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Additive manufacturing by vat photopolymerization (VPP) enables the flexible production of ceramic compo-
nents. The process requires ceramic slurries consisting of a photosensitive binder system and ceramic powder. To
prevent defects during debinding and sintering, the highest possible content of ceramic particles is desired. At the
same time, a certain viscosity must not be exceeded to ensure the processability in the VPP process. This conflict
of objectives requires a precise adjustment of the large amount of slurry constituents. Hence, an experimental

slurry development and optimization is very expensive and time-consuming. Therefore, Bayesian optimization,
an artificial intelligence (AI) approach, was used to enhance an experimental optimization of the slurry
composition. Using this approach, it was possible to achieve in less than 40 optimization steps an aluminum
oxide (Aly03) slurry suitable for VPP with a content of 65 vol.% ceramic powder, the highest currently known
fraction for Al;O3 in VPP slurries.

1. Introduction
1.1. Vat photopolymerization of ceramics

Compared to conventional manufacturing methods, the production
of ceramics by additive manufacturing (AM) provides several benefits,
such as the possibility to produce complex, individualized components
[1]. Among ceramic AM techniques, vat photopolymerization (VPP) is a
promising manufacturing method due to its ability to print dimensional
accurate parts with micro-scale resolution and high surface quality
[2-5]. Furthermore, VPP is capable of producing ceramics with a high
relative density of more than 99% [6,7]. The starting material of the
process is a ceramic slurry composed of ceramic powder and an organic
binder system. Commonly used ceramic powders include aluminum
oxide and zirconium oxide [8]. In the VPP process, components are
manufactured layer by layer by selectively curing a ceramic slurry using
ultra violet or visible light. Exposure can be point-based using a laser
and scanner optics or area-based using a projector. Furthermore, a
distinction is made between two basic process principles. In the first
variant, the so-called bottom-up principle, the build platform is lowered
step by step into the layer of liquid slurry and exposure takes place from
above. In addition, a scraper ensures a uniform application of the slurry.
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In the second variant, the so-called top-down principle, exposure takes
place from below and the build platform gradually moves upwards. For
this, a glass plate is used as bottom of the vat in which the slurry is
located. This process variant has the advantage that a smaller amount of
resin is required and thinner layers can be realized [4].

1.2. Ceramic slurries for vat photopolymerization

The binder system is responsible for the curing of the slurry and
consists of several constituents. Basically, a distinction in curing
behavior can be made between radical and cationic photo-
polymerization, the former being applied for (meth)acrylates frequently
used in ceramic slurries [9]. By exposure with light of the appropriate
wavelength, a photoinitiator (PI) within the slurry is radicalized. The
resulting radical binds to the functional group of a monomer and breaks
it, leading to the formation of further radicals. This leads to a chain
growth and can be terminated, for example, by two radicals cancelling
each other out. Monomers with several functional groups are required
for the crosslinking of the polymer chains formed this way. Therefore,
the use of monomers with a different number of functional groups is
crucial for the curing behavior of the binder [10]. In addition to the
photoinitiator, a co-photoinitiator (co-PI) can support the initialization
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process [11]. Furthermore, other additives can be used, such as diluents,
dispersants, dyes or inhibitors, to further improve the properties of the
slurry [12].

The composition of the ceramic slurry has a major influence on its
processability in the VPP process and the final component properties.
After completion of the VPP process, the component is initially available
as a green part and must undergo further post-processing steps. During
debinding, the organic content is removed from the green part, while the
final component properties are achieved during sintering.

Since debinding and sintering lead to volume shrinkage, a high solid
content is aimed for in the ceramic slurry in order to maintain a high
component accuracy. In addition, a high solid content reduces the risk of
cracks during debinding and the relative density of the sintered
component is maximized [13,14]. Besides the high solid content, the
ceramic slurry must not exceed a certain viscosity in order to be work-
able in VPP. A too high viscosity would impede the recoatability, i.e. the
application of thin slurry layers for building up the component [15].
However, increasing the solid content generally lead to higher viscos-
ities, why a compromise must be found [16]. In order to reduce the
viscosity of a ceramic slurry while maintaining a high solid content, or to
increase the solid content while maintaining the same viscosity, ceramic
particles of different sizes can be used [17].

For the curing behavior of a pure resin without a ceramic component,
the Jacobs equation [18] can be used as a first approximation of the
curing depth c4. For ceramic slurries, this equation must be adapted,
since the scattering between the binder system and ceramic particles
results in a change in light propagation. Therefore, a curing in lateral
direction is caused, being specified by the curing width c,,. Numerous
models have been developed to understand the curing behavior of
ceramic slurries. The models presented by Griffith [19,20] represent one
of the first approaches to describe the cure depth c4. Here, the difference
of the refractive indices of binder and ceramic as well as the interparticle
distance are named as important factors. Further experimental work
builds on the Griffith’s model, but continues to retain the refractive
index difference and the interparticle distance as influencing variables
[21,22]. In addition, the Jacobs equation can also be adapted to describe
the curing width c,, [23].

1.3. Bayesian optimization

As previously described, ceramic slurries consist of a variety of
constituents. When using classical Design of Experiments (DoE), a large
number of trials is necessary to optimize the slurry by varying the
mixture composition. This effect is known as the "curse of dimension-
ality", according to which the number of trials often increases expo-
nentially as the number of parameters increases linearly, assuming that
an acceptable result is still to be obtained [24]. Furthermore, special
mixture experimental designs have to be employed, since varying the
share of one component influences the share of the remaining constit-
uents, e.g. simplex or simplex centroid plans.

Recently, Bayesian optimization, a specific artificial intelligence (AI)
approach, could be used to improve an optimization task under varia-
tion of given parameters within a limited number of trials. In contrast to
conventional DoE approaches, Bayesian optimization is an iterative
global optimization algorithm which adaptively learns from generated
data. In every step, an internal surrogate model - typically a Gaussian
process regression model - is trained/updated to model the relationship
between input parameters and optimization objective(s). An acquisition
function is defined to quantify the usefulness of new data points by
balancing the prediction and uncertainty of the surrogate model. The
input parameter space is sampled to determine the maximum of the
acquisition function to suggest experiments, which either reduce the
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uncertainty of the surrogate model or are likely to reveal a new global
optimum of the objective function [25].]. Bayesian optimization is
frequently used in materials acceleration platforms and self-driving labs
to optimize materials composition as well as synthesis and processing
conditions in automated experiments [26], e.g. to optimize chemical
synthesis conditions [27] or materials composition to find stable and
active catalysts [28]. Bayesian optimization is particularly suitable
when the behavior of the objective function is mostly unknown, i.e. a
black box, is expensive to evaluate and can only be determined by tar-
geted experiments [29,30]. At the current state, such optimization tasks
include the improvement of hyperparameters for Al applications [31,
32] or automated experimentation [33-35].

1.4. Research target

Due to the VPP process chain including a layer wise build-up by light-
induced curing, a debinding step for binder-burnout and a sintering step
for compacting the component under volume shrinkage, several defects
including pores, cracks, delamination and surface defects may arise, as
specifically described e.g. in [36]. To reduce the risk of defects, to
decrease the volume shrinkage and to enhance the dimensional accuracy
during debinding and sintering, the ceramic content in VPP slurries
should be increased [8]. Due to the complex interactions in the binder
system and the light curing process, Bayesian optimization is used to
optimize the slurry composition. The frequently used ceramic aluminum
oxide (Al;03) is used for the optimization approach to ensure a sufficient
transferability of the results. The components of the binder were
determined on the basis of a previous work, in which already acceptable
viscosity values and solid contents could be established [37]. Thus, only
the individual shares of the constituents of the mixture were varied by
the Bayesian optimization, but not the substances itself. The optimiza-
tion was carried out regarding a maximization of the solid content, a
limitation of the viscosity to workable range and a minimization of the
curing width relative to the curing depth to ensure a high printing
resolution.

2. Materials and methods
2.1. Raw materials

To be able to investigate the influence of the particle size distribu-
tion, aluminum oxide with 0.05 ym, 0.5 ym and 3 ym median diameter
(dsp) was used (Final Advanced Materials, Freiburg, Germany). For the
binder system, three monomers with different functionality were used to
investigate their influence on viscosity and curing behavior. Isobornyl
acrylate (IBOA) was used as monofunctional monomer. Furthermore,
1,6-hexanediol diacrylate (HDDA) and trimethylolpropanethoxylate-
triacrylate (TEMPTA) were used as di- and trifunctional monomers,
respectively. Based on the 460 nm wave length of the curing unit of the
VPP machine Lithoz 2M30 Science (Vienna, Austria) used, Cam-
phorquinone (CQ) was chosen to be the photoinitiator together with 4-
(dimethylamino)-benzonitrile as co-photoinitiator. As liquefying agent,
l-octanol was used. All stated substances were purchased by TCI
Deutschland (Eschborn, Germany). Disperbyk (BYK-Chemie, Wesel,
Germany) was used as a rheology additive. Table 1 provides an overview
of the substances used and their main properties. In addition, the pro-
portion of the respective substances in the initial mixture is given.
Ceramic particles with a median diameter of 0.5 ym were used for the
initial mixture.
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Table 1
Properties of the substances used and their proportion in the initial mixture.
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Name Abbreviation Density Molar mass Refractive index Initial mixture Initial mixture
Unit g/cm3 g/mol - vol.% wt.%
Aluminum oxide Al,O3 3.96 102.0 1.77 45.3 76.5
Isobornyl acrylate IBOA 0.99 208.3 1.48 7.2 3.0
1,6-hexanediol diacrylate HDDA 1.02 226.3 1.46 17.3 7.5
Trimethylolpropanethoxylate-triacrylate TEMPTA 1.11 428.0 1.471 7.5 3.6
Camphorquinone CQ 0,98 166.2 - 4.8 2.0
4-(dimethylamino)- benzonitrile - 1,33 146.2 - 2.4 1.4

1-octanol - 0.83 130.2 1.43 12.3 4.4

Disperbyk - 1.16 - - 3.2 1.6

2.2. Implementation of Bayesian optimization
_ Quopa + q1EMPTA
qmulti - (3)

Bayesian optimization uses a probabilistic surrogate model to
determine an a posteriori probability distribution of the objective
function using a data set consisting of parameters and measured values.
The parameters are used to uniquely define the conditions under which a
trial is performed. The measured values can include mean values as well
as the corresponding measurement uncertainties. For the implementa-
tion, this work relied on the Ax software package (Meta Platforms,
Menlo Park, USA) [38]. Ax provides a high-level application program-
ming interface (API) to perform a multi-objective Bayesian optimization
considering input and output constraints.

2.2.1. Parameters

The choice and number of parameters is crucial to be able to achieve
optimization success. The number of parameters should not be too large
in order not to unnecessarily increase the dimensionality of the search
space and thus, the number of trials. However, the number of parame-
ters should also not be too small in order to meet the complexity of the
curing behavior and the relationship between solid content and viscos-
ity. Therefore, the parameters should be selected in such a way that they
are expected to have a significant influence on the target values
mentioned.

Based on the literature reviewed, the particle size distribution has an
influence on the viscosity [8,9,39,40]. Hence, the first three parameters
W1, Wep and weg were chosen to correspond to the mass fractions of the
0.05 pym, 0.5 ym and 3 ym aluminum oxide powder. In addition, the
valid range of values for each ceramic powder was set between 0 and 90
wt.%. Setting the lower limit to 0 wt.% allows the option for the opti-
mization to test a mono- or bimodal mixture. Furthermore, the total
percentage of ceramic powder w. (see formula 1) should be within a
practical range.

We = iwci (€Y)
i=1

While trials with a high ceramic content are desirable and thus
permitted, trials with a too high ceramic content of > 90 wt. % are
excluded, as they can be expected to be unmixable. A lower limit is
defined to avoid too low viscosities, which also impede the VPP process,
and to reduce debinding problems based on a too low ceramic content.
Therefore, the permitted range was set to be between 75wt. % and 90
wt. % as input constraint (see formula 2).

75 wt.% < w, < 90 wt.% 2)

For practical reasons, the shares are specified in wt.% in the exper-
imental procedure, while the values are converted into vol.%, which is
more meaningful for debinding and sintering.

As a fourth parameter q,,, the share of multifunctional monomers
(HDDA and TEMPTA) in comparison to the total mass of monomers
(IBOA, HDDA and TEMPTA) was chosen (see formula 3), since it can be
assumed that the monomer composition significantly influences the
curing behavior by cross-linking [10].

qiBoa + quppa + qTEMPTA

In addition, a different composition of the monomer system also
leads to a change in viscosity, since with increasing molar mass (see
Table 1), the viscosity generally also increases [41]. The valid value
range of g, is between 0 and 100 wt.% in order to be able to realize a
monomer mixture consisting entirely of IBOA or HDDA and TEMPTA.

The four presented parameters provide information about the varied
quantities. However, even if all four parameters are known, it is not
possible to produce a mixture in a defined way, since there are more
constituents in the slurry. Therefore, the initial mixture (see Table 1) is
used to define some relative mixing ratios which are kept constant
throughout the optimization. Thus, the overall share of monomers,
initiator system, octanol and Disperbyk in the binder system are kept
constant according to the initial mixture. In addition, the ratio of HDDA
to TEMPTA is also defined. In combination with the four selected pa-
rameters, a unique ceramic slurry can be produced.

2.2.2. Objectives

As mentioned in the introduction, several objectives are to be
improved by the optimization. Since it cannot be assumed that maxi-
mizing the solid content is accompanied by minimizing the viscosity, it
is generally valid that there is no single, optimal solution in multi-
objective optimization. Instead, a subset forms the pareto-optimal so-
lutions, whose individual objective values can no longer be improved
without not worsening at least one other objective value. Therefore, the
(parallel) noisy expected hypervolume improvement (QNEHVI) algo-
rithm [42] as implemented in Ax was used to increase the noisy Pareto
front as best as possible.

The first objective is a maximization of the total ceramic content we.
Although w, could be determined directly by summation of w¢; to wes,
the relationship between the parameters and the objective was consid-
ered as a black box for simpler implementation. Another reason for the
implementation as a black box is the required possibility to assign a
minimum solid content as a penalty to mixtures that cannot be processed
(e.g. as a result of a too high ceramic content).

The second objective takes the viscosity # into account. In scientific
literature, different viscosity values, which were determined at different
shear rates, were considered as permissible [8]. Therefore, it is benefi-
cial to optimize the viscosity not only to a specific value, but to consider
a certain range of values as optimal. Furthermore, in addition to this
optimum range, viscosity values can also be considered as still workable,

f@m

1

exclusion transition transition exclusion
optimal range
range range range range

2 5 30 50 7 inPass

Fig. 1. Schematic depiction of the viscosity function
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but no longer ideal. In the context of this paper, a section-wise defined
viscosity function f(r) is introduced as an objective that maps these
ranges. The viscosity function is zero for the optimum range and in-
creases linearly to one in the still valid transition range (see Fig. 1). The
optimum range and the transition range are defined by four viscosity
values (q 1= 2 Pa-s, Ny = 5 Pa-s, e 0 = 30 Pass, 14,1 = 50 Pa-s)
on the basis of empirical knowledge and pertinent literature. The aim of
the optimization is then to minimize f(n).

The experimental measurement of the viscosity value 7 is described
later in Section 2.3. In addition to the viscosity function, output con-
straints for the viscosity have been implemented to require the viscosity
to remain within the smallest and largest viscosity values defining the
viscosity function. It should be noted, however, that there is no guar-
antee that the output constraints will be met. Instead, Bayesian opti-
mization models the probability that the conditions will be fulfilled.

The final third objective considers the widening of the cured area. To
achieve a high dimensional accuracy, a large cure depth c4 and a small
cure width ¢, are striven. Therefore, the widening angle a, consisting of
the ratio of ¢, and cq (see formula 4), is introduced as the objective to be
minimized. The determination of c¢,, and cq is also described in more
detail in Section 2.3.

a = arctan (C—W) 4

Cd

2.3. Experimental procedure

First, the general experimental procedure is described, followed by a
more detailed description of the second process step, being the major
experimental setup. The general experimental workflow is as follows:

1. N = 4 randomized sets of parameters for a mixture are chosen as a
starting point.

2. The sample, i.e. the slurry, is prepared by mixing the individual
constituents. The objective values are determined by rheology and
curing measurements. The corresponding values are available in
each instance as mean values and standard deviations, which indi-
cate the measurement uncertainty. The data tuple determined in this
way from parameters and measured values expands the available
data set.

3. Bayesian optimization determines a new parameter set for the
evaluation based on the additional data.

4. The process, i.e. steps 2 and 3, is repeated iteratively.

A total of 30 g of ceramic slurry was prepared for each sample. A
common laboratory scale (Kern PCB 2500, Balingen, Germany) was used
for weighing the constituents. Since the mixture compositions suggested
by the Bayesian optimization could not be exactly fulfilled due to
manual weighing, the actual values, being as close as possible to the
suggest values, were used as further input for the Bayesian optimization.
The measurement uncertainty of the scale was determined, in addition
to the official calibration certificate issued by Deutsche Akkreditier-
ungsstelle, once before the experiments were carried out, by measuring
ten times a reference weight and calculating the corresponding standard
deviation. The measurement uncertainty was then assumed to be con-
stant for all further weighing operations.

Ceramic balls (20 pieces, 90 % Al;03, 5.0 - 7.0 mm diameter) were
added to the sample container to achieve improved mechanical mixing.
The mixing took place in a high-speed centrifugal mixer (Thinky ARE-
250, C3 Prozess- und Analysetechnik, Haar, Germany). The same mix-
ing procedure was followed for each sample. Following the specifica-
tions of the mixer manufacturer, first the liquids and then the powders
(aluminum oxide, initiator system) were added to the sample container.
The mechanical mixing consisted of two steps, which were repeated
alternately: A mixing phase with a duration of 60 s at 2,000 rpm and a
rest phase of 120 s, in which the container was not rotated. In total, three
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mixing phases and two rest phases took place. In addition, the temper-
ature was controlled by a sensor attached to the mixing container
(Thinky Multi-Sensor, C3 Prozess- und Analysetechnik, Haar, Germany)
to avoid thermal curing or other slurry modifications as a result of too
high temperatures caused by an unsuitable mixing process.

The slurries’ viscosity was determined by rotational measurements
using a plate-plate geometry with 20 mm diameter on a rheometer
(Haake Mars 40, ThermoFisher Scientific, Karlsruhe, Germany). The
shear rate depends on the layer thickness and the recoating speed. Since
the shear rates vary depending on the used VPP machine and the
selected process parameters, especially in rotationally coating systems,
like the majority of the ceramic VPP systems provided by Lithoz
(Vienna, Austria), the viscosity is measured in a shear rate interval to
increase the validity of the optimization. Based on typical VPP ma-
chines, the evaluation interval was set to a shear rate of 200 to 1,000 1/s,
while the measurement interval was between 0 and 1,200 1/s to avoid
possible measurement errors at very low or high shear rates. To exclude
outliers for the viscosity value, the maximum value remaining after
disregarding the upper five percent of the viscosity values within the
evaluation interval was set as the viscosity 5. To guarantee the numerical
stability of the Bayesian optimization, a standard deviation of 1 % was
also assumed.

The determination of the viscosity value is illustrated by Fig. 2,
which shows exemplarily the measurement results of the 38" trial. In
addition to the measurement interval and the gray-shaded evaluation
interval, the different viscosity values can be seen as described above.

For determining the widening angle, samples of cured slurry were
prepared on which ¢4 and c,, could be determined. For the exposure, a
2M30 Science VPP system from Lithoz employing the bottom-up prin-
ciple, was used. A transparent foil (thickness 30 ym) was placed on the
transparent vat of the system, onto which the liquid ceramic slurry of the
respective trial was applied. In order to determine the cure depth, an
exposure pattern was created with five circles of diameter 5 mm. For the
curing width, five squares with an edge length of 4 mm were arranged
analogously. In addition, the squares were arranged specifically in
multiples of the resolution of the projector by the so-called bounding box
principle. The distance between all geometries was larger 8 mm to avoid
mutual interactions due to light scattering. Additional measurements
were also taken in advance to ensure that the exposure by the projector
was uniform in intensity over the entire area. Exposure for all samples
was at an intensity of 40 mW/cm? with an exposure time of 4.3 s,
resulting in a total energy of 175 mJ/cm?. After exposure, the foil with
the slurry was removed and cleaned by wiping the uncured slurry with
the aid of isopropanol (VWR International, Darmstadt, Germany). By
measuring the thickness of the circular objects using a micrometer
(Micromahr, Mahr, Gottingen, Germany), the mean and standard devi-
ation of ¢q was determined. The thickness of the foil was measured in
advance and subtracted from the measured value. Images of the square
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Fig. 2. Viscosity profile of the 38™ trial
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objects were taken with the aid of a light microscope (Axio Imager M1m,
Carl Zeiss Microscopy, Germany) and analyzed by the open-source
software ImageJ [43]. The cure width c,, was then taken to be the
additional edge length that the target area, assumed to be a square, is
greater than the actual area. With the mean values and standard de-
viations of ¢4 and ¢, now known, the mean value and standard deviation
of the widening angle could be determined using the law of error
propagation.

A total of 44 tests were performed using the procedure just described.
The first four trials were performed with random parameters to ensure
the numerical stability of Bayesian optimization, while all other trials
were implemented iteratively by applying the gNEHVI algorithm. Each
sample was measured immediately after mixture preparation, so each
sample run took about 2 to 3 h. Some of the samples were not mixable, e.
g. due to a too high ceramic content, so that the subsequent measure-
ments could not be performed. Worst-case values were then taken for
these samples, i.e. @ = 90° and 5 = 530 Pa-s, the highest viscosity value
of the first mixtures.

3. Results
3.1. Solid content and viscosity

A first aspect of interest is the relationship between the ceramic
content and the viscosity or the viscosity function, respectively. Fig. 3
shows the measured viscosity values in dependency of the total ceramic
content, suggested by Bayesian optimization.

Colored measurement points, whose number corresponds to the trial
in the optimization, form the Pareto front and therefore, the set of
optimal solutions. The error bars correspond to the +2¢-confidence in-
terval of the measured values and are only visible for the ceramic con-
tent in the figure. The additional gray measuring points visualize trials
that did not lead to Pareto-optimal results. In the background, the ranges
of the viscosity function (transition range and invalid range) are also
illustrated by different gray shades; the optimal range remains white.
The figure illustrates that over the entire permissible range of values of
the ceramic fraction (75 to 90 wt.%) samples were examined by the
optimization. The sample values follow the generally expected course:
as the ceramic content increases, so does the viscosity. Furthermore, it
can be seen that Bayesian optimization succeeded in achieving improved
viscosities for samples with approximately the same ceramic content in
the course of optimization. This is an indication that the choice of pa-
rameters has a significant influence on the viscosity. It is noticeable that
the resulting Pareto front can be described as increasing exponentially,
which is similar to well-known model equations, such as the Krieger-
Dougherty equation [44].
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Fig. 3. Measured dynamic viscosities in dependency of the ceramic content for
all mixtures suggested by Bayesian optimization
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Table 2
Properties of the best mixture composition within the optimum range of the
viscosity function.

Name Value

We 65.24 vol.%, 88.41 wt.%
n (Used for optimization) 12.988 Pa*s

Nmee (Maximum value in measuring range) 14.132 Pa*s

7900 (Viscosity at a shear rate of 200 1/s) 8.478 Pa*s

Dmnulti 10.58%

we1 (Relative to we) 18.00%
weo (Relative to we) 34.79%
wes (Relative to we) 47.21%

The range of samples that lie in the optimum range of the viscosity
function is between about 84 and 88.4 wt.%, corresponding to 62 to 65
vol.%. All other samples with a lower ceramic content, were too thin to
reach the minimum required viscosity of 2 Pa-s, as can be seen from
Fig. 3, e.g. mixtures 11 and 13. Similar effects were described for
example in [45]. Therefore, they are in the invalid range of the viscosity
function, besides the high risk of defects caused by thermal
postprocessing.

The sample with a maximum ceramic content still being within the
optimum range of the viscosity function, was produced in the 40" trial.
Table 2 shows the obtained ceramic content w. in mass and volume
percent as well as the viscosity 7 (used for optimization), the maximum
viscosity 17,.x over the measuring range and the viscosity 75, at a shear
rate of 200 1/s. Furthermore, the parameters for the mixture composi-
tion are given.

The successfully prepared aluminum oxide suspension has a ceramic
content of 65.24 vol.% at a maximum viscosity of 14.32 Pa-s within the
measurement interval. At the present time, this suspension has the
highest aluminum oxide content at comparable viscosities known to the
authors. The prepared mixture exceeds, for example, the values pre-
sented by Zhang (60 vol.%, 15.4 Pa-s at 200 1/s, [46]) or Hu (60 vol.%,
3.11 Pa-s at unknown shear rate, [47]) for ceramic suspensions with a
high solid content. In relation to the initial mixture, the volume content
could thus be increased relatively by 44%.

Furthermore, it is noticeable that the three Pareto-optimal mixtures
with the largest ceramic content have comparable particle size distri-
butions. As the particle diameter increases, so does the relative pro-
portion of ceramic content: we; < Wy < We3. In particular, the 40™ trial
approximately follows the composition theory of an ideal trimodal
suspension predicted by Farris [17], which provides for a 66 vol.%
mixture 22, 32, and 46 relative vol.% of small, medium and large par-
ticles, respectively.

50

45 - { E T
. 40 1 +
g
=] 35 4
2
Y H-F
g 30 -
=
g
5 25 -
g 2
=
20
15 1 3
10 T T T T T T T
0.76 0.78 0.80 0.82 0.84 0.86 0.88 0.90

Ceramic content w, in wt.%

Fig. 4. Measured widening angle in dependency of the ceramic content for all
mixtures suggested by Bayesian optimization



J. Schubert et al.
3.2. Cure widening

The results regarding the widening angle are shown in Fig. 4. The
widening angles were plotted against the ceramic content. Furthermore,
error bars describe the +2¢-confidence interval of the measured values.
The set of pareto-optimal solutions is plotted in color, while all other
measured values are plotted in gray.

It is noticeable that the majority of the widening angles show a strong
variance. Therefore, it is only possible to a limited extent to attribute a
minimization of the widening angle with similar total ceramic content to
a change in the parameters. A possible Pareto front is only covered by
samples 3, 16 and 30. In view of the total number of trials, it is not
reasonable to assume a recognizable dependence between ceramic
content and widening angle. Instead, it is more obvious to assume no
correlation between the ceramic content and the widening angle. This
assumption is also supported by the fact that no substance was used in
the present mixture compositions strongly modifying the difference in
refractive indices between the ceramic and the binder. However, the
validity of the claim is weakened by the strong variation of the indi-
vidual samples. The large variation in the widening angle is due to the
large variation in the measurement of the curing width. While con-
ducting the experiments, the cleanup of the cured square objects,
especially in the edge contact between the cured and liquid slurry,
proved to be somehow imprecise. The examined objects showed a
transition area from clearly cured to clearly liquid slurry that can be
attributed to light scattering. The extent of this transition area was
different for each sample and, from experience, dependent on the vis-
cosity of the ceramic slurry.

3.3. Comparison to conventional design of experiments (DoE) methods

When considering the results obtained by Bayesian optimization, the
additional question arises whether conventional DoE methods can
achieve similar optimal results within the same limited number of trials.
Since performing real experiments again to assess several conventional
DoE methods would be inefficient, a theoretical comparison between
Bayesian optimization and selected other DoE methods was performed.
The data basis for this is the data set of parameters and associated
measured values already obtained by Bayesian optimization. Since the
values of the widening angle are subject to strong noise, the comparison
was limited to the relationship between ceramic content and viscosity.

For the comparison, two different DoE strategies were investigated:
(quasi)random methods (here: random search, Latin hypercube [48] and
Sobol sampling [49]) and deterministic methods (simplex and simplex
centroid method). In random search, the individual parameters were
determined independently for each trial according to a uniform distri-
bution. The random parameter generation was repeated until the input
boundary conditions were met. For Latin hypercube sampling (LHS),
five parameters were used. In addition to the four parameters used in
Bayesian optimization, a fifth parameter is necessary in this method to
represent the total ceramic content (between 75 and 90 wt.%). In the
LHS, each parameter is divided into n sections, where n corresponds to
the number of trials. Subsequently, the parameters are randomly
selected from these sections. Once a set of a parameter has been used, it
is no longer available for further trials. This results in a uniform,
quasi-random coverage of the search space. The goal of the Sobol
method is, analogously to the LHS method, to generate a quasi-random
distribution that has a more homogeneous coverage than a purely
random distribution. Because of the formula underlying the procedure,
the distribution is only homogeneous if n = 2™ with m being a natural
number. However, the Sobol method can also be used if this condition is
not met.

For the deterministic DoE methods, the simplex-33 grid, simplex-32
grid, simplex-centroid grid and extended simplex-centroid grid were
considered. The commonality of these methods is their attempt to uni-
formly cover the search space for a mixture composition. Thus, for
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ceramic slurry optimization, the parameters w¢;, Wy, and wcs can be
specified relatively to the total ceramic content. In addition, a full
factorial experimental design was applied for the total ceramic content
(75, 80, 85, and 90 wt.%) and q; ratio (0, 50, 100 wt.-%), resulting in,
for example, 7 - 4 - 3 = 84 trials for the simplex centroid method with
seven grid points. To minimize the random influence of the trials’ order,
the quasi-random procedures were repeated 10,000 times with new
parameters. For the simplex procedures, the arrangement of the pro-
cedures was randomly changed 10,000 times accordingly. This pro-
cedure made it possible to determine for each trial number the average
maximum ceramic content achieved up to that trial. The ceramic con-
tent and viscosity were determined by interpolation from the data set
obtained by Bayesian optimization. If a parameter set of the comparison
methods was within the convex hull of the data set, linear interpolation
was used. If a parameter set was outside the convex hull, the nearest data
point was assigned to the parameters.

Fig. 5 shows the results of the comparison. For both, Bayesian opti-
mization and the other DoE methods, the maximum ceramic content
achieved up to the respective trial are shown, which still fulfill the outer
limits of the viscosity function.

The Bayesian optimization converges towards 88.41 wt.%, which is
reached from the 40™ trial on. In addition, it was already possible in the
fifth trial to produce a slurry that is within the defined viscosity limits.
From the compared methods, the Sobol method leads to the best result,
while the simplex centroid method with the connected full factorial
experimental design converges the worst. It is noticeable that on
average, none of the comparison methods is able to converge as fast and
as strongly as the Bayesian optimization. However, it must be mentioned
that due to the linear interpolation it is not possible for the comparison
methods to find a better result than the result determined by Bayesian
optimization. Indeed, since the best result determined by Bayesian
optimization is very large in relation to the results obtained in the sci-
entific literature [46] and additionally follows the theory of Farris [17],
it can be considered that this result is at least a very good local optimum.
In conclusion, it can be stated that Bayesian optimization based on the
theoretical comparison is clearly superior to the other DoE methods.

4. Discussion

One of the objectives of the work was to produce a slurry with
maximum ceramic content while maintaining defined viscosity limits.
Bayesian optimization has made it possible to obtain a Pareto front over
the entire width of the desired ceramic content (75 to 90 wt.%). The
exponential curve is similar to well-known model equations, such as the
Krieger-Dougherty equation for describing the dependence of solid
content and viscosity of a suspension. It can therefore be concluded that
the Krieger-Dougherty equation can also be applied to multimodal
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Fig. 5. Comparison of the maximum ceramic content achieved within the
permissible viscosity limits for different DoE methods
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ceramic mixtures. In addition to the exponential course of the Pareto
front, it was also possible to produce mixtures with very high ceramic
content at comparatively moderate and workable viscosities. The
aluminum oxide slurry prepared in the 40" trial represents the sus-
pension with the highest ceramic content known to the authors. Since
the relative size distribution of the ceramic particles additionally follows
the Farris theory, which has also been enhanced by further publications
[50-52], it can be assumed that the developed solution is close to the
global optimum. Bayesian optimization is therefore suitable for
achieving outstanding results within a limited number of experiments,
which probably cannot be achieved by conventional experimental
design methods, as the theoretical comparison in Section 3.1.3 suggests.

Regarding the minimization of the widening during the curing pro-
cess, no correlation between the choice of parameters and the expansion
could be found. In retrospect, a different experimental procedure for
determining the cure width with a smaller variance would have
increased the validity of the Bayesian optimization with respect to the
widening angle. In addition, the uncertain measurement results of the
cure width also worsen the optimization capability of Bayesian opti-
mization with respect to the other objectives. However, Bayesian opti-
mization nevertheless succeeded in producing a ceramic slurry with a
very high solid content within the viscosity limits, which underlines the
ability of Bayesian optimization to perform successful optimization even
under partially highly noisy measurement results. Due to the parameters
known from literature [19,20] (esp. the refractive indices of ceramic and
binder), which influence the scattering behavior of the ceramic sus-
pension and were not adjusted in this work, the measurement results can
nevertheless be interpreted to the effect that there is no clear correlation
between the ceramic fraction and the widening angle.

A challenge that accompanies a high ceramic content is the stability
of the slurries. Especially slurries with high ceramic content tend to
separate and the ceramic particles tend to build agglomerates and
therefore, to sediment [53]. The slurries prepared in this work fulfilling
the required viscosity limits were also sufficiently stable for printing
several layers. By the continuous agitation during the layer application,
the slurry is regularly mixed within the VPP machine. However, the
slurries showed the first signs of sedimentation after standing for a
longer time without any movement. Therefore, the composition needs to
be further optimized regarding an industrial application of the slurries,
especially by adding optimized dispersion agents that enhance the sta-
bility of the particles within the slurry [8,9].

5. Conclusion and outlook

In the present work, an aluminum oxide suspension was optimized
by the iterative interplay between Bayesian optimization and experi-
mental mixture preparation and evaluation. The results obtained
represent a new peak in terms of total ceramic content. The work was
therefore able to show that Bayesian optimization as a learning and thus
adaptive method has considerable advantages over conventional DoE
methods. It underlines the aspiration of Bayesian optimization to be an
advantageous method for the optimization of mixture compositions, as it
is already the case for autonomous experimentation or the optimization
of hyperparameters.

No improvement could be obtained for minimizing the lateral
expansion during curing. Besides an improvement of the determination
of the curing width, future work may additionally try to adjust the
refractive index of the binder in order to be able to investigate its in-
fluence on the expansion behavior.

Furthermore, another research aspect is the optimization of the
entire VPP process chain including debinding and sintering. Up to now,
it remains unclear, up to what extent an optimization of the ceramic
slurry leads to an improvement of the properties of the final part and
how the dependencies between the individual process steps can be
optimized. Therefore, an optimized algorithm employing batch pro-
cesses for debinding and sintering has to be employed.
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