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Abstract

With technology development, there is a growing need for an accurate simulation tools, allowing the best

possible representation of the reality. Developed model found not only application in prototyping process but can

provide significant knowledge into the artificial intelligent model extending their comprehension. Computational

performance and accuracy of the numerical model, dedicated for granular flows are mostly a function of mathe-

matical model that track the mutual interaction between particles. Currently the kinetic theory of granular flow

or soft- and hard-sphere collision models are used for modeling particle interactions. Each of them suffers from

some imperfection that often limit the problem sizes. The purpose of this work is building new mathematical

approach, not only fast, but also accurate regarding predicting collisions and determining particle trajectories by

application of machine learning technique.
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1. Introduction

Flows, where the particulate interactions are predominant are present not only in various industries but also

in the nature and bioengineering. Very good representative of such flows is transport of reed blood cells (RBC) as

the oxygen carrier. For instance, [1] experimentally studied the persistent effect of the red blood cells retain their

ability to move in microcapillaries under high levels of oxidative stress or [2] used granular model for tracking

and cell-free layer formation of RBCs in a microchannel with hyperbolic contraction.

. Development of accurate and robust model capable to efficiently model RBC is desirable to add new knowl-

edge to experimental data. An industry example can be found in the fluidization phenomenon [3] used in

energy sector, food processing [4], emptying of large silos [5] in agricultural facilities or in case of modeling

avalanches [6].

Nevertheless, due to the complexity of the physic that stands behind such flows the available mathemati-

cal models still require significant improvements [7, 8] to be wider used for more sophisticated, basic sciences

applications as discussed [9].Dense granular flows, are characterized by significant interactions between par-

ticles and solid−gaseous phases [10]. The application of the computational fluid dynamics (CFD) to simulate

this type flows are not a trivial task, either in industrial or on a laboratory scales. Currently available and fre-

quently used approaches, for modeling particulate transport, are the two-fluid Euler-Euler (EE) approach [11],

hybrid Eulerian-Lagrangian (HEL) [12, 13, 14, 15], and Discrete Element Method (DEM) [16, 17, 18]. The main

differences between these approaches are related to the implementation of mathematical models dedicated for

modeling collisions between particles. The first two approaches use the Kinetic Theory of Granular Flow (KTGF)

[19, 20], to predict the common particle interaction in the solid phase. The last one uses hard- or soft-sphere

models [18, 21] to track particle collisions, where direct particle-particle interactions are recognized.

By application of the EE or HEL approach the collision forces that acts on the particles are determined based

on the volume fraction of the solid material in computational cell according mentioned KTGF theory [22]. The ac-

curacy of this technique is strongly related to the mesh resolution, where the particle properties are average over

computational cell. There are some techniques to increase these models accuracy by application of the energy

minimum multi-scale method (EMMS) [23, 24]. This model affects the predicted drag force, that acts on the

solid phase, thereby the prediction of the solid phase distribution, that affects collision [25].

The main feature, that excludes the DEM model from the large-scale application, is the unprofitably long

computation time [26]. This model spatially and temporally tracks individually each of the particle stored in the

system, which affects the simulation time. Depending on the number of particles in the computational domain,

the time can stretch from hours to days of simulation. In many cases, this is an unacceptable time, despite its

accuracy. Furthermore, the huge difference between the DEM approach and the HEL technique [27] is related to

the way, how the solid particles are tracked. By application of the HEL approach the idea of individual particle

tracking is replaced by introducing the principle of particle grouping in to parcels. Each parcel stores particles

with the same physical properties [12], i.e. velocity, temperature, mass, size. This approach considerably reduces

cost of numerical simulation, which allows for its application for solving industrial scale problems. Nevertheless,

some implementation of the DEM allows similar future while this leads for not physical distribution of the particles

due to problems, with accurate representation of the mathematical model closure terms.

Knowing the basic advantages and disadvantages of the above-mentioned approaches used for modeling

dense granular flows, it is straightforward that there is a real need to develop the model that can combine

aforementioned advantages of each model. The question arise, how the accurate DEM collision model can be

combined with the simple HEL technique. Presented work deals with it, by introduction of a novel collision

model to the standard HEL approach, which goal was to replace the KTGF theory for determination collision

force. Developed model keeps the accuracy of the DEM but significantly decreases the computational time. it

was reached by introduction of reduced order model (ROM) built in the frame of the machine learning algorithms,

to become a surrogate collision model.

Nowadays, the machine learning (ML) became increasingly popular in number of different industrial appli-

cations, i.e. drug discovery and development [28], marine to optimize power and fuel consumption during ship

transportation [29], for modeling optimizing of complex process [30, 31, 21, 32], application in modeling and
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performance analysis of ocean robots [33], for prediction of a battery storage [34], interval for wind power fore-

casting [35] and forecasting the crude oil prices [36, 37]. Application of the ML has a very high level of accuracy,

but most importantly allows results to be obtained in a very short time in case of usage of the ML as ROMs.

The ML technique is getting popular in field of development ROM to reduce computational cost. An example of

the physics-informed machine learning for reduced-order modeling can be found in [38]. Very applicable work,

focused on application of the ROM technique, for modeling furnace operation in flameless conditions in terms

of the digital twin concept can be found in [39]. Other interesting work, that goal is to apply the ROM for rep-

resentation of the redox kinetics of the oxygen carrier in chemical looping combustion can be found in [40]. All

aforementioned works, show the applicability of the ML algorithm is seen as very powerfully tools that have huge

potential in reduction cost of numerical simulation.

The activities in this work were divided into two phases: firstly the novel collision/surrogate model in terms

of the ML technique was developed applying accurate DEM approach. Once it was done, the developed surrogate

collision model (SCM) was implemented into the solution procedure of the standard HEL technique to replace

the KTGF. Developed SCM was implemented into the solution procedure through the set of user defined functions

(UDFs). Within the second stage, the Hybrid Euler-Lagrange Surrogate Collision Model (HELSCM) results, were

juxtaposed with numerical results obtained by application of standard HEL and DEM approaches, using the solid

phase velocity profiles. The required data for experimental work was extracted using in-house tracking algorithm

described in [41], while for numerical data processing the UDFs were used. Additionally, to check behavior of the

HELSCM approach, the quantitative comparison was made, based on observation particles/parcels distribution

during numerical simulations. For that purpose two particle sizes were used, i.e. 315 µm and 475 µm, where for

quantitative comparison the solid velocity profiles were used obtained from carried out experimental work.

Developed HELSCM model showed that numerical results were consistent with those collected during experi-

mental work. The advantages of the introduced methodology is the possibility of modeling multiphase flow, with

particle distribution, in the level of accuracy of the DEM approach, with the time step order as used in case of

application standard HEL technique. In case of using the standard DEM, the simulation time step is a function of

the flow conditions, and can be even smaller than 10−5 s. In such case, the simulation time can by considerably

higher than that reached by application of developed HELSCM model.

2. Experimental test rig

The experimental test rig used for measurements, is located at the Silesian University of Technology in the

Department of Thermal Engineering laboratory. A detailed description, of the experimental facility was discussed

in [41], while the simplified sketch is presented in figure 1. The main components of the device are the transparent

core, the side arms, and the air distribution system. Air, at a specific volumetric flow rate controlled by Bronkhorst

HIGH-TECH B.V. [42] flow controllers, is supplied through air inlets. Once the flow is stabilized, particles are

released from the particle holders and introduced through the arms into the particle collision region. To capture

the collisions and trajectory of particles, the high speed camera VEO 710L [43] equipped with a NIKKOR 200 mm

F/4.0 MACRO lens, was used. The used image resolution was 1280x720 and the frame rate of recorded images

was set to 8300 frames per second (fps).

With selected image resolution 1280x720 (reduced in contrary to the previous work [41]) and selected con-

figuration of the the camera in respect to test-rig; it was possible to obtain field of view that covers particle

collision region (see Fig. 1), together with particle inlets. Figure 1 illustrates the space location of the ten boxes

used for determination of the particle velocity profiles. To determine the particle velocity profiles in specified

locations, an in-house algorithm developed within the framework of the LabVIEW (National Instruments Corp.,

USA) [44] application was used, in combination with Python script for data processing. The detailed description

about algorithm functionality can be found [41].

As the material for testing, a polyethylene microsphere particles with a density of 1000 kg/m3 [45]were used.

Tests were carried out for two diameter ranges, i.e. 300−355 µm (mean diameter µ = 315 µm and standard

deviation in particle distribution σ = 8.2 µm) and 429−520 µm (µ = 475 µm, σ = 22 µm). The velocity of the

gas supplied through the side and main inlets was adjusted to reach 20 m/s at the supply channels. This was

achieved by splaying 38.4 l/min and 240 l/min of air flow rates for side and main inlets, respectively. To check
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Figure 1: Schematic overview of the key elements of the test-rig and the part of the geometry captured by a camera together with marked

locations, where data is extracted for model validation

the repeatability of the obtained experimental results, the measurements procedure, for given particles sizes and

the test-rig configuration, was repeated nine times.

The time average mass flow rates of the particles determined, based on the analyzed particle flow rate in

the inlet to the main channel, are marked in figure 1 as 1 and 2 for two considered particle ranges were

0.014/0.018 kg/s (left/right) and 0.013/0.019 kg/s (left/right) for particle mean diameter µ = 315 µm and

µ = 475 µm, respectively. The total amount of used material, stored in the solid container before launching

particles for both cases was 21 g, evenly divided between two particle holders.

To determine the accuracy of the numerical model, based on the experimental data, the measurement error

need to be calculated. In practice, it is impossible to reach perfect consistency of the numerical and experimental

results. In presented work, the law of error propagation [46] was used to determine the uncertainty of the

experimental data. For two investigated particles ranges the uncertainties are related to the air regulators, time

and space resolution of used camera. The uncertainty for particle mean diameter 315 µm was equal to 0.63 m/s,

while for second one it was calculated at the level of 0.71 m/s. A detailed description of the procedure used for

determination uncertainty for experimental results is given in [41].

3. Tested numerical models

The most popular approach used to model granular flow is the multifluid Euler-Euler (EE), which found a lot

of practical applications [47, 48]. This model is very stable and all his features are well recognized and studied.
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Nevertheless, the main bottleneck of EE technique is problem with modeling real particle size distribution (PSD)

of the fluidization material. Most of applications uses two or three additional solid phase to represents PSD.

Even in such configuration, the number of transport equation that need to be resolved can easily exceed 20.

To resolve this problem, a Lagrangian technique was introduced [49, 50]. An example of the technique, which

gives possibility to track particle in Lagrangian frame of reference, is the Lagrangian mulitiphase-particle in cell

(MP-PIC) approach [49, 50]. For instance, only in ANSYS®Fluent software with semi-open structure, there

are several available models, that can be used to model granular flows, for example the Hybrid Euler-Lagrange

(HEL) [12, 15] approach that comes from MP-PIC and Discrete Element Method (DEM) [51]. In both of these

approaches, the gas flow is modeled using the Eulerian approach, while the particles are tracked in the Lagrangian

frame of reference. The main difference, between mentioned HEL and DEM approaches, can be noticed within

used approach for modeling mutual interactions between particles. The HEL technique, collisions are modeled

in the basis of the Kinetic Theory of Granular Flow (KTGF) [52, 53]. Collision between particles are determined

in basis of the solid volume fraction in computational cell, where colliding particles are located. The second of

mentioned approach for collisions forces calculation uses the common space position of to colliding particles and

their velocity vectors [18].

Depending on selected approach the differences within predicted particle flow field can be expected. The ad-

vantage of the usage of the HEL approach is the calculation time, which is much shorter in contrary to DEM tech-

nique (for identical simulations the differences in times may be up to twenty). Nevertheless, the HEL approach

required definition of the granular temperature Θ, standing for particle interactions, which can be evaluated

using either transport equation or algebraic formula accepting some simplifications [54, 55, 20].

In application of the DEM the situation is quite different, as it was briefly mentioned. The DEM can use two

sub-models for definition of the collision force that acts on the collating particles i.e., soft-sphere and hard-sphere

[16]. For the detailed mathematical description of the DEM approach, the reader is referred to [56, 16, 57, 58].

For both approaches, the mass, momentum, energy, together with the turbulence need to be solved. The mass

and momentum transport equations for the gaseous phase in instantaneous form are defined as [59]

∂

∂ t

�

ǫ f ρ f

�

+∇ ·
�

ǫ f ρ f u f

�

= Smass (1)

∂

∂ t

�
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+∇ ·
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ǫ f ρ f u f u f

�

= −ǫ f∇p+∇ ·τ f + ǫ f ρ f f+ Ks f

�

us − u f

�

+ Smom (2)

where the subscripts f denote the gaseous phases, ρ is the fluid density, u defines the velocity vector, and ǫg is the

fraction of bulk phase. Smass, Smom, are the sources due to exchange of mass and momentum, respectively, between

the continuous phases and particles. The momentum source term Smom determines the change of momentum in

the gaseous phase due to particle movement. Ksf is the average interphase drag coefficient. τ f in is the stress

tensor calculated for gaseous phase defined as

τ f = ǫ f µ f

�

∇u f +∇uT
f

�

+ ǫ f

�

λ f −
2

3
µ f

�

∇ · u f Ī (3)

where λ f is the bulk viscosity of the fluid phase, Ī is the unit tensor, and µ f represents the fluid dynamic viscosity.

The particle motion equation, which equates the particle inertia with the forces acting on a particle is defined as

dup

dt
= FD(u f − up) +

g(ρp −ρ f )

ρp

− ∇p

ρp

− Fcoll (4)

where the subscript p refers to the particle data, ρp is the material density, FD(u f −us) is the particle acceleration

due to drag, term −∇p/ρp defines the particle acceleration due to the pressure difference at the particle location,

and Fcoll defines the acceleration of the particle due to the collision’s forces expressed as (4)

Fcoll =
∇ ·σs

ρp

(5)
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where collision tensor σs is defined as

σs = −ps Ī (6)

and granular pressure ps which defines the interactions between particles can be calculated as [60]

ps = ǫsρsΘ
︸  ︷︷  ︸

ps,kin

+2ǫ2
s
ρs(1+ ess)g0,ssΘ
︸                    ︷︷                    ︸

ps,col

(7)

where ǫs stands for the solid volume fraction, ess defines the restitution coefficients while g0,ss expressed the radial

distribution function. The granular temperature Θ in discussed work was calculated using the algebraic formula

[61]

−∇ps +τs :∇us −
12(1− e2

ss
)g0,ss

dp

p
π

ρpΘ
3/2ǫ2

s
− 3KsgΘ = 0 (8)

where the third and forth terms in above equation stands for energy dissipation and the energy exchange between

phases, respectively. A graphical representation of a collision model used in the DEM technique is shown in

figure 2. Used model gives possibility to take into account the deformation of the particles due to their contact

indicated by the particle overlapping δ parameter. The acceleration of the particle due to the collisions in DEM

technique is expressed as

Fcoll = F1 = −F2 = KHδ
3/2e12 (9)

where KH is the physical material property, determined from the respective Young’s Moduli E1 and E2 of the two

colliding particles and their Poisson’s ratios ν1 and ν2

KH =
4

3

E1E2

E2(1− ν2
1)E1(1− ν2

2)

√
√ r1r2

r1 + r2

(10)

the unit vector from particle 1 to particle 2, is calculated using a simple expression

e12 =
x2 − x1

||x2 − x1||
(11)

Figure 2: Exaggerated collision effect between two particles

A crucial aspect when modeling granular flow with application of DEM, is the use of an appropriate time step.

To determine the exact time step, the methodology described in [62] was used. It is determined on the basis

of determining three different time steps based on the physical properties of the material being used, Raleigh,

Hertz, and Cundall. The simulation time step is selected from the relation

t = 0.2 ·min
�

tRaleigh, tHertz, tCundall

�

(12)
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The Raleigh and Hertz time formulae are determined and briefly described in LIGGGHTS documentation [63]

tRaleigh =
πrsphere

0.1631(ν+ 0.8766)

√
√ ρp

E/[2(1+ ν)]
(13)

while the Hertz time step is defined as

tHertz = 2.87

�
(ρp(4/3)πrsphere

3)2

rsphere E2Vmax

�0.2

(14)

The Cundall model used in the software LS-DYNA DEM [64] for definition time step is

tCundall =

√
√
√ρp(4/3)πrsphere

2)

E
[3(1+ν)]NORMK

(15)

where NORMK is a stiffness penalty parameter, typically ranging between 0.1 and 0.001. For this particular

case, the penalty parameter was chosen to be equal to 0.001. The time step used in the presented study, for the

considered material was 2.46·10−7 seconds.

4. Novel collision approach

There are some disadvantages of both models, listed in the previous section. The precision of the HEL ap-

proach, depends on the calculated value of the granular temperature, which can also cause some stability prob-

lems. Undisputed advantages of the HEL technique are the calculation time and the possibility of direct incorpo-

ration of real PSD to represent the fludization process. The DEM approach is accurate, but it is time-consuming,

and is applicable rather for small-scale cases. To take advantage of both approaches, that are calculation time and

collision accuracy, a hybrid collision model developed in the framework of machine learning (ML) is proposed

here. The purpose of the surrogate model (SM) developed based on machine learning (ML) is to replace the stan-

dard KTGF approach used to model the term Fcoll in equation (4) of the HEL technique, creating the HELSCM

approach. The built surrogate model allows one to eliminate the problems that are behind the calculation of the

granular temperature Θ, and at the same time, increases the stability of the solution process. At the same time,

by using the HELSCM technique, the calculation time required to model the granular flow, can be reduced while

maintaining the accuracy required in collision prediction.

Literature study and gain experience in various ML applications, influenced to choose the XGBoost (Extreme

Gradient Boosting) algorithm [65] to create the reduced order model. XGBoost is based on supervised machine

learning [66], decision trees [67] and gradient enhancement [68]. The predictive model is designed to solve

regression problems [69, 70, 71], based on the supervised learning method. In this approach, the model is

created by decision trees by evaluating a tree asking conditional questions (if/then/else) [72] and deciding if

an option is true or false. The minimum number of questions must assess the probability of making a correct

decision. In such a way, the algorithms learn the relationships between features (input data) and the target

(output data). A brief description of XGBoost can be found in [73].

4.1. Data set generation procedure

Before the generation of the supervised ML model, the required data set must be collected for the considered

task. To develop a surrogate collision model, the input and output parameter configuration need to be a priori

known. Here, as shown in figure 3 the input and output data correspond to the velocity vector components of

two colliding solid particles. Moreover, developed data stores also information about particle size and density in

case of future ML model extension, e.g. application for the polydisperse cases, while presented work is focused

only on monodisperse system. As mentioned earlier, the low-scale DEM model was used to generate the required

data. In this case, the Cundall and Stack [74] approach was used to model particle interaction implemented

in ANSYS®Fluent was used. Selected configuration of the low-level DEM collision model is the simplest, least
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complicated approach, and does not expose the developer to error, when modifying the behavior of the particles

in the system.

The data set generation process is initialized by determining the velocity range (Vmag) for the colliding parti-

cles. On the basis of experimental data, the velocity magnitude range was set from 0 m/s to 20 m/s. The set of

equations used for the calculation of the components of the velocity vector for the defined angles ϕ and θ based

on the velocity magnitude of the particle is defined as

uA,B = Vmag · sinθ · cosϕ

vA,B = Vmag · sinθ · sinϕ
wA,B = Vmag · cosθ

(16)

where ϕ is the angle defined from the OX axis, and θ is the angle defined from the OZ axis as illustrated

in figure 4(A). Figure 4(B) presents the distribution of particle velocity configurations after determining the

components of the particle velocity vectors. For clarity, the particle velocity vectors are not marked here, while

each direction is pointed to the center of the coordinate system.

Figure 3: Configuration of the low-level collision model used for collecting data set for ML model

Figure 4: A: Visualization of the methodology used for the calculation of the velocity components based on spatial particle location and its

velocity magnitude, B: distribution of the points that corresponds to particle position according the velocity vector configurations pointed

into the center of coordinate system

To collect the data set by applying the low-dimensional collision model, the spatial configuration of two

colliding particles need to be accurately defined. In the model used, the velocity vectors and position of two

particles were configured in such a way, to ensure that both particle will collide in the center of coordinate

system. It is an important point because introducing data into the model about particles that did not collide with
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each other, would not only decrease the performance of the model but would also increase the number of possible

configurations, and thus increase the computation time of the data set generation stage. All of the mentioned

operations are also required to prevent a situation, where two colliding particles in a certain time step overlap.

Such a situation will cause a disproportionately large deformation of the particles, and this would directly affect

the velocity after the collision; it would be very high (about 100 m/s - although such velocity depends on the

model constraints, in this case the defaults were used), which would not correspond to the reality.

Apart from the need to determine the turns of the velocity vectors of the particles to the center of the co-

ordinate system, it was necessary to also take into account other possible collision configurations between the

particles. The possibilities of particles colliding with each other are illustrated in figure 5. Figure shows only a

view of possible particle behaviors, where their post-collision reaction may be exaggerated. Particles can collide

with each other with the same velocity vector turns as depicted in figure 5 (A) but, with different configurations

of the assumed velocity values. Another possibility is the so-called parallel collisions, highlighted in figure 5 (B),

where the particles move in the same direction, but the particle at the back has a higher velocity, so that after the

collision, a part of the force is transferred to the particle moving in the front, which increases its velocity. Another

possible configuration is the head-on collision, where the velocity vectors of the particles are opposite, as shown

in figure 5 (C).

Figure 5: Approximate visualization of possible collision configurations and the stage before, at and after the collision. Column A shows

a possible collision of particles moving in the same direction, column B of particles moving in so-called parallel and column C of head-on

collisions

The data generation and simulation process was fully automated. It was possible through a combination

of Python scripts and Ansys® Fluent software. Once the control code was created, the particle positions and

velocities (based on the above formulas and assumptions) for 60 000 collision configurations were determined.

Following the flow chart shown in figure 6, the process started from reading the file with all configurations. Then,

from the first 100 combinations, 200 injection files (two for each simulation) were created. Then, a journal file
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was created that, without restarting the program, loaded the corresponding cases and the corresponding injection

files. This approach was necessary to reduce the computation time by reducing the number of Ansys® Fluent

opening from so-called zero. However, at the same time, maintaining the security of not losing data from all the

cases already recalculated. Such security, in the case of random situations such as power cut or license problems,

means that at most 100 simulations had to be repeated, rather than all of them starting from the first. At the

end of each simulation, using a specially developed user-defined function (UDF), the components of the velocity

vectors of each particle were saved in a file. In addition, with such a large amount of data, great care must

be taken not to mix up the data, that is, each input must correspond to a specific output. Therefore, each case

was labeled with a specific number. Another applied calculation speed-up trick, was the division of the main file

into 10 smaller ones, so that calculations could be carried out simultaneously in separate programs. The whole

procedure described above was carried out without any changes. After many attempts, by synchronizing the

calculations, reducing the number of program openings, and not losing large amounts of calculated data due to

random events, the total data generation time was reduced to about a week.

Figure 6: Flow chart presenting automation of the data generation process

4.2. Development ROM model generation

Each time, before building the model itself, the data set should be divided into three subsets: test, training,

and validation. The first one is not included in the process of training the model, but in the final stage for that

one metrics are set, which determine whether the model is satisfactory enough. It is discussed here that the

test data set represents 5% of the total data. After the test set was separated, the data were divided into 75%

for the training set and 25% for a validation set. The next step in data preprocessing is the application of the

standardization technique [75]. To reach a stable solution and high precision in predicting target parameters, the

data was standardized, that is, rescaled relative to their mean and standard deviation, according to formula [76]
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Xsc =
X−µtrain

σtrain

(17)

where Xsc is the standardized value, X is the original value, µtrain and σtrain, respectively, denote the mean and

standard deviation determined for the training set. Then, using the calculated µtrain and σtrain, the test and

validation sets were standardized.

When building any surrogate model in frame of the ML, it is important to define the hyperparameters that

affect its performance [77], that is, the quality of the prediction results. Hyperparameters can be selected us-

ing dedicated libraries, allowing us to choose them in the most efficient and effective way. Such libraries offer

optimization tools that allow, in a relatively short time, to obtain the best hyperparameters, allowing to obtain

accurate models. Of several available tools, Optuna [78] was chosen to find the best values. Optuna formulates

hyperparameter optimization as a process of minimizing/maximizing an objective function, taking a set of hyper-

parameters as input and returning with its (validation) score. During the process, the search space is narrowed

using records of suggested parameter values and evaluated objective values, leading to an optimal search space

that consists of parameters that lead to better objective values. During the search for hyperparameters, pruning

is also used, which is responsible for interrupting calculations when there is no improvement in accuracy. Such

an approach reduces the cost of computation, further reducing the search time.

The hyperparameters that were chosen to optimize, were three, the basic and most frequently modified to

improve model quality, i.e.

– n_estimator − number of gradient boosted trees, equivalent to the number of boosting rounds,

– max_depth − maximum tree depth for base learners,

– learning_rate − boosting learning rate,

– colsample_bytree − defines what percentage of features is used for building each tree,

– reg_alpha − L1 regularization term on weights.

It was decided to perform 50 trials using Optuna [78] procedure to find the best hyperparameters. Each

time, five of the hyperparameters mentioned above were changed and used to build a model on the train data

set. After building a model, using a validation set, the accuracy of the model was calculated. After conducting

50 procedure evaluations, the one that gave the highest precision was selected for future processing, saving the

corresponding hyperparameters [65].

The main task of the novel collision model is to predict, based on‘ the components of the velocity vectors of

two colliding particles, the components of the velocity vectors for the particle involved in the collision after it

occurred. There were two different approaches that could be considered when building the models. The first

was to build a single model that predicts the three components of the velocity vectors in a single step. This

solution, only at first sight, is a good one. Unfortunately, when the models were built in this way, they were not

sufficiently accurate. It is essential that the mean absolute error (MAE) be as small as possible because, at low

velocities, with which we are dealing, even a small error, deviating from the expected value has a great influence

on changing the trajectory of the particles. Therefore, an approach that is often practiced, i.e., the construction

of three separate models, where each model predicts only one velocity component. In this way, it was possible to

reduce the error made in the prediction of individual values, which is essential in this particular case, while not

affecting the timing of the model calling during the solution procedure. The final MAEs for the subsequent models

used for both investigated particle sizes were equal to MAEu,v,w =(0.5877;0.5802;0.5531) for µ = 315 µm and

MAEu,v,w =(0.7078;0.7276;0.6078) for µ= 475 µm.

The metrics for the trained models that cover both investigated particle diameters for the test sets are shown

in the graphs 7, where the predicted and exact values are shown for the test data set. Ideally, the plotted points

should perfectly coincide with the diagonal on the marked graph. For each of the three models for subsequent

velocity components, the predicted values are close to the real data. There are only single values that deviate

significantly from the expected values. The bar graph 8 shows that most of the tested configurations return the

predicted velocity with an error lower than 5%.
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Figure 7: Comparison of predicted and true values for each of the velocity components for models built for different velocity components

using the test data set. The red line indicates the diagonal around which the predictions with true values should be placed. In addition, the

accuracy values (MEA) for the test sets are marked.
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Figure 8: Distribution of the calculated relative error between exact and predicted velocities for both investigated particle sizes, i.e. µ =
315 µm (left) and µ= 475 µm (right)

4.3. Surrogate collision model implementation

Once the surrogate model was developed, it was required to implement it into the CFD code. Presented

studies uses the ANSYS®Fluent CFD code, while the model can be freely implemented into an open source

CFD code. Implementation of a developed collision model into the HEL approach, to create HELSCM, requires

model adaption for used CFD software. The general overview of the implementation can be seen in figure 9.

In the collision model implementation, the collision is detected in a way similar to that, used in the DEM to

have the chance to compare both models. At the end of each time step, the position and velocity components

of the colliding particle are found. If the distance between the center of the particles was smaller than the sum

of their radii (|PAPB| < rA + rB), a collision was detected and the velocity components of the colliding particles

were saved. In each subsequent collision, the velocities of subsequent colliding particles are added, note that

the velocities are saved for both particles involved in the collision. At the end of the collision detection loop, for

each cluster of colliding particles, the average velocity components were calculated. After the determination of

the average velocities (for pairs of colliding particles), the surrogate regression model returns the values of the

velocity components, after the collision as illustrated in figure 9.

Figure 9: Implementation of the reduced-order model developed in the CFD code, where P1 and P2 respectively particle centers, r1 and r2

the particle radii, and u, v, w are the velocity vector components for particles A and B, before and after collision
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5. Geometrical model of the test-rig

To perform numerical simulations, the unambiguity conditions, i.e. geometry, boundary conditions, initial

state, and material properties, must be known a-priori. The computational domain was built on the basis of

the 3D model of the test rig with verification in reality. In order not to provide many complications into the

model, and to be able to reach numerical results in reasonable time span, the original geometry was simplified,

mostly to eliminate complicated geometry elements. For example, to model particle injection, the idea of volume

injection was used, instead of using complicated geometry of the particle holder (see Fig. 1). This particle injection

strategy, requires the definition of the particle mass and the number of tracked parcels. The mass is known

from the experiment, while the parcel number is calculated in order to ensure each parcel storing only single

particles to represent reality. Moreover, the initial particle velocity of the injected particle needs to be defined. As

mentioned above, part of the air delivered to the rig, was pushed through the particle holder; some initial velocity

of the particle can be expected. To check this, additional simulation was carried out using the DEM approach and

complex particle holder geometry, to check the particle velocity at the outlet from the particle holder. Simulations

showed that the magnitude of particle velocity can reach 3.4 m/s at that location.

To perform simulations, the computational domain was discretized using only hexagonal elements with a

skewness coefficient of less than 0.22 (mean: 4.092·10−2), where the mesh resolution was 107,000 elements.

Such grid was chosen based on the mesh sensitivity analysis already presented in [79]. To solve a set of transport

equations, that is, the mass, momentum and turbulent transport equations, the phase-coupled SIMPLE solver [48]

was used in the calculations. For the momentum equation, a second-order discretisation scheme was selected.

For the continuity equation, the QUICK scheme [80] and for time discretization, the first-order implicit scheme

was used.

To quantitatively compare the set of numerical results, ten mentioned sections downstream of the inlets along

the main channel, where particle velocities were determined, were specified. The investigated locations of the

profiles, in the numerical model, are visualized in figure 10. Furthermore, the dimensions are marked, so that

the exact position of the sections can be determined. For each case considered, the velocity profiles of particles

in motioned locations, averaged over time, are used to investigate the differences between models.

Figure 10: Geometry, with marked boundary conditions and locations of ten sections, where the average particle velocities profiles were

determined and used for model validation

6. DEM and HEL models comparison - initial results

One of the first steps was the comparison of standard HEL and DEM approaches using the particle with mean

size 315 µm. To compare both models, numerical simulations were carried out for three different time steps, i.e.
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∆t = 10−3 s, 10−4 s and 7.14 ·10−5 s. The first time step size is typical to be used in the case of application of the

HEL approach [12], while the last time step size is the resolution of the frames, recorded during experimental

work [41]. The purpose of these simulations was to check the impact of the time step on collision detection by

both models. Furthermore, using the HEL model, two configurations were investigated. First, where the number

of particles in the parcel was equal to the unit corresponding to the particle mass equal to 0.000196 kg (12,000

particles) and second, where the mass of injected particles was increased to 0.0018 kg. In the second case, the

number of particles in the parcel increased to 8, simultaneously affecting the solid volume fraction. To model the

collision by application of the HEL approach, using the KTGF set of closure terms that need to be modeled. The

list of used submodels is presented in Table 1.

Table 1: Closure models and parameters used in the simulations, where model names are given as they appear in ANSYS®Fluent CFD code

Solid pressure, ps lun-et-al [60]

Radial distribution, g0,ss lun-et-al [81]

Granular viscosity, µs gidaspow [20]

Granular bulk viscosity, λs lun-et-al [60]

Frictional viscosity, µfric schaeffer [82]

Frictional pressure, pfric based-ktgf [61]

Granular temperature, Θ algebraic [61]

Drag model, Ksg gidaspow [20]

Restitution coeff. in solid phase, ess 0.9

Friction packing limit, ǫfric
s

0.61

Packing limit, ǫpk
s

0.63

Transition factor of HEL 1.0

Particle–wall reflection coeff. enor.=0.8; etan.=0.8

The main difference, between the DEM and HEL approaches, is the way in which collisions between particles

are taken into account. Figure 11 (top), shows the distribution of particles obtained after 0.03 s of numerical

simulation, while figure 11 (bottom) shows the contours of the solid volume fraction. The DEM shows a qualita-

tively better collision effect of two colliding particle streams, contrary to the HEL approach. In the latter approach,

collisions are detected based on the solid volume fraction in the computational cell and based on the calculated

value of the granular temperature [83]. Even with increasing solid volume fraction, it can seem that the collision

rate in the HEL approach was not improved. The decreasing time step used for the numerical simulation, which

should naturally affect the number of possible collisions detected by the HEL approach, was not observed. The

interactions of particles from opposite streams are negligible when using the HEL approach, as can be observed in

figure 11. The particles streams interpenetrate each other, as indicated by the lack of change in the trajectory of

the moving particles. From the application perspective, the determination of the direction of particle movement

after collision, their trajectories, simulation time, and accuracy are very important in the case of reproducing

reality by a numerical model.
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Figure 11: Qualitative comparison of the hybrid Euler-Lagrange (HEL) and discrete element model (DEM), applied to the modeling of two

streams of colliding particles. The upper part shows the particle distribution (blue colored-right stream, red colored-left stream), and the

lower row illustrates contours of the solid volume fraction (presented in logarithmic scale) after 0.03 seconds of numerical simulation. 1

parcel containing 1 particle (tracked parcel consists of only a single particle), while n particles mean that the number of parcels was kept

constant, while the number of particles in the parcel increased with increasing mass of the injected material.

Figure 12 shows the differences in the calculation times of the wall clock between the models used. It is clear

that the DEM technique is much slower, in contrast to the standard HEL approach. In the model configuration

discussed, only thousands of particles were tracked, which also causes a long execution time. Application of DEM

for industrial scale, despite high computational effort, the wall clock time would stretch into months or years.

As the time step ∆t decreases, the frequency of collision detection increases. It makes the determination of the

collision forces, resulting from each collision, very computationally and time-consuming, as can be clearly noticed

in the comparison of simulation times shown in figure 12. The HEL approach gives the possibility of a significant

reduction in the computation time, but, consequently, a collision effect is attenuated, as shown in figure 11. The

HEL approach is also very sensitive to the numerical resolution of the mesh, which mainly affects the calculated

drag force that acts on the solid clusters [84] and the volume fraction of the solid. The implementation of the

HEL approach, for drag calculation in motion equation, uses the diameter of the parcel instead of the diameter

of the particles, which also affects the sensitivity of the HEL approach.

Taking into account the significant differences in the accuracy in detection particle collision and simulation

time, it is straightforward that the model which will combine the advantages of both mentioned computational

techniques is highly demanded especially for industrial, large-scale applications where the balance between ac-

curacy and computational cost needs to be preserved.

The new collision model developed in this work will be implemented into the solution procedure of the
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standard HEL model to replace the KTGF collision model, which combines the accuracy of the DEM in prediction

of the mutual particle interactions, while at the same time the computation wall-clock time is of two-three orders

faster in contrary to the standard DEM approach.

Figure 12: Comparison of HEL and DEM simulation time

7. Testing functionality of HELSCM technique

Before applying the collision model developed for exact CFD simulations, a simple set of tests was carried

out. Performed tests consist only of the two groups of colliding particles. The physical properties of the particles

corresponded to those used in the experimental work. The main focus was on comparing the behavior of the

particles in a situation where their share of solid volume in the computational cell is small. Figure ?? shows the

results using the following three models: HEL, DEM, and in this work developed the HELSCM approach. For

each of the scenarios, three moments of the collision were investigated, that is, before, at and after. The cases

that were taken for verification represent two streams of three particles moving against each other with an angle

of 20 degrees at a speed of 5 m/s. Particles were introduced into the domain in the first three time steps. The

size of the time step was equal to 10−4 s.

The initial position of the injected particles was determined so that they would definitely collide after the

fifth time step. Thus, the behavior of the particles during this process can be clearly observed. In the case

of the HEL model, the particles overlap at the moment of collision; there is no collision effect in the form of

expected reflection, which results in two streams passing each other. At that moment, a collision between the

red and blue particle streams occurred. It is worth mentioning here that the volume fraction based on which the

granular temperature in KTGF is used is smaller than 0.06, which directly affects the results showing a lack of

collision between tracked particles. In the case of usage of the DEM model, the particles immediately bounce

off and change their direction of motion to the opposite, while the collision was detected which can be seen

looking at the blue and read particles. Using the HELSCM (surrogate collision model), the particles as in the

HEL approach overlap at a given time step. However, when collisions are detected, when the distances of the

particle centers from each other are smaller than the sum of their radii as shown in figure 9, the surrogate model

is called. The model returns the corresponding components of the velocity vectors. Thus, particles with this

collision configuration change their trajectory to the opposite, similarly as in the DEM technique.
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Figure 13: Testing proposed HELSCM technique for modeling granular flow by its comparison to the standard HEL approach and the DEM,

in small scale to capture of models features where each model functionality is presented based on particle stream behavior before, at and

after collision

8. Lab-scale application of HELSCM collision model

The purpose of this part is to compare qualitatively and quantitatively the results obtained by applying the

HELSCM technique with the experimental data and results obtained from the DEM model. For modeling the

mutual interaction of two colliding particle streams, the computational geometry shown in figure 10 was used.

The set of simulations was carried out for three simulation time steps, i.e. ∆t = 10−3 s, 10−4 s and 7.14 · 10−5 s.

Numerical simulations were performed for two mean particles seizes, i.e. 315 µm and 475 µm. The particles

were placed in the computational domain using a volume injection strategy (see Fig. 10 with marked injection

volumes). The particle mass was equal to 0.000196 kg and the number of particles was equal to 12,000 particles

and 3600 for 315 µm and 475 µm, respectively. For both investigated particle sizes, the overall particle mass was

evenly distributed between two particle holders. The number of particles injected for case 475 µm was reduced to

not overtake the limited injection volume. In this way, the number of particles in the parcel for both investigated

cases was kept unit. According to that, the initial solid volume fraction was kept the same for both investigated

cases.

To discuss the HELSCM approach, more attention was paid to the results obtained using particles with a mean

diameter equal to 315 µm. The first step of the model testing was to check how the division of the boxes used for

calculation velocity profiles affects them. Three-box resolution was tested, that is, 20, 88, and 126 of subboxes as

can be seen in [41]. Figures 14, 15, and 16 illustrate the comparison of the calculated time-average solid velocity

profiles using the HLESCM and DEM approaches, compared to the experimental data. By increasing the box

resolution, a better representation of the particle velocity was achieved, mainly in three front locations where

the particle death zone occurs, in the vicinity of the particle injection channels. This is caused by decreasing

the number of particles in subsequent sub-boxes that are used for averaging. However, for 88 and 126 of the

subboxes no significant differences between evaluated solid velocity profiles were observed.
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Figure 14: Quantitative comparison of the DEM and HELSCM model based on calculated particle velocity profiles, at ten location downstream

of the computational domain (see Fig. 10), obtained for different time steps for particle size 315 µm after 0.02 seconds of numerical simulation

and using 20 boxes for profiles reconstruction
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Figure 15: Quantitative comparison of the DEM and HELSCM model based on calculated particle velocity profiles, at ten location downstream

of the computational domain (see Fig. 10), obtained for different time steps for particle size 315 µm after 0.02 seconds of numerical simulation

and using 88 boxes for profiles reconstruction
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Figure 16: Quantitative comparison of the DEM and HELSCM model based on calculated particle velocity profiles, at ten locations downstream

of the computational domain (see Fig. 10), obtained for different time steps for particle size 315 µm after 0.02 seconds of numerical simulation

and using 126 boxes for profile reconstruction

It can be seen that with the decrease of the simulation time step, larger differences in numerical results con-

trary to the experimental data can be noticed. The largest discrepancies can be observed for subboxes resolution

20 and at velocity profiles calculated at three rear locations for time steps 10−4 s and 7.14 ·10−5 s. With decreas-

ing the time step for the HELSCM approach, the particle collision rate increases, which consequently affects the

distribution of the particles as illustrated in figure 17 (upper rows). The particle dispersion effect can also be

observed in Figure 17 (lower rows), which illustrates the distribution of the solid volume fraction in logarithmic

scale obtained after 0.02 seconds of wall clock simulation time. The currently used implementation of the surro-

gate collision model (SCM) in the HEL approach did not take into account the particle contact time. The small

time step causes multiple detections of the same colliding particle. This provides a perturbation to the predicted

particle velocity and, in consequence, their trajectories due to the number of calls of the collision model. In
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summary, multiple detection affects the dispersion of the particles in the computational domain as depicted in

figure 17 (upper rows).

Figure 17: Qualitative comparison of the DEM and HELSCM models based the particle dispersion (upper row) and contours of the solid phase

distribution on logarithmic scale (lower row), calculated for different time steps carried out for particle size 315 µm after 0.02 seconds of

numerical simulation

To improve the implementation of HELSCM, the particle collision rate between the same particles must be

tracked. However, this will lead to an extension of the execution time. In the tests carried out, the balance

between execution time and accuracy was sought. To decrease the simulation time, some simplifications were

necessary to be introduced into the model. Using an additional procedure can lead to extension execution time,

where it can be close to DEM.

The smallest discrepancies between the experimental and numerical results can be seen for simulations, run-

ning with a time step equal to 10−3 s. It can be observed for the results obtained using both numerical models

within the ten locations. Figure 16 shows that the DEM approach returns higher velocities in the center of the

computational domain. By application of the DEM approach, the effect of particle dispersion is attenuated and the

particles after collision are mostly concentrated in the center of computational domain, which can be noticed also

in figure 17 (lower row). The qualitative comparison of the particle distributions obtained from the experiment

and the numerical simulation carried out using the DEM and HELSCM approach is shown in figure 18. It can

be seen that for simulation run for the smallest time step using both numerical approaches, the experimentally

determined particle distribution is between the DEM and HELSCM results.

The most comparable results, qualitatively and quantitatively, were achieved using the HELSCM approach

and using the longest time step (0.001 seconds). Figure 17 also shows the numerical results obtained using the

standard hybrid Euler-Lagrnage approach. It can be easily seen that, in given volume fractions of solid material in

the computational domain, the KTGF model is unable to track the mutual interactions between the particles. For

the three investigated time steps, both particle streams pass each other without interactions. Figures 17 illustrate

22



that qualitatively the particle distribution obtained from the HEL simulation looks very similar to the experimental

one, as can be seen in figure 18. Nevertheless, there were no collisions between two colliding particle streams

regardless of the simulation time step taken.

Based on the study carried out, it can be concluded that the objective of this work was achieved. The intention

of introducing a new collision model, developed based on the machine learning technique, was to increase the

accuracy of the standard HEL model in collision detection, while not increasing the simulation time. Figure 22

shows that the simulation time applying the HELSCM is comparable to the standard HEL model for three investi-

gated time steps. Relatively large time step, as that typically used in modeling multiphase flows of 10−3 seconds,

the collision effect is easily observed by application of the HELSCM, which cannot be observed in standard HEL

approach.

Figure 18: Comparison of numerical results with experimental data based on particle dispersion in the computational domain determined

after 0.03 seconds of wall clock time of numerical simulations using DEM and developed HELSCM approaches for particle size 315 µm and

marked locations used for the determination of particle velocity profiles.

For particle mean diameter 475 µm the quantitative model comparison was carried out only using the highest

resolution of the velocity profile, that is, using 126 sub-boxes and three earlier mentioned simulation time steps.

Figure 19 shows the calculated velocity profiles for three investigated time steps compared to the experimental

data. The largest discrepancies between the experimental and numerical results can be seen in the rear locations

of the ten investigated positions. The most comparable results can be indicated for simulation time steps equal

to 0.001 s, as was also observed for a particle mean size equal to 315 µm. The largest discrepancies can be

observed for the calculated profiles for the three posterior locations. Nevertheless, it can be seen that particle

velocity profiles at the last two locations evidently decrease in contrast to the eight remaining locations. Due

to the shifting of the two streams, the collision region is closer to the inlets, which is an opposite situation in

comparison to the smaller particle diameter. As a consequence, colliding particles cause an intensive dispersion

of particles at locations placed downstream from inlets, which can be seen in figure 21. By frame-by-frame

analysis of the experimental data, it was observed that part of the colliding particles change trajectories and

move upstream or perpendicularly to the flow direction. For both cases considered in this paper, the calculated

Stokes number (St= tF/tRT ) for a given flow condition was greater than the unit. The characteristic time of the

flow field (tF ) was calculated taking into account the relationship between the area of the channel cross section

and its perimeter and the mean velocity of air in the considered channel. The diameter of the particle affects

the response time (tRT ), which for the mean particle diameter 475 µm (tRT = 0.25 s) was almost twice as high

compared to the response time calculated for particle mean diameter 315 µm (tRT = 0.13 s). Here, the particle

response time was calculated by solving the simplified equation of motion (4) for a single particle (the terms

∇/ρp and Fcoll are neglected). Due to the large values of the Stokes number (St) in the case of sudden change

of the particle direction, it takes a while before the particle velocity stabilizes. The algorithm used to identify

particle velocity profiles [41] tracks only particles that move in the downstream direction along the flow and

consequently affect the determined velocity profiles.

23



Figure 19: Quantitative comparison of the DEM and HELSCM model, based on calculated time average particle velocity profiles, at ten

locations downstream of the computational domain (see Fig. 10), obtained for different time steps for particle size 475 µm after 0.02 seconds

of numerical simulation

Figure 20 illustrates the particle distribution and contours of the solid volume fraction calculated after 0.02

seconds of simulation. In the case of the DEM application, the particles were mostly tracked in the center of

the computational domain and observed for three investigated time steps. However, as illustrated in figure 21

where the DEM results were compared with the experimental data, the DEM results show a smaller dispersion

of particles. An opposite effect in the collision region can be observed for numerical results obtained by the

application standard HEL model for investigated particle diameters. Figures 20 show that in the investigated

configuration of the numerical model and the solid volume fraction used the collision effect cannot be observed

for both particle diameters. The HEL approach is not sensitive to particle diameter.
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Figure 20: Qualitative comparison of the DEM and HELSCM models based on particle dispersion (upper row) and contours of the solid phase

distribution on logarithmic scale (lower row), calculated for different time steps carried out for particle size 475 µm after 0.02 seconds of

numerical simulation

Figure 21: Qualitative comparison of numerical results against experimental data based on particle dispersion in the computational domain

determined after 0.02 seconds of wall clock time of numerical simulations using DEM and developed HELSCM approaches for particle size

475 µm
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Figure 22 shows the comparison of execution times for three, here investigated time steps (∆t = 10−3 s,

10−4 s and 7.14 · 10−5 s), three models used (DEM, HEL and HELSCM) and two particle sizes (315 µm and

475 µm). It can be clearly seen that the application of new collision model gives a possibility to considerably

reduce computational time, in contrary to the standard DEM approach. Using the HELSCM model, the simulation

time is comparable to the standard HEL approach, which confirms that the goal of this work was reached, also

taking into account the qualitative and quantitative comparison. An additional conclusion can be formulated by

comparing the simulation time for two particle diameters used. The number of tracked particles for two particle

sizes differ, so the simulation time for used larger particles was shorter because the number of detected collisions

in subsequent time steps is smaller. This affects the simulation time, because the predictive model was not called

so many times as for case with smaller particle size where the number of particles was almost 3.5 larger. This can

be seen in figure 23, which shows the collision rate for three investigated time steps, and two particle diameters

considered in this work.

Figure 22: Comparison of DEM and HELSCM execution times, carried out using a single process at the same work station

Figure 23: Comparison of collision rates calculated for three investigated time steps of numerical simulations and two used particle diameters
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9. Summary

The presented work focused on development of new collision model that can be used as an alternative to

standard collision models developed within the framework of the Kinetic Theory of Granular Flow (KTGF). Main

attention was paid to improved functionality of the standard hybrid Eulerian-Lagrangian (HEL) approach, which

is frequently used for modeling dense granular flow on laboratory and industrial scales. The main advantage

of the HEL technique is the cost of numerical simulation, which is considerably lower, even by a few orders

of magnitude, contrary to the Discrete Element Method (DEM). The main difference, between motioned here

techniques, lies in the way in which the collisions are detected. Using the HEL approach, the collision forces acting

on the particles are determined on the basis of the volume fraction of the solid material in the computational cell,

according to the mentioned KTGF theory. It is straightforward that the accuracy of the HEL approach is directly

related to the resolution of the mesh. Furthermore, the distribution of the solid volume fraction also affects the

closure of the KTGF approach models that has an impact on the solution. In the case of modeling dilute systems,

the collision effect can be difficult to observe in the case of application of the HEL approach.

Knowing the basic limitations of both mentioned approaches, which can be used for modeling dense granular

flows, it is straightforward that there is a real need of development of the model that can combine aforementioned

advantages of each model. This work provides an answer to the formulated question, i.e. how the accurate DEM

collision model can be combined with the simple HEL technique to increase its accuracy, in collision detection,

and in the same time not increase the cost of numerical simulation.

To achieve this goal, the novel collision model, i.e. the hybrid Eulerian-Lagrangian Surrogate Collision Model

(HELSCM), was proposed in terms of the application of the machine learning (ML) technique. In the discussed

procedure, the XGBoost, decision trees, and gradient boosting technique was used to determine the relationships

between input data (features) and output data (target). For validation of the functionality of the developed

HELSCM approach, the numerical results obtained for two particle diameters 315 µm and 475 µm and three

investigated simulation time steps ∆t = 10−3 s, 10−4 s and 7.14 · 10−5 s were compared against the experi-

mental data. It was done quantitatively by comparison of the solid velocity profiles obtained from carried out

experimental work, taking into account the source of error that comes from carried out experiments.

The experiment study and subsequent analysis allowed us to draw conclusions from the developed method-

ology, which are highlighted below. On the basis of the tests carried out, it was clearly seen that the application

of the HELSCM model gives the possibility to considerably reduce computational time, contrary to the standard

DEM approach. Using the HELSCM model, the simulation time was comparable to the standard HEL approach.

The advantages of the introduced here methodology for modeling collisions are the possibility of performing

multiphase simulation with a time step of order ∆t = 10−3 s with an accuracy of the DEM. In case of the usage

of standard DEM, the simulation time step is a function of the flow conditions, particle size, and can be even

smaller than ∆t = 10−5 s. In such a case, the simulation time can be considerably higher than that achieved by

applying the developed HELSCM model, which was also demonstrated in this study. The carried out work shows

also that with decreasing of the simulation time step for HELSCM, the larger differences in numerical results

were noticed. With decreasing the time step, the particle collision rate increased, which in consequence affected

the distribution of the particles within the computational domain. The used implementation of the HELSCM did

not take into account the particle contact time. This means that in case of small time step a multiple collision

between particles can be observed which introduced additional error to the final velocity components. The most

comparable results, both qualitatively and quantitatively were reached using HELSCM approach using largest

time step (∆t = 10−3 ).

To summarize the work presented, it can be concluded that the formulated requirements for the novel collision

model were finally reached. By application of HELSCM, results comparable to the experimental and DEM data

were achieved for a large time step. It can be said that the HELSCM technique has accuracy of the DEM, while

the execution time was considerably reduced. As each model has some drawbacks, also HELSCM is not perfect

for all application and still intensive research is required. As an example, the detection of the collision, here the

distance between particles, was used. In case of application for larger systems, it need to be changed to particle

detection in computational cell. Undoubtedly, such an approach will be sensitive to the mesh resolution, while

it is worth to check, because it is expected that simulation time will decrees. Furthermore, the functionality of

developed in this paper strategy should be investigated in case of its application for modeling small lab scale
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circulating fluidized bed (CFB) installation. Here, only monodisperse systems were investigated. Nevertheless,

in future research it is required to take into account the polydisperse system, where different configurations of

particle distribution will be investigated. Initially, the mixture of two particle diameters that were investigated in

this work can be used.
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