zone A, B, and C constitute the part region. Zone A is the already
printed layer. Zone B and C constitute the layer that is being printed — Zone B has material deposited and Zone C is
where the material will be deposited as indicated by the velocity vector (v) of the heat source.

challenges to the training. However, it is necessary given the additive nature of the DED process. The challenge and
the solution will be discussed in more detail in Section 2.3.2.

Figure 4 illustrates the distribution of the generated collocation points for the first layer in printing over the print
duration.
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(a) Distribution of PDE collocation points over time (Layer 1)

t=0.00s t=0.75s t=1.50s
104 4 4 4 &4 A 4 &4 A A A A 4 4 4 10 Aaaaananasasaaf 10
8 8 81
6 61 6
4 4 4
2 2 2
0

0 0
0.0 2.5 5.0 7.5 10.0 125 15.0 0.0 2.5 50 7.5 10.0 12,5 15.0 0.0 2.5 5.0 7.5 10.0 12,5 15.0

< Leftboundary » Right boundary Bottom boundary a4 Top boundary

(b) Distribution of BC collocation points over time (Layer 1)
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Figure 4: Distribution of the collocation points for the first layer (Layer 1). The x-axis and y-axis correspond to the
length and height of the part domain in a Cartesian coordinate system. The bottom left corner of the part domain is
defined as the global origin, indicated by (0,0) and the values are nominal with a unit of mm

. The convention is used for all subsequent figures where the part domain is presented.

It is reported in the literature that randomised allocation of the collocation points in the given spatial and temporal
domain may result in better generality [19, 28]. No significant difference is observed herein when the two strategies
are applied. Hence, grid-based collocation allocation is used in the 2D implementations for better reproducibility, and
random collocation allocation is used in 3D for easier and more precise control of the number and density of collocation
points herein. The number of the collocation points should be determined through a convergence study in which the
number of points is increased until the correct feature/solution is captured with acceptable accuracy. In this work,
ANSYS simulation result is taken as the benchmark and the number of collocation points is deemed sufficient when
the RMSE is below 100K.

The values of the bespoke hyperparameters introduced in this section are listed in Appendix B.
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2.3. Multi-layer framework

A single scan is defined as a path of travel that can be expressed as one continuous function of time with or without
on-off switches. It implies that in the cases investigated in this article (i.e. continuous rectangular plate), each layer
consists of one scan, assuming that there is no change of direction of the scan within the layer. Figure 5 illustrates the
workflow of the PINN-based thermal simulation for the multi-layer problem.

Slice the
part into
layers

Is there a
similar layer
trained
before?

Store key spatial and
temporal frames in a
library for each layer

and spatial key points

Unpack the temporal
for the current layer

Generate
collocation
points

onto the newly

] initialised model

[ Mount the trained model ]

new layer is set to
ambient temperature

[ Initial condition for the

Train to
minimise
cost

Is there a trained
model for the
previous layer?

Is any of the
stopping criteria
satisfied?

Save trained
model

Figure 5: Flowchart illustrating the overall framework

Initial condition Initial condition
is the output from is set to ambient

the previous layer temperature

Initialise a neural
network

Pre-processing ‘ Layer-wise Iteration

Pre-processing: The part geometry is sliced into layers. For each layer, the start and end coordinates of the non-part
region(s) and subsequently where the laser is switched on and off are determined with regard to the global origin of the
whole part domain. The coordinates information is then used to determine the time instances when the laser switches
on/off in each scan. The positional information of the part and non-part regions and the temporal information of the
laser on/off(s) are stored for the subsequent steps.

Sequentially iterative process: Each sliced layer will be sequentially iterated from the bottom to the top, capturing
the printing process.

For each iteration: Each iteration resolves the thermal history associated with one layer. It starts with unpacking
the positional and temporal information from the pre-step. The information is used to define terms such as t_start;
and ¢_end; which are used in the functions defined later. A NN of the same architecture for all iterations is initialised
with the correct domain size of the current print layer. Collocation points are generated for computing the PDE loss,
BC loss, and IC loss, respectively based on the strategies discussed earlier. Depending on the location of the current
print layer being simulated, the appropriate initial condition target values are assigned and passed to the loss function.
Before starting the training process of the current iteration, a check of the existence of a trained model of a similar scan
path in previous layers will be conducted. If it exists, the training will resume after mounting the trained model of the
most recent similar scan path. Otherwise, the training will start from the standard initialisation. A ‘similar scan path’ is
defined as one having the same scanning direction. Such initialisation from a pre-trained model is termed ‘warm-start
initialisation’ in this paper. The training in each iteration will stop when either the maximum epoch number or the
threshold loss/causality value is met.
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The challenge of using PINN for the multi-layer problem is the conflict between the discontinuous nature intrinsic
to the DED process and NN’s deficiency in approximating discontinuity. To overcome it, strategies that approximate
the discontinuities are devised and presented in the following section.

2.3.1. Laser on-off switch

The on-off state of the laser is dictated by the temporal marker(s) during each scan which is determined based on
the slice of geometry of the part for each layer. Hence, the original heat source equation (Equation 4) is modified to
Equation 20 and the laser switch function /aser_switch(t) is expressed as Equation 21.

2
H (¥ g%k 2 H_ ok 2,2
(X (X0+U ! >) e +(y ylaser) IC]

t 6 P a2 b2
e = laser_switch(t*)L—Cn—e (20)
& pC, T, mab
< 1 1
itch(t*) = - 21
laser_SLUl Ch( ) ; ( 1 + e—a‘(t*—t_startf) 1 + e—oq(ﬁ—t_stopf)) ( )

where N is the total instances of switching on the laser (i.e. N > 1). Parameter , defines how quickly the switching
between On and Off occurs, and a value of 200 is used in this work for a balance between rise time and smoothness,
after systematically adjusting the values such that the RMSE against ANSYS is no more than 100K. A similar process
is applied to determine the values of other bespoke hyperparameters presented in the later sections.

2.3.2. Pointwise weight assignment for IC losses

With the additive nature, a new layer is activated and initialised at the beginning of each scan. It implies that the
initial condition assignment for all layers except for the first layer needs to have two components: 1) the layers in Zone
A and Substrate take the output from the previously trained model at the instance when the new layer starts printing
as the initial condition; 2) the new layer (Zone B and C) takes the ambient temperature as the initial condition. The
two components are illustrated in Figure 4c¢ as the red points and the green points, respectively. Figure 6 illustrates the
erroneous output from the trained model when the later component of the IC is not specified — the temperature at the
start of the new layer should be the ambient temperature since no material has been deposited yet.
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Figure 6: Temperature output when IC is not specified for the new layer (figure showing the beginning of the 2"
layer): the region of height 11-12mm should be room temperature as no material is yet deposited.
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Following a preliminary investigation on the error values at the IC collocation points over epochs, it can be
concluded that the large IC loss values are contributed by the collocation points close to the interface between the
new layer and the printed part (i.e. the discontinuity). Hence, a method to assign a weight for each collocation point is
implemented. The points closer to the interface are assigned a much lower weight and the overall IC loss is a weighted
sum of the points. It prevents completely losing the information closer to the interface but also reduces the magnitude
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of the error values which smoothens the loss topology and allows the training to continue. The weight for each point
is determined through Equation 22:

1€ e_aw(l.)’i_yimerface|_ﬁhlayer)

where Ay, is the layer thickness, a,, and f are parameters controlling how fast and where the pointwise weight starts
to decay to 0, respectively. In this study, a,, and f are assigned values of 200 and 0.05, respectively.

2.3.3. Solid-void transition

The diffusive property of air needs to be explicitly assigned to Zone C for the correct amount of heat transfer to be
captured and to avoid the region behaving as an infinite heat sink. A smooth transition between the solid (Zone A and
B) and void (Zone C) is achieved through the use of sigmoid function and can be expressed as:

. . -1 L1-1
gt ([(1+e05) (10 e0)] " [1eni] )

. « . -1
+ Fair [(1 + e“’ZA"b> <1 + e %A )]

(23)

where

* ok ok
{ Axb =x xboundary
-
A Vo =

* K
yo-y boundary
and a, controls how steep the transition is and a value of 100 is chosen.
It allows a regular grid of collocation points to be generated for the PDE loss for the whole domain while achieving
a smooth transition in distinguishing the solid and air regions.

2.3.4. Training with causality
Incorporating causality in the training is proposed in [30] where the authors show that standard training of PINN
is ‘implicitly biased towards first approximating PDE solutions at later times’, necessitating a training strategy that
focuses on satisfying the solution in the correct temporal sequence (i.e. causality). It is identified that causality has a
critical role in the multilayer problem since the correct solution of each subsequent layer depends on correctly capturing
the initial condition which itself is challenging as detailed earlier.
The key component to incorporate causality is by introducing a ‘causal weight array’ which is defined as:
i —€<ZL;11 Et(tZaX*)+wIC£IC> .
w,=e fori =2,3,..., N, 24)
where e is a hyperparameter controlling the stiffness of the causality, N, is the number of timesteps where the
collocation points are generated and L, is defined as a IV,-element array that is expressed as:

L} = wpppLppp(t™, xi0) + wpcLpe(t™, xh.)  fori=2,3,.., N, (25)

The causal weight prevents a timestep from contributing to the overall loss until the loss from all previous timesteps
converges to a sufficiently small value.
It implies that the expression for the cost of training is modified to:

N M)i
=L 3 ( ¢ Ci+ (& £1c> (26)

t
Ny &5\ Wepg + wye + wic Wppg + Wpc + Wic

2.3.5. Adaptive weight for loss terms
In [27], the author proposed a ‘self-adaptive global weight’ algorithm which adjusts the weights for the Lppg, Lpc,
and L;¢ according to the following equations:
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2 IVoLppe@l + IV L@l + 1| Vo Lic(0)]
ApDE = (27)
IVoLppe @)l
2 IVoLppe@l + IV L@l + 1IVoLic(0)]
Apc = (28)
VoL@
A IVoLopeOI + VoL@ + [[VoLic(0)]]
Aic = (29)
VoLl
The new weights are computed and obtained as a rolling average as the current ones every set epochs:
Anew = @Agg + (1 — a);lnew (30

Such a scheme claims to balance the potentially large difference in orders of magnitude among different losses
during training and hence avoid biasing towards any loss term during training. The effectiveness of such scheme is
investigated in this work.

2.4. Numerical benchmark

The numerical benchmark is generated by running a detailed thermal simulation in ANSYS (ANSYS Mechanical
ADPL 2024). The same implementation has been adopted for calibration in MIS-related works by Prof. Albert To’s
group [10, 11, 12, 13, 14]. The same boundary conditions and Goldak heat source model as entailed in Section 2.1
are applied in the ANSYS Mechanical simulation which utilises the element activation method. The time history of
each element is extracted during the post-processing step and the spatiotemporal coordinates are used to generate the
prediction from the training PINN for comparison. Both root-mean-square error (RMSE) and maximum absolute error
are extracted to measure the accuracy of the output.

In the benchmark comparison, mesh resolutions of 0.15mm in length, 0.05mm in height, 0.63mm in substrate
height, and a time resolution of 0.0075s is applied. The resolution is chosen following a mesh convergence study and
the details of it are presented in the Appendix.

2.5. Case studies

To evaluate the effectiveness of the proposed strategies, three case studies based on a simple three-layer case
(15mmx3mm) are conducted — 1) pointwise weight allocation for IC, 2) explicit solid-void definition, and 3) alternative
stopping criterion. The metrics used for comparison include the loss evolution, the output accuracy based on benchmark
error, and other training-related parameters. Due to the multi-objective optimisation nature of PINN training, the choice
of weights will affect the loss landscape (a space of all loss values corresponding to all parameter combinations) and
influence the final result which is essentially finding the minima (ideally the global minimum) in it. To ensure fair
evaluation, a suitable set of weights is first determined from a grid search and utilised for the rest of the case studies.

Determining loss weights: Four configurations outlined in Table 1 are assessed. The first configuration of equal
weight forms the baseline for the comparison. The second and the third configurations are chosen based on the
assumption that the satisfaction of PDE and IC is more vital for accurate output, with the former being more extreme
in enforcing such an assumption. Finally, the fourth configuration is applied to investigate if the satisfaction of IC is
more critical for obtaining accurate prediction.

Table 1: Combinations of loss weights being tested

Configuration
# Wppeg Wpc Wic
I 1 1 1
I 10 1 10
111 1 2
v 1 1 5

Pointwise weight allocation for IC: The performance of the proposed pointwise IC approach is compared against
the alternatives, specifically, simple assignment of the two-part IC and offsetting from the interface.
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Explicit solid-void definitions: The performance of training with the proposed explicit solid-void definition is
compared against that without.

Alternative stopping criteria: In the recent paper introducing causality into the PINN training process, the
author suggests that causal weight w’C can act as an alternative stopping criterion [30]. A 2-layer case is run with
min(w',) > 0.98 as the stopping criterion and a maximum epoch of 200,000 is imposed to prevent infinite running.
The performance is compared against the same case trained with the conventional early stopping criterion where a
threshold total loss value is used.

The framework is implemented in Python and the PINN is constructed through Pytorch [31]. More details on the
parameters are presented in Appendix B.

3. Results and Discussion

3.1. Case studies
3.1.1. Determine the loss weights

Three factors, 1) loss values, 2) output accuracy, and 3) compatibility with causal weight, are used to evaluate and
select the most suitable loss weight configurations.

If only the loss values were assessed, Configuration IV would be an ideal choice as it has the lowest magnitude in
both nominal loss values (Figure 7a) which indicate the degree of agreement for the PDE, BC, and IC at the end of
training and the weighted counterparts (Figure 7b) which illustrate the relative importance of the loss terms in training.
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(a) Nominal loss values (b) Weighted loss values

Figure 7: Loss values at the end of 100, 000 epochs for the weight configurations

Conversely, upon inspecting the error values compared to the benchmark from ANSYS, Configuration IV results in
the worst accuracy, especially in the third layer. It could be attributed to the much higher nominal PDE loss compared
to other configurations which supports the hypothesis that both PDE and IC play vital roles in improving the accuracy
of the trained model. Consequently, Configuration II appears to be a better option purely from the accuracy point of
view. Nevertheless, further inspection of Figure 8 indicates a much higher spread of causal weights, translating to a
reduced level of satisfaction of causality. It also implies that a lower threshold value or more epochs are needed for
testing stopping with causal weight compared to other configurations should causal weight be used as an alternative
stopping criterion.

Considering all the metrics holistically, Configuration III is chosen as the most suitable. It should be acknowledged
that optimising the choice of weights is an active area of research, similar to other hyperparameter tunings, and
obtaining the optimal weights is beyond the scope of this work.

3.1.2. Evaluation on pointwise weight assignment for IC

By simply assigning the two-part IC, difficulty in the convergence of the IC loss and total loss is observed (Figure
9). The observation agrees with the consensus on NN’s deficiency in approximating discontinuity. The stagnated total
loss value, often used as a stopping criterion for training, poses challenges for the model to effectively traverse the loss
landscape and may lead it to stuck in local minima. Therefore, it necessitates techniques to mitigate the issue.
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Table 2: Root Mean Square Error (RMSE) and Maximum Absolute Error (Max. Abs.) compared to ANSYS benchmark
result (best values highlighted in bold).

Configuration Layer 1 Layer 2 Layer 3
# RMSE Max. Abs. RMSE Max. Abs. RMSE Max. Abs.
K] K] K] [K] K] [K]
I 21.75 424 32.15 334 48.15 318
II 18.74 366 35.21 221 52.63 322
III 20.48 419 41.31 307 47.88 230
v 21.98 428.9 34.66 332.03 106.92 458.32
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Figure 8: Causal weights at the end of 100, 000 epochs for all weight configurations

An intuitive and straightforward approach to tackle the large errors stagnating at the interface between the old and
new layers over training is to offset the collocation points away from the interface. However, as evidenced by the RMSE
values in Table 3, it results in a detrimental effect on the model’s accuracy — less information is made available in one
of the most critical regions to capture the dynamics. It is further supported by the observation that the RMSE from
offsetting is at a similar order of magnitude as that without two-part IC considered — no information is fed in either
case. Moreover, examining the loss evolution in Figure 10a and 10c reveals that the IC loss still stagnates and is only

marginally lower than that without offsetting. The difficulty in lowering the IC loss and total loss (often used as the
stopping criterion) persists.
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Figure 9: Outputs and loss history with simple assignment of IC for the new layer

Table 3: Root Mean Square Error (RMSE) and Maximum Absolute Error (Max. Abs.) compared to ANSYS benchmark
result for different IC strategies.

Case Layer 1 Layer 2 Layer 3
RMSE Max. Abs. RMSE Max. Abs. RMSE Max. Abs.

K] K] [K] [K] K] [K]

No 22.71 41407 5392 27839 10822 447.32
two-part IC

Simply apply 216 43379 6242 48370 8631 397.93
two-part IC

Offset for 2232 42209 5111 41619 15190 611.91
two-part IC

Pointwise Weight

for two-part IC 20.48 419.29 41.31 307.37 47.88  229.68

Unlike the simple offset approach where information is completely lost, the pointwise weight assignment
numerically attenuates the contribution from the abnormally high error values at the interface. It implies that the
model is made aware of the interface during training without the stagnated loss. The expected benefit in convergence
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Figure 10: Loss histories comparison between offsetting the IC collocation points 0.05 * A, ), from the interface and
applying pointwise weight for IC losses. Compared to those from the pointwise weight method, the IC and total losses
stagnate with the simple offset method and a higher PDE loss at the end of the training is also observed.

is observed from the continually decreasing IC and total loss in Figure 10. The much lower RMSEs across multiple
layers in Table 3 indicate the pointwise weight’s effectiveness in balancing the increased awareness of discontinuity
and not stagnating the numerical loss values for training convergence.
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3.1.3. Evaluation on explicit solid-void definition

Figure 11 illustrates the rapid decrease in temperature at the deposited layer (i.e. Zone A) when the sigmoid
activation of metal and void zone is not applied. It agrees with the consensus that the model will maintain the already
learnt features when no additional information is made available. With the pointwise weight in place, the trained model
‘learns’ that the new layer (i.e. Zone B and Zone C) takes an initial room temperature while the existing part has a
residual temperature distribution as the output from the previous training. When no explicit definition of the void region
is assigned (Figure 11), the trained model applies the heat transfer property of the solid while keeping the temperature
in Zone C as the room temperature, essentially an infinite heat sink on top of the previously deposited layer. It explains
the rapid temperature loss, making it necessary to assign the heat transfer properties to at least part of Zone C to model
the correct amount of heat loss.
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Figure 11: Significant underprediction of temperature at the deposited layer when the thermal properties of air are not
explicitly modelled

Using a sigmoid function to activate the solid or void region approximates the transition between regions as a
smooth function. It prevents introducing another moving discontinuity for approximation which would increase training
difficulty. Since the training is collocation-point-based, the sigmoid-based smooth transition is only effective if the
collocation points close to the discontinuity are dense — otherwise, the information that is available to the model is
equivalent to having a discontinuity. It is another driver for the denser set of collocation points that move with the heat
source and the material boundary.

Besides the much lower RMSE values as listed in Table 4, the effectiveness of the solid-void transition is also
illustrated by comparing the spatial derivatives for the cases without and with the explicit definition of solid-void
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properties — a clear boundary of temperature change with increasing height (i.e. ’;—T) is observed at the boundary

between Zone A and C for the case where solid-void properties are clearly defined (Figure 12). It supports that the
model was able to learn the different thermal properties.

Table 4: Root Mean Square Error (RMSE) and Maximum Absolute Error (Max. Abs.) compared to ANSYS benchmark
result with and without solid-void regions clearly defined.

Case Layer 1 Layer 2 Layer 3
RMSE Max. Abs. RMSE Max. Abs. RMSE Max. Abs.
[K] [K] [K] [K] K] K]
.NO . 19.78 453.67 57.18 430.32 105.75 599.90
solid-void
Wlth . 20.48 419.29 41.31 307.37 47.88 229.68
solid-void
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(d) Spatial derivatives from the training with explicit solid-void
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Figure 12: Comparison of spatial derivatives for cases with and without solid-void material properties explicitly
defined.

Figure 13 presents a sample raw output from the trained model and its comparison against the ANSYS benchmark
result as well as the post-processed output and the corresponding comparison. The latter comparison is used in this
paper. Figure 13a and 13b highlight a limitation in the proposed framework — while the temperature of the solid region
is predicted with reasonable accuracy presented in the later section, the temperature of the void region is likely not
predicted accurately. While it is unlikely that the region above the current layer is the uniform room temperature as a
result of ANSYS’ prediction based on the element activation method, it is probably not as high as that predicted by the
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trained model. Since the region of interest is the printed part (i.e. solid region), there is little information (or a need
for information) in the void region as long as accurate prediction is achieved in the actual area of interest. With no
concrete conclusion on the temperature in the void region from the benchmark methods, a post-processing that adjusts
the temperature to room temperature is applied. It ensures fairness of comparison since the region is not (and does
not need to be) simulated accurately. It is more pertinent to compare if the correct heat retention is predicted by the
trained model and Figure 13d indicates so, suggesting that the model is able to ‘learn’ the change from solid to void
heat transfer properties with the smoothened solid-void activation.
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Figure 13: Raw output from trained PINN model and the effect of post-processing

3.1.4. Effect of using alternative stopping criterion

A stronger positive correlation between high causal weights and better output accuracy is indicated by the
comparison in Table 5, suggesting the causal weight to be a better stopping criterion than an arbitrary total loss
threshold. It is expected considering the temporal nature of DED process. Conversely, it is also observed that the
training with causal weight as the stopping criteria might be longer than with total loss when the initial condition is
more challenging. Figure 14 illustrates that the improvement of fitting for the later time segments is plateauing. It
indicates that the model is facing challenges learning the later time segments which could be due to the expressibility
of the selected PINN architecture.
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Table 5 also revealed that the randomness in training could lead to instability and fluctuation of final output when
cost value is used as the stopping criterion as shown by the very high benchmark error for the second layer despite
having the same configuration as the 3-layer case run to generate the results. However, stopping with a causal weight
limit seems to reduce the fluctuation of the output. Nevertheless, further and more comprehensive investigation is
deemed necessary for other means to mitigate the fluctuation in training, ideally with theoretical backing.

Table 5: Performance comparison between the stopping criteria

Layer 1 Layer 2

Stopping with  Stopping with  Stopping with  Stopping with
Loss Value Causal Weight Loss Value Causal Weight

Lope 111e-4 1.77¢-4 2.74¢-4 2.64c-4
Lpc 1.27¢-4 2.43e-4 1.23¢-4 1.54¢-4
Lic 1.13¢-6 2.06e-6 1.20e-4 1.39¢-4
Lootal 3.48¢-5 6.09-5 1.42¢-4 1.58¢-4

Epochs 100000 19881 100000 200000

RMSE [K] 27.4 26.3 133.9 457

(a) Causal weight evolution over epochs (1 layer) (b) Causal weight evolution over epochs (2" layer)

Figure 14: Evolution of causal weight over epochs.
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3.2. Prediction from trained model

With the loss weights chosen as {wppr = 2, wpc = 1,w;c = 2} and applying all pointwise weight for IC as
well as explicit solid-void thermal property definition, the PINN model is trained and loss history and sample outputs
are presented in Figure 15. The diffusion behaviour of the heat and a reasonable general shape of the heat source
is captured by the trained model. The accumulated heat from previous layers is also represented well. For a more
quantitative evaluation of the quality of the output, the benchmark comparison is presented in the following section.

Loss History Output (t=0.33s) Output (t=0.83s) Output (t=1.17s)
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Figure 15: Loss history and temperature prediction for the 15mmx3mm case. For each layer, the outputs at t=0.33,
0.83 and 1.17s are presented.
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3.2.1. Numerical benchmark

Quantitative comparisons between the PINN results and the benchmark results from ANSYS are made to validate
the accuracy of the model. Root mean square errors of 20.48K, 41.31K, and 47.88K are observed for the Ist, 2nd,
and 3rd layers, respectively and Figure 16 illustrates the distribution of errors. The highest magnitude is observed at
the core of the heat source for both layers where the PINN result under-predicts the peak temperature by about 10%.
Furthermore, over-prediction behind the heat source is observed for all layers, indicating less heat is dissipated to the
surroundings than predicted by the ANSYS simulation.

PINN output (t_layer=0.38s, t_total=0.38s) 2500

ANSYS output (t_layer=0.38s, t_total=0.38s) 2500 Difference (t_layer=0.38s, t_total=0.38s 300
2 2250 12 2250 12
. I, | e . | | 200 L
. 1750 %,j . 1753% . 100 %
1500 H 1500 3 o 8
° 1250 3 6 1250 5 & 3
4 1000 E 4 1000 3 4 -100 5
, 750 2 750 2 -200
500 500
‘o 25 5.0 7.5 106 125 15.0 ae.o 25 5.0 7.5 10.6 12.5 15.0 ae.n 25 5.0 7.5 10.6 12.5 15.0° -300

(a) PINN output (1* layer, t = 0.385) (b) ANSYS output (1* layer, t = 0.38s) (c) PINN-ANSYS (1% layer, t = 0.38s)

PINN output (t_layer=0.76s, t_total=2.26s) — 2500 ANSYS output (t_layer=0.76s, t_total=2.26s) — 2560 Difference (t_layer=0.76s, t_total=2.26s 300
2250 2250 12 T
| 200
2000 2000 1
1750 3 1750 3 100 &
8 3 8 3 8 3
1500 3 1500 3 3
6 g 6 g 6 e g
1250 3 1250 3 3
4 1000 2 4 1000 2 4 100 X
) 750 ) 750 ) 00
500 500
0 o+
6.0 25 50 7.5 10.6 12.5 15.0 6.0 25 50 7.5 10.8 12.5 15.0 6.0 25 50 7.5 10.6 12.5 15.0M--300

(d) PINN output (2 layer, t = 0.76s) (e) ANSYS output (2" layer, t = 0.76s)  (f) PINN-ANSYS (2"¢ layer, t = 0.76s)

1.135, t_t

=4.13s) 2500

2500 Difference (t_layer=1.13s, t_total=d.13s 300
2250 2250 » i
200
2000 2000 0
1750 & 1750 & 100 3
8 3 8 B 8 3
1500 3 1500 3 3
g g L
& 1250 3 © 1250 3 6 3
4 1000 = 4 1000 Z 4 100 Z
) 750 ) 750 R 00
560 560
[ [
0.0 2.5 5.0 7.5 10.0 12.5 15.0 0.0 2.5 5.0 7.5 10.0 12.5 15.0 0.0 2.5 5.0 7.5 10.0 12.5 15.0 -300

(g) PINN output (3 layer, t = 1.13s) (h) ANSYS output (3 layer, t = 1.135) (i) PINN-ANSYS (3" layer, t = 1.13s)

Figure 16: Benchmark comparison between the PINN and ANSYS simulations. A root mean square error of 20.48K,
41.31K, and 47.88K is observed for the 1st, 2nd, and 3rd layers, respectively.

The under-prediction of the core temperature compared to ANSYS benchmark result reveals a key artefact of the
NN-based solution — the extrema are less sharply defined due to training cost being defined as weighted mean values
from all collocation points. Hence, the extrema are smoothened in the approximation. Nevertheless, the underprediction
is limited to within 10% in magnitude and within close proximity of the melt pool. The overprediction behind the heat
source is likely attributed to the under-representation of BCs (with the smallest number of collocation points) coupled
with the low weights assigned to BC in training since PDE and IC are identified to play a more critical role in the
multi-layer framework. It can be argued that the highest error occurs close to the boundary where even the accuracy
of the benchmark result is not guaranteed. Nevertheless, more investigation will be pursued to alleviate the error. One
potential method is applying hard constraints for the BCs in PINN architecture [32].
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3.3. Super-resolution capability and availability of derivative information

Unlike the ANSYS solution, the training PINN model’s solution is meshless, i.e. the solution is not limited by
the temporal nor spatial discretisation during the solving/training process. Such capability is illustrated in Figure 17a
where temporal-super-resolution and spatial-super-resolution of the solution are conducted and no artefact is observed.
It implies two potential benefits — 1) the training time could be further reduced by adopting a coarser discretisation for
collocation point assignment; 2) investigation at a much finer spatial and/or temporal scale can be conducted which is
critical for a highly transient problem such as during DED or other metal AM processes.

t_layer=0.7598s, t_total=1.5208s t_layer=0.7600s, t_total=1.5210s t_layer=0.76025, t_total=1.5212s
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Figure 17: Demonstration of spatiotemporal super-resolution and availability of derivative information from the
trained PINN model.

In addition to the benefits of the meshless characteristics, the PINN solution also produces the derivatives at no
additional cost — the temperature gradients and cooling rates at any point can be obtained in the same manner as the
temperature output with the same meshless characteristics. The derivative information has been utilised and stored in
the gradient graph during the training process. Hence, unlike those from the numerical solution which is limited by
the mesh resolution and can only be obtained after the whole temperature field is solved, the derivative information
from PINN can be obtained during the evaluation on-demand. Figure 17b and 17c illustrate sample outputs of the
gradient information across layers. The positive value of the temperature gradient is defined as a temperature rise
in the positive spatial direction, resulting in the flip of the sign of the 07 /ox values in Figure 17b since the heat
source is moving from right to left. The greatest temperature gradient is observed near the centre of the heat source,
consistent with the expectation. A band of positive 0T /dy is observed with an increase in band height from Figure 17b
to 17c, corresponding to the heat accumulation and downward diffusion as layers build up. The quickest temperature
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rise and drop are observed at the centre and immediately behind the heat source, respectively. While most of the
observations agree with expectations, artefacts are nevertheless present. Island features are detected in the 0T /dx
and 0T /ot plots. They are likely due to incomplete training (i.e. the errors are not reduced to 0 during training) and
potentially the grid distribution of collocation points. The magnitude of the artefact is relatively low and is unlikely
to pose a significant adverse impact on the output. Nevertheless, future efforts will be made to reduce the presence of
such artefacts. Recalling that the thermally induced failures during metal AM are often attributed to the rapid cooling
and large thermal gradient, a solution based on PINN could potentially allow direct and quick prediction residual
stress/strain prediction based on the actual thermal gradient and cooling rate information instead of waiting for the full
temperature field to be solved or relying on calibration. It would encourage additional theoretical research correlating
the thermal gradient and cooling rate with residual stress/strain.

3.4. Potential time saving

To demonstrate the time-saving capability of the proposed framework, a larger, 10-layer part (15 mmXx10mm) is
simulated by both training the PINN and ANSYS simulation. Figure 18 illustrates the comparison of time required for
both methods. Taking advantage of initialisation with prior knowledge — i.e. ‘warm-start’ initialisation, the training
time for the later layers is substantially reduced once a similar process is trained for. In the current implementation,
a minimum number of 5000 epochs is imposed before training can end early when min(wi) > 0.98, resulting in the
plateauing of computational time reduction in the later layers as observed.

Computing Time (PINN) Computing Time (ANSYS)
Total Computing Time (PINN) Total Computing Time (ANSYS)
25000
20000
)
g
= 15000
o
.8
=
g 10000
S
@]
5000
0
1 2 3 4 5 6 7 8 9 10
Layer Number

Figure 18: Computational time comparison between PINN and ANSYS.

While a scan of the same direction works well as a criterion to define a ‘similar scan’, it remains an open question
to quantify how much similarity in configuration is sufficient for warm-start to work. It should also be acknowledged
that the same definition of a ‘similar’ layer based on scan direction might no longer be valid for more complex profiles.
Other criteria defining a ‘similar scan’ will be investigated in further detail in the future.

3.5. Extension from 2D to 3D

The extension from 2D to 3D involves minimal effort in modifying the governing equations and the loss functions
as detailed in Appendix A. Figure 19 illustrates the output from the trained model for the 3D case with two layers
printed (i.e. 15 mmX2mmxXx2mm) on a substrate of 15mmXx2mmx10mm.

With the increased dimension, collocation points are sampled through a random distribution instead of a uniform
grid for better control of the number and/or density of the collocation points. As indicated in Table 6, the density of
collocation points for the 3D case is less than the equivalent volumetric density from the 2D cases while yielding
a similar level of agreement with the ANSYS prediction. The lower collocation point density in 3D was primarily
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Figure 19: Prediction from the trained PINN model for the 3D case and difference between the PINN and ANSYS
results on the top face (z=11mm and 12mm) and the middle plane (y=1mm). All temperature values are in K.

driven by controlling the increase in computational time. An additional 2D test was run based on the 2D equivalent
planar density based on the 3D implementation to verify that the reduction in density does not result in a significant
reduction in prediction quality. An RMSE of 16.77K was reported. Such observation indicates that further reduction
of the collocation points can potentially be achieved and the determination of the minimum collocation density as part
of the future hyper-parameter tuning should be carried out in the future.
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Table 6: Density of collocation points and the associated RMSE in 2D and 3D cases

2D 3D
Numbe1: of Planer/edge Equivalent Numbel: of Volume/face
collocation . volume/face | collocation .
. density . . density
points density points
Global 35 0.212 0.0977 330 1.00
PDE Secondary 165 2.20 3.26 330 2.20
Local 704 29.3 159 1727 72.0
sub-total 904 5.48 12.8 2387 7.23
BC sub-total 67 1.34 1.80 400 1.00
IC sub-total 2520 15.3 59.7 2640 8.00
RMSE [K] 20.48 19.42

3.6. Recommendations on using PINN for DED temperature history prediction

The applicability of the strategies to improve PINN training in the literature [27, 33] is not always universal across
applications. Remarks on the effectiveness of some commonly cited ones are made, and insights on improving the
performance of PINN as a forward solver for predicting the DED temperature history are offered herein.

3.6.1. Effectiveness of general recommendations regarding PINN training for DED temperature history
prediction

The thermal history simulation of DED process is characterised by 1) high localised temperature, 2) high-
temperature gradient, 3) discontinuous temperature field as an initial condition at the beginning of a new scan, and
4) being dynamic.

The first two characteristics necessitate normalisation and more importantly, non-dimensionalisation of the loss
functions to prevent saturated gradient during training. It agrees with the recommendation in [27]. There are, however,
works in the literature [24] that used the nominal values during training and obtained plausible results for single-
layer temperature history prediction for DED. Nevertheless, it has been observed that non-dimensionalisation and
normalisation significantly stabilised the training process and facilitated convergence — depending on the configuration,
using nominal values may fail to train altogether.

Training with causality as proposed in [30] allows temporal causality in the problem to be learnt during the training
process which improves the quality of prediction in a dynamic problem such as temperature history prediction for DED.
The improvement is pronounced, especially for the later layers where there is a discontinuity in the initial condition. A
prerequisite for causality to work is non-dimensionalisation and normalisation. Training with causality using nominal
values in DED temperature history prediction will not converge.

Adaptive weight for the loss terms is proposed in [27] and is claimed to prevent bias towards any loss terms when
there is a large discrepancy of magnitudes. In this work, the benefit of the method is only observed to a limited extent
— the loss values usually reduce to a similar order of magnitude within 10,000 epochs (e.g. Figure 10) when a fixed
weight assignment is applied. In the 3D implementation, applying adaptive weight from the start of the training could
even prevent PDE loss from being trained due to the larger magnitude of error upon initialisation. On the other hand,
the stabilising effect of adaptive weight is observed if it is applied after training for 20,000 epochs, returning more
consistent results.

Techniques such as modified multi-layer perceptron (modified MLP) and Fourier feature embedding proposed in
[27] do not lead to observable improvements to the training or the result. Due to the relatively shallow layers, applying
modified MLP significantly increases the computing time due to the additional two layers.

3.6.2. Prediction improvement through intermittent injection of data

One deficiency observed in the 3D implementation is the deteriorated agreement with ANSYS prediction when
the problem is solved as a pure forward problem over multiple layers as illustrated in Table 7. It is mainly attributed to
the accumulated under-prediction as time progresses — the PINN prediction of the heat source core temperature tends
to be an underprediction due to the difficulty in capturing the highly non-linear, singular value at the core. It results in
a lower predicted global temperature which is set as the starting temperature distribution for the next scan, leading to
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a cumulative effect over layers. Such observation is more prominent in 3D due to the increased amount of collocation
points across the domain — the loss value used for training is a weighted average of all collocation points.

Table 7: Root-mean-square error for two-layer scan without and with injecting ANSYS results at the end of Layer 1
into the training process.

Without Injection of Data  With Injection of Data
RMSE Layer 1 23.43 28.31
Kl Layer2 92.94 44.79

Such an issue can be alleviated through the injection of data which clears the cumulated under-prediction over the
last layer(s). The ability to incorporate data offers potential continuous improvement of the model’s prediction. The
data injected are the temperature of printed layers when the new layer is initialised (i.e. initial condition). They take
the form of target temperature for the IC collocation points in the already printed layer (Zone A and Substrate). For
demonstration purpose, 2880 points are randomly sampled from the numerical simulation at the end of the previous
layer. In eventuality where the framework is applied to experiments, the points are more likely to be from experimental
observation instead (e.g. via in-situ monitoring). The trained model remains a predictor (Class 1 of the forward problem)
even with the injection of data since they are restricted to the initial condition based on the past result and no data from
the temporal duration to be modelled is used.

The intermittent inclusion of data for the prediction of temperature history during the DED process is the
recommended means of using the proposed framework — unlike numerical approaches, PINN models can easily
take in experiential observations and use the data where possible to improve the agreement between predictions and
experimental observation. The ability to combine imperfect physics and limited data is where the true strength of PINN
lies.
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4. Conclusion

In this paper, we presented a framework that allows multi-layer thermal history prediction for DED to be achieved
based on PINN. Benefiting from strategies that make NN contiguous with the discontinuities that are intrinsic to the
DED process, i.e. the pointwise weight assignment for IC loss and explicit definition of the solid-void regions, the
proposed framework is able to achieve a similar level of accuracy as the numerical methods with the potential of
significant time-saving for large-scale parts.

Such a framework sets the foundation for employing PINN in the thermomechanical simulation for practical
DED applications. Instead of acting as a replacement for conventional numerical methods, PINN’s unique capability
of incorporating both physical laws and experimental data implies that the proposed framework can either achieve
continuous improvement in prediction when combined with data (e.g. from in-situ monitoring) as a forward solver, or
be applied to the inverse problem where effective thermal properties are generalised from experimental observations,
allowing computationally cheap, conduction-based numerical models to be utilised while maintaining good agreement
with observations. Moreover, PINN models not only generate temperature history but also thermal gradients and
cooling rates. Such information can be of use for alternative mechanical models that predict the thermally induced
distortions on the fly. It opens up the possibility of optimisation with regard to thermal distortion which is an extremely
exciting field of research.

Future endeavours based on the presented framework can be outlined as follows. While the proposed strategies
provided remedies that overcome the shortfall of NN in approximating discontinuities, the accuracy and ease of training
can be further improved. Besides the standard hyper-parameters of ML training, the proposed strategies introduce
bespoke hyper-parameters. The tuning of such parameters, a non-trivial task, will likely affect the training process
and hence the optimality of the performance of the trained model. In addition to the hyperparameter tuning to find
the most optimal model complexity and training configurations, the application of alternative architectures should
be explored. Techniques strengthening robustness against discontinuity and enhancing generality are of particular
interest. Theoretical work on reducing the fluctuation and randomness in the training outcome will greatly benefit the
ML-based methods, including the framework proposed in this paper, instilling confidence in applying them to real-life
applications. Material property determination based on solving the inverse problem through PINN with experimental
data will also be explored, especially in combination with in-situ monitoring.
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Appendix A Governing Equations for 3D implementation

In the 3D implementation, there are some slight changes to the governing equations as detailed in this section. The
key difference is the additional dimension in the thickness directions. Figure A1 indicates the axes used in the 2D and
3D implementations, respectively.

My

(a) 2D (b) 3D

t,

Figure Al: Axes in the 2D and 3D implementations

Equations (2) to (4) for 3D are rewritten as:
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The expression for the characteristic dimensions is expanded as following for the additional width dimension:

x =Ilx*
y =1Ly
1z =1.z" (A4)
t =t.r*
T =T[T*

\

Subsequently, the terms in Equations (12) to (14) are modified to the following:
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o _ Ay (f oe T3 (Fed _ el
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The laser on-off switch is updated following the new expression in Equation A3
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The solid-void transition in 23 is updated to the following based on the change of axes system:
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Appendix B  Configurations and Setup

The material properties and process settings and hyperparameters (bespoke and standard) are listed in Table B1,
B2, and B3, respectively. All training and simulations are run on a local workstation that is equipped with an Intel
i7-12700k CPU and an Nvidia RTX4070 (12GB VRAM) GPU.

Table B1: List of parameters used in training and simulation

Parameter Nomenclature Value Unit
Material Heat cond.uctivity k 1.14E401  mW /(mm I§ )
(solid) Density . p 4.50E-09 tonne [mm-
Heat capacity Cp 7.14E408  mJ /(tonne K)
Material Heat cond}lctivity ki 2.60E-02  mW [(mm 13( )
(air) Density . Pair 1.18E-12 tonne /mm
Heat capacity Cpair 1.01E4+09  mJ /(tonne K)
Stefan-Boltzmann constant o 5.67E-11 mW /(mm* K*)
Emissivity € 3.00E-01 -
Convection coefficient (forced) Pforced 4.50E-01  mW /(mm?* K)
Convection coefficient h 2.00E-02  mW /(mm* K)
Laser power P 3.50E+05 mW
Process Laser absorptivity n 4.00E-01 -
Laser speed Ulaser 1.00E+01 mm/s
Laser spot diameter Draser 2.00E+00 mm
Goldak parameter (length) a 1.00E+00 mm
Goldak parameter (depth) b 2.00E+00 mm
Ambient temperature Tomb 2.98E+02 K

Table B2: List of bespoke hyperparameters used in training and simulation

Hyperparameter Nomenclature Value Unit
Characteristic length I Dlaser mm
Characteristic time t, Graser/ Vlaser s
Characteristic temperature T, 3000 K
Laser switch rise-time parameter @ 200 -
Pointwise weight cut-off rate parameter ay 200 -
Pointwise weight cut-off offset parameter B 0.05 —
Solid-void transition rate parameter a, 100 -
Causality stiffness € 1 -
Adaptive weight update rate a 0.9 —

Table B3: List of hyperparameters used in training

Hyperparameter  Value

NN depth 3
NN width 128
Activation function tanh()
Optimisor Adam
Learn rate 2e — 5
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Appendix C Convergence Study for ANSYS Mesh Resolution
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Figure C1: Mesh convergence study
Table C1: Configurations for mesh convergence study
Mesh Resolution Time Processing Time
Case . . Resolution per Layer
Length Height (Part) Height (Subs.)
[mm] [mm] [mm] [s] Is]
A 0.3 0.5 2.5 0.015 68
B 0.15 0.25 2.5 7.5e-3 212
C 0.15 0.25 1.25 7.5e-3 228
D 0.15 0.05 0.625 7.5¢-3 1619
E 0.15 0.05 0.625 3.75¢e-3 1231
F 7.5e-2 0.05 0.625 3.75e-3 2429
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