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ARTICLE INFO ABSTRACT
Keywords: The detection and resolution of contacts among irregular-shaped particles pose significant
Discrete element method challenges in the discrete element method (DEM) and recent advancements have introduced

Machine learning
Irregular-shaped particle
Contact detection and resolution

a machine learning-enabled approach specifically tailored for contact detection and resolution
in two dimensions. Building upon this progress, this paper extends the application of machine
learning-enabled DEM to encompass the more complex and realistic three-dimensional (3D)
scenario. Particles are modeled using a polyhedral representation with arbitrary shapes, and
contact behavior is governed by an energy-conserving contact model based on contact volumes.
The efficacy of the machine learning-enabled 3D DEM is evaluated through comparative
analyses of computational time and simulation results across individual contact as well as whole
DEM simulations against those obtained from the conventional DEM. The findings indicate
that the machine learning-enabled approach adeptly identifies and resolves contacts among
3D irregular-shaped particles while accurately reproducing the mechanical characteristics of
densely contacting particle assemblies. The computational issues and challenges associated
with the machine learning-enabled DEM are also discussed. The study highlights that the
machine learning-enabled approach significantly enhances computational efficiency, showcasing
its potential to advance complex DEM simulations in a more efficient manner.

1. Introduction

The discrete element method (DEM) [1] is a widely used discontinuous method that has proven an effective tool for modeling
granular materials. In recent years, an increasing number of researchers have applied DEM to model irregular-shaped particles and
investigate the impact of particle shape on the mechanical and flow behavior of particulate systems [2-7]. Significant efforts have
been devoted to the development of DEM algorithms tailored specifically for irregular-shaped particles, including advancements in
particle models [8-11] and the corresponding contact algorithms [12-15]. These advancements in irregular-shaped particle modeling
have greatly enhanced the fidelity of modeling particulate systems.
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Contact detection and resolution are the core components of DEM and constitute the most time-consuming steps in DEM
calculation [16]. The conventional DEM usually utilizes geometry-based methods for contact detection and resolution, which
come with significant computational costs. Prevalent contact algorithms for irregular-shaped particles includes clump-based
approach [17,18], Gilbert-Johnson-Keerthi approach [13,19], node-to-surface approach [20,21], mesh Boolean approach [22],
polygon-based contact approach [23], etc. Contact algorithms essentially determine the contact status and geometric characteristics
of particles based on known particle geometry and positions. For irregular-shaped particles, the definition of their contact geometric
features is inconsistent and ad-hoc in previous studies. For instance, the contact normal orientation has been defined in various
forms, such as the spatial derivatives of the level set function [9], the mean of the surface normal orientations [24], and the
vertical direction of the line at the intersection of two contact particles [14]. This inconsistency may lead to a decoupling of
different contact geometric features, potentially resulting in numerical instability. In light of this, Feng [22,25,26,27] developed
a contact theory applicable to arbitrary shaped particles and proposed the contact volume-based contact model. This contact model
strictly derives and defines the contact geometric features based on energy conservation. The core challenge of contact volume-based
model lies in computing these geometric features, with a common strategy involving the utilization of polyhedral particle models to
represent irregular shapes and their resolution through the mesh Boolean approach. It is worth noting that Feng [25] has proposed
an enhanced strategy for resolving the contact geometry of polygonal particles, which proves to be more efficient than the mesh
Boolean approach. These geometric computations demand substantial computational resources, particularly when faced with a high
quantity of surface vertexes. In this context, machine learning can serve as a surrogate model of the traditional geometry-based
contact algorithms. Machine learning models, primarily relying on linear operations, tend to exhibit high computational efficiency
and wide adaptability.

Inspired by the work of Lai et al. [28], which introduced a machine learning-enabled DEM for addressing contact-related
challenges in 2D, this study extends their approach to three dimensions. The results show that the machine learning-enabled contact
detection and resolution approach can accurately and efficiently detect the contacts and solve the contact geometry features of
particles. It provides a pioneering attempt to apply machine learning to DEM. Nonetheless, there remain certain aspects within the
machine learning-enabled DEM to be further explored. Firstly, the current machine learning-enabled DEM has solely showcased their
proficiency in handling 2D particles, necessitating further investigation into their applicability to 3D particles. Secondly, the existing
study has predominantly focused on particles with simplified shapes, such as elliptical and convex particles, making it worthwhile
to explore their effectiveness in dealing with general irregular-shaped particles, including concave geometries. Contact detection
and resolution of 3D arbitrarily shaped particles is significantly more complex than 2D convex particles. This increased complexity
stems from the presence of additional contact geometric features and the inclusion of multiple contact points. Consequently, it is
essential to conduct further investigation on the definition of input-output parameters and generation of datasets.

It is worth noting that a recent study [29] has developed a machine learning-based particle-particle collision model for irregular-
shaped particles. One limitation of this study is that it solely focuses on the particle-particle scale and lacks a comprehensively
validated DEM model. Similar to the methodology developed in this work as well as the earlier original work by Lai et al. [28],
the machine learning approach takes particle relative positions as inputs and outputs the contact flag and properties. Although
the concept of machine learning for contact detection and properties is straightforward, there are some challenges regarding its
integration into DEM simulation and addressing its computational accuracy, efficiency and stability. Special considerations need
to be taken for the selection of data inputs and outputs, preparing the training samples, regularizing the data inputs and outputs
from a DEM simulation, etc. In a comprehensive DEM simulation, it is imperative to evaluate the prediction accuracy of contact
geometry characteristics, the predictive capabilities of the macro- and micro-mechanical properties of the particle assembly, and the
computational efficiency to thoroughly ascertain the efficacy of machine learning algorithms. Addressing the insufficient discourse
in the literature [29], this work delves into and substantiates these crucial aspects.

In this work, we focus on extending the previous machine learning-enabled DEM into 3D general irregular-shaped particles.
The performance of the proposed method is demonstrated in terms of the contact between two particles as well as the particle
medium in dense contacts. Furthermore, we adopt the energy-conserving contact theory to resolve the contact behavior of general
irregular-shaped particles, which is beneficial to numerical stability. The rest of the paper is organized as follows. Section 2 shows
the methodologies of integrating machine learning for contact detection and resolution. Section 3 presents the design, training,
and evaluation of machine learning models. Section 4 shows three numerical examples to demonstrate the performance of the 3D
machine learning-enabled DEM. Section 5 presents some further discussions and Section 6 summarizes the concluding remarks.

2. Methodologies

There are several algorithms for dealing with generally irregular-shaped particles in DEM, including the contact volume-based
approach [22,24], the signed distance field-based approach [30], and their variants [31], etc. In this work, the contact volume-based
approach is adopted as the reference and to create the database for training the machine learning models. The ingredients of particle
representation, contact detection and resolution, integration of machine learning and numerical implementation are presented in
the following.

2.1. Particle representation

In the contact volume-based approach, particles are represented by polyhedron. Specifically, a triangular mesh is employed to
represent the surface of each particle. For particle surface meshes initially obtained from X-ray computed tomography [32], they
may contain large amount of surface vertexes and be of low quality. In this work, we reconstructed the particle surface meshes with
a sampling scheme proposed by Lai et al. [30], which utilizes a weighted spherical centroidal Voronoi tessellation. This approach
allows the generation or reconstruction of a uniform triangular mesh, as illustrated in Fig. 1(a).
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Fig. 1. Illustration of the polyhedral particle model and the contact volume-based approach for contact detection and resolution. (For interpretation of the
references to color in this figure legend, the reader is referred to the web version of this article.)

2.2. Contact detection and resolution

Contact detection and resolution are the key components of DEM. In the contact volume-based approach, a contact is identified
as two particles have an overlap in their volume, and the contact behavior is defined as the negative gradient of contact potential.
Typically, as proposed in Feng [22], the contact potential is defined as a function of the contact volume. The detailed formulation
of the contact forces are presented in Appendix. Accordingly, in this work the mesh Boolean approach is used to test whether two
particles are in contact and then to obtain the contact geometries, namely the overlap volumes [33]. As shown in Fig. 1 (b), contact
detection is achieved by performing the mesh intersection operation on the triangular mesh of two particles. The basic operation is to
find the intersection line segment between two given triangles from each particle surface. If the intersection line exits, two particles
are in contact, and vice versa. Following the mesh intersection operation, we obtain closed line segments of intersection, which
are used to reconstruct the triangular mesh of the contact region (see the red polyhedron in Fig. 1(c)). In this way, the contact
geometry features, involved contact volume, contact area, contact normal direction, and contact point can be resolved from the
triangular mesh of the contact region. Fig. 1(b) and (c) illustrate the contact detection and resolution procedure for particle—particle
contacts. The handling of particle-boundary contacts follows a similar procedure. In this case, the plane boundary is converted into
the triangular mesh for the contact detection and resolution.

2.3. Integration of machine learning

The machine learning-enabled DEM follows the same calculation steps as the conventional DEM, i.e., the detection and resolution
of contacts, the evaluation of contact behavior, the calculation of particle motion, and the updating of particle geometric descriptions,
as shown in Fig. 2. It uses the machine learning method to replace traditional geometry-based methods for contact detection and
resolution. The contact detection and resolution problem is of two stages. The first stage (contact detection) is to detect whether
two particles are in contact, and the second stage (contact resolution) is to resolve the contact geometry features. These two stages
correspond exactly to the classification and regression problems in machine learning, respectively.

In this work, two types of artificial neural networks (ANNs) are adopted for contact detection and resolution. Fig. 3 shows the
inputs and outputs of ANNs. Specifically, the geometry descriptors of particle and boundary are taken as their inputs. Generally,
there are two types of geometric descriptors for particles: shape descriptors and position descriptors. The shape descriptors will not
be considered in this work. As will be discussed in Section 5, there are extremely large number of shape descriptor variables for the
3D general irregular-shaped particles, making it difficult to be precisely quantified and used as the suitable inputs. Including shape
descriptors into the inputs would require deeper ANNs to achieve high-accuracy contact detection and resolution results, which
thus could impact the computational efficiency of the machine-learning-DEM. As such, in the present work we will use one set of
ANN for each shape. For a selected irregular-shaped particle, the position descriptors are the coordinates of the particle centroid
and the rotation of the particle with respect to its initial alignment. For two particles (namely object particle and cue particle) in
potential contact, we translate and rotate the coordinate system to make the centroid of the object particle located at the origin and
the principal axes align with the coordinate axes. Then, the coordinate system is scaled to ensure that the object particle have a unit
size. For the particle-boundary contacts, the inputs of ANNs are the normal direction of boundary and its distance to the centroid
of object particle.

The outputs of the classification and the regression networks are the contact flag and contact geometric features, respectively.
A true contact flag means the two particles are in-contact while a false one indicates no contact. The contact geometric features
are related to the contact model used. In this work, we use the contact volume-based model. The key contact geometric features of
this contact model are contact volume, contact area, contact normal direction and contact position. These geometric features are
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Fig. 3. Illustration of machine learning approach for contact detection and resolution: (a) classification network for contact detection, and (b) regression network
for contact resolution. The object particle is colored in green, with its centroid located at the origin and its principal axes aligned with the coordinate axes. The
cue particle is colored in blue, and its position is described using the coordinates of the particle centroid and rotation. (For interpretation of the references to
color in this figure legend, the reader is referred to the web version of this article.)

the outputs of the regression networks. There are also some other contact geometry features, such as branch vectors and tangential
direction. These features can be deduced from the known key features above and thus are not included into the outputs.

2.4. Numerical implementation

Fig. 4 illustrates the implementation of machine learning-based contact detection and resolution approach in DEM. The
algorithms are implemented on the top of a general-purpose in-house DEM code, NetDEM, developed and maintained by the third
author (Lai). The name of NetDEM derives from the integration of machine learning capabilities within our in-house DEM code.
NetDEM offers a variety of contact detection and resolution approaches, including machine learning-enabled, geometry-based [22],
Gilbert-Johnson-Keerthi [34], and signed distance field [30]. Both NetDEM (machine learning-enabled DEM) and GeoDEM (the
conventional geometric algorithm-based DEM) used in Section 4 of this work are implemented in our in-house code, sharing
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Fig. 5. Architecture of (a) the classification network for contact detection, and (b) the regression network for contact resolution.

identical architectures. The primary divergence lies in the contact detection and resolution approach: GeoDEM employs the mesh
Boolean approach, while NetDEM incorporates the machine learning-enabled contact algorithm introduced in this work. The code
implements the shared memory parallelism with OpenMP (Open Multi-Processing) and the distributed memory parallelism with
MPI (Message Passage Interface). For the simulations in this work, only the OpenMP parallelism is used. The calculations, including
contact detection and resolution, contact force evaluation and particle position, run in parallel in each DEM cycle. For the machine
learning part, an open-source machine learning library, mipack, is adopted to implement the classification and regression networks.
mlipack is a general-purpose machine learning library that aims to provide fast, lightweight implementations of machine learning
algorithms [35]. As shown in Fig. 5, the architectures of the classification and regression networks are similar. The ANNs are
composed of an input layer, several hidden layers and an output layer. The activation function of the last hidden layer in the
classification network differs from that in regression networks. The LogSoftmax activation function is often used in multi-class
classification tasks, and the goal is to assign an input to one of several possible classes. The Linear activation function is often used
in regression tasks, and the goal is to predict continuous outputs. On this basis, LogSoftmax and Linear activation functions are used
in classification and regression networks, respectively.

2.5. Preparation of training data

Once the architectures of ANNs are determined, the datasets need to be prepared for model training. Because training data
directly affects the performance of machine learning models, we introduce the following procedures to generate reliable datasets
for the particle-particle and the particle-boundary contacts. The procedures of dataset generation for the particle—particle contacts
is illustrated in Fig. 6. The detailed steps are as follows.

(1) Insert the object particle into the contact scene. The centroid of the object particle is located at the origin and the principal
axes align with the coordinate axes. The object particle are scaled to be unit size. This work uses the polyhedral particle
model for shape characterization.
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Fig. 6. Illustration of the procedure of preparing training and testing data for particle-particle contacts: (a) the minimum distance case, and (b) the maximum
distance case. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

(2) Generate the centroid coordinates of the cue particle. In DEM, the contact detection is usually implemented with two phases,
namely, a broad phase and a narrow phase. The broad phase is used to quickly identify and filter out pairs of elements
that are not in contact based on fast algorithms such as bounding sphere algorithm, whereas the narrow phase performs the
more expensive and exact contact detection calculations. It should be noted that the machine learning-enabled approach is
implemented in narrow phase. Therefore, the centroid coordinates of the cue particle are generated such that the two particles
fall into the range of narrow-phase contact detection, and the centroid positions of the cue particle are spatially uniformly
distributed.

In the implementation, the centroid coordinates of the cue particle is obtained with a sub-routine described as following.

(a)

(b)

()

The centroid coordinates o, (see Fig. 6) of the cue particle can be determined using the vector o,0;. This vector can
be decomposed into two components: the distance between the centroid coordinates of the cue particle and the object
particle, denoted as r = |0,0,|, and the unit direction vector n = 0,0, /|0,0,|. Figs. 6(a) and 6(b) illustrate the scenarios
for the minimum distance r/°*" and the maximum distance r“”?*" between object particle and cue particle, respectively.
The minimum distance r/°“®" occurs when the inner spheres of the two particles are tangent to each other. The
inner sphere, represented by the red sphere in Fig. 6(a), has a radius equal to 90% of the distance from the nearest
surface point to the centroid of the object particle. The maximum distance r#’?*" occurs when the bounding spheres
of the two particles are tangent to each other. For irregularly shaped particles, the radius of the bounding sphere
is the distance from the centroid to the point that is farthest from the centroid on the particle surface. The distance
between the object particle and the cue particle lies within the range from r/°“¢" to r“PP¢. To achieve uniform sampling
of the centroid distance, we generate a uniformly distributed random number « in the range [0, 1], and calculate
r= rlower 4 u(rupper _ rlower)'

The direction vectors n are generated through uniform sampling in space. For instance, we can employ the spherical
centroidal Voronoi-based approach to sample points on a unit-size sphere, resulting in a set of surface points that are
uniformly distributed. The vectors pointing from the center of the sphere to these surface points serve as direction
vectors with a uniform spatial distribution.

(3) Determine the rotation of the cue particle. Commonly used metrics for representing 3D rotation include quaternion, Euler
angles and rotation matrix. Rotation calculations using quaternions are more efficient than rotation matrix and do not suffer
from the problem of gimbal locking in Euler angles [36,37]. Thus, we use the quaternions for particle rotation in this work.
In this way, the random quaternions with uniform distributions are generated as inputs.

(4) Repeat steps 2 and 3 until the required number of input data samples are generated. Then, take the inputs into the
geometry-based contact algorithm to obtain the outputs. Lastly, the inputs and outputs together comprise the complete
datasets.

The procedures of datasets generation for the particle-boundary contacts are illustrated in Fig. 7. The position of the boundary
is determined by the distance from the boundary to the particle centroid d, and the unit normal direction vector of the boundary
plane n. The minimum distance d/°**" and the maximum distance d“?"*" between the particle and boundary correspond to the case
where the boundary is tangent to the inner sphere and the bounding sphere, respectively. The unit normal direction vector of the
boundary plane n can be characterized by a series of spatially uniformly distributed direction vectors from the origin. Subsequently,
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Fig. 7. Illustration of the procedure of preparing training and testing data for particle-boundary contacts: (a) the minimum distance case, and (b) the maximum
distance case.

Table 1

Parameter settings of the ANN models.
Parameter Hidden layers Nodes Epochs Batch size
Classification nets for particle-particle contacts 5 32 100 128
Regression nets for particle-particle contacts 5 128 100 128
Classification nets for particle-boundary contacts 5 32 100 128
Regression nets for particle-boundary contacts 5 64 100 128

d and n are imported into the geometry-based contact algorithm to solve the contact flags and contact geometry features, which
form the datasets.

3. Example contact detection and resolution

To validate the effectiveness of machine learning-based contact detection and resolution algorithm, the results of model training
and evaluation are presented. Additionally, we investigate the effects of training parameters, ANN structure and particle shape on
the performance of ANN models.

3.1. Model training and evaluation

Based on the procedure described in Section 2, we generate 500,000 samples of particle-boundary contacts and 1,000,000 samples
of particle-particle contacts. Then, we split the samples into a training and a testing sets, in which 10% of the data is held out for
testing. In the machine learning-enabled DEM, a total of four networks need to be developed, i.e., two classification networks for
particle—particle and particle-boundary contact detection, and two regression networks for particle-particle and particle-boundary
contact resolution. Table 1 presents the training parameters of the ANN models, which is selected on the basis of trial calculations
and prior experience.

The performance of classification networks is evaluated based on the accuracy of the predictions, which is defined as the
percentage of the correctly predicted contact flags. For the particle-boundary contacts, the accuracies of the trained classification
networks are 99.62% and 99.48% for the training and testing datasets, respectively. For the particle-particle contacts, the accuracies
are 96.57% for the training dataset and 96.29% for the testing dataset. The accuracy of the particle—particle contacts is slightly lower
than that of particle-boundary contacts, due to the higher complexity. The results show that the classification networks perform very
well and can effectively detect particle-particle contacts and particle-boundary contacts.

Next, we investigate the performance of regression networks. In this work, we use the mean absolute errors (MAEs) to evaluate
their performance. Fig. 8 presents the predicted values and the ground truths of contact geometry features for the particle-boundary
contacts. The predicted values of the contact geometry features match well with the ground truths, and the data points distributed
closely around the 1:1 line. The MAEs in the predicted contact volume and contact area are in the order of 10~ and 1074,
respectively, which are smaller than those of the predicted contact points. Overall, the MAEs for all contact geometry features
are in the order of 1073. It is noted that only the results of the test datasets are plotted in Fig. 8, and the results of the training
datasets are basically consistent with the test datasets and thus are not exhaustively presented.

Fig. 9 shows the predicted values and ground truths of contact geometric features for particle—particle contacts. The MAEs of
contact volume, contact area and contact point for particle-particle contacts are an order of magnitude larger than those for the
particle-boundary contacts. The data points in Fig. 9 are more scattered comparing with those in Fig. 8. This means that the ANNs
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Fig. 8. Performance of the regression network for contact resolution of the particle-boundary contacts: (a) contact volume, (b) contact area, (¢) x of contact
point, (d) y of contact point, and (e) z of contact point.

perform better in the particle-boundary contacts than in the particle-particle contacts. The reason for this phenomenon is that the
resolution of contact between two irregular-shaped particles is much more complex than that between a particle and a boundary.
Even so, the predicted contact geometry features are still in good agreement with the ground truths for particle-particle contacts.

3.2. Effect of training parameter

The selection of appropriate training parameters plays a pivotal role in the predictive performance of an ANN model. In this
work, we focus on the effect of two training parameters, namely the batch size and epochs, on the performance of ANN models. The
batch size refers to the number of training examples processed together in one iteration, while the epoch represents one complete
pass through the entire training dataset. In general, larger batch sizes led to improved memory utilization and parallel processing
capabilities, resulting in faster training times. However, excessively large batch sizes could hinder the ability of the network to
escape local optima and find better global optima. The results of the MAEs of each contact geometric feature with different batch
sizes and epochs for particle—particle contacts are plotted in Figs. 10 and 11. According to results of the four evaluated cases of batch
sizes, including 32, 64, 128 and 256, the batch size of 128 is a good option as a balance of the model accuracy and computational
cost. On the other hand, the number of epochs, which represents the complete traversal of the training dataset, influenced the
convergence and generalization abilities of the networks. As shown in Fig. 11, the performance of ANN model is better with the
number of epochs being 100, whereas further training epochs may degrade the performance.

3.3. Effect of ANN structure

We further investigate the effect of ANN structure (i.e., the number of hidden layers and nodes in a hidden layer) on the
performance of the ANNs. The results of regression network for particle-particle contacts are presented in Figs. 12 and 13. In
this work, the number of nodes in each hidden layer is set to be the same, and six cases with node numbers of 8, 16, 32, 64, 128,
and, 256 are considered. As shown in Fig. 12, the MAEs decrease as the number of nodes increases. The curve tends to be stable
when the number of nodes reaches 128. Fig. 13 shows the effect of the number of hidden layers on the performance of regression
networks. With the number of hidden layers increases from 3 to 9, MAEs decrease rapidly. However, hidden layers being too large
(e.g., 11) leads to a slight increase in MAEs, which is likely resulted from the increased difficulty in training. The performance of
ANNs is more sensitive to the number of hidden layers than the number of nodes. In general, increasing the number of hidden
layers or nodes allows the network to capture more complex relationships in the data. This increased capacity can lead to improved
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performance of ANNs. However, having too many nodes or hidden layers can also lead to over-fitting or increase computational
complexity, ultimately resulting in a poor performance.

3.4. Effect of particle shape

It should be pointed out that the aforementioned discussions are all based on the same particle shape of a sand, which is shown
in Fig. 6. Therefore, we also investigate the effect of particle shape on the performance of ANN models. Three types of particles with
different morphological characteristics are evaluated and the parameters of their ANN models are the same, as listed in Table 2.
Fig. 14 presents the results of the performance of the ANN models for particle-particle contacts and particle-boundary contacts. As
shown in Fig. 14, the second green particle is the one that has been used in this work. A sphere particle and a bolt particle are added
for comparison. The sphere particle has a completely smooth surface, while bolt particle exhibits sharp edges. The findings indicate
that the performance of the ANN models is best for sphere particle and worst for bolt particle. The main differences arise from the
prediction of particle—particle contacts. For instance, the MAE of the sphere particle an order of magnitude smaller than that of the
bolt particle for particle-particle contacts. This means that complex shapes may require a deeper ANN models for accurate contact
prediction.
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Fig. 10. Effect of batch size on the performance of regression networks: (a) contact volume, (b) contact area, (c) contact point and (d) contact normal.

4. Example DEM simulations

The 3D machine learning-enabled DEM is further validated by three numerical examples in typical quasi-static and dynamic
conditions, including a random packing test, a column collapse test, and a triaxial compression test. For each numerical example, a
reference simulation is conducted using the conventional DEM to examine the performance of the machine learning-enabled DEM.
For simplicity, the 3D machine learning-enabled DEM and the conventional DEM are denoted as NetDEM and GeoDEM, respectively.

4.1. Random packing

The random packing test involves 2400 irregular-shaped particles with an equivalent size of 0.01 m. In this context, the equivalent
size of an irregular-shaped particle is defined as the diameter of a sphere that has the same volume as the particle. Particles are
inserted into a box container with a base of 0.1-by-0.1 m at once, and are allowed to settle down under gravity. The initial particle
configurations of NetDEM and GeoDEM are identical, as shown in Fig. 15(a). The polyhedral particle model with 400 surface vertexes
is used. The parameters of the DEM simulations are listed as follow: normal stiffness k, is 1.0 x 10'* N/m, tangential stiffness k,
is 1.0 x 10> N/m? (note that contact volume-based contact model is adopted), damping coefficient ¢ is 0.7, contact friction u is
0.3, particle density is 2650 kg/m?, and timestep is 1.0 x 107> s. Fig. 15(b) displays the snapshots of particle configurations at the
end of random packing based on NetDEM and GeoDEM. It can be observed that the packing heights of two particle assemblies are
basically the same at approximately 0.23 m, and particles are in close contact without unrealistic particle overlaps or penetrations.
The porosities of final packing of NetDEM and GeoDEM are approximately 0.452 and 0.445, respectively.
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Fig. 11. Effect of the number of epochs on the performance of regression networks: (a) contact volume, (b) contact area, (c) contact point and (d) contact
normal.

To compare the microscopic behaviors of particles in the NetDEM model and the GeoDEM model, the particle velocities,
unbalanced force, and contact forces are extracted. As shown in Fig. 16(a), the average velocity of the particles increases at
the beginning, followed by a rapid decrease, and become stable at the time around 0.7 s. At the end of random packing, the
particle average velocity for both NetDEM and GeoDEM reaches a stable value, approximately 2.0 x 10~ m/s and 1.0 x 10~ m/s,
respectively. It indicates that the particle assembly reaches a quasi-static equilibrium state. The velocity band, depicting the
minimum and maximum velocities of particles, is also illustrated in Fig. 16(a), showcasing the range of particle velocities across
various times. The velocity bands of NetDEM and GeoDEM are largely overlapping before 0.4 s, but afterward, the velocity
distribution of NetDEM tends to skew higher overall. This trend aligns with the results of particle average velocities. Upon further
analysis, the discrepancy between NetDEM and GeoDEM in Fig. 16(a) can be attributed to the fact that particle velocities are
influenced by the force states of the particles. In the contact volume-based contact model, the normal contact force is determined
by the product of contact stiffness, contact volume, and contact area. Machine learning models may introduce errors when estimating
contact volume and contact area. Given the typically substantial values of contact stiffness, such inaccuracies can amplify the errors
in calculating contact forces within NetDEM, thereby causing variations in velocity distributions. Nonetheless, the discrepancy in
velocity is considerably small. The visually big difference between NetDEM and GeoDEM in Fig. 16(a) is due to the adoption of a
logarithmic scale for velocity.

Fig. 16(b) illustrates the evolution of particle unbalanced force ratio (i.e., ratio of the mean unbalanced force to the mean contact
force [38]) during the random packing test. During the initial stage of packing (particularly before 0.1 s), a discernible discrepancy
in the unbalanced force ratio between NetDEM and GeoDEM is observed. This disparity arises from the limited number of contacts
between particles at the initial stage, leading to discrepancies in mean contact force caused by predictive errors in the machine
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Fig. 12. Effect of the number of nodes in a hidden layer on the performance of regression networks: (a) contact volume, (b) contact area, (c) contact point and
(d) contact normal.

learning model. Subsequently, these differences extend to the unbalanced force ratio. Notably, as the number of contacts increases,
this discrepancy diminishes significantly. After 0.4 s, the unbalanced force ratios of NetDEM and GeoDEM are essentially converged
to very minor values, reaffirming that the particles have reached a quasi-static state. Furthermore, Fig. 16(c) displays the variation
in maximum packing height over time. It is noteworthy that the maximum height of the NetDEM remains lower than that of the
GeoDEM until 0.4 s. In the initial stages of a complex collision involving multiple particles, inaccuracies in contact force predictions
by the NetDEM are propagated to both the velocity and position of the particles, leading to disparities in the maximum packing
height compared to the results of GeoDEM. These heights stabilize after 0.4 s, with NetDEM and GeoDEM reaching final maximum
packing heights of 0.227 m and 0.231 m, respectively, indicating a close similarity.

The contact forces are normalized by the average of contact force and their distributions are presented in Fig. 17. The distributions
of contact force from two DEM models are in good agreement, following an exponential distribution [39,40]. The majority of contact
forces are very low in magnitudes. For instance, about 35.35% in NetDEM and 34.74% in GeoDEM of contact forces less than 0.3 ,,
forming the weak chain of contact forces in the packing progress. The probability of contact forces between 0.3f, and 7, (forming
the strong contacts) accounts for 63.78% in NetDEM and 64.51% in GeoDEM. The slight differences between two DEM models could
be the result of prediction errors of machine learning.

As a more quantitative analysis, we examine the fabric anisotropy of the particles in both the NetDEM model and the GeoDEM
model. The details of the formulation and definition of the anisotropy can be found in Guo and Zhao [41]. Fig. 18 visualizes
the anisotropy in contact normal orientation, contact normal force, and contact shear force of the particles after random packing.
The spherical histograms of the contact normal direction and contact normal force are more uniformly distributed and only slightly
elongated in the vertical direction, which is attributed to the aspect ratio of the particles being close to 1. The difference of anisotropy
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Fig. 13. The effect of the number of hidden layers on the performance of regression networks: (a) contact volume, (b) contact area, (c¢) contact point and (d)
contact normal.

results between NetDEM and GeoDEM model is relatively small yet clearly visible, likely stemming from the limited particle count
and predictive errors.

4.2. Column collapse

In the column collapse test, the initial particle assembly is created by random packing and has a dimension of 0.1 m x 0.1 m x
0.2 m. The column collapse test is proceeded by removing the lateral wall of the box container. The simulation lasts for 5.0 s. The
parameters of DEM model are the same as those in the random packing test. To eliminate the effect of packing randomness, both the
NetDEM and GeoDEM simulations utilize the same initial particle assembly created by GeoDEM. The porosity of the initial packing
is approximately 0.451. Fig. 19 presents several snapshots of particle configurations during the reposing process. Particles suffer a
severe rearrangement as time lapses, and gradually reach equilibrium in about 5.0 s. The run-out profiles of NetDEM simulation
match well with those of GeoDEM simulation in the first 1.0 s. At the end of column collapse test, the repose angle from NetDEM is
slightly lower than that from GeoDEM. As shown in Fig. 20, the final angle of repose of NetDEM and GeoDEM are calculated to be
approximately 22.8° and 24.3°, respectively. To investigate this aspect, the contact forces from NetDEM and GeoDEM are extracted
during the repose process, as shown in Fig. 21. The average contact force increases at the beginning, followed by a rapid decrease,
and becomes stable at the time around 1.0 s. The average contact force simulated by NetDEM is overall a fairly good match with
that simulated by GeoDEM. However, Fig. 19 shows that the particle configurations of the NetDEM model changed slightly within
1.0 s ~ 5.0 s, whereas the particle conformations of the GeoDEM model were almost the same. In view of this, we locally zoomed
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Fig. 15. Snapshots of the packing simulation: (a) initial stage, and (b) final packing. The colorbar in (a) indicates the IDs of the particles, and the colorbar in
(b) indicates the magnitude of velocity of particles. (For interpretation of the references to color in this figure legend, the reader is referred to the web version
of this article.)

in on the average contact force from 1.0 s to 5.0 s, as sketched in the embedded plot in Fig. 21. It is observed that the fluctuation of
average contact force from NetDEM is significantly larger than that from GeoDEM. The ratio of their coefficients of variation (COV)
is close to 20. The frequent fluctuations of contact force can cause minor vibrations in particles, resulting in movement of particles.
Consequently, the NetDEM model exhibits a slightly smaller angle of repose in the column collapse test. The fluctuation of contact
force in NetDEM is intrinsically resulted from the prediction errors of the machine learning models, as illustrated in Fig. 9(a).

Fig. 22(a) plots the evolution of particle average velocity during the column collapse test. The evolutions of average particle
velocity from NetDEM and GeoDEM show the same trend, i.e., a rapid increase followed by a gradual decrease to a stable value.
At the end of column collapse test, the average velocity from NetDEM and GeoDEM are approximately 1.08 x 1073 m/s and
2.21 x 10~* m/s, respectively. The difference in average velocity between NetDEM and GeoDEM mainly comes from the prediction
errors of the machine learning models. The average particle velocity in NetDEM is consistently larger than that of GeoDEM during
the collapsing processes. Furthermore, the velocity bands of NetDEM and GeoDEM exhibit noticeable differences, particularly in
the distribution of minimum particle velocities. Notably, the velocities in Fig. 22(a) are depicted on a logarithmic scale, with the
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model.

minimum velocity stabilizing at around 10~ m/s in NetDEM and around 10~ m/s in GeoDEM, implying some variance between
the two. Additionally, it is noted that the velocity range in NetDEM exceeds that of GeoDEM. The larger velocity explains the larger
run-out distance of the particles as well as the smaller response angle in NetDEM.

Fig. 22(b) depicts the evolution of unbalanced force ratio during the column collapse test. Both NetDEM and GeoDEM exhibit
similar trends in unbalanced forces, initially experiencing a sudden increase followed by a rapid decrease and eventual stabilization.
It can be observed that the stability of the unbalanced force ratio is slightly lower for NetDEM than that for GeoDEM from 1.0 s to
5.0 s. This variation primarily arises from the larger fluctuation in the mean contact force for NetDEM as opposed to GeoDEM, as
illustrated in Fig. 21. Furthermore, the variation of the column height over time is recorded, as shown in Fig. 22(c). As discussed
in Section 3, one intrinsic limitation of the NetDEM approach is that there exist avoidable prediction errors in the contact forces.
Such prediction errors would then result in an overall greater value and also a little bit unstable unbalanced force for the NetDEM
simulations, comparing with the conventional GeoDEM simulations. This phenomenon is also evidenced by the greater averaged
velocity of the particles, as depicted in Fig. 22(a). As a result, it looks like that the NetDEM simulation exhibits some form of
“creeping”. Remedies to mitigate the prediction errors in contact forces and thereby the “creeping” merits further exploration. The
final stabilized maximum heights for NetDEM and GeoDEM are 0.119 m and 0.126 m, respectively.

4.3. Triaxial compression

In the triaxial compression test, as illustrated in Fig. 23, 2150 irregular-shaped particles are packed into the box container with
a base of 0.1-by-0.1 m, and the final packing height is approximately 0.2 m. The parameters of DEM model are the same as those
in the random packing test. After packing, the particles are allowed to relax for 1.0 s to reach the equilibrium state. The porosity
of the particle assembly is approximately 0.453. It should be noted that the aforementioned packing and equilibrium processes are
both simulated using GeoDEM. Subsequent compression processes are simulated using NetDEM and GeoDEM separately, ensuring
the consistency of the initial particle configurations. To proceed with the compression test, the particles first undergo an initial
compression with an isotropic pressure of 100 kPa. Then, the particles are sheared by continuously moving the top wall downwards
at a speed of 0.005 m/s, meanwhile maintaining the lateral stress at 100 kPa through a servo control [42]. The shearing process
lasts for 10.0 s with a final axial strain of approximately 30%.

To begin with, we investigated the macroscopic mechanical response of the granular packing in terms of deviatoric stress ratio
and volumetric strain. Herein, the deviatoric stress ratio is defined as p/q, where p is the deviatoric stress, and ¢ is the mean stress.
The volumetric strain is defined as e, = In(V;/V,), where ¥, and V,, respectively, are the initial and current volume of the packing.
ey < 0 means dilatation of the packing. More details of the definitions are referred to Zhao and Zhao [43] and Lai and Huang
[44]. The results of stress—strain evaluation during the shearing process are shown in Fig. 24. The deviatoric stress ratio gradually
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Fig. 19. Snapshots of particle configurations during the column collapse test. The color represents different particle indices for better visualization. (For
interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

increases as the axial strain approaches approximately 5%, after which it becomes stable and exhibits a nearly constant value
(about 1.2 for NetDEM and GeoDEM). The volumetric strain increases with increasing axial strain, showing typical shear behaviors
of loose soils. When the axial strain reaches approximately 15%, the volumetric strain almost plateaus. It can be observed that the
results simulated by NetDEM and GeoDEM match well with each other, indicating that the NetDEM can accurately reproduce the
macroscopic mechanical behavior in triaxial shear tests. It should be mentioned that some fluctuations in the volumetric strain of the
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Fig. 20. Zoom-in snapshots of the particle configurations at the end of collapsing and the corresponding repose angle. The color represents different particle
indices for better visualization. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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Fig. 21. Evolution of average contact force during the column collapse test. The average contact force represents the sum of the contact forces divided by the
number of contacts.

NetDEM model, as compared to the GeoDEM model, were observed when the axial strain is in the range of 5% ~ 15%. The inertia
number is utilized to verify whether the particles are in quasi-static state during the shearing process. The inertia number is defined
as I =yd /\/p/_P, where y is the shear rate, d is particle size, p is particle density and P is the confining stress [45]. The inertial
number of the particles in the triaxial compression test stands at 3.1 x 10~4, falling below 10~3, indicating that the particles are in
a quasi-static state. Therefore, the fluctuation phenomenon can be caused by the prediction errors of machine learning, which could
be mitigated by employing a deeper neural network. This would increase the computational expenses of NetDEM, necessitating a
balance between computational efficiency and accuracy according to the actual situation. Nevertheless, the final volumetric strain
from NetDEM and GeoDEM are fairly close, at approximately 3.5%.

Furthermore, the microscopic mechanical behaviors of the granular packing are examined. The distribution of particle contact
forces is presented in Fig. 25. The contact force distributions from the two DEM models exhibit a good match, with only a slight
discrepancy observed in the portion of small contact forces.

The aforementioned compression tests demonstrate the capability of NetDEM to precise capture of the mechanical behaviors of
loose soils. Given the distinct mechanical behaviors between loose and dense soils, we extended our investigation by conducting
triaxial compression tests on the dense particle assemblies to enhance the comprehensiveness of the validation. A dense particle
assembly with a porosity of 0.362 is prepared, and the steps and parameters of this simulation are identical to the previous triaxial
compression test. Fig. 26 illustrates the results of stress—strain evolution during the triaxial compression process. The deviatoric stress
ratio exhibits an initial rapid increase followed by a gradual decrease. The peak deviatoric stress ratio is approximately 1.38 at an
axial strain of 5%. Correspondingly, the volumetric strain initially shows a slight increase, signifying a contraction phase, which
is succeeded by a decrease indicating a dilation phase. These macroscopic responses of the particles closely resemble the behavior
commonly observed in laboratory settings for dense soils. The distribution of particle contact forces is also plotted in Fig. 27. The
results indicate a close alignment between the simulations of NetDEM and GeoDEM.
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Fig. 25. Distribution of (a) contact normal forces, and (b) contact shear forces of the particles of the loose soils. Both the contact normal and shear forces are
normalized by the average contact normal force.
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Fig. 27. Distribution of (a) contact normal forces, and (b) contact shear forces of the particles of the dense soils. Both the contact normal and shear forces are
normalized by the average contact normal force.

5. Discussions
5.1. Acquisition of reference contact datasets

The performance of the machine learning-enabled contact detection and resolution depends heavily on the reference contact
datasets generated by the reference contact approach. In this work, the contact volume-based contact approach is selected for the
generation of training datasets. The advantages of the contact volume-based approach are mainly in the following three aspects:
(1) The contact geometry features are defined explicitly and analytically. For instance, the contact volume is obtained by the mesh
intersection operation on the polyhedral particle. On this basis, other contact geometry features, i.e., contact area, contact normal
direction, and contact point can be calculated without additional approximations. (2) The contact volume-based approach is derived
based on the energy-conserving contact theory, which is beneficial to the numerical stability. (3) The contact geometric features
in the contact volume-based approach are additive. This implies that when multiple contacts exist between two particles, we can
compute the contact geometry features separately in each subdomain and then sum them up to obtain the overall contact geometry
features. In other words, we can aggregate the multiple contact problems into a single contact by accumulation. This property
ensures consistency in the dimensionality of the output variables for machine learning models.

It is worth noting that there are some other studies for irregular-shaped particles DEM, e.g., level set-DEM [9,46], spherical
harmonics-DEM [11,24], and signed distance field-DEM [30]. The common features of these methods are node-based and grid-
dependent. Specifically, for two particles in a contact pair, the surface of one particle is discretized into a series of nodes, and the
contact flag is determined by checking for the existence of nodes intruding into the other particle. Subsequently, the contact force
is calculated for each intruding node and the total contact force is synthesized from the contact forces on all intruding nodes. The
integration of machine learning with these irregular-shaped particles DEM also merits further exploration.

5.2. Computational efficiency

One of the most important advantage of NetDEM lies in its high computational efficiency. To investigate this aspect, we calculated
the Cundall number of the aforementioned three numerical experiments, as shown in Table 2. The Cundall number is defined as
C = NyN/Tgpy, where Ny is the number of timesteps, N is the number of particles, and T p; is the CPU time of the simulation.
Note that the DEM simulations in this work are performed on an Intel iI910980XE CPU with 32 logic cores. The significantly
higher Cundall numbers observed in the NetDEM simulations compared to GeoDEM indicate a notable increase in computational
efficiency. The Cundall number for random packing, column collapse, and triaxial compression in NetDEM simulations are 4.25,
4.57, and 5.73 times, respective, higher than those in GeoDEM. This implies that the computational efficiency of NetDEM is
enhanced by approximately fivefold compared to GeoDEM. The Cundall number of NetDEM compared to GeoDEM is largest in
triaxial compression simulation and smallest in random packing simulation. This phenomenon may result from the larger number
of contacts in the triaxial compression. As a result, the computational efficiency of the machine learning approach can be fully
utilized.

To gain an insight into computational efficiency of NetDEM, we further investigate the impact of the number of polyhedron
vertexes. The computational efficiency of the polyhedral particle model used in this work is sensitive to the number of surface
vertexes. It is difficult to accurately describe the shape of real particles when using the polyhedral particle model with too few
surface vertexes. However, too many surface vertexes again significantly increase the computation time. Hence, GeoDEM usually
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Table 2

Comparison of the Cundall number of NetDEM and GeoDEM. (Simulations are conducted with 32 cores.)
Cundall number Random packing Column collapse Triaxial compression
NetDEM 5.25 x 10* 4.46 x 10* 6.05 x 10*
GeoDEM 1.23 x 104 9.8 x 10° 1.05 x 10*
Ratio 4.26 4.57 5.73

Initial stage Final packing

200 nodes 500 nodes 1000 nodes 2000 nodes 5000 nodes

Fig. 28. Snapshots of the packing simulation with dense surface vertexes. The color represents different particle indices for better visualization. (For interpretation
of the references to color in this figure legend, the reader is referred to the web version of this article.)

needs to weigh a balance between the accuracy of particle shape characterization and the computational efficiency to obtain the
optimal number of surface vertexes [26]. As a more quantitative analysis, we simulate the random packing test involved 512 particles
with an equivalent size of 0.1 m. Particles are insert into a box container with size of 1 m by 1 m by 1 m, and are allowed to settle
down under gravity. The packing progress lasts one second, and timestep is set as 1.0 x 10~* s, thus the number of DEM cycle is
10,000. Fig. 28 shows the particle configurations at initial and final stage. Five sets of random packing tests with different numbers
of particle surface vertexes are performed. Particles with the number of 200, 500, 1000, 2000, and 5000 surface vertexes are plotted
in Fig. 28. It is important to note that, different from the numerical tests in Section 4 which use 32 cores, the additional random
packing tests in this subsection (i.e., Section 5.2) are simulated on a single core with the intention of ensuring a more equitable
comparison.

Fig. 29 demonstrates the results of Cundall number simulated by NetDEM and GeoDEM. As expected, the Cundall number for
GeoDEM decreases with the number of particle surface vertexes, while the Cundall number for NetDEM remains a stable value. It
is because the surface vertexes of the particles in GeoDEM are directly involved in the contact computations. However, the contact
detection and resolution in NetDEM are handled by ANNs, whose computational efficiency is relatively independent from particle
surface meshes and is mainly correlated to the architecture of the ANNs. The computational efficiency of NetDEM against GeoDEM
is more pronounced as the number of particle surface vertexes increases. For instance, the Cundall number ratio of NetDEM to
GeoDEM is 72.17 when the particle with 5000 surface vertexes. The results indicate that NetDEM offers great advantages in terms
of computational efficiency for DEM simulations involving particles with complex shapes. It is worth mentioning that there are also
some studies on improving the computational efficiency of polyhedral particles, e.g., GPU-based method [47], global direct search
method [48], and so on. However, these methods are still essentially the geometry-based contact algorithms, and their computational
efficiency is affected by the number of vertexes of the polyhedral particles.

Fig. 30 provides a deeper evaluation of the influence of the number of logical cores on the Cundall number. The results indicate
that the Cundall numbers for both NetDEM and GeoDEM increase with the number of logical cores.

After discussing the impact of the number of particle surface vertexes on computational efficiency, a subsequent question
arises regarding the influence of the number of surface vertexes on the predictive performance of the ANN models. Datasets for
particle—particle contacts are generated using particles characterized by varying quantities of surface vertexes. The ANN models
corresponding to distinct surface vertexes are individually trained with the parameters delineated in Table 1. Subsequently, the
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Fig. 29. Cundall number for random packing simulations with varying surface vertex number on a single core. The label N5000 indicates that the polyhedral
particle has 5000 surface vertexes.
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Fig. 30. Cundall number versus the number of logic cores. Note that the number of surface vertexes is 1000.

predictive performance of the ANN models is assessed on testing datasets, as depicted in Fig. 31. The results reveal that both the
classification and regression networks exhibit minor sensitivity to the number of surface vertexes. In scenarios involving intricate
geometries, the machine learning-enabled approach may exhibit more.

5.3. One model for various shapes

One limitation of the present machine learning-enabled DEM is that each particle shape requires a set of ANNs. In general, a
granular specimen often consists of a large number of particles with different shapes and thus would require multiple sets of ANNSs.
The development of one set of ANNs accommodative to all shapes merits further exploration. The great challenge of this issue is how
to choose reasonable particle shape descriptors as the inputs of the ANN model. There are some particle shapes using closed forms
with geometric equations, such as poly-ellipsoid [49], poly-super-ellipsoid [43], super-quadrics [10,50]. As illustrated in Fig. 32,
the shape of these three particles is completely controlled by the corresponding shape descriptors.

Taking the poly-super-quadrics as an example, we briefly describe the process of integrating poly-super-quadrics particles
with different shapes into NetDEM. The framework for the integration is essentially the same as those described in Sec-
tion 2. The only discrepancy is the inclusion of the shape descriptors as inputs to ANNs in addition to the position de-
scriptors. The complete inputs of ANNs for poly-super-quadrics particles could be written as: (1) The shape descriptors of
the object particle, i.€., [rye,ry—,rye,ry-s e, Fom s €5ty €4, €y, €, €24, €= lopiees (2) The shape descriptors of the cue particle,
L€y [Fyts Py s Pyt s Fym s o P €k, €4, €4, €, €24, €2- 10y (3) The position descriptors of the cue particle, i.e., [x., Y., Z.» 40 91+ 92> 43 ]-
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Fig. 31. The performance of ANN models with varying surface vertex number.
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Fig. 32. Illustration of the particle surface, formulation, and shape descriptors for poly-ellipsoids, poly-super-ellipsoids and super-quadrics.

The number of input variables totals 31, which may increase the difficulty of ANNs in training and impact the computational
efficiency.

There also exist many more complex shapes, such as the particle shape used in this work, that are difficult to be characterized
by mathematical functions. In such cases, it may require large number of combined shape descriptors, making it difficult to use
them all as inputs. One feasible approach is to utilize spherical harmonics to describe irregular-shaped particles, adopting the
spherical harmonics coefficients as particle descriptors. The spherical harmonics coefficients depend on the exact particle orientation
in the prescribed coordinate system [51]. Consequently, one can use rotation-invariant shape descriptor, i.e., the amplitude of each
spherical harmonics frequency, as the inputs of the ANNs [52,53].

As mentioned in the introduction, although the concept of machine learning for contact detection and properties is straightfor-
ward, there are some challenges regarding its integration into DEM simulation and addressing its computational accuracy, efficiency
and stability. The numerical aspects and computational issues, including the selection of data inputs and outputs, preparing the
training samples, regularizing the data inputs and outputs from a DEM simulation, the design of machine learning architecture
and hyper-parameters, etc., have been discussed in this work. Additionally, this work discusses and explores preliminary directions
for advancing machine learning-enabled DEM, including the acquisition of reference contact datasets, improving computational
efficiency, and developing a single model adaptable to various shapes. While DEM has successfully been applied to various natural
and engineering problems, its high computational expense remains a significant limitation for large-scale particulate systems.
Machine learning techniques have shown promising performance in other computational methods, such as the finite element
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method and computational fluid dynamics. This work addresses critical aspects of integrating machine learning into DEM, and
it is anticipated that the insights presented here will inspire further research in this area.

6. Conclusion

This study has extended the applicability of the machine learning-enabled DEM to the intricate 3D realm involving irregular-
shaped particles. The approach integrates two neural network architectures into the DEM framework, namely a classification
network for contact detection and a regression network for contact resolution. The input parameters for these networks are
geometric descriptors such as particle positions and rotations, while the outputs comprise contact flags and contact geometric
features, respectively. The polyhedral particle model is employed to represent general irregular shapes, and a contact volume-
based energy-conserving model is utilized to assess contact behavior and generate the requisite training dataset of contact geometry
features.

The performance of the machine learning-enabled approach has been evaluated by first concerning individual contacts, aiming
to reveal the effect of various ANN model parameters on the prediction accuracy and consequently to determine the optimal model
architecture. The trained classification networks demonstrate good accuracy, surpassing 99% for particle-boundary contacts and
96% for particle—particle contacts. The errors in contact geometric features are within the order of 10~3 for particle-boundary
contacts and 10~2 for particle-particle contacts. These results underscore the predictive capabilities of the developed ANNs in
accurately detecting contact flags and resolving contact features among irregular particles. Subsequently, the overall performance of
the machine learning-enabled DEM has been assessed through comprehensive simulations of random packing, column collapse, and
triaxial compression. The results indicate that the machine learning-enabled DEM adeptly simulates 3D irregular-shaped particles
with dense contacts, accurately capturing their mechanical behavior while maintaining good numerical stability. Furthermore, the
computational efficiency of the machine learning-enabled DEM has been also discussed. Comparative analyses between NetDEM and
GeoDEM in the three numerical experiments reveal that the Cundall number of NetDEM is approximately five times greater than that
of GeoDEM, signifying a substantial improvement in computational efficiency. This advantage in computational efficiency becomes
particularly pronounced when handling complex shaped particles with a large number of surface vertex. The study demonstrates
the efficacy and potential of machine learning-enabled DEM in handling complex 3D scenarios involving irregular-shaped particles,
offering enhanced predictive accuracy, simulation fidelity, and computational efficiency compared to the conventional DEM.
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Appendix. Contact volume-based energy conserving contact theory

The energy-conserving contact (ECC) theory originally proposed by Feng [25] is adopted to resolve the contact behavior.
According to the ECC theory, two particles in contact are placed in configuration space (x-0-6), taking the centroid of one particle as
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Fig. A.33. Illustration of contact geometric features in contact volume-based contact resolution approach.

the origin, and the configuration of the other particle can be characterized by (x, 8). The key assumption of ECC is that the contact
behavior can be characterized by a contact energy potential, denoted as w. The contact energy potential is a function of position x
and rotation 6 of two particles. Then, the inter-particle normal contact force F,, and moment M, can be characterized as

_ Jdw(x, 0)

F,= o (A1)
_ Jw(x, 6)
M, =-—0— (A.2)

The form of contact energy potential w(x, 6) can be defined on demand, whereas it is required to satisfy both translational and
rotational invariants. The contact potential is usually expressed as a function of the contact geometry features, such as overlap
and contact volume [22,27,30,54,55]. In this study, the contact volume-based energy-conserving contact model is adopted. In this
approach, the contact potential is denoted as w(V,), where V, is the volume of contact region between two particles in contact. With
the polyhedral particle model, the contact volume can be resolved by the mesh Boolean method, and the contact detection can be
achieved by checking whether the contact volume is greater than zero. The normal contact force F, is written as:

F,=-w(V,)S, (A.3)

n=—

where the contact energy potential w(V,) = k, V", (') represents derivative operation, k, is the normal stiffness. It should be noted
that the normal stiffness k, in the contact volume based model is different from that in the conventional linear spring model. The
conversion relationship between them is k, = k"¢’ /zr , and r, is the radius of curvature at contact region. .S, is the vector area
of contact surface S, and the scalar value of vector area is the contact area, denoted as S, = |.S,|. The magnitude of the normal
contact force is F, = w'(V,)S, = mk,V/"~1S,. When m = 2, F, becomes F, = 2k,V,.S,. Then, the contact normal direction is defined
by

n=F,/F, (A.4)
The contact point x, is given by
X G
Xc = nS ~ + An (A.5)

n

where G, is the surface integral over S,, G, = [, r x dS. The contact geometric features mentioned above are schematically
illustrated in Fig. A.33. Interested readers are referred to Feng [22] for more details about the evaluation schemes for §, and G,,.
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