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A B S T R A C T

Porous alumina ceramics are fabricated using the sacrificial template method to investigate the impact of two
different sphere sizes, PMMA porogen (D50 of 80 and 163 µm) and volume fraction (up to 76 vol%) on material
properties. In order to screen the viable parameter space (where samples are mechanically resistant and
permeable) efficiently and to leverage the possibility to manufacture several samples in parallel, a batch active
learning algorithm coupled with a data-driven model based on Gaussian process classification is developed.
Complementary, a Gaussian process regression (GPR) model is developed to predict permeability trends across
the viable parametric space. Both models are tested and blind-validated experimentally using unseen data. The
combination of GPC and active learning offers a powerful tool for generating effective experimental plans,
particularly when investigating processes with large parametric spaces.

1. Introduction

Porous technical ceramics gained significant attention and devel-
opment in the 20th century, particularly from the 1970s onward, due to
advancements in production techniques and their expanding range of
applications [1]. Since then, they have been widely used in biomedical
engineering, the automotive industries, and various industrial processes.
Porous ceramics characterized by low permeability find applications in
advanced engineering fields, with their performance closely tied to the
features, such as porosity, pore size distribution, connectivity, and tor-
tuosity [2,3]. By adjusting these microstructural attributes, it is possible
to create ceramics that are tailored for specific functional needs. For
example, applications requiring effective transport through the pore
system, like bone scaffolds [4,5], microfiltration [6,7], exhaust gas
filtration for capturing particulates [8], or reference standards for lab
equipment calibration [9].

In addition, infiltrated ceramics created by filling a porous preform
with an additional phase provide improved strength, toughness, and
stability at high temperatures by minimizing open porosity, thus
allowing porous ceramics to be utilized in more challenging mechanical
and thermal conditions for applications like ballistics [10] and dental
implants [11]. On the other hand, thermal insulation applications
leverage ceramics with mainly mesoporous structures and a high degree

of closed porosity, which effectively reduces heat transfer by inhibiting
gas convection and radiation [12]. In summary, the pore morphology is
a key factor influencing porous ceramics applications.

Several methods have been developed for creating porous ceramics,
such as partial sintering [13], direct foaming [14], replica techniques
[15], and the sacrificial template method [16]. Even though partial
sintering provides some control over porosity, it often struggles to
ensure consistent and precise pore properties. The replica technique
forms thin ceramic struts along with strut pores, which results in low
mechanical strength. Direct foaming methods can produce highly
porous structures, but they often face challenges in achieving homoge-
neous pore characteristics and controlling the resulting microstructural
features. On the other hand, the sacrificial template method offers a
more flexible and manageable approach, allowing for precise manipu-
lation of pore architecture.

This research investigates the application of the sacrificial template
technique using PMMA spheres as a porogen for fabricating alumina-
based porous ceramics. This approach provides accurate management
of the pore structure, which is crucial for enhancing performance in
areas such as filtration and bone scaffolding. The ratio of sacrificial
material used in the process significantly affects the final density,
porosity, pore size distribution, mechanical strength, and other physical
properties of the final sample [17,18].
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Depending on the manufacturing parameters, particularly the
quantity and nature of the porogens, the resulting sample will be frac-
tured or remain intact, permeable or impermeable along a direction of
interest. In this article, a sample whose permeability is higher than
10− 16m2 is considered permeable. The prediction of that outcome is
not necessarily trivial, so it is decided to develop a data-driven classi-
fication model. More specifically, Gaussian process classification (GPC)
[19] is chosen. In anticipation of the future need to explore the impact of
numerous processing parameters, a batch active learning strategy is
developed to guide experimental data collection. Active learning is a
machine learning framework in which the algorithm selects the most
informative instances from an unlabelled dataset for annotation by an
oracle, typically a human expert. Active learning methods include error
estimation techniques, such as Expected Error Reduction (EER), which
aims to minimize the model's generalization error [20], model change
methods, like Expected Model Change (EMC), which prioritize instances
that would cause the most significant change to the current model if
labelled [21] and uncertainty sampling, which selects instances based
on label uncertainty [22]. In this article, the latter category of methods is
used. Reference [23] explains the role of data and model uncertainty
relating to material design in active learning. The goal is to optimize
model accuracy with minimal labelled data, thereby reducing annota-
tion costs and the number of required data points because in our case
data point labelling is time-consuming and costly. More precisely it re-
quires manufacturing the corresponding sample to observe its me-
chanical integrity and determining experimentally if it is permeable,

independently. This process can be speed-up through batch
manufacturing. This calls for a batch active learning approach, as the
ones developed in [24,25].

Several Gaussian process regression (GPR) models are developed for
permeability prediction in various contexts. For instance, permeability
calculation from CT scan data of carbonate cores [26], heterogeneous
carbonate reservoirs [27], and prediction of reservoir porosity and
permeability from petrophysical well log data [28]. Additionally, GPR
models have been employed in uncertainty-aware frameworks for
reservoir permeability prediction using different kernels, including the
Gaussian kernel [27,28]. These examples validate the suitability of GPR
for permeability estimation in complex porous materials, supporting its
application in the present study. A significant advantage of GPR is to
estimate the prediction uncertainty in any location of the parametric
domain, which has proved to be beneficial in several material science
studies [29–31].

The experimental data offer valuable insights into the relationship
between processing conditions and material performance and help
streamline the design of porous ceramics. The research findings have the
potential to enhance fabrication processes and improve the efficiency of
porous ceramics in diverse industrial applications, meeting the growing
demand for high-performance materials while minimizing material
wastage.

In this study, we investigate the manufacturing of porous alumina
ceramics utilizing the sacrificial template method, examining how the
volume and size of porogen spheres influence the properties of the

Fig. 1. Sample preparation process. a) Granulometry/ Sphere atomisation diameter distribution of alumina powder and PMMA porogen used in this study, b)
Debinding, and c) Sintering temperature cycles.
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material. Although the sacrificial template method is mostly used for
closed-pore applications. The debinding and sintering conditions were
deliberately selected to preserve microcracks that contribute to pore
connectivity, forming permeable structures with measurable perme-
ability. Along with Gaussian process models to identify the process pa-
rameters and predict permeability. The final reach of this study will be
to generate samples of different porosity levels to study and analysis of
pore morphology and fluid dynamics within them, aiming to develop a
predictive simulationmodel [32], but this is not addressed in this article.

2. Materials and methods

2.1. Materials & sample preparation

The two components used to produce the composite porous material
are alumina and PMMA powders. Atomized alumina BA15W (Al₂O₃)
from Baikowski Chimie (Poisy, France) is a high-purity α alumina spray
dried powder (SPD) of BET-specific surface area of 16 m2/g. Polymethyl
methacrylate (PMMA) spheres from Diakon are provided by Lucite In-
ternational (Rotterdam, Netherlands) and are used as porogen. PMMA is
sieved using a Retsch digital sieve machine (AS series) equipped with
25 µm, 100 µm, and 200 µm mesh sieves to obtain two distinct particle
size ranges referred to as “25–100” and “100–200” in the article, whose
resulting median particle diameters (D₅₀) are approximately 80 µm and
163 µm, respectively. Particle size distribution is measured using the
Mastersizer 3000, Malvern Panalytical, UK, equipped with a dry
dispersion unit (Aero S). Data are processed using Mie theory with
refractive indexes of 1.7659 and 1.488 for alumina powder and PMMA
porogen, respectively, and their particle size distribution is illustrated in
Fig. 1a. The two PMMA size ranges (25–100 and 100–200) exhibit broad
and partially overlapping particle-size distributions due to the limita-
tions of mechanical sieving. Granulometric measurements show that the
overlap occurs around ~116 µm, with fewer than 20 % of the

25–100 µm fraction exceeding this value and a similar proportion of the
100–200 µm fraction falling below it.

Alumina and porogens are combined in volumetric ratios ranging up
to 76 vol% of porogen and homogenized using a TURBULA mixer for
approximately 2 h. The resulting composite powders are compacted
under a uniaxial load of 150 MPa to form a cylindrical green compact of
12 mm diameter and 14–18 mm height using an Instron 5584 testing
machine. The greens are further compressed under an isostatic pressure
of 350 MPa using a Nova Swiss hydraulic machine. The green compact is
then subjected to debinding using Thermolyne Furnace 6000 to remove
alumina binders and porogens, creating a solid porous cylindrical sam-
ple. Debinding is performed at 600 ◦C for 1 h with a heating rate of 1 ◦C/
min. Then sintered using Nabertherm lht 08/17 at 1500 ◦C for 30 min at
a heating rate of 5 ◦C/min. The temperature ramp cycles are given below
in Fig. 1b and c, respectively. Two samples of each mixture are gener-
ated to check the repeatability of the outcome.

2.2. Permeability testing setup

Several methods exist to measure permeability, aside from the more
commonly used laboratory techniques such as the constant head and
falling head permeability tests, which are typically employed to assess
the permeability of soils and concrete [33,34]. One such method is the
pressure drop method, where air or fluid is passed through the material
to create flow. In this method, the pressure difference between the entry
and exit points of the sample is measured, and the flow rate is moni-
tored. By analysing the pressure variation at the desired flow rate, the
permeability of the material can be determined [35,36].

The Darcy law describes the permeability k of a homogenized porous
structure such as:

k =
Q ∗ μ ∗ L
A ∗ ΔP

(1)

Fig. 2. Schematic of the permeability testing setup.

J.G. Gowda et al.
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with k the sample permeability (m²) and Q the volumetric flow rate (m³/
s), A the sample cross-sectional area (m²), ΔP the pressure difference
(Pa), μ the fluid dynamic viscosity (Pa. s), L the sample length (m).

Designing a permeability testing setup requires precise control over
several factors, including flow rate, pressure, and fluid viscosity [37,38].
Based on these requirements, a permeability testing method has been
developed. The setup schematic is illustrated in Fig. 2.

The sample is securely mounted in place using a silicon elastomer
(Shore A45), which compresses the sample radially upon tightening the
upper PMMA tube to the fixed lower tube and assure a perfect radial
sealing of the sample. Distilled water is used as the fluid because its
purity prevents pore clogging to ensure accurate and uncontaminated
measurements. A 1.5 bar pressure chamber is used to pressurise the
fluid, together with a valve which limits the fluid flow rate.

The pressure and temperature during the test are measured syn-
chronously with a data logger HIOKI LR8431–20 equipped with 9
channels, each capable of handling 0–10 V inputs and 10 mA mea-
surements. The fluid temperature is measured with a µ-thermocouple
type K (whose precision is ±0.1 ◦C). The fluid temperature is used to
adjust the fluid dynamic viscosity μ based on its actual temperature
during the test. The thermocouple is placed downstream of the sample.
The pressure is measured upstream of the sample with a pressure sensor
Ashcroft KXF (whose precision is ±0.02 bar). The pressure difference
due to the fluid flow in the sample can therefore be calculated at the end
of the experiment. A camera GO-5100M-USB with a maximum defini-
tion of 2464 × 2056 pixels is used to capture the flow front position in
the transparent tube at a given acquisition frequency. A calibrated scale
is placed in the field of view to ensure an accurate flow measurement. A
field of view of 720 × 2056 pixels and 3941 mm² is used, which leads to
a resolution of ~30 µm/pixel.

All the non-fractured samples are tested to determine their perme-
ability. The two ends of the tested cylindrical sample are polished using
a diamond polishing disc (grits from 20 to 6 µm) for less than 2 min to
enhance surface regularity and minimize the impact of the skin effect

during permeability testing. In this study, we choose a permeability
threshold of 10− 16m2 under which measurements are considered out
of the study range (this will be abbreviated as simply “permeable” in the
remaining sections). This is not due to precision error but to the long
experiments’ duration. Indeed, the pressure chamber used is limited to a
maximum pressure of 1.5 bar, if we assume a sample with permeability
of ∼ 5 ∗ 10− 17m2 the resulting flow rate would be 0.08 mm/min and the
time for the fluid flow front to reach 10 mm displacement would be
approximately 2 h. By considering a permeability of 10− 16m2, the time
of a test at maximum pressure is approximately 60 min, which allows
several tests to be performed by day. Mass flow measurements are
recorded simultaneously during the testing using a Coriolis mass flow
sensor (OPTIMASS 3000 S01, KROHNE, Germany) with a precision error
of less than 1 %, in order to validate the developed permeability mea-
surement technique.

2.3. Workflow for the active learning model construction

The aim of the approach is to use the collected experimental data to
feed a model able to predict if a given distribution of porogens will lead
to a viable sample, i.e., non-fractured and sufficiently permeable for the
permeability measurement. In machine learning, this task is called
classification. Once the frontiers of the set of viable samples have been
delimited, another model is built, that predicts the permeability of the
sample from the porogens distribution inside this set. This second task is
a regression on the permeability, and it is performed in this article as an
example to show potential further analysis once the set of viable samples
has been delimited.

For both classification and regression tasks, the input vector encodes
the distribution of porogens used as sacrificial template. The porogens
are separated into two classes (25–100 and 100–200), and the input is a
2-dimensional vector of which each component is the volumic propor-
tion of each of these two classes. Obviously, a model could be built with
more classes of porogens, and it is expected to be more accurate,

Fig. 3. Flowchart of active learning algorithm for determining the valid process region.

J.G. Gowda et al.
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although it could be harder to train and interpret. A 2D parametric space
has the advantage of making the outcome easier to display and analyse,
which is beneficial for this proof of concept.

All dependencies related to the hyperparameters used for optimising
the standard deviation through marginal likelihood estimation are
detailed in Annex A.2. The methodology outlines the parameter selec-
tion and optimisation process applied to the predictive model. As a data-
driven approach, the model’s accuracy is highly dependent on both the
quantity and the diversity of the input data.

2.3.1. Classification
A first classification operation is performed to determine the frontier

of the set of non-fractured samples, while a second classification oper-
ation determines the frontier of the set of permeable samples. Both are
done with the Gaussian process classification (GPC) algorithm described
in Section 2.4, which returns as output a fuzzy indicator value (a real
number in the interval [0,1]). The frontier of each set is the 0.5 isovalue
of the corresponding output value.

Both classification outcomes are combined by multiplying both
values (logical “and”) to obtain an indicator value that represents the
viability of the sample. The 0.5 isovalue of that last indicator is the
frontier of the set of viable samples.

Note that it is possible to achieve the classification directly with the
“viable” and “non-viable” classes. However, our practical tests suggest
that this direct approach is less effective (in the sense of accuracy and
required data quantity) than the above-described one. This is probably
linked to the fact that each classification model optimizes its hyper-
parameters through the maximal marginal likelihood method. Having
one model dedicated to fracture and the other to permeability makes
them able to optimize their hyperparameters independently and thus to
have a higher overall likelihood.

GPC is not a classical approach, and the one used in this study is a
simplified version usually found in the literature, which is why it is
described in Section 2.4.

2.3.2. Multipoint active learning
The input data x is a vector of R2 that contains the volume fraction of

each of the two classes of porogen used (25–100 and 100–200). How-
ever, the classification approach is expected to be more useful in cases
where the number of parameters of the process is higher, which makes
the choice of the dataset not trivial by hand.

This is the reason why the development of an active learning algo-
rithm is deemed useful. This algorithm, mathematically described in
Section 2.4.2, analyses the outcome of the classification model to
determine the best positions, in the parametric space, where new data
points would improve the model at best. For practical reasons, it is more
convenient to manufacture samples by batches rather than one-by-one,
motivating the need for a multipoint (or batch) active learning method.

The full active learning workflow consists in adding iteratively
batches of points to enrich the model. These points are labelled through
the manufacturing of corresponding samples and the evaluation of
permeability and fracture, then incorporated into the database. This
addition and labelling of a batch will be referred to as an iteration of the
active learning algorithm. There are two classification tasks (fracture
and permeability) done on the same database. At each iteration, the
active learning optimiser computes data points dedicated to each of the
classification tasks. Once labelled, those points are added together to the
database, Fig. 3 shows the Flowchart of the active learning algorithm for
fracture and permeability.

2.3.3. Permeability regression
The data-driven prevision of permeability inside the viable region of

parametric space is done through Gaussian process regression, which is a
very classical method of which main aspects are given in Annex A. The
only subtility in this part is that, as the experimental uncertainty on the
measurement seems to be relative, the permeability can be assumed to

follow a log-normal probability distribution law. Hence, its logarithm is
assumed to obey a Gaussian distribution law, and the regression is
actually done on this logarithm rather than the permeability itself.

2.4. Gaussian process classification

Gaussian process classification (GPC) [19] extends Gaussian process
regression (GPR) to binary classification by modelling class probabilities
through a non-parametric, probabilistic approach. It maps input features
to a latent space and applies a sigmoid function to predict class proba-
bilities while quantifying uncertainty. This makes GPC particularly
useful for small or sparse datasets, as it provides both predictions and
uncertainty estimates.

Additionally, GPC captures complex patterns that methods like
Random Forest [39] and Support Vector Networks [40] might overlook.
This enhances the predictive potential of GPC. Scikit-learn [41], is an
open-source machine learning library for Python, widely used for data
analysis, modelling, and machine learning tasks. It is utilized in this
work to pre-prototype the code and compare the GPC method with other
classification approaches. However, the end results displayed in this
article are obtained with a direct re-implementation of the GPC method
[42], which is required for developing the active learning algorithm
[43].

2.4.1. Classification through Gaussian process regression
Following the idea of [19], the classification is performed by

applying a sigmoid function to a latent variable, which is subject to GPR.

c = f(x) = g(y)withy = h(x) (2)

where c ∈ [0,1] represents the membership to the default class. In this
study, for the presence of cracks, 0 represents fractured samples, and for
the permeability, 0 represents impermeable samples. y ∈ R is the latent
variable. The function g is the sigmoid, and the function h is the latent
function, obtained by GPR.

g(y) =
1

1+ e− y (3)

If the amplitude of the latent variable y is sufficiently big, c tends
towards a Boolean variable.

In [19], the authors establish the formula for the Bayesian inference
through the sigmoid function and derive the algorithm for GPC which is
implemented in Scikit-learn. This algorithm is non-explicit in the sense
that it requires the resolution of a nonlinear problem through Newton's
method. The multipoint active learning strategy detailed in Section 2.4.2
does not seem to be directly applicable to this GPC method. This is why,
in the present study, a more sequential and naiver version of GPC is
used. This approach consists of writing explicitly the latent variable y by
attributing pre-determined and "sufficiently high" values ± ξ to the
points of the dataset and performing Gaussian process regression on this
variable. The sigmoid function is then applied to the output to obtain c.
In our implementation, ξ = 10 (see Annex B.1 for details on this choice).

The class variable c can be interpreted in the framework of fuzzy
logic as the probability of the point belonging to the 1 class. This is how a
margin where the confidence is lower than 90 % can be defined as the
set of points for which c ∈ [0.05,0.95]. This margin will be referred to as
the uncertainty margin in the remainder of this article.

A comparison between our approach and the reference method of
[19] is expected to turn in favour of the latter because of its sound
mathematical foundations. This is why a perspective of our work is to
adapt the batch active learning strategy to it. Nevertheless, a comparison
between our simplified GPC formulation and a scikit-learn imple-
mentation based on [19] is provided in Annex F, confirming that both
approaches yield nearly identical decision frontiers while exhibiting
minor differences in stability at the two frontiers.

J.G. Gowda et al.
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2.4.2. Multipoint active learning strategy
Given an initial and very sparse set of labelled data points {xn}n=1..N

the task of the Active Learning algorithm is to find the set of points
{x̂i}i=1..I to add to the database in order to enrich the model at best. The

term “best” has to be defined in sense of a certain cost-function. The
chosen approach optimizes a cost function balancing uncertainty
reduction and sample diversity. This combination aims at improving
model accuracy with fewer labelled samples, reducing experimental

Fig. 4. Optical images of cross sections aligned to the sample axis: sample elaborated a) with 30 vol% of 25–100 PMMA porogen, b) with 30 vol% of 25–200, c) with
30 vol% of 100–200, d) with 60 vol% of 25–100, e) with 60 vol% of 25–200, and f) with 60 vol% of 100–200. Alumina appears as light grey, resin as dark, and
unfilled pores as black. (25–200 is an equal volume mix of 25–100 and 100–200 porogen).

Fig. 5. Sintered porous ceramic samples elaborated with PMMA porogen volume of a) 30 vol% of 25–100, b) 20.70 vol% of 25–100 and 41.53 vol% of 100–200 and
c) 76 vol% of 25–100. (*Measurements are in mm scale).

J.G. Gowda et al.
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costs.
The set of points {x̂i}i=1..I minimizes the following cost function φ:

φξ is a fitness cost: low if the point is close to the zero iso-value of the
latent function h, which is the frontier between the two classes.

φk is an exploration cost: high if the points resemble points already in
the database. It is the Frobenius norm of the intercorrelation matrix
between the new samples and the already existing samples.

φ is optimised through a gradient algorithm with multiple initial
guesses to overcome local minima. Note that this approach is not
optimal and might benefit from a dedicated non-convex optimization
method.

Hyperparametersofthemethod|
λ is the correlation length

K is the weighting term for exploration
ξ is the value ± 10

2.4.3. Comparison with existing frameworks
The proposed approach shares technical similarities with Bayesian

Optimization (BO) [44–46] and Reinforcement Learning (RL) [47,48],

as all three methods focus on the selection of new data points to best
match a target. BO, in particular, is closely aligned with our method
through its use of surrogate models like Gaussian Process Regression
(GPR) and Gaussian Process Classification (GPC). The developed batch
active learning framework, however, distinguishes itself from it in
several ways:

First, concerning the purpose of the approach, BO and RL focus on
maximizing an objective function to determine the material composition
that maximizes the desired property. In contrast, our batch active
learning strategy aims to enhance the predictive model itself by selecting
the most informative points to label. The objective of our model is to
identify the range of samples that are mechanically resistant and
permeable, rather than only placing the extremes (minimum or
maximum) of permeability for mechanically resistant samples.

Fig. 6. a) Image processing of the permeability test in MATLAB to calculate the flow velocity for the 60 vol% PMMA porogen sample. b) Variation of flow pressure
and mass w.r.t. time during one of the permeability tests. c) Permeability K of the sample for two tests. The horizontal error bar represents the uncertainty from the
pressure gauge, while the vertical error bar corresponds to uncertainties in velocity and fluid viscosity for the developed image-based method, and to mass flow meter
and fluid viscosity errors for the mass flow method.

(4)

J.G. Gowda et al.
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Second, BO and RL frameworks are mostly sequential or one-by-one
prediction. Although batch extensions seem to be possible in the two
frameworks, our method is explicitly designed for batch querying
because we apply it to experimental data, contrary to BO, which is
usually applied to data obtained through computations.

To conclude, the approach proposed is very close technically to BO,
with the algorithmic differences between them being nearly anecdotal.
It would probably not be very hard to transform our code into a BO code,
and vice versa. Both methods, however, have quite different objectives
that drive those technical differences.

3. Results

3.1. Sample microstructure

The effect of porogen vol% and sphere size on the microstructure is
examined using an inverted optical microscope X51. The micrographs in
Fig. 4 reveal distinct differences in pore characteristics between samples
elaborated with 30 and 60 vol% of porogen, using 25–100, 25–200
(equal mixture of 25–100 and 100–200) and 100–200. During debind-
ing, PMMA burnout generated microcracks, the morphology of which
depends on the heating rate [49]. These microcracks subsequently
formed a connecting network between the pores. Prior to imaging, the
samples are vacuum-infused with Epothin 2 resin to prefill the pores and
ensure high-quality polishing. In the micrographs, alumina appears as
light grey, resin as dark grey, and unfilled pores as black. After
debinding and sintering, the 30 vol% porogen samples (Fig. 4a, b & c)

exhibited low porosity and limited connectivity, whereas the 60 vol%
porogen samples (Fig. 4d, e & f) showed higher porosity with improved
interconnectivity. This trend is also visible through the grayscale of
pores, as there are many unfilled pores in the 30 vol% 25–100 (Fig. 4a)
than on the 60 vol% 25–100 (Fig. 4d).

3.2. Fracture results

The size of porogen spheres used in the fabrication of porous ce-
ramics has a high impact on the mechanical integrity, which tends to
decrease with increasing porogen size [50] and directly contributes to
the fracture of the sample. The mechanical integrity (fracture) of
alumina ceramics fabricated using the sacrificial template method is
significantly influenced by the ratio of porogen. An increase in the
porogen volume leads to elevated porosity in the ceramic [51]. These
voids formed during porogen removal act as stress concentrators,
thereby decreasing the mechanical integrity and increasing suscepti-
bility to crack initiation and propagation. In this study, fractured sam-
ples are defined as those exhibiting large external cracks, as in Fig. 5c.
Internal cracks are excluded from analysis due to challenges in charac-
terization and accessibility. As observed in Fig. 5, an increase in the
volume of porogen leads to a deterioration in the surface quality of the
ceramic cylinder, ultimately resulting in fracture at a certain volume
percentage.

3.3. Permeability test data analysis

During the test, the flow velocity, pressure, temperature, and mass
flow are recorded utilizing a mix of image analysis, flow pressure,
temperature, and mass flow data acquisition. A suitable MATLAB code is
developed in-lab to analyze the recorded data. Fig. 6 shows an example
of permeability measurements made on 60 vol% porogen, consisting of
equal percentages of 25–100 and 100–200.

Flow velocity is estimated by placing a floating sphere in the tube
above the sample. A manual point is selected on the first image of the
video to identify the center of the sphere. The vertical line passing
through this point is used to compute the position of the bottom of the
sphere at each frame. When the grayscale values along this line exceed
40 % of the maximum intensity, their positions are detected, and the
first occurrence corresponds to the bottom of the sphere. The detected
points are expressed against time, and a linear regression is fitted to
calculate the flow rate during the test. The R2 obtained for all mea-
surements is always higher than 0.99, which confirms the hypothesis of
constant flow rate (see Fig. 6a).

Pressure and mass flow variation are recorded using a Hioki multi-
meter. Fig. 6b shows the evolution of mass flow rate and pressure as a
function of time. The red parts on the curves highlight the steady state
zone during the test, which is where ΔP andmass flow are considered for
calculation. The thermocouple measurement is also recorded during the
test to adjust the fluid viscosity. Finally, Fig. 6c shows the permeability
measurement of the sample from the image-based method and from the
mass flow meter. The average values are 6.97 ∗ 10− 13m2 and
6.99 ∗ 10− 13m2, respectively corresponding to a relative difference of
less than 1 %. This close agreement helps to validate the developed
testing and processing method. The horizontal error bar represents the
uncertainty from the pressure gauge, while the vertical error bar cor-
responds to uncertainties in velocity and fluid viscosity for the devel-
oped image-based method, and to mass flowmeter and fluid viscosity
errors for the mass flow method. The permeability trends presented in
Fig. 7 illustrate the influence of using the two porogen-size ranges and
vol% on the resulting permeability values. The colorscale represents the
relative proportion of 25–100 porogen type over the total porogen
volume. It is interesting to see that the data are not superimposed into a
single master-curve, which means that total porogen volume does not
pilot the permeability alone. Particularly in the left part of the curve,

Fig. 7. PMMA vol% vs permeability.

Table 2
Initial arbitrary mixture samples manufactured for data collection for the model.

Sample no. 25–100 vol% 100–200 vol% Fractured Permeable

1 0 0 No No
2 25 0 No No
3 0 25 No Yes
4 30 0 No Yes
5 15 15 No Yes
6 0 30 No Yes
7 35 0 No Yes
8 0 35 No Yes
9 50 0 No Yes
10 25 25 No Yes
11 0 50 No Yes
12 60 0 No Yes
13 30 30 No Yes
14 0 60 No Yes
15 32,5 32,5 Yes Yes
16 0 70 Yes Yes
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where the higher the percentage of small porogen, the lower the
permeability. This relation does not seem to hold for the entire porogen
volume range. The role of the developed regression model is to quantify
the complex interplay between porogen volume and sizes.

3.4. Model construction and predictions

To develop a data-driven fracture prediction model, it is crucial to
provide a sufficient range of experimental data to allow the model to
learn and predict fracture behavior at various alumina and porogen vol
%. Arbitrary mixture samples as shown in Table 2, are produced with
porogen content ranging from 0 to 70 vol%. Experimental results indi-
cated that the samples produced with the two different porogen sphere
size mixtures remained intact at 60 vol%. However, fractures are

observed with samples of 70 vol% of 100–200 and at 65 vol% of an
equal mix of 25–100 & 100–200 porogens.

GPR is sensitive to the mean of data values. At the initialization of the
active learning process, to deal with unbalanced data sets (with way
more points of one class than the other), it is thus necessary to introduce
fictive data points at the physically defined extremes (e.g., 100 % of
alumina or PMMA). The number itself (six points on each side) is chosen
as sufficient for the frontier not to meet the 100 % PMMA nor the 100 %
alumina extremes. That being stated, it is possible to run the process
without those fictive points. The results are detailed in Annex C of the
supplementary material.

Fictive data points can be identified as red disks at a 100 % range and
blue disks at 0 % in Figs. 8 and 9, while the samples that are fabricated
are represented by crosses “ + ”. The uncertainty margin (zone where

Fig. 8. Fracture determination points of the model’s interest, a) Iteration 0, b) Iteration 1, and c) Iteration 2, along with uncertainty margin. (In the plots, points in
red = fractured, blue = non-fractured, white = model proposed samples, and plot bar 1 = sample is not fractured & 0 = sample is fractured).

Fig. 9. Permeability determination points of the model’s interest a) Iteration 0, b) Iteration 1, and c) Iteration 2, along with uncertainty margin. (In the plots, points
in red = non-permeable, blue = permeable, white = model proposed samples, and plot bar 1 = sample is permeable & 0 = sample is not permeable).

Table 4
Iteration 1 determination points.

Sample no. 25–100 vol% 100–200 vol% Fractured Permeable

25 52.99 11.19 No Yes
26 9.33 56.99 No Yes
27 20.70 41.53 No Yes
28 40.77 20.24 No Yes
29 0 17.11 No No
30 26.75 6.28 No Yes
31 7.43 14.91 No Yes
32 20.20 10.48 No Yes

Table 3
Iteration 0 determination points.

Sample no. 25–100 vol% 100–200 vol% Fractured Permeable

17 20.36 52.52 Yes Yes
18 62.44 15.61 Yes Yes
19 47.82 25.68 Yes Yes
20 76.14 0 Yes Yes
21 23.4 2.15 No No
22 0 11.32 No No
23 16.99 5.08 No No
24 9.01 8.39 No No
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the latent variable is in the interval [0.05,0.95] and the confidence in
classification is lower than 90 %) is depicted by the white dashed line in
the active learning plots.

3.4.1. Fracture prediction iteration
The model is initially trained using data from Table 2. Based on the

initial database, the GPC is run, and the batch active learning algorithm
proposes four additional points to be tested. These points are listed in
Table 3 from sample nos 17–20, and are represented as white stars in
Fig. 8 a. They are identified by the model as the most beneficial for
reducing its uncertainty, i.e., enhancing its prediction ability of the
fracture limit as described in Section 2.3.2. Ceramic samples are man-
ufactured with the mixture of porogen vol% listed in Table 3. Fracture is
observed in all 4 samples. The results are then added to the database to
refine the classification model.

After updating the database, a second iteration of the algorithm is
performed to give four new mixtures, to give four new mixtures of
porogen vol% as shown in Table 4 from 25 to 28 and white stars in Fig. 8
b. Interestingly, the four different mixture ratios remained non-
fractured. Fig. 8 c shows the classification model at the end of the pro-
cess, the new proposed points are not fabricated. In the last iteration,
fracture boundary shifts toward higher vol%. Also, we can see that
samples manufactured with the 25–100 breaks at slightly higher vol%
compared to 100–200, highlighting the effect of porogen size on mate-
rial fracture resistance. As shown in Fig. 8 a – c, the margin width de-
creases when additional data points are introduced within it.

3.4.2. Permeability prediction iteration
From the initial testing data, the impact of porogen size can be

clearly identified on the sample’s permeability, i.e., the 25 vol% poro-
gen sample of 100–200 porogen has a permeability higher than the set
limit while the 25–100 is comparatively 40 % lower. As there is no
sample between 0 and 25 vol% porogen, the model proposes a batch of
points in this range. Those points are 21–24 in Table 3 and are also
shown as the white stars on Fig. 9a. Similar to fracture prediction, the
iteration 0 results update is used to generate one more (or two more)
iteration. Upon implementing these results in the model, a new set of
points is proposed as 29–32 in Table 4 and are shown in Fig. 9b. Out of
the 4 mixtures, only sample 14 is not permeable. After updating these
results, in the GPC model optimisation, the influence of porogen size on
permeability can be clearly identified in Fig. 9c, which also contains new
iteration points in white stars that are not fabricated. In Fig. 9, we can
clearly see the decrease in the uncertainty margin as the model gets
more data inputs.

3.5. Permeability regression model

Following the classification step, the non-fractured samples from the
initial dataset and the 2 iterations are subjected to permeability mea-
surements. Among these, the samples that are permeable are selected as
the training dataset for the regression model, as summarized in Table 5.
Each data point in this dataset represents a distinct combination of
porogen size and vol%, together with the corresponding permeability
value. The GPR framework is employed to model the complex, non-
linear relationships between the processing parameters and the result-
ing permeability. In addition to mean predictions, the advantage of the
model is to get an estimation of the associated uncertainty. Fig. 10 shows
the regression model result as a permeability map in the valid process
region.

4. Discussion

A novel methodology to help construct a frugal experimental plan for
multi-parameter processes is developed. Experimental findings reveal a
distinct pattern showing a clear and anticipated trend that increasing
porogen volume typically improves the permeability of the material
while decreasing the mechanical integrity. Also, increasing porogen size
decreases the mechanical integrity [50,52] and increases the perme-
ability property of the porous material [53,54]. The fact that our results
match this well-known trend tends to validate the proposed
methodology.

The parametric influence can be observed through the asymmetry in
the models’ results. Fig. 11a shows that the combination of the upper
boundary for fracture (Fig. 8c) and the lower boundary for permeability
(Fig. 9c) results in the valid process region.

Before the active learning algorithm is run, model uncertainty is
mostly epistemic, indicating a deficiency in knowledge or understanding

Table 5
Permeability test results.

Sample no. 25–100 vol% 100–200 vol% Experimental Permeability (m²) Sample No. 25–100 vol% 100–200 vol% Experimental Permeability (m²)

2 25 0 4,20E-17 15–20 are fractured
3 0 25 5,60E-16 21 23,41 2,15 5,01E-17
4 30 0 2,25E-16 22 0 11,33 -
5 15 15 5,75E-16 23 16,99 5,08 5,67E-17
6 0 30 1,78E-15 24 9,02 8,4 5,98E-18
7 35 0 5,31E-16 25 52,99 11,19 1,36E-12
8 0 35 3,67E-15 26 9,33 57 3,09E-12
9 50 0 1,13E-14 27 20,7 41,53 1,06E-12
10 25 25 1,74E-14 28 40,77 20,25 5,46E-13
11 0 50 3,02E-14 29 0 17,12 6,48E-17
12 60 0 2,20E-13 30 26,75 6,28 5,81E-16
13 30 30 6,97E-13 31 7,44 14,91 1,72E-16
14 0 60 2,17E-13 32 20,21 10,49 3,49E-16

Fig. 10. Permeability map obtained from the GPR model trained with the
samples illustrated as blue crosses (plot bar represents the permeability range).
Only the valid process region is shown here.
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that can be diminished through better information. As additional data is
collected, this uncertainty transitions to aleatoric, arising from the
randomness or variability present in the process [55]. The uncertainty
margin is particularly meaningful in the characterization of porous ce-
ramics, where stochastic factors such as the agglomeration or distribu-
tion of porogen can influence fracture and permeability behavior of the
material, making uncertainty thresholds vital for successful model
training.

The data density at the boundary is too limited to reliably define
irregularities of characteristic length smaller than ~10 % on the curve.
In particular, the small irregularities seen in Fig. 8c are clearly artificial
features created by the data points themselves. But the classification
model comes with its uncertainty zone, whose purpose is to inform the
user of this limited reliability at small scales. The goal of our develop-
ment is to provide a tool to create a model with controlled reliability,
which can be high or low depending on the user’s willingness to provide
more or less data points.

However, a very important point is that it is not possible to get the
width of this uncertainty zone to shrink towards zero. As uncertainty
transitions from epistemic to aleatoric when the number of data points
increases, it will ultimately tend towards an asymptotic value linked to
intrinsic material variability, particularly the porogen content and its
distribution. Further details are in Annex D of the supplementary
material.

To evaluate the model in the uncertainty margin, a set of validation
points is proposed manually as given in Table 6. Fig. 11b shows them as
diamond-shaped arbitrary mixture points. These points are not included
in the model’s database. A 70 vol% of 25–100 sample confirms the effect
of porogen size on the mechanical integrity of the porous ceramic. Even
though the sample seemed to be non-fractured, the surface shows un-
even surface quality as shown in Fig. 11b. Also, the diamond points in
the lower mixture ratio fall close to the contour, and their permeability
values are approximately ±20 % of our set limit. The above observa-
tions might indicate that in the uncertainty margin, the results are
aleatoric, and thus not reproducible from a process point of view. This is
the reason why both types of points still lie within the uncertainty
margin. The width of the uncertainty margin is approximately 4.5 and
3.5 vol% at the fracture and permeability end of the domain,

Fig. 11. Plot showing the range where the samples are a) not fractured and are permeable, and b) additional points in diamond shape that are fabricated during the
model development, that fall within the uncertainty margin. (In the plots, points in red = non-permeable or fractured, blue = non-fractured or permeable, and plot
bar 1 = sample is not fractured and permeable, 0 = sample is fractured or not permeable; sample measurements are in mm scale).

Fig. 12. Comparison plot of the experimental and GPR predicted permeability,
where MS is the mean squared value.

Table 6
Validation point.

Sample no. 25–100 vol% 100–200 vol% Fractured Permeable Experimental Permeability (m²)

33 54.41 13.27 No Yes 1,90E-12
34 18.61 46.52 No Yes 1,38E-12
35 67.60 0.00 No Yes 2,21E-12
36 43.07 22.26 No Yes 1,69E-12
37 0 15.673 No No 2,62E-17
38 23.50 3.26 No Yes 1,54E-16
39 7.79 12.84 No No 6,49E-17
40 17.36 7.67 No No 8,63E-17
41 43,69 0 No Yes 5,91E-15
42 14,78 29,54 No Yes 1,14E-14
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respectively. This corresponds to a valid process region (yellow region)
in Fig. 11, where the samples are non-fractured and permeable. These
low margin levels demonstrate good control over the manufacturing
process.

Additional leave-one-out tests, presented in Annex E, further
demonstrate how the decision boundary responds to the presence or
absence of individual data points and confirm the stabilizing effect upon
adding new data points at the process boundaries.

It must be noted that the present study focuses on determining the
bounds of the experimental domain, which leads to a high density of
data at the edges of this domain. In that sense, the resulting database
presents a study that is less suited for regression of permeability inside
the domain since less data are available.

Following the GPC results, the predictions obtained by the developed
GPRmodel are illustrated in Fig. 12, where a direct comparison between
model prediction and experimental permeability is proposed. The mean
squared error (MS) for the training dataset points (TP – permeable
samples from 1 to 32) is relatively low at 0.08, indicating an excellent fit
within the trained domain. However, the model exhibits higher pre-
diction errors at the extreme regions of the valid process domain,
particularly for the Fracture boundary points (FBP – samples from 33 to
36) and Permeable boundary points (PBP- samples from 39 to 40). For
PBP, the model tends to overestimate permeability, yielding a high MS
value of 1.54. This poor prediction arises because these points lie outside
the valid process region where the GPR model was not trained. The MS
for the fracture boundary points is 0.30. When test points lie far from the
training domain, the model tends to revert toward the global mean of the
training data, producing predictions closer to the average value rather
than capturing extreme experimental variations. In contrast, Interpo-
lated points (IP – samples 41& 42) located near the central region of the
permeability classification range are well-covered by the training data,
yielding a much lower MS of 0.13. This highlights the importance of
ensuring that test points lie within or close to the trained region to
maintain accurate predictions and avoid bias toward the dataset mean.

From both experimental permeability measurements and predictive
modelling, a clear non-monotonous behaviour of permeability with
respect to the same porogen vol% is observed. Fig. 12a illustrates the
distribution of the database (as ‘O’ in black) and validation points (as
diamond shapes in red, blue, and green) on the valid process region,
with diagonal lines indicating 30, 50, and 60 vol% porogen. As illus-
trated in Fig. 13b, the influence of pore size and microcracks generated
by the porogens on permeability is particularly evident at lower porogen
contents. Samples prepared with the larger porogen (100–200) exhibit
higher permeability than those made with the smaller porogen (25–100)

at the same vol%. This can be explained by observing that the two
different porogen sizes differ mostly by scale (see Fig. 4). And the scale
effect for permeability is analytic: the permeability is proportional to the
square of the microstructure’s characteristic length. With increasing
porogen content, this effect, however becomes less pronounced.
Furthermore, for a mixed-porogen composition of approximately 60 vol
% (combining 25–100 and 100–200 porogens equally), the measured
permeability exceeds that of the other samples, apparently due to an
interactive effect arising from the bimodal pore size distribution, which
is absent at lower porogen contents. Also, observing Figs. 4e and 4f, we
can see that 4e has higher coalescence compared to 4 f. To the authors’
knowledge, this phenomenon has not been explained yet from a theo-
retical perspective and deserves further investigation. Additionally, as a
non-definitive observation, we note that the extent of incomplete resin
infusion into the samples for polishing varies with the material's porosity
and pore connectivity. This pattern indicates that microstructural
characteristics could affect the consistency of resin penetration.

5. Conclusion

This research focuses on the fabrication of porous, permeable
alumina ceramics using the sacrificial template technique. The influence
of porogen size and volume percentage on the sample permeability and
mechanical resistance is well documented in the literature. However,
the characterization of the process parameters’ limits to obtain a viable
sample (permeable and not fractured) is not systematically studied,
necessitating experimental determination for each case. To address this
problem, we developed a batch active learning algorithm based on
Gaussian process classification (GPC) to iteratively determine the viable
domain with a limited set of experimental data. One of the main de-
velopments of this study is to work with a batch mode, allowing to
manufacture and test several samples in parallel, which is of particular
interest for the powder metallurgy process. In this study, we demon-
strated the approach with two parameters as a proof of concept to
visualize the model's response. However, the goal of this development is
to address more complex problems where identifying the optimal
experimental conditions is not intuitive. For instance, numerous process
parameters such as porogen with different shapes and sizes, debinding
and sintering ramp temperature, compaction loads, etc. The scaling
challenges associated with extending the model to higher-dimensional
parameter spaces are outlined in Annex G of the supplementary
material.

Thanks to a carefully designed permeability bench, the fine interplay
between porogen size and vol% is highlighted: At low volume

Fig. 13. a) Distribution of the database (as ‘+’ in black and ‘o’ for 30,50, & 60 vol% points) and validation points (as diamond shapes) on the valid process region,
with diagonal lines indicating 30, 50, and 60 vol% porogen (plot bar represents the permeability range). b) Experimental (dark dots) and predicted (solid lines)
permeability values of the 30, 50, and 60 vol% porogen samples shown in green, blue, and red, respectively. The experimental standard deviation is smaller than the
dot size and thus not visible, while the dashed lines (‘– –’) represent the standard deviation of the predicted permeability.
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percentage, the smaller the porogens, the lower the permeability, which
is explained by the theory of permeability. And at high vol%, the trend is
less obvious, and the higher permeability is obtained for a 50/50
mixture. This finding is hard to explain theoretically and would require
more investigation. In the identified viable domain, a Gaussian process
regression (GPR) model is implemented to predict the permeability of
defined process parameter samples. The GPR model captures the non-
monotonous relationship between porogen parameters (vol% and size)
and resulting permeability, allowing for quantitative prediction of ma-
terial properties.

This work provides a technical demonstration of a data-driven
process–property model with quantitative predictive capabilities.
Although such models do not, by themselves, yield new physical insight,
they offer a powerful framework for investigating underlying mecha-
nisms as a perspective of this work. Here, we focused on the influence of
porogen content on permeability and mechanical integrity to highlight
the potential of our batch active-learning strategy. It must be noted that
this back-and-forth model-experiment methodology is not broadly used
in experimental material science. The developed active learning algo-
rithm and GPR model can thus be generalised to any manufacturing
method, particularly for processes with a limited amount of material
available or high-cost experiments (nuclear industry, aeronautics).
Finally, we intend to develop a regression model relating pore
morphology to permeability and to compare our results with the existing
parametric correlation equations [56] relating permeability to porosity,
pore size, pore throat size, and connectivity. Interesting experimental
studies have been conducted to compare pore structure and perme-
ability [57].

The toolkit developed for building the presented models and the
active-learning procedure is made available in a GitLab repository [42].
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