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ABSTRACT

In this paper, we describe a machine learning (ML) approach for estimating interface orientation
in multiphase flow using the volume of fluid (VOF) method on a uniform Cartesian mesh. By using
complex shapes generated with the parametric radial star formula during training, we significantly
improve prediction accuracy without increasing the network’s structural complexity or processing
cost. Our key contribution is the development of a robust ML model capable of reliably predicting
interface orientation angles on uniform Cartesian grids. To enhance performance and robustness, we
conducted a parametric study of the ML models’ hyperparameters. The proposed method produced
two models: a full augmented (9-cell) stencil and a compact (5-cell) stencil. Both were compared
against popular finite difference/volume methods commonly used in VOF schemes. The results show
that our approach is more accurate while remaining computationally efficient, particularly when
employing a small stencil. Numerical studies, including challenging flow scenarios, demonstrate that
the technique can predict interface orientation with an absolute mean error of less than 1 degree.
Implemented in the OpenFOAM isoAdvector, our technique reliably produces accurate interface
tracking with minimal deviation from the exact solution. These findings highlight the potential for
incorporating machine learning approaches into classical numerical methods to improve the accu-
racy and reliability of the VOF method in a variety of challenging applications using uniform Cartesian
meshes.
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1. Introduction these approaches can be computationally expensive

1.1. ML/DL applications with CFD

Deep learning is a rapidly growing field of artificial intel-
ligence that has revolutionized many areas of research
and industry. It involves training multiple-layered artifi-
cial neural networks to learn from input data and produce
predictions or classifications. With recent increases in
computer processing power and the availability of vast
amounts of data, deep learning has become a potent
tool for addressing complicated issues in a variety of
disciplines.

In the field of computational fluid dynamics (CFD),
specifically in the context of interface capturing with
volume-of-fluid techniques, deep learning has demon-
strated tremendous potential. Interface capture is the
process of correctly capturing/tracking the position of
a fluid interface separating two immiscible fluids in a
multiphase CFD simulation. Commonly, volume of fluid
(VOF) techniques are used to model the fluid interface as
a sharp discontinuity between the two fluids. However,

and require a substantial amount of memory to hold
VOF data.

Recent research has revealed that deep learning has
the ability to enhance the precision and performance
of VOF algorithms. Without the need for sophisticated
numerical approaches, it is possible to construct mod-
els that can accurately predict the position and behaviour
of fluid interfaces by training neural networks on mas-
sive datasets of simulated fluid flow data. These models
can greatly lower the processing and complexity require-
ments of VOF algorithms, making them more efficient
for practical engineering applications (Ataei, Pirmorad,
etal.,2021; Després & Jourdren, 2020; Onder & Liu, 2022;
Raissi et al., 2019).

1.2. Problem statement

For multi-phase fluid flow simulations, the volume of
fluid methodology (Chorin, 1980; DeBar, 1974) is a well-
known interface-tracking technique in which the follow-
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ing transport equation of volume fraction is solved to
model interfacial dynamic phenomena:

o

o +v-Vgp=0 (1)
where ¢ represents the volume fraction ranging from 0.0
to 1.0 and v is the velocity vector. Each computational
cell’s volume fraction specifies the ratio of the heavier
phase, therefore when ¢ is between zero and unity, an
interface is present in that cell.

Interfacial flow simulations in science and industry
frequently employ the volume of fluid method. Popu-
lar approaches include PLIC (Harvie & Fletcher, 2000;
Jofre et al., 2014; Scheufler & Roenby, 2019), Youngs
(Youngs, 1982), LVIRA (Puckett, 1991), and ELVIRA
(Lopez et al., 2004; Lopez et al., 2008; Pilliod & Puck-
ett, 2004). In the PLIC method, the interface orientation
angle is fundamental for defining the interface normal
vector, which is used to reconstruct the linear interface
segment within each computational cell. The accuracy
of the PLIC method relies on the precise calculation of
this vector, as it determines the interface’s geometry and
position.

The interface normal vector, n, is obtained by normal-
izing the gradient of the volume fraction field, ¢, and is
defined as:

V¢
n=-—-,
IVl

where the gradient of ¢ is represented as:
— a¢ -_
ox
o
Vo = o | 3)
o
- o0z -

(2)

In two dimensions, the interface orientation angle, 9,
which represents the direction of the normal vector, can

be calculated as:
n
0 = arctan (—y) ,
Ny

where n, and n, are the x- and y-components of the
interface normal vector. In this study, the terms ‘interface
normal’ and ‘interface orientation’ are used interchange-
ably, as they describe the same geometric property of
the interface and serve complementary roles in interface
reconstruction and evolution.

The computation of the interface orientation angle
is often performed using finite difference formulas or
least-squares techniques with large stencil sizes (Ito et al.,

2014). While these methods are well-established, they
are prone to numerical errors, particularly near sharp
interfaces.

In this work, we explore an alternative, data-driven
approach using machine learning (ML) and deep learn-
ing (DL) techniques to predict the interface orienta-
tion based on local volume fraction inputs. As shown
in Figure 1, this approach achieves lower mean orien-
tation angle errors compared to traditional methods,
thereby improving the accuracy and robustness of the
VOF method for multiphase flow simulations.

ML approaches have their own concepts and methods
because they are not based on solving mathematical for-
mulae (associated with physical model) but rather on the
creation of massive datasets and the algorithmic learn-
ing of key features contained in these datasets. We believe
that interface reconstruction and VOF processes fit well
within the ML paradigm because this class of approaches
has been shown to be useful for image recognition and
object detection and tracking. It should also be high-
lighted that one-sided differencing problems have been
reported to affect the volume of fluid method’s accuracy
close to boundaries (Chen etal., 2012; Kothe & Mjolsness,
1992; Park et al., 2009), demanding future development
to enhance predictions of wall adhesion problems.

Performance of the developed solvers is not exten-
sively compared in this work to the literature; nonethe-
less, a quantitative comparison to standard finite differ-
ence/volume techniques is given here, with further infor-
mation and analysis to be given in a later publication. We
will focus on this new paradigm of approaches’ viability
in the subsequent sections.

The machine learning algorithms that we use fall into
the category of supervised machine learning (Goodfel-
low et al., 2016). In more mathematical terms, it equates
to the creation of an approximation or regression of a
function specified by a set of given points (representing
ground truth); the collection of these points is the dataset.
Building a specific dataset (or datasets) and building the
interpolating function are the two key tasks (this is called
the training session). The effectiveness of both processes
determines how well the outcomes turn out. In this study,
we emphasize the significance of selecting the appropri-
ate dataset in order to achieve reliable predictions, even
when using a simple neural network architecture with
few layers.

1.3. Related work/attempts

Ataei, Bussmann, et al. (2021) have presented a machine
learning approach to perform Piece-wise Linear Interface
Construction on square, cubic, and arbitrarily-shaped
triangular and tetrahedral meshes. Each mesh type was
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Figure 1. Problem statement and summary of the main findings.

normalized to reduce the number of inputs to the neu-
ral network. The authors have shown that their neural
networks are capable of performing up to 100 times
faster than available PLIC algorithms with minimal loss
of accuracy.

Qi et al. (2019) aimed to find a relationship between
volume fractions and curvature in VOF methods using
machine learning. It was found that this approach can
capture the curvature of a more complex interface with a
spatially varying curvature reasonably well. The authors
used a dataset based on one simple shape, which are cir-
cles of variable sizes. Their results suggest that using a
neural network (with a 1-hidden layer of 100 neurons)
to generate the relationship is a viable approach that
results in reasonably accurate predictions. Although, the
efficiency of this method compared to more traditional
ones has not been tested, the study highlighted that a
specific grid convergence order was not observed in the
computed cases.

Compared to the aforementioned research work, our
study considered a wider variety of shapes that enrich
the dataset. Then, performing intensive hyperparame-
ter tuning for the neural network leads to higher accu-
racy. Finally, tackling both full and compact stencils and
achieving high accuracy for both types is promising and
should have an impact.

1.4. Contribution and organization

In this paper, we explore the application of a deep learn-
ing approach to predict or compute the interface orien-
tation angle within computational cells that contain an
interface separating two immiscible fluids. The dataset
was compiled using various well-defined shapes where

Traditional Approach

ML/DL Approach
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the interface orientation angle and volume fractions are
readily available. Our findings demonstrate the superi-
ority of the tuned neural network over traditional finite
volume techniques in predicting the interface orientation
angle (i.e. interface unit normal vector) for both full and
compact computational stencils, which are described in
Section 2.

While the present approach (Figure 1) is currently
implemented on 2D Cartesian grids, it is by no means
limited to such frameworks. The methodology can be
extended to unstructured meshes - commonly employed
in engineering for their adaptability to complex geome-
tries — by using an overlaying Cartesian grid as a struc-
tured framework. This overlaying grid could potentially
bridge the irregularity of unstructured meshes, simpli-
fying feature extraction and implementation. Similar
strategies have been successfully utilized in Overset mesh
techniques, which employ overlapping grids to handle
complex or moving geometries (Zafeiris & Papadakis,
2024), and in methods like coupled level-set VOF (Zhao
& Chen, 2017) and height function approaches (Ivey
& Moin, 2015; Owkes & Desjardins, 2015), where struc-
tured grids enable accurate interface tracking and recon-
struction.

The paper is structured into six primary sections.
Section 2 details how the data was generated and the
types of shapes included in our dataset. Section 3 out-
lines the methodology used to assess the quality of the
model. In Section 4, we report the comprehensive results
from deep learning techniques, including NN (neural
networks) and CNN (convolutional neural networks).
Section 5 is devoted to discussing the DL results in com-
parison with traditional finite volume methods. Section
6 presents the benchmark problems’ outcomes. Finally,
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Section 7 summarizes the paper and suggests avenues
for future research. Appendices are provided as follows:
Appendix 2 provides a brief overview of machine learn-
ing methods suitable for our problem; it also includes
illustrations of NN and CNN architectures, along with
our hyper-parameter tuning approach.

2. Data generation and analysis

The interface and the volume fraction of each cell are
depicted in Figure 2. Despite the fact that the interface is
depicted in the figure as a line, the only data used in cal-
culations are the volume fractions, or ¢p, of the cell under
consideration and its neighbouring cells. For simplic-
ity, we describe two-dimensional flow here; however, the
method can be applied to three-dimensional flow as well.
We aim to establish a functional relationship between the
volume fraction values of the interface cell and the cells
surrounding it to determine the orientation angle or unit
vector of the interface. We consider two approaches:

e The first relates the interface cell, P, with its vertex
neighbours (neighboring cells sharing a vertex with
the interface cell), as shown in Figure 2(left),

oNwW PN PNE
O=f|| ow ¢p ¢& (4)
dsw  ds  PsE

relating the interface orientation to the nine volume
fractions in and around the P cell.

e The second relates the interface cell, P, with its imme-
diate face neighbours (neighboring cells sharing a
face/boundary with the interface cell), as shown in
Figure 2(left),

e ¢nN o
O=f||¢w ¢p ¢ (5)
e (s e

relating the interface orientation to the five volume
fractions in and around the P cell.

Since the interface orientation is a periodic angle
with 0 € [0,27), we opted for representing it using the
components (cosé,sinf) which have values between
[—1.0,1.0]. This naturally takes periodicity into account
while maintaining outputs that have bounded values.

2.1. Generated shapes

Finding the functional relationship using machine learn-
ing involves three processes:

Figure 2. lllustration of the computational stencil used in the
computation of the interface orientation (i.e. unit normal vector).
Left: vertex neighbour stencil, Right: face neighbour stencil.

Table 1. Listing of the values used with equation (6) to generate
the training dataset.

Parameter Minimum value M aximum value
o 0.25 0.45

a 0.2 0.4

b 0.0 15.0

4 2.0 4.0

6o 0.0 60.0

e Creating a training dataset comprised of a large num-
ber of mathematically defined complicated shapes
across a wide range of interface orientations with
respect to the grid.

e The data is fitted using Neural Networks (the training
step) to determine the interface orientation (i.e. direc-
tion components) as a function of volume fractions.

e Testing the trained model with a second dataset of
comparably complicated shapes that were not used for
training.

We use the following formula, referred to as the para-
metric radial star, to build a dataset containing the inter-
face orientation angles, their components, and volume
fractions for well-defined geometric shapes:

r= (ro + asin (M)C) (6)

where 79, a, b, ¢ and 0y are arbitrary constants that can
be adjusted to generate a variety of desired shapes. The
range of values used to generate the shapes in this work
is provided in Table 1.

The volume fraction field is computed using the pro-
cedure detailed in Appendix 1. The generated dataset
includes hundreds of shapes with varying levels of intri-
cacy and complexity, defined by the parametric radial star
formula. A sample of six representative shapes is shown
in Figure 3 for demonstration purposes, with each shape
characterized by the parameters {rg,a, b, c,6p}. Unlike
prior approaches that relied on overly simplified shapes
such as circles, this method introduces a higher degree of
complexity, enabling the development of a more robust
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Figure 3. lllustration of sample interface shapes from the training dataset, each labelled with the parameters {ro, g, b, ¢, o }.

and adaptable model for practical engineering applica-
tions. The parametric radial star formula further facili-
tates the analytical computation of interface orientation
angles and volume fractions, providing accurate ground
truth data for training the machine learning model.

2.2. Data description and statistics

This subsection details the features used in the deep
learning model and presents statistical information about
the data. The primary inputs to the model are the vol-
ume fraction (¢) within each cell, which includes two
sets of features for testing and prediction: the vortex
neighbour full stencil and the face neighbour com-
pact stencil. The predicted output is the orientation
angle (0).

Table 2 provides a summary of the statistical proper-
ties of the data features. It includes the mean value, stan-
dard deviation (std), as well as percentiles such as 25%,
50% (median), and 75%. These statistics help in under-
standing the distribution and variability within each fea-
ture set. The statistics in Table 2 shows a well-balanced
dataset with symmetric mean values around 0.5 and con-
sistent median values. Standard deviations are generally
uniform, with slight differences in diagonal directions,
suggesting mild directional variance. The min and max
values serve as boundary checks rather than insightful
characteristics, while the cos() and sin() values reflect
an even distribution of orientations.

3. Predictive models

In the beginning, we should clarify that according to
ML tasks, which are illustrated in detail in Appendix 2,
our target is suitable for supervised learning since the
dataset is labelled. Also, we want to predict the orienta-
tion angle, then we aim to build a regression model. In
this section, we will show how the performance of the
regression models is being assessed.

3.1. Predictability assessment

For constructing and evaluating predictive models of the
orientation angle, the data samples were split, as shown
in Figure 4, into three sets:

e Training set: which assigned 70% of the samples for
model training.

e Test set: had 20% of the samples for model testing
based on specified quality metrics.

e Validation set: about 10% of the data (never been used
in model training).

The validation samples will be used to evaluate the
generalization performance of the trained model. The
validation set contains whole new shapes that the model
didn’t learn about before. If the model is working well
on the validation set, it indicates good generalization
performance without overfitting. Additionally, we used
cross-validation to ensure this issue wasavoided.
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Table 2. Data statistics.

Mean Std 25% 50% 75% Min Max
Features
op 0.500012 0.343768 0.167270 5.000000e—01 0.836781 1.233260e—08 0.99999998
o 0.501887 0.429708 0.000000 5.000000e—01 1.000000 0.000000 1.000000
os 0.497873 0.429664 0.000000 4.905020e—01 1.000000 0.000000 1.000000
P 0.499246 0.429741 0.000000 4.950889e—01 1.000000 0.000000 1.000000
dw 0.500410 0.429676 0.000000 5.000000e—01 1.000000 0.000000 1.000000
PNE 0.500769 0.460116 0.000000 5.022264e—01 1.000000 0.000000 1.000000
PN 0.499917 0.461221 0.000000 4.995922e—01 1.000000 0.000000 1.000000
Pse 0.499885 0.461172 0.000000 5.000000e—01 1.000000 0.000000 1.000000
Psw 0.499377 0.460100 0.000000 4.955921e—01 1.000000 0.000000 1.000000
Outputs
cos(d) —0.000817 0.706504 —0.703404 1.459151e—02 0.707094 —1.000000 1.000000
sin(0) 0.002778 0.707704 —0.707477 1.167711e—03 0.709558 —1.000000 1.000000
Table 3. Summary of quality metrics.
Quality metric Equation Note

- 1 - -
Mean square error MSE(y,§) = - 2;101 Wi — 9?2

Zim:1 (YI —)_’)2
Max Error(y, y) = max(ly; — Ji|)

Coefficient of determination Ry, ) =1—
Maximum residual error

Explained variance Explained Variance(y,j) = 1 —

N 1 _ N
Mean absolute error MAE(y, §) = = 2?101 lyi = Jil

Var{y — )
Var{y}

Expected value of the squared (quadratic) error

Range from [—1, 1] and the best possible score is 1
Worst-case error between predicted and true values

Best possible score is 1, while lower values are worse

expected value of the absolute error loss

We denote J; as the predicted value of the ith sample, y; as the corresponding true value, m as the number of samples, Var is variance.

Training Prediction
107 Data Set model

Upredicted

!

Collected
Data Set

Test Quality Quality
Data Set | Ymecasurea | Metric Assessment

Validation
Data Set

Figure 4. Schematic of the prediction model assessment
(adapted from Rushdi et al. (2020)).

For orientation angle prediction, the model perfor-
mance is evaluated for the testing data by comparing the
model prediction to the ground-truth orientation angle.
Quality metrics (Table 3) were employed as cost func-
tions to be minimized during model training. The cost
functions can be minimized by different optimization
algorithms such as the gradient descent one.

If we choose the mean-square error as our perfor-
mance measure or cost function from the quality met-
rics, our goal will be to identify the feature weight val-
ues that minimize the mean-square error. The following
is a mathematical representation of the minimization
problem:

1 — ‘ ,
minimize — > (g (x) — y )2 )

i=1

where h is the hypothesis function and hy (x) is the
predicted value. To numerically solve this minimization
problem, we could use an algorithm such as the gradient
descent (Ruder, 2016) with the following update rule:

0
repeat until convergence {0' =0 — aﬁf @) (8

where o is the learning rate which represents the steps. 6;
is the jth feature and j is from 0 to the number of features
m. The symbol : = denotes an iterative update process.
Simply, if the derivative term has a negative sign, then
0; will decrease approaching the local minimum point,
and if the derivative term has a positive sign, then HJ will
increase approaching the local minimum point. We don’t
have to worry about getting stuck in local minima as our
cost function is a convex function and has one global
minimum point.

4. DL results

In this section, we present the results of deep learning
models. We experimented with neural network architec-
tures consisting of 1 and 2 hidden layers with different
numbers of neurons. Our aim was to find the architecture
that yields the best accuracy or higher prediction capabil-
ities, while minimizing evaluation time, which is a critical
constraint for the CFD application. Note that training
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time, which is the time required to train the model, could
be hours. However, the time entity of interest is the eval-
uation time, which is the time required to predict the
output based on 1 sample (set of features).

As observed in Figure 5(a) for 1 hidden layer, 32 neu-
rons showed the best combination between accuracy and
evaluation time. Although the 128 neurons case results
in better accuracy than the 32 neurons case, the eval-
uation time is very high, making it unsuitable for our
application.

In contrast, Figure 5(b) for 2 layers shows enhanced
accuracy, but with a dramatic increase in evaluation time.
For this reason, we will choose the architecture of 1 hid-
den layer with 32 neurons as our best model and present
its results in detail.

Following the tuning strategy presented in Appendix
3, we performed 9 trials, according to the dropout and
regularization parameters, as shown in Figure 6. The
performance of each trial was judged by the coefficient
of determination (R?) and RMSE, which is the root of
MSE represented in Table 3. For all trials, we used a
fixed set of hyperparameters: number of Epochs = 500,
Batch Size = 256, and Learning Rate = 0.001. The best-
tuned model was found to be the one with dropout =
0% and no L, regularization, which resulted in R? =
0.999982 and RMSE = 0.003.

Figure 7 shows the evolution of the training and test
losses with training epochs. Once the model is trained
to a satisfactory error threshold, the trained model can
be used to predict orientation angle values for new input
features. It could be noticed that the error dropped dra-
matically within the first 50 epochs and then became
steady.

Figure 8 represents the true values vs predicted values
of the orientation angle. A perfect model is represented
by a green line with a 45° slope. The red line, which

represents the NN model, is almost identical to the ideal
line, indicating powerful prediction capabilities. Further-
more, Figure 8(a) demonstrates the robustness of our
model, as it can accurately predict the validation set even
though it has no prior knowledge of this data. While
Figure 8(b,c) represent the powerful prediction accuracy
in the test and training sets, respectively.

Figure 9 shows histograms of the prediction errors
made by the NN regression model on the validation, test,
and training sets, respectively. The error is a thin line
around zero.

To investigate the model’s behaviour, we plot the true
values of the orientation angle against the absolute values
of the prediction error in Figure 10. This figure reveals
that the model exhibits weaker prediction capabilities at
corner points (0°, 90°, and 180°) compared to its normal
behaviour. Nevertheless, the error at these corner points
is still within acceptable limits.

A convolutional neural network (CNN) was con-
structed, as described in Section A.4, and its perfor-
mance was compared to that of the neural network (NN)
model (Figure 11). While the CNN demonstrated strong
prediction capabilities comparable to those of the NN,
it required significantly longer training and evaluation
times. Furthermore, due to dimensional differences, the
CNN was incompatible with the compact stencil used in
our study. Therefore, we will use the NN model featuring
1 hidden layer and 32 neurons when solving CFD cases,
as shown in Section 6.

5. Comparative analysis

This section provides a comparative analysis of three
computational methods for predicting orientation angles:
neural networks (NN) with one hidden layer and 32 neu-
rons, convolutional neural networks (CNN), and Youngs
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Figure 11. Performance comparison of neural network (NN) and convolutional neural network (CNN) models in orientation angle
prediction.

method, a classical approach widely employed in the con- The discussion centers on the feasibility of replac-
text of the finite volume method. It was demonstrated  ing traditional classical methods with a NN model for
that the NN architecture with one hidden layer and  computing orientation angles within computational fluid
32 neurons outperformed the CNN model in terms of  dynamics solvers. Our results, presented in Tables 4
accuracy. and 5, indicate that the NN model achieves comparable
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Table 4. Comparison of mean orientation angle errors [°]
between machine learning models and classical method.

NN (1 layer - 32) CNN Classical method
Full 0.180788507 0.224068289 1.065619
Compact 1.055531754 - 5.355739

Table 5. Maximum error in orientation angle prediction [°] for
machine learning models and classical method.

NN (1 layer - 32) CNN Classical method
Full 2.283015863 2345339023 5.166765
Compact 6.546864392 = 16.319065

precision to existing classical methods, often surpass-
ing them. Notably, the NN model exhibits lower average
and maximum errors for both full and compact sten-
cils, demonstrating its potential as a viable alternative to
traditional classical methods.

This is particularly significant when using the com-
pact stencil, which has shown poor performance and
is rarely employed in practice. Furthermore, this study
showcases the ability of machine learning models to cap-
ture complex correlations within computational stencils
while maintaining low complexity. This suggests that NN
models can be effective tools for enhancing the accuracy
and efficiency of CFD solvers.

When integrating machine learning models into com-
putational fluid dynamics software, model prediction
time is a critical consideration, particularly for large-scale
evaluations. Our results show that using a full stencil
increases model prediction time by approximately 32%
compared to a compact stencil, with prediction times
of 0.38 and 0.29s, respectively, for one million evalua-
tions. This increase occurs despite the neural network’s
input layer for the full stencil containing nearly double
the number of inputs.

The observed difference underscores the impact of
stencil size on prediction efficiency, likely due to the addi-
tional data handling and matrix operations required for
the full stencil. While stencil size is a significant factor in
prediction time, neural network architecture and hard-
ware optimization may also contribute. These findings
highlight the importance of carefully selecting stencil
configurations to achieve an optimal balance between
model prediction efficiency and accuracy.

Although traditional methods may offer advantages in
terms of computational evaluation cost, ML models have
the potential to better leverage parallel computing archi-
tectures, such as high-performance CPUs and GPUs. As
technology continues to evolve rapidly, this advantage
is likely to become even more pronounced, potentially
leading to a decrease in evaluation costs.

The present study aims to investigate the errors of
the machine learning model on shapes not included in
the training dataset. The results are compared with those
obtained using classical methods, highlighting their main
differences. The outcomes of both techniques are pre-
sented for full and compact stencils. Two distinct scenar-
ios are considered, each with different levels of complex-
ity in terms of used shapes.

The results presented in Figure 12 indicate that the
ML model, referred to as NN, exhibits notably superior
accuracy compared to existing classical methods when
applied to the full stencil. The utilization of a compact
stencil in the NN model also yields significantly higher
accuracy compared to classical methods. Furthermore,
the NN model's performance with a compact stencil
is comparable to the performance of classical methods
using a full stencil (e.g. Young’s method), as shown pre-
viously in Tables 4 and 5. These outcomes highlight the
ML model’s ability to generalize effectively for smoother
geometries with gradual curvature, benefiting from both
training data and global spatial information.

Furthermore, the findings in Figure 13 reveal that the
ML model achieves lower maximum error levels with the
full stencil compared to classical methods, highlighting
its superior accuracy in capturing critical features. While
the error distribution is similar between the ML model
and classical methods, the NN model demonstrates a
more consistent reduction in error magnitude across the
domain. This is particularly evident with the compact
stencil, where the NN model shows localized maxima but
maintains lower error across the majority of the domain,
resulting in a reduced mean error overall.

The differences in performance between Figures 12
and 13 are influenced by the increased complexity of
the shape in Figure 13, which introduces sharper fea-
tures and abrupt curvature changes. These characteristics
challenge classical methods, leading to higher localized
errors due to their reliance on local gradient estima-
tions. In contrast, the NN model’s ability to learn and
leverage global spatial relationships enables it to mit-
igate these challenges, achieving lower maximum and
mean errors, even for sharp features not present in the
training data.

We conducted SHAP (SHapley Additive exPlanations)
analysis (Lundberg & Lee, 2017) for a set of random
samples to identify the critical variables that influence
orientation angle prediction used in the VOF simula-
tions. The summary plots provided (Figure 14) highlight
the importance of individual features and their impact
on the model’s output. The colour gradient indicates fea-
ture values (high in red and low in blue), while the SHAP
value quantifies the magnitude and direction of a fea-
ture’s contribution to a prediction. Additionally, the bar
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Figure 12. Assessment of difference error between the predicted interface normal and exact value estimated analytically for the first

shape: a mild example not included in the training dataset.

plots (Figure 15) quantify the average importance of each
feature.

The SHAP analysis reveals that the machine learn-
ing model relies heavily on neighbouring cell values (e.g.
dw, @k, Ps, and ¢n) while showing very poor depen-
dency on the central cell (¢p). This is consistent with
the finite difference method, where interface normals
are estimated based on gradients calculated as differ-
ences between neighbouring cells, and the central cell
does not directly contribute to these computations. The
model’s behaviour demonstrates its ability to learn the
same directional dependencies inherent in finite differ-
ence stencils, focussing on relative variations between
neighbours to estimate the interface normal.

Furthermore, the model’s reliance on specific direc-
tions (e.g. ¢n and ¢s for the cosine component, ¢ and
@k for the sine component) highlights how it mirrors the
physical principles underlying finite difference calcula-
tions while potentially capturing nonlinear relationships

that finite differences cannot. The negligible role of ¢p
further validates that the model does not depend on abso-
lute scalar values but instead effectively utilizes the sur-
rounding cell values for gradient-based predictions. This
consistency supports the model’s suitability as a replace-
ment for finite difference methods in estimating interface
normals.

6. Benchmark cases

The main objective of this section is to examine and
assess the numerical accuracy of the developed ML
model. We verify its performance against existing meth-
ods for evaluating the interface normal vector within
the PLIC framework. All numerical experiments were
conducted on uniform 2D quadrilateral grids.

The model was implemented in OpenFOAM v2312
within the isoAdvector solver framework (Roenby et al.,
2016) as an alternative method to estimate the interface
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Figure 13. Assessment of difference error between the predicted interface normal and exact value estimated analytically for the second
shape: a more severe example not included in the training dataset.
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Figure 15. Bar plots of SHAP analysis. (a) First output (cos(orientation angle)) and (b) second output (sin(orientation angle)).

normal vector used in the solver. To provide a point of
comparison, Youngs’ formula (Harvie & Fletcher, 2000)
for calculating the interface normal vector was also
implemented within the isoAdvector framework.

Youngs’ method computes the interface normal vector
by averaging and normalizing the gradient of the vol-
ume fraction field, ¢, at the surrounding cell corners. The
derivatives at these corners are determined using the vol-
ume fraction field at neighbouring cells, as illustrated in
Figure 2. For instance:

¢E + $NE — ¢p — PN

My NE = h
¢N + $NE — ¢p — PE
m)/,NE == 2h > (9)

where h is the cell size.
The unit normal vector for a given cell P is then
computed as:

hmyp

JOmep? + (myp)2 + €

(le, n )P =
Y

h
x TP . (10)

J0mep)? + (myp)? + €

where e is a small positive value, typically set to 1071°, to
avoid numerical issues such as division by zero.

The derivatives at the cell center P are determined
using the values at the surrounding corners (NW, SW, NE,
SE) by averaging as follows:

Myp = + (menw + Mxsw + moNg + myse),  (11)
myp = 1 (mynw + mysw + myNe +mysg) . (12)

While more recent methods have been proposed,
these are typically designed for curvilinear structured

meshes, or unstructured grids. As our study is focussed
specifically on uniform Cartesian grids, which align with
the scope of Youngs’ original work, we have chosen to use
it as a baseline for comparison.

To validate the accuracy and robustness of the pro-
posed method, calculations were performed for two well-
known test cases from the literature: Zalesak’s Notched
Disc 2D solid body rotation (Zalesak, 1979) and Rider
and Kothe’s 2D vortex flow (Rider & Kothe, 1998). These
benchmark cases are commonly used to evaluate numer-
ical methods for interface tracking, as they test the ability
of the algorithm to preserve interface sharpness and han-
dle complex deformations. The results for these cases
were compared with existing methods to assess the per-
formance of the developed approach, with errors quanti-
fied using two error metrics, E; and E,, which measure
the deviation from the exact solution. The error metrics
are defined as follows:

N
Er =" lpn — pelilQil, (13)
i=1

Zil lon — @elil€2i]
Zil [@elil€2]

where ¢, is the numerical (computed) value of the vari-
able ¢ in a given cell i, . is the exact value used for
comparing the accuracy of the numerical solution, Q; is
the volume of cell i and N is the total number of cells in
the computational domain.

Additionally, we performed a dam break simulation
to evaluate the method’s applicability to realistic and
highly dynamic interfacial flows, which are commonly
encountered in engineering applications.

E; = (14)

6.1. 2D solid body rotation

We employ the well-known 2D solid body rotation test
of the notched/slotted disc by Zalesak (1979). In the
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(a) isoAdvector /NN 9-cell Stencil

(b) isoAdvector/NN 5-cell Stencil

(c) isoAdvector/Young’s method

Figure 16. 0.5 VOF contour after one period on a grid with 200 x 200 resolution using different methods for estimating the interface
normal for Zalesak’s rotation test. (blue: numerical method, black: exact). (a) isoAdvector/NN 9-cell Stencil, (b) isoAdvector/NN 5-cell

Stencil and (c) isoAdvector/Young's method.

Table 6. Error metrics for Zalesak’s 2D solid body rotation test.

CFL Method £ Ey

0.25 isoAdvector/NN 9-cell Stencil 0.000822 0.0140
isoAdvector/NN 5-cell Stencil 0.000807 0.0137
isoAdvector/Young's method 0.000870 0.0148

0.10 isoAdvector/NN 9-cell Stencil 0.000712 0.0121
isoAdvector/NN 5-cell Stencil 0.000708 0.0121
isoAdvector/Young's method 0.000842 0.0143

computational domain [0, 1] x [0,1], a circle with a
radius of 0.15, centered at (0.5, 0.75), is initially set and
notched with a slot defined by |x — 0.5] < 0.025and y <
0.85. The notched circle is transported by a rotational
velocity field with a constant angular velocity given by
(Vs V) = (y — 0.5,0.5 — x), which returns the circle to
its initial position after one revolution.

In this test, time steps are selected so that the maxi-
mum CFL number is equal to 0.25, and the computation
is performed for a period of 2z. The interface is shown
to be almost identical to its original shape in Figure 16,
where it is represented as a 0.5-contour of VOF. This indi-
cates that the generated model can accurately predict the
interface normal vector, indicating its overall accuracy
in capturing the interface and producing nearly identical
results as existing approaches. To examine the numerical
results more quantitatively, Table 6 provide a summary of
the numerical errors.

The model’s performance is evaluated across vari-
ous configurations, including isoAdvector/NN with 9-
cell and 5-cell stencils, as well as isoAdvector/Young’s
method, under different conditions such as varying CFL
numbers and grid resolutions. The results consistently
demonstrate that the developed ML models achieve low
error values, underscoring their accuracy and robustness
in capturing interface dynamics for this test case. Notably,
both the isoAdvector/NN 9-cell Stencil and 5-cell Sten-
cil configurations exhibit particularly low error values,
highlighting their potential for practical applications in
computational fluid dynamics.

A particularly noteworthy observation is the per-
formance of the isoAdvector/NN 5-cell Stencil, which

achieves accurate interface reconstruction despite its
reduced stencil size. Traditional finite volume methods
with a similar 5-cell stencil often encounter significant
challenges due to limited spatial information. However,
the neural network’s capacity to identify and exploit com-
plex nonlinear patterns enables it to produce accurate
predictions even with fewer data points or simpler sten-
cils, demonstrating the adaptability and effectiveness of
the NN-based approach.

It is important to note that the simplicity of the
velocity field in this test case influences the observed
error behaviour. At smaller CFL numbers (i.e. smaller
time steps), improvements in interface normal estima-
tion (e.g. orientation accuracy) result in noticeable accu-
racy gains. Conversely, at higher CFL numbers (i.e. larger
time steps), advection errors become more significant,
diminishing the relative contribution of interface nor-
mal improvements. This behaviour reflects the dynamic
relationship between static reconstruction and advection
errors, which varies based on the numerical configura-
tion and flow conditions.

6.2. 2D ssingle vortex shear flow

The benchmark test for shear flow, as introduced by
Harvie and Fletcher (2000), is commonly used to eval-
uate the precision of different interface-capturing meth-
ods in managing deformed and elongated interfaces. The
initial VOF configuration is described as a circle with
a radius of 0.15, centered at (0.5, 0.75) within a unit
domain [0, 1]? on a 128 x 128 uniform grid. This initial
circle is transported by a time-dependent velocity field
given by

2 t
u = = sin? (7 x) sin(z y) cos( y) cos (%) ,
T

v = _2 sin? (7 ) cos(z x) sin( x) cos (”—t) ,  (15)
T T

where T is the revolution period.
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Figure 17. 0.5VOF contour after one period on a grid with 128 x 128 resolution using different methods for estimating the interface nor-
malfor 2D shearflowtest (T = 45). (red: numerical method att = T/2, blue:numerical method att = T, black: exact). (a) isoAdvector/NN
9-cell Stencil (b) isoAdvector/NN 5-cell Stencil and (c) isoAdvector/Young's method.

As the velocity field progresses, the initial circle is dis-
torted and elongated into a spiral with a narrow tail. The
peak deformation happens at t = T/2, after which the
velocity field reverses, restoring the spiral to its original
circular form when ¢ = T. This benchmark test assesses
the model’s capability to precisely capture thin and highly
distorted interface geometries.

As the velocity field evolves, the initial circle deforms
into an elongated spiral with a narrow tail. The peak
deformation occurs at t = T/2, after which the velocity
field reverses, restoring the spiral to its original circu-
lar shape at t = T. This benchmark test evaluates the
model’s ability to capture thin and distorted interface
geometries with precision, highlighting challenges asso-
ciated with multiple error sources.

In this case, both advection errors, caused by the
complex velocity field, and static reconstruction errors,
resulting from inaccuracies in interface normal estima-
tion and interface placement, contribute to the overall
error. The thin and highly distorted regions of the inter-
face amplify these errors, providing a practical assess-
ment of the model’s effectiveness in handling geometric
deformations of the interface.

6.2.1. Casel:T=4s

In Figure 17, the 0.5 VOF contours for the 2D shear flow
test at T/2 (represented by the red line) provide insights
into the performance of different methods under maxi-
mum deformation. At this time, the initial circular inter-
face is stretched into a spiral shape with a thin tail, repre-
senting a significant challenge for numerical methods to
capture accurately. For the developed ML model, both the
isoAdvector/NN 9-cell Stencil and isoAdvector/NN 5-
cell Stencil configurations exhibit accurate tracking of the
interface, closely matching the solution obtained using
Young’s method. After one period, the 0.5 VOF contours
(represented by the blue line) illustrate the capability
of different methods in capturing the interface evolu-
tion under significant deformation. These contours, plot-
ted after one period of the flow, show the comparison

Table 7. Error metrics for 2D shear flow testat T = 4, N = 128.

Method Eq E;
isoAdvector/NN 9-cell Stencil 0.000500 0.007074
isoAdvector/NN 5-cell Stencil 0.0007920 0.01121
isoAdvector/Young's method 0.0007542 0.01068

between the numerical method and the exact solution.
Qualitatively, the developed ML model with isoAdvec-
tor/NN 9-cell Stencil and isoAdvector/NN 5-cell Stencil
configurations perform very well with minimal deviation
from the exact solution.

A more quantitative analysis is performed by exam-
ining the error metric results in Table 7. The isoAd-
vector/NN 9-cell Stencil configuration is particularly
impressive, as it effectively handles intricate deforma-
tions and provides superior accuracy compared to the
isoAdvector/Young’s method. The isoAdvector/NN 5-
cell Stencil, while having slightly higher errors, still per-
forms comparably to Young’s method. The slightly lower
accuracy of the 5-cell stencil can be attributed to the
reduced input data available in the stencil, which is less
effective in handling the very thin structures, such as the
thin tail of the spiral shape at T/2. Nevertheless, the 5-cell
stencil’s performance is impressive, especially consider-
ing that Young’s method uses a 9-cell stencil and achieves
similar error levels.

6.2.2. Casell:T = 8s

A more challenging test is demonstrated by setting the
periodto T = 8s. As shown in Figure 18, the spiral shape
becomes even thinner, causing the error to accumulate
more significantly over time. It should be noted that in
this case, the errors due to advection plays more dom-
inant role due to the nature of velocity field and time
duration of the simulation. In this scenario, the isoAd-
vector/NN 9-cell Stencil performs very well compared
to other schemes. On the other hand, the isoAdvec-
tor/NN 5-cell Stencil performs poorly in comparison.
This is due to insufficient data in the stencil, although
it still performs quite well compared to other schemes
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Figure 18. 0.5 VOF contour after one period on a grid with 128 x 128 resolution using different methods for estimating the interface nor-
mal for 2D shear flow test (T = 85). (red: numerical method att = T/2, blue: numerical method att = T, black: exact). (a) isoAdvector/NN
9-cell Stencil, (b) isoAdvector/NN 5-cell Stencil and (c) isoAdvector/Young's method.
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Figure 19. 0.5 VOF contour after one period on a grid with 256 x 256 resolution using different methods for estimating the interface nor-
malfor 2D shearflowtest (T = 8s). (red: numerical method att = T/2, blue:numerical method att = T, black: exact). (a) isoAdvector/NN
9-cell Stencil, (b) isoAdvector/NN 5-cell Stencil and (c) isoAdvector/Young's method.

with similar stencil sizes, which, based on our numerical
experiments, crashed and could not complete the simula-
tion. This is confirmed by repeating the simulation with a
256 x 256 resolution (Figure 19), where the performance
of the isoAdvector/NN 5-cell Stencil improves consider-
ably since more data are now available to resolve the thin
structures. However, it still remains less accurate com-
pared to the other methods (namely isoAdvector/NN 9-
cell Stencil and isoAdvector/Young’s method) considered
in this study.

In Table 8 confirms our previous findings and, the
isoAdvector/NN 9-cell Stencil configuration is particu-
larly impressive, as it effectively handles intricate defor-
mations and provides superior accuracy compared to
the isoAdvector/Young’s method. The isoAdvector/NN
5-cell Stencil, while having slightly higher errors, still per-
forms comparably to Young’s method. The slightly lower
accuracy of the 5-cell stencil can be attributed to the
reduced input data available in the stencil, which is less

Table 8. Error metrics for 2D shear flow testat T = 4.

Resolution Method E E;

N =128 isoAdvector/NN 9-cell Stencil 0.002214 0.03134
isoAdvector/NN 5-cell Stencil 0.006577 0.09310
isoAdvector/Young's method 0.002067 0.02926

N = 256 isoAdvector/NN 9-cell Stencil 0.0005643 0.007984
isoAdvector/NN 5-cell Stencil 0.001457 0.02062
isoAdvector/Young's method 0.0005944 0.008410

effective in handling the very thin structures, such as the
thin tail of the spiral shape at T/2. Nevertheless, the 5-cell
stencil’s performance is impressive, especially consider-
ing that Young’s method uses a 9-cell stencil and achieves
similar error levels.

6.3. Validation against two-phase dam-break
experiments

To validate the accuracy of the developed model, numeri-
cal predictions were compared with experimental results
for a two-phase dam-break problem impacting a verti-
cal wall (Kamra et al., 2019). The simulation utilized the
k — € turbulence model and was conducted with a CFL
number of 0.5, highlighting the numerical stability and
robustness of the model for practical engineering appli-
cations. Snapshots of the free-surface profile obtained
from the simulation are presented in Figure 20. The pre-
dicted free-surface profiles show strong agreement with
experimental observations, demonstrating the model’s
ability to accurately capture the intricate dynamics of the
interface.

This level of accuracy may be attributed to the com-
plex and rich dataset used during model training, which
enhances its ability to predict the interface orientation
(i.e.the normal vector). This capability is particularly crit-
ical for resolving the highly transient nature of the flow
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Figure 20. Snapshots of the free-surface profile obtained using
isoAdvector/NN 9-cell Stencil.

and accurately capturing the free-surface evolution dur-
ing the dam-break event.

Additionally, pressure measurements at a specific
point on the vertical wall were compared with the model’s
numerical predictions, as depicted in Figure 21. A minor
time lag in the initial impact was observed, which may be
attributed to the experimental gate mechanism influenc-
ing the flow release dynamics (Kamra et al., 2019), as this
effect was not accounted for in the numerical simulation.
To address this discrepancy, a 70 ms time shift was intro-
duced to synchronize the point of impact between the
numerical and experimental datasets. This adjustment
ensured that the comparison focussed on the dynamic
variations in pressure rather than discrepancies caused by
timing offsets inherent to the experimental setup.

The results demonstrate that the model delivers
accurate predictions of both the free-surface evolution
and the dynamic pressure distribution, with excellent
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agreement observed between the numerical and exper-
imental data. These findings underline the model’s
robustness and its potential for simulating complex two-
phase flows in real-world engineering applications.

7. Conclusion

In this work, we demonstrated the application of deep
learning methodologies for predicting interface orienta-
tion angles (i.e. interface unit normal vectors) in interface
computational cells within the context of the volume of
fluid method for multiphase flow. The data was generated
using the parametric radial star formula, providing the
complexity needed for practical engineering problems.
The interface orientation angles and volume fractions
were analytically determined, serving as the ground truth
for training the machine learning model.

We evaluated different neural network architectures
and selected a neural network with one hidden layer of
32 neurons for its higher accuracy and lower evalua-
tion time. This model was tested against a Convolutional
Neural Network (CNN) and Young’s method, and was
found to be comparably accurate or even more accu-
rate. Two models were developed using 3 x 3, 9-cell and
5-cell stencils, implemented in the OpenFOAM isoAd-
vector solver framework as isoAdvector/NN 9-cell and
isoAdvector/NN 5-cell Stencil.

Numerical tests demonstrated the effectiveness of the
developed ML model, particularly with the isoAdvec-
tor/NN 9-cell and 5-cell Stencil configurations. The ML-
based methods consistently exhibited accurate interface
tracking with minimal deviation from the exact solution,
even under significant deformation and challenging flow
conditions. The isoAdvector/NN 9-cell Stencil showed
superior performance, while the isoAdvector/NN 5-cell
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Figure 21. Comparison of pressure time history at a probe point on the vertical wall for the dam-break problem, between numerical

predictions and experimental data.



18 M. A. RUSHDI ET AL.

Stencil, although slightly less accurate, still performed
comparably well, highlighting the robustness of the ML
model. These findings underscore the potential of inte-
grating machine learning techniques into traditional
numerical methods to enhance accuracy and reliability in
computational fluid dynamics simulations for multiphase
flow.

Future work should investigate applying this tech-
nique to non-uniform grids, particularly triangular and
tetrahedral grids, to enhance the precision of orienta-
tion angle approximation while maintaining comparable
accuracy with immediate face neighbours.

Nomenclature
Abbreviations

CFD computational fluid dynamics
CFL Courant-Friedrichs-Lewy number

CNN convolutional neural network

ELVIRA enhanced LVIRA method for VOF interface
reconstruction

LVIRA  an interface reconstruction method used in
VOF

ML machine learning

NN neural network

PLIC piece-wise linear interface construction

VOF volume-of-fluid, a method for interface track-
ing in fluid simulations

Physical Constants

a amplitude factor in the parametric radial star
formula

b frequency factor in the parametric radial star
formula

c exponent factor in the parametric radial star
formula

1o baseline radius for the parametric radial star
formula

Variables

v velocity vector

\% gradient operator

¢ volume fraction, ranging from 0 to 1, repre-

senting the proportion of the heavier phase in
a computational cell

@N> ¢s, PB, pw  volume fractions of neighbouring cells
(North, South, East, West)

ép volume fraction at the interface cell P

PNW> PNE> Psw> dsg  volume fractions of diagonal
neighbouring cells (Northwest, Northeast,
Southwest, Southeast)

0 interface orientation angle, in radians, with a
range of [0, 27 ]
r radial distance in the parametric radial star

formula for dataset shape generation
t time
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Appendices

Appendix 1. Computational techniques for
evaluating indicator function integrals

The computational domain Q = Q! UQ? consists of two
regions separated by an interface (x € I') of finite thickness.
A smooth indicator function H(x) is introduced to describe
the region occupied by fluid 1 (x € Q') and its transition to
the complementary region (x € Q2). The indicator function is
defined as:

1, x e Ql
H(x) = {0, x € Q?, (A1)
0<¢p<l1 xel.

The average value of the indicator function over a subdomain
Q; is expressed as:

bi

= H(x) dx. A2

1] Jg ) (42
The indicator function H(x) is constructed using the distance
function W (x, y), which is derived from the geometric pro-
file of the interface. Examples include configurations such as
a radial star equation (6) or the initial interface geometry used
in benchmark problems. The indicator function is then defined
as:

I, Yxy) <0,
H(x) = (A3)
0, otherwise.

For example, when the interface is represented as a circle of
radius R centered in the square computational domain [0, 1] x
[0, 1], the indicator function H(x) becomes:

I, V(x—052+(@y—05)2 <R,
H(x) = (A4)
0, otherwise.

Several methods are available for initializing the volume frac-
tion field based on a prescribed interface profile, including
the Vofi library (Bna et al., 2016), which leverages implicit
functions and Gauss-Legendre integration to accurately com-
pute volume fractions in Cartesian grids. In this study, two
approaches are considered for evaluating the integral of the
indicator function over a subdomain Q;:

A.1. Sampling-based method

This method involves sampling multiple points within each
computational cell, calculating the distance function ¥ (x, )
at these points, and determining the corresponding volume
fraction. Figure A.l illustrates a computational grid near
the interface, where sampling points are distributed within
cells intersecting the interface. The volume fraction is esti-
mated as the ratio of red samples (representing fluid 1)
to the total number of samples in each cell. With a suffi-
ciently large number of sampling points, the volume fraction
can be computed with high accuracy. Numerical experiments
were performed to identify the optimal number of sampling
points needed to ensure accurate and reliable volume fraction
estimation.

A.2. Tanh-based method

In this approach, the hyperbolic tangent function is applied
to the distance function to smooth the transition across the
interface. The modified indicator function is expressed as:

Hianh (x) = % (1 + tanh (@)) R (A5)

where € is a parameter controlling the sharpness of the tran-
sition. For sharp interfaces, a small value such as € &~ 107° is
typically used. The integration of this smooth indicator func-
tion is then performed using Gauss quadrature. Numerical
experiments were conducted to determine the optimal num-
ber of quadrature points required for accurate computation of
the volume fraction.


https://doi.org/10.3390/en17153630
https://doi.org/10.1016/j.jcp.2019.01.009
https://doi.org/10.15420/usc
https://dl.acm.org/doi/abs/10.1145/2939672.2945397
https://doi.org/10.1007/s10994-019-05855-6
https://doi.org/10.1016/j.chaos.2020.110050
https://doi.org/10.1016/j.camwa.2024.02.048
https://doi.org/10.1016/0021-9991(79)90051-2
https://doi.org/10.1016/j.ijmultiphaseflow.2017.01.002

ENGINEERING APPLICATIONS OF COMPUTATIONAL FLUID MECHANICS e 21

Figure A.1. Computational grid near the interface (black line),
separating the red (fluid 1) and blue (fluid 2) regions. Sampling
points are used to estimate the volume fraction.

Interface —

Both methods have been validated against benchmark prob-
lems and have been shown to provide effective and accurate
volume fraction computations based on the indicator function.

Appendix 2. Machine learning methods

Machine learning (ML) and deep learning (DL) methods are
sub-fields of artificial intelligence (AI). They have gained a lot
of research attention in the past few years because of their out-
standing capabilities to model nonlinear input-output relation-
ships for many tasks like classification or regression problems.
These methods can be used to solve multivariate problems with
a very large number of input variables or features.

ML and DL methods have been applied in many fields in
recent years. They were, mainly, fruitfully in:

e Computer vision: tasks like object/pattern recognition,
image classification, and tracking are almost well solved with
high accuracy. This has a huge impact on self-driving cars
application (Gupta et al., 2021).

e Natural Language Processing (NLP): tasks like sentiment
analysis, machine translation, speech recognition, and chat-
pots. This part is evolving fast as we see how advanced voice
assistants like Siri or Alexa are, also the human-like inter-
locutor ChatGPT (Thorp, 2023). NLP is used also in the
educational field for students’ performance prediction tasks
(Fateen & Mine, 2021).

While the knowledge is being accumulated and the ML
and DL models get more sophisticated, more fields benefit
from this. Healthcare fields benefit a lot by using ML/DL
for medical diagnosis, drug discovery, and prediction of life-
threatening conditions, as well as dealing with the novel coro-
navirus (COVID-19) (Yadav et al., 2020). Engineering fields,
also, applied ML/DL in the energy field for power prediction
(Rushdi et al., 2020, 2021) and many other applications.

The ML/DL methods are currently included in hardware-
optimized software libraries (Li et al., 2020) such as Scikit Learn
(Pedregosa et al., 2011), TensorFlow (Abadi et al., 2016), Keras
(Chollet et al. , 2015), Pytorch (Paszke et al., 2017), and CNTK
(Seide & Agarwal, 2016). This led to the growing number of
fields in which ML/DI was applied.

As shown in Figure A.2, the ML/DL methods or tasks can
be categorized into the following four categories (Géron, 2019)
based on the nature of learning supervision:

o Supervised learning (Hastie et al., 2009a): The training data
fed to the algorithm is labelled. The typical supervised learn-
ing tasks are regression and classification.

o Unsupervised learning (Hastie et al., 2009b): The training
data is not labelled. The typical tasks are clustering, anomaly
detection, and dimensionality reduction.

e Semi-supervised learning (Van Engelen & Hoos, 2020):
These algorithms deal with partially labelled data. Typically,
a few labelled data and a lot of unlabelled data.

e Reinforcement learning (Arulkumaran etal., 2017): The clos-
est category to AL The learning system is called agent, typ-
ically a robot, which can observe the environment, make a
decision, and perform actions to get rewards.

Based on these categories, supervised learning is the way to
formulate the tackled problem and to do the current task as the
data is labelled. Also, we need to predict the orientation angle
based on the values of input features, so this is a regression task.

In supervised learning methods, pairs of input variables x
and output variables y are used to learn an approximation of the
input-output mapping y = f(x). The learning process seeks to
optimize some objective function, such that for new unlabelled
data samples, corresponding outputs are accurately predicted.
For example, one-dimensional linear regression is the prob-
lem of fitting a line y = ax + b to a number of labelled points
{x, y}iL, such that a least-square error function is minimized.

Appendix 3. Deep learning overview

This appendix provides a concise overview of the neural net-
work (NN) and convolutional neural network (CNN) repre-
sentations, along with the tuning strategy employed for the NN
architecture.

A.3. NN overview

Artificial neural network (ANN) models have garnered grow-
ing research attention due to their exceptional ability to model
nonlinear input-output relationships. Generally, ANNs emu-
late the functioning of biological neural networks found in
the human brain. A ‘neuron’ in an ANN functions similarly
to a biological neuron, serving as a mathematical construct
that gathers and processes information based on a predefined
architecture.

A neural network primarily consists of layers of intercon-
nected nodes. Figure A.3 illustrates the neural network model
employed for predicting orientation angle, featuring two hid-
den layers. Each node in this network model functions as a
perceptron, which is essentially utilized to execute multiple
linear regression. The perceptron channels the input signals
into an activation function, which determines the learning
model’s output, accuracy, and computational efficiency. Acti-
vation functions can be designed as either linear or nonlinear
to encapsulate the complexity of the predicted function. Figure
A.4 presents a schematic representation of a single percep-
tron, encompassing linear summation and nonlinear activation
operations.
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Figure A.2. Main categories of machine learning problems with key applications (Seetharam et al., 2020).
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Figure A.3. A NN schematic for output prediction with two hid-
den layers (adapted from Rushdi et al. (2024)).
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Figure A.4. A single neuron representation of the jth node in the
Ith layer of a NN architecture (Rushdi et al., 2024).

Table A.1. Neural network weight update rules.
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As previously noted, in a multi-layered perceptron (MLP)
or neural network, perceptrons or neurons are organized into
interconnected layers. The input layer gathers input patterns,
while the output layer produces the predicted classification or
regression results. In our study, the utilized network is designed
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# hidden layers

’Usually chosen 3 to 5 for the scale of our problem ‘

# neurons in each
hidden layer

’powers of 2 in a descending way by going deeper within the hidden layers. ‘

# input neurons

’0ne per input feature. (For full stencil = 9 & For compact stencil = 5) ‘

# output neuron

’One per prediction dimension ‘

Hidden activation

‘We used exponential linear unit (EIU) ‘

Neuron functions
parameters
mi\?auégz';{la:ceﬁ'ons ’Could be linear, RelU (for positive outputs), and Tanh (bounded outputs). ‘
‘ Optimizer ‘ ‘We choose "Adam” as it combines the RMSprop and momentum techniques. ‘
Choosing smaller values will lead to better accuracy, but with higher
g computational cost. We used value of 0.001.
Network - - - -
propagation Batch size Smaller values will lead to better accuracy, but with higher computational
parameters cost. It is better not to use a batch size = 32.

Drop-out &

Regularization

We used a high number then used a callback to scan the whole domain
and return the epoch that leads to the best accuracy.

Used to solve the overfitting problem. These two parameters will be
tuned by trial.

Figure A.5. Summary of NN hyper-parameter tuning.
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Figure A.6. lllustration of the primary components of convolutional neural networks (ConvNets). The numerical values are provided
solely as examples to demonstrate convolution and pooling operations (Rushdi et al., 2024).

to predict the orientation angle. The weights and biases within
the hidden layers are meticulously fine-tuned to minimize the
network’s margin of error. The hidden layers primarily extract
the salient features of the input data that are most indicative
of the orientation angle. The weight update rules for a single
jth neuron in the Ith layer (over m samples) can be derived as
shown in Table A.1.

Then the gradient-descent rule is applied iteratively to
update the network parameters until convergence. Note: %
varies based on the activation function used.

Neural Network has many parameters to be tuned. A sum-
mary of these hyper-parameters and our strategy/choices are

shown in Figure A.5.
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A.4. CNN overview

Convolutional neural networks (CNN or ConvNet) are a class
of artificial neural networks frequently employed for classi-
fication tasks in image processing/recognition applications.
Nonetheless, 1-D ConvNet could be employed for regression
problems. CNN performs exceptionally well with pictures,
speech, and audio signal inputs. ConvNets are composed
of a Conv component, a pooling component, and a fully
connected feed-forward neural network. The Conv compo-
nent is the fundamental building block of ConvNets, and it

contains three hyperparameters (a) Number of filters, which
affects the depth of the output, (b) Stride, which is the
distance that the filter/kernel moves over the input matrix,
(c) Zero-Padding, which used when the filters do not fit the
input matrix.

To introduce non-linearity to the model, a ReLU transfor-
mation is applied after each convolution operation. Then, to
reduce the volume size, a pooling component is applied. Finally,
the volume is flattened and input to a feed-forward neural
network, as shown in Figure A.6.
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