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Abstract -
Spraying processes, such as shotcrete, painting, and abra-

sive blasting, are critical to construction but remain labor-
intensive, hazardous, and challenging to automate. Realistic
and computationally efficient simulation models are crucial
for supporting robotic process planning, training, and con-
trol. However, existing approaches are typically process-
specific and lack generality across different material sys-
tems. This study presents a unified, physics-informed parti-
cle system-based simulation that can represent diverse spray-
ing processes within a single computational model. The for-
mulation integrates stochastic adhesion and rebound mecha-
nisms with process-dependent material parameters, enabling
the reproduction of characteristic behaviors—from cohesion
and detachment in shotcrete to smooth deposition in painting
and particle scattering in abrasive blasting. The framework
operates in near real-time and has been quantitatively vali-
dated for the shotcrete process using published experimental
datasets, while additional spraying processes such as painting
and abrasive blasting are demonstrated qualitatively to illus-
trate the generality of the modeling approach. The results
demonstrate that only a limited set of parameter adjustments
is required to emulate distinct process dynamics, establish-
ing a scalable foundation for robotic spraying and trajectory
optimization.
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1 Introduction
A wide range of spraying processes is used in construc-

tion, including surface protection and coatings, sprayed
concrete (shotcrete), insulation and sealant foams, spray
painting, adhesive sprays, and abrasive blasting. All of
these processes are highly dynamic: material is ejected
from the nozzle and projected onto a target surface, requir-
ing the operator to both control deposition and continu-
ously adjust based on visual feedback. Despite their impor-
tance, most of these processes are inherently hazardous—
exposing workers to dust, rebound, chemical agents, or

physical strain. Combined with a severe labor shortage
and a declining skilled workforce in the construction sec-
tor [1], the need for robotics and automation to support,
augment, or partially replace human operators becomes
urgent.

To achieve human-level expertise autonomously, a
robotic system must first acquire a reliable understanding
of the underlying spraying process. Developing such un-
derstanding requires robust simulation models. Shotcrete
provides a compelling example: it is a complex and skill-
intensive process that requires operators to undergo rigor-
ous training and certification. However, physical shotcrete
tests are costly, wasteful, and unsustainable, whereas
simulation-based training (e.g., [2]) offers a safer and more
scalable alternative. Beyond training, simulation models
enable technical analysis, waste reduction, and process
optimization, provided they are sufficiently reliable and
accurate.

The main contribution of this study is the extension of
our previously developed shotcrete simulation model [3]
to a broader class of construction spraying processes. The
underlying particle-based framework has been quantita-
tively validated for shotcrete deposition against experi-
mental data [4, 5]. Building on this foundation, the present
work investigates whether the same physics-based simu-
lation architecture can be generalized to other spraying
applications, including painting and abrasive blasting.

Unlike prior work that focused exclusively on concrete
spraying, we show that these processes can be represented
within a unified particle-based framework by adjusting a
limited set of material and process parameters governing
adhesion, cohesion, and rebound behavior. This enables
the reproduction of distinct spraying regimes while pre-
serving a consistent simulation architecture. The addi-
tional processes considered in this study are, therefore,
intended to demonstrate the generality of the framework
through parameter adaptation, rather than to provide inde-
pendent quantitative validation.

The remainder of this article is organized as follows.
Section 2 reviews the state of the art in simulation technolo-
gies and robotic advancements relevant to each process.
A theoretical overview of particle methods is provided in
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Section 3. Section 4 details our simulation model, includ-
ing the parameter settings and ranges for each process. The
corresponding results are presented in Section 5, followed
by a discussion and concluding remarks in Section 6.

2 Background
Spraying processes have long been the subject of en-

gineering analysis and robotics research. From concrete
placement to protective coatings and abrasive blasting,
each domain has developed its own simulation methods
and automation strategies. However, most of the existing
work has remained domain-specific, with few attempts at
unifying frameworks that can handle multiple processes
under a standard methodology. This section reviews the
state of the art in simulation in three representative appli-
cations: shotcrete, spray painting, and abrasive blasting.

2.1 Sprayed concrete

Shotcrete simulation has attracted considerable atten-
tion due to the complex interactions between aggregates,
mortar, and substrate surfaces. Early work applied the
Discrete Element Method (DEM) to explicitly represent
aggregate and mortar phases, modeling collision, rebound,
and packing effects in sprayed layers [6]. DEM-based for-
mulations have also been extended to capture rheological
behavior and yield-stress effects of fresh concrete mix-
tures by combining particle kinematics with macroscopic
rheology models [7, 8].

Coupled Computational Fluid Dynamics–Discrete Ele-
ment Method (CFD–DEM) approaches later emerged to
approximate both the granular and fluid aspects of fresh
concrete [9]. Nevertheless, DEM and CFD–DEM remain
computationally intensive and struggle to meet real-time
constraints. Velez et al. [10] traded physical realism for
speed (via ray-casting adhesion) and proposed a real-time
training simulator. More recently, particle system-based
models have been proposed to strike a balance between
realism and efficiency [4], introducing a physics-informed
particle system capable of reproducing spray dynamics and
cohesive failure phenomena. A voxel-based model [11],
capable of modeling material evolution in real time, further
underscores the growing interest in bridging the divide be-
tween computational efficiency and fidelity. These devel-
opments highlight a spectrum of approaches, from high-
fidelity but slow solvers to simplified, high-performance
models.

2.2 Spray painting

Spray painting is among the most extensively studied
spraying processes, primarily due to its widespread use in
the automotive and manufacturing industries [12]. Sim-
ulation models have been developed to analyze droplet

transport, deposition, and film formation, typically by re-
solving the airflow field using CFD [13]. However, accu-
rately predicting paint thickness on complex geometries
remains a challenge and requires the development of ad-
vanced coupled CFD models.

Coupling CFD with a Lagrangian particle-tracking ap-
proach enables the prediction of droplet trajectories and
the final film thickness. Earlier, Böttner and Sommerfeld
[14] developed a comprehensive CFD–DEM model for
electrostatic powder painting, combining a finite-volume
approach for the airflow field with discrete particle track-
ing and the solution of the Laplace equation to incorporate
electrostatic effects. Later, Fogliati et al. [15] employed
the time-averaged Navier–Stokes equations, comprising
the 𝑘–𝜖 turbulence model, to predict deposition outcomes
across various geometries and operating conditions.

In robotics, automated spray-painting systems often in-
tegrate simulation or predictive modeling into offline path-
planning and optimization pipelines. These systems aim
to achieve uniform coating thickness, minimize material
waste, and improve process efficiency through model-
based trajectory optimization [16, 17].

2.3 Abrasive blasting

Abrasive blasting (sandblasting) is a jet-cleaning pro-
cess used for surface preparation, roughening, or coating
removal. It involves high-velocity particles impacting a
target surface, typically modeled as a purely particulate
flow with negligible adhesion. Classical simulations of
abrasive blasting have predominantly relied on the DEM.
To achieve greater physical realism, Longmore et al. [18]
employed DEM and represented each granule as a tetra-
hedral lattice of four particles, implicitly capturing static
friction through the interlocking of neighboring granules.
Alternative approaches have utilized CFD to analyze the
influence of parameters such as particle size, blasting pres-
sure, and nozzle distance [19].

Across all three domains, notable progress has been
achieved in either high-fidelity process simulation or task-
specific robotic automation. However, the literature re-
mains fragmented: most simulation tools are tailored to
a single material system, and their formulations are not
readily transferable across different spraying processes.
This limitation motivates the present work, which seeks to
unify shotcrete application, spray painting, and abrasive
blasting within a single, particle-based simulation frame-
work—distinguished only by their process parameters.

3 Particle methods
Particle methods are a broad family of mesh-free numer-

ical techniques in which a continuum or system is modeled
through discrete entities—”particles”—whose motion and
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interactions collectively approximate the behavior of the
underlying process. In contrast to grid-based (Eulerian)
schemes, particle methods adopt a Lagrangian viewpoint
that follows material motion, thereby reducing numerical
diffusion during advection, simplifying the treatment of
free surfaces and interfaces, and naturally handling com-
plex boundaries and heterogeneous materials without the
need for complex mesh generation. These properties make
particle methods well-suited to highly dynamic processes,
such as sprays, splashes, fragmentation, and other multi-
phase phenomena. These advantages, however, come at a
cost: particle methods generally demand greater compu-
tational resources, careful implementation and tuning, and
extensive validation to achieve predictive reliability.

Following the formalization proposed by [20], particle
methods can be described in terms of five foundational
concepts:

1. Representation: the basic unit or object that is being
manipulated (particle, point, droplet).

2. Interaction: the ability of particles to affect one
another (e.g., via collisions, constraints, or forces).

3. Neighborhood: the criterion that determines when
and with which neighbors interactions occur.

4. Evolution: changes to a particle’s state governed by
external physics, independent of neighbors.

5. Iteration: the system’s progression through discrete
timesteps.

They further distinguished three levels of description
for particle methods:

• A general algorithmic framework, including
the data structures and functions common across
particle-based approaches.

• A particle method instance, which specifies
the problem or application context to which the
method is applied.

• A state transition function, which governs
how an instance evolves from its initial state to later
states through repeated application of the algorithm.

This layered definition separates the abstract algorith-
mic design from application-specific implementations,
providing a general foundation for particle-based simu-
lation in a wide range of domains.

4 Simulation model
The proposed simulation model is implemented as a

modular, physics-informed particle system in C++. De-

signed for generality, the same core framework can simu-
late a wide range of spraying processes—shotcrete, paint-
ing, sandblasting, and others—by modifying only material
parameters and process-specific plugins. Figure 1 presents
a Unified Modeling Language (UML) class diagram that
organizes the framework into a particle emitter, particle
data structure, surfaces, obstacles, and a physics engine
for integration and collision handling.

At the core lies the Swarm, which manages all active
and inactive particles. Each particle is represented by a
lightweight structure containing its position, velocity, and
lifetime, which are updated at discrete timesteps (default:
Δ𝑡 = 0.01 s). The swarm handles activation, deactiva-
tion, and efficient culling of particles outside the domain,
enabling scalability to tens of thousands of particles and
supporting real-time simulation.

Particle generation is handled by the Emitter, derived
from an abstract interface. Emitters are parameterized by
particle spawn rate, velocity range, shape, aperture, and
angular spread, allowing them to replicate the behavior of
different nozzle types. For example, paint spraying can
be represented by high emission rates with a point emit-
ter (near-zero aperture) for air spray guns, a rectangular
emitter for a fan-shaped airless spray guns, or an annu-
lus for rotary bell atomizers. Sandblasting, by contrast,
is modeled with a circular emitter, coarser particles than
spray paint, and higher initial velocities. Each emitter ini-
tializes particles with randomized attributes sampled from
empirical distributions.

Within the modular framework, particles emitted by the
Emitter are managed by the Swarm and updated under ex-
ternal forces. Each particle is represented as a geometric,
massless point with optional user-defined attributes (e.g.,
shape, size, color) that affect only visualization. Motion
evolves under external forces such as gravity, aerodynamic
drag, or viscoelastic effects; in the simplest configuration,
trajectories are purely ballistic. The PhysicsEngine ad-
vances motion explicitly using forward Euler integration
at discrete timesteps, ensuring deterministic, computation-
ally efficient updates suitable for real-time use. For col-
lision handling, trajectories are approximated as straight-
line segments per timestep, and intersections are tested
against geometric obstacle primitives (planes, cylinders,
boxes, spheres) using algebraic methods [21]. Impacts
are then resolved through specular reflection with attenu-
ation by a coefficient of restitution, rather than by DEM-
style contact solvers. This abstraction deliberately omits
particle–particle interactions to maintain scalability and
real-time performance while retaining sufficient fidelity
for spray-process simulation.

Whether a particle adheres or rebounds upon impact is
a stochastic process. In shotcrete, a rebound probability
𝑝𝑟 (𝜃) is computed from the particle’s impact angle 𝜃 rel-
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Particle System

1

0..*

«use»0..*

1

0..*
«use»

Shotcrete

Legend:

«dataType» Vector2 : double[2] 
«dataType» Vector3 : double[3] 
«dataType» Quaternion : double[4]
«dataType» Hull : vertices: Vector3 [*]
«dataType» Frame : 

origin: Vector3
orientation: Quaternion

«dataType» FaceGeometry : 
frame: Frame
size: Vector2 {m}
/vertices: Vector3 [4] {derived}

«dataType» BoxGeometry : 
frame: Frame
size: Vector3 {m}
/faces: FaceGeometry [6] {derived}

«dataType» PolygonGeometry :
vertices: Vector3[*] {ordered}

«dataType» CylinderGeometry : 
frame: Frame
radius: double {m}
height: double {m} 
segments: int = 32
/top: PolygonGeometry {vertices = segments}
/bottom: PolygonGeometry {vertices = segments}
/faces: FaceGeometry [segments] {ordered, derived}

<<struct>>
HeightEntry

+ height : uint16 
+ regionID : uint16 

HeightField

- width : uint16
- depth : uint16
- data : HeightEntry [*]

1..*

Swarm

Material

+ abhesion : double = 1.0
+ coefRestitutionMin : double = 0.03
+ coefRestitutionMax : double = 0.05
{0 ? coefRestitution ? 1}
+ bounceSpread : double {rad}

0..*

FaceTarget

# getReboundRate(Vector3, Vector3) : double
- process(Particle, AbstractSwarm, double) : void {override}

«use»

1
Heatmap

«use»
1

Particle

+ velocity : Vector3 {m/s}

Emitter

+ spawnRate : int
+ speedMin : double {m/s}
+ speedMax : double {m/s}
+ aperture : double {m}
+ spread : double {rad}

+ update(Swarm<Particle>, double) : void {override}
+ initParticle(Particle, double) : void {override}

CylinderTarget

- process(Particle, AbstractSwarm, double) : void  {override}

Cohesion

«use»

0..*

«use»
1

1

Rebound

2..*

«use»

1

0..*

<<struct>>
Particle

+ position : Vector3 {m}
+ lifeTime : double {s}

AbstractEmitter
{abstract}

+ enabled : bool 

Emitter
{abstract}

+ update(Swarm<T>, double) : void {abstract}
+ initParticle(T, double) : void

«template» T

T := Particle

AbstractSwarm
{abstract}

+ numberOfParticles : uint = 1000 
+ timeStep : double = 0.01 {unit = s}
+ emitters : AbstractEmitter [*]
+ obstacles : AbstractObstacle [*]
+ boundingBox : BoxGeometry

+ updateSwarm(double) : void {abstract}
# initSwarm() : void {abstract}

Swarm
{abstract}

- allParticles : T [*]
- inactiveParticles : T [*]
- activeParticles : T [*]

- initSwarm() : void {override}
- updateSwarm(double) : void {override}

«template» T

T := Particle
CylinderObstacle

- myCylinder : CylinderGeometry

# findIntersectionOnCylinder(Vector3, Vector3) : Vector3
# findNormalAtIntersection(Vector3) : Vector3

AbstractObstacle 
{abstract}

# myHull : Hull
# hullWorldFrame : Frame

+ process(Particle, AbstractSwarm, double) : void {abstract}
# compileReflection(Vector3, Vector3) : Vector3

FaceObstacle

- myFace : FaceGeometry

# compileContactPoint(Vector3, Vector3) : Vector2
# contactOnFace(Vector2) : bool
# getContactPercentage(Vector2) : Vector2
# compileReflection(Vector3) : Vector3

«use»

Figure 1. Unified Modeling Language (UML) class diagram of the particle system library, together with an
example shotcrete extension. The model specifies abstract and concrete classes for particle emission, swarm
management, and obstacle handling, conforming to the UML 2.5.1 specification.
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Velocity Range

Figure 2. Circular particle emitter model. Particles
are stochastically initialized within the emitter aper-
ture and assigned velocity vectors perturbed from
the primary emission axis. Perturbations are con-
strained by angular and magnitude bounds, thereby
controlling the spread of the emission. Post-impact
dynamics are represented by a reflected direction
about the local surface normal, with the speed atten-
uated to account for energy dissipation.

ative to the surface normal using an empirical polynomial
fit to Melbye’s curves [22]. A uniform variate 𝑢∼𝑈 [0, 1]
is drawn and scaled by a material-specific abhesion (i.e.,
anti-adhesion) factor 𝛼 ∈ [0, 1]; the outcome is obtained
by comparing this draw with 𝑝𝑟 (𝜃). For shotcrete, we
use 𝛼 = 1, so the angle–dependent probability governs
adhesion/rebound; for paint, we set 𝛼 = 0, suppressing
rebound so that all impacts adhere. For abrasive blast-
ing, we do not increase 𝛼; instead, we bypass the angle
curve by setting 𝑝𝑟 (𝜃) ≡ 1, which forces every impact to
rebound regardless of angle. Rebounding particles leave
with the specularly reflected direction and an attenuated
speed given by the coefficient of restitution, with a small
random scatter added to match experimental spread.

Surfaces and obstacles are implemented through an ab-
straction hierarchy. The AbstractObstacle interface
provides collision detection and reflection utilities, with
concrete implementations such as CylinderObstacle
and FaceObstacle. Targets like FaceTarget ex-
tend this functionality by recording deposition into a
HeightField, a grid structure that tracks layer thick-
ness and identifiers for cells lacking adequate support.
This enables both visualization and quantitative analysis
(e.g., thickness uniformity, rebound ratio), supported by a
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Heatmap utility for graphical overlays.
Cohesion—a key sprayability parameter for achieving

satisfactory in-situ properties of shotcrete mixes [23]—
quantifies mesoscale structural stability and is modeled
through post-processing of the heightfield. At user-defined
intervals, cells that exceed local support thresholds are
flagged and clustered into connected regions, identify-
ing potential cohesive failure zones. This approach pro-
vides a computationally efficient surrogate for more de-
tailed rheological modeling, enabling real-time analysis
of failure risk while omitting costly particle–particle or
fluid–structure interactions. In painting, analogous effects
such as dripping or sagging can be represented but are
generally negligible, whereas abrasive blasting does not
exhibit cohesive failure at all. A summary of the default
parameters for these three processes is provided in Table 1.

The recommended heightfield resolution depends on the
target size; nevertheless, higher values such as 1024×1024
are generally advised. Since the simulation model de-
couples resolution from runtime performance, increasing
resolution improves the accuracy of adhesion (i.e., mate-
rial accumulation) and cohesion analysis without incurring
significant computational penalties [4].

The simulation timestep Δ𝑡 was selected in the range
of 10−4–10−2 s to balance accuracy and throughput. To
avoid missed collisions, Δ𝑡 must be small enough that
the maximum particle displacement per step is less than
the smallest obstacle. A default timestep of 10−3 s is
recommended, with adjustments possible depending on
performance and accuracy requirements.

The model achieved near real-time performance with-
out employing common acceleration strategies, despite the
availability of effective and well-established techniques
such as spatial hashing [25] and data-parallel computa-
tion [26]; in typical configurations involving on the or-
der of 104-–105 active particles, real-time execution was
achieved on standard computing hardware, consistent with
previously reported benchmarks [3, 4]. Incorporating such
methods in future work could further extend scalability to
simulations involving millions of particles.

5 Results
As described in Section 4, emission directions are sam-

pled from probability distributions constrained by the
spray cone angle. Figure 3 compares two sampling strate-
gies: a uniform distribution and a truncated normal distri-
bution. The uniform distribution produces a stronger con-
centration of particles near the spray cone axis, whereas
the normal distribution allows the spread to be adjusted
via its mean (𝜇) and standard deviation (𝜎). In earlier
work [4], we reproduced on-target accumulation profiles
of wet-mix shotcrete reported by Ginouse and Jolin [27]
by setting 𝜇 = 0.255 and 𝜎 = 0.102. The simulation

achieved errors of approximately 5%, 3%, and 2.8% for
maximum absolute, root-mean-square, and mean absolute
error, respectively, relative to empirical data.

Figure 4 demonstrates four representative runs of the
same robotic spraying task under different process models
and obstacle configurations, highlighting the simulator’s
flexibility and the qualitative effects of process physics and
geometry. Panel (a) illustrates shotcrete with reinforce-
ments, showcasing pronounced shadowing and under-
deposition behind reinforcement bars. Rebounded par-
ticles are visible in flight and are deposited on the ground
heightfield, while cohesive buildup and detachment are
possible. Panel (b)—shotcrete without reinforcements—
exhibits a largely radially symmetric accumulation pat-
tern with far fewer localized voids, demonstrating how ob-
stacles strongly affect coverage even for identical nozzle
kinematics. Panel (c) depicts spray painting, displaying
near-complete immediate adhesion and a uniformly cov-
ered surface, consistent with high-adhesion, no rebound,
and negligible sagging. Abrasive blasting is illustrated in
Panel (d), which contrasts sharply: adhesion is suppressed,
nearly all particles rebound with significant scattering, and
no material accumulates on the target; the heatmap there-
fore represents hit coverage and suggests erosion intensity.

All simulations were executed using process parameters
derived from Table 1; specifically, cohesion and the angle-
dependent rebound model were enabled for the shotcrete
cases, rebound was suppressed for the painting, and forced

a) b)
Figure 3. Comparison of particle emission patterns
when directions are sampled from a) a uniform
distribution and b) a truncated normal distribution
(𝜇 = 0.255, 𝜎 = 0.102). The normal distribution
offers tunable control over spread, enabling closer
alignment with empirical spray patterns. All other
parameters were held constant.
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Table 1. Default simulation parameters for three spraying processes.
Parameter (units) Shotcrete Spray painting Abrasive blasting

Emitter type Circular Point / rectangular / annulus Circular
Particle spawn rate (particles/s) 104 104–105 103–105

Particle size* 3.0 (aggregate) 0.05 (droplet) 0.5 (grain)
Particle velocity (m/s)† 20–30 (wet-mix) 20–60 100–200
Emitter aperture (mm) 32–76 0.5–2.0 (point emitter) 3.2–19.1
Spray cone angle (°) 9–18 15–120+ 15
Abhesion 𝛼 1.0 (angle-based) 0.0 (rebound suppressed) N/A (bypassed, forced rebound)
Rebound model Angle-dependent polynomial N/A forced rebound ( 𝑝𝑟 = 1)
Coefficient of restitution 0.03–0.05 N/A 0.6–0.9
Cohesion enabled? Yes No (optional drip) No
Scattering spread Small angular noise Negligible Moderate–large
Notes High cohesion, angle rebound Near-instant adhesion Elastic impacts, erosion

* Particle size refers to the rasterized diameter (in pixels) of points drawn with GL POINTS, stored as a floating-point value.
† Particle velocity is highly affected by input airflow, air pressure, and aggregate size [24].

a) b)

c) d)

Figure 4. Comparison of robotic spraying simulations across four processes: a) shotcrete with reinforcement
elements, b) shotcrete deposition without reinforcement, c) spray painting, and d) abrasive blasting, where
adhesion is disabled, and all particles rebound with high scattering. Parameters for each scenario were selected
according to Table 1.
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rebound (high restitution and scatter) was used for blasting.
These visual comparisons demonstrate that changing only
plugin parameters (while keeping the same emitter/nozzle
kinematics) produces distinct, physically interpretable out-
comes.

6 Discussion and conclusion
The results confirm that the unified framework can sim-

ulate characteristic behaviors in different spraying pro-
cesses. For instance, in the shotcrete configuration, the
model successfully captures cohesive failure and material
detachment phenomena, which are absent in the painting
mode. Conversely, in painting mode, high adhesion and
low rebound parameters produce a smooth surface finish;
however, sagging may still occur. In abrasive blasting, the
system exhibits purely particulate scattering without ac-
cumulation. These qualitative distinctions are consistent
with the expected physical behavior of each process, sup-
porting the generality of the proposed model. In this con-
text, variations in physical sprayer characteristics such as
flow rate, nozzle geometry, and supply pressure are implic-
itly captured through emitter parameters (particle spawn
rate, velocity distribution, and angular spread), whose in-
fluence on deposition behavior has been previously ana-
lyzed for the shotcrete process [4], while further process-
specific validation under controlled operating conditions
remains a direction for future work.

A key advantage lies in the modular software architec-
ture. The same core simulation engine operates across all
modes, with behavior determined solely by parameter sets
that define material and process properties. This demon-
strates the feasibility of our central objective: to enable
a single, physics-informed particle system to emulate di-
verse spraying processes by varying only their governing
parameters. Such an approach can be directly embedded
into robotic programming environments or Digital Twins,
enabling engineers to switch between simulation-based
design and control processes seamlessly.

The automation potential of this unified approach is sub-
stantial. A robotic cell could employ simulation-in-the-
loop optimization to refine spray patterns until predicted
deposition or coverage meets desired criteria. Similarly,
robotic abrasive blasting systems could test and evalu-
ate different nozzle trajectories in simulation to maximize
cleaning efficiency while minimizing material loss. Be-
cause the simulation executes in near real time, it also pro-
vides a practical foundation for machine learning–based
process control or operator training in virtual environ-
ments.

The current formulation also excludes several classes of
physical phenomena, including particle–particle interac-
tions in dense flow regimes, complex fluid behaviors such
as splashing and droplet coalescence, and post-deposition

volumetric evolution such as lateral flow or expansion
(e.g., in foam-based materials). As a result, the model
is most appropriate for particle-dominated spraying pro-
cesses where deposition is primarily governed by par-
ticle–surface interactions, including adhesion, rebound,
and accumulation, and where a heightfield representation
provides a sufficient approximation of material buildup.
This limitation also prevents simulating processes char-
acterized by significant post-deposition evolution, such
as expanding foam. Transitioning to a three-dimensional
cellular automaton (3D CA) would substantially enhance
geometric expressiveness and enable simulation of time-
dependent material behavior, including lateral motion and
post-impact spreading. Overall, while the framework is
robust and extensible, advancing its fidelity will require
volumetric modeling, physically grounded parameter cali-
bration, and broader experimental validation. These devel-
opments will further strengthen its applicability as a tool
for robotic construction, process optimization, and virtual
skill assessment across diverse spraying applications.
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