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* A hybrid surrogate workflow for supporting manufacturing slurries.
+ Deep learning to predict 3D slurry microstructures of the fuel-electrode support.
« A digital modelling tool to accelerate the slurry simulation.

ARTICLE INFO ABSTRACT

Keywords: Efficient modelling of tape-cast slurry microstructures is a key requirement for accelerating the manufacturing
Solid oxide cells development of solid oxide cell (SOC) fuel-electrode substrates. While physics-based discrete element method
Anode substrate (DEM) simulations provide high-fidelity microstructural insight, their computational cost restricts rapid process

Tape casting
Computational modelling
Discrete element method
Deep learning

exploration. This work presents a hybrid surrogate modelling framework that combines DEM simulations with
deep learning to efficiently model tape-cast slurry microstructures of the fuel-electrode substrate. Our proposed
framework captures how processing parameters influence the resulting slurry microstructure at the particle
scale, enabling prediction of the slurry microstructure without the cost of full-scale DEM simulations. The
hybrid model reliably reproduces key microstructural characteristics and microstructural metrics consistent
with physics-based observations of DEM-generated data, demonstrating the robustness of the hybrid modelling
strategy. Our hybrid surrogate approach minimised the computational cost versus the pure DEM simulation,
reducing the calculation time from 1230 to 30 min for the whole slurry simulation process. Although
certain slurry microstructures still present minor deviations, the approach reduces reliance on computationally
intensive DEM simulations and supports faster validation and early-stage optimisation. As a proof of concept,
our work provides a foundation for developing data-efficient and scalable digital modelling tools that could
support high-throughput and guide experiments in the SOC manufacturing research field.

1. Introduction range from 650 °C to 900 °C [1,2], namely solid oxide fuel cell and
solid oxide electrolysis cell. In fuel cell mode, SOCs directly convert the

Renewable or green energy sources are becoming more desirable electrochemical energy of the fuel into electrical energy. Alternatively,
due to the dual challenges of climate change and energy security. in SOEC mode, the solid oxide cell technology generates oxygen and hy-
Amongst the diverse technologies being advanced to utilise green en- drogen from water splitting. Owing to the high-temperature operation
ergy, Solid oxide cells (SOCs) have emerged as a promising solution in of SOCs, the fuel flexibility of SOCs, which allows operation on carbo-

hydrate fuels with internal or external reforming, is a notable benefit.

the search for cleaner and more efficient energy solutions. There are ) .
SOCs have a much better tolerance against such contaminants and may

two operating modes in a unit of SOCs within the high-temperature
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Fig. 1. Schematic representation of the hybrid surrogate model for 3D slurry microstructure prediction of the fuel-electrode substrate. The workflow integrates
DEM simulations (grey arrows) and the DL (red arrow) at the slurry preparation stage, where the slurries generated from the full DEM simulation are our
ground-truth data. The equilibrated slurry obtained from the hybrid model was compared with the target slurry from the pure DEM simulation.

even use impurities such as CO as fuel. In contrast, low-temperature
fuel cells, such as proton exchange membrane fuel cells (PEMFCs), are
hypersensitive to the presence of certain fuel gas impurities, particu-
larly CO and CO, [2,3]. Nevertheless, one of the main objectives of
the research and development of SOCs is to reduce the cost associated
with low-cost materials, the commercialisation of cell and stack as well
as component manufacturing, and performance improvement [4]. It is,
therefore, necessary to implement manufacturing procedures that lower
the cost of production for each SOC unit.

A tape-casting process, also called a doctor-blading or knife-coating
process, is a well-known technique that is widely used for the manufac-
ture of thin and flat ceramic substrates in the ceramics industry [5,6].
This technology enables the low-cost, large-scale production of ceramic
green tapes with a consistent thickness between 5 and 1000 pm in the fi-
nal fired state [7]. These ceramic green sheets serve as the foundational
material for the production of substrates and ceramic multilayer de-
vices, such as gas sensors, actuators, high-integrated circuits, inductors,
and capacitors [8]. The secret to the successful implementation of such
applications is to guarantee that the green tape has exactly the proper
characteristics when it is manufactured, as the green tape ultimately
governs the characteristics of the end-sintered tape. In the context of
fuel-electrode supported SOCs, tape casting is of particular importance
for fabricating the fuel-electrode support/substrate, which not only
provides the mechanical backbone for the entire cell but also defines
the microstructural template for the subsequent functional layers. As
the thickness, porosity, and homogeneity of this support strongly affect
the mechanical behaviour and the subsequent coating technologies and
layer characteristics, its fabrication requires precise control and opti-
misation. Nevertheless, ceramic green tape properties are commonly
attained by trial and error rather than through systematic initial testing
and optimisation [9,10]. It is, therefore, costly for manufacturers due
to material and product waste. Meanwhile, the preparation of a good
slurry is one of the most important aspects of acquiring the required
green tape since the material flow and the rheological behaviour of

the slurry establish the ultimate properties as well as the quality of
the casting tape [11,12]. Because of this complexity, computational
simulation techniques can be an alternative approach to model the
slurry of the fuel-electrode substrate.

Building upon the ARTISTIC research initiative [13] for lithium-
ion batteries [14-19], the Discrete Element Method (DEM) is applied
to mimic the solvent-based slurry phase of the fuel-electrode substrate
and its drying as a function of manufacturing parameters (e.g. the solid
content, the material particle size distribution). Since the slurry com-
position of the fuel electrode substrate comprises NiO (Green Nickel
Oxide), 8YSZ (8 mol% Yttria-Stabilised Zirconia), solvent, and organic
materials [20], our DEM approach simulates the solvent-based slurry
by investigating the interplay between three types of particles, namely
NiO, 8YSZ, and Binder Dispersant Plasticiser Domain (BDPD) including
solvents and organic material. Specifically, this DEM model allows the
generation of the solvent-based slurry at the mesoscale by using Force
Fields (FFs) to characterise the physicochemical interaction between
pairs of material particles in the equilibrated casting slurry. Nonethe-
less, mesoscale computational simulation of the slurry still requires
faster preprocessing processes to save computational cost. The rapid de-
velopment of high-performance computing and the blooming artificial
intelligence field are the keys to accelerating the computational science
concerning the SOC manufacturing process as a whole. In this context,
machine learning and, more recently, deep learning (DL) techniques
have been increasingly employed to complement physics-based simu-
lations, particularly when dealing with high-dimensional and spatially
correlated data. Amongst these, Convolutional Neural Networks (CNNs)
have emerged as one of the most effective architectures for capturing
spatial features, which makes them especially suitable for modelling
complex microstructures.

A CNN, also known as a ConvNet, is a type of artificial neural
network widely used in traditional computer vision tasks, for instance,
video analysis, image classification [21,22], object localisation, object
detection [23,24], and image segmentation [25]. Overall, CNNs are



T. Le-Dinh et al.

Table 1
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Summary of the simulation configuration for data generation.

Parameters per Slurry simulation

Description

simulation

Timestep (js) 0.0001
Total steps 6000 000
Simulation time (ps) 600
Frames storage interval 50000
Total number of 121
frames

Wall time (hrs.) 20.5

At to update the positions

Total number of iterations

Total duration of the simulation

Steps at which coordinates are recorded
Coordinates are printed at specified frame
storage interval

Total DEM simulation time. This depends
upon computational resources available.

frequently composed of multiple convolutional layers, certain fully
connected layers, and a classification softmax layer that uses, for ex-
ample, a cross-entropy loss. In addition to classification, CNNs are
used to cope with regression problems, which involves using a linear
activation function (also known as the “identity function") in the fi-
nal fully connected regression layer instead of a softmax layer [26].
Furthermore, since the 3D-slurry microstructure is typically similar to
a specialised type of grid structure, CNNs are advanced approaches for
analysing the slurry microstructure from the DEM model. Consequently,
the equilibrated microstructure modelled by DEM is obtained faster
after several timesteps rather than running the entire DEM simulation,
thereby lowering computational costs.

In this work, we propose a hybrid surrogate model coupling DEM
and DL to accelerate the simulation of the slurry phase in the substrate
fabrication of fuel-electrode supported SOCs. The workflow is shown
in Fig. 1. As proof of concept, we focus on a specific formulation (52%
of NiO, 35% of 8YSZ, and 13% of BDPD) with a set of FFs to generate
the dataset. The DL model is trained using physics-based data of the
slurry microstructure generated from DEM simulation based upon our
ARTISTIC framework [27]. Specifically, the CNN model was employed
with a slightly altered architecture to predict a pseudo microstructure
of the slurry. This pseudo microstructure was processed to obtain a
predicted microstructure. After that, as introduced in our previous work
for lithium-ion battery cathodes [28], the 3D predicted microstructure
was run for a few timesteps using DEM to make the particle relaxation
in the simulated slurry, which enables the final slurry microstructure to
be more stable. Therefore, the proposed framework does not completely
replace DEM simulations, but rather accelerates the long DEM equili-
bration stage by combining short DEM simulations, DL-based pseudo
microstructure prediction, and a final DEM relaxation step. Model
validation was performed using a dual-metric strategy, incorporating
both a direct data-based comparison and an assessment derived from
microstructure functional analysis. Significantly, this hybrid frame-
work, DL-DEM, offers a major advantage by drastically reducing the
computational time required for conventional DEM drying simulations
without compromising the integrity of the results.

2. Methodologies
2.1. Data generation

The dataset used in this study was generated using our previ-
ously reported physics-based manufacturing modelling workflow for
the fuel-electrode support [27]. This workflow employs the DEM to
sequentially simulate slurry formation and subsequent drying, yielding
distinct 3D mesoscale microstructures at each stage. The physicochem-
ical properties of the casting slurry are described using a combination
of Lennard-Jones FF (LJFF) [29,30] and Granular Hertz FF (GHFF) [31,
32]. The LJFF approximates the nonbonded interaction between parti-
cles within the simulation box, while the GHFF governs the mechanical
properties of the contacting particles. The LJFF is derived from the
Lennard-Jones (LJ) potential energy expressed as

V (r) = 4¢ [(%)12—(%)6] r<r,. )}

where ¢ is the potential well depth of the LJ potential curve, ¢ is the
distance at which the inter-particle potential between the two particles
is zero, r, is the cut-off distance at which the particles stop interacting
with one another, and r represents the distance between two particles
measured between the centre of one particle and the centre of the other
particle.

The GHFF is defined as

R.R
Fou = Vs R+R ;_ I/2 [(knom; — megey,v,) — (K As, + megev,v,) ] » (2)
it R;

where R; and R; are the radii of two particles, 6, k,, k;, ¥, 715 U,
and v, symbolise the overlap distance, the normal elastic constant, the
tangential elastic constant, viscoelastic damping constant for normal
interaction, viscoelastic damping constant for tangential interaction,
the relative velocity of two interacting particles in terms of normal
and tangential components, respectively. Additionally, 4s,, n;;, and
megr Tepresent the tangential displacement vector between a pair of
interacting particles, the unit vector along the line linking the centres

of the two interacting particles, and the effective mass, iy , of both
J

m;+m

particles of mass m; and m;, respectively.

In the present study, we construct a dataset of slurry microstruc-
tures to train the DL model for predicting the final microstructure.
Synthetic slurry microstructures for DL model training were gener-
ated via DEM simulations using the LAMMPS Molecular Dynamics
Simulator [33,34], producing 3D microstructures of casting slurries
with varying thicknesses and sizes. Slurry thickness was controlled
by adjusting the material quantity, resulting in a higher number of
particles within the simulation box. Consequently, computational time
depended upon slurry volume, with larger volumes requiring longer
simulation durations.

It is worth mentioning that a single formulation (52% of NiO, 35%
of 8YSZ, and 13% of BDPD) and a unique FF set was employed for
data generation, allowing multiple microstructures to remain physically
consistent and representative of a well-defined system. This allows
the dataset to capture intra-system variability arising from random
particle packing, simulation box scaling, and process conditions, while
maintaining a consistent physical framework for the slurry system. The
approach is suitable for a proof-of-concept study aimed at validating
the proposed hybrid workflow, quantifying its computational benefits,
and evaluating its predictive capability.

A total of 15 simulations of solvent-based slurry were conducted on
the MatriCS High Performance Computing platform at the Université
de Picardie Jules Verne (Amiens, France), using one node per simula-
tion equipped with 128 GB of RAM and 2 processors (Intel® Xeon®
CPU E5-2680 v4 @2.40 GHz, 28 cores) [35]. Eight simulations were
randomly used for model training and validation, while the remaining
were reserved for testing. All simulations reached equilibrium after
six million timesteps, with each timestep corresponding to 0.0001 mi-
croseconds. Since frames are generated every fifty thousand timesteps,
each simulation produced 121 frames once the slurry microstructure
equilibrated at the timesteps of 6000000 (Table 1). Further details on
initial particle configurations, particle size distributions, and simulation
parameters are available in our previous work [27]. The set of FFs used
for data generation are provided in Table S1, Supporting Information.



T. Le-Dinh et al.

All information about slurry microstructures generated by our DEM
framework can also be found in the Supporting Information (Tables S2
and S3).

2.2. Data preprocessing

In the DEM simulation, periodic boundary conditions (PBCs) are
applied in all three Cartesian directions, allowing particles to exit
the simulation box on one side and re-enter from the opposite side.
This presents a significant challenge for the model to learn particle
behaviour near the simulation boundaries, where interactions may
occur across the periodic edges. To address this limitation, unwrapped
coordinates (i.e. the raw positions of particles without the effect of
periodic boundary conditions, showing the continuous trajectory of a
particle) were used for model training instead of wrapped coordinates.
This approach enabled the model to more accurately capture particle
trajectories, whereas wrapped coordinates provided only relative po-
sitions within the simulation box, making it more difficult for the DL
model to learn consistent particle motions.

Moreover, from the deep-learning training perspective, in our previ-
ous study on battery electrodes, the use of wrapped coordinates under
PBC produced a consistent pattern of outliers in the predicted-versus-
target plots. These outliers were traced to abrupt position jumps oc-
curring when particles crossed periodic boundaries, which introduced
artificial discontinuities into the training data [36]. In a subsequent
study within our group, the use of unwrapped coordinates eliminated
these boundary-induced jumps and enabled smooth, continuous trajec-
tory tracking, resulting in significantly more consistent displacement
predictions across all particles [28].

Without loss of generality, relevant particle information is ex-
tracted from LAMMPS dump files, including particle types, radii, un-
wrapped coordinates, and coordination numbers from four earlier-stage
slurry frames corresponding to timesteps 350 000, 400 000, 450 000, and
500 000. These data are then structured into a matrix format for model
training.

A matrix storing the data of all particles from the ith simulation for
i=1,...,8 is written as

X1
Xin
Xi = 5 (3)
Xin-1
Xin

where X, ; are matrices containing the jth particle information cor-
responding to the ith simulation for j = 1,..., N and expressed as

ij ij ij iJ ij ij
t r ux, uy, uz, c

o) uxt uyl’j uzt! e’

X . =2 2 2 2 2 2 4)
[ TN ij ij ij ij ij|’

t; ry ux; uy, uz,; c;
3 3 3 3 3 3
ij i.j ij iJ ij ij
t4 Ty ux, uy, uz, c

B ., and c;(’j represent the particle types, radii,
unwrapped coordinates and coordination number values, respectively,
corresponding to kth frame for k = 1, ---, 4.

Consequently, a matrix which collects the particle information from
the slurry-phase simulation is expressed as follows:

where 1,7, 17, ux)’, uy?, uz)’

(5)
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Similarly, the output is the unwrapped coordinates of the particles,
which means the particle positions without any periodic transformation
in the equilibrated microstructures at timestep 6000000, as described
earlier. These coordinates are presented as

©

Y, = N )
Y n-1
L Yin

i

in which
uxj uyi Uz
Uxn Uyin Uz
Y =| : N ®)
Ux; N—1  UYiN-1 UZ;N-1
ux; N uyin uz; N
where the subscripts, i and N, symbolise the ith simulation and the
number of particles, respectively.

In total, the dataset consists of approximately 131936 samples,
where each sample corresponds to a particle-level representation ex-
tracted from DEM simulations. Each input sample contains a sequence
of 4 timesteps with 6 particle-wise descriptors, while the corresponding
output represents the unwrapped particle coordinates of the final slurry
frame.

The entire dataset was randomly split into training and validation
subsets containing 80% and 20% of the whole dataset, respectively.
The training set was used to train the model, while the validation set
was utilised to fine-tune the hyperparameters and prevent overfitting.
Unseen data from new simulations was used to evaluate the model’s
generalisation capability.

2.3. Modified VGG16 model

VGG16, a well-known CNN architecture proposed by Karen Si-
monyan and Andrew Zisserman, was originally designed for image
classification tasks [37]. The model typically comprises sixteen layers,
including thirteen convolutional layers and three fully connected lay-
ers. In fact, the full architecture contains twenty-one layers, including
the five max-pooling layers. Nevertheless, the model is referred to as
VGG16 because it contains only sixteen weight layers. Although the
VGG16 architecture was primarily designed for image classification,
this model can be altered for regression tasks.

In this study, our particle dataset is represented as a structured
matrix of particle features, exhibiting a grid-like topology suitable for
1D CNN architectures. By reshaping the original VGG16 architecture
to suit a 1D regression task, we can take advantage of VGG16 spatial
hierarchy to our particle dataset. Specifically, the 2D convolutional
layers (Conv2D) are replaced with 1D convolutional layers (Conv1D),
resulting in the internal modification of convolutional layers such as
the kernel size. The pooling layer must also be adapted to maintain the
consistency of the VGG16-based architecture. In particular, the max-
pooling layer remains applicable, provided it operates in a manner
compatible with the 1D feature sequence. Besides, the final fully con-
nected layer is modified to perform regression instead of classification.
Table 2 shows the architecture of the modified VGG16 model for
regression tasks, adapted from the standard VGG16 implementation
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Fig. 2. (a) Mean square error and (b) Mean absolute error curves showing the evolution of training and validation performance during training of the modified
VGG16 CNN. The close alignment and convergence indicate effective learning and good generalisation.

Table 2

Summary of the modified 1D VGG16 architecture for our DL model, adapted
from the original 2D VGG16. The network comprises sequential convolutional
blocks, followed by a flattening layer and fully connected dense layers. The
final fully connected dense layer produces three regression outputs. “None”
denotes a placeholder, indicating that the network can process multiple
samples per gradient update.

Layer Output shape Parameter no.
ConvlD (None; 4; 64) 1216
ConvlD (None; 4; 64) 12352
MaxPooling1D (None; 2; 64) 0
ConvlD (None; 2; 128) 24704
ConvlD (None; 2; 128) 49280
MaxPooling1D (None; 1; 128) 0
ConvlD (None; 1; 256) 98 560
ConvlD (None; 1; 256) 196 864
ConvlD (None; 1; 256) 196 864
MaxPooling1D (None; 1; 256) 0
ConvlD (None; 1; 512) 393728
ConvlD (None; 1; 512) 786944
ConvlD (None; 1; 512) 786944
MaxPooling1D (None; 1; 512) 0
ConvlD (None; 1; 512) 786 944
ConvlD (None; 1; 512) 786944
Conv1lD (None; 1; 512) 786944
MaxPooling1D (None; 1; 512) 0

Flatten (None; 512) 0

Dense (None; 4096) 2101248
Dense (None; 4096) 16781312
Dense (None; 3) 12291
Total 23803139

in Keras. The CNN model was implemented and trained in Python
using the TensorFlow/Keras framework. The “None” in the output
shape refers to a flexible batch size dimension, as per TensorFlow/Keras
conventions [38,39].

The loss function and evaluation metrics used during model train-
ing to quantify the average difference between target and predicted
values were the mean squared error (MSE) and mean absolute error
(MAE), respectively. The loss function was used to optimise the model’s
hyperparameters, while the evaluation metrics were used to assess
the model’s performance after training. Lower MSE and MAE values
demonstrate that the model’s predictions are closer to the ground truth.

These metrics are defined as follows:
1 < 2
MSE = NZ(Y,.—Y,.) : ©)
i=1
and
L X
MAE=NZ‘Y,-—Y1.|, (10)
i=1
where N is the number of particles, Y, represents the unwrapped
coordinates of the ith particle, and ¥, is the predicted unwrapped
coordinates of the ith particle.

To evaluate model accuracy, the coefficient of determination (R
was used on completely unseen dataset. This metric indicates the pro-
portion of the total variance in the dependent variable that is explained
by the model, with values closer to 1 representing better predictive
performance. The coefficient of determination is defined as

N A 2
Yo (Y -Y)
N \2
Zi:l (Yi - Y)
where Y is the mean of the unwrapped coordinate.
The Open Visualization Tool (OVITO) package was used for the

visualisation of all 3D microstructures [40], including both target and
predicted structures, for visual comparison.

RP=1- an

2.4. Slurry microstructure post-processing framework

The proposed framework combines the DL approach already de-
scribed above with DEM simulations to model the slurry microstruc-
tures. The DL model was first trained on four initial slurry-microstructure
frames corresponding to the timesteps 350000, 400000, 450000, and
500 000. After training, the DL model predicted the pseudo microstruc-
ture representing the slurry frame at the timestep 6 000000, expressed
in unwrapped particle coordinates. Then, this pseudo microstructure
was wrapped with PBCs to obtain the predicted one using the OVITO
package and used as the initial configuration for a fixed number of DEM
simulation steps. These DEM simulations enable the system to relax
physically, removing unphysical particle displacements which can arise
from the particle wrapping process. This DEM relaxation step also helps
mitigate any minor local irregularities inherited from the data-driven
prediction stage. The resulting output from this procedure is a phys-
ically refined slurry microstructure (our final slurry microstructure)
(Fig. 1).
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Fig. 3. Target versus predicted plot of Slurry 1 along the X, Y, and Z axes for the modified VGG16 model validating the training performance. The high R? scores
and the close alignment between predicted and target data points around the ideal prediction line indicate extremely low error and strong agreement between

predictions and ground truth.

The incorporation of DEM steps is of the utmost importance in
ensuring the resulting particle configurations better reflect realistic
behaviours by enforcing physical constraints to mitigate the potential
unphysical jumps of particles during the PBC wrapping process. Over-
all, this integration of DEM into the predictive framework not only
enhances the physical consistency of the slurry microstructures but also
improves the reliability and accuracy of the modelling outcomes.

3. Results and discussion
3.1. Modified VGG16 performance

The modified VGG16 model was fine-tuned with different sets of
hyperparameters. The best configuration was trained for 1000 epochs
with a batch size of 500, using the Adamax optimiser with a learning
rate of 0.0001. Further details of the selected hyperparameters are
provided in the Supporting Information (Table S4). Fig. 2 illustrates the
evolution of both MSE and MAE for the training and validation sets over
the epochs during the training of the modified VGG16 model. During

training, both MSE (loss, Fig. 2a) and MAE (error, Fig. 2b) curves for the
training and validation sets stabilised and converged, indicating that
the CNN (the modified VGG16) learned effectively. The close alignment
between the training and validation curves for both metrics further
suggests that the model generalised well to unseen data and avoided
overfitting.

The performance of the modified VGG16 model was evaluated by
comparing the predicted and target values along the X, Y, and Z axes in-
dividually. Fig. 3 illustrates the predicted versus target values for each
axis with respect to Slurry 1 (Table S3). In all cases, the predictions lie
almost perfectly along the ideal prediction line, suggesting extremely
low error across all spatial directions. Furthermore, for each axis, the
coefficient of determination R> was calculated to quantify how well the
model predictions matched the ground truth. The resulting R> values
were 0.994 for X, 0.994 for Y, and 0.999 for Z, indicating a very strong
correlation between predicted and true values with an average R” of
0.996 for an unseen slurry dataset. The slightly improved predictive
performance in the z-coordinate may be related to the structural evo-
lution of the slurry system under the NPT ensemble conditions used
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Fig. 4. Unseen Slurry microstructure along with thickness comparison for the case of Slurry 2 (Table S3).

in the present simulations. During equilibration, positional changes
in the x- and y-directions may remain comparatively small, whereas
relatively larger structural changes may occur along the z-direction,
which corresponds to the slurry thickness direction. As a result, the z-
coordinate may contain a clearer temporal trend that the CNN model
can learn more readily. In contrast, the smaller variations in x and y
may be more influenced by local fluctuations, leading to slightly larger
scatter in the corresponding predictions shown in Figs. 3 and later in
Fig. 5.

These results demonstrate that the model not only predicts the over-
all trend of the data but also maintains high accuracy at the individual-
axis level, providing confidence in its generalisation capability. The
high R? values and the close alignment of predictions with target
values indicate robust performance of the model in reconstructing
multi-dimensional outputs.

3.2. Microstructure analysis for comparing hybrid approach

3.2.1. Visual comparisons

A visual comparison of the slurry microstructures was performed
using OVITO. The target microstructure was generated directly using
the physics-based simulation approach, while the predicted microstruc-
ture was obtained using the modified VGG16 model. To obtain the
equilibrated microstructure, the predicted microstructure was fed back
into the DEM simulation framework to undergo an equilibration step,
in an approach proposed in our previous work [28,36,41], here re-
ferred to equilibrated microstructure (Fig. 4). This step is crucial, as
it uses the strengths of the physics-based model to refine and sta-
bilise the structure. The computational cost of the hybrid workflow
is dominated by the DEM relaxation step, whereas the CNN model
adds only negligible additional runtimer. Consequently, the total wall
time of our hybrid framework is approximately 30 min, depending
upon the simulated slurry volume. In contrast, the full DEM simulation
requires approximately 20.5 h, demonstrating a substantial overall
acceleration. As shown in Figs. 4, the three microstructures appear
visually different, which is expected because the applied DL approach
is data-driven. Therefore, measurements of density and volume were
performed to compare the microstructures. As can be observed in Table
3, for microstructures 2 and 3, the DL-DEM model closely matches DEM
predictions, indicating strong baseline predictive accuracy.

As microstructural thickness increases, the hybrid model adapts its
predictions but begins to show noticeable deviations, particularly in Mi-
crostructure 6, where the density prediction increases to 2.7822 g/cm?
compared to the DEM estimate of 2.2437 g/cm3. These deviations can
be attributed to the random fitting of particles during simulation, which

Table 3
Comparison of density and volume for different unseen slurry microstructures.
Slurry ID Model Density [g/cm? Volume [pm?|
9 DEM 2.2430 4081
DL-DEM 2.2169 4129
3 DEM 2.2415 4091
DL-DEM 2.2486 4078
4 DEM 2.2422 8096
DL-DEM 2.3810 7624
DEM 2.2419 8126
5 DL-DEM 2.3870 7632
6 DEM 2.2437 20390
DL-DEM 2.7822 16443
7 DEM 2.2406 16360
DL-DEM 2.2799 16087

introduces natural variation in particle counts, size distributions, and
packing arrangements across microstructures. Such variability becomes
more pronounced in larger and more complex systems, leading to
higher prediction differences. For instance, in Microstructure 6, the
hybrid model deviated by approximately 23.6% compared to other
microstructures within the same complexity regime.

Despite these differences, the overall performance of the DL-DEM
framework remains robust. Across all microstructures, the mean ab-
solute difference in density was approximately 0.15 g/cm’, with a
maximum deviation of 0.54 g/cm? observed in the most complex case.
Volume predictions followed similar trends, remaining within physi-
cally plausible ranges and reflecting changes in microstructural com-
plexity. This stability indicates that the modified VGG16-based hybrid
model demonstrates good generalisability across diverse microstruc-
tures without the need for modifying the neural network architecture
further. The visual comparisons for all other test slurries can be found
in Figure S1 in the Supporting Information.

3.2.2. Data metrics and physics-based analysis

Data metrics. To evaluate the predictive performance of the proposed
hybrid DL-DEM model, standard regression metrics were calculated by
comparing the predicted and target particle coordinates for each unseen
slurry microstructure (Table 4). These metrics include the MSE and
MAE, which quantify the magnitude of positional differences, and the
R?, which assesses how well the predicted data captures the variability
present in the target data.

Across all microstructures, the results show consistently low error
values, with MSE ranging from 0.060 to 0.199 and MAE from 0.165
to 0.348. The lowest errors were observed for Slurry 2 and Slurry 3
(MSE = 0.060-0.068; MAE = 0.165-0.178), while slightly higher values
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Fig. 5. Target vs. predicted plot across different unseen slurry microstructures: (a) Slurry 2, (b) Slurry 3, (c¢) Slurry 4, (d) Slurry 5, (e) Slurry 6, and (f) Slurry 7
along the X, Y, and Z axes, where the ideal fit represents a perfect correlation between predicted and true values (particle coordinates).

Table 4

Performance metrics (MSE, MAE, and R?) for the hybrid DL-DEM model across

unseen slurry microstructures.

Slurry ID MSE MAE R?
Target vs Predicted Target vs Predicted Target vs Predicted

2 0.068 0.178 0.996
3 0.060 0.165 0.996
4 0.165 0.316 0.995
5 0.152 0.305 0.995
6 0.199 0.348 0.996
7 0.094 0.226 0.998

were noted for Slurries 4-6. These low errors indicate that the pre-
dicted particle positions are very close to the target positions. Further-
more, the R? values remain exceptionally high (0.995-0.998) across all
cases, demonstrating that the hybrid model effectively preserves the
variability and overall distribution of the target coordinates.

In addition to the quantitative metrics, the predicted particle coordi-
nates were plotted against the target coordinates for all axes (X, Y, and
Z) across each microstructure (Fig. 5). The scatter plots demonstrate
that the predicted points lie very close to the best-fitting line, indicating
excellent agreement between the predicted and target coordinates. This
visual confirmation supports the earlier data metric analysis, showing
that the model accurately predicts particle positions across all spatial
dimensions and for all microstructures. While this demonstrates numer-
ical accuracy, the structural fidelity of the predicted microstructures
will be further assessed using RDF analysis in the following section.

Radial distribution analysis. While the correlation plot (Fig. 5) con-
firmed good agreement between predicted and target microstructural
coordinates, the RDF was computed for both the equilibrated and
the physics-based microstructures. The RDF was calculated separately
for each particle type combination (BDPD-NiO-8YSZ and NiO-8YSZ).
Because the spatial scales and interaction ranges vary between these
combinations, the bin size/histogram resolution (4r) and maximum
cutoff distance (r,,,) were adjusted to accurately capture both local
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Fig. 5. (continued).

and medium-range structural features. The respective RDF curves and
specific parameters used are provided in the caption of Fig. 6.

Regarding the RDF of all particle pairs (BDPD-NiO-8YSZ), (Figs.
6a, 6¢c, 6e, 6g, 6i, and 6k), it can be observed that the equilibrated
microstructure shows peaks for the first and subsequent nearest neigh-
bours that align very well with the target in the cases of slurries 2, 3,
4, 5, and 7, suggesting that the hybrid approach (DL-DEM) accurately
reproduces the local structural arrangement of these microstructures.
Specifically, the first peaks of the target and equilibrated slurries were
slightly different at short-range order distances (r = 0.8 pm). The second
peak at r = 1.1 um appears at nearly identical positions. The identical
alignment was also observed at medium-range and long-range order
(r > 2 pm). This implies that despite the bias at the short-range order,
the hybrid model successfully captures the fundamental state of the
slurry. However, in the case of slurry 6, the RDF of the equilibrated
microstructure follows the same overall trend but is slightly left-shifted,
indicating that the average interparticle distances are smaller, which
may be due to higher local packing density or differences in particle
interactions for this formulation.

Since BDPD is present in abundance, it can significantly influence
the overall microstructure. To isolate the effect of the remaining com-
ponents, the RDF of NiO-8YSZ was also compared separately (Figs. 6b,
6d, 6f, 6h, 6j, and 61). A similar trend was observed across slurries 2, 3,
4, 5, and 7. The hybrid model has difficulty accurately predicting the
peak at short-range order (r = 0.3-0.9 um). The correlation between
RDFs of target and equilibrated slurries was nearly identical at longer-
range distances (r > 2 pm), where the peaks of the equilibrated
microstructure align well with the target. However, in the case of slurry
6, although the overall trend is maintained, the peak of the equilibrated
microstructure is lower than that of the target, indicating a slightly
reduced local ordering or weaker correlations between NiO and 8YSZ
particles in this formulation.

Overall, the RDF analysis demonstrates that the predicted mi-
crostructures obtained using the hybrid approach (DL-DEM) reliably
reproduce the local and intermediate structural arrangements of the tar-
get microstructures across most slurries. The close alignment of peaks
for both BDPD-NiO-8YSZ and NiO-8YSZ, except for minor deviations in
slurry 6, confirms the accuracy and robustness of the hybrid method in
capturing realistic particle distributions and correlations.
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Fig. 6. Pair-wise RDFs comparing target and equilibrated microstructures of the unseen slurry microstructures: (a) Slurry 2: All particle pairs, (b) Slurry 2:
NiO-8YSZ, (c) Slurry 3: All particle pairs, (d) Slurry 3: NiO-8YSZ, (e) Slurry 4: All particle pairs, (f) Slurry 4: NiO-8YSZ, (g) Slurry 5: All particle pairs, (h) Slurry
5: NiO-8YSZ, (i) Slurry 6: All particle pairs, (j) Slurry 6: NiO-8YSZ, (k) Slurry 7: All particle pairs, and (1) Slurry 7: NiO-8YSZ. The cutoff radius used for the RDF
calculation is r, =7 pm, and the histogram resolution is Ar = 0.0583, corresponding to 120 bins.

4. Conclusions and perspectives

In this study, we introduced a hybrid surrogate modelling frame-
work that integrates DL with physics-based DEM simulations to over-
come the high computational cost typically associated with repeated
DEM runs and FF fitting for the SOC substrate microstructure genera-
tion. By training the modified VGG16 network on microstructural data
from DEM simulations of the slurry preparation for tape casting, the
proposed hybrid model could predict final slurry microstructures effi-
ciently. These predictions were subsequently equilibrated using DEM
to ensure physical realism, creating a framework that leverages the
strengths of both data-driven and physics-based approaches.

10

The hybrid approach demonstrated strong predictive accuracy
across multiple slurry microstructures, as confirmed by low error
metrics and RDF analyses. Overall, the framework reliably captures
local and intermediate structural arrangements. This methodology sig-
nificantly accelerates validation and optimisation tasks that would
otherwise rely solely on computationally intensive DEM simulations.

The present study is restricted to a single slurry formulation and a
single set of force field parameters as a proof-of-concept investigation
for SOC fuel-electrode substrates. However, in one of our previous
studies in the context of battery electrodes, we demonstrated that,
owing to the similarity in simulation configuration, the trained neural
network can be readily adapted to new slurry formulations or different



T. Le-Dinh et al.

Journal of Power Sources 688 (2026) 240447

41 —— Target Slurry 41 —— Target Slurry
—— Equilibrated Slurry —— Equilibrated Slurry
31 31
—~ —~
L) L)
N N
802 ~ 802 ~
14 W\/\/VM 14
0 1 2 3 4 5 6 7 0 1 2 3 4 5 6 7
r [pm] r [pm]
(g) Slurry 5: All particle pairs (h) Slurry 5: NiO-8YSZ
41 —— Target Slurry 41 —— Target Slurry
~——— Equilibrated Slurry ~——— Equilibrated Slurry
31 31
~— ~—
) )
N N
S02 A S02 4
17 17
0 T T T T T T T 0 T T T T T T T
0 1 2 3 4 5 6 7 0 1 2 3 4 5 6 7
r [pm] r [pm]
(i) Slurry 6: All particle pairs (j) Slurry 6: NiO-8YSZ
41 —— Target Slurry 41 —— Target Slurry
—— Equilibrated Slurry —— Equilibrated Slurry
31 31
— —
L) L)
N N
07 - 07 -
11 U\’\/\/\/W_— 11
0 1 2 3 4 5 6 7 0 1 2 3 4 5 6 7
r [pm] r [pm]

(k) Slurry 7: All particle pairs

(1) Slurry 7: NiO-8YSZ

Fig. 6. (continued).

force-field parameter sets with only minimal fine-tuning or retraining.
The same rationale is expected to apply to the VGG16 model used in
the present work, as it is developed within the same simulation frame-
work and configuration under the ARTISTIC framework for battery
manufacturing.

Our hybrid surrogate approach can be further developed to en-
hance both accuracy and generality using various formulations and
corresponding calibrated FFs, which was not considered in this first
hybrid modelling proof of concept. Furthermore, this framework can
be extended to predict dried substrate microstructures associated with
the drying process of tape casting and can even be adapted to model
the manufacturing processes of other SOC functional layers. Moreover,
given the inherent stochasticity in slurry particle packing, future work
should also explore probabilistic surrogate strategies, such as condi-
tional variational autoencoders, to quantify predictive confidence and

11

better represent the natural variability of the packing process [28]. By
bridging experimental data, physics-based simulations, and data-driven
methods, the hybrid approach provides a scalable and efficient strategy
for modelling SOC slurry processing, representing a step forward to-
ward practical, high-throughput, and experimentally validated digital
models for future research in tape casting of ceramic components.
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