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Abstract

The processing of powdered materials by laser processing has become quite widespread. One approach is to deposit a powder
bed of material and to “flash” a pattern onto the bed in order to sufficiently heat up the material to sinter and/or fully melt the
desired targeted pattern. This avoids rastering a single beam back and forth to produce the pattern. In order to adequately control
the thermal fields that are induced by the laser pattern, simulation tools are needed to quickly ascertain the parameter setting
needed, such as

• powder porosity,
• powder conductivity,
• beam spatial distribution and
• beam temporal duration.

The focus of this work is to develop a rapid computational tool that can be used in conjunction with manufacturing systems. The
approach is to develop precomputed solutions for point-source “beamlets” and then to create patterns by arranging the point-sources
in the proper configuration. The entire thermal field is then created by superposing the solutions. A series of three-dimensional
problems are solved to illustrate the approach, which is geared to rapidly solving the response to complex patterns.
c⃝ 2018 Elsevier B.V. All rights reserved.
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1. Introduction

Over the last few years, a rapid digitalization of industry has been taking place, forcing manufacturers to rapidly
meld simulation software with newer technologies such as the Internet of Things (IoT), sensor technology, robotics,
virtual reality (VR) and artificial intelligence (AI) into their business strategies. Integrated advanced sensors, controls,
simulation platforms and modeling have made next-generation advanced manufacturing, sometimes referred to as
Industry 4.0, possible. One can refer to this entire evolving area as Advanced Manufacturing (AM). Advanced
Manufacturing requires the development of models and simulation tools that can be run rapidly for design purposes,
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which then naturally lend themselves to optimization strategies such as Machine Learning Algorithms which require
several hundred or thousand runs during a short period of time-real time models need to be developed. Many of these
plans have highlighted the development of additive manufacturing techniques, such as 3D printing. Many emerging
multistage additive manufacturing systems involve sintering and/or melting a powder-bed of material. Processes are
being developed whereby complex patterns are projected onto a bed of powder. Because of the monochromatic and
collimated nature of lasers, the targeted degree of precision and wide power range (100–100 000 W), they are an
ideal heat delivery mechanism. The variety of laser-induced processes is wide ranging from bonding, softening,
sintering, melting or ablation (Fig. 1). Industrial applications range from aerospace, shipping, transportation, rail,
automobile and medical sectors involving the construction of engine parts, structural components, electrical devices,
medical implants and prosthetics. However, in order for the process to function properly for a given application,
and to adequately control the thermal fields that are induced by the laser pattern for a given powder porosity,
powder conductivity and thickness, the beam distribution, intensity and duration must be properly selected. Improper
laser calibration will lead to imprecisely controlled heat affected zones and subsequent damage, brought on by
miscalibration of the laser power needed. It is for this reason that spatially distribution of power within the laser
beam is a parameter to be controlled, in order to manage thermal stresses more effectively. Thus one of the goals of
laser manufacturers is to adaptively control the intensity of the laser within the beam adaptively during the process.
Because many of new multistage additive manufacturing processes require testing thousands of scenarios involving
laser processing of powdered material, the focus of this work is to develop a rapid computational tool that can be used
in conjunction with controls systems or as a batch processor for large numbers of successive patterns. The approach is
to develop precomputed solutions for point-source “beamlets” (philosophically similar to classical Green’s functions
or fundamental solutions; Fig. 1) and then to create patterns by arranging the point-sources in the proper configuration.
The entire thermal field is then created by superposing the solutions (Fig. 1). A series of three-dimensional problems
are solved to illustrate the approach, which is geared to rapidly solving the response to complex patterns. This method
enables process designers to rapidly and efficiently explore a variety system scenarios leaving more computationally-
intensive “brute-force” PDE-discretization approaches such as Finite Element or Finite Difference methods towards
the end of the design process.

Remark. In order to describe the motion of the robot kinematics, one can employ a simple open vector loop
representation for the kinematics of a laser placed onto the end of a robot arm. Drawing on methods used in the
robotics literature (for example, see Hunt [1], Hartenberg and Denavit [2], Howell [3], McCarthy [4,5], Reuleaux
[6], Sandor and Erdman [7], Slocum [8], Suh and Radcliffe [9] and Uicker et al. [10]), one can then consider the
idealization of robotic laser system illustrated in Fig. 2 as a linkage. The position vector (rlaser ) to the laser head is
given by

rlaser
= rr

1 + rr
2 + rr

3. (1)

Differentiating, a velocity vector loop is generated

vlaser
= ṙr

1 + ṙr
2 + ṙr

3 = ṙlaser . (2)

Generally, both rlaser and vlaser are controlled in conjunction with the laser action.

2. Qualitative system response estimation

In order to understand the fundamental behavior of heated target, consider a disk-shaped targeted pattern domain in
Fig. 3 of mass m = ρ∗Vpat , where ρ∗ is the effective mass density of the powder, Vpat is the targeted pattern volume,
(ρC)∗ is the effective thermal mass density (C is the heat capacity) and S is the laser input (Watts). The simplest
possible estimate for the system response is given by a “lumped mass” analysis of the first law of thermodynamics,
assuming the energy is entirely contained within the targeted pattern domain and that the temperature in the targeted
pattern is uniform (also ignoring conductive losses)1 :

mC θ̇ = (ρC)∗Vpat θ̇ = S, (3)

1 A lumped mass model, assuming a uniform temperature within a targeted pattern, is dictated by the Biot number. The Biot numbers have
to be significantly less than unity for such an approximation to be reasonable. This is generally not the case, however, the solution still provides
qualitatively useful information which will improve later in the paper.



236 T.I. Zohdi / Comput. Methods Appl. Mech. Engrg. 343 (2019) 234–248

Fig. 1. LEFT: a point heat-load. RIGHT: Construction of a pattern from point-loads.

Fig. 2. Laser integration into a robotic system.

where θ is the temperature and S is the laser input (Watts) and θ (t = 0) = θo, which in this simple model is assumed
to equal the surrounding temperature, θs . The solution to this differential equation is

θ (t) = θs +
St

(ρC)∗Vpat
. (4)

Setting θ (t) = θmelt yields a simple relationship that correlates the power input, targeted pattern size, heat capacity
desired temperature and processing time, which can be inverted to yield (θdes def

= θ (t = tdes)):

tdes
=

(θdes
− θs)(ρC)∗Vpat

S
. (5)

One can improve this estimate by including conductive losses to the surroundings, given by an overall energy balance
(First Law of Thermodynamics) is

θ̇ =
K∗

(ρC)∗Vpat

(θs − θ )
h

Ac +
S

(ρC)∗Vpat
, (6)

where K∗ is the effective conductivity, Ac is the area surrounding the targeted pattern where conduction takes place,
θs is the average temperature surrounding the targeted pattern (assuming the simplification that θs = θo remains
unchanged) and h is a length-scale for conduction. For the case of a constant source term, this model can be solved
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analytically

θ (t) = θs +
Sh

K∗ Ac

(
1 − e

−
K∗ Act

(ρC)∗Vpat h

)
. (7)

Eq. (7) connects the temperature, laser input, conductivity, contact area and time. Setting the desired temperature at a
desired time to be θ (tdes) = θdes , the needed laser strength is

Sdes
=

(θdes
− θs)K∗ Ac

h
(

1 − e
−

K∗ Actdes
(ρC)∗Vpat h

) . (8)

We have the following observations:

• The rise time for the temperature is dictated by the ratio of conduction to heat capacity, K∗ Ac
(ρC)∗Vpat h .

• At steady-state, e
−

K∗ Act
(ρC)∗Vpat h → 0, and

θ (t) = θs +
Sh

K∗ Ac
, (9)

which indicates that the ratio of S to K∗ Ac
h dictates the steady state temperature.

• Highly conductive surroundings, K∗
→ ∞, θ (t) = θs , yield instantaneous conductive losses-pulling the energy

out of the targeted pattern.
• Poorly conducting surroundings, K∗

→ 0, θ (t) = θs +
St

(ρC)∗Vpat
, thus trapping all of the energy.

The processing time is determined by inverting the relationship:

tdes
= −

(ρC)∗Vpat h
K∗ Ac

Ln
(

1 − (θdes
− θs)

K∗ Ac

Sdesh

)
. (10)

The derived lumped-mass relations provide estimates, in fact lower bounds, on the processing time, and provide a
starting point of the more in depth analysis later in the presentation.

Remark. The ratio of the laser input to the conductive flux yields

L ASE R
C O N DUCT I O N

=
hS

K∗(θS − θ )Ac
∝

O(103h)
O(101103 Ac)

∝
h

10Ac
, (11)

which indicates that the length scale of the conduction gradient, which is closely related to the targeted pattern size,
influences whether conduction dominates. Since Ac ∝ h2,

L ASE R
C O N DUCT I O N

∝
1

10h
, (12)

we see that for small targeted patterns, h ≈ 0.001, the laser input dominates conduction. Thus far, we have not
explicitly identified the dependency of the effective density (ρ∗) and conductivity (K∗) in terms of the solid part of the
powdered material properties (ρ and K) and the volume fraction of voids (vv). This is undertaken next.

3. Effective properties

3.1. Effective conductivity

Over the last century, estimates for micro-heterogeneous materials, of which porous materials is a subclass, have
been developed. A particularly useful set estimates, in fact rigorous bounds are those developed in the early 1960s by
Hashin and Shtrikman [11]–[12]. For a two phase material, comprised of isotropic phases with an overall isotropic
response, they specifically read as

K1 +
v2

1
K2−K1

+
1−v2
3K1  

K∗,−

≤ K∗
≤ K2 +

1 − v2
1

K1−K2
+

v2
3K2  

K∗,+

, (13)
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Fig. 3. An example to estimate the power needed to induce melting of a targeted pattern.

where the conductivity of phase 2 (with volume fraction v2) is larger than phase 1 (K2 ≥ K1). For the purposes of
this present analysis v2 corresponds to the solid particle material and phase 1 will be considered as the pore/void
“material”. The volume fractions have to sum to unity:

v1 + v2 = 1 ⇒ v1 = 1 − v2. (14)

The Hashin–Shtrikman bounds are the tightest bounds known when the only information is the volume fraction of the
particles—in other words, no other structural or statistical information is known. We can utilize the Hashin–Shtrikman
bounds to generate estimates for porous materials. Accordingly, consider a porous material that is comprised of an
isotropic conductive particles, with conductivity Kp, while the porous void space is modeled by a material with very
low conductivity Kv = λKm , with 0 ≤ λ << 1. The exact case of voids corresponds to λ → 0. To generate the
effective properties of porous materials, we assign the following (the conductive material (phase 2) are the particles
and rest is the voids): Kv = K1, λ → 0, Kp = K2, vp = v2 and vv = v1. Forcing Kv → 0. Specifically, this yields
the following:

0 ≤ K∗
≤ Kp

2(1 − vv)
2 + vv

(15)

It is important to note that

• As vv → 0, K∗
→ Kp.

• As vv → 1, K∗
→ 0.

3.2. Effective density of the material

The effective density of a mixture for a two-phase materials can directly be determined by

ρ∗ def
= ⟨ρ(x)⟩V

def
=

1
V

∫
V

ρ(x) dV =
1
V

(∫
V1

ρ1 dV +

∫
V2

ρ2 dV
)

= v1ρ1 + v2ρ2. (16)

Furthermore

(ρC)∗ def
= ⟨ρ(x)C(x)⟩V

def
=

1
V

∫
V

ρ(x)C(x) dV

=
1
V

(∫
V1

ρ1C1 dV +

∫
V2

ρ2C2 dV
)

= v1ρ1C1 + v2ρ2C2 (17)

Consequently, for the effective density of a powdered material, where ρ1 = ρv = 0, ρ2 = ρp and v1 = vv

ρ∗
= v1ρ1 + v2ρp = (1 − vv)ρp (18)

and the thermal mass density becomes

(ρC)∗ = v1ρ1C1 + v2ρ2C2 = (1 − vv)ρpC p. (19)

The density-oriented calculations are not estimates they are exact.
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Remark. There exist a large number of effective property estimation techniques, and we refer the reader to Torquato
[13], Jikov et al. [14], Hashin [12], Mura [15], Markov [16] for theoretical aspects and for more computationally-
oriented approaches, Ghosh [17], Ghosh and Dimiduk [18], Matous et al. [19] and Zohdi and Wriggers [20], Zohdi
[21]. It is important to note that direct numerical approaches, discretizing the entire particle–laden heterogeneous
domain with a very fine mesh, are quite accurate, but inordinately computationally expensive. It is for this reason
that multiscale models are frequently used, which employ less computationally-intensive effective property models in
most of the domain and detailed microstructural models in critical regions (see Zohdi and Wriggers [20] for reviews).

4. Laser-duration/intensity estimates as a function of void volume

Using the effective properties, we have

θ (t) = θs +
Sh

K∗ Ac

(
1 − e

−
K∗ Act

(ρC)∗Vpat h

)
= θs +

Sh

(Kp
2(1−vv )

2+vv
)Ac

⎛⎝1 − e
−

(Kp
2(1−vv )

2+vv
)Act

((1−vv )ρpC p )Vpat h

⎞⎠ (20)

and

S∗
=

(θdes
− θs)K∗ Ac

h
(

1 − e
−

K∗ Actdes
(ρC)∗Vpat h

) =
(θdes

− θs)(Kp
2(1−vv )

2+vv
)Ac

h

⎛⎝1 − e
−

(Kp
2(1−vv )

2+vv
)Actdes

((1−vv )ρpC p )Vpat h

⎞⎠ (21)

The response, for a disk of porous material of thickness 0.001 m with a radius of 0.01, can be seen in Fig. 4 for (using
stainless steel)

• Starting temperature: θ (t = 0) =300 K,
• Laser power: 25 000 W focused on the target dimensions,
• Kp = 20 W/m-K,
• ρp = 8000 kg/m3,
• C p = 500 J/K-kg and
• θmelt = 1600 K.

The laser-induced temperature as a function of porosity for 30 ms indicates that for vv = 0.33 (33% porosity)
the melting temperature is exactly met. Deviation from these parameter settings would either lead to underheating
(incomplete melting) or overheating (damage). Using a lumped thermal model within a targeted pattern is a very
coarse approximation which provides useful qualitative trends. It is clear from the previous estimates that the key
parameter grouping is effective, porosity-dependent, thermal diffusivity

D∗ def
=

K∗

(ρC)∗
=

Kp
2(1−vv )

2+vv

(1 − vv)ρpC p
=

Kp

ρpC p

2
2 + vv

, (22)

which is accurate for moderate values of vv . We observe the following:

• As vv → 0, D∗
→

Kp
ρpC p

, which is simply the solid material

• As vv → 1, K∗
→ 0 and (ρC)∗ → 0 and the approximation of D∗ is completely invalid. This can be seen from

the invalid differential equation itself:

(ρC)∗Vpat θ̇ = K∗
(θs − θ )

h
Ac + S ⇒ 0 = 0 + S. (23)

5. Construction of laser-induced thermal field with heat-kernels

The approach taken is to construct a laser-pattern by decomposing it into individual point-load heat kernels on an
semi-infinite half space which are summed to yield the entire thermal field produced by the laser (Fig. 1). The first
law of thermodynamics yields (ignoring the effects of stress and phase-transformations)

ρ∗ẇ = (ρC)∗
∂θ

∂t
= −∇ · q + Svol , (24)
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Fig. 4. Laser-induced temperature as a function of porosity for 30 ms. For vv = 0.33 (33% porosity) the melting temperature is exactly met.

where w = C(θ−θo) is the stored thermal energy, θo = 0 K o is a reference temperature, q = −K∗
∇θ is the conductive

heat flux, and Svol is the laser energy input per unit volume.

5.1. Point-source solutions

The system under consideration is shown in Fig. 1. The complete time-varying solution is obtained by superposing
a series of instantaneous spatially varying thermal pulses and adding/integrating the solutions to represent a continuous
source. The thermal field solution to a point-source can be found in the classical works of Jaeger [22] and Carslaw
and Jaeger [23]. Complete, rigorous, derivations and reviews can be found in Kennedy [24] and Kachanov et al. [25].
Explicitly, the temperature increase due to a point thermal load on a half-space is2

∆θ (x1, x2, x3, t) =
S(x⋆)

4(ρC)∗(π D∗)3/2

∫ t

τ=0

e−
R2

4D∗(t−τ )

(t − τ )3/2 dτ, (25)

where D∗
=

K∗

(ρC)∗ is the thermal diffusivity, S is the heat input rate in Watts located at x = x⋆ and

R def
=

√
(x⋆

1 − x1)2 + (x⋆
2 − x2)2 + (x⋆

3 − x3)2 (26)

is the distance away from the point of application x⋆. The integral equation in Eq. (25) is solved by inserting change
of variables:

β =
R

(4D∗(t − τ ))1/2 ⇒ dβ =
R

4(D∗)1/2(t − τ )3/2 dτ. (27)

Thus,

∆θ (x1, x2, x3, t) =
S(x⋆)

(ρC)∗(D∗)1/2π3/2 R

∫
∞

β=
R

2(D∗ t)1/2

e−β2
dβ. (28)

Because the integral can be recast using the complementary error function:

er f c(
R

2(D∗t)1/2 ) def
=

2
π1/2

∫
∞

β=
R

2(D∗t)1/2

e−β2
dβ, (29)

2 The top surface of system is assumed to have a zero thermal flux except at the location of where the point heat sources denoted S (in Watts)
are applied.
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the solution becomes

∆θ (x1, x2, x3, t) =
S(x⋆)

2(ρC)∗ D∗π R
er f c(

R
2(D∗t)1/2 ). (30)

When t → ∞, β → 0, er f c(0) → 1, and the steady-state solution becomes

∆θ (x1, x2, x3, t = ∞) =
S(x⋆)

2(ρC)∗ D∗π R
. (31)

5.2. Spatial pattern construction

The point-load framework allows one to take the incremental point-load pulses and to integrate them to construct
spatially-varying patterns. Spatially-varying solutions are created by superposing multiple (i = 1, 2, . . . , N ) point
loads (Fig. 1) within a pattern, thus

∆θ tot−N (x1, x2, x3, t) =

N∑
i=1

∆θi (x1, x2, x3, t) (32)

where

∆θi (x1, x2, x3, t) =
Si (x∗

i )
4(ρC)∗(π D∗)3/2

∫ t

τ=0

e−
R2

i
4D∗(t−τ )

(t − τ )3/2 dτ, (33)

which can be integrated analytically evaluated as a complementary error function. At a point, the complete thermal
field is computed by summing all point load contributions (i = 1, 2, . . . , N , appropriately translated/shifted
according to their surface location). Algorithmically, the procedure is (Fig. 5):

• GENERATE THE CONFIGURATION.
• STEP 1: DISTRIBUTE N POINT-LOADS.
• STEP 2: COMPUTE THERMAL FIELD CONTRIBUTION FROM EACH LOAD, i = 1, 2, . . . , N , ON

THE SURFACE: ∆θi (x1, x2, x3, t).
• STEP 3: SUM CONTRIBUTIONS OF EACH LOAD, i = 1, 2, . . . , N :

θ tot−N (x1, x2, x3, t) = θ (t = 0) + ∆θ tot−N (x1, x2, x3, t) (34)

• STEP 4: REPEAT STEPS 2–3 FOR EACH TIME SLICE.
• STEP 5: COMPUTE RESPONSE STATISTICS IN TARGET PATTERN ZONE.

Remark. We note that the realistic quasi-stochastic character of a laser beam is captured in this process through the
random placement of the heat kernels.

5.3. “Beam-shaping” compensation within a pattern

One key advantage of this method is the easy determination of the spatial distribution of the thermal field in
the target pattern and the simple post-processing of the aggregate thermal field for statistical metrics such as the
normalized standard deviation in the domain of the pattern (Ωpat ):

α(t) =

√
1

Vpat

∫
Ωpat

(θ tot−N (x, t) − θav(t))2 dx

θav(t)
, (35)

where θav is the average temperature in the targeted pattern. From Eq. (25), repeated again below

∆θ (x1, x2, x3, t) =
S(x⋆)

4(ρC)∗(π D∗)3/2

∫ t

τ=0

e−
R2

4D∗(t−τ )

(t − τ )3/2 dτ, (36)

one observes that the temperature rise will be highest in the interior of the targeted pattern, which then decreases
exponentially towards the targeted pattern’s edges. This motivates the pursuit of “beam-shaping” technologies in
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Fig. 5. Algorithm for heat-kernel summation within a target pattern.

increase that attempt to modulate the intensity of the beam within the targeted pattern in an effort to induce a more
uniform temperature field. Although this could be approached as a formal optimization problem whereby the intensity
of the heat source is set up as a set of design variables, which are then optimized to induce the desired thermal
response, a more practical approach is to simply increase the heat source intensity at the pattern edges (Figs. 6 and 7).
Thus, the practical approach is to designate an “edge-zone”, Ω e, creating a smaller self-similar smaller pattern. One
can express this in the following manner (Ŝe(x) is the heating intensity per unit domain area or volume in the edge
zone and Ŝi is the heating intensity in the interior):

• For edge points x ∈ Ω e, then Ŝ(x) = Ŝe(x) > Ŝi (x).
• For interior points x ∈ Ω i , then Ŝ(x) = Ŝi (x) < Ŝe(x).
• The total wattage applied (Stot (x)) to the targeted pattern Ω tot

= Ω e
+ Ω i is

T otal Wattage = Stot
=

∫
Ω tot

Ŝ(x) dΩ =

∫
Ωe

Ŝe(x) dΩ +

∫
Ω i

Ŝi (x) dΩ . (37)

A practical approach is to set:

Ŝe
= Si

× A, (38)

where A > 1 is the amplification over the interior intensity.

6. Numerical examples

We present a series of examples starting with a “cross” model domain (Figs. 6–8), using uniform and edge-
compensated beams. This beam was formed by creating a “mask” that blocked four sectors (Fig. 6)

(
|x − xo|

R1
)p1 + (

|y − yo|

R2
)p2 = 1, (39)

where

• Center: (xo, yo) = (0, 0),
• Shape exponents: p1 = p2 = 2 and
• Radii: R1 = 0.01 = R2 = 0.01 m.



T.I. Zohdi / Comput. Methods Appl. Mech. Engrg. 343 (2019) 234–248 243

Fig. 6. Increased edge intensity is used compensate for the thermal decay.

Fig. 7. Increased edge intensity is used compensate for the thermal decay. In the presented examples, the total wattage is the same.

Fig. 8. Zooms on the beam structure.

The laser parameters selected were as follows:

• Laser power: 25 000 W focused on the target dimensions and
• Edge amplification A = 5.

The following material parameter sets were used, for Stainless Steel:

• Kp = 20 W/(m-K),
• ρp = 8000 kg/m3,
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Fig. 9. UNIFORM BEAM: 25 000 W laser/Stainless Steel. LEFT: The average temperature in the targeted pattern. RIGHT: The standard
deviation (α, Eq. (35)) from the average temperature in the targeted pattern (120 ms).

• C p = 500 J/(K-kg),
• vv = 0.33,
• θmelt = 1600 K and
• α = 0.000015 m/K.

The starting temperature was set to θ (x, t = 0) = 300 K and the simulation duration time was 120 ms. A sampling
grid of 60(x) × 60(y) × 5(z) and 10 000 randomly-distributed point-load heat kernels were used to generate results
for uniform and nonuniform (“shaped”) beams (Figs. 8–12). The total wattage (25 000 W) was distributed over the
10 000 heat kernels. The “mesh” of sampling points was superposed onto the target domain in order to illustrate the
density of heat kernels used in Eqs. (32)–(33). As the sequences show, eventually the thermal gradients become nearly
zero in the targeted pattern. We note that the realistic quasi-stochastic character of a laser beam is captured in this
process through the random placement of the heat kernels. With the level of sampling points used (10 000 points), we
found no significant variation in results for increasing the number of heat-kernels. At any instant in time, following
the algorithm in Fig. 5, it takes under one second to sum the entire system and to post-process. Accordingly, the
code completes an entire time-history (hundreds of time-slices/evaluations) in under a minute on a Mac Powerbook,
making it ideal for laser-system design studies. Figs. 9 and 10 show the average temperature in the targeted pattern,
as well as the standard deviation from the average. Figs. 11–12 depict these results more graphically. For both beam
types, the temperature eventually becomes relatively homogeneous and the standard deviation drops. We note that the
standard deviation of the thermal field for the nonuniform beam achieves a higher peak than the nonuniform beam
case, however, it decays faster than the uniform case to achieve the same level of uniformity. Finally, it is important
to note that, with this method, the thermal gradients are trivial to post-process from these results and are an extremely
good indicator of the propensity of thermal damage in the material. This allows one to carry out studies on optimal
beam settings for a desired type of response.

Remark. We note that we compared the results of the lumped mass model considered earlier to the point-source
model for the solid disk considered previously (vv = 0.33, i.e. 33% porosity). With the point source model it took
80 ms to achieve an average melting temperature, as opposed to 30 ms predicted by the lumped mass model.

7. Summary

The broad objective of advanced additive manufacturing systems is to develop superior products, with lower
processing expense. In order to achieve this, an indepth understanding of the systems involved in “Industry 4.0”
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Fig. 10. NONUNIFORM BEAM: 25 000 W laser/Stainless Steel. LEFT: The average temperature in the targeted pattern. RIGHT: The standard
deviation (α, Eq. (35)) from the average temperature in the targeted pattern (120 ms).

is needed. The combination of rigorous physical models, coupled with ubiquitous availability of computational power
is central to the analysis, control, and design of many emerging additive manufacturing processes. Specialized,
machine learning, digital twin technology and complex materials are key factors in the processes, which are now
become critical to industrialized economies. The value for companies to adopt digitized Manufacturing practices
is particularly critical for small and medium-sized manufacturers. It is estimated that digitized manufacturing will
generate $1 trillion in net global value over the next four years by streamlining design and manufacturing processes and
managing supply chain risks. The digitized technologies will benefit economies through three principal paths. First,
manufacturing enterprises that adopt such technologies will realize energy savings and a smaller carbon footprint,
which translates to reduced operating costs, increased market share, reinvestment of capital, and job creation. Second,
commercial use of digitized technologies will increase demand for new digitized products and services, which will
expand markets, exports, and jobs. Finally, manufacturing enterprises that adopt digitized technologies will realize
improved productivity and margins on their products, resulting in more competitive pricing and greater market share.
These production input cost savings can be reinvested or captured as profits by the enterprise, and spending of the
savings generates new economic output jobs. Virtually all industrialized economies have identified the development
of additive manufacturing techniques, such as 3D printing, as central to their future plans in the manufacturing of
high-tech products. This has motivated the development of methods such as the one in this work. Specifically, the
focus of this work was to develop a rapid computational tool that can be used in conjunction with manufacturing
systems. The approach was to exploit precomputed solutions for point-source “beamlets” and then to create patterns
by arranging the point-sources in the proper configuration. The entire thermal field was then created by superposing
the solutions. A series of three-dimensional problems were solved to illustrate the approach, which is geared to rapidly
solving the response to complex patterns. The advantage of such an approach is that process designers can efficiently
explore system parameter scenarios varying quantities such as

• powder porosity,
• powder conductivity,
• beam spatial distribution and
• beam temporal duration,

delaying more computationally-intensive “brute-force” coupled thermo-mechanical PDE discretization, based on
Finite Element or Finite Difference methods to the end of the design process. As a practical matter, the use of this
method is to test several hundred, if not thousand, laser-processing scenarios as a system parameter optimization tool
for example embedded in a Machine Learning Algorithm (Zohdi [26]).
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Fig. 11. UNIFORM BEAM: 25 000 W laser/Stainless Steel (left to right and top to bottom). Sequence of thermal frames, viewed from above
(120 ms).

In closing, we remark that at the end of a system design phase, in order to obtain precise values of the thermally-
induced stress fields, phase-transformations, melting, resolidification and even ablation, etc., one will have to solve
a computationally-intensive coupled thermo-mechanical initial boundary value problem with phase transformations
(see Davis [27]), consisting of solving a balance of linear momentum governed by

∇x · σ + f = ρ
d2u
dt2 , (40)

and the interconversions of various forms of energy (mechanical, thermal, etc.) in a system are governed by the first
law of thermodynamics,

ρẇ − σ : ∇x u̇ + ∇x · q − ρz = 0. (41)

Such direct numerical multiphysics simulations of powdered materials, with detailed microstructural morphologies,
have been constructed in Zohdi [20,21,28–41], based on Finite Element and Finite Difference Time Domain (FDTD)
Methods, using immersed microstructural boundary approaches, coupled with staggering schemes. The blending of
the presented heat-kernel work, as a possible precursor, in conjunction with those more computationally-expensive
methods, is under investigation by the author.
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Fig. 12. NONUNIFORM BEAM: 25 000 W laser/Stainless Steel (left to right and top to bottom). Sequence of thermal frames viewed from above
(120 ms).
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