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ABSTRACT: The discrete element method (DEM) was originally proposed for use in geotechnical engineering in the late 1970s; 

however, the computational cost of DEM simulations delayed wide use of this simulation technique in geomechanics research and 

practice until the 1990s.  Now DEM is accepted as part of the geotechnical toolkit for fundamental research and its application to more 

applied settings is gradually increasing.  This contribution traces the evolution of DEM from a geomechnics perspective and outlines 

key features of this modelling technique.  Approaches adopted to model particle breakage, fluid-particle interactions and clay are 

introduced.  DEM simulations can generate significant quantities of particle-scale data and some of the ways we can use these data to 

link the particle scale responses to the overall material behavior are outlined.  Examples of key ways in which DEM simulation data 

have impacted understanding of soil behavior are presented.  Thoughts on the potential to exploit artificial intelligence / machine 

learning in DEM simulations are presented, while the potential to exploit hardware evolution, most notably graphical processing units, 

is also explored. 
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1 INTRODUCTION 

The discrete element method (DEM) is a powerful tool for the 

simulation of granular materials without the need for an 

overarching macroscale constitutive equation. The seminal 

paper introducing the discrete element method (DEM), Cundall 

and Strack (1979a), is the most highly cited paper that has been 

published in the journal Géotechnique. The impact achieved by 

this paper can be explained by the uptake of DEM across a 

range of disciplines including chemical and process engineering 

and granular physics. As we approach the 50th anniversary of 

this publication, this state-of-the-art paper aims to give an 

overview of DEM from the perspective of soil mechanics and 

geotechnical engineering.  We have aimed to develop a paper 

that introduces the method to the non-specialist, traces the story 

of its development and documents some of the key advances in 

soil mechanics that have been enabled by DEM.  Given the level 

of interest in this numerical method and volume of papers 

associated with DEM in geotechnical engineering, we can only 

provide a small flavor of the advances that have been achieved 

using this method. We restrict consideration to particle DEM 

algorithms and codes, so that we do not consider software like 

UDEC/3DEC (Itasca 2025c, d) which has been developed to 

simulate the interaction of systems of rock blocks. 

Following a brief review of the history of DEM, we 

introduce the method itself (as well as some variants of the 

method), key software packages and discuss the benefits 

offered by evolving hardware (both CPUs and GPUs). Then we 

give a concise micro-to-macro toolkit discussing how we can 

model and quantify shape, and how fabric can be quantified. 

The paper then looks at key contributions to advancing 

understanding of soil behavior that have been made using 

DEM, before discussing the application of DEM to boundary 

value problems.  We end the paper by considering some future 

challenges and opportunities posed by DEM. 

Prior review papers that have compiled information on 

DEM for the community include Zhu et al. (2007, 2008). Key 

textbooks include O’Sullivan (2011), Radjaï and Dubois (2011) 

and Thornton (2015). Online resources to self-study DEM are 

available or signposted at CCC-ParaSolS (2025) (see Resources 

tab) and SciGEM Education (2025). 

 

1.1 Evolution of the method 

Figure 1 and Figure 2 give timelines that (subjectively) 

illustrate milestones associated with the evolution of DEM in 

geotechnical engineering.  In general, and specifically in soil 

mechanics and geotechnical engineering, the beginning of 

DEM is attributed to the Géotechnique paper, Cundall and 

Strack (1979a). Taking a broader perspective, DEM solves the 

N-body problem which can be dated to Newton’s work on 

planetary orbits (see discussion in Rapaport (2004)). Specific 

strands of research dating from about the mid-1950s provided 

the foundations upon which the use of DEM in geomechanics 

is built. Analytical models to link interparticle friction and the 

overall behavior of lattice packings of uniform disks/spheres 

using relatively simple interaction models played a role in 

developing frameworks for sand behavior in the 1960s (Horne 

(1965); Rowe (1962)). 
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Figure 1. Timeline illustrating evolution of the use of DEM in geotechnical engineering: Part I 1950-1989. 

 
 

 

 
Figure 2. Timeline illustrating evolution of the use of DEM in geotechnical engineering: Part II 1990-2025. 

The emergence of two-dimension physical models in the 

form of Schneebeli rods (Schneebeli, 1956; Matsuoka, 1974) or 

photoelastic disks (Dantu, 1968; Oda and Konishi (1974)) as 

research tools almost certainly contributed to acceptance of the 

value of two-dimensional DEM simulations in soil mechanics, 

while also providing data to validate DEM models.  A 

secondary, and equally important outcome of this research, was 

that they provided an impetus to develop rational frameworks 

to analyze the fabric data that would later emerge from DEM 

simulations (Kanatani, 1981; Satake, 1978). The contributions 

to contact mechanics by Mindlin (1949) and Mindlin and 

Deresiewicz (1953) had a significant impact on DEM 

developments in later decades.  The algorithmic basis for coarse 

grained DEM-CFD (computational fluid dynamics) coupling 

can be found in Anderson and Jackson (1967), while Ergun 

(1952) provided a way to calculate the fluid-particle interaction 

forces in coupled simulation frameworks. 

The origin of molecular dynamics (MD) is attributed to 

Alder and Wainwright (1957); the algorithmic 

similarities/differences between DEM and MD can be 

appreciated by reference to Ciccotti et al. (2022), Rappaport 

(2004), or Herman and Luding (1998).  Subsequent significant 

algorithmic developments targeted at MD played an important 

role in the development of DEM, for example the ideas on time 

integration and neighbor lists in Verlet (1967). Cundall and 

Strack (1979a, b) seem to have developed their work 

independently of the MD community.  There is no reference to 

MD either in Cundall and Strack (1979a), nor in the linked 

reports to the National Science Foundation (Strack and Cundall, 

1978; Cundall and Strack (1979b)).  Walton (1980) traced (in 

useful detail) the development of Cundall and Strack’s DEM 

through a series of papers and reports focused on simulation of 

jointed rock / blocks of rock (Cundall, 1971; Cundall, 1974; 

Cundall et al. 1978).  Walton (1980) also acknowledged the 

development of implicit DEM algorithms for rock mechanics 

simulations during the 1970s (e.g. Dahlquist and Lotstedt 

(1977)) and demonstrated awareness of molecular dynamics. 

The first conference dedicated to DEM, held in 1989, was 

indicative of an emerging community (Mustoe et al., 1989).  Ng 

and Doby (1994) gave an overview of the available software 

indicating that by the early 1990s researchers were either (i) 

using codes made available by Cundall, namely BALL (Cundall 

and Strack 1979) and TRUBAL (Strack and Cundall 1984), (ii) 

working with modified versions of Cundall’s codes (Thornton 

and Randall (1988), CONBAL (Ng and Dobry, 1991), and 

DISC (Ting et al.1989), or (iii) working with codes the 
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developed themselves (e.g. Walton 1982, Kuhn 1989, and 

Bathurst and Rothenburg 1989). The mid-1990s saw two key 

software developments from a geomechanics perspective: the 

first release of PFC by Itasca in 1994, and the LAMMPS open-

source molecular dynamics code (Plimpton, 1995). While the 

most significant algorithmic development in the 1990s was 

probably coupling of DEM and CFD (Tsuji et al., 1993; Xu and 

Yu, 1997), another key advancement was demonstrating 

application of the method to clay (Anandarajah, 1994).  

Alternatives algorithms to classical DEM, including contact 

dynamics (overview in Jean, 1999) and event driven/hard 

sphere approaches (outlined in Hermann and Luding, 1998), 

have had limited uptake amongst geotechnical engineers. 

By the turn of the century sufficient DEM data had 

emerged to enable Cundall (2001) to argue convincingly that 

particle DEM simulations could capture many (if not most) of 

the key complex material behavior characteristics associated 

with sand.  The companion review papers by Zhu et al. (2007, 

2008) capture a significant effort in theoretical developments 

and application of DEM, while also highlighting the 

applicability of the method across a range of disciplines in 

science and engineering. 

 

 
(a) 

 
(b) 

Figure 3. Scientific output related to DEM assessed using Web of 

Science (Clarivate, 2025) and keywords discrete element 
method/model, distinct element method/model, discrete particle 

simulation/method/model and granular dynamic simulation following 

Zhu et al. (2007) (a) Data from all scientific disciplines  

To gauge the level of DEM related activity in the scientific 

community as a whole we followed lowing the approach of Zhu 

et al. (2007) and searched through available Web of Science 

data in November 2025 (Clarivate, 2025). The search used the 

keywords discrete element method/model, distinct element 

method/model, discrete particle simulation/method/model and 

granular dynamic simulation; the resultant data are presented in 

Figure 3(a) as the number of papers published in each year since 

1970. These data indicate that post 1990 there has an 

exponential growth in use of these modelling technologies.  It 

is difficult to isolate geomechanics-related research from the 

Web of Science database.  To gauge the evolution of DEM use 

in geomechanics research since 2000 we considered again the 

same key words and used Web of Science focusing on nine 

international geotechnical journals (Géotechnique, the 

International Journal for Numerical and Analytical Methods in 

Geomechanics, the International Journal of Geomechanics, the 

Journal of Geotechnical and Geoenvironmental Engineering, 

Soils and Foundations, the Canadian Geotechnical Journal, 

Computers and Geotechnics, Acta Geotechnica, and Soil 

Dynamics and Earthquake Engineering). For this constrained 

dataset we also see an exponential growth from about 10 papers 

per year in the early 2000s to over 300 papers in 2024.  

However, there is a clear bias in these data; the proportion of 

these papers published in Computers and Geotechnics alone has 

grown from about 20% in 2010 to over 55% in 2024.  If we 

restrict consideration to journals that have a more general remit 

in geotechnical engineering, i.e. the Canadian Geotechnical 

Journal, Géotechnique and the Journal of Geotechnical and 

Geoenvironmental Engineering, the growth in DEM-related 

papers since 2000 is approximately linear. We have excluded 

rock mechanics journals from this set as we want to focus on 

particle-based DEM, rather than the block DEM algorithms that 

are often used in rock mechanics. However, we acknowledge 

that particle-based DEM has been used to simulate rock mass 

and Potyondy and Cundall (2004) is the key reference to outline 

how this can be achieved. 

It is now clear that DEM is accepted as a useful tool in soil 

mechanics / geotechnical engineering even if it is rarely used in 

geotechnical design analysis. A mark of acceptance has been 

the use of DEM data to support the scientific arguments put 

forward in several recent named/honor lectures associated with 

member societies of the ISSMGE (e.g. Jardine, 2020, Hight 

2024). Adopting a philosophical perspective, if the discipline of 

geotechnical engineering can be schematically represented by 

Burland’s soil mechanics triangle (Burland, 1987), DEM 

simulations can contribute to understanding, interpretation, and 

measurement of soil behavior while also complementing 

continuum and physical models, particularly with providing 

insight into large deformation problems. 

 
Figure 4. Mapping DEM to the soil mechanics triangle proposed in 

Burland (1987) 
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2 OVERVIEW OF METHOD 

2.1 Basis of DEM 

The basis of the DEM algorithm and the governing equations 

have been well documented in the literature; rather than 

reproducing these here we refer the reader to Potyondy and 

Cundall (2004) who outline these in a clear and succinct 

manner. For completeness we include a high-level schematic in 

Figure 5 which indicates the main elements to consider in a 

basic DEM simulation (i.e. one that does not consider coupling, 

particle breakage, or other complicating factors). Taking 

another perspective, simulations can be simplified into a set of 

components that need to be recorded, as illustrated in Figure 6. 

Rather than relying on a set of complex constitutive 

relationships, at every time-step in a DEM simulation, 

Newton’s equations of motion are solved for each particle in an 

assembly. In the most straightforward implementation, particles 

in DEM models interact through simple penalty-based contact 

laws and the time evolution of state is computed using a 

conditionally stable finite difference scheme based on some 

variant of the velocity Verlet algorithm (Verlet 1967). 

The time-step required for stability is expensive to 

compute accurately because it requires computation of the 

eigenvalues of the inverse of the global stiffness matrix left-

multiplied on the global mass matrix. As such, a simplified 

spring-and-mass approach is typically adopted to approximate 

the time-step, and a safety factor is applied to ensure stability 

(e.g. Itasca Consulting Group 2025a; O’Sullivan 2011; 

O’Sullivan and Bray 2004).  Using this approach the critical 

time-step is taken as 𝛼√𝑚 𝐾⁄  where 𝛼 is a factor to account for 

the fact that the system is more complex than a SDOF system, 

𝑚 is a representative particle mass and 𝐾 is the contact stiffness.  

Recognizing that the critical time-step for numerical stability is 

determined by the maximum vibration frequency of the system, 

Otsubo et al. (2017) showed that it depends on the maximum 

number of contacts a particle participates in as well as the 

minimum particle mass, and the maximum contact stiffness.  

Thornton (2000) links the critical time-step to the Rayleigh 

wave speed.  Recognizing the link between numerical stability 

and density, several DEM analysts (e.g. Thornton (2000)) run 

simulations with density scaling, i.e. artificially scaling the 

particle density by orders of magnitude. As discussed 

subsequently, this process increases the inertia number of the 

system, so that any applied deformation rate must be reduced to 

maintain quasi-static deformation. 

 
Figure 5. Schematic diagram of DEM simulation flowchart. Modified 

from O’Sullivan (2011) 

 
Figure 6. Alternative perspective of a DEM simulation as a set of 

components that need to be recorded; modified from Morrissey et al. 

(2025) 

2.2 Contact detection 

Contact / neighborhood detection or broad-phase collision 

detection is critical and is often the most computationally 

intensive step. It can account for up to 80% of the runtime in 

DEM. For each particle, we must quickly find all other particles 

that are within a certain interaction distance (e.g., touching or 

within a short range for cohesive forces). Checking every 

particle against every other particle (an O(N²) operation) is 

infeasibly expensive for large systems. While a key early 

development was the linked list proposed by Verlet (1967), 

various algorithms have been developed to improve the 

efficiency of neighbor searching (O’Sullivan, 2011; Zhao and 

Zhao, 2019). Existing neighbor search methods can be 

categorized into four conventional schemes: brute-force, sweep 

and prune, cell-based, and tree-based searching (Zhao et al., 

2023a). 

The brute-force searching scheme tests for proximity 

between each particle and all the other particles in the simulated 

system. It is straightforward to implement, but computationally 

extremely inefficient. It is rarely used in practice today. 

 

Figure 7. Schematic diagram of contact detection approaches (a) 
Axis-aligned bounding boxes (AABBs), (b) uniform cells, and (c) a 

tree-based bounding hierarchy (Zhao et al., 2023a) 

A standard optimization is to use a Bounding Volume 

Hierarchy (BVH). In this approach each spherical particle is 

first enclosed by a simpler volumetric shape, most commonly 

an Axis-Aligned Bounding Box (AABB) which is aligned with 

the axes for the global coordinate system. An AABB is a box 

whose edges are aligned with the X, Y, and Z axes of the 

coordinate system. These AABBs are then arranged into a 

hierarchical tree structure (the BVH). This allows the 

simulation to very quickly rule out vast numbers of particles 

that are too far away to be neighbors, by checking if their 

AABBs overlap. This sweep and prune search scheme (shown 

in Figure 7(a)) generates a sorted list for sweep and prune 

operations  that is an active list of potential neighbor candidates 

for each particle (Coming and Staadt, 2006; Tracy et al. 2009). 

This method can significantly speed up contact detection in 

comparison to the brute force approach; it works well for large 

systems, and it has been used for popular open-source codes 

including YADE (2025) and SudoDEM (Zhao and Zhao, 

2021a). The disadvantage of this approach is that it may 
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encounter performance bottlenecks for highly dynamic 

simulations. 

Cell-based searching schemes (Figure 7(b)) employ a 

uniform grid of cells and assigns each particle to one or more 

cells based on its position. The neighbor search is carried out 

using a mapping between particles and cells using a cell-particle 

list, so that neighbors are found by searching only in cells 

adjacent to a given particle and a neighbor list is created (Tian 

et al., 2017, Lubbe et al., 2020). This scheme is computationally 

efficient and generally robust for large, dense systems and able 

to deal with systems with wide grain size distributions. Its 

performance may be compromised for highly dynamic 

simulations or cases where cell size is too small. 

The tree-based scheme, specifically the bounding volume 

hierarchy (BVH) algorithm (Figure 7(c)), uses a hierarchical 

structure constructed from all the particle AABBs in the system 

to efficiently search the neighborhood for contact detection 

(Lubbe et al., 2020). It performs neighbor searching by 

traversing the BVH tree starting from the root node to the tree 

branch with overlaps until reaching the leaf nodes where actual 

neighbors exist and contacts between particles occur, skipping 

the child nodes without overlaps. It allows for rapid elimination 

of non-contacting pairs for high efficiency and reasonable 

scalability. Its major drawbacks include the overhead of 

building and updating the BVH for highly dynamic systems and 

the associated memory needed for the hierarchical structure. 

Some specific features of GPUs can be exploited to 

accelerate neighbor searches. One useful feature that is 

exploited in Zhao et al. (2023a) is specialized Ray-Tracing (RT) 

Cores. RT GPU cores are specifically designed for graphics 

applications to trace the path of virtual light rays to improve 

image quality. In the approach proposed by Zhao et al. (2023a) 

instead of creating an AABB that tightly enclose each particle 

itself (boxes in Figure 7(a) above), an expanded AABB (blue 

box in Figure 8(a)) is created. This expanded AABB fully 

encloses the given particle and the centroids of any other 

particle that might be touching it. If two spheres of radius 𝑅 are 

just touching, the center-to-center distance is 2𝑅. Therefore, the 

AABB is expanded from the particle's center by a distance 

greater than or equal to 2𝑅 in all directions. 

 

 

Figure 8. Illustration of ray-tracing neighbor search: (A) range search 
for Particle A to identify its corresponding expanded AABB, (B) 

potential neighbors with centers (red points) with the expanded AABB 

of Particle A, (C) conversion of point-AABB intersection as a ray-

tracing problem, and (D) final contact resolution (Zhao et al., 2023a) 

Zhao et al. (2023a) show how to use a RT core to determine 

for every other particle in the system (i.e. the “candidate 

neighbors”), whether its center point lies inside the expanded 

AABB for particle A. They propose defining a ray with 

arbitrary direction to start at the center of the candidate 

neighbor particle. The RT core then assesses whether the ray 

intersects the expanded AABB of particle. A fundamental 

property of ray-AABB intersection algorithms is that they must 

first check if the ray's origin (its starting point) is already inside 

the AABB. If it is, the RT core immediately returns a “hit.” If 

the origin is outside, it returns a “miss.” The actual path of the 

ray is irrelevant; it is the starting point that is important. The 

simulation then a ray query for each candidate particle against 

the BVH. The RT cores are purpose-built for this workload and 

so can resolve these queries orders of magnitude faster than a 

general-purpose CPU or GPU cores could perform equivalent 

point-in-AABB checks. 

A neighbor list is created to store the information about 

neighbors (contact pairs) ideally in a doubly linked manner, so 

that the whole system can be assessed by traversing only half of 

the neighbor list. A backup of the contact list can be maintained 

once the neighbor list is updated to facilitate queries for 

previous contacts when the corresponding contact ID changes 

in the updated contact list. 

2.3 Contact models 

The two most widely used contact constitutive laws used in 

DEM simulations are linear spring contacts (e.g., Cundall and 

Strack 1979a, b) and nonlinear Hertz-Mindlin contacts (Hertz 

1882; Mindlin 1949; Mindlin and Deresiewicz 1953), but other, 

more sophisticated contacts are possible (e.g., hysteretic, 

bonded, rolling resistance). Here we provide an overview of 

some contact models that are most used in geomechanics. 

2.3.1 Linear contact models 

In a DEM model the small amount of deformation that occurs 

when real particles interact (Figure 9(a)) is modelled as an 

overlap between grains (Figure 9(b)). The most basic contact 

model comprises a linear spring in the normal direction and a 

linear spring with a slider that is activated using a Coulomb 

friction criterion in the tangential or shear direction 

(Figure 9(b)). Unless bonding is simulated these springs act in 

a no-tension mode, i.e. the normal force is the product of the 

spring stiffness and the overlap at the contact point and once the 

overlap reduces to zero or if there is a separation between the 

particles the contact is removed. The linear springs in the 

contact normal direction should be considered “penalty” 

springs to prevent significant overlap between or 

interpenetration of particles. In the tangential direction the 

linear spring minimizes the amount of sliding that occurs before 

the frictional slider is activated. It is important to consider the 

cumulative shear spring deformation when calculating the force 

in the tangential spring (O’Sullivan and Bray, 2003). 

 

Figure 9. Schematic illustration of basic linear contact model adopted 

in DEM. 

Potyondy and Cundall (2004) suggest ways to link these 

spring stiffnesses to the overall material (elastic) stiffness. 

However, soil is not a linear elastic material, and the stiffness 

varies with packing density, stress level, and deformation and 

so linking an elastic stiffness for the particulate assembly with 

a contact stiffness should be approached with caution. Even if 

linear elastic springs are used to model contact, non-linear 

material behavior will emerge from DEM simulations; the non-

linearity originates from a change in contact status, i.e. when 
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contacts transition into a sliding state, or when particles loose 

contact or form new contacts. Fundamental research linking 

contact stiffnesses to overall stiffness includes the effective 

medium theory work of Chang and Liao (1994) and Yimsiri and 

Soga (2000). 

2.3.2 Hertzian contact models 

Hertzian contact models are based upon analytical solutions 

giving the force:deformation relationships for smooth, elastic 

spheres developed initially by Hertz (1882) are very often used 

in DEM studies in soil mechanics and geotechnical engineering. 

The derivation of these expressions is clearly presented in 

Johnson (1985). In the contact normal direction these predict a 

power-law relationship between contact overlap and the contact 

normal force, as illustrated in Figure 10(a). 

 

 

 
Figure 10. (a) Relationship between normal force (𝑁) and contact 

normal deformation / overlap (𝛿) predicted by Hertz contact model (b) 

Relationship between shear stiffness and mean pressure in soil 

(granular material) assuming a constant void ratio. 

Even though Hertzian contact mechanics is only directly 

applicable only to perfectly smooth spherical surfaces, this 

model frequently is used in DEM simulations in soil mechanics 

as it captures key features of contact mechanics: (i) the 

nonlinear force–deformation relationship at the contact point 

even in the case of contact between two elastic spheres; (ii) the 

dependence of the contact stiffness upon the radius of curvature 

of the contacting particles at the point of contact (as well as the 

stiffnesses of the particles themselves); and (iii) the power-law 

dependency of the contact area  upon the contact normal force. 

A key limitation of the Hertzian contact model is illustrated 

in Figure 10(b). For a specimen of uniform spheres, the contact 

model presented in Figure 10(a) will give a relationship 

between the elastic (small strain) shear stiffness and mean 

pressure with an exponent (slope in log:log space) of 1/3 

(Figure 10(b); Walton (1987), Chang et al. (1991)). This 

exponent is lower than that typically observed in sand where an 

exponent/slope closer to 1/2  is more often observed (e.g., 

Hardin and Richart 1963). However, despite these limitations, 

contact models derived using Hertzian theory are important as 

they provide a fundamental basis to explain phenomena 

associated with soil behavior, for example, the pressure 

dependency of the overall elastic (small-strain) stiffness of a 

particle assembly. 

 

 

 
Figure 11. (a) Relationship between normal force (𝑁) and contact 

normal deformation / overlap (𝛿) in the case of rough spherical 

particles, for N<NT1 the response is dominated by the asperities, for N> 

NT2 the asperities are assumed to be flattened, and Hertz theory is 

directly applicable. The transition points depend on roughness (b) 

Microscope images of rough spheres used to develop the theory and 

interferometer data used to quantify the surface roughness (Sq) (Otusbo 

and O’Sullivan, 2018)  

Yimsiri and Soga (2000) and Otsubo and O’Sullivan 

(2018) have considered alternative contact models that are 

variants of the Hertzian model that can account for the lower 

stiffness experienced when rough surfaces come into contact 

(e.g. Figure 11). 

Mindlin (1949) and Mindlin and Deresiewicz (1953) 

proposed a force–displacement relationship in the direction 

tangential to the contact normal that is often integrated with 

Hertz theory to describe the normal interaction to give the HMD 

model (Hertz–Mindlin–Deresiewicz). This model is rather 

complex as it predicts that the tangential force–displacement 

relationship depends on the load history and the rate of change 

in the normal and tangential forces. The complete set of 

equations describing this model is given in Thornton and Yin 

(1991).  

2.3.3 Hysteretic contact models 

At the macro-scale soil exhibits hysteresis when subject to 

load:unload cycles. If the shear/tangential component of a 

contact model includes a frictional limit there will always a 

hysteretic response if the shear force reaches the friction cut-

off. In the simple case of a linear tangential spring-frictional 

slider model the response is as illustrated in Figure 12(a) and 

the energy dissipated in friction is given by the shaded area. 

Hanley et al. (2018) linked the energy dissipation in sliding 

observed in DEM simulations of spherical assemblies subject 

to triaxial compression to the work expressions in Cam-clay and 

modified Cam-clay. Wong and Coop (2024) provide 
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experimental data for this type of hysteresis considering railway 

ballast particles. 

 
Figure 12. Hysteretic contact models (a) Illustration of hysteresis in 

tangential contact model for case where model is loaded so that 
frictional sliding occurs and is then unloaded (b) Illustration of Walton 

and Braun (1986) hysteretic model where 𝐾1 is normal stiffness in 

loading and 𝐾2 is normal stiffness in unloading (c) Rheological model 

to represent normal contact model in (b). Hatched area in (a) and (b) 

gives energy dissipated in a load:unload cycle. 

In the normal direction plasticity can occur due to yield of 

the material making up the soil grain. This type of yield can be 

captured by the hysteretic contact model illustrated (for linear 

contact normal springs) in Figure 12(b) and (c). According to 

this model the stiffness in initial loading is less than in 

unloading.  Conceptually this can be related to the asperity yield 

model illustrated in Figure 11. Ductile yielding of individual 

grains has had limited attention in geotechnical engineering 

(although this can be an issue for materials considered in other 

disciplines) as the constituent materials tend to be stiff and 

brittle; this has motivated significant efforts to simulate 

crushing in DEM as discussed in Section 2.5 below.  

2.3.4 Bonding 

DEM can also be used to simulate bonded particle assemblies 

that can represent a variety of continuum or near-continuum 

materials, such as cemented soils (e.g. de Bono et al. 2014, 

Estrada et al. 2010a,b; Feng et al. 2017; Jiang et al. 2007; 

Obermayr et al. 2013; Utili and Nova 2008), rocks (e.g., Ma and 

Huang 2021; Potyondy 2007; Potyondy and Cundall 2004; 

Tomac and Gutierrez 2020; Trent and Margolin 1992; Wang 

and Tonon 2009), brittle polymers (e.g., Hedjazi et al. 2012; 

Kosteski et al. 2012), glasses (e.g., André et al. 2013; Jebahi et 

al. 2013), and solids with elastic anisotropy (Truszkowska et al. 

2018). The features of DEM which make it suited to simulating 

continuum materials in this way include its ability to capture 

spatial heterogeneity, discontinuous deformations, non-affine 

displacements, and emergent phenomena whose simulation in a 

continuum framework is non-trivial (e.g., strain localizations). 

A variety of bonding models have been implemented in 

DEM, the simplest of which is the linear contact bond model 

(Itasca Consulting Group 2025a), which can be thought of as a 

“spot weld” between two particles – it prevents sliding and 

separation, but does not transmit moment. Bond models that 

allow moment to develop at particle contacts include parallel 

spring-type models (Potyondy and Cundall 2004) and beam 

models. The beam bond models may be further subdivided into 

two types, a Timoshenko beam bond model (e.g., Brown et al. 

2014; Obermayr et al. 2013) and an Euler–Bernoulli beam bond 

model (e.g., André et al. 2012; Carmona et al. 2008). Chen et 

al. (2022) provide a thorough analysis of the similarities and 

differences between various moment-transmitting bond 

models. 

In geomechanics, particle bonding has most often been 

modeled using parallel bonds (Figure 13) such as those 

described by Potyondy and Cundall (2004). As shown in 

Figure 13, these parallel bonds are conceptualized as a cylinder 

of cementing material surrounding the contact between two 

particles, whose volume is given by the volume of the cylinder 

less the two hemispherical lenses from the contacting particles. 

This geometry allows the bonds to transmit normal force 

(tension and compression), shear force, bending moment, and 

twisting moment. Five bond parameters (in addition to the 

standard unbonded particle parameters) are required to fully 

specify this behavior: normal stiffness, shear stiffness, normal 

strength, shear strength, and the size of the bond (i.e., radius of 

the cylinder). These bonding parameters are typically 

determined via calibration (see Section 4.2), e.g. Cheung et al. 

(2013). Potyondy and Cundall (2004) give a reasonably 

thorough consideration of the process of generating bonded 

particle assemblies for element-scale testing and the 

relationships between material micro-properties and 

macroscale response. Their simulation results exhibit very good 

agreement with analogous laboratory tests on Lac du Bonnet 

granite. Examples of other bonding models include the Bonded 

Particle Method (BPM) implemented in LAMMPS (Clemmer 

et al., 2024; LAMMPS, 2025). 

 

 
(a) 

 
(b) 

Figure 13. Schematic diagrams of parallel bond models: (a) geometry 

and local coordinates; and (b) system elements. Figure (b) is reproduced 

with permission from Itasca (2025). 

DEM simulations with parallel bonds have been used to 

explore both material macroscale response and the underlying 

mechanisms that control the observable engineering-scale 

behaviors. Sadd et al. (2000) showed that the wave propagation 

speed in 2D DEM assemblies is very sensitive to the 
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cementation fabric distribution and is higher than for 

uncemented assemblies, and similar observations have also 

been made in 3D (Evans and Ning 2013; Ning et al. 2017). Jiang 

at al. (2007) employed a rigid-plastic bond model between disks 

to perform a series of numerical simulations on cemented 

granular assemblies using 2D DEM. Their results showed 

reasonable qualitative agreement with previously published 

boundary measurements on similar physical specimens. 

Similarly, they observed that their bonded particle model 

captured variations in yield stress as a function of bond strength 

and noted that yield was accompanied by large-scale 

debonding. A similar 2D model based on 𝑐 − 𝜙′ contacts was 

proposed by Utili and Nova (2008), who presented detailed 

parameter calibrations relating macroscale response to 

specimen micro-properties and then used the model to simulate 

the failure of a vertical cliff due to weathering. 

 

 
(a) 

 
(b) 

 
(c) 

Figure 14. Schematics of bonding with sub-particles: (a) the original 

2D model of Wang and Leung (2008a, b); (b) the subsequent 3D 

implementation (Evans et al. 2014; Khoubani et al. 2016); and (c) the 
four calcite distribution patterns identified by Zhang and Dieudonné 

(2023), contact cementing, bridging, particle coating, and pore filling 

(from l to r). 

Despite their widespread use, parallel and beam bonds 

have a limitation: the parallel bond simply is a contact 

constitutive model, and it does not directly model or describe 

the any cementitious material present at the bond site. When 

stresses within the parallel bond reach the bond strength, the 

contact law simply reverts to its unbonded state (e.g., linear 

elastic, Hertz-Mindlin). This implies a lack of mass 

conservation – in a real material, the cementing agent present at 

the particle contact would not vanish. Wang and Leung (2008a; 

b) recognized this and attempted to circumvent the problem in 

2D DEM simulations by using “cementing particles” at sand 

particle contacts (Figure 14(a)). Their numerical simulations 

demonstrated good agreement with comparable laboratory 

element tests. Subsequently, Evans et al. (2014) and Khoubani 

et al. (2016) employed a similar approach in 3D Figure 14(b)) 

to simulate bio-cemented sands, which exhibit much less brittle 

softening than other cemented sands. Zhang and Dieudonné 

(2023) noted that in the “cementing particle” approach in three 

dimensions, the distribution of carbonate can manifest in four 

distinct patterns: contact cementing, bridging, grain coating, 

and pore filling (Figure 14(c)). Zhang et al. (2024) investigated 

the implications of these varying distribution patterns on the 

small-strain stiffness of bio-cemented assemblies and found 

that cementing and bridging distributions provide the greatest 

stiffness gains. 

2.3.5 Rolling resistance 

Particle rotations have long been understood to play an 

important role in the macroscale deformation of granular 

materials (e.g., Bardet 1994; Oda 1972). Indeed, a simplified 

explanation of dilation in granular materials is based on the 

concept of rotational frustration (Figure 15). Oda et al. (1982) 

observed and quantified the importance of particle rotations as 

a microscale contributor to macroscale measures of stress and 

strain in experiments on assemblies of photoelastic ovoid rods, 

noting that the influence of particle rotations increased as 

interparticle friction increased. Indeed, Oda and Kazama (1998) 

observed experimentally that rolling rather than sliding was 

likely the dominant deformation mechanism in sheared granular 

materials and postulated that buckling and rolling of granular 

columns were responsible for the development of extremely 

high void ratios (i.e. exceeding the experimentally measured 

maximum void ratio) inside shear bands. 

 

  
Figure 15. Rotational frustration as a simple model for dilation. 

diagrams of bonding models 

Consistent with experimental observations, particle rolling 

is observed as an important deformation mechanism in DEM 

simulations. For example, Bardet and Proubet (1991) used 

particle rotations as a mechanism to identify localization (as 

have many subsequent researchers) in 2D simulated biaxial 

compression tests, noting that there was much greater particle 

rotation inside the shear band relative to the rest of the 

assembly. However, other researchers (Iwashita and Oda 

1998a; Oda and Kazama 1998) subsequently noted that the 

microstructure developed in DEM simulations was different 

from that observed in physical experiments. They postulated 

that this was because no rolling resistance was developed at 

particle contacts in DEM simulations. To this end, Iwashita and 

Oda (1998a; b) proposed what they referred to as the modified 

distinct element method (MDEM) to allow moments to develop 

at contacts between particles. For simplicity, we restrict our 

discussion below to the 2D case, consistent with the 

Simple Cubic: loose packing, 
rotationally free, non-dilating

Tetrahedral: dense packing, 
rotationally frustrated, dilatant
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presentation of Iwashita and Oda (1998a; b), but the concepts 

are readily adapted to 3D. 

The so-called MDEM contains a third constitutive relation 

(i.e., in addition to normal and shear force-displacement) at 

each particle contact in 2D: 

 

𝑀𝑖 = −𝑘𝑟𝜃𝑟 − 𝐶𝑟
𝑑𝜃𝑟
𝑑𝑡

 (1) 
 

where: 𝑀𝑖 is the moment created at the 𝑖𝑡ℎ contact in the 

assembly, 𝑘𝑟 is rolling stiffness, 𝜃𝑟 is the relative rotation 

between two contacting particles, and 𝐶𝑟 is rotational damping 

(refer to Figure 16). Similar to the approach used for normal 

and shear displacements, an elastic-perfectly plastic law 

(Figure 16) is adopted to model moment-rotation behavior. 

Iwashita and Oda (1998a) noted that selection of a rolling 

stiffness value 𝑘𝑟  was complicated by the fact that no laboratory 

data were available for comparison or calibration. Thus, they 

assume that the moments induced by elastic shear displacement 

and elastic rotation are similar, which leads to: 

 

𝑘𝑟 = 𝑘𝑠𝑟
2 

 
   (2) 

 

where: 𝑘𝑠 is shear stiffness and 𝑟 is particle radius. 

 

 
Figure 16. Illustration of the contact constitutive relationship 
governing rolling resistance between two contacting particles; η = 

contact rolling friction (after Iwashita and Oda 1998a). 

Rolling resistance models are broadly used as a 

computationally efficient way to approximate particle shape 

when simulating disks in 2D or spheres in 3D (e.g., Irazábal et 

al. 2017; Jiang et al. 2015). They have previously been 

classified into four distinct flavors: (i) directional constant 

torque models; (ii) viscous models; (iii) elastoplastic spring-

dashpot models; and (iv) contact-independent models (Ai et al. 

2011). 

There is not a uniform agreement that rolling resistance 

models can effectively capture shape effects.  Critical appraisals 

of the basis for using rolling resistance models and their ability 

to fully capture the responses of granular materials are given in 

Huang et al. (2017) and van der Haven et al. (2024).   

Shear strength is widely known to be a function of shear-

induced anisotropy in granular materials (e.g., Chantawarangul 

1993; Ouadfel and Rothenburg 2001; Rothenburg and Bathurst 

1989), and rolling resistance models have generally been shown 

as effective at increasing the measured strength of granular 

assemblies in silico to better match experimental observations. 

Numerous studies have investigated the effects of both rolling 

resistance (e.g., Zhao and Guo 2014) and particle shape (e.g., 

Ng 2009) on the shear-induced anisotropy in granular 

assemblies. Zhao et al. (2018) showed that rolling resistance 

reasonably reproduces the bimodality of stress transmission 

(Radjai et al. 1998) and the stress-force-fabric relationship of 

non-spherical particles of aspect ratio 𝐴𝑅 = 1, but that 

statistical measures of fabric (e.g., CN) are poorly modeled. 

Calvetti (2008) showed that if rotation is completely 

inhibited it is possible to calibrate the DEM interaction 

parameters to capture the response of real sand. Where this 

approach is used the individual particles will be subject to a net 

moment / torque, leading to a lack of symmetry in the stress 

tensor when the standard homogenization algorithms are 

applied to small volumes of particles. 

2.4 Particle shape 

While Cundall (2001) explained that DEM simulations using 

spheres can capture many of the key complex features of 

granular material behavior, accurate representation of particle 

shape is critical for realistic DEM simulations, as shape 

strongly influences interparticle interactions, bulk behavior, 

and global responses of a granular system. The following 

summarizes key methodologies for modeling and quantifying 

particle shapes in DEM (Zhao et al. 2023b; Feng, 2023). 

Particle shape can be descripted by form, roundness and 

surface texture (Barret, 1980). Mitchell et al. (2025) introduce 

some of the more commonly used particle shape measures. As 

a consequence of advances in 2D and 3D digital imaging a 

plethora of shape descriptors for sand grains have been 

proposed since 2000; many of these can be applied to link the 

idealized geometries used in DEM simulations with real 

particle topologies. 

Four broad categories of methods are most commonly used 

to model non-spherical particle geometries in DEM (see 

Figure 17), multi-sphere methods, mesh-based methods, 

analytical-surface methods, and level-set DEM / potential 

particles. 

2.4.1 Multi-sphere methods 

Multi-Sphere methods represent complex shape of particles by 

aggregating sets of simple geometric shapes (e.g., 

circles/spheres in 2D/3D), with two main variants:  

i. The sphere-clump method (Figure 17(a)) which 

combines spheres to form rigid bodies, the spheres may 

or may not overlap. This is advantageous from a 

computational efficiency perspective as contact 

detection and resolution continues to be based on sphere 

geometry, while it also can achieve good shape fidelity 

(e.g. Favier et al., 1999). The main limitations of this 

approach include artificial surface roughness, the large 

number of geometric primitives required to represent 

realistic particle shapes, and a non-uniform density 

distribution (if spheres overlap without adjustment) 

which will affect rotational inertia. 

ii. The sphere-cluster (agglomerate) method (Figure 17(b)) 

connects non-overlapping spheres via elastic bonds 

which can be broken if the bond strength is exceeded to 

both capture non spherical geometries and simulate 

deformable or breakable particles (McDowell and 

Harireche, 2002). 
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Figure 17. Examples from different classes of non-spherical particle shape generation (a) Sphere-clump method (b) Sphere-cluster method (c) Mesh-

based spherotetrahedron (d) Analytical spherical harmonics.  Modified from Zhao et al. 2023b 

 

2.4.2 Mesh-based schemes 

Mesh-based schemes represent particle shapes using collections 

of vertices and polygonal elements (e.g., triangles or polyhedra) 

(e.g. Neto and Wriggers, 2022). Shape accuracy depends 

directly on mesh resolution: finer meshes capture greater 

geometric detail but significantly increase computational 

complexity. A key challenge is the inherent artificial surface 

roughness introduced by discrete vertices and edges. The 

Minkowski-sum technique effectively mitigates this roughness 

by sweeping a sphere over the mesh geometry. This generates 

smooth, rounded surfaces: sweeping along a segment creates a 

sphero-cylinder (Zhang et al. 2022), along polygon edges 

produces a sphero-polygon (Alonso-Marroqun, 2008), and over 

a polyhedron surface yields a sphero-polyhedron (Shao et al., 

2022). For example, Figure 17(c) illustrates a 

spherotetrahedron. This approach offers exceptional flexibility 

for representing arbitrary shapes, and its resulting vertices can 

serve directly as Lagrangian points for particle-fluid interaction 

calculations. However, managing the complex topology 

(vertices, edges, facets) requires hierarchical data structures, 

adding substantial computational overhead. 

2.4.3 Analytical-surface methods 

Analytical-surface methods represent particle shapes using 

mathematical functions. These functions can describe 

analytically simple primitives (e.g., spheres, ellipsoids, 

superellipsoids) (e.g. Kuhn, 2006, Delaney and Cleary, 2010) 

and asymmetric shapes (e.g., polyellipsoids, poly-

superellipsoids, poly-Béziers, meta-balls) (Peters et al., 2009; 

Zhao and Zhao, 2019; Lai and Huang, 2021; Zhang et al. 2021).  

More advanced representations, such as NURBS (Andrade et 

al. 2012; Craveiro et al., 2021), Fourier-Spectrum, Spherical 

Harmonics (SH) (e.g. Zhao and Wang, 2017) (see 

Figure 17(d)), and Ellipsoidal Harmonics (EH) (Bardhan and 

Knepley, 2012), offer greater flexibility. 

SH extends Fourier methods by using basis functions 

defined on a sphere to capture realistic morphology, while EH 

further defines harmonics on an ellipsoidal surface for superior 

numerical convergence with highly elongated or concave 

shapes – albeit with increased mathematical complexity. Both 

Fourier and SH methods enable generation of statistically 

consistent virtual samples from limited real data. A key 

practical limitation is computational cost: while these functions 

define shape exactly, directly calculating contact interactions is 

often prohibitively expensive compared to approximations like 

multi-sphere methods. 

2.4.4 Level set DEM 

Level set DEM (LS-DEM) (Kawamoto et al. 2016) develops 

upon ideas such as potential particles (Houlsby 2009). This 

approach uses the zero-contour of a level set to describe the 

particle shapes and by using discrete level sets, it can describe 

arbitrary shapes. While it is more computationally efficient than 

using polyhedral particles, LS-DEM has high memory / 

computational costs (e.g. van der Haven, 2024). The 

geometrical flexibility afforded by LS-DEM means that it has 

potential to overcome some of the limitations traditionally 

associated with DEM. Kawamoto et al. (2018) present 

impressive results comparing LS-DEM data with data acquired 

from micro computed tomography (microCT). 

2.4.5 Reflection on shape modelling strategies 

Multi-sphere methods are computationally efficient compared 

with alternative approaches, but they are geometrically limited.  

Multi-sphere methods often introduce false roughness and 

struggle with features. Analytical methods (e.g., superquadrics) 

better represent smooth curvature. Mesh or polyhedral methods 

can offer high geometric fidelity as they can capture sharp 

edges and concavities accurately, however they have a 

computational cost and can be less consistent. 

Robust non-spherical particle generation requires contact 

resolution reliability (avoiding false negatives in thin features 

or false overlaps in multi-sphere clumps), computational 

efficiency, and numerical stability. Computational cost varies 

significantly: analytical methods are generally faster than multi-

sphere, while mesh-based methods scale poorly with 

complexity. Sharp edges in polyhedral methods can cause 

numerical singularities, demanding smaller time-steps. Non-

spherical particles may introduce calibration and validation 

complexity. 

2.5 Particle breakage 

Particle crushing, the fracture and fragmentation of granular 

materials under mechanical stress, plays a critical role in 

geotechnical engineering (e.g., rockfill dam stability, pile 
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foundations), mining (e.g., ore comminution, crusher 

optimization), and powder and pellet processing. DEM models 

granular systems as assemblies of discrete particles, enabling 

explicit analysis of fracture mechanics, energy dissipation, and 

size redistribution. DEM grain crushing models require a 

breakage criterion, and the simulation can then give insight into 

crushing of individual particles under complex multiple-contact 

confinements in a typical granular packing. Breakage criteria 

should recognize that microstructure and/or defects can be 

critical factors for particle crushing. Modelling challenges 

include the handling of false roughness induced by multi-sphere 

clumps, computational cost of full-scale crushing simulations, 

and the limited experimental data on in-situ fracturing kinetics 

for validation. 

Methodologies for DEM modelling of particle 

breakage/crushing can be largely classified into three 

categories, as detailed in the following. 

2.5.1 Bonded particle models (BPMs) 

BPMs model particles as aggregates of sub-particles (geometric 

primitives) bonded at contacts. Bonds break when stress 

exceeds strength thresholds, simulating fracture propagation 

(see Figure 18; e.g. Cheng et al., 2003; Cil and Alshibli, 2012). 

They can explicitly simulate irregular particle shapes via 

clustered sub-particles and capture fragmentation patterns, 

multi-scale crushing (e.g., partial vs. complete fracture), and 

material heterogeneity. However, they have inherent drawbacks 

of being computationally intensive, having issues with mass 

and/or volume conservation during breakage, and requiring 

rigorous calibration of bond parameters.  

 
Figure 18. Simple schematic to illustrate BPM method to simulate 

particle crushing (a) Crushable particle comprising a set of base-

particles subject to a Brazilian-type particle compression test (b) Two 

particles formed following breakage / splitting in the compression test. 

2.5.2 Particle replacement methods (PRMs) 

PRMs model particles as regular shapes (e.g., spheres). Upon 

meeting stress or strain criteria, a “mother” particle is replaced 

by pre-defined “child” fragments with similar shapes and 

uniform or fixed grain size distributions (McDowell and de 

Bono (2013); Lobo-Guerrero and Vallejo (2005)). Figure 19 

illustrates the strategy adopted in Ciantia et al. (2016). PRM are 

generally computationally efficient, suitable for large-scale 

simulations (e.g., crushers with thousands of particles), and can 

ensure mass conservation. However, they highly rely on 

empirical breakage criteria and cannot simulate progressive 

fracture without predefined fragment libraries. Computational 

cost may restrict fragments to be larger than those generated in 

the simulated physical process. 

 
Figure 19. Illustration of particle replacement method to simulate 

crushing: (a) Initial spherical particle (b) Particle splitting configuration 

(after Ciantia et al., 2016) 

2.5.3 Hybrid and specialized approaches  

There are BPM-PRM hybrids using BPM for primary breakage 

and PRM for secondary fragmentation, balancing accuracy and 

efficiency. Other hybrid approaches include the finite-discrete 

element method (FDEM), where DEM is used for modelling 

granular system and FEM is employed to model fracturing of 

individual particles (Munjiza, 2004) and a hybrid peridynamics 

(PD) and physics engine approach where the breakage of 

individual particles is modeled by peridynamics and the rigid 

body motion of particle and interparticle interactions are 

modeled by a physics engine based on non-smooth contact 

dynamics (NSCD) (Zhu and Zhao, 2019). The hybrid PD-

NSCD method enables rigorous modelling of particle breakage 

with realistic consideration of continuous co-evolutions of both 

grain sizes and particle shapes. 

2.5.4 Key issues and implications: 

In a real, physical, material there is a minimum particle size that 

can be generated in particle crushing; this is determined by the 

material’s comminution limit (Kendall, 1978). Computational 

considerations mean that the particles generated in DEM 

crushing simulations are typically much larger than this 

comminution limit. This restriction arises for two reasons: (i) 

increasing the number of particles and contacts between these 

particles and other particles in the system adversely impacts the 

simulation run time; and (ii) as discussed in Section 2.1, the 

maximum time-step that can be used to ensure numerical 

stability is determined by the mass of the smallest particle. 

Conservation of volume must be considered in the BPM 

approach: in the case of the non-overlapping base particles 

illustrated in Figure 18, the internal void prior to crushing will 

now become part of the inter-particle void space. Conservation 

of mass must be considered in the design of any PRM method; 

if mass is conserved so that the total volume of the generated 

particles equals the original sphere volume some (non-physical) 

equilibration process will be required. 

A further challenge is the path-dependence of crushing 

simulations. The load-bearing fabric structure, resulting from 

the complex coupling of particle shape, size, and contact, 

dictates the subsequent crushing of individual particles. 

Faithfully capturing this evolving coupling in numerical models 

is difficult. The aforementioned PD-NSCD (Zhu and Zhao, 

2019) approach represents an effort to address this specific 

issue. The use of NSCD aims partly to address the increase in 

computational cost with increasing small particle sizes and/or 

complex shapes. 

2.6 Boundary conditions 

As noted in Figure 5 and Figure 6 the system boundary 

conditions are an integral part of any DEM simulation. At a 

fundamental level boundaries can either be a geometrical entity 

  

  
  

  

  
  

      

75



whose position is controlled in the simulation, i.e. its position 

is not determined by solving the equations of motion, a specific 

force or displacement trajectory can be applied to selected 

particles, or periodic boundaries can be used. The geometrical 

entities might be analytically defined surfaces or mesh surfaces. 

Periodic boundary conditions are schematically illustrated in 

Figure 20 and a good explanation is provided in Thornton 

(2000). As illustrated in Figure 20 while one cell is simulated, 

the effect is to simulate an infinite domain. Periodic boundary 

conditions have been employed in many studies that have used 

DEM to advance fundamental understanding of soil material 

behavior, e.g. Thornton (2000), Huang et al. (2014). 

Various membrane boundary algorithms have been 

proposed to simulate triaxial tests (e.g. Cheung and O’Sullivan, 

2008). However, the samples simulated tend to be much smaller 

than those considered in high quality laboratory tests and so 

boundary effects should be carefully considered. For example, 

Zhang and Evans (2018) investigated the differences between 

wall boundaries and periodic boundaries in undrained cyclic 

simple shear and cyclic triaxial tests and showed differences in 

pore pressure generation at the macroscale and stress 

heterogeneity at the microscale. As discussed in both Huang et 

al. (2014) and Marketos and Bolton (2010), close to the 

boundaries the packing is disrupted and in the case of small 

samples this region of disrupted packing may be sufficiently 

large to influence the overall measures of stress and packing 

density. 

 

 

Figure 20. Schematic illustration of periodic cell simulation 

configuration 

2.7 Variants on Cundall’s original algorithm 

While the DEM algorithm proposed in Cundall and Strack 

(1979a) is by far the most popular approach for particle-scale 

simulation in geomechanics, other algorithms, and variants on 

the classical DEM algorithm, have been proposed. In the late 

1990s there was some discussion on the use of event driven, 

“hard” models (e.g. Herrman and Luding 1998), however this 

class of method has had little traction in the geomechanics 

community.  

Non-smooth Contact dynamics is an implicit technique 

that is associated with J.J. Moreau. Dubois et al. (2018) give 

overview of this method.  Contact dynamics is implicit; so that 

the requirement to have a small time-step to achieve numerical 

stability in DEM is removed, however some iterations are 

required within each time-step, and the number of iterations 

will increase with the time-step selected. Particles do not 

penetrate each other in contact dynamics. While contact 

dynamics is less popular than DEM in geomechanics, it has 

been used in numerous fundamental studies on granular 

material behavior, e.g. Quiroz-Rojo et al. (2025). 

2.8 Coupling to simulate fluid-particle systems 

The “birth” of modern soil mechanics is often linked to 

Terzaghi’s articulation of the principle of effective stress and so 

the ability to consider pore water pressures in DEM simulations 

is essential. There are broadly four types of approach that can 

be considered in coupled simulations: 

i. Volume control. 

ii. Unresolved or coarse-grid coupled simulations where 

the fluid flow is averaged over a grid that is larger than 

the particles (Figure 21). 

iii. Fully resolved simulations where the fluid model uses 

a discretization that is much smaller than the individual 

particles (Figure 21). 

iv. Coupling with pore network models. 

In the cases of fully resolved and coarse-grid coupling the 

fluid phase can either be simulated using the finite volume 

method or the lattice Boltzman method. Smoothed particle 

hydrodynamics (SPH), which is a mesh-free Lagrangian 

method, has also been used to simulate the fluid phase. 

 

Figure 21. Schematic illustration of different levels of resolution in 

coupled CFD-DEM formulations 

2.8.1 Simulating undrained or partially drained conditions 

via volume control 

In the case of fully saturated soil subject to undrained 

deformation, laboratory element tests can be simulated by 

applying a constant volume constraint in DEM (e.g. Ng and 

Dobry, 1994; Yimsiri and Soga, 2010). Using this approach key 

features of the response of saturated sands subject to undrained 

shearing have been captured (e.g. phase transformation, 

reduction of effective stress to zero, etc.) as demonstrated in Ng 

and Dobry (1994) and Huang et al. (2014) amongst others. The 

ability of DEM simulations to capture liquefaction brings clear 

benefits to advancing understanding of soil behavior; for 

example, as demonstrated in Sitharam et al. (2009), the post-

liquefaction response can be studied; this behavior cannot 

easily be considered in laboratory experiments.  

Salomon et al. (2025) proposed a modified algorithm to 

control volume change during triaxial compression so that the 

effects of partial drainage can be considered without explicit 

consideration of the fluid phase. There are some limitations 

with the constant volume algorithm; Hanley et al. (2013) 

discuss issues including significant rate sensitivity. This 

approach cannot be applied where explicit consideration of 

fluid flow is required, e.g. simulation of boundary value 

problems or internal erosion. 

2.8.2 Pore network modelling 

In pore network modelling the pore space is idealized as a 

network of voids (network nodes) connected by edges that 

represent the pore throats. Fluid flow 𝑄𝑎𝑏 along an edge 

connecting pore 𝑎 and pore 𝑏 is determined from Darcy’s law: 

Repeated 
structure

Cell simulated
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𝑄𝑎𝑏 = 𝑔𝑎𝑏(𝑝𝑎 − 𝑝𝑏) (3) 

where 𝑝𝑎 and 𝑝𝑏 are pressures associated with pores 𝑎 and 𝑏 

and 𝑔𝑎𝑏 is a conductance term that can be derived from the 

Hagen-Poiseuille equation for flow in a capillary tube, adapted 

to account for the topology of a pore constriction / pore throat. 

Morimoto et al. (2022) and Rong et al. (2020) give reviews of 

various expressions that have been proposed for 𝑔𝑎𝑏. The use 

of pore-network-modelling to simulate flow in porous media is 

very well established (e.g. Bryant and Blunt, 1992), and 

Chareyre et al. (2012) showed how a pore-network-model can 

be coupled to a DEM model. A key contribution in Chareyre et 

al. is the expressions for calculating the fluid-particle 

interaction forces; further critical appraisal of these expressions 

is given in Morimoto et al. (2024) who showed that while PNM 

coupling is generally applicable to the relatively dense packings 

of interest in geomechanics, it may not give accurate 

predictions in simulations of less dense systems such as the 

fluidized beds of interest in process engineering applications. 

2.8.3  Coarse-grid fluid-particle coupling 

CFD-DEM coupling combines discrete particle modeling 

(DEM) with continuum fluid dynamics (Navier-Stokes-based 

CFD). In unresolved CFD-DEM the cell size in the grid used to 

simulate the fluid phase is larger than the particles (e.g. Zhao 

and Shan, 2013), as illustrated in Figure 21. This presents some 

conceptual challenges as while the dynamics of individual 

particles are captured, the local flow field is not accurately 

modelled. Figure 22 illustrates the heterogeneity of the flow 

field observed in a packed bed of spherical particles in 

experiments and captured in high resolution CFD simulations.  

An empirical drag expression is required to capture the 

fluid particle interaction forces. The most popular drag 

expressions used in geomechanics have been those of Ergun 

(1952) and Di Felice (1994). It is important to recognize the 

empirical nature of these drag expressions. They are not 

universally applicable to all particle size distributions or all 

particle morphologies (Knight et al., 2020; Zhao and 

O’Sullivan, 2022). Much relevant work has been carried out 

outside of geomechanics, e.g. the poly-dispersion correction 

factor of Tennetti et al. (2011). High resolution CFD 

simulations using assemblies of static particles can be used to 

validate empirical drag expressions (e.g. Knight et al., 2020). 

Coupled CFD-DEM has been applied to simulate debris 

flow impacting on rigid and flexible barriers (Li and Zhao, 

2018; Kong et al., 2022), clogging in granular soils (Doan et al., 

2025), internal erosion (suffusion) (Kawano et al., 2018), and 

liquefaction (Zeghal and El Shamy, 2004). 

As an alternative to the finite volume method, SPH can be 

used to simulate the fluid phase. Robinson et al. (2014) and 

Sizkow and El Shamy (2021) outline how this coupling can be 

achieved.  

Challenges emerge with use of both the finite volume and 

SPH coupling approaches. Both approaches can be applied to 

simulate challenging problems in geomechanics (erosion, 

liquefaction, fluid-driven instabilities). However, both methods 

incur prohibitive computational costs for modeling large-scale 

particle-fluid systems, especially. DEM-SPH suffers from 

boundary inaccuracies due to particle deficiency near solid 

interfaces. Emerging solutions like GPU-accelerated 

unresolved CFD-DEM and adaptive SPH kernels show promise 

in overcoming these limitations while preserving simulation 

fidelity. 

 

Figure 22. Illustration of heterogeneity of flow field in a physical 

permeameter imaged using transparent soil and PIV tracers (left) and 

equivalent CFD simulations (right) (Sanvitale et al., 2023). 

2.8.4 Fully resolved fluid-particle coupling 

In fully resolved coupled DEM simulations the elements in the 

grid used to simulate the fluid phase are much smaller than the 

particles themselves. While various algorithms have been 

proposed, hitherto their uptake amongst the geomechanics 

community has been limited. This is a consequence both of the 

computational cost and the challenges of accurately discretizing 

/ meshing the complex topology close to particle contacts. SPH-

DEM can also be implemented so that the fluid phase is 

modelled with a relatively fine resolution, e.g. Liu et al. (2022). 

Examples of fully resolved CFD-DEM simulations include 

Lai et al. (2023) who proposed a fully resolved CFD-DEM 

framework that uses a signed distance field (SDF) as a universal 

interface to enable robust and fully resolved modeling of fluid 

interactions with granular particles of virtually any shape. 

2.9 Coupling with FEM and MPM / concurrent coupling 

Traditional numerical methods, such as the finite element 

method (FEM), have limitations in modeling granular materials 

and their dynamic interactions, e.g. they rely on continuum 

constitutive models that are not always able to fully describe 

material behavior, strain localization is pathologically mesh-

dependent, and large deformations can pose challenges. While 

some of these limitations may be overcome using DEM to 

simulate the entire system, in the case of a complex boundary 

value problem this may not be feasible, and DEM can be 

coupled with continuum methods including FEM and the 

material point method (MPM) to address this challenge. Two 

dominant schemes have emerged in coupling DEM with 

FEM/MPM: (i) concurrent (domain decomposition) coupling 

and (ii) hierarchical (constitutive embedding) coupling. These 

methods differ from the combined finite-discrete element 

method (FDEM) which discretizes each individual DEM 

particle by a FE mesh to study crushing behavior in sand or rock 

(Munjiza, 2004). 

In concurrent coupling, DEM models critical granular 

zones requiring high-fidelity resolution (e.g., shear bands, soil-

structure interfaces), while FEM or MPM handle the 

surrounding continuum regions or structural components. This 

approach proves particularly effective for soil-structure 

interaction problems like pile installation, where DEM is used 

to simulate the granular substrate and FEM represents the pile 

(Wellmann and Wriggers, 2012; Xiao et al., 2023).  

Hierarchical coupling embeds DEM within FEM material 

points to provide history-dependent constitutive responses, 

with FEM solving boundary value problems using 

homogenized DEM outputs—demonstrated successfully for 

multiscale simulations of geomechanics problems (Nitka et al., 

2011; Guo and Zhao, 2014, 2016a) and saturated granular 

media (Guo and Zhao, 2016b). 

Both concurrent and hierarchical coupling present 

challenges: concurrent coupling requires complex scale 

transitions at interfaces, while hierarchical coupling incurs 
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significant computational costs from fine-scale DEM 

calculations. 

MPM-DEM coupling extends the capabilities of coupled 

FEM-DEM to large-deformation scenarios where traditional 

FEM encounters mesh distortion issues. By combining MPM's 

material-point formulation with DEM's granular resolution, this 

approach effectively models dynamic large deformation and 

failures like landslides and excavations (Liang and Zhao, 2019; 

Liang et al., 2023). Liang et al. (2021) also investigated anchor 

pullout in sand using coupled MPM-DEM. 

2.10 Modeling Thermal Processes 

Thermal processes in granular and particulate systems are 

central to a variety of geotechnical applications, including 

geothermal energy, ground source heat pumps, buried utilities, 

resource recovery and conveyance, and long-term waste 

encapsulation. Thermal DEM frameworks can be used to model 

complex thermomechanical interactions, such as heat transfer 

between particles, conduction across contacts, and heat 

generation due to friction and deformation.  The thermal 

conductivity of a granular material depends on the  

conductivities of the individual constituents, which vary over 

two orders of magnitude (i.e., 𝜆𝑚𝑖𝑛𝑒𝑟𝑎𝑙 ≈ 3 W m∙K⁄ , 

𝜆𝐻2𝑂,20℃ ≈ 0.6 W m∙K⁄ , 𝜆𝑎𝑖𝑟,𝑆𝑇𝑃 ≈ 0.025 W m∙K⁄ ). 

In most applications of geomechanical interest heat 

transfer in granular materials is dominated by thermal 

conduction through the solid matrix via particle contacts while 

convection and radiation play relatively smaller roles (Rojek 

2018; Yun and Evans 2010; Yun and Santamarina 2008). A 

straightforward approach to computing the thermal 

conductivity of an assembly of particles in silico is to generate 

a jammed assembly of particles using DEM and then employ an 

analytical solution for particles in contact based on constriction 

resistance theory (Batchelor and O’Brien 1977; Carslaw and 

Jaeger 1959) to formulate a thermal network model. These 

models can be used to compute the (effective) thermal 

conductivity of the system (e.g., Vargas and McCarthy 2001; 

Yun and Evans 2010; Zhang et al. 2011). Zhao et al. (2017) 

used DEM to explore the ratcheting and shakedown behaviors 

of granular materials in response to thermal cycling. 

Coupled thermomechanical simulations with DEM are 

somewhat more complex and generally accomplished through 

bootstrap (i.e., staggered solution) means. Fully coupling the 

partial differential equations (PDEs) for heat flow and particle 

motion and solving them numerically with von Neumann 

stability is a decidedly nontrivial task, given the complexities 

associated with determining the Rayleigh time for such a 

system. Pham et al. (2024) performed coupled simulations to 

investigate the strength of slate at varying temperatures and 

showed good agreement with physical experiments, implying 

that the coupled DEM simulations were effectively capturing 

the problem physics and could thus be leveraged to study 

processes at scales inaccessible in the laboratory. Tomac and 

Gutierrez (2015) formulated a model that considers convection 

in addition to conduction and used it to explore the 

thermomechanical behavior of rock around wellbores during 

fluid injection (Tomac and Gutierrez 2019). 

2.11 DEM simulations of clay 

In comparison with model sands, there have been relatively 

fewer particle-scale simulations of the mechanical behavior of 

clay. The small size of clay particles or platelets means that their 

surface area relative to particle volume is sufficiently small 

such that surface interactions dominate overall mechanical 

behavior. Further, the contact models employed in DEM 

simulations of granular materials are not relevant to clay. 

DLVO theory (Derjaguin and Landau, 1941; Verwey and 

Overbeek, 1948) gives expressions for the variation of 

interaction energy/interaction force with separation distance; 

the simplifying assumptions which underpin the theory (see 

Mitchell et al. 2025) render its application to active clays with 

small platelet sizes questionable although it can reasonably be 

applied to larger clay particles such as kaolinite (Bandera et al., 

2021). While the DLVO expressions are usually given for 

infinite parallel plates, Casarella et al. (2024) have developed 

expressions for finite sized platelets. Application of DLVO 

theory requires surface charge / surface potential data which are 

not easily attainable. For more active clays Ebrahimi et al. 

(2014) have shown the possibility of calibrating interaction 

models against data generated using atomistic molecular 

dynamics, while Carrier (2013) proposes a slightly more 

computationally efficient approach called the potential of mean 

force (PMF). 

A tabular summary in Nakamichi (2025) documents 

particle-scale simulations of clay and indicates that research has 

almost exclusively considered kaolinite. Anandarajah (1994) 

put forward the first attempt at DEM simulation of clay, in 2D 

using a simple geometry where the particles were simulated as 

lines but using an interaction model that was informed by 

DLVO theory. From this initial start the models have broadly 

progressed along two strands so that individual platelets are 

modelled as either flat rigid bodies (e.g., cuboids (Yao and 

Anandarajah, 2003) or ellipsoids (Ebrahimi et al. 2014; 

Bandera et al. 2021) or (ii) individual platelets are modelled as 

rigid agglomerates of spheres (de Bono and McDowell 2024) 

or disks in 2D (Sjoblom, 2016). 

Several significant challenges are evident in developing 

particle scale models of clay. Large numbers of particles must 

be simulated so that the formation of aggregates or clusters of 

particles can be captured (e.g. Bandera et al., 2021). There is 

uncertainty as to how friction should be accounted for in clay 

platelet interaction models (Bandera et al., 2024). Apart from 

the challenge of defining an appropriate interaction model, 

effective particle scale models of active clays like bentonite 

may also need to account for platelet deformability. 

Addressing these aforementioned challenges is not 

straightforward, and success will require computationally 

expensive simulations. Consequently, the rationale for 

developing these models needs to be clearly understood. A 

more detailed discussion on particle-scale modelling of clay is 

given in Pagano et al. (2023). 

3 DEM SOFTWARE 

3.1 Open-source software 

The concept of code sharing / open-source code is arguably 

embedded in the DEM community; variants of BALL and 

Trubal listed in Ng and Dobry (1994) are noted above. The MD 

community almost exclusively uses open-source codes. While 

the commercial code PFC dominated research in soil mechanics 

following its launch in 1994, interest and use of open-source 

DEM codes has been steadily increasing since about 2010. US 

federal funding has supported the development of LAMMPS 

(Lammps, 2025) and MFIX (MFIX, 2025). Recent initiatives 

funded by the European Community (ON-DEM, 2025) and the 

UK’s Science and Technology Facilities Council (STFC) 

(CCC-ParaSolS, 2025), aim to promote and support the use of 

open-source DEM software. 

The advantages of open-source software include 

transparency, cost-effectiveness, capacity to exploit high 

performance computing, extensibility, transparency on testing 

protocols, and community-driven development. However, in 

contrast to commercial / proprietary software, open-source 

software can have less technical support or dedicated 
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development teams than that found in proprietary software. 

Documentation can sometimes be incomplete, requiring users 

to rely on forums or community assistance. Familiarity with 

Linux is typically required. Consequently, the learning curve 

for some packages can be steep, especially for users unfamiliar 

with programming or advanced simulation techniques. 

A useful synthesis and comparative review of available 

DEM software is given in Dosta et al. (2024). Dosta et al. 

compare results from simple and complex benchmark problems 

and also include a performance analysis. Tutorials on using 

some of the available open-source software are made available 

on CCC-ParaSolS (2025) (Resources tab) and ON_DEM 

(2025). 

Here we list some of the open-source software packages 

that are currently actively used: 

1. The LAMMPS MD code (Lammps, 2025; Plimpton, 1995; 

Thompson et al. 2022) was specifically developed for use 

on distributed memory high performance computers and 

has both distributed memory message-passing parallelism 

(MPI) and shared memory multi-threading parallelism 

(OpenMP). LAMMPS has long had a “granular package” 

which can run DEM simulations. It is supported by a core 

team of developers mainly based at Sandia National 

Laboratories and has good documentation. Users compile 

the code with selected packages and must then write script 

files following a specific syntax to specify the problem to 

simulate. For several years, a derivative of LAMMPS (also 

open source) named LIGGGHTS (Kloss et al., 2012), was 

supported by DCS computing and includes some useful 

features for modelling granular materials. 

2. Yade (Šmilauer, 2021; Angelidakis et al., 2024, Yade 

2025) is written in C++ with Python integration, has both 

OpenMP and MPI parallelism, and a graphical user 

interface (GUI). Different elements of the software are 

accessed using Python and interactive simulations are 

possible; the main features (which include level set DEM 

capabilities) are outlined in Angelidakis et al. (2024). The 

development team is primarily (but not exclusively) based 

in Europe and includes several people with backgrounds in 

geomechanics. 

3. Chrono::Granular (Project Chrono, 2025) is a GPU-

accelerated DEM module within the Project Chrono 

ecosystem, specialized for large-scale simulations of 

granular materials. It leverages NVIDIA CUDA to 

efficiently model systems with hundreds of millions of 

spherical particles, incorporating advanced contact models 

to interact with complex geometries for applications like 

terrain-vehicle interaction. 

4. MercuryDPM (Weinhart et al. 2020; MercuryDPM, 2025) 

was primarily developed for dynamic simulations relevant 

in industrial processing, rather than for the more static and 

dense packings that have typically been considered in 

simulations in soil mechanics / geotechnical engineering. 

One particularly interesting aspect of this code are the unit 

tests that test specific features within the code.  However, 

the documentation is less extensive than for other codes 

(e.g., LAMMPS) and running the code requires working 

knowledge of C++. 

5. MFix (MFix, 2025) is developed to be a multi-phase flow 

solver, and it includes DEM capabilities. 

6. SudoDEM (Zhao and Zhao, 2021; SudoDEM, 2025) is an 

open-source DEM code forked from Yade and specialized 

for modeling non-spherical particles. It supports versatile 

built-in shapes, including poly-superellipsoids, 

superellipsoids, cylinders, cones, and polyhedrons in 3D, 

as well as disks and superellipses in 2D. SudoDEM 

features high computational efficiency with optimized 

contact detection algorithms including parametric 

common normal (PCN), the Gilbert-Johnson-Keerthi 

(GJK), and a hybrid PCN-GJK algorithm (Zhao and Zhao, 

2019). 

7. Oval (Kuhn, 2006) is a Fortran code developed specifically 

to simulate non-spherical “ovoid” particles. This software 

is optimized to simulate the dense assemblies that are 

specifically of interest in soil mechanics. 

8. LMGC90 is based on non-smooth contact dynamics 

(NSCD) for simulating dense, rigid-body granular 

systems. It can efficiently handle complex contacts and 

collisions without requiring small time-steps, allowing for 

the coupling of mechanical, thermal, and hydraulic 

phenomena. It features a Python interface for model setup 

and a Fortran core for computation (LMGC90, 2025). 

9. ESyS-Particle (Centre for Geoscience Computing, 

University of Queensland, Brisbane, 2008) has been 

largely developed at the Centre for Geoscience Computing 

at the University of Queensland, Brisbane, Australia with 

financial support from the Australian Computational Earth 

Systems Simulator Major National Research Facility 

program. It is written in C++, supports MPI parallelism, 

and is supported by a Python API wrapper. 

Visualization of output from these software packages 

typically requires third-party visualization software, most 

commonly the open-source code Paraview (Ayachit, 2015; 

Paraview, 2025) and is typically more complex than is the case 

with built-in tools in proprietary / commercial software. A 

second open-source option for visualization is Ovito (Ovito, 

2025). 

3.2 Commercial / proprietary software 

Peter Cundall played a key role in the formation of Itasca, which 

released the first version of the commercial code PFC in 1994 

(Itasca Consulting Group, 2025b). Other commercial codes 

include Altair EDEM (Altair, 2025), Aspherix (DCS 

Computing, 2025), and Ansys Rocky (Ansys, 2025). 

3.3 GPU Acceleration 

GPUs (graphical processing units) have hundreds or thousands 

of cores optimized to execute parallel workloads, so that they 

are well suited to tasks that can be divided into many smaller 

operations. They are therefore useful in high performance 

computing (HPC) where, in principle, they can accelerate 

simulations by an order of magnitude in comparison with CPU 

implementations (e.g. Dongerra et al., 2024). They also can be 

advantageous in terms of energy efficiency. It seems likely that 

in the relatively near future GPUs will become the primary 

platform for scientific computing. However, the path towards 

using this new type of hardware in DEM applications is not 

entirely straightforward. 

We understand the first journal publication (in Japanese) 

on the potential to use GPU for DEM was Shigeto et al. (2008); 

this was followed by an English language paper from the same 

group (Shigeto et al., 2011). Other early adopters of GPUs in 

DEM simulation include Xu et al. (2011) and Radeke et al. 

(2009). Govinder et al. (2016) describes the BLAZE-GPU 

based framework, and LAMMPS (2025) includes information 

on acceleration with GPUs. 

Reports of performance include Labra (2023), who 

reported speedups of over 23× (single precision) and almost 

18× (hybrid precision) relative to a 12-core CPU for simulation 

of a complex industrial-scale chute system (14-m high) used in 

the steel-making industry with the Altair EDEM software. A 

more comprehensive comparison of CPU and GPU 

performance is given in Dosta et al. (2024) who concluded that 
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using GPUs can reduce computational time by an order of 

magnitude compared to the fastest multithreaded simulations 

on using CPUs. 

Most GPU implementations of DEM are based on 

consumer-grade graphics cards such as NVIDIA GeForce. 

These cards have far fewer cores designed for high-precision 

(double precision) calculations compared to cores for standard-

precision (single precision) calculations, making high-precision 

DEM computations rather inefficient (30-60 times slower). 

Performance is maximized when standard precision is used 

instead of high precision wherever possible (Zhao et al. 

(2021b), Zhao et al. (2023a)). Recent advancements in GPU 

technology, such as NVIDIA's ray-tracing (RT) core 

architecture, offer paradigm-shifting acceleration capabilities 

for neighbor search, contact detection, and overall DEM 

modelling (Zhao et al., 2023) (see discussion in Section 2.2 

above). 

3.4 Validation, verification, and benchmarking 

As with any piece of geotechnical software, it is the 

responsibility of any user of a DEM code to confirm the code’s 

accuracy. The importance of confirming the accuracy of DEM 

software to provide confidence in its capabilities has been 

evident from the initial implementation of the algorithm in the 

Trubal code. Cundall and Strack (1979a) compared their two-

dimensional simulations with experimental photoelasticity data 

from De Josselin de Jong and Verruijt (1969), while more 

recent studies specifically considering validation and 

verification include Mohajeri et al. (2024) and Salomon et al. 

(2024). The growth in availability of open-source DEM codes 

has increased the importance of validation and led to 

contributions such as Dosta et al. (2024) who compare available 

DEM codes. 

Comprehensive testing of a DEM code should involve 

verification, validation, and (perhaps) benchmarking. In the 

development of a DEM code unit testing is also important. In 

their general consideration of software verification, Oberkampf 

et al. (2004) consider verification to be an assessment of the 

accuracy of the implementation of a model/algorithm, while 

validation is the assessment of the accuracy of a computational 

simulation by comparison with experimental (real world) data 

that align with the intended use of the model. Adopting a 

slightly different wording while specifically considering DEM, 

Ooi (2013) explains that validation should assess the extent to 

which the model accurately simulates the physics it is intended 

to simulate. Verification might use as a reference analytical 

models and should precede validation. Calibration, a process 

where model parameters are varied (“tuned”) so that the model 

captures a target response, typically uses data from a physical 

experiment, and is neither validation nor verification. However, 

a calibrated model might be validated by considering the 

model’s capacity to reproduce responses observed in 

experiments that did not form part of the calibration/training 

dataset. 

Systems of particles are inherently complex and so unit 

tests of individual particle interactions are an important first 

step in verification of the contact model implementation. Chung 

and Ooi (2011) detail eight numerical tests suited to testing a 

DEM software’s ability to accurately simulate interactions, and 

Dosta et al. (2024) reduce this to a list of four, while Mohajeri 

et al. (2024) provide data for three single particle tests. 

O’Sullivan and Bray (2003) showed the importance of looking 

at a single sphere rolling down an inclined plane (originally 

proposed in Ke and Bray, 1995) to check the tangential sliding 

model implementation and this test is highlighted in Salomon 

et al. (2024). 

Intermediate between single particle verifications and 

experimental data are verifications that use lattice packings of 

spheres whose mechanical response can be analytically 

described. As originally proposed in the PFC user manuals (e.g. 

Itasca Consulting Group (2025b)), the contribution of Thornton 

(1979), who considered uniform spheres on a face-centered-

cubic (FCC) lattice packing is very useful for DEM validation. 

A detailed analysis of this test is in Barreto (2009), and 

Salomon et al. (2024) show how Thornton’s expression can be 

used to verify a DEM code, providing the necessary input files. 

At small strains the effective medium theory expressions in 

Duffy and Mindlin (1957) and Santamarina and Cascante 

(1996) may also be of use. 

Ooi (2013) proposes that validation experiments must be 

specifically designed for a DEM simulation and should involve 

detailed characterization of the test material and conditions and 

an estimate of the uncertainty associated with any experimental 

measurements. O’Sullivan (2002) demonstrated the possibility 

for erroneous code validation if the test materials are not 

adequately characterized. While Cundall and Strack (1979a) 

considered 2D photoelastic experiments, Cundall and Strack 

(1979b) revisited experiments on lattice packed spheres in 

Rowe (1962) to verify the 3D implementation of Trubal and this 

test has also been documented in the PFC 3D user manuals (e.g. 

Itasca Consulting Group, 2025b). While glass ballotini can be 

used as an ideal material whose geometry is presumably simple, 

consideration of the quality of the ballotini used is important; in 

some cases, use of precision steel balls may be more appropriate 

(e.g. O'Sullivan et al. 2004). 

There have been round robin predictive exercises to 

compare the performance of different DEM codes (Holst et al., 

1999 and Saomoto et al, 2023). The round robin test 

documented in Saomoto et al. (2023) was run as an activity 

associated with TC105 of the ISSMGE. The angle of repose 

was selected because of the test simplicity and the fact that this 

parameter links to the material properties. Synthetic (i.e., 3D 

printed) resin particles (clumped 4 sphere element, 10 mm in 

diameter) were used. Two types of angle of repose 

measurement were considered and 16 groups participated. 

Inclined plane tests, drop tests and uniaxial compression tests 

on particles were obtained to get material properties. The 

physical tests had a clear variability because of the small 

numbers of particles used in the angle of repose tests (400 / 50). 

Most groups reported similar DEM simulation results if the 

appropriate model parameters and particle geometry were used 

in the DEM models; the variability in the DEM reported results 

was similar to the experiments. 

The advent of new imaging technologies presents new 

opportunities for comparison of physical and numerical 

experiments, particularly micro-CT (micro-computed 

tomography). This is clearly exemplified in Kawamoto et al. 

(2018), who used micro-CT data to verify the capacity of level 

set DEM (Kawamoto et al. 2016) to accurately reproduce the 

response of specimens of silica sand. The combination of 3D 

X-ray diffraction with micro-CT (e.g. Hurley et al., 2017) offers 

new opportunities for multi-scale validation of DEM software. 

There is clearly a role for benchmarking in confirming the 

capacity of a DEM code. Dosta et al. (2024) considered silo 

emptying, a drum mixer, and particle impact on a packed bed 

of particles, while Salomon et al. (2024) considered a triaxial 

compression test; both references point to online data 

repositories to enable reproduction of these benchmark cases. 

Coupled CFD-DEM simulations present a particular 

challenge for validation. The semi-analytical data in Zick and 

Homsy (1985) provide drag force information for individual 

particles in a lattice packing of uniform spheres. The semi-

empirical drag force expressions can be verified by comparison 
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with high resolution CFD simulations (Knight et al., 2020). 

While experimental validation using positron emission particle 

tracking (PEPT) documented in Sykes et al. (2025) may be 

useful in process engineering applications, it is less suited to 

geotechnical engineering applications where the particle 

packing density is high and the fluid flow tends to be laminar. 

As the geotechnical DEM community evolves to pay more 

attention to finer grained materials, including clay, 

characterization of the material adopted in experiments 

becomes even more complicated. For example, significant 

uncertainty remains around the nature of inter-particle friction 

in clay (e.g. Bandera et al., 2024). The detailed characterization 

of the material properties specified in Ooi (2013) is no longer 

possible. This is just one of the many challenges DEM analysts 

will need to address in coming years. 

4 MECHANICS OF RUNNING SIMULATIONS 

4.1 Setting up a simulation 

The issue of specimen generation / reconstitution has been 

given some thought in experimental soil mechanics (e.g. 

Quniteros and Carraro (2025), amongst others). In DEM 

simulations less attention has been paid to this issue.  In the 

element test simulations that comprise most of the applications 

of DEM in geomechanics, samples are often isotropically 

compressed, and the packing density is controlled by 

controlling the void ratio during compression (e.g. Shire and 

O’Sullivan, 2016).  This can introduce some non-physical 

artefacts if the coefficient of friction is then increased to 

simulate the material’s mechanical behavior; the overall, initial, 

macro-scale stiffness will be very high as all the contacts will 

initially be very far from the point of sliding.  Perhaps the best-

known approach to generate samples for DEM simulations of 

element tests is the multi-layer with under compaction method 

proposed in Jiang et a. (2003). 

The computational cost of setting up a sample can exceed 

the computational cost of the simulation itself.  Attempts to 

address this include the idea of using assemblies of periodic 

cells to form the system for subsequent simulation of a 

boundary value problem (Ciantia et al. (2017)).  In principle 

once could take microCT data and reconstruct a physical 

sample using Level Set DEM (Kawamoto et al., 2016), however 

this poses challenges as the image resolution is not sufficient to 

exactly reconstruct the contacts and so there will be some 

rearrangement when the sample is subject to the experimentally 

applied confining pressure and this complicates achieving a 

high fidelity linkage between the experiments and the 

simulations (Torgersrud, 2025, Cui et al. 2025). 

4.2 Calibration 

The micromechanical parameters that govern particle 

interactions—such as stiffness, friction coefficients, and 

cohesion—are not directly measurable properties of the 

material. Instead, they must be inferred by matching the 

macroscopic response of a DEM simulation to experimental 

data from laboratory tests. DEM parameter calibration is a very 

difficult inverse problem due to the large number of parameters, 

their complex interdependencies, and the fact that multiple 

combinations of parameters can produce similar macroscopic 

behavior, making unique calibration challenging. The 

consequences of inadequate calibration can be very significant; 

a poorly calibrated model can produce qualitatively plausible 

but quantitatively incorrect results, undermining its utility as a 

predictive tool. Examples of successful DEM calibration 

against experimental data include Ciantia et al. (2019) who 

showed (following Calvetti(2008)) that a DEM simulation with 

spherical particles, constrained from rotating, coupled with the 

crushing model in Ciantia et al. (2016), could successfully be 

calibrated to capture the response of Fontainebleau sand by 

varying the model coefficient of interparticle friction, the 

particle Young’s modulus and the particle Poisson’s ratio.  The 

crushing parameter calibration used single particle compression 

tests in McDowell (2002). 

A best-practice approach is emerging, consisting of four 

key steps: (1) perform an initial calibration using standard 

element tests with rigorous methods like Bayesian 

optimization; (2) conduct a pilot DEM simulation of the target 

boundary value problem to identify the governing stress paths; 

(3) compare these stress paths with those from the calibration 

tests; and (4) if discrepancies exist, perform additional 

laboratory tests and recalibrate simultaneously to match the 

specific conditions of the problem. 

It is important to appreciate that there is often a scaling 

implicit in the application of a calibrated DEM either to 

simulate an element test or a boundary value problem.  Even in 

the case of an element test simulation there are often far fewer 

particles in the DEM simulation than in the physical system.  

The DEM system captures key physical aspects of the physical 

system (e.g. frictional contacts, etc.) and our DEM particles are 

a scaled-up version of the physical particles.  This is implicitly 

a coarse graining.  We can draw an analogy to a centrifuge 

physical model of a geotechnical system where the structure: 

particle size ratio differs from reality.  However, a key 

difference is that in centrifuge testing careful dimensional 

analysis is applied to scale.  This type of scaling is not routinely 

considered in DEM simulations of boundary value problems.  

Despite the limitations of using calibrated DEM models to 

simulate boundary value problems, there is a key value; the 

emergent phenomena that one gets from a DEM simulation are 

not always easy to capture with continuum modelling 

approaches or measure in-situ. 

4.3 Representative elementary volumes (REVs) 

The computational cost of DEM simulations has limited the 

system size considered in many DEM simulations.  DEM 

analysts should be cognizant of the need to achieve a 

representative element volume (REV) in their simulations. 

Figure 23 graphically introduces the REV concept. 

Figure 23(a) illustrates a 2D virtual sandbox with particles 

shaded according to the average particle stress.  Regions 1 and 

2 are zones selected to measure a relevant averaged parameter 

(this could be void ratio, stress, etc.).  Because both regions 

have a finite size relative to the particle sizes, when these 

regions move the value of the measured parameter will change.  

The parameters measured using Region 1 will be less sensitive 

to changes in region position than is the case for Region 2.  

Figure 23(b) schematically illustrates the fact that measured 

properties will vary as a function of system size until the REV 

is attained. The size of the considered region required to achieve 

a REV relative to the particle size can vary with shape and 

polydispersity of the system.  It may also depend on the 

interaction or contact model.  In simulations of clay particles 

where particles can self-assemble into agglomerates, the size of 

the agglomerate must also be considered (e.g. Bandera et al., 

2021). Useful discussions on representative element volume are 

in Kuhn and Bagi (2009). 

Apart from the geometric effect of the particle size relative 

to the system size, boundary effects must be considered.  As 

articulated clearly in Marketos and Bolton (2010), the packing 

density closer to planar (or curved) boundaries will be lower 

and this difference can be sufficiently large to impact 

interpretation of simulations, e.g. the position of the critical 

state line as demonstrated in Huang et al. (2014b). 
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There seems to be a different quality threshold for DEM 

simulations and laboratory experiment.  The sample sizes in 

published DEM simulations are very often much smaller than 

would be considered acceptable in publishable experimental 

research. 

 

 
(a) 

 
(b) 

Figure 23. Illustration of the representative element volume (REV) 

concept (a) 2D virtual sand box with two “measurement regions” 
(modified from Bym et al. (2013) (b) Conceptual diagram to illustrate 

that a given measured property will vary with size of the simulation or 

measurement region until a REV is achieved 

4.4 Quasi static 

The high computational cost of DEM simulations often means 

that in simulations of element tests the velocities for 

deformation or the strain rates are much higher than would be 

considered acceptable in laboratory element tests to 

characterize the quasi-static response.  If a DEM simulation is 

run too rapidly measures of stress might reflect a stress wave 

passing through the system, rather than the stress in the system 

that is in equilibrium with the applied external forces. 

There are a few ways to confirm that a DEM simulation is 

being run in a quasi-static mode: 

(i)  Consider the ratio of the unbalanced force i.e. the net 

force causing acceleration to the average contact force in the 

system. 

(ii) Look at the ratio of the kinetic energy in the system to 

the elastic energy stored in the particle contacts. 

(iii) Check the inertia number following the papers by da 

Cruz et al. (2005). 

5 MICRO-MACRO TOOLKIT 

5.1 Homogenization: Discrete to Continuum 

The DEM simulation gives data on the contact forces, particle 

displacements, rotations, and particle translational / rotational 

velocities.  These data can be either integrated or differentiated 

to give measures of stress and strain, respectively.  The process 

of using force data to determine stresses is sometimes called 

static homogenization, while the process to obtain strain data 

from incremental displacements can be termed kinematic 

homogenization. The appendices of Potyondy and Cundall 

(2004) give a clear and concise overview of both processes. 

Two approaches to calculate the effective stress tensor (𝝈𝑖𝑗
′ ) are 

given as:  

i. 𝝈𝑖𝑗
′ =  

1

𝑉
∑ (𝝈̅𝑖𝑗

𝑚𝑉𝑚)
𝑁𝑡
𝑚=1  (4) 

where there are 𝑁𝑡 particles in the volume 𝑉 

considered, 𝝈̅𝑖𝑗
𝑚 is the average stress on particle 𝑚, 

and 𝑉𝑚 is the volume of particle 𝑚. 

ii. 𝜎′𝑖𝑗 =
1

𝑉
∑ 𝒇𝑖

𝑐𝒍𝑗
𝑐𝑁𝑐

𝑐=1  (5) 

where there are 𝑁𝑐 contacts in the in the volume 𝑉 

considered, 𝒇𝑖
𝑐 is the force vector associated with 

contact 𝑐 and 𝒍𝑗
𝑐 is the branch vector joining the 

centroids of the two particles who interact at contact 

𝑐. 

5.2 Quantifying fabric 

DEM models can generate large and complex datasets on the 

particle movements and interactions during the simulations.  

The challenge is to quantify the data in a way that can provide 

insight into material behavior.  Probably the most basic particle 

scale measure is the number of contacts per particle, i.e. the 

coordination number, 𝑍: 

𝑍 =  2𝑁𝑐/𝑁𝑝 (6) 

where 𝑁𝑐 is the number of contacts and 𝑁𝑝 is the number 

of particles.   A modified version of 𝑍, called the mechanical 

coordination number, 𝑍𝑚, considers only particles with two or 

more contacts (e.g. Thornton (2000)): 

𝑍𝑚  =  
2𝑁𝑐−𝑁𝑝

1

𝑁𝑝−𝑁𝑝
0−𝑁𝑝

1      (7) 

where 𝑁𝑝
0 and 𝑁𝑝

1 are the number of particles with no 

contacts or with only one contact respectively.  While 𝑍 is a 

measure of packing density there is not a simple correlation 

between 𝑍 and volume-based measures of packing density such 

as the void ratio, 𝑒. 

 

 

Figure 24. Illustration of (unit) vectors which can be used in calculation 

of the fabric tensor using Equation (8 (a) Contact normal orientation (b) 
Particle long axis orientation (c) Branch vector orientation (d) Void 

long axis orientation 

Examples of directional measures that can be obtained 

from DEM simulation data and considered om a measure of 

fabric orientation are illustrated in Figure 24.  The extent of the 

anisotropy of the material can be calculated using any one of 

these unit vectors in an expression for the fabric tensor, 

following the work of Satake (1982) and Kanatani (1984): 

82



Φ𝑖𝑗 =
1

𝑁
∑ 𝑛𝑖

𝑚𝑛𝑗
𝑚

𝑁

𝑚=1
 (8) 

where Φ𝑖𝑗 is the fabric tensor, 𝑁 is the number of orientation 

vectors considered (this is 𝑁𝑐 in the case of the contact normal 

fabric tensor and 𝑁𝑝 in the case of the particle orientation fabric 

tensor), and 𝑛𝑖
𝑚 is the unit vector describing the orientation of 

the vector 𝑚 considered (i.e. contact normal orientation, 

particle long axis orientation, branch vector orientation, void 

long axis orientation, etc.). 

The extent of any anisotropy can be quantified by looking 

at the invariants of the fabric tensor.  The simplest invariant is 

the deviator fabric:  Φ1 −Φ3 where Φ1 and Φ3 are the largest 

and smallest eigenvalues of the fabric tensor. ( Φ1 and Φ3 are 

analogous to the major and minor principal stresses which are 

eigenvalues of the stress tensor.)  The preferred orientation of 

the anisotropy can be quantified using the eigenvalues of the 

fabric tensor.  

In triaxial stress space, Yimsiri and Soga (2010) proposed 

that anisotropy can be calculated using the parameter 𝑎 which 

can be obtained by equating a fabric tensor in the form of 𝐹𝑖𝑗 

(Equation 9) with Φ𝑖𝑗 (Equation 8). 

𝐹𝑖𝑗 =

(

 
 
 
 

3𝑎 − 5

5(𝑎 − 3)
0 0

0
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5(𝑎 − 3)
0

0 0
−5 − 𝑎

5(𝑎 − 3))

 
 
 
 

 

 

 

(9) 

In experimental soil mechanics slightly different measures of 

fabric are used, influenced by the seminal work of Collins and 

McGown (1974) in their interpretation of SEM images.  

Mapping the Collins and McGown descriptors of particle 

arrangements to a quantifiable metric one can apply to DEM 

generated data is non-trivial.  In their simulations of clay 

platelets Nakamichi et al. (2024) considered the dot product of 

the two unit vectors orthogonal to the principal plane of their 

platy particles to identify if particles were contacting in a face 

to face or edge to edge configuration.  They then used the face-

face and face-edge coordination number data to differentiate 

dispersed and flocculated fabrics. 

6 DEM ADVANCING MATERIAL BEHAVIOUR 

Granular and particulate materials including soil exhibit 

complex behaviors that are difficult to predict and model; these 

include nonlinearity, inhomogeneity, anisotropy, pressure-

dependent stiffness and strength, hysteresis, dilatancy, non-

associativity, instability (bifurcation), and pathological strain-

rate dependency. Modern advanced constitutive models are 

inherently phenomenological, i.e. developed to reproduced 

behavior observed in laboratory experiments or in-situ.  Those 

models that can capture a range of mechanical response 

characteristics tend to be incredibly complex and often involve 

parameters that can be difficult to understand or calibrate.  In 

contrast, many of the material behavior phenomena associated 

with soil can be captured in relatively simple DEM models 

using model parameters that have a clear physical basis.  

DEM models can never serve to replace experimental tests 

on real soils, nor are DEM simulations likely to replace 

continuum analyses in routine geotechnical engineering design.  

Rather, DEM can play a role in advancing understanding of the 

link between particle interactions and pore scale processes and 

the overall material response.  DEM simulations can provide 

information about material behavior under stress conditions 

that cannot be accessed easily in the laboratory but that are 

encountered in situ; this can inform the development of 

constitutive models for engineering design analysis.  Here we 

give an overview of some of the ways DEM has advanced 

understanding of material behavior since its inception into the 

geotechnical engineering community in 1979. 

The following is a subjective and non-exhaustive list of 

key studies that have advanced understanding of soil (primarily 

sand) behavior using DEM: 

1. Stress-force-fabric link. Rothenberg and Bathurst (1989) 

were the first (using 2D simulations) to show how the 

particle scale data available in DEM can be used to link 

stress and fabric responses.   These ideas were developed 

upon in Ouadfel and Rothenberg (2001), Chantawarangul 

(1993) and Guo and Zhao (2013). 

2. Strong force chains –DEM simulations have revealed the 

heterogeneity of stress transmission in granular materials.  

For example, Radjai et al. (1996) showed that most of the 

contacts in a granular assembly carry forces that are 

smaller than the average contact force, but that some of the 

forces are significantly larger than the average force.  

These observations are strongly linked to the concept of 

strong force chains, i.e. connected particles that transmit 

stresses that are significantly higher than the mean stress. 

3. Micro-macro linkages in triaxial compression:  Thornton 

(2000) is a key contribution that shows how DEM can be 

used to link particle scale responses and interactions to 

overall sand behavior.  In this paper he showed that there 

is a non-trivial relationship between interparticle friction 

and the macro-scale angle of shearing resistance (often 

termed the friction angle in soil mechanics), in triaxial 

shear a “critical” coordination number is attained before 

the sample attains its critical void ratio and he showed how 

the second order fabric tensor (Equation 8) can be used to 

identify fabric response envelopes. 

4. Crushing: Cheng et al. (2003) simulated crushable sand 

particles using bonded sphere agglomerates to show that 

significant particle crushing occurs along the normal 

compression line.   Hanley et al. (2015) simulated crushing 

by applying a failure criterion to rigid spheres and showed 

that the larger number of contact changes in triaxial shear 

explains why more particle crushing is observed in triaxial 

shear compared to normal compression at similar stress 

levels in experiments (e.g. Coop and Lee, 1993). Shi et al. 

(2024) used DEM to show how high pressures promote 

shear-induced crushing and particle rearrangement, 

reducing porosity and shifting critical state lines.  

5. Mixtures – DEM is well suited to advance understanding 

of the link between particle characteristics and overall 

behavior in mixtures of large and soft particles or hard and 

soft particles.  For example, Shire et al. (2016) applied 

DEM to confirm particle scale hypotheses put forward in 

Skempton and Brogan (1994) in relation to suffusion 

(internal erosion) of gap-graded soils.   

6. Filter rules Terzaghi’s filter rule relates the 85th percentile 

diameter of the base (retained) material and the 15th 

percentile (D𝐹15) diameter of the filter material. D𝐹15 is 

taken as a proxy for a controlling constriction /pore throat 

size in the filter.  DEM simulations are well placed to 

explore the fundamental basis to this type of rule. For 

example  Shire and O’Sullivan (2015) showed how DEM 

can generate pore-topology data for integration in a 

network model to look at base-filter combinations, while 

Taylor et al. (2019) used a combination of DEM and 

microCT generated data to show that if filter particle size 

distributions are normalized by D𝐹15 they plot close to 

each other, confirming that D𝐹15 is indeed a characteristic 
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particle diameter that reflects the pore scale topology in 

well-graded soils. 

7. Critical state surface. Muir Wood and Maeda (2008) used 

DEM generated date to propose that the relationship 

between the critical state line in 𝑒 − 𝑙𝑜𝑔 𝑝′(𝑒 is void ratio, 

𝑝′ is mean effective stress) and can be related to gradation 

if gradation is quantified using a metric termed 𝐼𝐺 .  This 

relationship can be plotted as a planar surface in 𝑒 −
𝑙𝑜𝑔 𝑝′ − 𝐼𝐺  space.  Based on DEM results, Zhao & Guo 

(2013) redefines the critical state in granular soils by 

establishing a unique,  path-independent power-law 

relationship between mean effective stress and a fabric 

anisotropy parameter (𝐾).  The proposed framework 

extends  the conventional critical state concept into a three-

dimensional space (𝐾 − 𝑒 − 𝑝′) and provides new insights 

for constitutive modelling.  

8. Noncoaxiality Roscoe et al. (1967) observed that the 

orientations of the principal axes of strain rate and stress 

can differ during simple shear tests on sand.  Based on 2D 

DEM simulations, Li and Yu (2010) found that, under 

continuous principal stress rotation, granular materials 

develop a highly anisotropic internal structure that rotates, 

lagging slightly behind the stress direction, causing non-

coaxial behavior which leads to an ultimate state that is 

more contractive and densely packed than the critical state 

achieved in conventional biaxial shearing. 

9. State parameter under generalized stress conditions. The 

state parameter framework proposed by Been and Jefferies 

(1985) underpins several constitutive models for sand.  

Laboratory triaxial tests informed this empirical 

framework.  Huang et al. 2014(a) used DEM simulations 

in a true triaxial stress space to show the applicability of 

the state parameter framework in more general stress 

conditions.  

7 BOUNDARY VALUE PROBLEMS 

It is not reasonable to expect DEM simulations to replace finite 

element method (FEM) simulations in analyses to inform 

geotechnical design and risk assessments. However, there are 

scenarios where adopting DEM can be helpful.  For example, 

problems involving large deformation (including penetration), 

scenarios where the size of the particles is large and landslides 

/ debris flow.   

7.1 Large deformations and penetration 

Arroyo et al. (2011) demonstrated the potential to use DEM to 

simulate cone penetration tests (CPTs), which gives the 

potential to link CPT data with soil properties outside of the 

costly calibration chamber-type research.  This idea in Ciantia 

et al. (2016) who extended the DEM CPT modelling framework 

to consider crushing. 

Moving towards the application of DEM to inform design, 

Sharif et al. (2021) explored the application of DEM to consider 

the installation of screw piles. Patino-Ramirez and O’Sullivan 

(2022) and Patino-Ramirez et al. (2025) showed how 

integration of DEM within an optimization framework can be 

used to optimize the topology of horizontally penetrating 

probes considering the need to minimize lift and drag forces. 

7.2 Large particles 

DEM is well suited to consider soil structure interaction 

problems involving large particles.  Example applications 

include scour protection systems (Shi et al. 2025), rockfill 

(Tapias et al., 2015), railway ballast (McDowell and Li, 2016), 

and breakwaters (Sun et al., 2024). 

7.3 Landslides and debris flows 

Notable case studies documenting the use of DEM to simulate 

landslides include the simulation of the Donghekou landslide 

(24 million cubic meters) triggered by the 2008 Wenchuan 

earthquake using a 2D approach (Song et al., 2018). Subsequent 

research has leveraged 3D DEM to investigate the dynamics of 

the 2017 Xinmo landslide, which resulted in significant 

casualties (Liu et al., 2020), and the Aso Bridge landslide 

caused by the 2016 Kumamoto earthquake in Japan (Chen et 

al., 2024).  The potential to use DEM to develop barriers to 

mitigate debris flow hazards is demonstrated in Kong et al. 

(2022, 2024). 

8 OUR VISION FOR THE FUTURE: 

KEY CHALLENGES AND OPPORTUNITIES 

8.1 Educating the DEM user community 

As noted above, the use of open-source DEM codes has become 

increasingly common in the geotechnics community.  In 

principle this lowers the barrier to access DEM in research, 

however running and compiling these codes is not always 

straight forward and there can be a steep learning curve.  

However, communities have grown around the codes and 

online forums can support new users.  There has also been 

active funding of cross-disciplinary networks of DEM users, 

with a focus on open-source codes; specifically, the EU-funded 

COST ON-DEM network (ON_DEM, 2025) and the UK 

collaborative computational community in particulate solids 

simulation ParaSolS (CCC-ParaSolS, 2025).   It does not seem 

likely that DEM will be routinely included in undergraduate or 

even taught postgraduate curricula and so these networks and 

the resources they develop will likely play an important in 

education of future DEM analysts.  

The active DEM user communities are converging around 

open-source codes and the use of mainframe / large computers 

with Linux-type operating systems.  This means there is an 

evolution from users with commercial codes running single 

instances on windows-based machines.  The use of open-source 

software puts greater emphasis on the need for users to 

explicitly consider quality control and benchmarking. 

Even if DEM is not formally taught in the classroom, there 

is scope to exploit DEM derived data in teaching.  One 

interesting current initiative showcasing this potential is led by 

the Sydney Centre in Geomechanics and Mining Materials at 

the University of Sydney (SciGEM, 2025).  

8.2 Upscaling: Motivation and strategies to address this 

challenge 

The need to improve computational efficiency has been a 

central issue in the evolution of DEM within geotechnical 

engineering. Hitherto the application of DEM in geotechnical 

engineering and soil mechanics has largely been restricted to 

researchers looking at the fundamentals of material behavior.  

While DEM is being used to develop engineering solutions in 

chemical and process engineering and in bulk materials 

handling, geotechnical engineering consultancies are not using 

DEM and DEM has played only a minor role in driving 

innovation in geotechnical engineering practice. To enable a 

transition from simulating laboratory-scale experiments to full-

field problems involving large deformations we need the 

computational capacity to consider millions to billions of 

particles, and complex interactions. This challenge has spurred 

innovation across three primary fronts: leveraging specialized 

hardware like GPUs, developing more efficient algorithms, and 

implementing coarse-graining strategies to reduce particle 

counts without sacrificing essential macroscopic behavior.  
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Progress on all three of these fronts will be needed if DEM is to 

play a larger role in geotechnical design analysis. 

As discussed in Section 7.1 there is scope for 

product/process development looking topologies of penetrating 

objectives – e.g. helical screw piles, horizonal probes, railway 

ballast.  There is already academic research activity in this.  In 

other disciplines companies (e.g. BASF) have high 

performance computers available to enable in-house DEM 

simulations. 

8.3 Clay, silt, and mixtures 

The application of DEM to clay is still in its infancy.  There are 

significant challenges to address including uncertainty about 

fundamental particle.  However, there are significant 

opportunities to impact, as is evident from recent landslides in 

quick clay.  Key issues and research needs in applying DEM to 

clay in rigorous research include an appreciation that the system 

sizes that need to be considered are large because of the meso-

scale agglomerates and structures that develop in clay, the 

development of datasets of particle interactions using fully 

atomistic MD so that analysts are not restricted to using DLVO 

theory and an understanding of the need to include particle 

deformations in these models. 

Most of the constitutive models used in geomechanics are 

derived using either clays or sands.  In principle, DEM can be 

used to advance understanding of mixtures but the frameworks 

to do this have not been fully developed. 

8.4  Multi-Physics Coupling  

Many of the phenomena that pose technical challenges to 

geotechnical engineers are inherently multi-physics and multi-

scale in nature. As noted above the Discrete Element Method, 

can be used within coupled simulation frameworks to address 

these complex problems; the two most prominent types of 

coupling are fluid-particle coupling (CFD-DEM) and discrete-

continuum coupling (FEM-DEM or MPM-DEM). Despite the 

progress in coupling methodologies, several hurdles remain. 

For CFD-DEM, the primary bottleneck continues to be the 

development of physics-based closure laws for drag and 

turbulence that are valid for the complex, heterogeneous, and 

often non-spherical particle system encountered in geotechnics. 

For FEM-DEM, ensuring a stable and artifact-free interface 

remains a significant challenge, particularly in dynamic 

simulations where high-frequency noise can be introduced. The 

computational cost of these coupled simulations can be 

substantial, demanding efficient parallelization and scalable 

algorithms to make them viable for large-scale engineering 

problems. Furthermore, there is a recognized need for more 

comprehensive validation against high-resolution experimental 

data, such as Particle Image Velocimetry (PIV) or X-ray CT 

scans, to build confidence in the predictive capabilities of these 

complex models.   

Future work will involve expanding coupled simulations 

to include thermal effects, reactive flows, and multi-phase 

fluids. The development of more robust, stable, and 

computationally efficient partitioned coupling schemes will be 

crucial for enabling widespread adoption. Ultimately, the 

successful integration of DEM into broader multi-physics 

frameworks is essential to create predictive digital twins of 

geotechnical systems, capable of simulating the coupled 

mechanical, hydraulic, thermal, and chemical processes that 

govern their behavior.  

8.5 Improving Calibration to Achieve Predictive Accuracy 

in Complex Geomaterials 

Perhaps the most significant and pervasive challenge in the 

application of DEM to predictive modelling in geotechnical 

design analysis is calibrating the input parameters (see Section 

4.2 for a discussion on calibration).   There is a clear need to 

develop and adopt integrated, automated workflows for 

calibration that combine advanced optimization algorithms, 

machine learning metamodels, and multi-test protocols. There 

is also a need for clarity on the extent to which models have a 

rigorous physical basis. 

8.6 Opportunities posed by AI 

Beyond its support of model calibration AI has the scope to 

advance DEM in other ways. Development of input scripts for 

DEM simulations can be aided by use of generative AI.  AI may 

also play a role in coupling, for example giving conductances 

for edges in the pore-network models used to simulate fluid 

flow (see Section 2.8.2).  Similarly, AI has the potential to be 

used in interaction models for clay platelets.  There is scope to 

use surrogate models in hierarchical coupling.  In the area of 

developing constitutive models using machine learning (e.g. 

using physics informed neural networks) there is a role to play 

in using DEM generated data to supplement experimental 

datasets.  DEM simulations can provide useful insight into 

model performance in more complex non-triaxial stress space 

and / or give fabric data. 

One of the key issues around exploiting DEM generated 

data in data science / machine learning / AI is the need to have 

clearly archived data.  The FAIR guiding principles laid out in 

Wilkinson et al. (2016) are starting to achieve some traction and 

this is positive for the geotechnical community in general 

including the geomechanics DEM community.  Provided 

simulation data are made available in an appropriate research 

data repository (re3data.org, 2025) there is scope to maximize 

the scientific benefits DEM simulation data can bring to the 

geotechnical community, while also saving energy and cost by 

avoiding re-running equivalent simulations.   Once the data are 

available it may be possible to use large language models 

(LLMs) to interrogate datasets. 

8.7 GPUs  

Adoption of DEM software that can run on GPUs is clearly 

accelerating.  As highlighted in Dongarra et al. (2024) a key 

driver towards the increased use of GPU hardware is AI 

applications.  The associated operations can tolerate lower 

precision than that which hitherto has been associated with 

scientific computing.  Strategies to address this include mixed 

precision computing (e.g. Baboulin et al., 2009) and 

heterogenous computing which combines CPUs and GPUs. As 

of November 2025, the world’s top-ranked high-performance 

computer is El Capitan, it is an exascale computer hosted at the 

Lawrence Livermore National Laboratory, California, USA 

(Top500, 2025).   El Capitan combines a CPU and a GPU in 

each processing unit.   We are optimistic that GPUs will 

accelerate the application of DEM to large systems of relevance 

to the geotechnical industry.   

8.8 Synergies between Artificial Intelligence, Advanced 

Hardware, and Novel Formulations 

AI-powered optimization algorithms are essential to 

successfully calibrate the parameters of novel, more complex 

DEM models. The additional computational power that can be 

provided by advanced hardware is a prerequisite for running 

large-scale, simulations. The insights gained from these 

simulations can, in turn, be used to train more sophisticated AI 

models. The future of DEM in geotechnics will be characterized 

by this integration.  To transform DEM into a much more 

powerful research, development and design tool we need to 

address challenges in AI integration, and hardware scalability 

while maintaining theoretical rigor. 

85



9 CLOSING COMMENTS 

The state-of-the-art review of DEM in geotechnics has 

considered this field at a pivotal moment. A fundamental 

transformation is underway so that the use of DEM in 

geomechanics is evolving from its origins as a qualitative 

research tool towards a position as a quantitative predictive 

instrument. This transformation is enabled by advances in 

computational technology, multi-physics coupling, and data-

driven methodologies. The key challenges of computational 

scalability, physical realism, predictive accuracy, and the 

integration of novel theories, are now focal points for 

innovation rather than insurmountable obstacles. Integration of 

AI has the potential to automate complex tasks, while next-

generation hardware, i.e. GPUs can provide the computational 

power needed to run ever-larger and more detailed models. 

Funding agencies have an indirect, but finite impact on 

research direction.  There is a move away from funding 

fundamental / basic research towards an emphasis on delivering 

research impact in many countries and this will influence the 

future development driven by the need to support applications 

with clear economic impact. 

The strategic outlook for DEM in geotechnics is one of 

increasing sophistication, automation, and predictive power, 

promising to revolutionize how we understand, design, and 

manage the Earth's engineered and natural systems. Delivering 

this vision will require increasing synergy between 

computational science, experimental validation, and data 

science. DEM has the potential to reduce the reliance of 

geotechnical engineering on empiricism and build models 

grounded in more fundamental principles. It will empower 

engineers to design safer and more resilient infrastructure, help 

scientists to better understand and mitigate natural hazards like 

landslides and earthquakes, and enable humanity to explore and 

utilize resources in extreme environments.  
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