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Abstract
This paper presents a machine learning (ML)-enabled discrete element method
(DEM) for the computational mechanics of irregular-shaped particles. ML-
enabledDEM, aswithmost conventional DEMs, encompasses fourmain steps in
one typical calculation cycle, namely, (1) the detection and resolution of contacts,
(2) the evaluation of contact behavior, (3) the calculation of particle motion, and
(4) the updating of particle geometric descriptions. Unlike conventional DEMs,
the proposed method constructs and employs neural networks to detect parti-
cle contacts and resolve contact geometric features. Neural networks take par-
ticle geometric descriptors as inputs and output the contact status and contact
geometric features. Using two-dimensional elliptical particles as an example,
the performance of the ML-enabled DEM is investigated through five numerical
experiments and comparedwith analytical solutions or conventionalDEMmeth-
ods. A sixth numerical experiment involving irregular-shaped particles is also
presented to showcase the potential and applicability of the proposedmethod for
other particle shapes.ML-enabledDEMcan accurately capture the trajectory and
energy evolution of individual particles, the fabric characteristics of dense pack-
ing, and the mechanical behavior of packing under large loads, while demon-
strating computational efficiency over conventional methods.

KEYWORDS
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1 INTRODUCTION

Originally proposed by Cundall and Strack,1 the distinct element method (DEM, and also often referred to as discrete
element method) is a type of numerical method for modeling discontinuous materials. It has gained popularity in a wide
range of geomechanical problems, such as fracturing processes of rock masses,2 shearing behaviors of soils or sands,3,4
tunnel face failure,5 landslide,6 and so forth. In DEM, the motion of every particle is formulated based on the Newton’s
law of motion and solved using an explicit time integration scheme. The properties and responses of the particles can
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be thus explicitly considered at a fundamental level. Another method in the context of discontinuous mechanics is the
discontinuous deformation analysis (DDA),7 which is derived from the principle of minimum potential energy and solves
the material force and deformation using an implicit time marching scheme. Compared with DEM, DDA has a more
physically meaningful mechanism of energy dissipation but might suffer from the issues of numerical instability and
computational inefficiency.8,9 A detailed comparison of DDA and DEM can be found in Khan.8 Owing to the advantage of
DEM at the fundamental level, DEM is often coupled with the continuummechanics-based methods (e.g., finite element
method (FEM)10 andmaterial point method (MPM)11) to develop the so-calledmultiscale approach. A typical hierarchical
multiscale coupling scheme is to employ the FEM or MPM to solve a boundary value problem while using the DEM
to derive the required nonlinear material responses at each Gauss integration or material point. It hence utilizes the
advantages of both the continuous approaches and discontinuous approaches, and avoids or mitigates their respective
drawbacks.10
Critical to the implementation of DEM is the detection and resolution of interparticle contacts. Contact detection refers

to identifying the contacts between particles and contact resolution refers to computing the contact geometric features
such as contact overlap, contact normal, and contact point, which is required by contact models to further evaluate con-
tact forces.12–14 Generally, the algorithms for contact detection and resolution are associated with the particle models
adopted to describe the particle geometries. For simplicity and computational efficiency, particles are typically modeled
using spheres (3D) or circles (2D) inmanyDEM studies, even though real particles are generally irregular-shaped.15–18 The
simplification of an irregular-shaped particle to a spherical or circular particle may underestimate the translational and
rotational resistances between particles, and thus, could result in spuriousness in the bulk mechanical responses, includ-
ing the fabric anisotropy, the force transmission mechanisms, and the deformation characteristics.3,19,20 In view of the
significance of particle shape effects, developing irregular-shaped particle models and integrating realistic particle shapes
into DEM simulations have been heated topics in recent years. For example, particle models have been developed based
on ellipsoids,21 superellipsoids,19 poly-ellipsoids,22 poly-superellipsoids,23 superquadrics,24,25 cylinders,26 polyhedron,27
nonuniform rational basis splines,12,28 and Fourier series,13 to list a few. These particle models have significantly improved
the fidelity of a DEM simulation.
Despite the considerable efforts on particle models, there remain significant challenges. First, existing particle mod-

els still only cover a small portion of the various particle shapes that can be encountered in nature or engineering
applications.29 Second, with irregular particle shapes, the corresponding contact detection and resolution algorithms gen-
erally require considerable implementation efforts and are the most challenging part of a particular model. In addition
to these challenges, another important aspect of a particle model is the computational efficiency. Previous studies show
that the procedure of contact detection and resolution generally takes up to 80% running time of a DEM simulation.30 The
situation would be worse for nonspherical particles. For a nonspherical particle represented by a continuous function
or a series of discrete functions, the contact detection and resolution problem often involves a iteration-based numeri-
cal optimization method, such as Newton’s method,12,13 the Levenberg–Marquardt method,23 the Nelder–Mead simplex
algorithm,20 and the Gilbert–Johnson–Keerthi algorithm.31,32 The optimization process could be computationally expen-
sive and limit the application of these particle models to simulate practical problems. All these aforementioned challenges
and limitations call for the continuous development of complex particle shapemodels andmore general contact detection
and resolution algorithms.
Mathematically, contact detection and resolution algorithms take particle positions and geometries as inputs, and the

outputs of the algorithms are the contact status and the corresponding contact geometric features should a contact exists.
In this work, we exploremachine learning (ML), specifically deep learning based on neural networks, as a viable approach
towards contact problems. ML encompasses a set of tools and algorithms that are now becoming popular in almost all
scientific and technological fields.33 It serves as a black box that establishes a relationship between the inputs and outputs
by learning the underlyingmechanisms in the training data.34 Recently, there have been growing efforts in integratingML
into computational mechanics, mainly in the field of continuummechanical methods, such as FEM. For example, ML has
been utilized to identifymaterial parameters in constitutive laws,35,36 to automate the creation and validation of physically
meaningful traction–separation models,37 and to enhance the numerical integration of FEM stiffness matrices.38 The
application of ML in the field of discrete and particle-based methods such as DEM is a topic much less explored, and a
few pioneering works can be found in recent studies.39–47 In these studies, the DEM is referred to as a physical engine,
where ML is utilized to perceive and reason the relationships between objects.40,41 ML models are constructed with the
physical properties (e.g., mass, position, shape, and friction) of the objects at a series of previous time steps taken as inputs,
and the ML models return the positions of the objects at the next time step.42 As in the computer science community, an
important feature of these models is that they put an emphasis on scene prediction, whereas the mechanical responses
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F IGURE 1 Schematic illustration of a typical calculation cycle in discrete element method (DEM) and the integration of machine
learning (ML) for contact detection and resolution

(e.g., the contact forces and packing stresses) in the scene are less well explored. In addition, these studies have mainly
focused on coarse-grained dynamics problems with very sparse object collisions. The numerical stability in the case of a
dense granular medium under quasi-static equilibrium has not been discussed.
In this work, we propose a ML-enabled DEM, in which ML is utilized to solve the contact detection and resolution

problem. Compared with previous studies of ML in discrete and particle-based methods, the proposed ML-enabled DEM
has two critical and novel features. The first is the explicit consideration of irregular-shaped particles and the contacts in-
between, and the second is the applicability of the proposed method for granular media with dense contacts. For irregular
particle shapes, we adopt the single-particle approach, which is different from a previous work,47 where the composite-
particle approach with spheres is used to model arbitrary particle shapes and deformable materials. For contact detection
and resolution, we propose and use ML. With the contact detection and resolution resolved by ML, contact models and
time integration methods of the conventional DEM are directly incorporated. The developed model is used to simulate
the mechanical responses of granular media under different loading conditions. In this work, we limit our discussion to
two-dimensional DEM, while we note the applicability of the method to three dimensions since the implementation of
ML models is general.
The remainder of this paper is structured as follows. Section 2 presents an overview of the proposed ML-enabled DEM.

Section 3 provides details of the methodology, including the design and architecture of the adopted ML models, the defi-
nition of inputs and outputs, and the approach to prepare training and testing data. Section 4 presents the results of the
training and evaluation of the adopted MLmodels. Section 5 shows six numerical experiments to demonstrate the perfor-
mance of the proposed ML-enabled DEM. Section 6 presents some further discussions, and finally, Section 7 summarizes
the proposed method and main findings.

2 OVERVIEWOF THE PROPOSEDMETHOD

Figure 1 shows the schematic illustration of the proposed ML-enabled DEM. Similar to conventional DEMs, the proposed
method encompasses four main steps in one typical calculation cycle, namely, (1) the detection and resolution of contacts,
(2) the evaluation of contact behavior, (3) the calculation of particle motion, and (4) the updating of particle geomet-
ric descriptions. Among them, the detection and resolution of contacts are the most challenging and computationally
intensive step in a DEM calculation cycle, especially for irregular-shaped particles. Contact detection refers to identifying
whether or not two particles (or a particle and a boundary) are in contact. Contact resolution refers to resolving contact
geometric features that are used in evaluating contact forces. In this work, a novel ML-based approach is proposed for
contact detection and resolution. Unlike common contact detection methods used in conventional DEMs, the proposed
approach is general and can be implemented to work with any irregular-shaped particles and contact models.
The outputs of contact detection and resolution are the status of particle–particle (or particle–wall) contacts and contact

features, which are contact model dependent. For example, the spring-based linear contact model1 and the Hertz-based
nonlinear contact model48–51 are two widely used contact models in DEM. For the cohesive effects between contacting
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F IGURE 2 Overview of the two machine learning (ML) models for contact detection and contact resolution

particles, contact models such as the bond-particle model52,53 and cohesion contact model54,55 can be further incorpo-
rated. These contact features are used as inputs by the contact model to calculate contact forces (step 2 in Figure 1).
Particle equations of motions (Newton–Euler equations) are then solved for particle motions and kinematics (step 3 in
Figure 1), followed by the central difference time integration scheme (may also referred to as the velocity Verlet-based
time integration scheme)56–58 to update the particle geometric description (step 4 in Figure 1). There are well-established
methods and algorithms from conventional DEMs that can be directly adopted for steps (2)–(4). In the following section,
the novel ML-enabled contact detection and resolution approach will be presented in detail.

3 ML-BASED CONTACT DETECTION AND RESOLUTION

In the proposed approach, ML models, specifically, artificial neural networks (ANNs), are constructed to predict the con-
tact status and contact geometric features of particle–particle and particle–boundary contacts in DEM calculations. In this
section, we describe in detail the design and architecture of ANNs, their inputs and outputs, and the preparation of data
for model training.

3.1 Design and architecture of ANNs

The problem of contact detection and resolution consists of two stages. First, given two particles (or a particle and a
boundary), we need to identify if the two elements are in contact. Second, if the two elements are in contact, we need to
resolve the contact geometric features (for use in the contact model). In this work, two ML models are constructed, one
for contact detection and one for contact resolution. Specifically, two types of ANNs are constructed, which are termed
the classification and the regression nets, as illustrated in Figure 2. The classification net is used to determine the contact
status, and the regression net is used to predict the contact geometric features.
The classification and regression nets have similar architectures, which consist of an input layer, a number of hidden

layers, and an output layer, as shown in Figure 3. The key differences lie in the last hidden layer and the output layer.
In the classification net, the output layer has a dimension of two, namely, true and false, indicating the contact status of
the two elements. The transfer function in the last hidden layer is softmax. In the regression net, the output layer has a
dimension of one, which is the parameter to be predicted, and the transfer function in the last hidden layer is purelin.
For all other hidden layers, the transfer function is tansig, which is a popular function that allows the network to learn
nonlinear relationships between inputs and outputs. The number of hidden layers and the dimension of each hidden layer
are problem-dependent and can be tuned based on the performance of the nets. The literature on ANNs is extensive and
relatively mature, and thus the methodologies of ANN and transfer functions are not exhaustively presented here. The
reader is referred elsewhere59,60 for more details.
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F IGURE 3 Architecture of the classification and regression nets

F IGURE 4 The definition of particle
inputs, that is, size, shape, and position
descriptors, illustrated using an elliptical
particle

3.2 Inputs and outputs of ANNs

The inputs of ANNs are the particle and boundary geometric descriptors. In DEM, particles and boundaries are the two
types of basic elements. Typically, particles have a closed geometry, whereas boundaries are represented by open polylines
or curves. Different approaches are available to describe a particle or a boundary in DEM, depending on the specific
shape and the adopted contact detection and resolution algorithms. For example, elliptical particles can be described
by a second-order polynomial function, the coordinates of the centroid, and the rotation angle from the major axis. To
regularize the implementation of ML-based contact detection and resolution, we generalize the geometric description of
a particle or boundary into three components, namely, size descriptor, shape descriptors, and position descriptors (see
Figure 4). The size descriptor of a particle is defined as the diameter of a circle that has the same area as the particle. The
shape descriptors are a set of parameters (of the associated shape function) that determine the surface of the particle. For
example, the shape descriptor of an elliptical particle could be the ratio of the major axis to the minor axis of the ellipse.
The position descriptors are the coordinates of the particle centroid and the rotation angle of the particle from its initial
alignment. These descriptors will be taken as the inputs of the ML models.
It is worth noting that one might consider combining the size and shape descriptors into one component with a set of

parameters. For instance, in the case of elliptical particles, the size and shape of a particle can be determined by using the
major and minor axes, without the need to normalize them to unit size. However, in this work, we choose to separate the
size and shape descriptors for two reasons. First, such separation allows us to isolate and characterize particle shapes and
perform statistical analyses of shape parameters on particles of the same shape but different sizes. Second, by separating
the size descriptor, it is convenient to convert the contact problem between two particles of various sizes into the contact
problem between two particles of normalized sizes such that one particle has a unit size whereas the other particle is of
relative size. In this way, inputs of the MLmodels can be regularized by using the unit size and relative size. For instance,
in practical applications, the ratio of the largest to the smallest particle size in a DEMmodel is usually no greater than 10.
Size descriptors provide a convenient way to control the range of relative particle sizes in a DEMmodel.
For boundary elements, as in most conventional DEMs, a boundary can be represented by open polylines or curves.

Therefore, the boundary can be fully described by the parameters of the polyline function, whereas the size descriptor
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F IGURE 5 The definition of boundary inputs, that is, position descriptors, illustrated using a straight line

F IGURE 6 The regularization of particle and boundary geometric descriptors in the ML-based DEM

and shape descriptors are no longer needed. For example, a line boundary could be expressed as

𝑥 sin 𝛼 − 𝑦 cos 𝛼 − 𝑑𝑜 = 0 (1)

where 𝛼 ∈[0, 𝜋) is the angle of the boundary line; 𝑑𝑜 is a parameter indicating the signed distance from the origin to the
line. The variables 𝛼 and 𝑑𝑜 are taken as the position descriptors, as illustrated in Figure 5.
With the definition of the particle and boundary geometric descriptions, the inputs of the ML models for the contact

detection and resolution problem can be determined. An intuitive option would be to directly take all the original size,
shape, and position descriptors as inputs. A limitation of this option, however, is that the position descriptors (typically
the coordinates of the particle centroids) are essentially unbounded and could vary with the dimensions of a simulation
domain. It is inefficient and infeasible to prepare a training data set that could cover all the possible ranges of position
descriptors. Instead, in this work, we propose to transform the original configuration of the contact problem into a stan-
dardized configuration by recognizing that the relative position of two particles is usually within a limited range (i.e., less
than the size of the particles’ bounding circles if they are in contact). This transformation is illustrated in Figure 6, which
is performed in two steps. First, the coordinate system is translated and rotated such that the centroid of the object particle
is located at the origin and the rotation of the object particle is zero. Second, the coordinate system is scaled such that the
object particle is of unit size. In this way, the final inputs of the particle–particle contact problem, as illustrated in Figure 6,
are the shape descriptors of the object particle, and the size, shape, and position descriptors of the cue particle, all in the
standardized configuration.
The outputs of ANNs are the contact status and contact geometric features. In DEM, the contact geometric features are

the set of parameters required by contactmodels to evaluate contact forces. Currently, a general contact theory for particles
of general shapes is lacking.26 Therefore, the contact geometric features are dependent on the adopted contact model and
might not be unique. Considering the widely used spring-based linear contact model,1 the following contact geometric
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(A) (B) (C) (D)

F IGURE 7 Illustration of the procedure of preparing training and testing data for particle–particle contacts

features are involved: the contact normal direction, the tangential direction, the branch vectors, the normal overlapping
length, and the increment of the tangential overlapping length.1,13 The definition of these contact geometric features are
presented in Appendix A. As these contact geometric features are not completely independent from one another, the
outputs in ANNs can be reduced to contact positions, normal overlapping length, and normal directions for the particle–
particle case, and to contact positions and normal overlapping length for the particle–boundary case. All other contact
geometric features can then be derived from these outputs.
It should be noted that if a different contact model is used, the output parameters will be modified based on the spe-

cific formulation and parameters of the contact model. In addition, in this work, we choose to split the contact geometric
features into a list of independent variables and predict each of the contact geometric features using one specific regres-
sion net. An alternative way is to use a single regression net to predict all contact geometric features. This latter option is
simpler in implementation, but it would require a deeper net to accommodate the complexity of the underlying relation-
ships between the inputs and outputs. This would then decrease the computational efficiency and increase the need for
training data.

3.3 Preparing training and testing data

The performance of anMLmodel relies heavily on the feeding of the training data. For the contact detection and resolution
problem, the training data are the contact scenarios parameterized as the particle and boundary geometric descriptors
(i.e., the inputs), and the corresponding contact status and geometric features (i.e., the outputs). Hereafter, we consider a
complete set of inputs and outputs of a contact scenario as one data sample in the training data set. In the following, the
procedure to generate data for both particle–particle and particle–boundary contact cases is described in detail.

3.3.1 Particle–particle case

Figure 7 illustrates the key steps in generating one data sample for the particle–particle contact case. The procedure con-
sists of the following steps.

(1) Generate the size and shape descriptors of the two particles in the contact scenario. As discussed in Section 3.2,
the object particle (particle 𝑂1 in Figure 7A) is set to be a unit size, whereas the size of the cue particle (particle
𝑂2 in Figure 7A) can be any random value in the specified range of relative particle sizes. For example, if the ratio
of the largest to the smallest particle sizes is 10, the specified range would be 1–10. Shape descriptors are dependent
on the specified particle shape templates and the range of the associated parameters. For elliptical particles, the ratio
of the major axis to the minor axis is a shape parameter, and its value can be determined by selecting a random value
in the specified range. To capture more realistic particle shapes, the shape descriptors can be determined based on the
results of image-based particle morphology characterization and statistical analysis, for example, elsewhere18,61–64 It
is worth noting that the specific distributions of particle size and shape parameters are not required in this step; only
the ranges of these descriptors matter.

(2) Generate the position descriptors 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
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F IGURE 8 Illustration of the procedures of preparing training and testing data for particle–boundary contacts

elements that are not in contact based on fast algorithms such as the bounding circle algorithm, whereas the narrow
phase performs the more expensive and exact contact detection calculations. In this work, only the narrow phase
needs to be handled by the ML models. The subroutine for generating a sample of cue particle position descriptors
that conforms to a narrow phase scenario are described as follows.
(a) Determine the rotation angle 𝜃 (shown in Figure 7A) by randomly selecting a value in the range from 0◦ to 360◦.
(b) Determine the angle 𝛼 (shown in Figure 7A) by randomly selecting a value in the range from 0◦ to 360◦. Herein,

𝛼 is the polar angle of position 𝑂2 (centroid of the cue particle shown in Figure 7) in the polar coordinate system.
(c) Determine the upper bound 𝑟𝑢𝑝𝑝𝑒𝑟 of the polar radius of position 𝑂2. Herein, the upper bound 𝑟𝑢𝑝𝑝𝑒𝑟 is defined as

the maximum possible distance between the particle centroids in the narrow phase. Assuming that the bounding
circle algorithm is adopted in the broad-phase contact detection, 𝑟𝑢𝑝𝑝𝑒𝑟 equals the sum of the radius of the two
bounding circles, as illustrated in Figure 7B. The corresponding centroid of the cue particle is labeled as 𝑂𝑢𝑝𝑝𝑒𝑟

2 .
(d) Determine the lower bound 𝑟𝑙𝑜𝑤𝑒𝑟 of the polar radius. Herein, the lower bound 𝑟𝑙𝑜𝑤𝑒𝑟 is defined as the minimum

possible distance between the particle centroids, and the corresponding centroid of the cue particle is labeled as
𝑂𝑙𝑜𝑤𝑒𝑟
2 . In a DEM simulation, the normal overlapping length is typically bounded, for example, less than 20% of

the particle size. Thus, the lower bound 𝑟𝑙𝑜𝑤𝑒𝑟 could be approximated as the smallest distance between particle
centroids at which the two particles, each scaled to 90% of its original size, could come in contact. With this lower
bound 𝑟𝑙𝑜𝑤𝑒𝑟, the two particles would have an overlap of approximately 20% of the particle sizes. Here, particle
size is quantified in terms of the diameter of the equal-sized circle.

(e) Determine the polar radius 𝑟 (of the cue particle centroid) by randomly selecting a value in the range from 𝑟𝑙𝑜𝑤𝑒𝑟

to 𝑟𝑢𝑝𝑝𝑒𝑟. The Cartesian coordinates of the centroid of the cue particle (𝑂2) can then be determined with 𝑟 and the
polar angle 𝛼.

3. Repeat steps 1 and 2 until the required number of data samples are generated.

3.3.2 Particle–boundary case

In the particle–boundary contact case, the procedure to generate data samples is described as follows.

(1) Determine the shape descriptors of the object particle. This step is the same as that of the particle–particle contact
case.

(2) Determine the position descriptors of the boundary using the following subroutine:
(a) Determine the angle of the boundary 𝛼 by randomly selecting a value in the range from 0◦ to 180◦.
(b) Determine the sign of the distance 𝑑𝑜 by randomly selecting a value of −1 or 1. A positive sign indicates that the

origin is on the right side of the boundary line, and a negative sign indicates that the origin is on the left side, as
illustrated in Figure 8B.

(c) Determine the upper bound 𝑑𝑢𝑝𝑝𝑒𝑟 of the distance magnitude. Similar to the particle–particle contact case, the
upper bound 𝑑𝑢𝑝𝑝𝑒𝑟 is taken as the radius of the bounding circle of the object particle.

(d) Determine the lower bound 𝑑𝑙𝑜𝑤𝑒𝑟 of the distance magnitude. The lower bound 𝑑𝑙𝑜𝑤𝑒𝑟 is approximated as the
smallest distance between the particle centroid and the boundary line at which the particle, when scaled to 90%
of its original size, could come in contact (see the dashed ellipse in Figure 8C).
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TABLE 1 Settings of the artificial neural network (ANN) models and training solver

Parameter Value
Hidden layers Three hidden layers, each having a dimension of 15
Data division 90% testing and 10% validation at random
Training function trainlm with default values in MATLAB
Maximum epochs 5000
Validation checks 10

(e) Determine the distance magnitude |𝑑| by randomly selecting a value in the range from 𝑑𝑙𝑜𝑤𝑒𝑟 to 𝑑𝑢𝑝𝑝𝑒𝑟.
3. Repeat steps 1 and 2 until the required number of data samples are generated.

4 TRAINING AND EVALUATION OF ANNs

With the ANNs, the inputs and outputs, and the procedure of data generation defined, we use elliptical particles to illus-
trate the proposedmethod and present the results of training and evaluate the performance of trainedANNs in this section.
Elliptical particles are adopted in this initial study as they are a common type of noncircular particle, and analytic contact
detection and resolution algorithms are available. The aspect ratio, that is, the ratio of minor to major axis, of the particle
is assumed to be 0.5. Particle sizes range from 1 to 2 after normalization.

4.1 Data sets and training setup

Following the procedures provided in Section 3.3, the data sets for network training and testing are first prepared. In this
work, the contact geometric features, defined inAppendix A, are evaluated based on computational geometric algorithms.
A total of 100,000 samples of particle–boundary contacts and 400,000 samples of particle–particle contacts are collected.
Each sample represents a case of contact scenario, in which particle or boundary has random size, position and rotation.
The size, position, and rotation are the inputs of the ANNmodels. Also, each sample (i.e., a case of contact scenario) would
have a contact status and a set of contact geometric features, which are the outputs of the ANNmodels. These samples are
divided equally into training and testing data sets. With the data sets prepared, the commercial software MATLAB is used
to implement, train, and test the ANNmodels. There are ten ANNmodels in total, namely, one classification net and five
regression nets for particle–particle contacts, and one classification net and three regression nets for particle–boundary
contacts. For ANN, the number and dimensions of hidden layers need to be determined. In this work, the same number
and dimensions of hidden layers are adopted for all 10 nets. The Levenberg–Marquardt optimizer with a maximum of
5000 epochs and 10 validation checks is adopted for the training. The settings of the ANNmodels, and the training solver,
are tabulated in Table 1. By trial and error, it is found that the ANN models with three hidden layers, with each hidden
layer having a dimension of 15, and with the given 50,000 and 200,000 training samples, can provide satisfactory results of
contact detection and resolution. Figure 9 shows an example of the performance of the classification netwith an increasing
number of training samples in the particle–boundary case. When trained with 50,000 samples, the classification net can
correctly predict the contact status of more than 99% of the random contact cases. More details about the training and
testing performance of the ANN models will be presented in the subsequent section.

4.2 Results of training and testing

We first investigate the performance of the classification and regression net for particle–boundary contact cases. The
performance of the classification net is quantified as the percentage of cases for which the contact status can be correctly
predicted. Herein, the contact status is correctly predicted if a true contact is identified as true by the classification net, and
a false contact is identified as false.We found that the trained classification net correctly predicted 99.94% of the samples in
the training dataset and 99.92% of the samples in a testing data set (i.e., data set not used in the training process). Figure 10
shows two examples of incorrect predictions, namely, a true contact predicted as false, and a false contact predicted as
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F IGURE 9 The performance of the classification net with an increasing number of training samples in the particle–boundary case

F IGURE 10 Examples of incorrect predictions in the particle–boundary contact case: (A) a true contact is predicted as false, and (B) a
false contact is predicted as true by the classification net

true by the classification net. An incorrect prediction could occur when the particle overlaps the boundary with a very
slight depth or when the particle has a very small clearance to the boundary.
The performance of the regression nets is quantified by the mean absolute errors (MAEs) in the predicted contact geo-

metric features. For evaluation, the samples with true contact, and those predicted as true, are extracted. These samples
are then cast into the regression nets to predict the contact geometric features. Figure 11 plots the predicted contact geo-
metric features over the corresponding ground truths. For both the training and testing data sets, the predicted results and
the ground truths match fairly well. The MAEs are on the order of 10−5 or smaller.
Next, the performance of the classification net and regression nets for particle–particle contacts are investigated. Based

on the trained classification net, the percentage of correct predictions is approximately 99.87% for the training data set
and approximately 99.67% for the testing data set. Figure 12 shows the results of the predicted contact geometric features
and the ground truths, which again present a fairly good match. The MAE in the predicted overlapping length is on
the order of 10−4, which is greater than the value of 10−5 for the particle–boundary case. The MAEs in the coordinates
of the contact points and the contact normals are on the order of 10−4 and 10−3, respectively. Considering the specific
data range of the contact geometric features, the MAEs overall are on the order of 10−4 if normalizing the data range to
[−1, 1]. The results indicate that it is appropriate to use the same layout (i.e., the same number and dimensions of hidden
layers) for every regression net, the performances of which are similar for different contact geometric features. On the
other hand, the regression nets of the same layout overall perform better in the particle–boundary contact cases than in
the particle–particle contact cases. This phenomenon is reasonable since the contact resolution between ellipses, as in
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F IGURE 11 (A) Training and (B) testing results of the regression net for contact resolution of the particle–boundary case. The predicted
values of the normal overlapping length and contact point coordinates are plotted over the ground truth values based on geometric
algorithms. The solid blue line indicates the 1:1 curve

the particle–particle contact cases, is more complex than that between an ellipse and a line, as in the particle–boundary
contact cases.

5 NUMERICAL EXAMPLES

In this section, we will present six numerical experiments, including simple pendulum, rockfall, packing, oedometric
compression, and angle of repose tests, to illustrate and evaluate the performance of the proposed ML-enabled DEM. The
first five numerical experiments are based on the elliptical particles that have been described in the previous section. The
last experiment involves arbitrary irregular-shaped particles to showcase the potentials and applicability of the proposed
method for other particle shapes. The results of the proposed ML-enabled DEM and the conventional DEM will be com-
pared. For the convenience of discussion, hereafter, we will use NetDEM to denote the proposedML-enabled DEM, which
uses neural networks for contact detection and solution; and GeoDEM to denote the conventional DEM, which uses geo-
metric algorithms for contact detection and solution. It should be noted that there is no training and testing involved
during the runtime of these example DEM simulations. The training and testing are performed offline and are at one-time
cost, to obtain and test the classification and regression nets. When the classification and regression nets are well-trained
and tested, they are then integrated into the DEM to detect contact and resolve contact geometric features, and besides
that, the NetDEM runs through the similar procedures as the conventional GeoDEM does (as discussed in Section 2).

5.1 Experiment 1: simple pendulum

The first numerical experiment considers the simple pendulum test for a single particle. As the angular displacement of a
pendulum has a well-established analytical solution, the purpose of this experiment is to verify the implementation of the
ANNmodels and theDEMcode. To simulate the simple pendulum test in theDEM, a particle is suspended from fixed sup-
port by a rope (considered as a linear spring). The rope provides centripetal forces,which are calculated from the increment
of the distance between the hanging and release points multiplied by the spring stiffness. The particle is released with an
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(A)

(B)

F IGURE 1 2 (A) Training and (B) testing results of the regression net for contact resolution of the particle–particle case

initial small angular displacement and is allowed to swing freely back and forth under the influence of gravity. To involve
a colliding event, two scenarios are considered. In the first scenario, the particle collides with a wall when the angular
displacement becomes zero, as shown in Figure 13A, and in the second scenario, the particle collides with another particle,
as shown in Figure 14A. As for the specific model setup, the particle has a major axis of 0.1 m and a minor axis of 0.05 m,
and the particle density is 2700 kg/m3. The particle is initially placed with an angular displacement of 20◦, and the length
of the hanging rope is 1.0m. The normal contact stiffness and tangential contact stiffness are both set to 1.0×107 N/m, and
the spring stiffness of the hanging rope is 1.0×108 N/m. The damping and friction are zero. The simulations last for a com-
plete pendulum period with a fixed time step of 1.0 ×10−4 s. Figure 13B and Figure 14B show the angular displacements
of the particles over time. Overall, the results of the DEM simulations compare fairly well with the analytical solution.



LAI et al. 13

F IGURE 13 Simple pendulum test with
a particle–boundary contact event: (A)
simulation setup, and (B) evolution of the
inclination angle 𝜃

F IGURE 14 Simple pendulum test with a particle–particle contact event: (A) simulation setup, and (B) evolution of the inclination
angle 𝜃. The symbols 𝑝𝑙 and 𝑝𝑟 indicate the particles on the left side and right side, respectively, in (A)

5.2 Experiment 2: rockfall

The second experiment considers the rockfall test, where a particle is released above a slope and then allowed to fall down
along the slope. The model setup is illustrated in Figure 15. In this example, an elliptical particle with a major axis of 0.3
and a minor axis of 0.15 is used. The density of the particle is 2700 kg/m3. The contact normal and tangential stiffness are
9.5×107 N/m, that is, 1.0 ×106 times the particle mass. The time step size is fixed at 1.0 ×10−4 s. Two simulation cases with
different contact friction and contact damping values are considered. The first case considers no damping and no friction,
whereas the second case considers damping of 0.2 and friction of 0.2. During the falling, the particle successively collides
with the slope. The trajectory and energy evolution during a period of 2.0 s are recorded and analyzed.
The particle trajectory and energy evolution for the first simulation case (with no damping and no friction) are plotted

in Figure 15. Along with the particle trajectory, the snapshots of the particle at the time when it collides with the walls
are also presented. Before the beginning of the sixth collision, the particle trajectory evaluated by NetDEM fairly well
matches that evaluated with GeoDEM. A notable discrepancy is observed after the seventh collision, and the discrepancy
accumulates afterward. As discussed in the previous section, there is anMAE on the order of 10−4 in the predicted contact
geometric features, which results in the discrepancy between NetDEM and GeoDEM. Interestingly, despite the deviations
in the predicted trajectory, the total energy of the particle calculated from the NetDEM simulation is conserved, as shown
in Figure 15A. This is likely due to the fact that the errors could be positive or negative such that their net effects on the
energy are negligible.
Figure 16 shows the particle trajectory and energy evolution for the second simulation case (with damping of 0.2 and

contact friction of 0.2). Again, the results of the trajectory and energy simulated from NetDEM have reasonable consis-
tency with those simulated from GeoDEM at the very beginning, and afterward, notable discrepancies start to occur and
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F IGURE 15 Particle trajectory and energy evolution in the rockfall test with no damping and no friction for (A) NetDEM and (B)
GeoDEM. It should be noted that this test only involves a single particle, and a serial image of the particle is plotted in the figure to show the
trajectory of the particle during the falling process

F IGURE 16 Particle trajectory and energy evolution in the rockfall test with damping of 0.2 and friction of 0.2 for (A) NetDEM and (B)
GeoDEM. A serial image of the particle is plotted to show the trajectory
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F IGURE 17 Snapshots of the packing simulation: (A) initial stage, (B) final packing based on NetDEM, and (C) final packing based on
GeoDEM

accumulate as a result of the errors in the predicted contact geometric features. Nevertheless, the effects of damping and
friction on the particle trajectory and energy are properly captured by NetDEM. The total energy of the particle decreases
gradually with time due to the effects of damping, and it experiences a sudden decrease due to the effects of contact fric-
tion. With the dissipation of the kinetic energy in the particle, the particle gradually slows down and eventually comes to
rest on the ground.

5.3 Experiment 3: random packing

The third experiment considers the randompacking test on polydispersed particles. In this example, a total of 500 elliptical
particles are first randomly placed in a box region 1.0 m in width and 3.0 m in height and are then allowed to settle down
under the influence of gravity, as shown in Figure 17. In particular, the position positions are obtained from a centroidal
Voronoi tessellation with 500 seeds.65,66 Thus, the particles roughly scatter evenly in the box. The particle rotation is
controlled by the cross angle between its major axis and the x-axis. The rotation angles follow a uniform distribution with
a range from 0◦ to 180◦. The particle sizes follow a uniform distribution with a range from 0.04 to 0.06 m. As mentioned
in Section 3.2, the equivalent size is defined as the diameter of the circle that has the same area as the particle. For all the
particles, the ratio of the minor axis to the major axis is 0.5. Throughout the packing process, the following parameters
are used: the contact normal and tangential stiffnesses are 1 × 107 N/m, the contact friction is 0.2, and the damping is
0.7. The simulation lasts for 5.0 s with a fixed time step of 1 × 10−4 s. Figure 17B,C compares the final particle assemblies
simulated from NetDEM and GeoDEM, respectively. It can be observed that the two assemblies present similar heights,
that is, similar porosities. The particles reside next to each other in the box, without any visible spuriousness such as
unrealistic overlapping or floating particles.
As a quantitative analysis of the packing configuration, the alignments of the particles are calculated and plotted in

Figure 18. Herein, the alignment of a particle is defined as the angle from the x-axis of the particle major axis and is
bounded between 0◦ and 180◦. For visualization purposes, the plots from 180◦ to 360◦ are also created in Figure 18 by
rotating the plots from 0◦ to 180◦ by 180◦. With this treatment, a particle that aligns at 𝜃 is assumed to also align at 𝜃+
180◦. The results in Figure 18 indicate that the particles present a preference for horizontal alignment. This phenomenon
is expected, as the particles have a large elongation and pack freely under the influence of gravity.
In addition to the particle alignments, the coordination number of the particles is plotted in Figure 19. Based on the

results of NetDEM shown in Figure 19A, the coordination number ranges from 1 to 5 with majority of them being 1 or 2.
However, based on the results of GeoDEM shown in Figure 19B, the coordination number ranges from 1 to 7 withmajority
of them being 4 or 5. The results indicate that the particles have overall fewer contacts with other particles (or boundaries)
in the NetDEM simulation than in GeoDEM simulation. With careful investigation, it is found that this phenomenon
likely results from the effects of the errors in the predicted contact geometric features in NetDEM from two aspects. First,
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F IGURE 18 Polar histogram of the particle orientation: (A)
NetDEM and (B) GeoDEM

(A) (B) (C)

F IGURE 19 Histograms of the coordinate number: (A) NetDEM, (B) GeoDEM, and (C) NetDEM with one percent expansion in size

in the case of free packing, the overlaps between particles are fairly small, creating a situation where a true contact could
be likely predicted as false, as previously demonstrated in Figure 10A. Second, although the MAE (i.e., on the order of
10−3 or less) in the predicted contact geometric features is minor, the error could still result in a spurious contact force
that overwhelms the gravitational force of the particle. As a result, the particles experience slight oscillations around their
expected equilibrium position. Figure 20 shows the evolution of the average particle translational velocity and the ratio of
the kinetic energy to the contact potential energy (referred to as the relative kinetic energy hereafter) during the packing
process. It can be observed that in GeoDEM, the average velocity, and the relative kinetic energy, eventually decreases to
a minimal value, indicating a quasi-static equilibrium state. In NetDEM, however, the average velocity and the relative
kinetic energy eventually remain vibrating around a stable constant. Due to the oscillation, two particles could be in
contact at one moment while the two particles would separate at the next moment, as illustrated in Figure 21. The overall
result is that the particles exhibit less contact with other particles inNetDEM than inGeoDEM.Nevertheless, it is expected
that the oscillations are fairly small and would likely not affect the packing characteristics, such as the true coordination
number. To confirm this aspect, the particles are expanded by one percent, and the coordination number is recalculated

(A) (B) (C)

F IGURE 20 Evolution of the (A) average velocity and (B) relative kinetic energy (i.e., the ratio of the kinetic energy to the contact
potential energy)
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(A) (B)

F IGURE 2 1 Contact statuses of a particle with its neighboring particles in the NetDEM simulation: (A) at time t = 4.9 s, (B) at time
t = 5.0 s, and (C) at time t = 5.0 s when the particle sizes are expanded by one percent when calculating the contact statuses. The pink lines
represent the contacts, and only the contacts of the center particle are plotted

F IGURE 22 Snapshots of the oedometric compression simulation: (A) NetDEM and (B) GeoDEM. The pink lines represent the contact
forces

based on the expanded particles. Figure 19C shows the distribution of the recalculated coordination number, which fairly
well matches the results of GeoDEM shown in Figure 19B.

5.4 Experiment 4: oedometric compression

The fourth experiment considers the oedometric compression test on polydispersed particles. It is noted that the pur-
pose of the example is to demonstrate the capability of the proposed method to generate a specimen and conduct a
numerical experiment on the specimen, and it is not intended to generate a specimen to meet predefined parameters
or a realistic geomaterial. More importantly, this example puts an emphasis on demonstrating the capability of the pro-
posed methods to reproduce the macroscopic mechanical behavior (e.g., stress–strain behavior) of a granular material.
With the final particle assembly obtained in the previous section, a boundary wall is placed on the top of the assembly
(at height z = 1.3 m) and is moved down at a velocity of 0.1 m/s. The particles are compressed for 2.0 s with a total com-
pression strain of approximately 15%. The other parameters remain the same as those of the packing experiment in the
previous section. After the compression, the snapshots of the particles, and the contact forces, are displayed in Figure 22.
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(A) (B)

F IGURE 2 3 Comparison of the (A) normal contact force and (B) shear contact force distributions based on NetDEM and GeoDEM

(A) (B)

F IGURE 24 Evolution of axial and lateral stresses in the boundary walls during oedometric compression: (A) NetDEM and (B) GeoDEM

It can be observed that the spatial distribution andmagnitudes (indicated by the thickness of the contact force lines) of the
contact forces simulated by NetDEM and GeoDEMpresent a high resemblance. As a qualitative analysis, the histogram of
the contact forces at all contacts is plotted in Figure 23. In bothmethods, the normal contact forces mainly range from 0 to
5 ×104 N, whereas the shear contact forces mainly range from 0 to 1 ×104 N, which is consistent with the specific contact
friction of 0.2. The contact forces simulated by NetDEM are overall a fairly goodmatch with those simulated by GeoDEM.
Based on the contact forces on the boundary walls, the compression stress in the top wall and the confining stress in

the lateral walls can be calculated. Figure 24 shows the evolution of compression and confining stresses during the com-
pression process. The stresses during the first 0.5 s of compression are almost zero because the particles are experiencing
a great deal of rearrangement in this state, and after that, the stresses increase almost linearly with time. There is a dis-
crepancy of approximately 20% in the results between NetDEM and the GeoDEM. The discrepancy is likely due to the
randomness in the initial particle packing.

5.5 Experiment 5: angle of repose

The fifth experiment considers the angle of repose test on polydispersed particles.With the final particle assembly obtained
from the packing experiment, the right lateral wall is removed to initiate the particle angle of repose test. The parameters in
this example remain the same as those of the packing experiment. The simulation lasts for 30 s, which is sufficient for the
particles to reestablish a quasi-static equilibrium state. As shown in Figure 25, the average velocity of the particles almost
plateaus after approximately 18 s, indicating that the particles have arrived at a quasi-static equilibrium state. Figure 26
displays the evolution of the particle assemblies with time. In this example, there is a notable discrepancy in the results of
NetDEM and GeoDEM. In NetDEM, the final angle of repose is calculated to be approximately 37.5◦, while in GeoDEM,
the final angle of repose is approximately 20.5◦. A possible explanation for the extra shear resistance in NetDEM is that
the errors in the predicted contact overlapping length result in spurious surface roughness on particles. To investigate
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F IGURE 2 5 Evolution of the average velocity during the angle of repose test

F IGURE 26 Snapshots of the angle of repose simulation: (A) NetDEM and (B) GeoDEM
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(A) (B)

F IGURE 27 Illustration of the spurious surface roughness effects in NetDEM: (A) the experiment setup with one particle being tangent
to and moving along the surface of another, (B) the results of the contact overlapping length

this aspect, a numerical test is conducted with one particle moving along the surface of another and meanwhile with the
two particles being tangent with each, as sketched in Figure 27A. Analytically, the contact overlapping length of these
two particles should be zero. Figure 27A shows the predicted contact overlapping length in NetDEM. Among most of the
particle layouts, the contact overlapping length is zero (i.e., no contact) or next to zero, while two spikes are also observed.
This phenomenon indicates that the particle may have a bump (i.e., spurious surface roughness) at the position of spikes.
It is worth noting that the overlapping length profile shown in Figure 27B only corresponds to the particle layouts shown
in Figure 27A. If the particles are of different rotation angles, the contact overlapping length profile (i.e., the spurious
surface roughness) could be different. Mitigating the errors in the overlapping length and their effects on dynamic DEM
simulations merit further exploration.

5.6 Experiment 6: packing and compression of arbitrarily irregular-shaped particles

The last experiment considers the packing and compression tests similar to experiments 3 and 4 in the previous sections,
whereas arbitrarily irregular-shaped particles are used to showcase the potentials and applicability of the proposedmethod
for other particle shapes. An arbitrarily irregular shape template previously used in Lai and Chen18 is taken as an example.
This shape template is reconstructed from realistic soil samples based on X-ray computed tomography and image analysis.
Based on this randomly selected shape template, 500 particles of the same size 0.05 m are created and then consecutively
run through the packing and compression processes. Besides particle shape, all other procedures and parameters are kept
the same as those used in experiments 3 and 4 in the previous sections. For GeoDEM, the Fourier series-based contact
detection and resolution algorithm previously developed in Lai et al.13 is used. For NetDEM, the design of the ANNs is
kept the same as those in the elliptical particle case. The training samples are obtained based on the Fourier series-based
contact detection and resolution algorithm.13 Similar to the previous sections, the packing configuration, contact forces,
and stress–strain relations are investigated, and the results are presented inFigures 28–30, respectively. Again, theNetDEM
and GeoDEM show fairly consistent results, which validates the potentials and applicability of the proposed method for
arbitrarily irregular-shaped particles.

6 DISCUSSIONS

In this section, we present some further discussions about the proposed ML-enable DEM (or NetDEM). The first is a
remark regarding the approaches to characterize the contact behavior. There are basically two groups of approaches to
characterize the contact behavior of colliding particles, namely, the nonsmooth dynamics approach and the regularized
continuous approach.67,68 The nonsmooth dynamics approach considers particles as rigid bodies and determines the
contact forces based on geometric constraints (e.g., no interparticle penetration and frictional stick–slip).69 On the other
hand, the regularized continuous approach (also referred to as the soft-particle approach) allows particles to deform at
the contact zone and evaluates the contact forces as functions of indentation and compliance of the contacting surfaces.50
The distinction in dealing with contacts further results in a difference in the time integration process in that the time
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F IGURE 28 Snapshots of the packing and
oedometric compression simulation with arbitrarily
irregular-shaped particles: (A) the final packing in
NetDEM, (B) the final packing in GeoDEM, (C) the
final contact force chains in NetDEM, and (D) the
final contact force chains in GeoDEM. The pink
lines represent the contact forces

(A) (B)

F IGURE 29 Comparison of the (A) normal contact force and (B) shear contact force distributions based on NetDEM and GeoDEM for
the irregular-shaped particles case

integration in the nonsmooth dynamics approach is implicit and needs to be solved numerically, whereas the time
integration in the regularized continuous approach is explicit.68 Due to the need for an implicit solution procedure, the
performance of the nonsmooth dynamics approach may deteriorate significantly in the case of dense packing. In this
work, the regularized continuous approach is considered. ML models are utilized to detect contacts and resolve contact
geometric features. Nonetheless, the concept of utilizing ML tools to deal with contact detection and resolution is general
and could be extended to other discontinuous mechanical methods (e.g., the nonsmooth dynamics DEM or DDA) that
involve interparticle contacts.7–9,68,70
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(A) (B)

F IGURE 30 Evolution of axial and lateral stresses in the walls during oedometric compression for the irregular-shaped particles case:
(A) NetDEM and (B) GeoDEM

Second, it is noted that in this work, we have adopted the geometric contact detection and resolution algorithms to
prepare the training samples for the ANNs. This seems a paradox as one primary motivation of the ML-enable DEM is
to avoid the tedious derivation and implementation of the geometric contact detection and resolution algorithms that are
required in the conventional DEM. Herein, we would like to note that besides the geometric contact detection and resolu-
tion algorithms, there are also other algorithms available for such a task. One option is to use image analysis techniques.
For example, image analysis techniques, together with photography or X-ray computed tomography, have been used to
obtain realistic particle shapes18,71,72 and compute key parameters of contact geometric features, including contact normal
orientation, contact area, contact point, and so forth.73–75 There are also attempts on the image analysis-based DEMs, such
as the orientation discretization database solution76,77 or the level set-DEM.78,79 Onemain limitationwith thesemethods is
the highmemory and computation demand due to the need to store and operate the large amount of particle pixels/voxels.
This limitation may be overcome by integrating the image analysis techniques with ML, as the preparation of the training
data is a one-time cost. With the NetDEM being trained in prior, simulations can be conducted efficiently by utilizing the
ML models for contact detection and resolution. The combination of image analysis techniques and ML models is also a
promising approach to develop the data-driven NetDEM, which directly links laboratory measurements with numerical
simulations and thus could essentially improve the fidelity of DEM simulations. This aspect merits further exploration.
The third is about the effects of using ML for contact detection and resolution on the accuracy and stability of a DEM

simulation. In NetDEM, the central difference time integration scheme is used to update particle positions and rotations.
Technically, the time integration is numerically stable if the time increment being used is less than a threshold value, that
is, the critical timestep.80 For the evaluation of contact behavior, this work adopts the linear spring contact model together
with the contact geometric features defined inAppendixA. This contact theory has been proved to be energy-conserving.14
Thus, the effects of using ML for contacts on the accuracy and stability of a DEM simulation mainly resides in the errors
in the predicted contact geometric features. The results of the six numerical experiments indicate that the errors in the
predicted contact geometric features would not cause numerical instability issue. In addition, the errors would not exhibit
a significant impact on the accuracy (in terms of packing fabric and stress–strain behavior) of a DEM simulation of quasi-
static problems (e.g., random packing and compression tests). However, the errors may significantly affect the dynamics
behaviors (e.g., the angle of repose test) of a particulate system.
Figure 31 illustrates the possible error sources when resolving the contact geometric features in NetDEM. The contact

point influences the contact behavior mainly through the branch vector, which is required for calculating the spinning
velocity of the particles and the contact moment. As investigated in Section 4, the errors in the contact geometric features
overall are on the order of 10−3 or less. In NetDEM, particle sizes are normalized such that the larger of the two particles
in contact has a unit size. Thus, the errors in the branch vector are likely on the order of 10−3 or less, which is fairly small.
In the same manner, the errors in the contact normal are also on the order of 10−3 or less, as the contact normal is also
of unit length. This implies that the effects of the errors in the contact point and contact normal on the contact behavior
are minor. On the other hand, the effects of the errors in the contact overlapping length on the contact behavior could
be significant depending on the magnitude of the external loading. Figure 32 shows the relative errors in the overlapping
length for all testing samples. For the particle–particle contact case, the relative error is approximately 10−2 for an over-
lapping length greater than 2%, while the relative error could be tens or hundreds if the overlapping length is close to zero
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F IGURE 3 1 Illustration of the errors in the predicted contact geometric features

(A) (B)

F IGURE 32 Relative errors in the contact overlapping length: (A) particle–boundary case and (B) particle–particle case

(e.g., 0.1% overlapping length). This implies that for particulate systemswith high external loading, such as in the oedomet-
ric compression test, the simulation results based on NetDEM could be fairly accurate. However, for particulate systems
with low external loading or dynamic responses, such as in the packing test and the angle of repose test, there could exist
spurious phenomena (e.g., particle oscillation or surface roughness effects) in the simulation results based on NetDEM.
Mitigating the errors in the overlapping length for small overlaps remains a big challenge and merits further exploration.
The last is about computational efficiency. The time costs of NetDEM and GeoDEM for the previous experiments are

compared in Table 2. Overall, NetDEM ismuchmore efficient than GeoDEM. For elliptical particles, such as the oedomet-
ric compression test, the time cost of NetDEM could be 25% less than that of GeoDEM. The efficiency gain could be much
higher for irregular-shaped particles or 3D DEM simulations. However, it should be noted that in this work, only one type
of shape is considered in a DEM simulation, and thus fairly shallow ANNs are used. If more shapes are involved, deeper

TABLE 2 Experiment specifications and computational time cost (run with single Intel i5 core and MATLAB)

Computing time [s]
Experiment No. of particles No. of boundaries Physical time [s] NetDEM GeoDEM
Ellipse: simple pendulum (a) 1 2 2.0 86 88
Ellipse: simple pendulum (b) 2 1 2.0 67 68
Ellipse: rockfall 1 3 2.0 44 44
Ellipse: packing 500 4 5.0 25,020 41,760
Ellipse: compression 500 4 2.0 18,120 24,240
Ellipse: angle of repose 500 2 30.0 247,860 340,560
Irregular: packing 500 4 5.0 19,469 68,534
Irregular: compression 500 4 2.0 15,179 43,444
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neural networks would be required to achieve an acceptable tolerance. This would increase the computational expenses
of NetDEM, but could be mitigated with parallel computing techniques for the neural networks.

7 SUMMARY

We present an ML-enabled framework that employs neural networks to detect and resolve particle contacts in DEM. Two
types of neural networks are involved, namely, a classification network for contact detection and a regression network
for contact resolution. The neural networks take the particle geometric descriptors as inputs and output the contact flag
and the contact geometric features. In particular, it is proposed to characterize the particle geometric description with
size, shape, and position descriptors. An approach to regularize the ranges of size, shape, and position descriptors for the
ANNs is also presented. With the definitions of inputs and outputs, the procedure for generating the training and testing
database of the neural network models is developed.
Taking elliptical particles as an example, the classification and regression networks are designed to have three hidden

layers, and each layer has a dimension of 15. With the networks properly trained with sufficient samples, the networks
could correctly predict the contact status of more than 99% of the various contact cases. The errors in contact geometric
features are on the order of 10−4 or less for particle–boundary contact cases, and are on the order of 10−3 or less for particle–
particle contact cases. The results of five numerical experiments have shown that the ML-enabled DEM can accurately
capture the trajectory and energy evolution of individual particles, the fabric characteristics of dense packing, and the
mechanical behavior of packing under large loads. Another example involving irregular-shaped particles has also been
presented to showcase the potentials and applicability of the proposed method for other particle shapes. Additionally, we
have discussed the possible sources of errors in the ML-enabled DEM. It is shown that the error issue mainly lies in the
predicted contact overlapping length. Although the absolute errors in the predicted contact overlapping length are small in
magnitude, they could have a significant effect on the contact behavior when the contact overlapping length is very small,
as in the case of systems under small loads. Future studies will focus on improving the accuracy of the method for such
systems. Finally, it should be noted that by using neural networks to detect and resolve contacts, the ML-enabled DEM
framework is general, and the workflow and implementation are applicable to any arbitrarily irregular-shaped particles.
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APPENDIX A: CONTACT GEOMETRIC FEATURES OF LINEAR CONTACTMODEL
In this section, the definition of the contact geometric features of the spring-based linear contactmodel is presented. These
contact geometric features will be taken as the outputs of the MLmodels in the contact detection and resolution problem.

A.1 Particle–particle case
In the particle–particle contact case, the contact geometric features, as illustrated in Figure A.1, are defined as follows.

∙ Tangential direction 𝒕: the direction of vector ⃖⃖⃗𝐼1𝐼2, where points 𝐼1 and 𝐼2 are the intersections of the particle surfaces.
∙ Normal direction 𝒏: the tangential direction rotated clockwise by 90◦. For ease of implementation, we take the conven-
tion that the contact normal should be directed to the object particle, that is, particle 𝑂1. In the case that the contact
normal is opposite to this convention, both the obtained contact normal and tangential directions are reversed.

∙ Branch vectors 𝒃: namely, vectors𝑀𝑂1 and𝑀𝑂2; the vectors going from the contact point𝑀 to the particle centroids
𝑂1 and 𝑂2, respectively, where the contact point𝑀 is defined as the midpoint of surface intersections 𝐼1 and 𝐼2.

∙ Normal overlapping length 𝛿𝑛: the length of line segment 𝑁1𝑁2, where points 𝑁1 and 𝑁2 are the intersections of the
line that passes through the contact points parallel to the normal direction with the particle surfaces. It should be noted
that the line would intersect a particle at two points, where the point inside the other particle should be used.

F IGURE A . 1 Definition of the contact geometric features for the particle–particle case
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F IGURE A . 2 Definition of contact geometric features for the particle–boundary case

∙ Increment of tangential overlapping Δ𝛿𝑡: calculated as Δ𝛿𝑡 = 𝑣𝑡Δ𝑡, where 𝑣𝑡 is the relative tangential velocity of one
particle with respect to the other particle, and Δ𝑡 is the current time increment. The relative tangential velocity 𝑣𝑡 is
calculated as 𝑣𝑡 = (𝒗𝑝 − 𝒗𝑞) ⋅ 𝒕 − (𝜔𝑝𝑙

𝑝
𝑛 + 𝜔𝑞𝑙

𝑞
𝑛), where 𝒗 and 𝜔 are the translational velocity and rotational velocity of

particles, respectively, 𝑙𝑛 = |𝒃 ⋅ 𝒏| is the length of the branch vector projected onto the contact normal direction, and
𝒕 is the contact tangential direction. The superscripts [⋅]𝑝 and [⋅]𝑞 in the equation indicate the variables belonging to
particles𝑝 and 𝑞, respectively. The subscripts [⋅]𝑛 and [⋅]𝑡 indicate the normal and tangential components of the variable,
respectively.

A.2 Particle–boundary case
In the particle–boundary contact case, the contact geometric features, as illustrated in Figure A.2, are defined as follows.

∙ Tangential direction 𝒕: the direction parallel to the boundary line.
∙ Normal direction 𝒏: the tangential direction rotated clockwise by 90◦. Similar to the particle–particle contact case, we
take the convention that the contact normal should be directed to the object particle, that is, particle 𝑂1. In the case
that the contact normal is opposite to this convention, both the obtained contact normal and tangential directions are
reversed.

∙ Branch vector 𝒃: namely, vector𝑀𝑂1; the vector going from the contact point𝑀 to the particle centroid𝑂1. Herein, the
contact point 𝑀 is defined as the midpoint of points 𝐴 and 𝑁, where point 𝐴 is the point on the particle surface that
has the furthest distance to the boundary line, and point 𝑁 is the intersection of line 𝐴𝑂1 and the boundary line.

∙ Normal overlapping length 𝛿𝑛: the distance from point 𝐴 to the boundary line.
∙ Increment of tangential overlappingΔ𝛿𝑡: also calculated asΔ𝛿𝑡 = 𝑣𝑡Δ𝑡, where 𝑣𝑡 is the relative tangential velocity of the
particle with respect to the boundary. The relative tangential velocity 𝑣𝑡 in the particle–boundary contact case is calcu-
lated as 𝑣𝑡 = (𝒗𝑝 − 𝒗𝑏) ⋅ 𝒕 − (𝜔𝑝𝑙

𝑝
𝑛 + 𝜔𝑏𝑙𝑏𝑛), where 𝒗 and 𝜔 are the translational and rotational velocities, respectively; 𝑙𝑏𝑛

is the distance from the contact point to the boundary rotational center projected onto the contact normal direction; 𝑙𝑝𝑛
is the length of the branch vector projected onto the contact normal direction; and 𝒕 is the contact tangential direction.
The superscripts [⋅]𝑝 and [⋅]𝑏 indicate the variables belonging to the particle and the boundary, respectively.


	Machine-learning-enabled discrete element method: Contact detection and resolution of irregular-shaped particles
	Abstract
	1 | INTRODUCTION
	2 | OVERVIEW OF THE PROPOSED METHOD
	3 | ML-BASED CONTACT DETECTION AND RESOLUTION
	3.1 | Design and architecture of ANNs
	3.2 | Inputs and outputs of ANNs
	3.3 | Preparing training and testing data
	3.3.1 | Particle-particle case
	3.3.2 | Particle-boundary case


	4 | TRAINING AND EVALUATION OF ANNs
	4.1 | Data sets and training setup
	4.2 | Results of training and testing

	5 | NUMERICAL EXAMPLES
	5.1 | Experiment 1: simple pendulum
	5.2 | Experiment 2: rockfall
	5.3 | Experiment 3: random packing
	5.4 | Experiment 4: oedometric compression
	5.5 | Experiment 5: angle of repose
	5.6 | Experiment 6: packing and compression of arbitrarily irregular-shaped particles

	6 | DISCUSSIONS
	7 | SUMMARY
	ACKNOWLEDGMENTS
	DATA AVAILABILITY STATEMENT

	ORCID
	REFERENCES
	APPENDIX A: CONTACT GEOMETRIC FEATURES OF LINEAR CONTACT MODEL
	A.1 | Particle-particle case
	A.2 | Particle-boundary case




