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Abstract

Through the integration of machine learning (ML) techniques alongside additive
manufacturing (AM) experimentation, we demonstrate an iterative process to rapidly predict laser-
material interactions and melt pool geometries throughout the build parameter space for a bismuth
telluride thermoelectric (TE) material. In doing so, we determined process parameters that created
crack-free, highly dense (>99 %) n-type bismuth telluride (Bi>Te27Seo3) parts through laser
powder bed fusion (LPBF). Further, the ML-assisted understanding of the processing space
allowed for the identification of build parameters that successfully yielded geometrically enhanced
Bi>Tex.7Seo s parts with reduced build times and no increase in experimental effort.

Keywords:

Additive manufacturing
Laser powder bed fusion
Thermoelectric materials
Bismuth telluride
Machine learning
Processing maps

1. Introduction

A clear and present danger exists in our excessive and inefficient use of non-renewable
fossil fuels. Rapid global industrialization has yielded an ever-increasing demand for electricity,
which has so far been met through a commensurate rise in the burning of fossil fuels and emission
of greenhouse gases [1]. Globally, about two-thirds of produced energy is lost as unutilized heat
into the atmosphere [2,3]. Therefore, the need to improve localized cooling technologies [4] and
recapture wasted heat energy in the form of usable electricity has both economic and
environmental advantages. Thermoelectric (TE) materials have garnered interest over the past
several decades as a potential solution to this crisis due to their ability to convert between heat and
electrical energy directly and reversibly and offer a unique opportunity to reduce industrial and
automobile heat waste [1,2,5,6]. However, their widespread adoption has been hindered by their
low conversion efficiency (=5 %) and high production cost [7-9].

When a temperature gradient is applied across a TE material, the more energetic charge
carriers on the hot side will diffuse to the cold side, generating a proportional voltage. This
phenomenon is known as the Seebeck effect, one of three thermoelectric effects [7,10]. The
conversion efficiency of a TE material can be qualitatively evaluated by the dimensionless figure
of merit ZT = (65%/x)T, where ois the electrical conductivity, S is the Seebeck coefficient, xis the
combined lattice and phonon thermal conductivities, and 7 is the temperature [7,10,11]. TE
materials are most often assembled into devices known as TE modules, which are composed of
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many TE unicouples arranged thermally in parallel and electrically in series. Each TE unicouple
consists of a grouped pair of n-type and p-type units called TE legs, as shown in Fig. 1. These
modules are not only capable of using the Seebeck effect to convert between thermal and electrical
energy, but they also have the advantages of being noise-free, pollution-free, and solid-state with
no moving parts [1,12].

Electrically
Insulating Substrate

Electrically
Conductive Shunts

Fig. 1. Schematic of a typical thermoelectric unicouple (not to scale).

V2 VI3 compounds (V = Group V elements Sb and Bi; VI = Group VI elements S, Se, and
Te) have been the cornerstone TE materials, finding roles in both research and industrial settings
due to their high TE figure of merit at room temperature [13,14]. Bismuth telluride (Bi>Te3) is the
most commonly used V>VI3 compound [14]. For this study, a selenium-doped bismuth telluride
(Bi2Te27Se03) was used because of its clear n-type character, whereas binary bismuth telluride
(Bi2Te3) can vary in its character based upon the manufacturing process [13—15].

Additive manufacturing (AM) has emerged as a promising new approach to creating better
TE devices [16]. Prior modeling work has shown that TE legs with more complex geometries and
non-uniform cross-sectional areas result in larger thermal gradients and higher power generation
potential than standard rectangular prism legs [7,17,18]. This would increase the effective, system-
level ZT and conversion efficiency of the TE parts. Fig. 2 shows simulation results that demonstrate
the predicted impact of hollow and trapezoidal geometries on thermal resistance when compared
to a more traditional, rectangular TE leg. Unfortunately, the limitations of traditional TE
manufacturing techniques restrict the possible geometries of TE legs to simple cuboids and
cylinders. In contrast, AM techniques allow for the fabrication of more complex geometries, such
as those shown in Fig. 2.
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Fig. 2. Simulation results demonstrating the difference in the thermal gradient developed across
three bismuth telluride geometries (from left to right): rectangular prism, hollow rectangle, and
trapezoid. The simulations were performed with thermal boundary conditions of 70 °C on the hot
side and forced convective cooling with a convection coefficient of h = 200 W/m?K on the cold
side [17].

While many AM techniques exist, laser powder bed fusion (LPBF) was selected in this
study due to its ability to create free form geometries and potentially reduce cost through the
minimization of material waste and manufacturing steps [7]. LPBF is a non-equilibrium process
that features rapid heating and cooling by using a laser beam to selectively melt thin, successive
layers of powder particles [19]. This layer-by-layer construction can be utilized to produce fully
dense, three-dimensional parts in complex geometries that are difficult to achieve through
conventional manufacturing [12]. The primary input build parameters for the LPBF process
involve the laser beam and are summarized in the input energy density (IED) [in J/cm?] equation:
IED = p/(vd), where p is the laser power, v is the laser scan speed, and d is the laser beam diameter
(D4c) [20]. Other key parameters are the layer thickness (¢) and hatch spacing (%), which is the
distance between adjacent laser scans.

Multiple groups have previously worked on the AM of TE parts to take advantage of these
benefits [10,12,21]. In 2018, Zhang et al. [19] demonstrated the first successful LPBF of a three-
dimensional bismuth telluride (BiTes) part with TE properties comparable to those created
through traditional manufacturing methods. However, a lack of optimized build parameters
produced a low final part relative density of 88 %. Additionally, these parts were made in simple
cylinders and bars like those already being built using traditional manufacturing methods.

It is our belief that high densities in LPBF-built bismuth telluride parts can be achieved
through process optimization. In doing so, the successful construction of bismuth telluride parts in
more complex geometries can be achieved. Traditionally, AM process optimization for a new
material requires extensive and time-consuming experimentation. A complementary approach
using machine learning (ML) could potentially accelerate the understanding of the entire material
processing space using fewer experiments and fewer data points. More specifically, our interest is
in augmenting human intuition with predictions (along with the associated uncertainties) from ML
models such that the human-ML interaction will lead to efficient navigation of the LPBF
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processing space. This is especially important in problems where one seeks to adopt LPBF-based
techniques to rapidly optimize high quality parts of a novel material whose thermophysical
properties (e.g., latent heat of phase transformations, temperature-dependent thermal conductivity,
specific heat capacity, density, etc.) are not known or well-studied. Lack of thermophysical data
precludes the use of numerical models to inform the experimental approach.

Prior works have demonstrated the successful implementation of iterative Bayesian
optimization and active (or adaptive) learning methods to AM systems. A vast majority of the
effort has relied on constructing surrogate models to mimic the predictions of either simple (e.g.,
Eagar-Tsai model) and/or complex numerical models (e.g., finite element analysis) [22-25].
Subsequently, these surrogate models have guided the AM process space exploration. However,
there are very few efforts dedicated to the construction of surrogate models for AM experiments
(without the intermediate physical models). For example, Ye et al. [26] employed Bayesian
optimization to identify the optimal processing parameters to fabricate high-density NiTi samples
using the LPBF process. The authors started with nine samples to train the ML model and added
three more samples (one sample per iteration) in a sequential manner as guided by the Bayesian
optimization algorithm. In another study, Kitano ef al. [27] discussed the use of Bayesian
optimization method to identify the optimal laser irradiation conditions of Hastealloy X. More
recently, Agarwal et al. [28] demonstrated the promise of classification learning methods to
identify key processing parameters and in-situ sensor features that will result in a high power factor
for LPBF-processed Bi;Tes. Although this work is strictly not active learning, it demonstrates the
growing interest in adopting data-driven ML methods to guide LPBF processing of complex
materials.

In the present work, the principles borrowed from Bayesian optimization and active
learning are leveraged to efficiently navigate the LPBF processing space. One of the key outcomes
is the development of an understanding of the melt pool geometry trends (in terms of width and
depth) as a function of laser power and scan speed. At the end of every ML training iteration, two
maps are generated (both as functions of laser power and scan speed): 1) the ML predictions of
melt pool width and depth and 2) the associated uncertainties in the ML predictions that
collectively capture the total variation due to sampling, ML model bias, and inherent process
uncertainties. These maps are consequently used as a guide to select the next set of LPBF
conditions. It is important to note that the trained ML models do not recommend specific LPBF
conditions, but instead augment the LPBF-based insights for ultimate decision making. As a result,
the data-driven ML strategy is best described as augmented ML. The LPBF experimental efforts
in turn use the knowledge gained from ML augmented single-track experiments to rapidly optimize
LPBF process parameters capable of building highly dense, crack-free bismuth telluride parts in
the nonstandard geometries that have been predicted to yield higher thermoelectric performance.

2. Material and Methods

2.1. Laser Powder Bed Fusion (LPBF)
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The LPBF system being employed for this study was a SLM125 from SLM Solutions
Group AG (Liibeck, Germany).! It utilizes a single fiber laser from IPG Photonics (Oxford,
Massachusetts) with adjustable power (0 W to 400 W) and scan speed (0 m/s to 10 m/s). The
wavelength of the laser is 1070 nm, and the spot size is 60 pm. The chamber is kept under an inert
argon environment during all builds, with the oxygen content held to less than 0.1 % (1,000 ppm).
For three-dimensional LPBF builds, four process parameters need to be defined: the laser power
(), laser scanning speed (v), layer thickness (), and hatch spacing (/) (Figure 3).

Powder

Fig. 3. LPBF process parameters: laser power (p), scanning speed (v), layer thickness (7), and hatch
spacing (/).

2.2. Bismuth Telluride Powder Synthesis

Mechanical milling techniques were employed to synthesize n-type bismuth telluride
(Bi2Te2.7Seo3) alloy powder in an inert argon atmosphere. Constituent elements Bi (> 4N purity,
Alfa Aesar), Te (4N purity, Alfa Aesar), and Se (5N purity, Alfa Aesar) were weighed in
appropriate quantities and loaded into a stainless steel (SS) vial. Several SS balls with diameters in
the range of 10 mm to 12 mm were also added, and the vials were sealed in dry argon (99.999%
UHP). Depending on the quantity of starting materials, either high energy vibratory milling unit
or planetary milling unit was employed. For smaller quantities (< 30 g), a SPEX 8000

! Certain commercial equipment instrumentation or materials are identified in this document.
Such identification does neither imply recommendation or endorsement by the National Institute
of Standards and Technology, nor it imply that the products identified are necessarily the best
available for the purpose.
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Mixer/Mill high energy milling unit capable of vibrating at 1060 cycles/min. was employed. For
larger quantities (> 30 g), a Torrey Hills NDO0.4L planetary milling unit capable of rotating in both
directions at 10 Hz (600 rpm) was used.

Milling was interrupted periodically for powder x-ray diffraction (XRD) of the milled
powder to be conducted to assess the quality of the phase formation. Milling continued until only
the XRD peaks for BixTez7Seo3 were observed. Typically, 11 hrs. to 16 hrs. of milling were
required to obtain BirTe> 7Seo3 alloy without any observable impurities from XRD. Fig. 4 shows
the final XRD spectrum collected for the planetary milled Bi>Te>7Seos alloy powder with
significant peaks indexed. Fig. 5 contains an SEM micrograph of the same planetary milled
Bi>Tex.7Seo 3 alloy powder, which possessed a range of sizes and irregular shapes.
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Fig. 4. XRD pattern of the planetary milled Bi;Te>7Seo3 alloy powder. The spectrum is well-
matched in position and intensities to the database values for Bi>Tez.7Seo3 (PDF#00-050-0954).
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For build substrates, p-type bismuth antimony telluride ingots were purchased from Tecteg
Mfr. based in Ontario, Canada. These ingots were then sectioned using a diamond wafering blade
into roughly Smm thick discs that could be used as substrates for the LPBF process.

2.3. Line Scan Experiments

To study the laser interaction with n-type bismuth telluride, line scan experiments were
used. These line scans were run in the same SLM®125 system and across bulk n-type BiTeSe
wafers from Coherent, an example of which is shown in Figure 6a. Laser power (p) and scan speed
(v) were adjusted as processing parameters for each line scan.
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Fig. 6. (a) Multiple laser line scans run across a solid disc of n-type BiTeSe (diameter = 2 cm),
shown adhered to the build plate using copper tape. (b) Backscattered electron micrograph of the
cross-section (perpendicular to the laser scan direction) of a laser scan melt pool (p =20 W, v =
350 mm/s) in n-type bismuth telluride that was etched for 15 seconds in aqua regia (3 HCI: 1
HNO:3). The melt pool is outlined in red. (¢) Diagram demonstrating how to calculate the hatch
spacing from a melt pool cross-section perpendicular to the laser scan direction.

To measure the widths and depths of these melt pools, the laser-scanned discs with
diameters of 2 cm (as in Fig. 6a) were polished to expose their cross-sections perpendicular to the
laser scan direction. Then, these samples were etched in aqua regia (3 HCl: 1 HNO3) for 15 seconds
to visualize the line scan melt pools. An example is shown in Fig. 6b. The melted region can be
distinguished by the columnar grains bridging from the edges of the melt pools to their centers, in
contrast to the equiaxed grains of the surrounding unmelted material. Melt pool width and depth
measurements were made from electron micrographs using ImageJ. We estimate the uncertainty
for these measurements to be +/- 5 %. This process was repeated across three cross-sections for
each sample, so that multiple measurements could be averaged for each line scan and laser
parameter combination (laser power and scan speed) to account for fluctuations in melt pool size
along a single laser scan track [29,30].

These line scan melt pool tracks were used to determine the other two key parameters
necessary for building three-dimensional parts in LPBF: hatch spacing (/) and layer thickness (7).
The values for these parameters were chosen to ensure sufficient fusion between the adjacent line
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scans and consecutive layers of powder during the build. For this reason, the layer thickness was
chosen first and could be no deeper than half the melt pool depth.

The process for determining the appropriate hatch spacing value is demonstrated using Fig.
6¢c. Adjacent line scans must overlap at a depth that is at least equivalent to the layer thickness. To
account for the mild fluctuation in melt pool size along its track, an error of 25 % is assumed when
deciding the overlap depth (i.e., overlap depth = 1.25¢). This adjusted overlap depth is then found
along the melt pool edges and a straight line is drawn up to the surface of the substrate. The distance
between that overlap depth line and the center line of the melt pool is then measured and doubled
to find the hatch spacing value. Another 20 % uncertainty is used when deciding the final hatch
spacing value to account for the melt pool size fluctuations. This is a 20 % reduction in the
measured hatch spacing value to bring the adjacent line scans closer together and increase their
overlap (i.e., h = 0.8 x measured hatch spacing).

2.4. Three-Dimensional Sample Fabrication and Porosity Measurements

Due to limitations in feedstock quantity and morphology, the LPBF builds were performed
manually. The powder was deposited and leveled by hand in the argon-filled chamber of the
SLM®125 system between each layer. Powder spreading was accomplished through a rolling metal
rod, which simulates the action of the recoater blade.

Rectangular bars of BixTe27Seo; were built with dimensions of 1.5 mm x 6 mm x 0.525
mm using a scan strategy where the scan tracks are parallel to the long axis of the samples without
rotation between layers. To quantitatively evaluate their relative densities, the volume of the pores
was estimated from micrographs and images such as those shown in Fig. 7. First, secondary
electron micrographs were collected across multiple polished cross-sections perpendicular to the
laser scans and long axis for each of the samples. Then, ImageJ was used to create a binary image
that differentiated the pores from the polished surface based upon contrast. The porosity fraction
was measured and averaged across three cross-sections for each sample.
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S500pm ) . b &
Fig. 7. Representative porosity calculations for LPBF-built BizTe27Seo 3 parts demonstrating low
porosity (a & b: p=25W, v =100 mm/s, # =90 um, =75 pm) and high porosity (c & d: p =25 W,
v =400 mm/s, A =130 um, £ =75 pum). (a, ¢) show the secondary electron micrographs and (b, d)
show the binary images created through ImageJ that mark all pores in black.

When building the enhanced, nonstandard geometry parts, the same manual build strategy
was employed, with powder deposition and leveling being carried out by hand in between layers
in the SLM®125 build chamber. Additionally, the scan strategy was altered to minimize potential
build defects. The line scan angles were rotated 33 degrees from layer to layer and were
constrained to a 90 degree window centered around the shortest axis of the samples. This variation
in direction and reduction in line scan vector length was used to reduce the buildup of thermal
stress in the LPBF-built part [31,32].

2.5. Machine Learning (ML)

The goal of ML is to predict melt pool width and depth as a function of LPBF process
parameters (laser power and scan speed). In addition, the trained models should be able to quantify
uncertainties in the predicted values. We accomplished the task by building an ensemble of ML
models (as opposed to a single ML model) using the bootstrap resampling method, which is a well-
known sampling technique used to estimate statistics on a population by sampling the dataset with
replacement (i.e., the bootstrapped dataset can have multiple duplicate entries) [33]. For example,
if we considered 50 bootstrap samples, then we trained 50 independent ML models. The mean
value and standard deviation from the 50 trained models are then used as the predicted response
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and the associated uncertainty in the response, respectively. Hence the name ensemble ML, which
is a well-established approach in the materials informatics literature [34-37].

Support vector regression (SVR) was employed as the ML method for ensemble model
building [34,38]. In general, SVR is of the form,

fX) = (w,x)+b, (1)
where X is a vector of descriptors, w are coefficients that fit the training data, and b is the intercept.
The objective function is then given in Eq. (2):

min> [[w|? + C X2, (& + &) )

f&)—(wx;))—b <€+

subjectto {(w,x;) +b—f(x) <€ +§& |,

Ei) E: =0
where C is the regularization term, # is the total number of data points, € is the insensitive tube
around the target values that provides the magnitude of the amount of permitted error (only those
target values greater than € are penalized by the optimization), §;, §; are the nonnegative slack
variables that permit a certain level of violation of the €-tube bounds, and x; is the descriptor for
the i training data. The regularization term C balances the model complexity and training error
(large C and small C can lead to overfitting and underfitting, respectively). In this work, we use
the nonlinear Gaussian radial basis function of the form:
, x—x' 2

K(x,x') = exp <—%) 3)

The hyperparameters, C and ¢ were determined by using leave-one-out cross-validation
(LOOCYV) from the training data to balance the bias—variance tradeoff. We chose four different
values for the number of bootstrap samples: {25, 50, 75, 100}. The following values were explored
for C = {0.001, 0.01,0.1,1,2,3,4,5,6,7,8,9, 10, 100} and o = {0.001, 0.01, 0.1, 0.2, 0.3, 0.4,
0.5,0.6,0.7, 0.8, 0.9, 1.0}. For each bootstrap resample dataset, exhaustive grid search was used
for hyperparameter optimization. Finally, the hyperparameters that minimize the LOOCV error
are used for training the final model. The SVR method was utilized as implemented in the open
source 1071 R-package for this work [39]. After model training, the mean and standard deviation
were calculated from the ensemble of SVR models and served as the ML prediction of melt pool
width (or depth) and the associated uncertainties, respectively.
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Fig. 8. A schematic showing the iterative augmented learning strategy used to develop a predictive
understanding of the melt pool geometry (width and depth) using LPBF processing of n-type
BixTez 7Seo3 thermoelectric. A total of six iterations were performed with feedback.

3. Results and Discussion: Laser-Material Interactions
3.1. Melt Pool Width and Depth Maps

The initial step of process optimization was an iterative combination of ML and
experimental data that produced predictive models for the melt pool widths and depths within the
build parameter space of interest. The iterative augmented learning strategy is schematically shown
in Fig. 8.

First, a small experimental dataset was generated to create an initial model using ML.
Multiple laser lines were scanned across a solid substrate of n-type bismuth telluride, an example
of which is shown in Fig. 6a. In total, 13 line scans were conducted with laser powers (p) ranging
from 10 W to 40 W and laser scan speeds (v) ranging from 250 mm/s to 550 mm/s. These values
spanned the initial parameter space of interest, which was chosen to expand around the parameter
combinations that had previously been tested in similar works [10,12,19,21]. The melt pool widths
and depths for these initial line scan parameter combination experiments were measured
experimentally as in Fig. 6b and can be found in Table 1.

Table 1
Initial experimental and ML-predicted line scan data used to generate the predicted melting
behavior maps from ML. We estimate the uncertainty for the experimentally measured dimensions
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to be +/- 5 % (1 sigma). Italicized parameter combinations were ultimately chosen to build three-
dimensional, rectangular bar samples. These 13 line scan parameter combinations represent the
first iteration of experimental data used to train the initial ML model. Ultimately, 93 line scan
parameter combinations were used to generate the final ML predictive model for n-type bismuth
telluride melt pool dimensions.

Line Scan Experimental ML-Predicted ML Prediction Relative Uncertainty
Parameters Dimensions Dimensions Uncertainty
Power p Scan Speed Width Depth Width Depth Width Depth )
W) v m) gm) gm) m) m) ) o Depd
10 300 No melting No melting No melting No melting
10 400 No melting No melting No melting No melting
10 550 No melting No melting No melting No melting
20 350 125 117 128 130 13.5 20.7 0.105 0.159
20 450 110 86.5 118 104 12.0 19.3 0.101 0.186
20 550 99.0 75.0 112 112 12.4 349 0.111 0.312
25 350 133 237 149 235 13.1 14.8 0.088 0.063
25 350 136 239 149 235 13.1 14.8 0.088 0.063
25 400 135 207 150 201 9.08 13.4 0.061 0.067
25 400 128 215 150 201 9.08 13.4 0.061 0.067
30 300 151 412 187 405 19.6 19.5 0.105 0.048
30 500 124 267 165 228 24.6 333 0.149 0.146
40 250 172 626 200 607 42.0 37.7 0.211 0.062

The absence of a melt pool indicated that no melting occurred for that line scan parameter
combination. It was observed experimentally and predicted using ML that no melting occurs when
the laser power is below 15 W. Therefore, the parameter space could be narrowed to exclude this
nonmelting region going forward.

The ten experimentally measured melt pool dimensions were then used to create the initial
model from ML, which was visualized using a heat map. An additional heat map was also created
that showed the uncertainty of the model’s predictions within the same parameter space.
Subsequent line scan experiments were chosen that targeted parameter combinations in the regions
with greater uncertainties. In total, 93 line scan parameter combinations were conducted and their
melt pools measured across six iterations of closed-loop augmented learning with feedback.
Ultimately, the final melt pool width and depth ML prediction maps were generated from these 93
data points and are shown in Fig. 9. The associated uncertainty maps are also provided in Fig. 10.
The ML-predicted melt pool dimensions and associated uncertainties can be found in Table 1 for
the initial 13 line scan parameter combinations.
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Fig. 9. ML-predicted melt pool (a) width and (b) depth maps for n-type bismuth telluride
(Biz2Te27Se03).
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Fig. 10. Uncertainties in ML-predicted melt pool (a) width and (b) depth maps for n-type bismuth
telluride (BizTe2.7Seo 3).

Several trends were observed from these melt pool dimension prediction maps. First, as
the input energy density (IED) is increased by either increasing the laser power (p) or decreasing
the laser scanning speed (v), the melt pool dimensions become larger. This matches expectations
well for laser-based AM processes [20,40—42]. Additionally, for the melt pool depth prediction
map shown in Fig. 9b, the contour lines become shallower and more horizontal for higher IED
processing parameters (high p, low v), so the laser scanning speed (v) has a greater impact on the
melt pool depth in this region. In contrast, the slope increases and becomes more vertical in the
lower IED processing region (low p, high v), which indicates the laser power (p) has a greater
impact on the melt pool depth for these laser parameters.

For the melt pool width prediction map shown in Fig. 9a, trends in the slope are less clear.
However, as the laser power and scanning speed both increase (upper right corner), the growth in
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melt pool width diminishes until a region is reached where the change in melt pool width is less
pronounced despite variations in the laser parameters. Once again, evidence of these stagnant melt
pool widths at high laser powers and scanning speeds has been observed in literature [20,43]. The
observation of these trends is valuable when attempting to tune the desired shape of the melt pool
by preferentially adjusting the laser power or scan speed to intentionally manipulate the melt pool
dimensions.

The uncertainty values shown in Fig. 10 have multiple contributing factors, including
sampling, model, and experimental errors. It is common to classify uncertainties from ML into
two types: Type A (aleatoric or statistical) and Type B (epistemic or systematic) [44,45]. While
the Type A uncertainty can be reduced by sampling data points in the LPBF processing space
where the ML model is ignorant, it is not straightforward to reduce the contribution from the
aleatoric uncertainty. In this work, one of the key contributors to these uncertainties were
experimental sample-to-sample variations.

The presence of defects (e.g., pores, cracks) was also recorded for various laser parameter
combinations. Pore frequency and volume tended to be greater for line scans run using higher IED
values. This is consistent with well-established knowledge in LPBF: higher energy density line
scans tend to cause keyholing and the formation of vapor depression zones that leave behind gas
pores when solidified [20,46]. Cracking was not observed in the line scan melt pools.

4. AM of Three-Dimensional Builds
4.1. Determination of Build Parameters

Following single track laser scans and characterization of melt pool geometries, it is
possible to use the predictive maps shown in Fig. 9 to determine the parameter combinations that
could minimize defect concentration in three-dimensional parts of n-type bismuth telluride
(Bi2Te27Seo3). For these bulk builds, the four process parameters that need to be defined are the
laser power (p), scanning speed (v), layer thickness (), and hatch spacing (#) (Fig. 3).

Using the melt pool width and depth prediction maps (Fig. 9), parameter combinations
were chosen that yielded melt pools with a low uncertainty in melt pool geometries and a moderate
depth to width ratio to minimize potential porosity. Larger uncertainties in the final ML predictions
were assumed to be indicative of an increased inconsistency in the melt pool sizes. Relative
uncertainty values, shown in Table 1, were calculated by dividing the ML prediction uncertainties
in width or depth by their associated width or depth predicted values, respectively. A maximum
relative uncertainty of (0.2 was established to ensure consistency between the laser scans of the
LPBF build.

Within laser-based AM, when the melt pool depth to width ratio is large, keyhole porosity
is often generated due to the instability of the vapor depression region [20,47]. A maximum depth
to width ratio of 1.5 was established for this study. On the other hand, shallow melt pools can
increase the risk for lack of fusion porosity due to incomplete melting. Optimized laser parameter
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combinations are chosen to generate melt pools between these two extremes and in a defect-free
regime to build highly dense parts [48]. A diagram of a generic AM processing map containing
these three processing regimes can be found in Fig. 11.

Lack of
Fusion

Defect-Free

Scan Speed v (mm/s)

Keyhole
Porosity

Power p (W)

Fig. 11. General AM processing map that demonstrates the three distinct processing regimes: lack
of fusion, defect-free, and keyholing mode zones.

Following this process, the final build parameter combinations were determined: 1) p =20
W, v =350 mm/s, 4 =56 pm; 2) p =25 W, v=400 mm/s, 2 =40 pm; 3) p =20 W, v =450 mm/s,
h =48 um; and 4) p =20 W, v =350 mm/s, # = 70 um. A layer thickness () of 35 um was used
when building all four samples. Sample 4 uses the same laser parameters as sample 1, except with
a larger hatch distance. These chosen laser parameter combinations and associated melt pool width
and depth information are italicized in Table 1.

4.2. Sample Fabrication and Characterization

BixTez7Seo 3 rectangular bars were then fabricated, and representative scanning electron
microscopy (SEM) micrographs of their cross-sections are shown in Fig. 12. While a few cracks
were observed in the substrate, no cracks were present in samples 1-3. In contrast, sample 4 did
show signs of cracking, particularly near its top surface.
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1: p = 20W, 2: p=25W, 3:p=20W, 4:p=20W,
v=350mm/s, h =56pm v=400mm/s,2=40pm v =450mm/s, #=48um v =350mm/s, 2 =70pm

© | { (O Sl = o) B

Fig. 12. Representative SEM micrographs of the cross-sections of LPBF-built BixTe27Seo 3 parts.
Backscattered electron micrographs shown on top (a, b, ¢, & d) and secondary electron
micrographs shown on bottom (e, f, g, & h). Build parameter combinations used are: (1: a & €) p
=20 W,v=350 mm/s, 1 =56 um; (2: b & f) p=25 W, v=400 mm/s, 1 =40 um; B:c & g)p =
20 W, v =450 mm/s, h = 48 um; and (4: d & h) p =20 W, v =350 mm/s, # = 70 um. A layer
thickness (¢) of 35 pm was used when building all four samples.

Three cross-sectional images for each sample were used to measure the average sample
porosities using the process shown in Fig. 7. Ultimately, it was found that the average porosities
(+/- standard deviation) of these samples were 1: 1.4 % (+/- 0.5 %), 2: 0.9 % (+/- 0.9 %), 3: 3.8 %
(+/- 0.4 %), and 4: 8.2 % (+/- 1.3 %). To our knowledge, this is the lowest porosity and highest
relative density that has been reported through the LPBF AM of bismuth telluride. Since bismuth
telluride is a brittle and often difficult to process material with no room temperature ductility [49],
successful fabrication of crack-free and highly dense samples demonstrates the ability of this
newly developed protocol to find process parameters that can successfully build high quality parts
out of a new AM material.

5. Fabrication of Enhanced Geometry Parts
5.1. Additively Manufactured Thermoelectric Parts with Nonstandard Geometries

In order to test the predictive capabilities of this augmented ML process, we utilized it to
search for optimized parameters for a significantly larger layer thickness (7). The initial builds
shown in Fig. 12 were conducted with a layer thickness of 35 um, which is in the lower range of
parameters commonly used by both researchers and industry. Building with larger layer
thicknesses is typically preferable to reduce the total build time, but it is often challenging due to
large melt pool size requirements and increased risk for lack of fusion or keyhole porosity. Here,
we choose a layer thickness of # = 75 pm, which would reduce building time by more than 50 %
when compared to a 35 um layer thickness.
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Based upon the results of bar sample 2 (Fig. 12), the laser parameter combination of p =
25 W and v =400 mm/s was selected for creating BioTe»7Seo3 parts with enhanced, nonstandard
geometries. This was because bar sample 2 was both entirely devoid of cracks and had a very low
porosity fraction 0of 0.9 % (+/- 0.9 %). Additionally, ML predicted that the melt pool depth for p =
25 W and v =400 mm/s was 201 um (Table 1), which meant that this laser parameter combination
would be an acceptable choice at over double the depth of this new layer thickness. Following the
method discussed in Section 2.3 and shown in Fig. 6¢, the new hatch spacing was calculated to be
80 um. The final processing parameters were selected as: p =25 W, v =400 mm/s, 2 = 80 um, and
t="75 pm.

The LPBF-built complex geometries were chosen based on the prior modeling work
(shown in Fig. 2) that predicted these geometries could increase the TE efficiency of BioTe»7Seo3
parts [17,18]. These three geometries were the rectangular prism, hollow rectangle, and trapezoid.
The rectangular prism was chosen as a control sample with dimensions of 4 mm x 4 mm x 10 mm,
comparable to traditionally manufactured TE legs. The hollow rectangle also had outer dimensions
of 4 mm x 4 mm x 10 mm, with a wall thickness of 0.75 mm. The trapezoid had a length of 10
mm, a 4 mm x 4 mm large base, and a 1 mm x 1 mm small face.

Using the new processing parameters and scan strategy, BixTe>;Seos parts were
successfully constructed in the rectangular prism, hollow rectangle, and trapezoid geometries (Fig.
13). The parts show no visible cracks and are mechanically sound after removal from the substrate.
Further, these parts were measured to have a relative density of 98.6 % (+/- 1 %) using the
Archimedes method. The incorporation of ML modeling removed the need for additional
experiments and allowed for the selection of new processing parameters for an increased layer
thickness to successfully build high quality parts faster.
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Fig. 13. LPBF-built Bi;Tez7Seos parts with nonstandard geometries. Prior to part removal, the
substrate was mounted in a polymer epoxy to prevent cracks within the substrate from propagating
into and breaking the BixTe» 7Seq 3 parts.

6. Conclusions

An iterative system of ML predictive modeling and experimental validation was designed
and allowed for the rapid discovery of LPBF processing parameters capable of building highly
dense, crack-free BixTe27Seos parts with enhanced geometries. Through this iterative process,
prediction maps of the entire processing parameter space were quickly and efficiently derived for
n-type bismuth telluride (Bi>Te27Seo3).

The integration of ML techniques meant that a visualization and understanding of changing
melt pool dimensions in response to varied laser parameters were quickly achieved. Optimized
parameter combinations were then intentionally chosen and used to LPBF complex Bi2TE2.7Seo
parts with a high build quality. The existing prediction model could also be used rapidly identify
processing parameters for larger layer thicknesses and faster builds without additional
experimental effort. These results are not only significant to the field of TE, but this new
augmented ML approach can be more broadly applied when developing a processing strategy for
any new AM material.
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