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Foamed glass is a lightweight material commonly used for insulation. However, optimizing its properties remains
a challenge due to the large number of synthesis parameters involved in its production. While previous studies
have investigated synthesis conditions, a comprehensive study applying machine learning approaches is lacking in
the literature. In this paper, we apply machine learning methods, i.e., random forests of predictive clustering trees
and a multilayer perceptron, training them on 124 experimental data points to accurately predict the apparent
density and closed porosity of foamed glass. We then apply a multiobjective optimization algorithm together with
the multilayer perceptron to find optimal values for the process parameters used in foamed glass production. Our

results show that the combination of machine learning and multiobjective optimization is an effective proxy for
the development of novel foamed glass materials.

1. Introduction

Foamed glass is a versatile material that has received considerable
attention in research and development over the past few years. Its cellu-
lar structure, characterized by sealed pores, offers a range of desirable
properties including low density, excellent thermal insulation, mois-
ture resistance, fire resistance, and high compressive strength. These
attributes make foamed glass a compelling subject for scientific research
in construction, insulation, and environmental remediation. Further-
more, foamed glass presents a promising solution for the management
of specific waste streams that would otherwise be relegated to landfills,
fostering waste reduction and promoting a circular economy.

Indeed, sustainability is an important aspect in materials optimiza-
tion, especially when it comes to construction materials, considering
that 40% of the energy consumed in the European Union is used in build-
ings and 80% from that goes into heating and cooling [1]. The measures
to increase the average energy performance of residential buildings by
16% by 2030 (compared to 2020) and the enhanced standards that re-
quire calculating the whole-life-cycle carbon emissions of new buildings
demonstrate that, aside from performance, improved sustainability is
essential when developing or optimizing construction insulation mate-
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rials. Improving methods to adjust glass composition through re-melting
and the use of a special furnace atmosphere can result in foamed glass
with significantly improved properties [2]. However, scientific and com-
mercial developments of foamed glass emphasizing sustainable aspects
have shown that high-performance materials can be developed without
the use of energy-intensive re-melting of waste glass.

Several studies have explored the use of various waste glass compo-
sitions for foamed glass production, which promotes sustainable devel-
opment while potentially facilitating a reduction in the cost of foamed
glass. Sources of waste glass investigated for foamed glass production
include flat glass [3], container glass [4], waste glass derived from
automotive vehicles [5], and E-glass [6]. Additionally, several waste
by-products generated during large-scale industrial processes, such as
red mud [7], lime mud [8], aluminum dross [9], fly ash [10], slags
[11,12], as well as natural materials like eggshells [13], oyster shells
[14], rice husk and pine scales [15] are being studied as potential
additives in the synthesis of foamed glass. However, the outcomes of
previous studies are often specific to the exact composition used, lim-
iting their broader applicability. Consequently, alternative approaches
have been proposed to discover new foaming compositions that result
in foamed glass with favorable performance characteristics [16]. One
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of these approaches consists modeling the process at the level of ba-
sic physical phenomena—sintering, gas evolution, formation of bubbles,
and their growth. However, this approach can only leverage a limited
amount of data on glass properties at foaming temperatures and has high
computational costs due to the need to simulate the complex dynamic
of bubble formation, stability, and growth even in small systems.

On the other hand, with a sufficient amount of experimental data,
a machine learning approach could present an alternative avenue for
describing the outcome of the foaming process based on the input pa-
rameters. Such an approach has the potential to significantly reduce
the computational burden associated with modeling while offering addi-
tional insights into the correlations between the process parameters and
material properties [17,18]. Furthermore, by implementing the afore-
mentioned approach and leveraging insights derived from a diverse
range of waste glass compositions and foaming additives, it is possible to
generate recommendations for optimal compositions of waste glass that
have not been previously explored. Prior to such a large-scale study, an
initial investigation is imperative to assess the feasibility and applica-
bility of the described approach.

The system comprising cathode-ray-tube (CRT) panel glass, carbon,
and manganese oxide has been extensively studied in the past [19].
It is well established that manganese oxide, at elevated temperatures,
releases additional oxygen, which promotes the reaction with carbon,
leading to the formation of carbon dioxide. This process is shown in
Equation (1) as follows:

Mn;0, + %C—>3Mn0+%C02 M

From a sustainable development perspective, it is energetically advan-
tageous to use simple processing methods without the need to control
the furnace atmosphere [20]. However, applying the manganese—carbon
reaction in an air atmosphere typically leads to premature oxidation
of carbon, resulting in poor expansion. In this context, the use of wa-
ter glass becomes essential. By protecting the carbon component, water
glass enables the effective use of the manganese-carbon system even in
the presence of air [21]. Although the introduction of water glass adds
complexity to the system, CRT panel glass remains an ideal model mate-
rial for early-stage research due to its high stability against crystalliza-
tion. This makes it particularly suitable for initial model development.

In recent years, machine learning (ML) has become an increasingly
important tool in materials science, enabling data-driven insights that
would be difficult to obtain through traditional experimentation or sim-
ulation alone. In particular, supervised learning methods have been used
to model complex, non-linear relationships between processing param-
eters and material properties, often improving prediction accuracy and
accelerating materials design pipelines [22,23].

In this paper, we establish a data-driven framework for optimiz-
ing the properties of foamed glass, facilitating precise control over its
structural properties using ML and multiobjective optimization. In par-
ticular, we use two ML techniques well-suited for multi-target regression
problems. First, we investigate the importance and effect of the process
parameters on foamed glass properties, using a data set of 124 foamed
glass samples. Second, we predict the values of the characterization pa-
rameters beyond the range of the foamed glass samples in the data set.
Finally, we incorporate a multiobjective optimization algorithm, which
searches for optimal process parameters while accounting for model un-
certainty, a crucial aspect in high-stakes applications such as materials
synthesis. Our ML framework offers two main contributions for foamed
glass production research: (i)interpretability of the results and iden-
tification of the key process parameters, and (ii) extrapolation of the
considered data set to reveal new process parameter combinations.
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Fig. 1. Temperature-time profile used for the thermal treatment.

2. Methods
2.1. Foamed glass preparation

Raw waste CRT panel glass powder, used as the main component for
the preparation of foamed glass samples, was provided by Averhof A/S
(Aarhus, Denmark). The mean particle size of the received glass powder
was approximately 13 um. The chemical composition of CRT panel glass
is shown in Table 1.

Different amounts of potassium phosphate (K3 PO,, 98%, Alfa Ae-
sar, Karlsruhe, Germany), carbon (carbon black, Lehman & Voss & Co,
Hamburg, Germany) and manganese oxide (Mn;0,) were combined
with CRT powder for the preparation of the foaming mixtures. Mn;0,
was obtained by treating M nO, at 1250 ° C for 4 h [24]. Note that man-
ganese is present in Mn;0, in two oxidation states and could also be
written as MnO - Mn;0,. Foaming mixtures were milled in a plane-
tary ball mill with 10 mm yttria-stabilized zirconia balls at 250 rpm
for 30 min, followed by additional milling (5 min) after the addition of
Mn;0,. The foaming mixtures were manually combined with various
amounts of water glass solution (WG, SiO, to Na,O ratio 1.85 to 1).
The values of the process parameters were chosen based on the obser-
vations from our previous investigation [21] and are presented below
in Table 2.

After the above-described processing, some of the foaming mixtures
were additionally homogenized (mixing with a laboratory tumbler for
15 minutes, labeled as “mixing”, in Table 2) and/or dried (at 90 °C for
3 h, labeled as “drying”, in Table 2). Additional mixing of the foaming
mixtures using a laboratory tumbler was introduced to assess whether
it is necessary to improve the homogenization for this specific foaming
process and to evaluate its potential influence on the final properties
of the material. The drying step was motivated by the known reactivity
between water glass and atmospheric CO, [21]. In [21], we showed that
mixtures containing glass and water glass begin to react with CO, from
the air, and that the extent of this reaction can significantly influence
the foaming outcome and compromise process repeatability. Since this
reaction only continues in the presence of moisture, drying the samples
effectively halts further reaction. This allowed us to investigate whether
the foaming mixtures are affected by the extended reaction times during
the processing.

To obtain initial green pellets with similar dimensions, 1 g of a foam-
ing mixture was pressed in a cylindrical steel die (inner diameter 12
mm) with 3.5 MPa. Pellets were thermally treated in a chamber fur-
nace (BOSIO laboratory chamber furnace with a 20-litre chamber) with
a heating rate of 5°Cmin~!, starting from the room temperature. The
final foaming temperature (Ty,,,,) and foaming time (t;,,,) varied be-
tween 700-805°C and 0-60 min, respectively. After a given t;,,, the
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Table 1
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Chemical composition of CRT glass powder (analysis of X-ray fluorescence) expressed in weight percentages

(wt.%). From [19].

Na,O MgO

ALO,  SiO,

K,0 CaO Fe,0, SrO  ZrO, BaO

Composition (wt.%) 7.7 0.3 2.4 61.0

7.1 0.8 0.2 7.8 1.5 9.7

Table 2
Overview of process parameters and their values.
Process parameter Range Values
WG content (wt.%) 0-30 0, 4, 8,12, 16, 20, 24, 30
carbon black content (wt.%) 0-0.84 0, 0.42, 0.525, 0.63, 0.84
Mn;0, content (wt.%) 0 -6.356 0, 6.356
K; PO, content (wt.%) 1-4 1,2,4
mixing Yes / No Yes, No
drying Yes / No Yes, No
Tioam [CI 700 - 805 700, 720, 745, 790, 805
tioam [min] 0-60 0, 5, 10, 20, 30, 60
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Fig. 2. €, Versus p,,, distribution of the training dataset.

samples were transferred to another furnace (kept at 550 °C) in order
to ensure the freezing of the porous structure. To prevent cracking and
enable relaxation of stresses induced during rapid cooling, the samples
were kept at 550 °C for an additional 30 min and then allowed to natu-
rally cool inside the furnace (1). The values used for T, and t;,,, are
given in Table 2.

2.2. Foamed glass characterization

Apparent and pycnometric densities (p,,, and p,,., respectively) of
the foamed glass samples were measured using the Archimedes method.
The p,,, was determined by weighing the foamed glass sample in dis-
tilled H,O, while the p,, was determined by first submerging the
sample in anhydrous ethanol, evacuating it to fill the open pores with
ethanol, followed by weighing in the same medium. The density of the
received glass (2600 kg m~3) was measured with a gas pycnometer (Ul-
trapyc 5000 Foam, Anton Paar) and considered as powder density (p,,,,,)
for the calculation of total (¢g,,) and closed porosity (g.;...4) of the
foamed glass samples according to Equations (2) and (3).

P
Ep=1— ﬂ’ (2)
P pow
-1
1 1 1 1
Eclosed = ( + ) < + > . (3)
Ppye Ppow Papp Ppow

Fig. 2 presents the data on ¢,,, and €., Of all foamed glass sam-
ples within the training set. It shows that a wider range of €., values
is achievable with increasing total porosity, which is consistent with the

results reported by Konig et al. [19]. Achieving high ¢,,, and €,,.4 is
essential in foamed glass synthesis in order to optimize the thermal in-
sulation, moisture resistance, and mechanical strength of foamed glass.
However, a large number of synthesis parameters make it challenging
to identify the combination that achieves the desired balance between
the processes that occur during foaming. Also, optimizing multiple syn-
thesis parameters simultaneously can be a complex task, since changes
in one parameter may have unintended consequences on the others. To
address this challenge, machine learning methods can assist in explor-
ing the parameter space and identifying the key factors that affect the
properties of interest, i.e. p,,, and €./o504-
3. Machine learning and optimization methodologies
3.1. Data

The dataset used for training by the machine learning methods con-
sists of 124 foamed glass samples prepared as described in Section 2.1.
Each sample is defined as a pair of experimental foamed glass process
parameters and its corresponding properties. The experimental parame-
ters listed in Table 2 define the feature space used to train the ML models
to predict the target variables—in this case, p,p,, Ppyes Erors Eclosed AN
€open> as described in Section 2.2. All variables in the feature and tar-
get spaces were treated as continuous, with the exception of mixing and
drying, which were treated as binary.

3.2. Machine learning algorithms

We use ML for two tasks. The first task is related to exploring the
data and identifying the key experimental parameters. This involves
determining which experimental parameters influence the characteri-
zation properties the most and making initial predictions for the values
of the characterization properties within the observed data ranges. For
this first task, we used random forests of predictive clustering trees for
multi-target prediction.

The second task is to explore which combination of experimental pa-
rameters would yield optimal characterization properties. For this task,
we trained a neural network (NN) for multi-target prediction, specifi-
cally a multilayer perceptron (MLP), on the available data. The trained
MLP was used as an objective function for an optimization algorithm in
order to find suitable combinations of experimental parameter values
which simultaneously minimize p,,, and maximize €y,

3.2.1. Task 1: Importance and the effect of process variables on selected
properties

Predictive clustering trees (PCTs) treat a decision tree as a hierar-
chy of clusters, starting with all data in one group and splitting it into
smaller, more compact clusters as the tree grows. The CLUS package
[25] implements the learning of PCTs, both single trees and ensembles
of trees. To decide how to split the data at each step, PCTs use a heuris-
tic that picks the feature that reduces variance the most, ensuring that
each new cluster is as homogeneous as possible, thus improving the
predictive accuracy of the model. To increase prediction robustness, in-
dividual PCTs can be combined into ensembles, such as random forests,
of PCTs. In a random forest, as defined by Breiman [26], the prediction
for a new example is generated by aggregating the predictions from all
the trees within the ensemble. Using ensembles of PCTs, we compute
feature importance using the Genie3 score. Feature ranking assigns rel-
evance scores that show how much each feature impacts the target. This
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score prioritizes features that reduce target impurity the most, giving
more weight to splits near the root of the tree.

The task at hand is to predict the five properties of foamed glass
(Papps Ppyes Etors Eclosea ANA E4p,), from the processing parameters de-
scribed in Section 2.1. The input data, described in Section 3.1, is used
to train a random forest of PCTs, consisting of 100 individual trees. The
predictive performance of the ensemble on unseen cases is assessed by
measuring the Pearson correlation coefficient through a 10-fold cross-
validation. This coefficient measures the strength and direction of the
linear relationship between two variables. As a performance metric in
a regression problem, the Pearson correlation coefficient measures how
strongly the original and the predicted values of the target variables are
related. A value close to 1 means a strong positive relationship, a value
close to -1 means a strong negative relationship and a value close to
0 means little or no linear relationship. Although some of the five in-
vestigated properties are mathematically related and could be derived
from one another (Equations (2) and (3)), we chose to include them all
as separate targets in the model. This approach allowed us to test the
model’s ability to predict each parameter independently, even in those
cases where the prediction may seem redundant due to simple interde-
pendence.

3.2.2. Task 2: Determination of optimal parameters to achieve a desired
composition

The goal of the second task is to train a model that can be used
as an objective function for an optimization algorithm in order to ob-
tain process parameters that yield low p,,, and high €., This cannot
be effectively done using random forests of PCTs, since they are con-
strained to predict values only within the observed training data range
and struggle with extrapolation. To overcome this limitation, we trained
an MLP for the second task, which is a NN-based approach better suited
for extrapolation, i.e., for making predictions beyond the range of the
observed data.

The MLP has a simple architecture consisting of three linear layers
activated by ReLU, using the Smooth L, as the loss function. Since we
are not only interested in the predictions, but also in the model’s un-
certainty in the prediction, we measure the performance of the model
aggregated across 10 runs with different random weight initializations.
Then, we computed the semi-deviation of the predictions over 10 runs
and used it as a parameter in the optimization algorithm to penalize
solutions that might yield worse results than predicted.

3.3. Multiobjective optimization

We use a multiobjective optimization approach to find combina-
tions of process parameters that lead to desired characterization values
(Papps €closeq) for the foaming process. In a multiobjective optimiza-
tion problem, instead of searching for a single solution that optimizes
all objectives simultaneously, we search for a set of solutions that pro-
vide the best trade-off between the objectives. In practice, an optimal
solution to a multiobjective optimization problem (referred to as a non-
dominated solution or as a Pareto-optimal solution) is one for which it
is not possible to improve on one objective without worsening on the
others [27,28]. In this study, our goal is to find Pareto-optimal solutions
to design foamed glass; in other words, we are looking for the set of pro-
cess parameter values that result in the lowest p,,, for a given closed
porosity, or in the highest ¢_,,., for a given apparent density.

We implemented the Indicator-Based Evolutionary Algorithm [28]
(IBEA) using the ParadisEO software framework [29]. IBEA is a mul-
tiobjective evolutionary algorithm, in which a population of solutions
(or individuals) are handled simultaneously to perform a parallel explo-
ration of the search space. The population is evolved in order to get it
both as close as possible to the Pareto-optimal set and uniformly dis-
tributed. The evolution process is done by the iterative application of
four operators: parental selection, which specifies which individuals are
selected from the population to produce new solutions; crossover and
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mutation, which create new solutions and apply small changes to them;
and survival selection, to discard low-quality solutions.

The parameters of IBEA were set as follows: the maximum number of
generations is 10000, the crossover probability is 1.0, and the mutation
rate is 0.083. Also, as mentioned in Section 3.2.2, we use the semi-
deviation of the predicted values as a parameter in our implementation
to penalize solutions based on their uncertainty. The semi-deviation is a
dispersion measurement that takes into account only values below the
predicted mean, but not those above it, thus making it appropriate to
quantify possible losses without penalizing possible gains. In practice, in
our implementation of IBEA, the quality of a solution is computed as the
following weighted sum (0.9 * sol) + (0.1 % sol % sdv), where sol is the
value predicted by the MLP for a particular characterization parameters
vector, and sdv is the semi-deviation of the characterization parameters
vector computed across 10 independent runs of the MLP using different
random weight initializations. Therefore, the larger the semi-deviation
of the solution, the more the solution is penalized.

4. Results and discussion
4.1. Importance and the effect of process variables on selected properties

For this part of the study, we trained a random forest of 100 PCTs,
achieving a highly accurate match between the actual and predicted
values of p,,,. Namely, we measured a Pearson correlation coefficient
of 0.96. For comparison, we also applied linear regression to the same
dataset, and for the same target variable we achieved a significantly
lower Pearson correlation coefficient of 0.72. Note that these figures
refer to predictions on data not used during training. To ensure a reliable
evaluation, we used 10-fold cross-validation approach. In this approach,
the data is split into 10 equal parts, and the model is trained 10 times,
each time using 9 parts for training and the remaining part for testing.
The reported performance is the average over these 10 test runs.

4.1.1. Process variable importance

From the process parameter variables, we predicted five foamed
glass properties: Papps Ppycs> €tot> Eclosed and €open- The overall impor-
tance of individual variables in predicting all material properties, along
with their specific importance for each individual material property, is
evaluated using random forests of PCTs (Section 3.2.1). In Table 3, we
show the rankings assigned to the process parameter variables, where
lower values for the ranking indicate higher importance. The WG con-
tent parameter stands out as the most important, both in general and
individually for each investigated property. It is known that WG sig-
nificantly affects the sintering and expansion behavior of the foaming
mixture, enabling the reaction between M n;0, and carbon black in the
air atmosphere [30], while also directly contributing to foaming [21].
The content of WG thus affects the process dynamics at multiple lev-
els, making it likely that the model identifies WG content as the most
critical variable.

The contents of carbon black and Mn;0, were evaluated as the
second or third most important parameters in general and for each mea-
sured material property (Table 3). Furthermore, the model attributes
similar significance to both parameters, which is highly likely to be asso-
ciated with the actual phenomena occurring during the foaming process.

The importance of drying, mixing, and K3 PO, content is evaluated
as very low, being ranked either sixth, seventh or eighth for all mate-
rial properties, with one exception related to the importance of K5 PO,
content for €,,,,4 (Fig. 3 and Table 3). These results are evidence of the
predictive capabilities of the model, since K3 PO, is added solely for its
impact on the characteristic temperatures of glass [31], which affects
the pore structure, and consequently, the value of €,s.,-

The model estimates that T, has a greater influence on €,,,, than
on ¢, (Fig. 3 and Table 3). This result can be correlated with a previ-
ously observed phenomenon, where the change of Ty, results only in a
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Table 3

Parameters ranked by their importance with respect to the
overall outcome (all material properties) and with respect to a
specific material property.

Parameters Overall  pg,  Ppye €t Eciosed
WG content 1 1 1 1 1
carbon black content 2 3 2 3 3
Mn;0, content 3 2 3 2 4
K3 PO, content 7 8 7 8 5*
mixing 8 7 8 7 8
drying 6 6 6 6 7
Ttoam 4 4 4 4 2
troam 5 5 5 5 6
General - ot - Eelosed
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Fig. 3. The importance (Genie3 score) of process parameters (excluding the
content of WG parameter), with respect to their overall importance for the five
properties, as well as their importance for ¢,,, and €,,5.4-
slight change of the ¢,,,, while the content of €,,,,,, can change dramat-
ically. The increase of ¢,,, at low Ty, values is usually related to the
nucleation of new pores, while it becomes more related to pore growth
at high T, values [32]. Larger pores further promote pore merging
(coalescence), which leads to inhomogeneous pore size distribution, ab-
normally large pores, and open porosity and eventually results in a foam
with poor mechanical stability. This phenomenon suggests that at high
Ttoam Values, the kinetics of pore opening will be significantly faster in
comparison to pore growth and foam expansion. Note that the majority
of the samples in this research (training set) exhibit high total porosity
values (Fig. 2).

Interestingly, the model does not recognize the effect of t;,,, on
€,10sed- Prolonged t;. often results in larger and also more open pores
(lower &,;,,,4)- The training dataset encompasses a broad range of tg,,
values, providing the opportunity for this effect to occur. However, it
can be noticed that higher ¢t values were commonly used in combi-
nation with relatively low Ty,,. This combination of parameters could
require even longer t¢,. . for the observable effects of coalescence to
manifest, explaining the model’s evaluation in this case.

4.1.2. Prediction of new compositions

The random forest of PCTs model was further used to predict the
properties of several compositions with process parameters within the
range of the training set (Table 4). Since drying, mixing, and t¢,,,, were
evaluated as the least important parameters in the first part of the study,
they were not varied in the following predictions. The model was also
used to predict the effect of certain parameters on the predicted proper-
ties. The values of the parameters presented in Table 4 were chosen par-
ticularly to investigate the influence of K3 PO,, M n;0,, carbon black,
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Table 4
Values for the process parameters used to predict the properties of glass
foams for the evaluation of the model accuracy.

Process parameter Parameter set no.1 Parameter set no.2

WG content [wt.%] 4,8,12 0-30 with step 1
carbon black content [wt.%] 0.4, 0.6, 0.84 0, 0.06

Mn,O0, content [wt.%] 0,24 0,2

K;PO, content [wt.%] 4,6,8 2

drying No No

mixing No No

Troam [CI 770-840 with 10°C steps 700, 790, 850
troam [min] 2,4,6,8 5

and WG in a new composition. Data generated from the first and second
parameter sets is shown in Fig. 4 and Fig. 5, respectively.

An increase of ¢,,, can be achieved with higher content of WG as
shown in Fig. 4a. The model predicts that low contents of WG result in
low ¢,,, and high €,,..,, which is in agreement with the experimental
results. Implementation of carbon black as a foaming agent in the air
atmosphere is not suitable due to the premature combustion of carbon
black in reaction with oxygen [33]. The application of WG retards this
reaction and enhances the foaming [21]. The model further predicts that
the range of achievable ¢, widens significantly with higher content
of WG, which is also expected since interconnected pores in foamed
glasses are more likely to form at higher ¢, values. The content of
interconnected pores is an important material characteristic, which sig-
nificantly affects the properties and applicability of the material. Control
over the £,,.,, in foamed glass, especially in high ¢, regions, can be
extremely difficult since it depends on several factors [19]. However, a
fairly high €,,,.4 value at higher ¢,,, values can only be achieved with
higher contents of K53 PO,, as evidenced from the Fig. 4b. Such charac-
teristic (high ¢,,, and €,,,.4) is of practical importance, since it normally
results in lower thermal conductivity while keeping the material water-
impermeable. No clear trend on the ratio between ¢,,, and ¢,,,;, Was
observed from the model predictions for other investigated parameters.
The effect of prolonged t¢,,, is commonly researched, and while it can
result in higher ¢,,,, it almost always also results in a decreased ¢
[14].

The predictions generated for the parameter set no.2 in Table 4 re-
veal how various combinations of additives are expected to affect the
outcome of the foaming process (Fig. 5). The formation of CO,, and its
consequential influence on expansion, requires the presence of both car-
bon black and M n;0, [30,33]. Therefore, the influence of either carbon
black or Mn30, becomes evident only when a reaction between them
can occur, i.e., when the content of neither of them is 0. As already seen
from the evaluation of the parameter importance (Table 3), the model
evaluates that the impact of carbon black and Mn;0, on the process
is similar, which is reasonable since, in reality, neither of the additives
affects the process significantly on its own. Additionally, the expansion
values predicted from Table 4, shown in Fig. 5, confirm that the model is
capable of identifying the role of the additives, such as M n;0,, carbon
black, and WG.

An increase in WG content leads to greater expansion value of newly
proposed compositions, even when the content of carbon black and
Mn;0, is zero (data labeled “None” in Fig. 5), which corresponds to
direct contribution of WG [21]. Here, it should be mentioned that, in re-
ality, the observed change in the expansion with increasing WG content
is more continuous than predicted by the model in Fig. 5. The step-
like dependence of expansion (g,,,) in Fig. 5 can be explained based on
the training dataset. The actual WG content values within the training
dataset are in the same range as in Fig. 5, however, the increment of
WG content in the training dataset was approximately 4. It is likely that
examples with similar WG values fall into the same prediction bracket
and the model consequently assigns the same value to all the examples
within the bracket. The role of Mn;0, and carbon black in the foam-
ing process is to react, produce CO,, and enable further expansion of
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Fig. 4. Values of ¢,,,,, versus ¢, predicted for foamed glass samples generated using parameter set no.1 from Table 4, with colored regions corresponding to the
content of WG (a) or K5 PO, (b).
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Fig. 5. Predicted expansion values for foamed glass samples that would be synthesized based on parameter set no.2 from Table 4.

the foam. It is therefore expected that expansion values do not change
significantly when only one component of a foaming couple is used, i.e.
composition contains either only carbon black or only Mn;0, (labeled
“Carbon black” and “Mn30,” in Fig. 5). The predictions made by the
model shown in Fig. 5 clearly illustrate this fact, where the expansion
values of the samples labeled “None”, “Mn;0,” and “Carbon black” do
not vary significantly at the same content of WG. Samples that contain
both additives, labeled “Carbon black and M n;0,”, expand significantly
more in comparison to the other three, confirming the theoretical back-
ground, as well as the experimental evaluation.

In terms of temperature dependence, a significant change is expected
in the expansion values within the selected temperature range. The com-
parison between the results in Fig. 5 suggests the opposite. As already
mentioned above, the predictive power of the random forest of PCTs de-
pends heavily on the data it takes as input. Due to the lack of examples
where T, is above 805 °C, the model conforms to previously learned
rules.

4.2. Finding optimal compositions and experimental validation

In order to predict the properties of process parameters outside of
the training set range, we build an MLP and use it in combination with
the multiobjective optimization algorithm IBEA (Section 3.3). To obtain
a robust estimate of performance, the MLP was trained using 5 different
random seeds, which influenced both weight initialization and dataset
splits. The final performance is reported as the average Pearson Correla-
tion Coefficient over these runs. The model achieved Pearson correlation
coefficients of 0.75 for p,,, and 0.58 for &,,.4- The formulation of the
optimization problem tackled by IBEA considers two objectives, mini-

mizing the value of p,,, and maximizing the value €., both of which

Table 5

Three sets of parameters and properties selected for further labo-
ratory testing, obtained by the IBEA model.

Process parameter ML1 ML2 ML3
WG content [wt.%] 30 30 30
carbon black content [wt.%] 1.00 1.00 1.00
Mn;0, content [wt.%] 7.00 7.00 5.29
K53 PO, content [wt.%] 4.00 4.00 4.00
drying No No No
mixing Yes Yes Yes
T foam [°C 800 730 700
tfoqm [min] 5 5 5
Papp (kg M1 129 162 199
£, [%] 95.0 93.8 92.3
€ 1oseq (%] 92 95 97

are desired properties in foamed glass for thermal insulation. Three sets
of process parameters suggested by IBEA were chosen and tested in the
laboratory by synthesizing the corresponding foamed glasses to further
assess the model accuracy. The combinations of parameters and pre-
dicted properties are shown in Table 5. Note that the ¢, values were
not predicted by the model but calculated from the predicted p,,, values
according to Equation (2).

IBEA with ¢, and €_,,,4 set as optimization objectives, yields the
results shown in Fig. 6. Three samples were prepared for each chosen
set of parameters. In terms of ¢, the accuracy of the model predic-
tions varies with T,,,,. For the ML1 and ML2 set of parameters (T,
of 800 and 730 °C) the ¢,,, predictions agree fairly well with experimen-
tal results, on average differing by 1.5%, which is within the predicted
uncertainty. At T,,,, 700°C (ML3), this difference increases above the
predicted uncertainty to 6%. In terms of £,,,4, the model predictions
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Fig. 6. IBEA predictions (empty black circles) with selected points (closed tri-
angles) and prediction uncertainty (error bars). Corresponding values from ad-
ditional tests are represented with closed circles.

are more accurate for low ¢,,, values and increase significantly with in-
creasing ¢,,,. The ¢,, values are within the predicted uncertainty, in
the case of ML2 and ML3 parameter combinations, and outside the pre-
dicted uncertainty, in the case of ML1. Interestingly, all experimental
values fall below the predicted values which could be related to the
model’s underestimation of the T,,,, effect. While 7,,,, was evaluated
as the most influential parameter, the model still underestimates the
impact of decreasing the T,,,, from 800 to 730 °C on the total porosity.

The lowest average p,,, achieved by following the results obtained
by IBEA was 165kgm™ (equal to ¢,,, of 93.6%) which is higher when
compared to the best commercial waste-based foamed glass products
for thermal insulation. Furthermore, the average corresponding €, ;5.4
was 84% which suggests that the nature of porosity in the foam is not
completely closed. Low &, Values can affect the material’s insula-
tion performance and limit its applicability, as it becomes unsuitable
for outdoor use in environments subjected to freeze-thaw cycles. When
compared to the properties of the samples from the training set, IBEA
was effective at predicting parameter combinations which resulted in
high values in both optimized parameters (e, ., and ¢,,). For the
synthesis of foamed glass improved properties, achieving high ¢,,, com-
bined with high content of ¢, is crucial. The ability to predict new
parameter combinations that lead to such properties can be of signifi-
cant importance for material optimization.

5. Conclusions

The predictive model for €,,,,;, based on the random forest method,
exhibits a strong correlation between the predicted and actual values
from the training dataset (0.96). The model’s insights into the signif-
icance of individual parameters on specific characteristics of foamed
glass align well with the findings in the literature on foamed glass. How-
ever, further analysis revealed that despite identifying the importance
of certain parameters, the random forest of PCTs inadequately estimates
the influence of certain variables on material properties. This limitation
stems from these parameters being underrepresented or insufficiently
varied in the data, leading to the model’s inability to extrapolate ef-
fectively. When predictions are made for samples with properties that
extend beyond or approach the limits of the training set—such as un-
usually high total or closed porosity—the model’s reliability naturally
decreases. This highlights a common limitation of data-driven models,
where performance tends to decline when extrapolating beyond the do-
main of the training data. Nevertheless, the properties of the samples
synthesized according to the newly predicted compositions are in the
top fraction in comparison to the training dataset when it comes to total
and closed porosity.
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Training an MLP and using its predictions with an optimization al-
gorithm allowed us to obtain several sets of optimal processing param-
eters when optimizing for low p,,, and high €,,,4- The predictions
of the model, along with the uncertainty, were used as input to the
multiobjective optimization algorithm, which yielded a set of optimal
solutions, from which several were chosen to be tested in the labora-
tory. The tests revealed that the prediction capability of the MLP with
the optimization approach yields adequate predictions, even when the
predicted material property values are outside their training set range,
meaning that the second approach extrapolates successfully. Further-
more, the comparison between the properties of the samples from the
training set and newly synthesized samples based on the solutions from
the optimization algorithm reveals that the model was able to predict
points with optimized values in both parameters (p,,, and €/,4)- The
data-driven approach proposed in this paper can significantly accelerate
the optimization process, reducing the need for extensive trial-and-error
experimentation.
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