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Summary

The growing importance of renewable energy sources, particularly biomass, in mitigating
climate change has led to increased research and development in this field. Biomass
combustion chambers play a crucial role in converting biomass into heat energy efficiently
and cleanly. However, the combustion process is influenced by the characteristics of
biomass particles, such as their composition, size distribution, and moisture content, which
can vary significantly. In this thesis, we explore the application of physics-informed neural
networks (PINNs) for predicting particle motion in biomass systems, aiming to improve
combustion efficiency and reduce emissions.

The thesis is divided into three main parts. The first part introduces a PINN model for
predicting biomass particle velocities in a moving bed. The proposed model demonstrates
the effectiveness of PINNs as surrogate models for computationally expensive discrete
element method (DEM) simulations. The second part focuses on reconstructing biomass
particle fields in a particle-fluid problem using continuum methods. Through the integration
of simulation data and PINNSs, accurate predictions of particle velocities, pressure, and
density fields are achieved. In the third part, a recurrent neural network architecture is
employed to predict particle motion in a moving grate chamber and a rotating drum. The
results highlight the model’s ability to capture particle behavior accurately, even for time
intervals longer than the training time.

The findings of this thesis contribute to the understanding of biomass combustion
dynamics and offer valuable insights into optimizing biomass combustion chamber design
and operation. The PINN-based approach proves to be computationally efficient and
reliable for predicting particle motion, providing a valuable tool for biomass system analysis
and optimization. Additionally, a separate study on three-dimensional computational
fluid dynamics - discrete element method (CFD-DEM) simulations of raceway transport
phenomena in a blast furnace is presented, emphasizing the importance of understanding
the complex dynamics in metallurgical processes.

By combining the power of neural networks with physics-based modeling, this research



bridges the gap between computational efficiency and accuracy in predicting particle motion
in biomass systems. These insights can contribute to the development of cleaner and more

efficient biomass combustion technologies, promoting a sustainable and greener future.
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Chapter 1

Introduction

In recent times, there has been a growing acknowledgment of the importance of renewable
energy sources in worldwide energy, aiming to reduce the detrimental impacts of climate
change. Biomass, as a versatile source of renewable energy, has gained significant attention
[1]. The utilization of biomass not only offers a sustainable alternative to fossil fuels but also
presents opportunities for reducing greenhouse gas emissions and promoting a cleaner
and greener future.

Biomass refers to organic matter derived from living or recently living organisms [2],
such as plants, agricultural waste, forestry residues, and dedicated energy crops (figure 1.1).
It is an important resource that can be transformed into energy via a variety of procedures.
One of the most important applications of biomass is in combustion, which is the thermal
conversion of biomass into heat energy.

A biomass combustion chamber is crucial in this process. It aims to ignite biomass
sources effectively, transforming their chemical energy into heat. The combustion chamber
generates a controlled atmosphere in which the biomass fuel burns, providing heat that can
be used in mechanical applications [4]. The combustion chamber’s design and operation
are critical for attaining optimal combustion efficiency, minimizing emissions, and assuring
safe and reliable operation.

Biomass power plants generate steam in combustion chambers, which power turbines to



Figure 1.1: Biomass Sources - lllustration depicting various biomass sources, including
plants, agricultural waste, forestry residues, and energy crops, highlighting their importance
as renewable energy feedstocks [3].



generate energy. Because it provides a clean and renewable energy solution, this application
has tremendous promise, particularly in regions with substantial biomass supplies.

Furthermore, biomass combustion chambers are employed in industrial processes
requiring high-temperature heat, such as building heating systems, industrial furnaces, and
drying applications [4]. Biomass combustion can provide a dependable and cost-effective
heat source, providing an alternative to fossil-fuel-based systems.

In certain mechanical applications, such as the production of biofuels, biomass has
been processed before entering the combustion chamber. The mixing drum procedure is
an important one in this sense. The mixing drum is a mechanical device that is used to
homogenize biomass feedstocks to ensure uniform composition and qualities. It makes
it easier to combine different biomass sources, improving fuel quality and combustion
characteristics.

Adequate mixing of biomass sources in the mixing drum considerably leads to fuel
variability reduction. Depending on the processing method, biomass fuels can vary in
moisture content, particle size distribution, and chemical composition. These changes
can have an instantaneous impact on the combustion process, resulting in incomplete
combustion, and greater emissions.

The variety in fuel qualities can be reduced by putting biomass sources into the mixing
drum process. The drum aids in the homogenization of various biomass sources, ensuring
that the fuel mixture has a uniform composition [6]. This uniformity not only increases
combustion efficiency but also minimizes risks of incomplete combustion, and pollutant
emissions.

Furthermore, the uniformity achieved through the mixing drum process has a direct
impact on the overall system performance [7]. Consistent fuel properties enable better
control and optimization of the combustion chamber’s design and operation. This optimization
includes factors such as air-fuel ratio, residence time, and temperature distribution, which
are crucial for achieving maximum combustion efficiency and minimizing operational issues.

Machine learning encompasses various approaches and techniques that enable computers



Figure 1.2: Mixing drum: With a smooth rolling action, the drum can ensure efficient mixing
of the materials inside it [5].

to learn from data and make predictions or decisions without being explicitly programmed.
Among the different types of machine learning, neural networks have gained significant
attention due to their ability to model complex relationships and patterns.

Neural networks are computational models inspired by the structure and functioning of
the human brain. They consist of interconnected nodes, called neurons, organized in layers.
Each neuron receives inputs, applies a mathematical transformation to them, and produces
an output. By adjusting the weights and biases associated with these connections, neural
networks can learn from data and make predictions or classifications.

One of the main advantages of neural networks is their ability to handle complex and
non-linear relationships in the data. They can capture intricate patterns and representations
that may not be easily discernible using traditional statistical or rule-based approaches.
Neural networks excel in tasks such as image recognition, natural language processing,
and speech recognition, where the underlying patterns are complex and multidimensional.

Another advantage of neural networks is their capability to perform feature extraction

automatically. Traditional machine learning algorithms often require handcrafted feature



engineering, which is a time-consuming and knowledge-intensive process. Neural networks,
on the other hand, can learn relevant features directly from the raw data, reducing the need
for manual feature engineering.

Neural networks, however, also have some limitations. One notable disadvantage is
their black-box nature, meaning that it can be challenging to interpret and understand how
they arrive at their predictions. This lack of interpretability can be a significant concern,
especially in critical applications such as healthcare or finance, where transparency and
interpretability are crucial.

Furthermore, neural networks are computationally expensive and require large amounts
of data for training. The training process involves iterative optimization algorithms that adjust
the weights and biases of the network to minimize a loss function. This process can be
time-consuming and computationally intensive, particularly for deep neural networks with
many layers and parameters.

In the context of mechanical applications, where understanding the underlying physics is
essential, physics-informed neural networks (PINNs) have emerged as a powerful approach.
PINNs combine the strengths of neural networks and physics-based modeling, incorporating
the governing equations of the problem into the neural network’s loss function.

The advantage of PINNs is that they enforce physical constraints on the neural network’s
predictions, enabling better regularization and utilization of the underlying physics. By
incorporating the physics equations as part of the loss function, PINNs provide a mechanism
for incorporating prior knowledge and constraints, improving the accuracy and stability of
the predictions.

The proposed methodology combines the strengths of Computational Fluid Dynamics
(CFD) and Discrete Element Method (DEM) in an Eulerian-Lagrangian multiphase model.
The transport equations are solved for the continuous fluid phase, while the particles are
treated as discrete entities using the Lagrangian approach of DEM. The interaction between
the fluid and particles is accounted for through mass, momentum, and energy exchange.

The discrete element method allows for the modeling of particle movement, rotation, and



interaction. Traditional approaches, such as Computational Fluid Dynamics-Discrete
Element Method (CFD-DEM), have limitations when it comes to dealing with complex
geometries and an enormous amount of particles. Neural networks have been applied to
predict hydrodynamic properties, drying solids in fluidized beds, and biomass gasification
to tackle these restrictions. However, neural network models, although computationally
efficient, often lack a strong sense of physics in fluid dynamics problems. To address
this limitation, physics-informed neural networks have been developed. These models
incorporate physical principles by including the governing equations as part of the neural
network’s loss function, leading to better regularization and utilization of the physics behind
the problem [8].

Physics-informed neural networks have shown promise in predicting particle behavior
in fluidized beds without requiring explicit information about boundary conditions, initial
conditions, or geometry. This approach has proven effective in solving inverse problems
and data assimilation, as well as utilizing the hidden physics of multi-physics problems [9,
10, 11].

The physics-informed neural networks have been used widely especially in the field
of particle-fluid dynamics, mainly when data production via simulation is computationally
expensive or only sparse experimental data is available [8].

To solve the governing equations of the problem, a physics-informed neural network
is employed. The neural network takes the input of time, and position and predicts the
variables of interest such as velocity, density, and pressure. The use of neural networks
allows for efficient and accurate predictions, avoiding the need for coupling CFD and DEM
methods.

Figure 1.3 illustrates a schematic representation of a basic neural network, denoted
by the red dashed line on the left side. This neural network receives input variables ¢, x,
and y and produces corresponding outputs » and v. In the context of Physics-Informed
Neural Networks (PINNSs), if the relationship between the input variables (x) and the output

variables (u) can be described by partial differential equations e, e2 and e3, these equations
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Figure 1.3: Physics-Informed Neural Networks (PINNs) incorporating the governing
equations of the problem into the neural network’s loss function, allowing for a better
understanding of the underlying physics [12].

can be incorporated into the loss function.

Once the neural network calculates the output values, it not only checks the proximity
of the outputs to the exact values but also verifies if they satisfy the underlying partial
differential equations. This evaluation is achieved through automatic differentiation, which
allows for the calculation of derivatives within the network. Consequently, the loss function
is used to adjust the weights and biases of the neural network, aiming to improve its
performance in approximating the desired outputs and adhering to the specified partial
differential equations. The thesis consists of three main parts, each focusing on the
application of a physics-informed neural network (PINN) for predicting particle motion in
different systems.

The first part introduces a paper titled "Prediction of the biomass particles through
the physics-informed neural network [13]". It addresses the challenge of simulating the
motion of biomass particles, which is computationally expensive due to the large number
of particles and the required simulation time. The proposed PINN model incorporates

the equations of motion of the particles, enabling the reconstruction of velocity fields and



reducing processing effort. The paper demonstrates the effectiveness of PINNs as surrogate
models for computationally costly discrete element method (DEM) simulations. It provides
an overview of biomass furnaces, the use of DEM simulations, and the data generation
process using the XDEM software. The PINN methodology is explained, and the results
show reliable prediction of particle velocities in a moving bed.

The second paper "Reconstruct the biomass particles fields in the particle-fluid problem
using continuum methods by applying the physics-informed neural network [14]" focuses on
the aim of analyzing the fluid-like behavior of dense particles in a moving grate combustion
chamber. Due to the lack of access to experimental datasets, a simulation approach is
used, employing the XDEM software. The researchers collect datasets of particle positions,
velocities, and interaction forces and incorporate them into a PINN. Hyperparameter tuning
is performed to optimize the neural network’s performance, and the effects of changing
the number of hidden layers and neurons per layer are investigated. The trained network
accurately predicts velocities, pressure, and density fields, with good agreement with
simulation results.

The third paper "Using the trained recurrent neural network to predict particle position
for time more than training time" presents the results and discussions of two case studies
utilizing a neural network model. In the first case study, a two-network architecture is
proposed to predict particle motion in a moving grate chamber. The neural networks are
trained on a dataset generated from a simulation, and the results demonstrate low prediction
errors and plausible particle behavior. In the second case study, the neural network model
is applied to the mixing process of particles in a rotating drum. The network’s performance
evaluation shows accurate predictions of particle velocities and positions, indicating its
effectiveness in capturing particle motion patterns.

Overall, the above chapters show the application of PINNs in predicting particle motion
in various systems. The results demonstrate the reliability, computational efficiency, and
accuracy of the proposed neural network model, offering valuable insights into particle

dynamics.



The last chapter, "Three-dimensional CFD-DEM simulation of raceway transport phenomena
in a blast furnace [15]", highlights the importance of simulating the raceway phenomenon in
a blast furnace using a 3D CFD-DEM model. The results demonstrate that the 3D model
provides a better approximation of the raceway and accurately captures the transport of
species, dynamics, and temperature distribution. The discretization of particles enables
the model to estimate temperature gradients and accurately calculate reaction rates. The
study focuses on coke combustion but suggests that further research should include iron
particles to analyze oxidation reactions and phase changes in the cohesive zone of the
blast furnace. By extending the current raceway model, it is possible to gain more detailed
insights into blast furnace operations and contribute to reducing costs and carbon emissions

in this important metallurgical process.



Chapter 2

Prediction of the biomass particles
through the physics-informed neural

network’

'Fateme Darlik, Prasad Adhav, and Bernhard Peters. “Prediction of the biomass particles through the
physics informed neural network.” In: ECCOMAS Congress 2022-8th European Congress on Computational
Methods in Applied Sciences and Engineering. 2022.

10



Abstract

Woody biomass energy is a kind of renewable energy that contributes to the reduction of
greenhouse gas emissions, the creation of healthier forests, and the reduction of wildfire
danger. Generally speaking, simulations of the motion of biomass particles are a time
consuming process due to a large number of particles and required simulation time. We
used a physics-informed neural network (PINN) model to predict the motion of particles
by including their equations of motion to reconstruct the velocity fields and reduce the
processing effort. compare to the discrete element methods, the PINNs methods have
the advantage of predicting the velocity fields without the knowledge of the simulation’s
boundary and initial conditions as well as geometry. It has shown that the proposed model
has reliable prediction results with a mean percentage error in time less than 1 percent.
Keywords: Physics informed neural network, Discrete element method, Biomass

furnace, Surrogate model

2.1 Introduction

A biomass furnace uses a well known process of gasification to turn biomass into flue gases.
These flue gases are then in turn used to generate heat, which is used for different purposes,
usually to generate steam and run steam turbines to generate electricity. In the day and

age of climate change, biomass furnace is catching a lot of attention as an alternative

renewable energy source [16]. The fuels often used are high in moisture content, a variety
of minor constituents such as chlorine, sulfur, phosphorous, and a variety of ash-forming

metals [17]. Hence, it is essential to study and predict these operating parameters for

different fuels, especially new fuels such as domestic waste. These parameters are

heavily dependent on the conversion of the fuel into flue gases and the burning of the

flue gases. As performing experiments for biomass simulation is prohibitively expensive and

time-consuming, numerical simulations are used to solve the problem.

The Discrete Element Method (DEM) is used to simulate the biomass moving bed. The

11



DEM treats biomass fuels as particles. The DEM handles particle motion, interparticle
collisions, and solid-state reactions. Such a numerical model of the biomass furnace
contains thousands of particles. These particles then travel across the biomass furnace
using fixed and moving grates. The numerical simulation for such particle movement is
computationally costly, especially when a large number of particles for a long simulation
time is used. Hence this becomes a major hurdle when modeling biomass furnaces with
long grates and small size fuel "particles". For a given biomass furnace design, the particle
bed movement does not change much for a given size and shape. The composition of the
particle bed can surely change, which is the interesting part when considering the biomass
furnace operating parameters (apart from the particle bed movement). Thus it could be very
beneficial if this particle bed movement could be predicted in a computationally cheaper way.
In the present study, Physics-Informed Neural Networks (PINNs) are employed to predict
the moving particle bed motion and are intended to be used as a surrogate model for the
computationally costly DEM model. Neural network (NN) models are increasingly being
used in a wide range of areas since they are effective tools for resolving, improving, and
optimizing scientific problems. Neural networks can understand the implicit, complicated
and vague information and based on that, are able to recognize the pattern behind it and
predict the assigned outputs. Altogether, the neural network is proven to be a useful tool
in solving engineering problems [18], especially in scenarios where there is not sufficient
data to use for doing simulation [19], the simulation is time-consuming [20], and where
optimization, decision making, and data analysis are the concerns.

Generally speaking, there are different types of neural networks such as fully connected
neural networks [21], feed-forward artificial neural networks [22], convolution neural networks
[283], recurrent neural networks [24], and physics-informed neural networks (PINNs) [25]
which are based on the need of the problem. Among all of these, in this study, the
PINNs are used as neural network tools. The main advantage of the PINNs [26], is that
they are more suitable for the physical concerns of the engineering problems and their

governing equation [27]. In contrast, when using a non-physics-informed neural network,
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the existence of a sufficient number of data is mandatory to have a well-trained neural
network, however, in PINNs, the govern equations of the problem will give the neural network
a better understanding of the problem itself [28]. Following that, PINNs are practical in
problems where data generation via simulation is computationally expensive, or the only
data available are the sparse data from experimental tests [29, 30]. PINNs are aware of
data limitations and will predict the outputs by using extensive physical knowledge of the
problem. Additionally, PINNs can be used with or without adding the information regarding
boundary conditions, initial conditions [31, 32], and the geometry [33, 34], which should be
decided based on the user concerns.

The motion of the particles in the moving bed is extracted from simulation data in this
study. The PINN is constructed by adding the motion equations as the governing equation
to the neural network. The PINN predicts and reconstructs the velocity fields of particles
moving on moving grate beds while taking into account unexpected changes in the particles’
downward motion caused by gravity. It is demonstrated here that PINNs are effective
instruments capable of predicting the motion fields. Additionally, the time-average percent
error of the velocity does not exceed one percent error, which explains the capability of
our neural network. The paper is organized as follows: In section 2.2 we present the
mathematical modeling of DEM and PINN training data generation. In section 2.3, the
methodology for developing the PINN is described. In section 2.4 we present the results

from the PINN. Finally, in section 2.5 we conclude the findings of the paper.

2.2 DEM Simulation for data generation

Generally, real-world data or data based on the real world is used to train a NN. In the
presented work, we use the data obtained from numerical simulations of the Biomass
furnaces using the eXtended Discrete Element Method (XDEM) [35] software. XDEM
software is based on the Discrete Element Method (DEM), which can simulate particle

motion, interparticle collisions, etc. This DEM software is then extended to account for
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inter-particle and intra-particle thermodynamics as well as the influence of fluid flow. XDEM
is thoroughly verified and validated against experimental studies [36, 37, 38, 39, 40, 35],
including validation for biomass furnace and processes involved in it. The mathematical
modeling of XDEM is presented in the following sections.

The dynamics module of XDEM software predictions particle position, velocity, and
acceleration. It uses a soft sphere model, where particles are assumed to be deformable
and can overlap each other. The inter-particle contact forces are computed through the
magnitude of overlap between the particles, based on the force-displacement law chosen.
The particle hardness is described with Young’s modulus, whereas the particle energy
dissipation is modeled with a dampener and/or dash-pot. The transnational and rotational
movements of individual particles are tracked using the classical mechanics equations as

described in Eq (5.1) and Eq (5.2) respectively.

dv_; dQXl Al o] ext
% —ZH:MT (2.2)
dt " ’

j=1

where Fﬁ” is the sum of all the external forces acting on the particle, such as particle
impact forces, buoyancy forces Fg and drag forces Fp. The inter-particle impact energy

dissipation is modeled as a spring and dashpot.

2.2.1 Biomass furnace simulation set up

In the present study, the dynamics module of the XDEM software is used to simulate a 2D
moving bed in the combustion chamber of a biomass furnace. The biomass fuel is modeled
as spherical particles. The biomass furnace case is set up as shown in figure 4.1. The
moving bed composition consists of Beechwood and Stringy wood (agricultural waste) with
properties described in table 2.1. The biomass fuel is fed into the furnaces through the 2

particle sources (for each type of fuel) from the left as shown in the figure 4.1.
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Table 2.1: Characteristics of Particles: Properties of Beechwood and Stringy-wood

Properties Beechwood | Stringy-wood
Particle Radius [m] 0.015 0.015
Particle bed mix fraction [%] 79.5 20.5
Mass Flow rate [kg/s] 0.0155 0.0038
Number of particles 1762 462
Apparent Density [kg/m?] 648.52 610.47
Mean porosity [-] 0.685196 0.6375

The biomass furnace consists of grates, fixed (black) and moving (red). These moving
grates are used to move the particles along the length of the biomass furnace. As time
progresses the particles will eventually fall from the outlet opening. Partial walls of the

biomass furnace are added to show a general outline of the furnace.

2.2.2 XDEM Results

The XDEM simulation is run from 0 s to 100 s. As seen in figure 2.2, we can see the moving
(red) grates pushing particles along. This grate movement dictates the traverse speed of
particles along the length. This speed in turn then dictates the residence time of particles in
particular zones of the furnace (such as drying, pyrolysis, char burning, etc.). The moving
bed comes into regular motion after around 40 s, after which the moving bed motion does
not vary much. Considering this the particle position and velocities between 40 s and 100 s

are used as training data for the PINN.
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Figure 2.2: XDEM simulation results showing the progression of moving bed in Biomass
furnace
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2.3 Physics-Informed neural network

PINNs [25] is an extended type of scientific neural network that takes model equations
such as partial differential equations (PDEs) into account, as part of its neural network.
Nowadays, the application of PINNs [27]is expanding due to their efficiency in satisfying the
equations in both supervised and unsupervised learning. It can approximate the solution of
PDEs equations while training the neural network. Additionally, by using this methodology
one can evaluate the boundary conditions and initial conditions needed for solving PDEs
[29]. In other words, PINNs are categorized in deep learning networks that can produce an
approximate solution in the integration domain for each point included in the PDEs equations.
The residuals of PDEs are included in the loss function of its neural network which will
directly affect the efficiency of the process. Another main advantage of the PINNs is that
they can be a mesh-free methodology that can solve the PDEs by using a direct problem
solution and changing it to the optimization problem. It reinforces the loss function by
residual terms of the governing equations which can be interpreted as a penalizing term that
forces the output of the neural network to be in an acceptable solution. Generally speaking
by using this framework, the neural network not only predicts the outputs but also checks if
the predicted variables can satisfy the governing equations [27]. It has proven to be practical,
especially in mechanical engineering data-driven studies. PINNs consider underlying PDE
which introduces the physics of the problem rather than just predicting the solution only
based on the data, by reducing the error between the predicted data and actual data. One
of the areas in that PINNs has been used widely is in the inverse problem to reconstruct
the fluid field by using the data from the sensors [27]. By feeding the neural network the
sparse data that is available from one domain, and adding the governing equations to the
neural network, the PINNs can reconstruct the domain fields. This approach has been
implemented in different fluid dynamics problems [41]. In this study, we aim to use the PINN
to reconstruct the velocity fields for particles moving in the moving beds of fluids in the
two-dimensional domain. In the figure 2.3 the architecture of the physics-informed neural

network is depicted. The equations of the motion are added to the loss function to assure
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Figure 2.3: Physics-Informed neural network architecture. The inputs are the coordinates
(x and y) and the simulation time. The output is the velocity in the = and y direction. The
governing equations are the equation of the motion.

the neural not only predicts the output data but takes care of the fact that the output data

should satisfy the equations.

2.4 Results and discussion

The PINN methodology is used to predict the velocity of the particles in a moving bed. The
combustion chamber case study that is used in this article is thoroughly detailed in the
section 2.2 above. Utilizing XDEM, the simulation is done, and the required data is then
collected for usage as train and test data to feed the neural network. After fine-tuning the
neural network’s hyperparameters, a network with 10 layers and 200 neurons per layer is
employed, yielding 323203 parameters. The activation function rectified linear unit (ReLU)
(2.3) is applied for the hidden layer and the activation function sigmoid (2.4) is used for the

output layer.

ReLU(x) := max(0,x) (2.3)
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The simulation time steps and the coordinates are used as the input of the neural
network, and the velocities are the output of the neural network. As the order of the
magnitude of the data is different from each other, a normalization between 0 to 1 is applied
to all data including inputs and outputs. The mean squared error (MSE) is used for the loss
function. The Adam optimization method is chosen as the optimization method as it is a
stochastic gradient descent approach that is highly efficient, requires low memory, and is
appropriate for large data problems [42]. An adaptive learning rate that started from 1e — 3
and decreases to 1e — 5 is used to control how quickly the model is adapted to the problem.
The batch size is chosen to be equal to the total number of particles in each time step. To
avoid overfitting, the total number of epochs is not defined from the start; training of the
neural network continues until we get a minimum for the validation dataset. Of the whole
number of data, 70 percent of it randomly is chosen as the training dataset, and the other
30 percent is considered as the test data set. And 10 percent of the training dataset is
used as the validation dataset. After training for about 20,000 epochs, and monitoring the
changes in the loss function, we stopped the training.

The equations that are added to neural networks are the equations of the motion

(equations (2.5) and (2.6)) in the both x and y direction.

e1 = fz(t,x,y) — mdu(tc,l;v,y) (2.5)
ex = fy(t,xz,y) — mdv(tc,l;z:,y) (2.6)

Where u(t, z,y) is the particle velocity in x direction, v(¢, z,y) is the particle velocity in y
direction, m is particles mass, and f.(t,z,y) and f,(t,z,y) are the forces applied on the
particles in x and y direction respectively. The particles’ applied forces are consists of
interaction force, and the weights of the particles are all calculated by using the XDEM

simulation. The mentioned equations are added to the PINN’s loss function.

19



N
MSE = Z <|u(t”,x”,y”) —an?

n=1
ot 2™, y") — 0"+
2 N
D3 (et a" y™)I?) (2.7)

i=1n=1

Where N is the total number of the particles, @ and v are the learned velocity. In order
to illustrate the effectiveness of our neural network, the time mean squared error (equation

(2.8)), and time mean squared error (equation (2.9)) are reported for each output field.
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M SE" calculates the average squared error between the exact and predicted data in
each time step t, and the M RPE" calculates the relative percentage error between the
exact and he predicted data for all the available particles in each time step ¢. Figure 2.4
shows a diagram of the MSE values over time. With the results obtained within the plot,
the maximum value is less than 1073, the average value for the velocity in both directions
is 107, and the majority of the errors are some number between 10~8 and 10~°, which
altogether represents a good agreement between the predicted data and the exact data.
Another intriguing result is depicted in figure 2.5. It can be seen from the chart that the
proposed framework is capable of reconstructing the velocity fields with a percent error of
less than 1 present. By having a closer look at the figures 2.4 and 2.5, one anticipated
finding will be the fact that while the error for the velocity in the y direction has a lower value
compared to the error for the velocity in the y direction, however, the maximum error comes

from the velocity in z direction. We can attribute this to the fact that the existence of gravity
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in the y direction will lead to sudden changes in the value f the velocity which the neural
networks would not be able to capture. On the other hand, if the particle is on the grates
the velocity in the y direction are mainly the same as each other which will make it easier

for the neural network to anticipate the behavior of the particles in these directions.
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Figure 2.4: The average of the mean squared error of all the particles available in each time
step.

After a detailed study of the figures 2.4 and 2.5, we find out that at time 50 seconds, the
maximum error value for both plots happened at time 50 seconds. To validate our neural
network, the representative snapshots of the exact data, learned data, and the relative
percent error at a time of 50 seconds are depicted in figure 2.6. The first row of the figure
2.6 presents the contour of the exact value of velocity in both z and y directions that are
derived from the DEM simulation. In the next row, the velocity predicted by PINNs is shown.
Additionally, the last row shows the percent relative error between exact and predicted data

which is calculated as equation (2.10):

RPE(ui, i) := —— % 100 (2.10)

Uq
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Figure 2.5: The average of the percentage error of all the particles available in each time
step.

Looking at figure 2.6 demonstrates that when comparing the predicted results to the exact
results, the neural network will give us a smother change in the velocity. The present
frameworks are capable of predicting the velocity with a maximum percent error of 0.35
percent in the x direction and 0.16 in the y direction. As these chosen time steps have
maximum MRPE compared to other time steps, it is expected that the neural network in the
other time steps will predict with higher accuracy.

To get more detail about the performance of the used methodology the percentage
error between the exact learned velocity for three different time steps is represented in
figure 2.7. The time 50, 70, and 100 seconds is chosen to be used in this section. One
anticipated finding is that the value of the error in the edge of grates is generally larger
than in other parts of the simulation. Additionally, in the inlet of the domain, where we are
having mass flows, due to lack of enough information, it consists of a larger value of error
when compares to the middle part of the simulation. The same behavior can be seen in

the outlet of the domain, And the explanation is that in these sections as the particles are
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Figure 2.6: A snapshot of the velocity in the x and y directions at simulation time equal
to 50 seconds. The first row displays the exact velocity value. The second row shows
the predicted value for the velocity obtained from PINNs, and the last row shows the error
between the exact value and the learned value, which will be used to demonstrate the
framework’s effectiveness.

moving forward, it contains a fewer amount of particles, and in some locations, it might not

have any particles at all. That causes the results, where when we move further in time, the
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maximum error value increase. Taken together, these results of predicting the velocity of
the moving particles in the combustion chamber are remarkable illustrations of PINNS’s
advanced qualities and highlight its potential in resolving and reconstructing the physical
fields.

2.5 Conclusions

In this study, the velocity of the particles moving in the bed of the biomass combustion
chamber is studied by training PINNs. Traditionally, similar problems are solved by employing
the DEM approach. However, in this study, we used a neural network to reconstruct the
velocity fields by having sparse random data of the fields. It’s worth noting that a standard
neural network method does not have a prior understanding of the problem’s physics and
its equation of the motions. To overcome this, we used the PINN method that adds the
governing equations in the loss function and used the output of the neural network to
satisfy the loss function. We used the scattered data set in the spatial-temporal domain
using The velocity, pressure, and density fields coming from DEM simulation. Then, we
define the PINN which gets the coordinates (x and y) and the simulation time as a neural
network’s input and outputting two fields of velocity in the = and y direction. To avoid
overfitting and under-fitting of the neural network, we tuned the neural network architecture
and architecture of 10 hidden layers, and 200 neurons per hidden layer are chosen to train
our neural network. The total number of the data includes approximately 2224 particles in
600-time steps. The simulation time is started at 40 seconds to avoid unstable changes at
the beginning of the simulation, and it ends at 100 seconds, which gives us a total time of 60
seconds. the time step is 0.1, altogether we would have 600-time steps. The trained neural
network is evaluated by comparing the learned data predicted from the neural network to
the exact data provided by using DEM simulations. To do so, the plot of average percent
relative error, and mean squared error in time is plotted for both velocities. The average

percent error doesn’t exceed the value of 1 percent and barely exceeds 0.1 percent, which
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Figure 2.7: Percent error between the exact and learned velocity in the x and y direction at

times 50, 70, and 100 seconds.
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means that the prediction of the neural network has a good agreement with the actual data.
The same trend is observed in the mean squared error which validates the reliability of the

PINN in predicting and reconstructing the velocity fields.
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Chapter 3

Reconstruct the biomass particles
fields in the particle-fluid problem
using continuum methods by
applying the physics-informed neural

network’

'Fateme Darlik and Bernhard Peters. “Reconstruct the biomass particles fields in the particle-fluid problem
using continuum methods by applying the physics-informed neural network”. In: Results in Engineering 17
(2023), p. 100917.
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Abstract

The motion of particles in the moving grate combustion chamber is used as the case study.
These problems are categorized as particle-fluid problems. They are typically solved using
Lagrangian-Eulerian methods, one of which is the coupling between the discrete element
method (DEM, which is applied to the particles phase) and the computational fluid dynamics
method (CFD, which is applied to the fluid phase). The current study’s objective is to avoid
coupling and instead, focus on using the CFD method only. There are dense piles of
particles moving on the grates in the biomass combustion chamber. We assumed the dense
particles’ behaviors similar to the fluid, and then, applied the fluid governing equations to
the particles phase. The virtual fields of the velocities, pressure, and density are specified
for the particles’ phase. Afterward, the physics-informed neural network (PINN) is used to
reconstruct particles’ fields and additionally to investigate the capability of the predicted
fields to satisfy the fluid governing equations. This model has the benefit of reconstructing
the particles’ fields without the need for boundaries and initial conditions. The precision of
the model is assessed by comparing the test data set with the exact data obtained from the
eXtended discrete element method (XDEM is an in-house software). It is demonstrated that
the trained neural network delivered high accuracy and is capable of predicting all outputs
with an error value of less than 2 percent. Additionally, to choose the optimum architecture
for the neural network, the effect of the number of hidden layers and neurons is studied.
Physics-informed neural network, Discrete element method, Continuum approach,

Biomass source, particle-fluid problem

3.1 Introduction

Biomass energy is a viable source of energy and has gained attention because of its
availability, accessibility, and capacity for regenerating in a short time frame. Additionally,
using biomass energy considerably reduces the consumption of fossil fuels, which contributes

to decreasing global warming [43]. In the power generating industry, biomass sources are
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exposed to hot air and are burnt inside the combustion chamber to generate energy. One of

the effective forms of the combustion chamber that is widely used in the power generating

industry is the moving grate combustion chamber [44]. It provides significant benefits such

as speeding up the heat and mass transport, effective temperature regulation and mixing

abilities, all of which contribute to a full ignition inside the combustion chamber [45, 46].
Additionally, the efficiency of the process is affected by different parameters related to both

fuel and biomass sources, such as fuel type, the moisture in the fuel, the shape and size of

the biomass particles, and the airflow [47].

The biomass particle’s property and their interaction over their lifetime is an important
factor in simulating the biomass combustion case [48], To simulate, design, and understand
the combustion of biomass sources in the power generating applications, two different
methodologies can be used: Eulerian—Eulerian approach and Eulerian-Lagrangian approach
[49].

In the Eulerian—Eulerian approach the biomass particles and fluids phases are both
considered continuous phases. This methodology uses a simplification assumption for
particle phases, which is incapable of providing detailed information about each particle. It
does not simulate the discrete nature of the particle phase, and it has difficulty modeling
particles’ interactions and distributions [50].

The Eulerian-Lagrangian approaches are considered to be more effective. However, the
Eulerian-Lagrangian approach considers the fluid phase as a continuous phase and the
biomass particles as a discrete phase, which effectively addresses the above-mentioned
limitations [51].

The CFD-DEM method is one of the Eulerian-Lagrangian methods. The coupling
between CFD and DEM will solve particle-fluid problems in this method. The discrete phase
(biomass particles) is solved using the DEM, and the continuous phase (fuels) is solved
using CFD methods.

The suitability of the CFD-DEM approach in terms of predicting temperature distribution

and species generation is demonstrated in [52]. Using CFD-DEM coupling, a detailed
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numerical simulation of wooden biomass particles in a fixed bed is investigated [53]. The
results for temperature distribution, mass fraction, and flame structures are compared to
the experimental results, and good agreement is achieved.

However, CFD-DEM methods with their simplifications are still computationally expensive
[54] and are not suitable for high numbers of particles in biomass combustion and their
geometry complication.

To overcome the limitation, a probable alternative approach is proposed in this study that
uses the machine learning method as a tool to simulate the particle-fluid problems. Machine
learning methods have been widely used in the physical world in modern application areas
[55, 56], as well as in mechanical engineering problems [57, 58].

An ANN is developed for an experimental fluidized bed reactor case [59]. In this study,
they predict the hydrodynamics’s characteristics such as minimum fluidization velocity, and
maximum pressure drop which are practical optimum design and operation conditions.
Likewise, in another study [60], an ANN model is developed to predict biomass gasification.
The HHV of 350 samples of biomass datasets is predicted by analyzing an ANN model [61].

However, the standard neural network models are computationally inexpensive, but they
show a poor sense of physics in fluid dynamics problems, and they do not have a prior
understanding of the problem’s physics and governing equations. To overcome this, we
used a physics-informed neural network method that employs the governing equations (both
continuity and Navier-Stokes equations) in the loss function of the corresponding neural
network problem. Adding the equations played a key role in the regularization mechanism
[62]. The PINNs are the combination of the neural network models with physical models
[63], and they are useful in solving inverse problems and coupled multi-physics problems
[64]. It has a wide range of applications such as additive manufacturing [65, 66], battery
management systems [67], and bio mechanics [68].

PINNs use Automatic differentiation (AD) to differentiate neural networks’ loss function
terms regarding their inputs and model parameters to exploit the physics behind the problem.

AD is one of the most valuable methods in scientific computing. It is a set of techniques to
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evaluate the derivative of a function. This method has the potential to solve a wide range
of fluid dynamics problems and offer new numerical solvers methods for PDEs, and a new
data-driven approach for syst

This study builds on proposing a method to implement the fluid-like behavior for the
dense particles in the moving grate combustion chamber. The governing equations for
the fluid phases, Navier-Stokes and continuity equations, required the fields of velocities,
pressure, and density to be defined. In order to model the fluid-like behavior of the dense
particles, the same fields should be virtually defined. This is accomplished by calculating the
number of available particles in each CFD meshed region and the average of the variables
is considered as the fluids fields value. Continuing that, we used PINN to fit and map the
governing equations to the particle fields (velocity, density, and pressure) in each CFD cell.
PINNs follow the physical principles that drive the given data by nonlinear PDEs.

The PINN used datasets scattered in space and time as the inputs and it reconstruct
the velocities, pressure, and density fields. It is important to note that the particle fields can
be reconstructed without prior knowledge of the boundary and initial conditions. All in all,
this study set out with the aim of assessing the PINN to model the motion of dense particles
by using the equations of the motions (Navier-Stocks equations and continuity equation).
Using the aforementioned strategy, instead of coupling between CFD and DEM methods to

solve the particle-fluid problem, purely CFD methods might indeed be applied.
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3.2 Methodology

The CFD-DEM’s governing equations are built on an Eulerian-Lagrangian multiphase
method. By observing the transfer of mass, momentum, and energy between the continuous
and discrete phases, their equations are expanded to include the interaction between the
two phases as the source term. In this method, the transport equations are used for the
continuous fluid phase and the discrete phase is modeled using a discrete element method
Lagrangian approach. The discrete element method treats each particle as a separate entity.
The mandatory step of this method is the calculation of the force interaction. Each particle
with a realistic shape and size interacts with other particles as well as the geometry of the
simulation. The particles in the discrete element methods can move, rotate, and interact
with one another [69].

After the calculation of particles’ force interaction, the second Newton’s law of dynamics
is applied to each particle to compute the derivatives involved in the equations, afterward,
the particle’s velocity and position are updated respectively [70]. The discrete element
method is however limited by truncation and round-off errors resulting from limited precision
computations and the step size of finite difference methods.

In this article, the combustion chamber of the Enel Green Power "Cornia 2” power plant
is considered as the case study [71]. The grates design of the combustion case split the
domain into three different moving sections, as given in figure 3.1, to ensure proper mixing
of the biomass particles. The grate has continuous longitudinal motion, with approximately
80 % moving forward and the 20 % being returned to the initial position, and the movement
of each section switching every 30 second.

For the convenience of simulation, only the dynamic of the discrete phase is studied, and
the problem’s conversion potential is ignored in this stage. Accordingly, the XDEM (eXtended
Discrete Element Method) method [72] developed at the University of Luxembourg is used
in a high-performance computing environment to solve the biomass particles simulation and
generate training and validation data for the neural network. XDEM is a novel and innovative

numerical simulation technique that extends the dynamic of particles as described through
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Figure 3.1: Biomass furnace design [71].

the classical discrete element method by additional properties such as the thermodynamic
state for each particle [73].

Generally, the particle bed is composed of a mixture of approximately 79.3 % wood
chips and 20.7 % agricultural wastes, which resembled the real-world conditions of the
biomass plant. In the present study, the biomass bed distribution consists of 1761 number of
beach-wood particles and 461 number of stringy-wood particles, and all the particles
are assumed to have the same volume with a radius of 0.015 ¢m (figure 3.2). The
particles are entering the domain from the right side, and from the left, they will leave
the domain. Additionally, a mass flow with the rate of 0.0155 kg/s for beach-wood particles
and 0.00388 kg/s for stringy-wood particles are entering the domain from the input section.

The properties of particles are reported in the table 3.1.
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Figure 3.2: Blue particles are beach-wood particles and the red ones are stringy-wood
particles.

As it has been explained, this study used a physics-informed neural network to model
the behavior of dense particles on the moving grate by applying the equations of the motions
(Navier Stocks equations and continuity equation). Using the aforementioned strategy, one
can replace the coupling of CFD and DEM methods to simulate particle-fluid problems
by purely using the CFD method which will be useful in terms of time-consuming and
overcoming CFD-DEM limitations.

The computational fluid dynamics method is a branch of science that solves fluid
mechanics problems. Generally, CFD methods require meshed geometry, the boundary
and initial conditions (depending on the dimensions and the governing equations of the

problem), and identified physical modeling. In the next step, the governing equations are
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Table 3.1: Particle Characteristics of Beach-wood and Stringy-wood Biomass

Properties

Beach-wood Stringy-wood

Particle radius [m]
Mix fraction [%]
Mass flow [kg/s]

Number of particles [—]
Apparent density [kg/m?]

Mean porosity [—]

0.015

79.5

0.0155

1762

648.52

0.685196

0.015

20.5

0.0038

462

610.47

0.6375

solved iteratively, and the convergence and stability of the CFD methods are checked.

In the biomass simulation, the geo

metry of the combustion chamber is taken into account.

Accordingly, the position of the biomass particles which are distributed into the defined

domain is taken and based on that, the number of particles available within each discrete

cell is calculated. It should be noted

cells, the proportions of its presence

that, if one particle is located amongst two or more

in each cell are appended to the total number of the

particles in that cell. Furthermore, we calculated the mean density and velocities of the

particles by using the following equations (3.3) to (3.2).

1O
Ty > (3.1)
L
@ = F] 2 Vg4 (32)
. 1 bl ’I’)’le'
Pj = FJ v, (3.3)

1

.
Il

Where in cell number j, V; is the cell volume, N; is the total number of particles
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available in the cell j, p; is the density, u; is the horizontal velocity, and v; is vertical velocity.
Additionally, for particle number ¢ present in cell number j, mj; is the mass, u;; is the velocity
in the x-direction, and v;; is the velocity in the y-direction. To calculate the pressure the
approach suggested by Qi et al [74] is used. First, the total stress tensor in the cell number

j called ¢; is calculated as follows:

1 N; X
%= N >N —Fiu @ lis (3.4)

i=1 z=1
Where for particle number i, X; is the number of particles-particles interactions, F;, is
the interaction force, and I;,. is the vector connecting the centers of particles’ existence in
the interactions. The terms in equation (3.4) indicate the dynamic and static components,
correspondingly. The stress ¢; is broken down into two parts, an isotropic portion P; and a

deviatoric part 7;, in which the P; is stated as:

P, = —%tr(aj) (3.5)

The total pressure in each cell is calculated using the equation (3.5). Afterward, the
neural network is used to complete the mission. This study is motivated by modern methods
for solving forward and inverse problems including compressible Navier Stokes equations
3.6 to 3.8 where the solution is approximated by a neural network. Furthermore, the
prioritization of the solution is fully justified by a similar approach that extends unknown
solutions in terms of a proper set of basis functions. To tackle the problem, we started by
estimating the implicit function using a proposed neural network that outputs four variables

u(t,z,y), v(t,z,y), p(t,z,y), and P(t,z,y) and takes as input ¢, =, and y.
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3.3 Neural network model

A physics-informed neural network is a powerful tool for solving complicated problems
[75], nonlinear systems involving multi-dimensional input data [76]. Based on the recent
improvements in physics-informed neural network [77, 78, 79], it is capable of estimating
unknown fields to predict the partial differential equation solution.

To predict the solution of variable » and the nonlinear function N, the physics-informed
neural network uses the simple neural network in conjunction with the physical model f

specified in equation (3.9).

fi=u— N(t,z,u, uy, uz, ..) (3.9)

The derivative of the neural network variable « concerning time ¢ and space x is calculated
using automated differentiation which is among the most important tools in scientific
computing. Automatic differentiation uses the chain rule of derivative components [80].
Numerical differentiation is the process of determining the numerical value of a derivative,
and it needs the finite difference approximation of derivatives using values of the function
evaluated at certain points. Due to the restricted computational precision and the selection
of the finite difference step size, which both causes truncation and round-off error, numerical
approximations of derivatives are naturally imprecise and unstable. Symbolic differentiation,
on the other hand, modifies expression in algebra systems to calculate the derivative of a
formula with a specified variable and creates a new one as its result. Symbolic derivatives
generate new formulas by modifying existing ones rather than performing numerical
calculations which necessitate a closed-form model that either excludes or significantly limits
the rate of algorithmic control. Without a proper introduction, automatic differentiation is

misunderstood as numerical or symbolic differentiation. Automatic differentiation is based on
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the idea that all numerical calculations ultimately comprise a limited set of basic operations
where the derivatives are defined.

The derivative of the whole composition is obtained by combining constitutive operations
achieved by the chain rule. Generally, automatic differentiation, in contrast to derivative
expressions, depicts numerical values of derivatives using symbolic differentiation procedures
(but not the resulting expressions), which is misleading. The automatic differentiation can
be described as partly symbolic and partly numerical [80].

TensorFlow, a well-known and well-documented open-source software package are
beneficial for deep learning operations. TensorFlow also provides an automatic differentiation
tool, making it a helpful tool for solving PINN problems. Additionally, it also builds the
computational graph explicitly before running the model. The above permits you to design
and compile a computational graph of a deeply hidden physics model at just one time, and
preserve it in that state all through the training step. The computational complexity of the
suggested methodology will be greatly reduced as a result of this.

One of the most important aspects of any neural network is the choice of the loss
function. In general, the loss function is used to guarantee that the magnitude of the error
between the prediction and the exact output data is within acceptable bounds. The error
between the prediction and the exact output data decreases when the value of the loss
function decreased. In this study, the mean squared error, which takes the mean of the
squares of the errors, is chosen as the loss function.

Regression loss is only one component of the PINN'’s loss function. It also includes the
differential fluid governing equations. The neural network loss function should guarantee that
the predicted variables are capable of satisfying the equations in addition to guaranteeing
that they are close to the exact variables. 3.10.

N

MSE :=> " (Ju(t',2’) — a(t’,a")[> + [ f(t',2")[?) (3.10)

=1

Where u(t, z%) is the training datasets, and 7' is the exact data at the time t* and in the
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position . The term |u(t?, %) —a(t?, 2*)|* aims to fit the data by adjusting the neural network
parameters, and the term | f(¢*, 2%)|? efforts to solve the partial differential equations.

The learned equations can indeed be solved, and the outputs can be evaluated to
the exact solution of partial differential equations. In figure 3.3, the physics-informed
neural network architecture is demonstrated. The neural network’s inputs are time ¢ and
coordinates (z and y), and the outputs are four fields composed of two velocities, pressure

and density, and fluid’s PDEs equations are added to the loss functions.

B %
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%’&%ﬁ S@ g g\

Figure 3.3: Physics-informed neural network architecture.

To have a general overview, firstly, the data set for all four fields of two velocities, pressure,
and density are collected from XDEM simulation. Afterward, the proposed physics-informed
neural network along with PDEs equations (Navier Stokes and continuity equations 3.6, 3.7,
and 3.8) is used to train the neural network. Following that, the fields of the particle-based
simulation are reconstructed using the trained neural network.

The automatic differentiation is used to obtain the required derivatives to compute the
residual networks from equations (3.6) to (3.8), which are named e; to es, respectively. The
shared variables of the neural networks u, v, P, and p as well as the equations e, es, and
es are learned by minimizing the mean squared error loss function mentioned in equation

(3.11)).

39



N
MSE = Z (]u(t”,:c”,y”) R

n=1
‘U(tv7$n7yn) o An’2+
’P(tn, :Cn’yn) _ ifm’2+

p(t", 5" y") = ") +

3 N
DY (et 2™ g™ (3.11)
=1 n=1

Where N is the number of training points, the first four terms account for the two
velocities, pressure, and density data set, and the last term defines the effects of Navier
Stokes and continuity equations on the loss function. As mentioned earlier, training data set
points are distributed in space and time. The entire 266640 data set produced by the 2222
particles in 120 times snapshots spread in space and time are used for both field regression
and the accompanying partial differential equations.

The activation function is mandatory to process the neuron node’s input value and
produce the output value. The activation function is used to modify the data set’s initial
linear connection and add the nonlinear transition into the neural network to improve the
fitting capacity.

The activation function can significantly improve the neural network’s capability to control,
evaluate, and anticipate complicated nonlinear problems. In the current research, the
activation function relu(x) = max(0, x) is used for the hidden layers in the physics-informed
neural network.

The network displayed in figure 3.3 for illustration reasons consists of two hidden layers
with six neurons in each. In the mentioned figure, the differential operator §;, d,,é, is
computed using automatic differentiation.

The optimization process of the neural network is mainly realized through gradient

descent. The Adam optimization method is a stochastic gradient descent approach that is
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highly efficient, requires low memory, and is appropriate for large data problems [42].

In ADAM’s optimization process, the learning rate aims to establish a perfect compromise
between performance and speed. The learning rate is a configurable optimization method’s
hyper parameter that controls the step length at each iteration while progressing toward a
loss function minimum.

The learning rate controls how quickly the neural network model reacts to changes. If
the learning rate is too high, fewer epochs are required which leads to fast identification of
neural network parameters. However, this might result in instability of the training process
and failure to converge. However, if the learning rate is too low, even though the accuracy
is acceptable and the neural network is capable of correctly predicting the data set, the
training will be substantially slower due to the small changes applied to the weights within
each epoch. Therefore, the adaptive learning rate strategy is used to adjust the learning
rate value within the training procedure. Furthermore, using an Adam optimizer with an
adaptive learning rate, the neural network parameters are trained to rely on the gradients of
the loss function.

Another model’s hyper parameter is the batch size. Increasing the number of batch
samples can contribute to decreasing the learning rate value. Batch size is applied to
the training data set, and it determines the rate of gradient decline. Using the batch size
is beneficial since each batch has fewer data and decreases the cost of each epoch’s
processing.

The batch size should be chosen based on the speed and precision of neural network
training throughout multiple batches.

To allow the network to predict all four outputs concurrently, we normalize both the input
and output data to fit within the range (0, 1). Given that the variables have different ranges,
normalization can help the model’s convergence.

During training, the neural network’s performance is also assessed on the validation data
set to guarantee that the training loss value does not drop while the validation loss value

grows. Fine-tuning the neural network hyper parameters are mandatory to find an optimal
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value of the model's parameters that are large enough to capture all the information while
being time-efficient. Generally speaking, having a deeper neural network (more hidden
layers) or a wider neural network (more neurons) results in having a greater number of
model parameters, which can increase the accuracy of the training dataset but may require
an extended duration to learn the model, and might leads to overfitting. When the model

began to overfit, the accuracy of the validation data set will begin to drop.
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3.4 Results and discussions

The aim of this study is to consider the fluid-like behavior of dense particles in the moving
grate combustion chamber. The particles are entering the combustion chamber, and
after exposing to the hot air, they will exit from the other side of the domain. The grate’s
back-and-forth motion will allow the particles to completely burn during the process. A total
of 2222 wooden particles are present in the domain.

Due to the lack (difficulties) of access to experimental datasets, we used the datasets
generated from the simulation. The simulation is done by using the XDEM (in-house
software). After collecting the particle’s datasets (positions, velocities, and interaction
forces), we calculated the virtual fields required to solve the fluid governing equations, by
mapping the data into the existing CFD meshed region. The governing equations on the
fluid phases are the Navier-Stokes and continuity equations. Following that, the governing
equations are added to the PINN'’s loss function. As a result, in addition to reconstructing
the aforementioned fields as outputs, the PINN also verifies that the given virtual fields
satisfy the fluid governing equations. The 30 percent of the total datasets are considered
as the test dataset, while the remaining datasets are assigned to the train datasets, from
which the 10 percent is used as a validation dataset.

Before all else, training and testing a neural network necessitates identifying the
structure of the neural network and choosing the optimum number of the neural network’s
hyperparameters.

Building neural networks, in fact, is an intuitive approach [81]. As a general rule, the
neural network with a high number of parameters is able to learn more complex models
with non-linearity. However, it might lead to overfitting and a poor generalization of test data.
In contrast, a neural network with a less number of parameters will run faster, but might
leads to under-fitting and might have an inaccurate prediction in both train and test detests.

The accuracy of the model is measured by calculating the mean squared error between
the estimated network and the target function, and by minimizing it, we seek to obtain

the optimal hyperparameters. The following paragraphs present the findings from the
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hyperparameter’s fine-tuning. To study the effect of changing the number of hidden layers
on the neural network’s evaluation, the mean squared error loss function value is plotted
against the number of hidden layers in figure 3.4, while all other hyperparameters remained
constant. These findings back up the notion that as the number of layers increases,
the training loss function value decreases. The presence of overfitting occurs when the
validation loss function value increases. By way of explanation, adding additional hidden
layers improves the model's accuracy up to a roughly certain point, but once that point
has been reached, adding more layers could severely undermine the model’'s performance.
The six hidden layers were selected as they had the minimum loss function value on the
validation dataset. In figure 3.5, the mean squared error loss function value for a network of
six hidden layers is plotted against the number of neurons. As would be expected, the value
of the training loss function is dropping as the number of neurons increases.

Nevertheless, the validation loss function value first shows a decreasing trend, which
then turns into an increasing trend after a specific point. By comparing the plot of the
number of neurons with loss functions for both training and validation data sets, the thirty
number of neurons appears to be the optimal value.

For further analysis of the neural network performance, the learning rate factor of the
Adam optimization method is used to adjust the parameters in the neural network in order
to minimize the mean squared error during the training of the neural network. An adaptive
learning rate algorithm depends on the inverse time decay used in the current studies.

Once the model is trained, the performance of the trained neural network can be
evaluated by comparing the results of the XDEM simulation with the learned outputs from
the neural network.

To illustrate the effectiveness of the current approach, the results of the time mean
squared error and time mean relative percent error will be discussed separately in the
following paragraphs. The time-mean squared error is calculated as shown in equation
(4.22).
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Figure 3.4: Comparison of the MSE for different numbers of layers in the physics-informed
neural network model.

N
1 .
MSE' == (4 —4)) (3.12)
=0

Where N is the total number of particles, y is the exact value, and g is the learned value
in the time ¢. This metric gets the average value of the mean squared error in all the cells in
the time ¢. The results of the time mean squared error for all four output variables (including
two velocities, pressure, and density) are depicted in figure 3.6 which is quite rational. It can
be seen from the figure, that the value of the time mean squared error will drop gradually
along with the flow of time. It is necessary to point out that, the proposed framework is
capable of reconstructing all the fields with the accuracy of order 1073 to 1076.

One anticipated finding is that the velocities’ time mean squared error has a greater

value at the beginning of the simulation. It can be explained by the fact that the neural
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Figure 3.5: Comparison of the MSE for different numbers of neurons per hidden layer in the
physics-informed neural network model.

network finds it challenging to accurately represent the physics of the problem due to a lack
of sufficient data and unexpected changes at the beginning of the simulation. On the other
hand, when the simulation is ongoing, the neural network can perform a more accurate
prediction.

A more intriguing result comes from the mean relative percent error (MRPE) which

measures the accuracy of the prediction, and is calculated as follows:

N N
MRpEt = Ly VU (3.19)
N = Y .

Where N is the total number of particles, y is the exact value, and g is the learned value
in the time ¢. The plot of MRPE values over time is shown in figure 3.7. According to the

findings from the MRPE, the maximum values of the fields almost never exceeds 1, 8%. As
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seen in the referenced figure 3.7, the density’s MRPE is generally lower than that of the
other fields. That can be explained by the fact that the PINN added the continuity equation
to its loss function. Given that, the PINN has a better grasp of the density field, which leads
to better predictions.

In contrast to the other two fields, the velocity in the y-direction and pressure had a
higher error value, as seen in figure 3.6. It may be inferred that the velocity in the y-direction
error value is higher because gravity exists and causes higher acceleration and sudden
changes in the velocity in the y-direction. The pressure field error can be explained by the
fact that there is no precise equation for pressure in the method of applying equations to
the PINN loss function and only the derivatives of pressure are calculated.

In summary, the figures show that the learned outputs are generally in good agreement
with the test data.
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Figure 3.6: Time mean squared error of the model predictions and the corresponding exact
velocities, pressure, and density fields
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Figure 3.7: Mean relative percent error of the model predictions and the corresponding
exact velocities, pressure, and density fields during the time.

figures 3.8 to 3.11. The predicted fields of the neural network are compared graphically
with the simulated fields at a time of 10 seconds using the trained neural network (figures
3.8 to 3.11). The trained neural network shows excellent robustness for prediction and
reconstruction across all fields, as it is demonstrated. Each of the fields is covered in detail
in the paragraphs that follow.

A visual comparison of the exact velocity field is presented in figures 3.8 and 3.9.
Looking at velocity components in figures 3.8 and 3.9, As can be observed, the ranges of
the velocity’s percent relative error in the x-direction and y-direction are 1% to 5.6% and
2% to 7%, respectively. In general, the error of velocity in the y direction is higher than the
error in the x direction. It demonstrates that the neural network has difficulties learning the
values of the vertical velocity rather than the horizontal one. We attribute this to the fact that

the gravity in the y-direction added extra acceleration to the particles’ motion. Particularly,
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the acceleration rises significantly, when particles move between the grates (falling from
their current grate to the next neighbor grate). The trained neural network’s ability to predict
the vertical velocities in these circumstances appears to be impacted by an unanticipated
increase in particle acceleration.

Looking at figures 3.8 and 3.9 demonstrates that the majority of the percent error
happened at the beginning part of the domain, where the mass flow enters the domain. This
also makes sense, because compared to the other parts of the domain, the beginning part
is where we face sudden changes in the number of particles. Every 1 second, fresh biomass
particles are entering the domain and this directly affects the density of cells. Furthermore,
the velocities of the dropping particles will significantly affect the velocities.

Figure 3.10 compares the learned pressure obtained from the neural network to the
actual pressure data sets and shows a good agreement between predicted and exact
pressure values. The proposed framework is capable of accurately predicting the pressure
with a relative percent error of 0.6 %. Figure 3.10 demonstrates that the pressure’s relative
percent error has one order of magnitude higher value than other fields. This finding may be
explained by the fact that the pressure fields are not defined directly in the fluid governing
equations, and only the pressure derivatives are used. Furthermore, it can be explained by
the method used to calculate the fluid phase’s pressure in the first place, which involves a
significant set of assumptions. A representative snapshot of the predicted density field is
illustrated in figure 3.11, which is shown to be in good agreement with the exact data set.

The potential of the PINN to precisely reconstruct the density fields is proven by the
addition of the Navier-Stokes compressible equations and continuity equation to the PINN
loss function.

The results highlight the capability of the trained neural network to predict the density
field with an average relative percent error of 1.5% and a maximum relative percent error of
3.5%.

The maximum density error value occurs primarily at the domain’s boundary (input,

output, and near the grates). The assumption of having dense particles can be used to
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explain it. If there is insufficient particle concentration, this assumption loses its validity. The
neural network, which is based on the physics of the problem, is unable to predict the fields
as accurately as the other domain with dense particle piles.

Taken together, the results of predicting fluid flow fields are remarkable illustrations of

PINN’s advanced qualities.
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Figure 3.8: A representative snapshot of the normalized velocity field in the x-direction at
t=10 seconds
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Figure 3.9: A representative snapshot of the normalized velocity field in the y direction at
t=10 seconds
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Figure 3.10: A representative snapshot of the normalized pressure field at t=10 seconds
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Figure 3.11: A representative snapshot of the normalized density field at t=10 seconds
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3.5 Conclusion

In the present paper, the motion of the biomass particles in the moving grate combustion
chamber is studied. This problem belongs to the category of particle-fluid problems, which
are often solved by Eulerian-Lagrangian methods. One common approach is the coupling of
the DEM (which focuses on solving the discrete part) and the CFD methods (which focuses
on solving the continuous part of the simulation). Given the number of biomass particles
entering the combustion chamber, we assume to have dense piles of particles. The current
study aims to assume the behavior of dense particles similar to the fluid. The four variables
required to solve the fluid problem are velocities, pressure, and density. Accordingly, we
should establish similar virtual fields for the particle phase as well, and they should be able
to satisfy the fluid governing equations. In this study, two piles of particles with the same
volume and distinct compositions (Beach-wood and Stringy-wood) can be observed in the
combustion chamber. The domain has a total of 2222 numbers of particles available.

We extract the virtual fields from the scattered particles datasets and map them into
CFD meshed region, which has been comprehensively described in the section 4.4. The
dataset required for the training of our neural network is obtained from the in-house software
XDEM.

After defining the essential fields, the PINN is used to reconstruct the particles’ fields.
The PINN gets the coordinates and time (z, y, and t) as its input and it predicted the
four mentioned fields (u, v, P, and p) as its outputs. Furthermore, the fluids’ governing
equations (Navier Stokes equations and continuity equation) are included in the loss function,
forcing the predicted variables to satisfy the equations. First and foremost, to gain better
accuracy for our neural network, we evaluated a variety of neural networks by adjusting the
number of layers and neurons to determine the optimal architecture for our neural network.
Upon analyzing the mean squared error loss function, six layers neural network along with
thirty neurons are selected as the final form. Thereafter, the trained neural network is
validated by comparing the neural network outputs to those of numerical simulations. These

results validate the PINN’s reliability in predicting flow fields, which is determined to be
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roughly 1% percent for velocity in the x-direction, 2% for velocity in the y-direction, 0.6% for
pressure, and 1.5% for density. Beyond that, it also ensures that the predicted fields fulfill
the motion equations. Consequently, we believe that our current work will spark interest
in physics-informed deep learning, which may be applied successfully in a wide range of

mechanics applications.
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Chapter 4

Using the trained recurrent neural
network to predict particles position

for time more than training time’

'Fateme Darlik and Bernhard Peters. “Using the trained recurrent neural network to predict particles position
for time more than training time”. In: (Sept. 2023). Unpublished Manuscript.
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Abstract

In this paper, we explore the use of neural networks to predict the motion of particles
beyond the training time. To address the challenge of predicting particle behavior beyond
the training time, we propose a recurrent physics-informed neural network (PINN) approach
that incorporates the underlying physical principles governing the motion of particles in
mixing drums, considering both particle-particle interactions and particle-wall interactions.

The proposed methodology utilizes two neural networks, with the first predicting particle’s
velocity based on time and position inputs, while the second predicts the particle’s position
for the next time step based on time, position, and velocity inputs. We present the results of
two case studies. The first case study involves simulating 444 particles in a moving grate
chamber using XDEM software. The neural networks are trained on data collected from 30
to 60 seconds of the simulation, with periodic boundary conditions applied to the chamber.
The results show that the neural networks can accurately predict particle positions beyond
the training time.

In the second case study, two piles of particles are considered in a rotating drum, and
the neural networks are utilized to predict particle positions for times beyond the training
time. The results demonstrate that the proposed methodology can effectively predict particle
positions for both case studies.

Overall, the paper shows that the proposed PINN approach can be a useful tool for
predicting particle motion in mixing drums beyond the training time, and has potential
applications in the fields of particle technology and process engineering.

Keywords: Recurrent neural network, Physics-informed neural network, Mixing drum,

Moving grate chamber, Particle motion prediction

4.1 Introduction

Numerical simulation techniques (such as discrete element methods) have been used to

predict the behavior of particles. The discrete element method (DEM) has been increasingly
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used to model particle flow [83, 84, 85]. The main advantage of DEM modeling is the
information at the particle scale, such as trajectories of and transient forces acting on
individual particles, can be obtained to facilitate the understanding of particle dynamics.

However, despite its advantages, current DEM simulations are often limited due to
their computational cost, leading to simplifications in the simulated conditions [86]. These
simplifications prevent the accurate representation of real-world industrial processes that
operate on larger scales and under more complex conditions [87]. Consequently, there
is a need for alternative approaches that can address these limitations and provide more
accurate predictions.

In recent years, neural networks are used as a promising alternative for predicting
physics phenomena in various fields of science and engineering [8]. Neural networks
become increasingly popular due to their ability to handle complex data, non-linearity, and
make accurate predictions. However, conventional machine learning methods lack the
physical constraints that are necessary for predicting particle motion accurately.

To bridge this gap, the proposed approach combines the strengths of two neural network
architectures: the physics-informed neural network (PINN) [25] and the recurrent neural
network (RNN) [88]. The PINN integrates physical laws and constraints into the training
process, making it suitable for capturing the physics underlying particle dynamics. On the
other hand, the RNN excels in modeling time-dependent sequences, enabling the prediction
of particle positions over extended periods.

By combining the PINN and RNN, the proposed approach leverages the benefits of both
models. The PINN ensures the predictions adhere to physical laws and constraints, while
the RNN captures the temporal dependencies in particle positions. This integrated approach
allows for accurate prediction of particle motion not only during the training phase but also
for periods beyond the training duration, providing a more comprehensive understanding of
particle dynamics in complex systems.

We considered the implementation of our methods through the use of two case studies.

The case study process will allow us to evaluate the efficacy of our techniques and determine
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whether the proposed technique is generalizable across several scenarios rather than being
restricted to a particular case. To this end, we have identified two potential case studies:
the Biomass chamber and the mixing drum. The primary focus of both case studies was to
evaluate the efficacy of the suggested approach in predicting particle positions beyond the
training period. The importance of choosing each case will be discussed individually in the
following paragraphs.

The reason for choosing the biomass case is the significant role played by biomass
energy, which is gradually gaining popularity as a viable alternative to traditional fossil fuels
for energy production [89]. Its renewable and sustainable nature makes it a highly attractive
option for meeting the energy demands of today’s world. The biomass particle motion in a
biomass chamber can be influenced by various factors, such as the speed and direction of
the moving grate, the size and shape of the particles, and the airflow within the system [90].
Predicting the behavior of these particles can have significant implications in areas such as
materials handling, powder processing, and industrial manufacturing [91].

The second case study is mixing drums. In many applications, the mixing process
involves the movement of particles within the drum, which can be complex and dynamic.
Mixing drums are widely used in industrial processes for mixing and blending powders,
liquids, and gases [92]. The efficient and effective mixing of materials is critical for ensuring
the mixing performance, and product quality [93].

This study focuses on predicting the position of particles for time duration beyond the
training time. While neural networks have been used extensively to predict particle positions
during the training period, there are fewer studies on extrapolating predictions beyond this
period. This is partly because particle behavior can be highly unpredictable and subject to
a wide range of physical factors, making it difficult for the network to generalize beyond the
training data. The basic idea is to use a training set of particle positions over time to train
the network, and then use the network to predict future positions beyond the time range of
the training set.

Generally speaking, researchers are actively working to develop more advanced neural
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network architectures that can better handle extrapolation tasks. For example, recurrent
neural networks (RNNs) are particularly effective in capturing time-dependent behavior
and making predictions beyond the training period. RNNs are well-suited to predicting
time-series data, as they can remember past inputs and use that information to predict
future outputs. Overall, the use of neural networks for predicting the position of particles for
time duration beyond the training time has the potential to reconstruct the field of particle

physics.

4.2 DEM simulation for data generation

In this study, two case studies are used to develop and validate our proposed methodology.
Both case studies are composed of two packs of particles that are solved using discrete
element methods (DEM). Due to the unavailability of experimental data, the simulation data
is used to train and evaluate the effectiveness of the neural network. The simulation is
done using the eXtended discrete element method (XDEM) [72] which is an in-house code
that implemented DEM. Not only does XDEM provide information regarding the position
and orientations of the particle, but also it provides some information regarding internal

temperature, porosity distribution, and mechanical impacts [94].

4.2.1 Biomass chamber

The selection of this case study stems from our previous research [13, 14], which provide
readers with extensive insights into the fundamental physics underlying this specific problem.
In this current study, we employ XDEM to simulate the motion of particles on a moving grate.
The particles enter the domain from the right side and exit from the left side as they traverse
through the system. To ensure a constant number of particles during the simulation, we
apply periodic boundary conditions at both the input and output boundaries of the domain.
This means that particles exiting the domain through the output gate are re-entered into the

chamber, allowing for a continuous flow and maintaining a steady particle population within
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the system. The total number of particles in the system is 444, all with a uniform radius of
1.5cm and a density of 1197kg/m?. At the initial state, the particles in the system exhibit a
stationary behavior. Subsequently, as a result of the motion of the grate and the influence

of gravity, the particles undergo dynamic motion and initiate movement.

/ Particle Bed

Walls

Walls

——— Moving Grates Grate
Outlet

Figure 4.1: XDEM Biomass furnace Case setup [13]

The modeling of particles involves representing them as compressible spheres that
interact with an interaction model inspired by the work of Cundall and Strack [95]. In this
model, the normal force F,, acting on the particles is composed of a linear spring force and
a dashpot force. The spring force creates an elastic repulsive force, while the dashpot force

contributes damping, as described by the following formula:

Fo = —(kndy + cndy) (4.1)

The dynamics module of XDEM software predictions particle position, velocity, and
acceleration. It uses a soft sphere model, where particles are assumed to be deformable
and can overlap each other. The interaction particle contact forces are computed through
the magnitude of overlap between the particles, based on the force-displacement law
chosen. The particle hardness is described with Young’s modulus, whereas the particle

energy dissipation is modeled with a dampener and/or dash-pot. The transnational and

61



rotational movements of individual particles are tracked using the classical mechanics’

equations as described in Eq 5.1 and Eq 5.2 respectively.

dv; PX; o oo
i— =mj—o = F¢+ F/ + Feat 4.2
m 7 m 7 Pl s (4.2)
R f: M; ; (4.3)
1 dt - 1,7 .

j=1

where Figﬂ is the sum of all the external forces acting on the particle, such as buoyancy

forces Fp and drag forces Fp.

4.2.2 Large drum - Mixing process

In the current case study, the mixing process of two piles of particles in the mixing Drum is
studied 4.7. The two piles of particles are assumed to have the same properties, volume,
and density. The material softwood is chosen as the material for the particles. The drum
had an angular velocity of 0.1 rad/s in the z-direction. At the starting point, all the particles
are stationary. Afterward, the drum started to rotate, and the particle mixing process began.
After passing the transient state, a complete mixing process of the piles is taken place.

The dynamics impact model employed in this study is based on the Hertz-Mindlin theory
[96]. The Hertz-Mindlin model combines the principles of Hertz theory, which describes
the normal elastic force between contacting bodies, with Mindlin’s research on energy
dissipation during normal contact. The normal force in the Hertz-Mindlin model is defined
as follows:

ﬁ
Fy

4 .
—(gEij\/Rijég + cn618) (4.4)

The normal dissipation coefficient is formulated following the proposal by Tsuiji et al.
[97].
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Figure 4.2: Two piles of particles in mixing drum with the angular velocity of 0.1 rad/s

5mij kn

Cp = In €n m (45)
4
kn = gEij Ri; (4.6)

The tangential forces encompass both static and dynamic friction components, which

can be expressed as follows.
?t = mm(ktét + Ctgt, M?n) (47)
The expression for the tangential stiffness is as follows:

ki = 8Gij/Rij0; (4.8)

The effective shear modulus is defined as:

1 2 — 1% 2 — vj
R 4 4.9
Gij G; Gj ( )
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The tangential dissipation coefficient ¢; is correlated with the tangential coefficient of

restitution by the following formula:

5(4mzjk:t)

=1 AR )
4= 6(m2 + In €?)

(4.10)

The shape of each particle is considered a sphere and the radius is set to 2cm. The

properties of the particles can be found in the table 4.1.

Table 4.1: Particle Parameters for Each Pile

Parameter Value

Number of particles 7626
Mass density [kg/m3] 400
Young modulus [Pa] 20e8

Poisson’s ratio 0.28
Restitution coefficient 0.1

Viscosity 2.42¢6

Radius [cm] 2

The rotation of the drum causes the mixtures of the particles. In figure 4.3, the snapshots
of the patrticles in different time steps are illustrated.

The mixing process of particles in a drum begins with the particles initially settling at
the bottom. As the simulation starts and the drum undergoes angular motion, the particles
begin to move in the direction of the drum’s motion. Over time, the particles that rise up will
fall onto the other particles, repeating this process will lead to complete mixing. It is worth
noting that after a certain period, the particles will tend to settle in specific regions, leading

to a semi-steady mixing process.
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As depicted in the figures, at 10 and 20 seconds, the two distinct piles of blue and green
particles are still distinguishable, indicating incomplete mixing. However, at 40 seconds and
beyond, such as 80 seconds, the particles exhibit a well-mixed state where the different
piles are thoroughly blended together.

This observation highlights the temporal aspect of the mixing process, where sufficient
time is required for the particles to interact and redistribute themselves, ultimately achieving
a homogeneous mixture. The figures visually demonstrate the progression of mixing over
time, showing the evolution from initial segregation to eventual mixing.

The figures and presented below illustrate the mean velocity of particles in each pile
over time. Upon examination, it becomes evident that at the initial time, the mean velocity of
the particles has fluctuations. However, as time progresses, these fluctuations diminish, and
the particles converge toward a relatively constant mean velocity. Notably, this convergence
occurs for both piles and interestingly, it aligns with the time frame of 40 seconds when full
mixing is observed in the .

The depicted trend suggests that as the particles undergo mixing, their velocities become
more consistent and approach a stable value. The reduction in velocity fluctuations signifies

a relatively homogeneous mixture.
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Time: 2.0 Seconds Time: 4.0 seconds

Time: 10 Seconds Time: 20 seconds

Time: 40 Seconds Time: 80 seconds

Figure 4.3: Particles in mixing drum
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Figure 4.4: The average of velocity magnitude of the first pile of particles in time
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Figure 4.5: The average velocity magnitude of the second pile of particles in time
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4.3 Neural Network

4.3.1 Recurrent neural network

A neural network can be used as a tool to help solve engineering problems. With the help
of Neural networks, we can avoid time-consuming processes in engineering simulation, and
accelerate the simulation, saving much time [98, 99]. Also, the progression of using neural
networks in engineering problems is progressing day by day, but it has been shown that it
can have intriguing results. Additionally, nowadays discovery divided the neural network
into different kinds of categories, which is one of the common ones, which is dividing the
neural network into two categories supervised and unsupervised learning. Which should be
chosen related to the problem. In this investigation, because of the nature of the problem, we
went through supervised learning. Also, neural network layers can be organized differently
and will be brought out different kinds of neural networks such as fully connected neural
networks, convolutions neural networks, Recurrent neural networks, and so on.

Neural networks are used as a tool to help solve engineering problems. The neural
networks, help the time-consuming processes in engineering simulation.[98, 99]. Presently,
there are multiple categories of neural networks available, offering diverse capabilities and
applications. Some of these include fully connected neural networks, convolutional neural
networks (CNNSs), recurrent neural networks (RNNs), and several other variants. Each
type of neural network possesses unique characteristics and functionalities, making them
suitable for various tasks and domains. The continuous development and exploration of
different neural network architectures have expanded the possibilities and effectiveness of
artificial intelligence in solving complex problems and improving various fields of study, such
as image recognition, natural language processing, time series analysis, and more.

RNNs are particularly adept at handling sequential or time series data, making them
well-suited for tackling temporal problems. Their practicality in handling such data has led
to widespread utilization in diverse applications, including language translation, natural

language processing (NLP), speech recognition, and image captioning. This popularity
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stems from the RNN’s ability to capture and learn from the sequential data, enabling them
to generate meaningful and accurate predictions or outputs in these domains.

Generally speaking, mechanical engineering problems are mainly time-dependent’s
problems, with specific time intervals. For this particular problem, the simulation outcomes
at time step n are determined based on the results obtained from previous time steps
(specifically time step n — 1). Consequently, it is essential to establish an initial condition as
a prerequisite for solving such problems.

Recurrent neural networks transform a vector of hidden states, d, from time ¢_; to time ¢,
in the following way:

hy = f(hi—1,2t) (4.11)

In this context, let ¢ denote the time, h; and h;_; represent the sequential states, z;
represents the input variables, and f denotes the activation function applied to the hidden
state. By using the non-linear activation function tanh, the equation (4.11 has a following
format:

he = tanh((Whphe—1 + Bhp) + (Wanze + Ban)) (4.12)

The states within the cells of recurrent neural networks undergo iterative updates by applying
the transformation f(dh., z). In its basic form, f(dh:, x) can be implemented as a single-layer
perceptron or a fully-connected dense layer. However, there are more advanced design
options available for constructing the cell architecture. Among the various recurrent neural
network architectures proposed by researchers, the Long Short-Term Memory (LSTM) cell
has gained significant recognition and is widely adopted.

The concept behind LSTM presents a distinctive approach compared to conventional
RNNSs, introducing the notions of "long-term memory" and "short-term memory". In this
methodology, the network’s connection weights and biases dynamically evolve during each
training episode, allowing the network to adapt and learn from the data. At the same
time, the activation patterns within the network continually update with each time step,

capturing the temporal dynamics of the input sequence. The fundamental goal of the LSTM
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architecture is to equip RNNs with a robust short-term memory capability that can span an
extensive range of timesteps.

A typical LSTM unit comprises a cell, an input gate, an output gate, and a forget gate.
The cell retains values across arbitrary time intervals, while the three gates control the flow
of information into and out of the cell [100].

LSTM networks excel in tasks involving the classification, processing, and prediction of
time series data. This is especially relevant in scenarios where significant events within a
time series can be separated by unknown time intervals. LSTMs were specifically designed
to address the issue of vanishing gradients that can hinder the training of traditional RNNs.
Within the equations of LSTM 4.13 to 4.17, one can observe the expressions that establish
the relationship between the input and output layers within each LSTM cell. These equations
define the transformations and computations performed to process the input data and

produce the corresponding output.

fe = 0q(Wyze + Uspci—1 + by) (4.13)

ir = og(Wizy + Uici—1 + b;) (4.14)

or = 0g(Woay + Upcr—1 + by) (4.15)

ct = ft © ct—1 + it © oc(Weme + be) (4.16)
hi = o, © op(cr) (4.17)
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The subscript ¢ signifies the time step. The input vector at time step ¢ is denoted as
x¢. The forgotten gate’s activation function is given by f;, the input’s activation function is
represented by i;, and the output’s activation function is denoted as o;. The hidden state
is represented by h;, while the cell state is denoted as ¢;. The parameters to be learned
during training, including the weight and bias, are collectively represented by W'.

In terms of activation functions, we have the sigmoid function denoted as o, the
hyperbolic tangent function denoted as o}, and another hyperbolic tangent function denoted
as o.. These activation functions play a crucial role in processing and transforming the input
data within the LSTM unit.
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Figure 4.7: Particles in mixing drum

4.3.2 Activation function

The role of the activation function in the neural network is to compute the network’s output
[101], with the function mapping the resulting values within a specific range, such as

between 0 and 1, or -1 and 1, depending on the specific activation function employed.
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Figure 4.8: Long short-term memory architecture

The activation functions are divided into two main types linear activation functions, and
non-linear activation functions. In the hidden layers of a neural network, it is common to use
a differentiable nonlinear activation function. This choice enables the model to acquire the
ability to learn complex models that would be challenging for a network trained solely with a
linear activation function. The sigmoid loss function is one of the |

In this paper, the sigmoid function is used as an activation function. The sigmoid function,
also known as the logistic function, is commonly employed in neural networks due to its
ability to introduce non-linearity into the model. It maps the input values to a range between

0 and 1. The equation of the sigmoid activation function is given by:

o(x) = (4.18)

where z represents the input to the sigmoid function. Additionally, the hyperbolic tangent
(tanh) function is utilized as an activation function. in the current study. The tanh function is
commonly employed in neural networks for its ability to introduce non-linearity and capture

a broader range of input values. It maps the input values to a range between -1 and 1,
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making it suitable for tasks that involve capturing both positive and negative patterns. The

equation for the tanh activation function is as follows:

tanh(z) = ¢ (4.19)

e[l‘ + 671

where x represents the input to the tanh function.

4.3.3 Batch size and number of epochs

Efficient training of a model requires the proper configuration of various parameters, one of
which is the batch size. The batch size refers to the number of samples processed before
updating the model. Similarly, the number of epochs represents the complete passes made
through the training dataset. It is crucial to set an appropriate batch size that meets specific
criteria: it should be greater than or equal to one and less than or equal to the total number

of samples in the training dataset [102].

4.3.4 Loss function

The loss function plays a vital role in evaluating the accuracy of the neural network’s
prediction output and guiding the updates of its weights and biases in each epoch. There
are various types of loss functions designed to suit different applications of neural networks,
broadly categorized into Binary Classification Loss Function and Regression Loss Function.

When assessing our problem, which does not involve classification tasks, we focus on
the regression loss functions. One commonly used loss function in regression tasks is the
Mean Squared Error (MSE). The MSE is a straightforward and widely taught loss function
in introductory Machine Learning courses. It calculates the squared difference between
the model’s predictions and the expected outputs, averaging this value across the entire
dataset [103].

However, given the context of our application, we decided to incorporate a physics-informed

loss function. This choice enables us to go beyond solely assessing the disparity between
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the neural network’s predictions and the ground truth values using mean squared error(MSE)
but also ensures that the predicted values conform to the fundamental laws of physics
governing the problem.

In our specific scenario, the neural network is employed to predict particle velocities,
based on the inputs of position and time. As a result, the physics-informed loss function
serves the dual purpose of not only quantifying the discrepancy between the predicted and
actual values but also validating that the predicted values satisfy the inherent relationship
between velocity and position. This approach enables us to align the neural network’s
outputs not only with the observed data but also with the underlying physical principles that
govern the system.

The physic-informed mean squared error is defined by the following equation:

N
_ 1 ~ N2 2
MSE = Z; (ui — ;)2 + (e(u;)) (4.20)
dx d dz
elzufﬁ,egzvfd—l;,egzwfg (4.21)

Where N is the number of samples we are testing against, and u; and «; are the actual
and predicted value repetitively. The e; are the equations, x,y, z are the positions, and
u, v, w represents the velocities.

The neural network architecture, including the specific type of network, choice of the loss
function, activation function, and batch size, has been established. With these components
defined, the neural network is now prepared to be applied to the available datasets for
further analysis and processing. The neural network architecture, including the specific
type of network, choice of the loss function, activation function, and batch size, has been
established. With these components defined, the neural network is now prepared to be

applied to the available datasets for further analysis and processing.
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4.4 Results and discussions

441 Case study 1: Moving grate chamber

This section presents the results of the first case study. As mentioned in the previous section,
in this study a neural network consisting of two neural networks is proposed. The first neural
network trained with the time and position of the particles as its inputs and predicted the
velocity of the particles as its outputs. The second neural network, on the other hand, takes
as inputs the time, position, and velocity of the particles and predicts the next time step’s
positions of the particles. Both of these neural networks are trained on the datasets of the
particles’ motion in the moving grate chamber.

In this study, a total of 444 particles, having a radius of 1.5¢m and density of 1197kg/m3,
are simulated within a moving grate chamber. In this simulation, a periodic boundary
condition is defined on both sides of the geometry (input and output) to ensure that the
whole number of particles within the domain remains constant. In other words, any particle
that exits through the output gate is re-entered through the input gate. The simulation
was executed for a duration of 60 seconds, using a time step of 0.001. To avoid any initial
fluctuations or instability of the simulation, and also to achieve a semi-steady state, the first
30 seconds of the simulation are discarded, and the dataset is collected from the remaining
30 to 60 seconds of the simulation. The dataset is generated by running the simulation using
XDEM.

The available dataset is used for training the first neural network, which consists of
seven hidden layers, each containing 100 neurons. The ReLU activation function is applied
to the hidden layers, while the output layer uses the Sigmoid activation function. The Mean
Squared Error is selected as the loss function, and the ADAM is used as the optimizer. In
order to mitigate the risk of divergence in the neural network resulting from variations in
input and output variable ranges, a normalization process is employed, where all variables
are scaled to a standardized range of 0 to 1. Figure 4.9 shows the mean squared error loss

function for the first neural network, indicating an error of 7 x 1075.
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Figure 4.9: First neural network’s loss function error on the first case study (Moving grate)

The second neural network was also trained on the datasets, using the same neural
network features including the same number of hidden layers, neurons, activation functions,
loss function, normalization range, and optimization method as the first neural network.
Figure 4.10 displays the mean squared error loss function value, which is 9 x 1076, By
comparing figure 4.9 and figure 4.10, it is evident that the second neural network has a
lower loss value than the first one. It indicates that the second neural network is more
proficient in predicting the outputs of the neural network. This can be attributed to the fact
that the outputs of the second neural network (which is the next time step’s position of
the particles) have the same type as the inputs (position and velocity). This characteristic
enables the neural network to establish a stronger relationship between the outputs and
inputs compared to the scenario where the inputs consist solely of position and the outputs

consist solely of velocity.
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Figure 4.10: Second neural network’s loss function error on the first case study (Moving
grate)

After training both neural networks, they will be used to make predictions for particle
positions beyond the training time.

The prediction for the period beyond the training time is conducted for a duration of
200 seconds (the process is demonstrated in figure 4.8). The prediction started from the
final training period’s time step, which, in this case study is at 60 seconds. The particle’s
position at that time was inputted into the first trained neural network, which generated
a prediction of the particle’s velocity. Subsequently, the predicted velocity addition to the
particle’s positions is inputted into the second neural network to generate the next time
step’s particle’s position. This process will be performed continuously throughout the entire
duration of the simulation period being considered.

The outcomes for four different time points, i.e., 60, 100, 150, and 200, are displayed in

figure 4.11. Figure 4.11 demonstrates that the predictions of the particle’s position beyond
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the training time have a reasonable pattern and are physically plausible. It is shown that
the particles remained on the grate without exhibiting any unexpected behaviors such as

floating or moving upward. Therefore, this simulation can be regarded as an approximate

representation of the actual simulations.
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Figure 4.11: Particles in mixing drum

The 2-dimensional diagrams of the particle’s position at 200 seconds in both the XY
direction and ZX-direction are illustrated in Figure 4.12. Based on the illustrations, it can be
inferred that the particles are evenly distributed in both the XY direction and ZX direction.
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Even after predicting for a time that is four times longer than the training time (i.e., the
training time is 30 seconds, the prediction time is 200 seconds, which is 140 seconds beyond

the training time), the distribution of particles is still present, and there is no evidence of

particle aggregation.
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Figure 4.12: Particles in mixing drum
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4.4.2 Case study 2: Mixing Drum

In this section, the efficacy of the proposed combination of neural networks is evaluated
through its application to a new case study. The new case study is the mixing process
of particles in a rotating drum. This simulation includes two piles of particles in the drum,
where each consisting of 7600 particles with a 2em radius and a density of 400kg/m3. The
angular velocity of the drum is set to 0.1rad/s. In this model, the interaction forces between
particles and between particles and the drum are considered, and the Hertz-Mindlin model
is used to model the interaction force. The simulation period lasts for a total of 140 seconds.
To obtain a semi-steady state during the simulation, the initial time period is discarded.

In order to achieve precise particle position predictions, the training period for the neural
network model is extended beyond the time required for the drum to complete a single
revolution. This strategy enables the model to capture the varying particle movement
patterns throughout different stages of the mixing process, consequently enhancing the
accuracy of the predictions. Therefore, the training period commences at 80 seconds and
extends until 140 seconds. By adopting this approach, the neural network becomes more
adept at extrapolating particle positions beyond the training time, thereby enhancing the
overall model accuracy.

In the second case study, the initial neural network is trained on the dataset. After tuning
the neural network’s hyperparameters to prevent both over-fitting and under-fitting, the final
neural network’s architecture is selected. The neural network has ten hidden layers with
100 neurons per each hidden layer. The mean squared error is used as the loss function,
and Adam optimization is selected as the optimization method. As with previous sections,
all variables are scaled to a range of 0 to 1. It is worth noting that normalization helps in
improving the model’s performance and allows for a better comparison of the input variables.
To assess the performance of the neural network, the average mean squared error (MSE)
values for the particle velocities over time are depicted in Figure 4.13. The results indicate
that the average MSE values for all three velocities consistently remained below 1.4 x 1073,

This noteworthy low value demonstrates the neural network’s ability to accurately predict
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particle velocities.
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Figure 4.13: First neural network’s mean squared error of the second case study (Mixing
drum)

Furthermore, to evaluate the accuracy of the predictions made by the first neural network,
the average relative percent error (RPE) of the particle’s velocity is calculated and plotted
in figure 4.14. The results indicate that the relative percent error of all variables is less
than 5 percent. This finding indicates a high degree of agreement between the predicted
values and actual values, and also are indicative of the effectiveness of the neural network

in capturing the underlying patterns in the data and making accurate predictions.
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Figure 4.14: First neural network’s average relative percent error of the second case study
(Mixing drum)

A noticeable disparity in the loss values can be observed between the initial time and
the final time of the training, as depicted in figure 4.14. The high value observed during
the initial stages of training can be attributed to the network’s limited familiarity with the
underlying patterns of particle motion. However, as the training progresses, the network
gradually acquires a better understanding of these patterns, leading to a reduction in the
loss value.

It is worth noting that the use of a recurrent neural network (RNN) in this study allows
the network to have the memory of the previous time steps. This can significantly help in
training the model to make accurate predictions. This is particularly important in the case of
particle motion, where the behavior of the particles in the current time step is dependent on
their position and velocity in the previous time steps. Therefore, the RNN architecture helps

to capture these dependencies and ultimately leads to better prediction performance.
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The observed difference in the loss value of the velocity in the Z direction compared
to the velocity in the X and Y directions can be attributed to the complexity of the particle
interactions that occur in the Z direction. The particles in the X and Y directions follow
a more predictable pattern due to the constant angular velocity of the drum. However, in
the Z direction, the particle behavior depends on various factors such as their position and
the interactions between them, which may lead to sudden changes in their velocity. Hence,
predicting the velocity in the Z direction can be more challenging for the neural network,
resulting in a higher loss value. This behavior is evident in both figure 4.14 and figure4.14.

It is crucial to highlight that, upon analyzing Figure 4.14 and Figure 4.14, the loss
values for velocity in the X and Y directions demonstrate similar ranges. This observation
can be attributed to the fact that the motion of particles in both the X and Y directions is
influenced by the angular velocity of the drum. The drum’s angular velocity affects both
velocities concurrently, leading to a consistent prediction by the neural network and resulting
in comparable loss values.

The second neural network undergoes training using the mixing drum dataset. It
possesses an identical neural network architecture to the first neural network, including the
number of hidden layers, number of neurons per layer, loss function, normalization range,
and optimization method.

To assess the performance of the neural network, both the average mean squared error
and the average relative percent error of the particle’s position over time are presented in
figure 4.15 and figure 4.16, respectively.

Figure 4.15 presents the average mean squared error (MSE) values, where the maximum
value observed in this plot is 1 x 10~7. Furthermore, figure 4.16 showcases the average
relative percent error (RPE) values, all of which remain below 0.6 percent. These findings
validate the high accuracy of this neural network in predicting particle positions throughout
the mixing process.

Significantly, it is worth highlighting that the loss values associated with the second

neural network are consistently lower in comparison to those of the first neural network.
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Figure 4.15: Second neural network’s mean squared error of the second case study (Mixing
drum)

This disparity can be attributed to the compatibility between the outputs of the second neural
network (positions) and its inputs (position and velocity). Conversely, the inputs (positions)
and outputs (velocities) of the first neural network originate from distinct types, potentially
accounting for the marginally higher loss values observed.

The trained neural networks for both cases are saved for future use and are loaded to be
used in the predictions for time beyond the training time. The results of the predicted particle
positions are shown in figure 4.17. The prediction period extends up to three times the
duration of the training period. The predicted particle positions for specific times, including
140, 150, 170, 190, 250, and 300 are displayed in the same figure (figure 4.17 . As can be
seen in figure 4.17, the predicted positions of the particles show a physically acceptable

distribution. The particles are not randomly aggregated and do not appear to gather on each
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Figure 4.16: Second neural network’s average relative percent error of the second case
study (Mixing drum)

other, which would indicate unrealistic clumping behavior. Moreover, the particles do not
perform upward movement, which would be inconsistent with gravity. Overall, the predicted
particle positions appear to be reasonable and in agreement with physical expectations.

As the simulation progresses, the snapshots of particle positions at different time steps
exhibit variation. The distribution of particles tends to occur in a dispersed manner, although
it remains physically plausible. This limitation can be addressed by increasing the duration
of the training period. By selecting a longer training time, it becomes possible to extend the
prediction time beyond the training period.

Based on the findings presented in this paper, it can be concluded that the neural
network methods employed in this study can be applied to similar case studies. The two

case studies discussed in this paper involved a consistent number of particles throughout
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the entire simulation duration, with the exclusion of the transient period from the analysis.
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Figure 4.17: Predicting the particle’s position for time beyond the training time.
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4.5 Conclusion

The results obtained from the two case studies, namely the moving grate and the mixing
drum, demonstrate the effectiveness of the employed neural network methods in predicting
particle behavior and positions.

In the moving grate case study, the neural network’s predictions for particle positions
beyond the training time exhibited a reasonable pattern and were physically plausible. The
average mean squared error (MSE) values for particle velocities remained consistently
below a threshold of 1.4 x 103, indicating the neural network’s ability to accurately predict
particle velocities. Additionally, the relative percent error (RPE) for particle velocities was
found to be less than 5 percent, reflecting a high degree of agreement between predicted
and actual values. These low error values demonstrate the accuracy of the neural network
in capturing the dynamics of particle movement on the grate.

For the mixing drum case study, the neural network model successfully predicted particle
positions throughout the mixing process. The average mean squared error (MSE) values
for particle positions were depicted in Figure 4.15, with the maximum value observed being
1 x 10~7. Moreover, the average relative percent error values for particle positions remained
below 0.6 percent. These low error values indicate the high accuracy of the neural network
in predicting particle positions during the mixing process.

The comparison of loss values between the initial and final stages of training in both
case studies highlights the neural network’s learning process. Initially, the network had
limited familiarity with the underlying patterns of particle motion, resulting in higher loss
values. However, as the training progressed, the neural network gradually acquired a better
understanding of these patterns, leading to a reduction in loss values. The adoption of a
recurrent neural network (RNN) and physics-informed neural network in this study proved
beneficial, as it allowed the network to capture the dependencies of particle motion over
time, leading to improved prediction performance.

The predicted particle positions for the mixing drum case study were visually assessed

and found to exhibit a physically acceptable distribution. The particles did not exhibit
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unrealistic clumping or upward movement inconsistent with gravity. These predictions
remained reasonable even when the simulation was extended to a time three times longer
than the training period, demonstrating the neural network’s ability to generalize well and
make accurate predictions beyond the training time.

Based on the obtained results, it can be concluded that the neural network methods
employed in this study are effective in predicting particle behavior and positions in similar
case studies. The low error values obtained for both particle velocities and positions
demonstrate the accuracy and reliability of the neural network models. These findings
contribute to the advancement of predictive modeling techniques for particle systems and
have implications for various fields, such as industrial processes, material science, and

environmental engineering.
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Abstract

Improving energy efficiency in a blast furnace (BF) has a significant effect on energy
consumption and pollutant emission in a steel plant. In the BF, the blast injection creates a
cavity, the so-called raceway, near the inlet. On the periphery of the raceway, a ring-type
zone is formed which is associated with the highest coke combustion rate and temperatures
in the raceway. Therefore, predicting the raceway size or in other words, the periphery
of the ring-type zone with accuracy is important for estimating the BF’s energy and coke
consumption. In the present study, Computational Fluid Dynamics (CFD) is coupled to
Discrete Element Method (DEM) to develop a three-dimensional (3D) model featuring a
gas-solid reacting flow, to study the transport phenomena inside the raceway. The model
is compared to a previously developed two-dimensional (2D) model and it is shown that
the assumptions associated with a 2D model, result in an overestimation of the size of the
raceway. The 3D model is then used to investigate the coke particles’ combustion and
heat generation and distribution in the raceway. It is shown that a higher blast flow rate is
associated with a higher reaction rate and a larger raceway. A 10% increase in the inlet
velocity (from 200 m/s to 220 m/s) caused the raceway volume to grow by almost 40%. The
DEM model considers a radial discretization over the particle, therefore the heat and mass
distributions over the particle are analyzed as well.

Keywords: coupled CFD-DEM, computational fluid dynamics, discrete element method,

blast furnace, gas-solid flow, raceway

5.1 Introduction

The ironmaking industry produces 7% of the world’s total carbon dioxide emissions [104].
The most frequent ironmaking process is the blast furnace (BF), accounting for more than
70% of total energy consumption in the ironmaking industry [105] and 90% of the CO2
emission [106]. As a result, lowering energy usage and gas pollution in the BF ironmaking

operations has received a lot of attention [107].
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The region inside the furnace which is created by injecting hot blast air into the coke bed
is called the raceway. lts shape is affected by different parameters such as blast velocity, the
geometry of the nozzles, and operational circumstances [108]. Therefore, the study of the
raceway is vital to analyze the gas species distributions and heat supplies which, directly
have an impact on the furnace’s productivity and efficiency. As a result, the raceway has
been comprehensively studied, especially the principles of the particle scale. Experimental
and computational methods have been used extensively to study raceway phenomena over
the past few decades. As a consequence of the severe operating circumstances within the
actual BF process (e.g., high temperature and pressure situations), measurement during an
experimental test is difficult to undertake and only a few studies have worked on this with
very limited data, such as gas species distributions [109]. For example, Matsui et al. [110]
used microwave reflection gunned via a tuyere to study the BF raceway formation under
heavy coal injection rate circumstances. Sastry et al. [111] studied the particle system
in a two-dimensional (2D) cold model. In another study, Sastry et al. [112] conducted
experimental research in a packed bed and found that the characteristics of coke particles
had a significant impact on cavity development and breakdown. Zhang et al.[113] used an
image-based flame detection approach to investigate the combustion characteristics of a BF
raceway and discovered that the raceway temperature profile could fluctuate considerably.
These experimental studies despite helping us gain a better picture of how raceways work
can only explain BF functioning at the macro-scale information such as pressure and
temperature in the local spots and are not able to obtain the micro-scale information such
as inter-particle/phase interactions, raceway shape/size, heat transfer, coke combustion.

In light of the limitations of experimental research and the difficulty of performing accurate
measurements, numerical simulations are generally employed to study raceway phenomena.
Numerical simulations are divided into two common categories: Eulerian-Eulerian and
Eulerian-Lagrangian. Mondal et al. [114] studied the influences of the air blast velocity on the
shape and size of the raceway zone in a BF by using the Eulerian-Eulerian model. However,

the Eulerian-Eulerian model has no capacity of obtaining information such as particle
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and phase interactions, particle residence time, and particle trajectory [115]. Besides the
simple assumptions of inter-particle collisions in this method make it difficult to adequately
capture numerous interparticle collisions near the tuyere and the quasi-static-regime in the
deadman region and the associated flow features[116]. Such difficulties can be overcome
by one of the important Eulerian-Lagrangian methods, the discrete element method (DEM)
coupled with Computational Fluid Dynamics (CFD) named CFD-DEM. In recent years, many
studies have applied CFD-DEM methods to investigate the raceway’s information. For
example, Xu et al. [117] proposed CFD-DEM methods to study gas fluidization on fixed
and fluidized beds. To comprehend raceway formation, they illustrated that this method
can capture gas-solid flow characteristics ranging from large scale (such as processing
equipment) to little scale features (such as each particle). Feng et al. [118] developed a
2-dimensional model to study the particle flow in the modeling of BF, finding that both solid
and gas phases flow are changed spatially and temporally, in particular in the cohesive
zone, which is affected by the layered ore and coke particle structure. Yuu et al. [119]
compared the characteristics of the raceway such as depth and heights with experimental
data and additionally reported dynamic characteristics such as the flow of solid particles,
and the airflow around the raceway. Hilton and Cleary [120] used a discrete approach and
observed the effect of injection velocity and bed pressure on the formation of raceway and
investigate those non-spherical particles, as opposed to spherical particles, can form the
raceways at higher gas input velocities. Wang and Shen [121] developed a reacting model
to study raceway formation at the particle scale and discussed the impacts of several factors
on raceway combustion (such as inlet velocity, temperature, and oxygen mass fraction).
To examine raceway formation, Miao et al. [122] published a 2D CFD-DEM model for
full-scale BF conditions and showed that in comparison to the studies in the laboratory
circumstance, the raceway parameters are substantially more complicated in full-scale
BF. Cui et al. [123] used a particle scale CFD-DEM method to study the raceway cavity
shape and its parameters such as heat source, mass source, and chemical reactions and

additionally the effect of the gas inlet velocity, size of particles, and particle discharge rate
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on the raceway formation. Dianyu et al. [124] also developed a 2D CFD-DEM model to
analyze the effect of parameters such as particle size and oxygen enrichment on raceway
formation and gasification rate. Recently, there has been an increasing interest in operating
furnaces using renewable fuels, such as hydrogen, and many researchers have used CFD
simulations to prove their efficiency[125, 126, 127]. Though this study does not consider
renewable fuels, its findings can be applied to such endeavors.

The present study emphasizes the superior ability of 3D models over 2D models to
predict the behavior of raceways. Therefore a 3D particle-scale CFD-DEM model of a BF
raceway is developed. Using radial discretization, heat and mass transfers within particles
are solved, therefore the internal gradients of particles are seen. The developed model
incorporates oxidation reactions within the particles and heat and mass transfer between
particles and the gas. Additionally, the impact of parameters such as inlet velocity and
particle mesh on raceway size and temperature distribution is discussed. In section the
governing equations of CFD and DEM models are presented along with the details of
coupling techniques. In section 5.3 the results of the validation of the 3D model is presented.
Then, using the comparisons between the 2D and 3D models it is argued that the inherent
assumptions associated with 2D models make it unable to predict the raceway dynamics
with precision. In the same section the results from the 3D model are presented and
discussed. It is also shown that the discretization of the particles in the DEM model can

have significant effect on the predicted size of the raceway and the gas temperature.

5.2 Model Description

XDEM software[35] is used in the current work. This software uses Lagrangian-Eulerian
approach to for CFD-DEM coupling. Its multi-scale and multi-physics framework considers

particles as discrete entities while fluid as a continuous medium.
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Table 5.1: Nomenclature

Physical constants

Heat transfer coefficient
(W/(m?.K))
Interphase momentum exchange
(kg/(m?.s))

Porosity

Thermal conductivity (W/(m.K))
Dynamic viscosity (Pa.s)

Weight of particle for porosity
calculation

Implicitly treated drag term (1/s)
Density (kg/m3)

Operators

Differential operator (-)
Difference (-)

Nabla operator (-)

Scalars

Surface Area

Specific Heat (J/kg.K)
Drag Coefficient (-)
Particle diameter (m)
Convective heat transfer coefficient
(W/(m?*.K))

Moment of inertia (kg.m?)
Mass (kg)

Mass source (kg/(m3.s))
Pressure (Pa)

Heat source (W/m?)
Heat flux (W/m?)

Radius (m)

Reynolds number (-)
Time (s)

Temperature (K)

Length of simulation (s)
Volume (m?)
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Subscripts

Cell

Conduction
Drag

Effective values
Fluid

Particle

Normal direction
Particle

Solid

Radiation
Tangential direction

Superscripts
Geometry exponent
nt (time) step

nt" (time) step +1

First order tensors (vectors)
Acceleration on fluid cell due to
explicitly treated drag term (m/s?)
Gravitational acceleration (m/s)
Contact Forces (V)

Gravitational Force (V)

External Forces (V)

Buoyancy Force (V)

Drag Force (N)

Torque generated by inter-particle
forces (N.m)

Fluid velocity field

Positional vector (m)

Rotational velocity (rad/s)



5.2.1 Governing equations for discrete particles

XDEM predicts both dynamics and thermodynamics of the particulate system. The particle
position, velocity and acceleration are calculated with the dynamics module of the XDEM,
where as the temperature, and processes like combustion, gasification, drying etc are

calculated with the conversion module of the XDEM.

Dynamics module

The Discrete Element Method (DEM) used in the dynamics module of XDEM is based on
the soft sphere model. In this method, it is assumed that the particles are deformable and
can overlap each other, where the magnitude of overlap is decided by the contact force
using the force-displacement law. The hardness of the particle is expressed via Young’s
Modulus, while the particle energy dissipation is described with dampener and/or dashpot.
The translational and rotational movements of individual particles are tracked using the
classical mechanics equations. A detailed description of all the terms mentioned below
could be found in previous work [128]. A summary of the translational and rotational motion
equations is given below: Equations of particle motion:

dv; d?X;

m;—— =1my;

dt o = E (5.1)

where Ff‘ft is the sum of all the external forces acting on the particle, such as buoyancy
forces 3 (Eq 5.25) and drag forces Fp (Eq 5.26).

dd;, -, -
L = ; M; (5.2)

Conversion module

The particles a modelled with pores/voids. These pores are modelled to have a gaseous

mixture of different chemical species. Mass conservation equation for fluid within particles
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pores:

0 - o
- (eppf) + V- (epppvy) = ml (5.3)
ot

One dimensional transient energy conservation equations for particles:

ope, T 1.0 ( or
5 :r 07‘( )\effa > vpfcpf Zwka (5.4)

The mass balance and transport equation of individual fluid species within the particle

pores:

8 5 1 8 n ap 0
E (efpf’l') +V. (efpf,i . vf) = aa <T erD 8;; ) + m;’m (5.5)

Following boundary conditions are applicable to the governing equations mentioned above:

oT
—Aefr g, T 0 (5.6)
oT
_)\eff or a(TR - TOO) + q;‘/ad + qgond (57)
pi
—Diers 3760 L Bi (pi,R — Pi,co) (5.8)

Inthe Eq 5.7, ¢ ., and ¢/, are conduction and radiation heat source respectively from
the neighbouring particles. The detailed description of the conduction and radiation between
particles is given in B. Peters [129].

In the conversion module of XDEM, a radial discretization is considered to solve for heat
& mass transfer within the particle. This radial discretization can be uniform or non-uniform,
as shown in fig 5.1. In the current work, non-uniform radial discretization is utilized. The
non-uniform radial discretisation allows to have smaller cell length near the particle surface

that allows the model to capture the sharp temperature and mass flow gradients.
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Figure 5.1: Radial discretization for heat & mass transfer within a particle

5.2.2 Governing equations for fluid

In Eulerian volumetric average method, the conservation equation of mass (Eq 5.10),
momentum (Eq 5.11) and energy (Eq 5.12) are written over a representative volume, where
porosity (e Eq 5.9) refers to the interstitial solid space particles. These governing equations
for fluids are given below. Detailed description of the porosity calculation can be found in
[128], the porosity calculation in brief is as follows, where V. is CFD cell volume, V; is the

particle volume of i** particle in the CFD cell and n is weight for porosity calculation:

1 n
e=1-v D nVi (5.9)
Conservation of mass
0 L
&(epf)—kv- (eppip) = m/ (5.10)
Conservation of momentum
8 . o - . - 2_, -
— (eppUs) + V - (epsUsVs) = —€Vp+ €prg + eppAc + epN=Tp — eprQ Uy, (5.11)

ot
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Conservation of energy

9p

Ur - ! 12
8t+€’Uf Vp+q (5.12)

0 -
g (ePshy) + N - (epsUphy) =

Chemical reactions are also considered in the CFD solver. In a multispecies gas mixture,
the mass conservation equation for a species i, is given in Eq 5.13:

0 .
aepfﬂ' + V- (epyi-Vf) = m} (5.13)

5.2.3 Chemical reactions

The current study focuses on the raceway and areas immediately next to raceway. In this
region mainly gasification and combustion reactions are observed in the particles, the (solid
phase) reactions are presented in Eq 5.14, 5.15, and 5.16. Considering the temperatures in
and near raceway, the reaction 5.14 producing CO is mainly observed. Some small amount
CO, is produced as shown in reaction 5.15, but due to high temperatures (> 1073 K [130])
it quickly decomposes to CO as shown in gas phase reaction 5.16.

The gasification reactions are as follows:

C+0.50; — CO (5.14)
C+ 0Oy — CO9 (5.15)
C +COy —2C0O (Boudard sreaction) (5.16)

As opposed to the previous reactions, reaction 5.17 is taking place in purely gaseous
state (handled by CFD solver). Due to the high temperatures in the region of interest, it is

observed that the CO, produced from the following chemical reactions, converts back to
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CO according to reaction 5.16.
CO + 0509 — COy (5.17)

Generally reactions can be written as follows:

N M
S VYR = Y P (5.18)
i=1 j=1

where N denotes the number of reactants R;, M denotes the number of products P; and

v;/; represents the absolute values of the corresponding stoichiometric coefficient.

1 dCZ' 1 de
V= = ——= A
YT A U d (5.19)
The actual reaction rate w may depend on species concentrations, the available reactive
surface Osp and the temperature; SO that in general
w = f(ci, ¢j,Oqp, T, ...). Thus, an Arrhenius law is employed to describe the temperature

dependency of the reaction rate as

)

k(T) = ko e( 7T (5.20)

where k(T') represents the temperature dependent rate coefficient, ko referred to as
frequency factor and E, denotes the activation energy.
If thermodynamic equilibrium is reached, then an equilibrium constant K., ., representing

the thermodynamically equilibrium state, can be obtained as

M

¢! p.
kp(T) _ jgl o
kb(T) N vl
AHI ce;L],Ri

1=

Keq,c(T) — (521)
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In the XDEM software, the equilibrium constant K., .(T) is calculated as
Aeay B,
Keqe(T) =eT "7 (5.22)

where A., and B, are constant values that may come from existing tables or from

equilibrium diagrams of phase diagrams.

Table 5.2: Chemical reaction rates

Variable Reaction 5.14 | Reaction 5.17
E, 149,000 20,129
Aeq 0 2.24e + 08
Bey 0 0
Temperature Range | 273K to 1500K

5.2.4 CFD-DEM Coupling

The CFD-DEM coupling is achieved through conventional staggered approach. In this
approach, the output from one simulation (solver) is used as an input for the other. Considering
current work, assume that solver S; is the CFD solver, and the solver Sy is DEM solver.
The fluid solver S; solves the momentum, mass, reactions and energy equations for the
fluid. The fluid solver output such as the fluid velocity, temperature, species mass fraction
etc., are then used as boundary conditions for the particles in DEM solver S;. The DEM
solver S, uses solution from CFD solver, to compute various source terms by computing the
momentum and energy equations for particles. In the next time step, these source terms
are communicated to the fluid solver S, which then uses the solution from n" time step to

get a new solution for the (n + 1) time step.

2 = gt (x§">) (5.23)
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In Eq 5.23, CFD solver S; uses old time step’s boundary value (or in case of first time step
it can be the boundary conditions or an initial guess), xﬁ")to compute the values of x5 for

next time step x;”“). During this time, DEM solver S5 waits for CFD solver S; to compute

solution and exchange the updated solution xé"“).

m§n+1) _ Sén) (xgn—i-l)) (5.24)

In Eq 5.24, the updated solution x5 is used to update the solution for z; for the next time

step. This can also be seen graphically in Fig 5.2.

n<n+1

Figure 5.2: Serial Staggered Coupling Scheme

Fluid forces on particles

There are two types of fluid forces acting on the particles, namely hydrostatic force and
hydrodynamic force. The hydrostatic force is the buoyancy force which accounts for the

pressure gradient around an individual particle [131].
Fp=~V,,Vp (5.25)

In the Eulerian-Lagrangian approach, the hydrodynamic force corresponds to the fluid-particle
interaction. This force depends on the relative velocity of the solid particle and fluid along
with the forces acting due to presence of neighbouring particles. The drag force acting on

the particle due the fluid for CFD-DEM approach is given as follows:

7 =

(Uf — Up) (5.26)

102



The interphase momentum exchange S is predicted according to Gidsaw [132]. Although to
cover all range of void fraction (¢), Wen and Yu [133] (e > 0.8) and Ergun and Orning [134]

(e < 0.8) equations are included.

1—e)? i
150l =9 %+1.75(1_6)27f|17f_5p\, if €<0.8
_ Y P 5.27
b 3 ,el—€e? L L o5 °#
g Ca=———psl¥y = Gple™™, if =08
P

where the drag coefficient C; is given as:

% [140.15(Re)*%®7], if Re < 1000

c,={ Re (5.28)
0.44, if Re > 1000

and the Reynolds number for the particle is given as:

Re = LI~ Bldy (5.29)
i

Particle momentum source terms

In the fluid, the drag exerted by the solid particles is treated in semi-implicit way according
to the method proposed by Xiao and Sun[135]. The explicit momentum source term A, and

implicit momentum source term €2, are as given in Eq 5.30

" j— 1 &
AC = — ‘Biu_’i, QC = Bz (530)
PfVcZ:Z g pyVe ;

Particle heat and mass source terms

Fluid flow conditions such as fluid temperature, specific heat, thermal conductivity, species
mass fractions are exchanged from CFD to DEM. These are used as boundary conditions
for solving energy balance, mass balance and reaction equations for particles.

Based on the energy balance equations, heat loss/gain due convection or due to change
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in composition of particles is computed. This is used as the (explicit) heat source in fluid

energy equation. Similarly, mass source and species mass fraction source are computed.

where h; is the heat transfer coefficient for a given particle ¢, which is a function of Re, Pr,
A, d, and cell porosity.

As there are different phenomenon driving mass transfer, such as evaporation, mass flux
due to the gradient of species concentration, species production due to chemical reactions,

a generalised way to represent individual species mass source is as follows:

my, ;; = (Areaof MassTrans fer) x (MassTransferCoef ficient) x (DrivingForce)
(5.32)

The total mass transfer is summation of all the species mass transfer terms.
m' =>"ml (5.33)
A

5.2.5 Computational Procedure

A schematic for the CFD-DEM coupling is shown in fig 5.3. For the , XDEM and OpenFOAM
libraries are linked together as a single executable. The simulations starts after running the
executable. In the first step, DEM is initialized, where all the particles, walls, domain and
XDEM mesh are created. After creating the mentioned assets, initial boundary conditions
for the particles are applied. An initial porosity (e) field is computed. Next CFD is initialized,
where geometry and mesh is generated, boundary conditions on the fluid domain are
applied, as well as porosity is made available to CFD solver, so that CFD solver takes into
account the presence of particles from the first time step itself. But, these particles do not
contribute to any heat or mass source terms of the fluid governing equations at the first
time step. After all the required initializations, the time loop starts. The fluid governing

equations are solved by the CFD solver developed with the assistance of OpenFOAM. The
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data transfer between DEM and CFD is done via direct read/write in memory. All the data is
stored on the OpenFOAM mesh. After exchanging the data from CFD to DEM, the CFD
data is used as boundary conditions for the particles. XDEM then solves the governing
equations for the particles, and writes output fields such as porosity, momentum, heat, mass
and species mass fraction source. After writing the data, the time loop proceeds to next
time step (T"+ dT). In this time step, the data written by XDEM i.e various source terms, are
injected in fluid governing equations. In this way the simulation continues until the specified

end time Tfinal-

5.2.6 Simulation setup

For the simulations presented, the region of interest is only the raceway, and not the whole
BF. The raceway is modelled as a 3D box of dimension 0.6m x 0.6m x 1.5m. For the 2D
case the cross-section dimensions remain the same (0.6m x 1.5m).

The boundary conditions for the CFD and DEM are described in the Table 5.3 and 5.4
respectively. It is assumed that the particles are preheated to 1300 K and the inlet air enters
at a temperature of 1500 K. Since the primary purpose of this research is to demonstrate
the effects of 3D simulations and particle discretization, the particles are spherical and of

the same size to eliminate particle shape and size effects.

5.3 Results and Discussion

5.3.1 Model validation

As it was explained in section 5.2, the CFD-DEM model used in this study is developed
by coupling a CFD model in OpenFOAM and a particle system model in XDEM. The
validations of the coupling have been presented in previous studies [35, 136]. For verifying
the particle-scale reaction models and gas-solid reactive interactions, the resulting gas

composition from the 3D model is validated against an experimental hot model[137].
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Table 5.3: Simulation conditions for CFD

Variable Value
2D grid 20 x 50
1000 Hex elements
3D grid 20 x 20 x 50
20,000 Hex elements
Inlet Specie Mass fraction
CO 0.00 [—]
CO2 0.00 [—]
N2 0.79 [—]
02 0.21[-]
Specie Mass fraction inside simulation domain
CO 0.0 [—]
CO2 0.0[—]
N2 0.79 [—]
02 0.21 []
Time step length 0.005 s
Simulated Time 20.0s
Temperature
Inlet 1500 K
Internal Domain 1500 K
Turbulence Model k — ¢ Reynold’s
Averaged Simulation (RAS)
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Table 5.4: Simulation conditions for DEM

Variable Value
Particle Shape Spherical
Particle Diameter 0.01m
Particle Density 1111.1 kg/m?3
Particle Initial Temperature 1300K
Particle Composition
Char (Solid) 0.97 [—]
Light Ash (Solid) 0.03 [—]
Number of particles 10, 000
Particle radial discretization 5 uniform cells
Time step length 0.005 s
Simulated Time 20.0s
Mechanical Properties
Contact Model Hertz Mindlin
Spring Constant 100.0 kN/m
Viscous Contact Damping | 2420000.0 N.s/m
Friction Coefficient 0.8 []
Poisson’s Ratio 0.45 [—]

Young’s Modulus

500000.0 Pa/M Pa

Thermal Properties
Thermal Conductivity
Specific Heat
Molar Mass

0.47W/m.K
1500 J /kg. K
30 [—]

measurements.
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Figure 5.5 shows the comparison of the simulation results for oxygen, nitrogen, and
carbon monoxide against the experimental measurements. The results show that the
model can predict the trend in coke combustion (oxygen consumption and carbon monoxide
production) to an acceptable degree. However, there is a deviation between the predicted
and measured values for oxygen and carbon monoxide which suggests and underestimated
reaction rate for the coke combustion. The same level of deviation was also observed in
previous studies [137, 124]. This deviation is rendered as acceptable considering the harsh

measurement conditions inside the furnace and thus the uncertainty associated with the




5.3.2 Comparison of 2D and 3D simulations of raceway

First, we propose to study the differences between 2D and 3D simulations of the raceway.
The 2D model is presented in a previous work [136]. As mentioned before, there have
already been a lot of efforts in developing 2D models of the raceway and the BF. Simulations
in 2D have the advantage of lower computational cost, but they come at the expense of
numerical accuracy. Undoubtedly there should be a reasonable trade-off between the
advantages and disadvantages. In the present work, 2D and 3D simulations are compared
and the results reveal a significant discrepancy in raceway behavior. In order to make a valid
comparison, the 2D and 3D cases were similar in size and mesh in the x and z direction.
There are also similar initial conditions, including packed bed height and particle size.

Figure 5.6 shows the comparison of the raceway cavity in 2D and 3D simulations of the
dynamics of a BF raceway. It can be observed that in 2D, the raceway cavity has larger
dimensions compared to the 3D results. The height and width of the raceway in the 2D
case are respectively 100 cm and 38 cm, while in 3D they are respectively 30 cm and 12 cm.
This notable discrepancy between the 2D and the 3D simulations can be explained by the
fact that in 3D, the momentum of the inlet flow is partly consumed to expand the raceway
in the third direction, depth (which reaches up to 24 ¢m). Whereas in 2D simulation the
momentum of the inlet air is wholly saved to expanding the raceway height and width, thus
resulting in an unjustifiably large raceway. The result is that in the 2D simulation, the packed
bed is expanded to fill the whole available domain whereas in reality the top of the packed
bed is just raised a fraction of the packed bed height. This behavior can be observed in
the previous study as well [124]. This phenomenon can be confronted by defining different
initial or boundary conditions to constrain the packed bed height or fill the whole domain
from the beginning but nevertheless, it would not change the fact that the dynamics of the
packed bed and the raceway are misrepresented.

Moreover, the implicit assumption made for the 2D model by itself leads to a significant
gap between the model and actual physics. The 2D simulation of the raceway assumes a

symmetrical placement of the raceway in the BF. For 2D simulation to represent the real
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BF raceway, either the BF should be a thin slice with two raceways on the opposite sides,
which is naturally far from the reality, where we have a cylindrical furnace with multiple
injection inlets located on the periphery; or, the inlet of the raceway should be an open slit
covering the periphery which would lead to a torus raceway in the whole furnace. None of
these two cases mimick the actual physical geometry to a good approximation. Due to such
observations, the previous studies have noted [116] that there should be special boundary
conditions defined on the domain for the 2D or quasi-3D model to represent the physics
better.

However, in a 3D simulation, the actual physics of the problem is represented more
accurately. As is presented in the following sections, the raceway enlargement is more
confined and the packed bed movement is very limited compared to a 2D simulation.
Therefore, the significant difference between the two cases led to the conclusion that 3D
simulations, despite their computational costs, provide a much more reliable insight into the
physics of the raceway. Additionally, with the increasing trend in computational power and

thanks to parallelization, 3D simulations are becoming more affordable.

5.3.3 Typical transport phenomena of the raceway

Figure 5.7 provides a series of snapshots from the 3D simulation of a raceway section in
an operating BF. The pictures depict the raceway formation as a hot air blast is injected
horizontally into the furnace via the tuyeres. Following the blast, the raceway forms in the
early time steps. It first penetrates the packed bed to the maximum possible depth in a
horizontal direction which is approximately 24 cm, then adopts an upward anti-clockwise
direction to develop further in height and eventually reach a maximum height of 33 cm from
the bottom of the furnace. As can be seen in the figures, by the time of 20 s the raceway
has already adopted a respectively steady shape and dimensions. Figure 5.8 shows the
penetration profiles of the raceway through time in X-direction (depth), Z-direction (height)
and Y-direction (width). This plot supports the observations in figure 5.7, by showing that

the raceway dimensions achieve stability in all directions by 20 s, despite abrupt fluctuations
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in the beginning. However, the width of the raceway shows less stability because it is
comparatively confined by the walls.

As a more clear depiction of the 3D case, figure 5.9 shows the location of the raceway
and the gas flow streamlines that start from the inlet and spread all through the raceway.
As can be seen in the figure, the gas flow has a high velocity inside the raceway (more
than 50m/s) and as it penetrates into the packed bed, loses its momentum and its velocity

decreases drastically.

5.3.4 Heat and mass distribution in the packed bed

Figure demonstrates the particles and their respective temperature at three different time
steps on horizontal and vertical slices. These horizontal and vertical slices are cut between
two XY and XZ planes respectively located at Z=0.15 cm, Z=0.21 cm, and Y=0.27 cm, Y=0.33
cm. As can be seen in the XZ slices (subfigures a-c), the packed bed has increased in height
because of the minor fluidization caused by the flow inside the raceway. The packed bed’s
top surface shows a downward slope from right to left, representing a general anti-clockwise
flow flowing through the packed bed.

The particles preheated to an inital temperature of 1300 K. Figure shows that as the
raceway forms, the temperature of particles around the ring-type zone rises. The ring-type
zone is the boundary of the raceway and the location where the incoming air meets the
coke particles. The oxygen concentration in this zone is high, causing a high rate of the
exothermic oxidation reaction with coke. Heat is produced at a faster rate when the reaction
rate is higher, therefore the temperature is raised faster in the areas close to the ring-type
zone.

The distribution of O and CO at t=0.1 s, t=1 s and t=20 s can be seen in figure . In the
initial time step (t=0 s) the mass fraction of both O, and CO is zero and only Nitrogen (Ns) is
present(which is not shown here for the sake of brevity). As the simulation process starts, Oo
is blasted into the furnace and CO is produced. It can be observed that the raceway region is

the source of O, and distributes it around the packed bed. This explains the correspondence
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of the O, distribution with the raceway shape. However this correspondence is very rough
because some O, distributs into the packed bed via diffusion and convection and therefore
go beyond the raceway perimeter. The O, concentration is maximum in the raceway and
zero beyond the ring-type zone because the coke particles in the zone consume the O,
and produce CO. Consequently, due to the outward flow direction around the raceway, CO
transports away from the raceway. As a result, CO concentrations inside the raceway are

lower than outside.

5.3.5 Influence of blast flow rate

Inlet velocity is a physical parameter that can be manipulated to achieve the desired
outcome in the raceway. It directly affects the size of the raceway and thus the distribution of
temperature and gas species. In this study, three test cases with inlet velocities of 180 m/s,
200 m/s, and 220 m/s are used to examine the effects of inlet velocity on raceway transport
phenomena.

In all the cases, the initial inlet velocity is 10 m/s and it increases linearly with time, up to
the desired inlet velocity (180, 200, or 220 m/s) at t=0.5 s. This gradual velocity increase was
done both for the sake of stability and imitating the actual process. As can be seen in figure
, increasing the inlet velocity results in a larger raceway, thus pushing the ring-type zone
outward. As the raceway approaches proximate stability, the volumes of the raceway cavity
for 180 m/s, 200 m/s, and 220 m/s are respectively 4.24, 4.72 and 6.56 cubic decimeters.
These values are calculated based on considering the raceway as the region with a porosity
equal to or larger than 0.7.

Figure b shows the variation of temperature along the horizontal line starting from
the tuyere tip. In all three cases, somewhere in the middle of the horizontal line, there
is a temperature peak. The high combustion rate of the particles and the resulting heat
causes the temperature to rise. Based on the raceway profiles in figure a these peaks
occur in the ring-type zone which is located just outside the raceway perimeter. The same

behavior can be observed in O, and CO concentration profiles in figure . As is expected,
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at the ring-type zone (for instance, between 0.2 m- 0.4 m for 180m/s case), there is a
rapid consumption of oxygen, concurrent with the formation of carbon monoxide, which
reaches its maximum concentration at the end of the probe line. This consistency of the
temperature and concentration profiles with the raceway profile can be observed for all three
inlet velocities. However, as the blast inlet velocity is increased, the ring-type zone is pushed
further outward therefore the temperature peak and correspondingly the concentration

profiles’ inclination, occur at a further distance from the tuyere tip.

5.3.6 Heat and mass distribution within the particles

As described in section , the DEM model used in this study considers discretized particles.
Therefore the heat and mass distributions inside the particles are considered, featuring the
internal gradients of temeprature and species concentration within the particles.

Figure compares the results between a case with 1-cell particles and a case with 5-cell
particles to demonstrate the significance of particle discretization. The primary difference
between a 1-cell and a 5-cell particle is that in the 5-cell case there is a gradient of species
and temperature within the particle. Coke combustion is driven by oxygen which diffuses into
the particle from the ambient gas. Therefore the oxygen concentration has a profile within
the particle, decreasing from the surface to the center. The available oxygen concentration
determines the rate of coke combustion. Therefore the combustion reaction rate will have a
negative gradient from the surface to the center, resulting in more heat generation (due to the
exothermic reaction of coke combustion) in the cells near to the surface. Since the particle
surface temperature is higher in the 5-cell case, there is a stronger heat convection with the
surrounding ambient gas and the gas is thus hotter. This anticipation is clearly demonstrated
by figure 5.13(b). The case with 5-cell particles shows a higher gas temperature peak in the
ring-type zone. This higher gas temperature creates a higher pressure inside the raceway
which pushes the raceway ceiling upward (as there is less resistance to vertical expansion
compared to horizontal expansion which is limited by the right wall). This explains the larger

raceway cavity for 5-cell particles as illustrated in figure (a).
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However, it is important to note that although in the 5-cell case there is a gradient in
reaction rate through the cell, the average reaction rate, or in other words the coke and
oxygen consumption is almost the same in the two cases. Figures 5.13 (c) and (d) show
respectively CO and O, concentration along the horizontal line from the tuyere tip. It can be
observed that there is almost no difference between the two cases in O, consumption and
CO production.

The aforementioned gradient of temperature can be significant in some particles that
are subject to higher Oy concentration. Figure shows the temperature distribution over
the particle radius for two different particles located at different points in the packed bed.
Both of these two cases include particles with 20 cells so that this gradient is expressed
more clearly. One is inside the ring-type zone, undergoing higher reaction rates and higher
temperatures. The other particle, particularly in the second half of simulation, experiences
lower temperatures, suggesting that it evaded being trapped in the ring-type zone and
maintained a position where heat loss and heat gain by the particle are in equilibrium.

The figures demonstrate the particle discretization which is non-uniform as it was
explained in section . The cell adjacent to the particle surface adopts a minimum size
and towards the center of the particle the cell size increases according to a geometric
progression. It can be observed that in both cases there is a high gradient of temperature
near the surface and this gradient increases over time, because of the low conductivity of
coke. This sharp gradient would not be captured in a particle with no discretization [121, 123].
Therefore such models in which the whole particle is considered as a single element with
a uniform temperature all over it, incorporate a rough temperature in the Arrhenius model
and thus underestimate the reaction rates at the surface of the particle. As demonstrated in
previous sections, in an application such as a BF where there is a complex interdependency
between the heat transfer, reactions and the dynamics of the system, such gaps in the

model will introduce noticeable and unacceptable errors.
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5.4 Conclusion

A CFD-DEM model was developed to analyze the raceway transport phenomena in an
iron-making blast furnace. The study proposed the significance of simulating the raceway
in 3D. Based on the provided results, it was argued that the 2D model, due to the implicit
assumptions associated with it, overestimates the raceway size. Therefore the 3D model
was used to simulate the raceway and analyze the dynamical evolution of the raceway,
combustion of the coke particles, and heat and species distribution in the gas flow.

It was shown that the coke combustion rate is the highest in the periphery of the raceway,
known as the ring-type zone. Therefore almost all of the incoming oxygen is consumed
near the ring-type zone and the particles in this region experience the highest temperatures.
The discretization of the particles made it possible to analyze the heat distribution within the
particles. It was shown that for the particles exposed to high oxygen concentration and high
combustion rate, the surface of the particle is subjected to a relatively high temperature
gradient. Therefore, in a blast furnace where thermal conductivity of coke particles is low
but temperature levels are high, using a DEM model with discretized particles is an effective
strategy for preventing the underestimation of particle temperatures.

The influence of the gas inlet velocity was also investigated. It was shown that higher
inlet velocity results in larger raceway cavities and more penetration into the path of the
packed bed. However, the temperature ranges of the raceway and reaction rates do not
follow a clear correlation with the inlet blast flow rate. These findings offer insight into the

complex correlations between the dynamics and thermodynamics of the raceway.
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Figure 5.6: The 2D and 3D dynamics simulation of a blast furnase raceway at three different
time steps. The 3D results are slices from the 3D packed bed cut between two XZ planes
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Figure 5.8: Temporal variation in depth (starting from tuyere tip in the direction of inlet
flow, i.e. inlet central line) , height (starting from the bottom of the furnace in the positive
z-direction) and width (starting from inlet center line in the positive y-direction) of the raceway
cavity calculated based on the porosity isoline of 0.7
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Figure 5.10: Spatial distributions of coke particles in the raceway packed bed at different
time steps in a horizontal slice cut from the 3D packed bad, between two XY planes on the
opposite sides of the inlet (a,b,c) and a vertical cut between two XZ planes on the opposite
sides of the inlet (d,e,f). Particles are colored by the surface temperature of the particles.
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Figure 5.12: Comparison of racewy profile, temperature, CO concentration and O,
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Chapter 6

Conclusion

6.1 Conclusion

Physics-Informed neural networks (PINNs) have emerged as a promising approach to
accurately represent the complex motion behavior of granular materials.

The motion of granular flow in the fluid environment is governed by physical factors,
including interaction forces. The Navier-Stokes equation, which describes the motion of
fluid, plays a crucial role in understanding the fluid flow around granular materials.

By combining principles from physics and deep learning, PINNs leverage their ability
to capture the patterns in predicting the particle’s motion. These networks can effectively
learn the underlying dynamics of granular materials and provide accurate predictions for
their motion. By integrating physical constraints into the neural network architecture, PINNs
offer a powerful tool to model and simulate granular material behavior.

This thesis employs physics-informed neural networks in three distinct yet interconnected
sections.

The first study focused on investigating the motion of particles within the bed of a biomass
combustion chamber using physical-informed neural networks (PINNs). To obtain the
necessary data to train the neural network, the discrete element method (DEM) simulations

are employed with the XDEM software, and these simulation results were used as the
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dataset. PINNs were chosen due to their ability to incorporate the governing equations
into the loss function, allowing the neural network to handle the underlying physics of the
problem, without having the information on the boundary conditions, initial conditions, and
geometry. The neural network architecture was carefully fine-tuned to prevent overfitting and
underfitting, resulting in a configuration of 10 hidden layers with 200 neurons per layer. The
dataset consisted of approximately 2222 particles in 600 time steps, covering a simulation
time of 60 seconds with a time step of 0.1.

Upon evaluation, the trained neural network exhibited excellent agreement with the
exact data obtained from the DEM simulations. The average percent relative error for
the predicted velocities was consistently below 1%, with only a slight deviation exceeding
0.1%. Additionally, the mean squared error demonstrated consistently low values, further
confirming the reliability of the PINN in accurately predicting and reconstructing the velocity
fields.

Moving on to the second study, the focus shifted to particle behavior in a moving grate
combustion chamber interacting with the fluids. Two distinct piles of particles, Beach-wood
and Stringy-wood, were observed in the combustion chamber, totaling 2222 particles.

In this study, the primary objective is to make assumptions about the motion of dense
particles and, subsequently, reconstruct their approximate motion by using the Navier-Stokes
and continuity equations. These equations provide a framework for understanding the
behavior of fluids. By incorporating these equations into the analysis, it becomes possible to
treat the motion of the particles like fluid motion, enabling the development of an estimated
representation of their trajectories. The datasets were extracted from scattered particle data
and mapped into the computational fluid dynamics (CFD) meshed region.

The PINN was employed to reconstruct the particles’ fields, taking coordinates (z, y)
and time (¢) as inputs and predicting velocity (u,v), pressure (P), and density (p) fields.
After tuning the neural network architecture, consisting of six layers with thirty neurons, the
trained network was validated against numerical simulations. The predictions exhibited a

high degree of agreement with the actual data, with velocity predictions in the x-direction
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achieving approximately 1% error, velocity predictions in the y-direction approximately 2%
error, pressure predictions approximately 0.6% error, and density predictions approximately
1.5% error.

Finally, the third study explored particle behavior and positions for the time more than
training time. The trained neural network successfully predicted particle positions throughout
the two case studies, the moving grate combustion camber, and mixing drum.

The results from two case studies, the moving grate, and the mixing drum, show the
efficacy of neural network methods in predicting particle behavior and positions for time
more than training time. In the moving grate study, the neural network accurately predicted
particle positions beyond the training time, with low mean squared error (MSE) values
for velocities and a relative percent error (RPE) below 5%. Similarly, in the mixing drum
study, the neural network successfully predicted particle positions throughout the mixing
process, achieving low MSE values below 0.6%. The comparison of loss values during
training highlighted the network’s learning process and improved prediction performance.
The adoption of recurrent neural networks (RNNs) and physics-informed neural networks
proved beneficial in capturing temporal dependencies and achieving accurate predictions.
Visual assessments confirmed the physically plausible distribution of predicted particle
positions, even when extended beyond the training period.

In summary, these combined studies showcased the effectiveness of physics-informed
neural networks, in studying particle behavior and positions. The low error values obtained
for particle velocities and positions validated the accuracy and reliability of the neural network
models. This research contributes to the advancement of predictive modeling techniques
for particle systems, benefiting various fields such as industrial processes, material science,
and environmental engineering. Furthermore, the successful application of physics-informed

deep learning in mechanical applications opens new avenues for exploration and innovation.
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