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A B S T R A C T   

In situ and post-print defects, including excessive residual stresses and poor microstructural properties, are 
important concerns in the part design and setup stages of powder bed fusion (PBF) manufactured parts. Laser 
scan strategies are well known to be correlated with the development of these defects; however, due to the lack of 
complex scan strategy descriptors and the consequential imposition of simple scan strategies, these correlations 
are not well understood and are difficult to investigate. This work proposes a methodology for an intuitive 
quantitative descriptor of scan strategies that has the potential to provide quick prognoses to predict defects. To 
demonstrate this, a neural network is trained to accurately predict post-print residual stress distributions using 
the descriptor of a specified path. It is envisioned that this descriptor could allow for the circumvention of current 
costly prevention mechanisms and increase confidence and reliability in metal additive manufacturing 
technologies.   

1. Introduction 

Additive manufacturing has established itself as an essential set of 
manufacturing technologies for the making of incredibly complex parts 
which is critical to contemporary design goals [1–9]. In particular, metal 
additive manufacturing (mAM) is defined as the group of manufacturing 
technologies with which metal parts are manufactured in a layer by 
layer fashion. Among the many different mAM technologies, powder bed 
fusion (PBF) is the most common in which a concentrated heat source, 
usually a laser or electron beam, melts thin spread powder in precise 
locations layer by layer. This fuses the powder together at local regions 
creating a 3D component. Following PBF in popularity is directed energy 
deposition, which also involves a moving heat source where material is 
transported to the point where the heat source is focused on. In this 
instance the part is created freeform and the heating and cooling history 
of a component strongly depend on the geometry of the component and 
the heat source path. 

A shared challenge among AM techniques involving moving heat 
sources is the selection of a scan strategy. The selection of scan strategy 
involves the selection of a path and speed with which a heat source 
moves over the powder to consolidate a cross-sectional layer [10,11]. 
While melting a powder layer, underlying layers also heat up and 

usually re-melt. This leads to multiple local heat treatments which in 
turn can lead to various defects. The cooling rate of the consolidated 
layer is also a contributor to defect development [12]. Naively planning 
scan strategies can lead to critical defects in printed parts including high 
porosity, poor microstructural properties, bad surface quality, and 
excessive warping. It is non-trivial to consider all possible defect 
mechanisms when planning scan strategies, and worse still is the lack of 
reliably interpretable correlations between scan strategies and defect 
mechanisms. A lot of scan strategies deployed today are derived from 
trial-and-error approaches. 

The literature contains numerous experimental studies empirically 
demonstrating the dependency of part properties to scan strategies. 
Using scanning electron microscopy imagery and image processing 
techniques, Arısoy et al. demonstrated that PBF process parameters 
including laser power, scan velocity, hatch distance, and scan strategy 
were correlated with cooling rates, thermal gradients, and microstruc-
tural properties [13]. Through x-ray computed tomography, micro-
scopic imaging and other techniques, Rashid et al. demonstrated that 
there are correlations between scan strategies and the porosity, hard-
ness, and microstructural properties of printed parts [14]. Levkulich 
et al. investigated the correlations between various process parameters 
and the residual stresses in titanium alloy PBF parts using x-ray 
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diffraction, hole-drilling, and contour method techniques and concluded 
that there are measurable correlations [15]. Lee et al. used in situ 
near-infrared imaging and computational modeling to reveal de-
pendencies between part geometry, scan strategies, cracking and re-
sidual stresses. Additionally, they proposed scan strategies that could 
potentially mitigate cracking and warping [16]. 

It should be noted that challenges associated with the accuracy of 
experimental measurements and computational models pose difficulties 
in investigating correlations between process parameters and print 
properties. It is possible that this difficulty is exacerbated by the limited 
parameters imposed on scan strategies due to the a priori adoption of 
simple strategies such as raster or spiral scanning as shown in our 
schematic in Fig. 1(a). For example, in the case of the simple back and 
forth raster, line spacing and raster angle (the angle between the scan 
lines and the consolidated surface) are the only parameters needed to 
describe the scan strategy (excluding parameters associated with the 
consolidated areas geometrical constraints), whereas it is nontrivial to 
describe an irregular path without rigorously listing the laser’s velocity 
at certain times which requires a relatively significant amount of 
interpretive effort, even for the short and somewhat structured random 
path in Fig. 1(a). 

In this paper, we introduce a method for quantitatively describing 
laser scan strategies which can be used to draw correlations between it 
and post-print properties. In order to demonstrate its validity and 
applicability, thermomechanical simulations are performed with 
random laser strategies and used in tandem with the descriptor to train a 
machine learning model to predict post-print mechanical properties 
using the strategy descriptor. Neural networks (NNs) are utilized to 
provide a measure of the detected correlations between the descriptor 
and post-print properties which in turn gives insight on the descriptor’s 
ability to communicate a scan strategy’s spatiotemporal properties. 

2. The descriptor: The Relative Spacetime Proximity (RSP) map 

One of the main causal links between print properties and scan 
strategies is the spatiotemporal temperature distribution of the consol-
idated surface. Simply, areas on the surface where the laser more 
frequently visits may be generally hotter than areas that are less 
frequently visited. This idea is the driving force behind the descriptor 
proposed in this work, named the Relative Spacetime Proximity (RSP) 
map. The RSP map quantifies the spatiotemporal proximity of points on 
the laser path with spatial and temporal criteria. An RSP map obtained 
through evaluating the cumulative spacetime proximity (L̃i) for all n 
nodes on a path where, 

L
∼
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L
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tij and xij are the time difference and distance, respectively, between 
path nodes i and j. L essentially evaluates the spacetime distance 
( ̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

γtij2 + x2
ij

√ )
between two path nodes with a time difference coefficient 

of γ > 0 to adjust for temporal significance. L̃i is the summation of 
spacetime differences between the i th node and every other node. The 
spacetime difference, L, is zero when the time difference is nonpositive 
and when the relative distance is greater than the radius r, named here 
the radius of influence. 

The reasoning for imposing the radius of influence is that points on 
the consolidated surface that are far apart are not expected to thermally 
influence one another as those that are closer together. The time crite-
rion enforcing positivity is used to capture only the effect of nodes 
revisiting chronologically preceding nodes and not those that proceed. 
In other words, points on a surface that are already consolidated will not 
significantly thermally influence points on the surface that are yet to be 
consolidated. The motivation for this kind of quantification is to capture 
the notion of reheating due to the heat source revisiting areas. Fig. 1(b) 
exemplifies the mechanism of the equation by depicting both nonzero 
and zero spacetime differences with green and red colors respectively on 
a simple raster path. 

After evaluating L̃i for every node, the values are scaled (Li) and 
stored in a vector variable L shown in Eq. (2). This quantification leads 
to the RSP map shown in Fig. 1(c) in its spatial form for two different 
radii of r are used. 

Li =
L̃i

max
1<k<n

L̃k
, L =

[
L1, L2, …, Ln

]
(2)  

When the radius is set to a value that is all-encompassing at every node 
(i.e., all nodes are always in the radius of influence), the RSP map simply 
assigns earlier path nodes with higher values and later nodes with lower 
values. An RSP map with a radius of r2 (encompasses two neighboring 
path nodes) leads to an abstract depiction of the spatial intensity of the 
spatiotemporal temperature distribution, hence it has been utilized in 
this work to analyze correlations between it and post-print properties. It 
should be noted that a radius of r2 will not yield the same results for 
different nodal discretization densities and hence is subject to its own 
tuning procedure. 

In this study, the RSP map is applied on random Hamiltonian paths 

Fig. 1. (a) Different types of possible paths including a random one. (b) Illustration of RSP quantification. Green and red lines depict nonzero and zero relative 
spacetime differences respectively. (c) Normed RSP maps of the same path in (b) with different radii of influence. (For interpretation of the references to colour in this 
figure legend, the reader is referred to the web version of this article). 
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that fill up a square grid. A Hamiltonian path is a path between two 
nodes of a graph, in this case, a square grid graph, which visits every 
other node in the graph. Hamiltonian paths can be generated on grid 
graphs using the backbite algorithm [17]. Hamiltonian paths will serve 
in this study as a source of variation in the RSP maps of different paths. It 
should be noted that there need not be a constraint on the continuity of a 
path in PBF processes; however, discontinuous paths such as the contour 
path shown in Fig. 1(a) are not considered in this study. 

3. Simulation setup 

In order to investigate the correlations between the RSP map and 
post-print properties, 10,000 random, 8 by 8, square grid Hamiltonian 
paths are generated and used in weakly coupled plane-strain thermo-
elastoplastic finite element simulations to obtain every path’s corre-
sponding von Mises stress distribution at the end of each print process (i. 
e., at room temperature). The von Mises distributions provided a good 
amount of distributive complexity which served the purposes of this 
study well. 

In order to obtain as much data as possible, the simulations are setup 
with simplifying assumptions. These assumptions include, (1) Since only 
one ‘layer’ is being studied here, a 2D plane stress assumption is made in 
order to reduce computation times significantly. It is assumed that the 
anti-plane laser heat distribution is constant. (2) In PBF, the print bed 
(the base on top of which the powder is fused together) is the main heat 
sink in the process when compared to the heat loss due to convection 
and radiation. The 2D nature of the simulations here disallows for anti- 
plane heat conduction. Hence, this is artificially accommodated for in 
the formulation for the thermal part of the simulations. (3) Normally, 
powder layers are consolidated on top of the print bed (or a previously 
consolidated area). After solidification the print bed imposes displace-
ment constraints on the layer. These constraints are ignored in this 
study. (4) The entire domain is set up as a homogeneous solid. Hence, 
material properties, such as the thermal conductivity, density, and 
specific heat capacity, are not modeled to capture particle behaviors and 
are only dependent on temperature. (5) Melt pool fluid dynamics are 
completely ignored. In order to capture the deformation of freshly so-
lidified material the yield stress at melting temperatures is set to be three 
orders of magnitude below the yield stress of the material at room 
temperature to allow for increased material flow. Simulating PBF pro-
cesses accurately is a prominent research topic as the process is 
incredibly complex, involving four states of matter all interacting with 
one another at different scales [18–20]. Nevertheless, the presumption 
that the final state of this simulation is deterministic given a set of initial 
process parameters and a material model, regardless of its accuracy, 
allows for investigative space. 

3.1. Thermal model 

As depicted in Fig. 2(a), every simulation involves a 1 mm by 1 mm 
surface area with a 0.1 mm powder layer thickness which is then 
consolidated using a laser with a diameter of 100 microns. There is a 10 
% area overlap in between each laser path which is commonly done in 
PBF processes to assure proper consolidation. The speed of the laser 
beam is held constant over the path at 1 m/s with a power of 40 W. The 
governing equations for the thermal simulations are, 

ρCpθ̇ = ∇⋅(K ∇θ) + Q + B (3)  

where θ, ρ, Cp, and K are the temperature, density, specific heat capacity 
and thermal conductivity of the base plate material. Q is the volumetric 
2D Gaussian heat source distribution which translates over the surface 
along the laser path and B is the conductive heat loss to the print bed. 

Q(x, t) =
P

πR2h
exp

(

−
1
R2

⃒
⃒x − xp(t)

⃒
⃒2

2

)

(4)  

where xp is the position of the laser at time t as per the laser path, R is the 
radius of the laser, h is the thickness of the base plate, and P is the power 
of the laser. B is derived by performing a finite difference approximation 
of the second order derivative of the temperature in the out-of-plane 
direction (see assumption (2)), 

B(θ) = K
∂2θ
∂z2 ≈ K

2(θ − θb)

h2 (5)  

where h is 0.1 mm (approximate powder layer thickness) and θb is the 
temperature of the print bed and is held constant at room temperature 
since the print bed is usually significantly more massive than the laser 
heated material. No thermal other boundary conditions were imposed. 
To capture the temperature dependence and the effect of the latent heat 
of fusion, the apparent heat capacity method [21,22] is used where Cp is 
modeled as, 

Cp(θ) = Cn(θ) + Cap(θ) (6)  

where, 

Cn(θ) = Cs +
Cl − Cs

2

(

1 + tanh
(

8
θ − θm

θ2 − θ1

))

(7)  

Cap(θ) =
2L

θ2 − θ1
cos2

(

π θ − θm

θ2 − θ1

)

(8)  

and where Cn is the function capturing purely the temperature depen-
dence and Cap is the apparent heat capacity capturing the behavior of 
latent heat. θ1 and θ2 define lower and upper bounds of the temperature 

Fig. 2. (a) Depiction of the process being simulated. (b) Simulated normalized von Mises stress distributions and RSP maps of different paths.  
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range wherein latent heat effects take place. 
In Eq. (9) the weak linearized form is obtained (prior to the finite 

element discretization) to solve the heat equation. The residual Si
θ is 

derived from Eq. (3) through the implementation of a Crank-Nicolson 
time integration scheme. This residual is then used in a Newton- 
Raphson iterative scheme to solve for θi, the temperature at the ith 

timestep (note that superscripts in Eq. (9) alone denote time iterations). 

Sθ

(

θi
)

=

∫

Ω
ρCp

(
θi − θi− 1) θvdx − Δt

(
1
2

∫

Ω
K
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)
dx

+

∫

Ω
Q
(
x, ti) θv dx +

1
2

∫

Ω

(
B
(
θi)+ B

(
θi− 1) )θv dx

)

(9)  

where θv is the test function. 

3.2. Mechanical model 

The mechanical material model here is taken to exhibit linear 
isotropic elasticity and perfect rate-independent plasticity. The material 
is assumed to behave quasi-statically under induced thermal strains. The 
strain is additively decomposed into its elastic (εe), plastic (εp), and 
thermal (εθ) components, 

ε = εe + εp + εθ, εθ = αΔθI (10)  

where α is the linear thermal expansion coefficient, Δθ is the tempera-
ture change and I is the identity tensor. The balance of linear momentum 
is solved for, 

∇⋅σ = 0 (11)  

where σ is the Cauchy stress tensor. The von Mises yield criterion is used. 

f = |τ| −
̅̅̅
2

√
k ≤ 0, |τ| = tr(τ∶τ) (12)  

where τ = dev(σ) and k is the yield shear stress defined as, 

k(θ) = k0 φ
θ− θ0

θm − θ0 , φ≪1 (13)  

where φ is the reduction factor, k0 is the room temperature yield stress, 
and θ0 is the initial temperature of the base plate, and θm is the melting 
temperature of the material. Note that this is not necessarily the best 
way to approach the flow of material in the melt pool; however it is 
computationally inexpensive, simple to implement, and effective in 
producing sufficient material flow for plastic strain development. The 
plastic flow is governed by the following flow rule, 

ε̇p = λ̇
τ
|τ| = λ̇n (14)  

where λ̇ is the plastic strain evolution rate. 
The following weak form of Eq. (11) is obtained, 

Sσ(u) =
∫

Ω
εv∶(σ − E∶εθ)dx = 0 (15)  

where Sσ is the residual with respect to u, the discontinuous displace-
ment field, and εv is the test function and, E is the fourth rank elasticity 
tensor defined as, 

E = K I ⊗ I + 2G Idev (16)  

where K is the bulk modulus, G is the shear modulus and, Idev∶A =

dev(A) for any second order tensor A. The weak form is then linearized 
using the Newton-Raphson iterative scheme and the return map algo-
rithm is then implemented to track and solve for plastic strains [25]. 

All simulation parameters, including thermoelastoplastic properties, 
laser parameters, the finite element mesh, and the simulated timestep, 

were kept constant across all simulations to measure correlations be-
tween the RSP map and residual stress profiles derived from variations 
in scan paths. It should be noted that due to the nonlinear nature of the 
equations, inconsistencies may arise from numerical errors associated 
with convergence characteristics of the iterative numerical imple-
mentation which can be influenced by the type of simulated scan path. 

There are many different ways to go about the model formulations, 
finite element implementation, time integration schemes, and meshing 
however for the sake of brevity we refer the reader to [23–28] for more 
detailed discussions. To mention a few properties of the finite element 
implementation, triangular linear elements were used for the thermal 
mesh while triangular quadratic elements were used for the mechanical 
mesh. The same number of elements were used for both the thermal and 
mechanical meshes, with a mesh density of 2 triangular element per 
laser radius as shown in Fig. 3. An inhouse software is developed to carry 
out the calculations using FEniCs, an automated finite element solver 
package [29]. 

4. Neural network setup 

Considering the complexity of the physics involved in mAM, ma-
chine learning stands out as an attractive investigative tool owing to its 
ability to efficiently extract correlations from chaotic datasets which 
provides avenues for deeper understandings [30–35]. Neural networks 
(NN), or artificial neural networks, are mathematical models that map 
input data to output data through the utilization of artificial neurons 
connected in certain ways. The Feedforward NN, used in this work, is a 
type of NN in which neurons are connected in a noncyclical manner. 

The neural network used here consists of four densely connected 
layers, the input layer which takes as its input the vectorized form of the 
RSP map (L), the output layer which outputs the vectorized von Mises 
stress profile of 961 points (making up the 31 by 31 stress profile) and, 
two hidden layers. The layers and their activation functions are shown in 

Fig. 3. Finite element mesh depiction. Each square contains four triangular 
elements. Red shades represent thermal profile immediate to laser spot (green 
circle) after a horizontal scan from left to right. (For interpretation of the ref-
erences to colour in this figure legend, the reader is referred to the web version 
of this article). 

Table 1 
Description of NN properties.  

Layer Number of Neurons Activation Function 

Input 64 ReLU 
First Hidden 64 ReLU 
Second Hidden 225 ReLU 
Output 961 Sigmoid  
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Table 1. The nodes in the input and hidden layers are assigned ReLU 
activation functions while the output nodes are assigned sigmoidal 
activation functions. The output range of sigmoidal functions is [0, 1]
which is then linearly scaled up to a range from [0, σ0] to represent the 

final stress state, where σ0 is the von Mises yield stress at room tem-
perature. The backpropagation algorithm is used to optimize the 
weights and biases of the nodes and train the network. The structure of 
the NN was designed by balancing prediction accuracy and training 

Fig. 4. (a) NN training and validation MSE error plot. Epochs are training iterations associated with the backpropagation algorithm where one iteration involves 
algorithmically ‘passing’ through the training data once. (b) The average percentage error map of the normalized residual stress predictions of test data. 

Fig. 5. Prediction performance of neural network trained on the RSP maps. Each column represents the (test) RSP map, normalized true simulated von Mises residual 
stress distribution, and normalized predicted von Mises residual stress distribution of a specific path. 
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speed. 

5. Results and discussion 

The NN has a total of 240,131 trainable parameters (total number of 
weights and biases) trained on a data set of 10,000 simulations. The data 
was split into 7500 training, 1250 validating and 1250 testing data 
points. Fig. 4(a) shows the training and validation mean squared error 
(MSE) of the neural network over the training process. In order to better 
investigate the predictive error, an average percentage error map was 
made by averaging over every test prediction’s individual error map. A 
prediction’s error map [σerr] is attained by simply evaluating the dif-
ference between the predicted 

[
σpred

]
and simulated [σsim] von Mises 

stress distributions. 

[σerr]avg =
1
N

∑N

i
[σerr]i =

1
N

∑N

i

⎛

⎝
abs

([
σpred

]

i − [σsim]i

)

[σsim]i

⎞

⎠ (17) 

In other words, every pixel on the average error map is the global 
average error of that pixel’s prediction. The maximum average percent 
error of any pixel is 1.1 % as can be seen in Fig. 4(b). 

The NN is able to predict a significant amount of detail including 
immediate spatial von Mises stress transitions from smaller to larger L 
values. The predictions of the NN can be seen in Fig. 5, where three new 
test paths are generated and used to predict their von Mises stress dis-
tributions at room temperature. In Fig. 5, it can be seen that the NN 
learns that areas corresponding to the end of the paths, (i.e., smaller L 
values) have smaller von Mises stress values and vice versa. 

A powerful attribute of the RSP map is that it is not constrained to the 
regularity of the scan strategies studied here. The RSP map is applicable 
to any strategy with any level of nodal discretization. Furthermore, in 
this study the speed of the laser is held constant however it too could be 
varied and analyzed. A spatially varying laser velocity would manifest 
itself in the RSP map through the time difference in Eq. (1). We aim to 
investigate this in future work. The RSP map can even be applied with 
techniques such as island scanning, where patches of spaced-out areas 
are sequentially scanned over for heat control. Each island could be 
considered as a node in an island-scale RSP map which could allow for 
macroscopic applicability. One promising advancement of this work 
would be the inverse problem, where optimal RSP maps, and conse-
quently optimal strategies, for any given area are searched for. Although 
this is would be a speculatory suggestion, the RSP map can potentially be 
correlated with other types of defects too such as porosity and surface 
roughness since the literature contains works correlating laser scan 
patterns to these defects. 

6. Conclusions 

It has been demonstrated that there are attainable correlations be-
tween the proposed laser scan strategy descriptor, the RSP map, and the 
outcomes of the simulated von Mises residual stress distribution at the 
end of a single layer pass. A neural network is trained to obtain the 
correlations and perform the predictions which are inspiringly accurate, 
instilling confidence in the RSP map as a descriptor. This provides hope 
for the methodology to be extended to higher accuracy predictions at 
larger scales and for various print properties. The RSP map shows 
promising applicability in mAM process planning where laborious trial- 
and-error procedures and expensive computational simulations are 
relied upon. It is envisioned that this method will allow for quick and 
easy prognoses of process parameters in order to prevent expensive 
failures and push for the further proliferation of mAM technologies. 
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