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Abstract— This study introduces a unified real-time fluid
simulation framework for virtual surgical simulation. In the
context of this work, we aim to simulate thermo- and fluid
dynamics in our Virtual Rotator Cuff Arthroscopic Skill
Trainer (VIRCAST). Fluid Dynamics directly dictates the flow
of the irrigation solutions, and thermodynamics dictates the
electrocautery procedure in arthroscopic procedures. An
efficient and generalized numerical approach is essential for
robust modeling of liquid and heat flow, as the medium of fluid
flow changes continuously as the simulation progresses. In
addition, these physics models should work in harmony while
interacting. We used a numerical computational technique
called Smoothed Particle Hydrodynamics (SPH) to model heat
transfer and liquid simulation under a single framework. Our
formulation intends to virtually simulate the complete fluid
motion of the irrigation solution and the mechanism of
conduction and convection of heat flow within the shoulder
cavity in real time. In addition to the core function of the
systems, our study also uses various methods to simulate the
interaction between the physical systems and models. In this
study, we present the preliminary results of our unified SPH
approach to simulate the electrocautery process and liquid flow
in the context of arthroscopic rotator cuff surgery in VIRCAST.
We investigated the solver's performance by recording the
average frames per second (FPS) for the simulation, which is
executed for a minute. The average FPS was 202 Hz. We
parallelized our framework at the loop level using OpenMP,
which resulted in an increase of 46% in FPS.

Keywords— Computational Fluid Mechanics, Numerical
Methods, Smoothed Particle  Hydrodynamics, Surgical
Simulations

1. INTRODUCTION

Arthroscopy is a surgical procedure to diagnose and treat
injured joints. Arthroscopic Rotator Cuff (ARC) is a
minimally invasive procedure that only treats the injured
rotator cuff muscles that connect the upper arm to the shoulder
blade. Current training methods for ARC are expensive and
inefficient. Hence, our team is developing a virtual ARC
simulation to counter these challenges. The simulation mainly

* Corresponding author

This study was made possible by grants from the National Institutes of
Health (NIH) / National Institute of Biomedical Imaging and
Bioengineering (NIBIB)SRO1EB005807-11, 3R01EB005807-09A1S1,
1R01EB033674-01, and 5R01EB025241-04. This project was also
supported by the Arkansas INBRE program, supported by a grant from the
National Institute of General Medical Sciences (NIGMS), P20 GM 103429
from the NIH.

focuses on maintaining realism through various factors like
physically based rendering (PBR) and physics solvers. This
study focuses on the physics aspect of the Virtual Rotator Cuff
Arthroscopic Skill Trainer (ViRCAST) [1] to satisfy the
realism constraint of the simulation. The study intends to
develop a unified model to simulate both fluid and heat flow
throughout the simulation in real-time for irrigation and
electrocautery procedures, respectively. Due to the
complexity of the components involved in the simulation, a
numerical approach in designing our solver is necessitated.

Our framework is designed and developed for real-time
simulation of the fluid flow in the context of virtual surgical
simulation. Therefore, we categorized the existing literature in
real-time physics simulation and fluid flow techniques used in
the surgery simulations. The Navier Stokes Equations for fluid
flow were derived by Claude Navier and George Stokes in
1822 and 1845, respectively [2]. Numerical methods are
primarily used to simulate fluid in computers due to their
simplistic applications in real-time simulations. Harlow and
Welch introduced these methods in the late 1950s and 1960s
(31, [4].

The application of the Navier Stokes was only limited to
two-dimensional fluids for simulating Planet Jupiter’s
atmosphere [5]. Foster and Metaxas investigated Eulerian-
based fluid simulations in [6], [7] based on the previous work
of Kass and Miller [8], which linearized the Navier Stokes
Equations and developed a stable solver. Even though
computer simulations rely on discrete and approximate
results, removing the linearity eliminates most fluid behavior
[9]. Foster and Metaxas’s works [6], [7] on computational
fluids are the most accurate methods in Eulerian fluid
simulation. Their primary approach was to apply the finite
element method to the Navier-Stokes Equation with the
explicit time stepping. Stam in [10] developed a stable density
solver using kinetic turbulent wind fields and a stable
simulation in [11]. A tree-based method called octree used in
water and smoke simulation was introduced in [12]. There
were other data structures introduced, like the dynamic tubular
grid introduced in [13], the run-length encoded (RLE) sparse
level set, which is highly scalable with low memory usage
[14], and a hierarchical run-length encoded level set data
structure in [15]. Even though there are many methods to
optimize scalability and memory usage, the constraints
imposed by a mesh still hold, which is a considerable
disadvantage in our virtual ARC surgery simulation case.
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Lattice Boltzmann Method (LBE) is a newer approach in
computational fluid dynamics based on microscopic models
or mesoscopic equations [16]. Lattice Boltzmann's method
follows the principle of Ludwig Boltzmann’s kinetic theory of
gases, which states that gases and fluids can be modeled as
molecules colliding with each other. Ladd designed the first
framework to numerically simulate fluid using the Lattice
Boltzmann method [17]. LBE was also applied to two fluid
cases in various studies, for example, work done by Wang and
Wang [18].

Since our case deals with complicated and dynamic
boundary conditions in the case of moving tear and scar
tissues, particle-based Lagrangian methods are chosen.
Lagrangian approaches are mainly motivated by the idea
behind Lagrangian mechanics. Instead of using a static
reference like a mesh to represent a system, it describes the
properties of the system independent of the mesh. Reeves
conducted the first study to have a particle-based approach to
simulate fuzzy objects in [19]. There were more particle-based
approaches, such as [20], which mainly focused on simulating
ocean waves. However, SPH is the best approach for real-time
arthroscopic surgery simulation due to its position-based
framework.

Smoothed Particle Hydrodynamics (SPH) was initially
introduced in [21], [22] for astrophysical models and was
gradually applied to other systems. Viscous fluids were first
implemented using SPH in [23]. SPH was first applied to free
surface flows in [24]. In 1995, SPH was applied to gaseous
fluids and fire [25]. The following year, SPH was applied to
highly deformable models [26]. In 1999, the advection term
was added to the current fluid SPH model [27]. The
development of SPH for fluid flow for real-time applications
was first achieved in [2], [28], which also incorporated the
interface tension force in the fluid. However, the interface
tension force is only applicable when there is more than one
fluid in the system. In addition, the former did not involve
efficient neighbor detection, where they explicitly step
through all the particles in a defined boundary box in each
simulation step. The need for a more efficient method for
neighbor detection was employed in [28] using spatial hashing
developed by [29]. A spatial map was used to keep track of
particles nearby. However, there is a frequent problem with
this method in which close proximity of a specific particle is
not being hashed, which makes the simulation performance
sensitive to the selected cell size and fluid volume within the
cell. Solenthaler et al. [30] presented the prediction-correction
scheme to determine the particle pressures, eliminating
density fluctuations.

The performance bottleneck of real-time simulation of
fluids is mitigated with GPU computation. GPU was used for
the first time to accelerate SPH for cloud simulation in [31].
The GPU can increase the number of particles in real-time
[32]. Flex by NVIDIA is a popular particle-based solver for
real-time fluid simulations. Flex is accelerated by GPU
threads. However, the GPU threading is only compatible in
systems with NVIDIA GPUs with CUDA support. Eulerian
Fluids were also developed on the GPU in [33]. Interactive
SPH Simulations of GPU were implemented in [34]. Flex by
NVIDIA is a popular particle-based solver for real-time fluid
simulations. Flex is accelerated by GPU threads. However, the
GPU threading is only compatible in systems with NVIDIA
GPUs with CUDA support. Eulerian Fluids were also
developed on the GPU in [33]. Interactive SPH Simulations of
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GPU were implemented in [34]. However, the incorporation
of the multi-physics in the same simulation frame where the
models require frequent data exchanges remains unexplored.
The scalability of the GPU-based approaches is also limited in
performance-dependent scalability (e.g., memory, threads,
data structure limits) primarily specific to a GPU card of a
particular vendor.

The need for simulating fluid motion in surgical
simulations is mostly for simulating blood flow within the
vessels and the tissues. The bridge between these two fields
was initiated when Oppenheimer et al. [35] developed a
comprehensive image-based representation of blood flow in
endourologic surgery simulation, enabling simulation
developers to evaluate bleeding behavior. Miiller et al. [28]
provided an SPH-based blood flow model, which provided a
realistic implementation of bleeding. However, this model
does not incorporate heat flow or irrigation solutions. Other
works are based on fluid dynamics in surgical simulations for
specific cases like the initial stages of acute cardiac
compensation. Since no fluid dynamics is defined for
irrigation methods in arthroscopy procedures [36], numerical
solutions are the best approach to simulate a unified solver for
all physics-based units in the simulation. Therefore, our work
is adopting and extending the method used by Miiller et al.
[28] for a novel solver to cover heat and fluid (Irrigation and
blood) flow in one module.

The most common numerical techniques to solve the heat
equation are finite element methods (FEM) or finite difference
methods (FDM) [37]. More popular methods exist where a
Eulerian grid is used for mesh-free simulations. Some
examples of these methods are the diffusion approximation
method [38], the meshless element free Galerkin (EFG)
method [39], [40] , and the moving least square method [41].
Since our goal is to form a unified framework for representing
the continuum mechanics of fluid and heat flow, the
Lagrangian approach is more suitable, especially for the
model undergoing topology changes, which is always a case
encountered in ARC surgeries.

SPH was applied to thermodynamics for large-scale time
stepping in [37]. This method was utilized to study crystal
growth since mesh-free methods work much better with
continuously developing crystal growth surfaces [37]. Other
improvements were made to the heat flow model to increase
the accuracy of solutions, like using the equation of state for
natural convection [42]. SPH was applied to heat diffusion
through porous media in [43].

In this work, we use the SPH-based method to simulate
real-time fluid and heat flow. Numerical simulation of these
physical phenomena requires a robust and flexible
computation framework as the simulation should incorporate
constantly changing boundary conditions and complex
geometry. Moreover, simulation should maintain seamless
and efficient interactions between electrocautery - bone and
tissue, irrigation solution - bone and tissue, and heated tissue
and irrigation solution interactions. Therefore, we propose a
unified framework to handle this intermingled level of
interactions in the VIRCAST framework.

II. BACKGROUND

A. Background Formulation
1) Classical Fluid Dynamics
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An incompressible fluid can be represented accurately
using its velocity, pressure, and density fields [2]. These three
vector fields can specify the nature and movement of the fluid
at any position. The standard fluid flow model is expressed by
two partial differential equations collectively called the
Navier-Stokes equations (Equations 1 and 2) [2]. These two
equations are derived from the continuity equations of the
conservation of mass and energy. The first equation is the
continuum mechanics version of the law of conservation of
mass.

ap

9t ®
where p denotes the density, and v denotes the velocity. The
above equation states that the rate of change of the density of

+ V- (p?) =0

the fluid (%) is represented by the divergence of the density

field. Since we are dealing with an incompressible fluid, the
mass density does not change in the fluid over a period of time.

Therefore, g—f term vanishes leaving us with V - (pv) = 0.
This expression mandates a divergence-free velocity, which
significantly simplifies the numerical calculations. The
second equation describes the motion and forces inside the
incompressible fluid body.

v
P\ae
where uV?v is the Laplacian of the velocity vector field

and p>0. After we employ the zero gradients of the velocity
from (2), we get a simplified version as follows:

0B
P\ 5t

This equation can be transformed into a numerical model
of incompressible fluid motion. The term pg represents the
gravitational field and is the only external force in the Navier
Stokes formulation.

2) Thermal Conduction
The governing heat conduction equation over time is given
by the diffusion model (4):

pey 5z = ax (72T)y @
where a is the thermal diffusivity, ¢, is the specific heat
capacity, and R is the coordinate space. Since the volume in
the shoulder cavity is irrigated with continuous fluid flow, the
heat exchange occurs with convection in the heat equation.
Free convection is given by the following equation (5):

=-V-(@T) )

where ¥ is the velocity of the fluid passing through the
surface. Equation (6) can be combined with (5) to generate a
combined model for heat transfer in the simulation, which can
be converted to the numerical model.

3) Thermal Convection

We employed Newton's law of cooling to model
convective heat transfer (6).

chonvection
dt = pA (Tsurfacece” - Tcontactﬂum) (6)
where £ is the convective heat transfer coefficient, and A is
the surface area of the contact. Since we are calculating the
convective heat transfer cell by cell, we approximate the

+ - l71?> —Vp+uv?s +pg @)

—Vp+uV?v+ pg 3)

chonvectian
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contact area to be the sphere's circumference with the radius
of the smoothing distance. The equation results in:

chanvection

dt = Hhﬁ (Tsurfaceceu -

where h is the smoothing distance of the particle.

T,

contactfluid)

)

4) Smoothed Particle Hydrodynamics

Smoothed Particle Hydrodynamics (SPH) is a mesh-free
interpolation method in which the system is divided into a
discrete set of particles where the solution of the governing
equation is computed. SPH finds applications in various
fields such as highly deformable body simulations and
computational fluid dynamics. At its core, this approach
involves partitioning the fluid (or medium) into distinct
elements known as particles. Equation 8 describes the
interpolation where / is the length of the smoothing function
W, r is the descriptor of the medium entity, and r’is the
adjacent entities in the range of 4. Many kernel functions are
defined in the literature [44], [45]. This method discretizes
the fluid body into points and uses smoothing kernels to
calculate the dynamics of the fluid at any point in the scene.
One of the kernel functions, described by Monoghan’s cubic
spline [44] as shown in Equation 8, -calculates the
temperature, (specifically in this case, denoted as A4), at
position 7. This calculation depends on the temperatures of all
particles within a radial distance 4.

A(r) = fA(r')W{Ir —7'|,h}dr’ (8

In Equation 8, a particle's impact on a physical property is
determined by its proximity to the particle of interest and its
density. Commonly used kernel functions include cubic spline
and Gaussian functions. The cubic spline function becomes
precisely zero for particles situated at a distance equal to two
times the smoothing length, 24. This reduces computational
costs by excluding particles with minimal contributions to the
interpolation. To enhance the representation of the SPH kernel
in physics, we introduce another particle, denoted as j, and
associate it with a fixed volume 4V;in a lump shape. This
approach defines the computational domain using a finite
number of particles. Regarding the mass and density of the
particle, the lump volume can be expressed as the ratio of mass
to density, my/p; [45]. Then, the governing equation for SPH,
which is used to approximate a function A(7), is given by [21]:

num _neighbors

2.

Jj=0

A
A(r) = m; 'jW(IT—GI.h) 9
j

where W is the kernel function, r is spatial location, 4 is any
quantity at 7, m; is the mass of particle j, 4; is the value of the
quantity 4 for particle j, p; is the density of particle ;.

The SPH simplifies calculating the Gradient and Laplacian
operators. The operators are applied over the smoothing kernel
functions. Therefore, the gradient and Laplacian of the SPH
approximations are given below in equations (10) and (11)
below, where the summation over j covers all particles.
Since m is a scalar, the derivative can easily find the gradient
of a quantity V.

Gradient: A(r) =Y;m; -

Syw (=1, b (10)
J

Laplacian: A(r) =3%;m; -

%VZW(r—Tj, h) (11)
J

Authorized licensed use limited to: University of Oklahoma Libraries. Downloaded on July 18,2025 at 03:06:28 UTC from |IEEE Xplore. Restrictions apply.



The smoothing kernels are applied to every force term in
the Navier-Stokes formulation (2). Calculating the pressure
force by using equation (8) seems reasonable. However, we
should also consider that the pressure force must be
symmetrical since the neighboring particles have varying
pressure values. The SPH formulation symmetrizes the
gradient term by sending the density term inside the operators
and rewriting the formula [11]. The pressure term in equation
(2) becomes:

N R L S RS

3 J

The viscosity term also needs to be symmetrized since the
neighboring particles may have different velocities. This issue
is solved by setting the viscosity function as the velocity
difference [3]. After plugging in the velocity difference in (3),
we get:

Vv = Z(vj - vl-)%VW(r —1;,h) (13)
- J
j

Surface tension force is calculated by introducing a new
scalar quantity called to the SPH fluid. These scalar values are
set to 1 for every particle and zero everywhere else in the
scene. This allows us to form a border between the surface and
particle domain. Surface Tension force is not a part of the
Navier Stokes formulation but can be used as a boundary
condition since surface tension only acts on the surface of the
fluid. A smoothed version of the color function is calculated
using SPH, as shown in (14). The volume fraction function is
commonly denoted as the color function, represented by c.
The normal vector, denoted as n, is calculated as the
normalized gradient of this color function: n=V ¢/ |V c|.

¢ = r:—;VW(r -, h) (14)

Since the scalar function is explicitly dependent on the
position of the constituent particle relative to its neighbors, the
function's gradient would give the inward surface normal of
the fluid at that particular point. Next, we calculate the
Gaussian Curvature of the fluid, k, where k is the average
curvature obtained by taking the divergence of the normal
vector (k =—V-n). The term is set to negative to get a positive
value for the curvature, as shown below, where n is the surface
normal vector and results are normalized with the norm of n:

vn VZc

~ il in]

After we compute the surface curvature, we can calculate
the surface tension force. To calculate the surface tension
force, we need to calculate the surface traction (force per unit
area) of the specific particle. The formula for the surface
traction 7 is found in [2], which is defined as:

(15)

n
t= oK (16)
|Inl|
where ois the surface tension coefficient. The surface
tension force is calculated by multiplying the surface traction
with a normalized scalar field [|n|| [2].

. n
fsurface tenswni — ||Tl1|| * b = —o'VZCi (17)

||ni||

The SPH formulation and smoothing kernels can also
simulate the heat model. Each SPH heat particle represents the

temperature within its smoothing distance. To smooth the
temperature field for a particular particle, we apply the
Laplacian for the (V2T) term in (4). After applying the
formulation and solving for the temperature value explicitly
for the next time step, we get the following:

N
m; T — T oW (x, h
T =T + 2a dtZ—’ L 1) (18)
=t p] xij axij

5) Smoothing Kernels

Different kernel functions are adopted for the specific
terms since the given terms in the partial differential
equations have unique constraints. The most standard kernel
used would be the Poly6, a 6th-degree polynomial kernel
introduced in [2]. This kernel is only invoked if 0 <=r <= h.
The gradient of the Laplacian of the poly6 kernel is used to
calculate the surface normal.

315, 3
Whotys (1) = 25— (k2 = [Ir]?) (19)
with the gradient:
315

V2 Wootys (1, ) = s (b2 = [ Y(3K2 = 711r1I%) (20)

The spiky kernel is used for the pressure calculations since
the pressure term cannot go below zero since it would speed
up particles in some instances. Since we are dealing with the
gradient pressure term, we will use the gradient of the spiky
kernel function [2] as follows:

(h—1IrlH? (21)

—45 7
mh® |7l

The viscosity kernel is used for calculating the viscosity

force.

45
ViWyiscosity (T, h) = v (h—=1IrID (22)
These mathematical formulations make making an all-

rounded physics solver very convenient due to the robust
particle-based feature.

B. Real-Time Simulation in ViRCAST

1) Partcile Object

We have a single definition for every physics object in the
simulation. This object will store its positional and physical
information. We differentiate between fluid, conduction, and
convection by using particle identifiers, which can be

tweaked. The particle’s attributes are listed in Table 1.
TABLE 1. Particle Attributes

VWspiky (r,h) =

1. Position

2. Velocity

3. Acce!eratlon Basic Attributes
4. Density

5. Mass

6. Status

7. Fluid id Particle
8. Conduct.ion .id identificrs
9. Convection id

10. Pressure Force

11. Viscosity Force Fluid Flow
12. Surface Tension Force Terms
13. Gravitational Force

14. Conductive Temperature Heat Flow
15. Convective Temperature } Terms

2) Solver Algorithm
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The solver goes through two main stages: initialization
and simulation. The initialization stage involves setting up
the solver and processing the scene. This scene also consists
of creating the heat and fluid particles and placing them in the
solver. The steps of the solver algorithm are given in Figure
1.

Initialize i
Solver

Allocate Memory = Initialization

Process Scene

Refresh Neighbors

Compute SPH
Terms

& Simulation

Collision
Detection

doo uonenwig

Integrate and
Update Positions

Fig. 1. Algorithm for the Solver.

3) Initialize Solver and Allocate Memory

This stage is invoked when the simulation starts. This
phase takes in the maximum number of particles, smoothing
distance, and maximum neighbors as input and initializes the
solver with these properties embedded. The next step is to
allocate memory for all the data structures and initialize
universal constants like the gravitational and gas constants.
This section also involves constructing the hash map based
on the maximum particles and neighbors.

4) Process Scene

This stage is responsible for setting up the particles for
conductive heat transfer. Since we aim for a unified
framework, our solver should be able to differentiate between
the heat and fluid particles. Since we are only concerned with
heat transfer in the rotator cuff area in the ViRCAST
framework, we turn the models into discrete points for our
particle-based approach using ray casting. After creating the
particle model, we update our hash map with our new heat
particles. Therefore, this stage is responsible for producing
heat particles. It also aids in the convection calculation
process since we can invoke the convection term whenever a
fluid particle gets in the same hash cell as a heat particle. This
is also the final process of the initialization phase as we link
the muscle and tissue in the models to our heat model.

5) Refresh Neighbors

This is the first stage in the simulation phase and will be
invoked at every step as the simulation progresses. Before
calculating the physical quantities, we need to update the
neighbors of every particle since a fluid body is highly
dynamic with no positional constraints. We incorporated a
spatial hash map in the algorithm since it has a neighbor
retrieve complexity of O(1) [2]. The idea is to dynamically
store the particles' indexes in a spatial hash map so that
particles close to each other will be hashed into the same cell.
Therefore, all the particles in the same cell would be added to
the neighbor list of the specific particle. We used the
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proposed hash function given in [29]. The main task of this
process is to rebuild the hash map according to the new
positions of all the particles. This process also updates the
particles' convection ID, which will be used as a reference to
invoke convection in the next stage. The algorithm for

neighbor detection is illustrated in Figure 2.
Input:
Particle

Calculate Hash
Key

If Heat
Particle
In Cell

Insert Into Hash
Map

Iterate All Particles

Activate
Convection

Fig. 2. Algorithm for Neighbor Detection.

6) Compute SPH Terms

This stage is the heart of the solver since it calculates all
the physical properties of the fluid and the heat. This stage is
set to handle fluid conduction and convection terms in one
sub-process, as given in Figure 3.

Compute
Gravitational
Force

Input:
Particle

Retrieve

Compute Surface Neighbors

Tension
Compute
. Convection
Compute Surface Compute Density

Normals

Convection

Compute Viscosity Compute Pressure

Force

If Heat
Particle
In Cell

Compute Pressure
Force

Compute
Conduction

Fig. 3. Algorithm for SPH Calculations.

7) Collision Detection and Resolution

Collision detection and resolution are performed using the
spatial hash map since it stores the mesh particles. Therefore,
if a fluid particle gets placed in the same hash cell as a mesh
particle, we check if the fluid particle is in a defined radius of
a mesh cell or not. If the fluid particle is in the mesh cell, it
will be deflected according to the surface normal of the mesh
point. The algorithm is given in Figure 4.

Input:
Particle

Collision
Resolution

Calculate Hash

If
Surface
Particle

In Cell

Iterate All Particles

If Within
Defined
Radius

Fig. 4. Algorithm for Collision Detection.
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8) Integrate and Update Positions
An implicit approach named Leapfrog Integration was
used to update the particles' positions and velocity. The
formulations are given below, and the delta time value is set
to 0.02s:

a, +a
Verr = U %At (23)
Tepr = Tp + Vey AL (29)

where t is time, v is velocity, a is acceleration, and r is
position.

9) Interaction of Physics with Other Systems in ViRCAST

The fluid and heat simulation interacts with the rest of the
systems in the simulation, like scar tissue and bone.
Therefore, it is crucial to integrate these systems into the
simulations as a combined unit instead of a background
process layering the main simulation. The fluid should
influence the movement of the scar tissue around the shoulder
cavity, and the heat should affect the various tissues and
muscles around that region. Therefore, the modules
simulating heat and fluid will output their respective field
maps to the main simulator. In that way, the rest of the
systems in the main simulator can access the information
required from the heat map at every step and integrate those
values into the simulation.

The field simulates the irrigation procedures. The heat
map, however, will influence the soft tissues' state. The fluid
solver will generate the pressure field map and dynamic
models, such as scar tissue, which will move to simulate
electrocautery  procedures. We implemented these
interactions using the same spatial hash functions used in the
neighbor search. The fluid will transpose the pressure field
into a spatial hash map and output it to the simulator.
Therefore, it will access the force field from the hash map
whenever the scar tissue is rendered and move according to
the field. Similarly, the tissue models will access the hash
map from the heat values using the vertex positions from the
mesh and will change the state accordingly. The entire system
is illustrated in Figure 5, and a close-up image of the entire
system is given in Figure 6. In Figure 5, the arrows represent
the fluid direction.

Fig. 5. Illustration of the entire surgical system.
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Fig. 6. A closer view of the surgical systefn for better depiction.

10)  Fluid Suction

The fluid suction was simulated by adding a point with a
negative pressure difference in the solver particle pool.
Therefore, whenever the solver runs, the pressure difference
will be added to all the resulting forces and simulate the fluid
being sucked into the point. Fluid particles are deactivated
once they enter the vicinity of the suction point. This makes
the implementation very convenient as the suction point can
be moved freely, and the physics will act independently of
any external interference, exploiting the robust nature of
position-based dynamics. Another great advantage lies in the
fact that the number of particles is controlled in the scene with
suction, hence adding up to the performance of the
simulation. Figure 7 demonstrates this added effect. The
circular boundary was removed to illustrate this effect in
more detail. The below figure demonstrates the suction point
attached to the electrocautery tool (cylindrical device in the
middle bottom part of Figure 7).

Fig. 7. Demonstration of dynamic suction point.

III. RESULTS

We have investigated the solver's performance by
recording our simulation's average frames per second (FPS).
The simulation was performed for one minute, and the results
were as follows (data represents the crucial functions of
simulation), as seen in Figure 8a. In Figure 8a, all functions
were timed within one time period (i.e., 1/202 ~ 0.00495s),
and the simulation maintained an average frame rate of 202
Hz over 60 seconds.
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Fig. 8. a) Elapsed time for the serial algorithm at a discrete time in a one-
time period and b) duration in percentage by the components for every time
period.

We recorded the performance of every component in the
solver to locate specific locations of the bottlenecks. We
tackled the bottlenecks, such as position update, hash map
refresh, mass density calculation, force calculation, and
collision detection, by multithreading the algorithm for all the
components. The bottlenecks are visualized in Figure 8b,
showing the percentage of time utilized by every component
for every period. As we can see, the particle query (collision
detection and force calculation) is the most expensive part of
this algorithm, which was 47% of the time elapsed for
computation, while refreshing the hash map only 5% of the
time elapsed time. Based on this data, we focused on
optimizing the performance accordingly. We also investigated
the impact of the smoothing distance on the solver, which has
a linear O(n) impact as expected, as seen in Figure 9.
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Fig. 9. Smoothing distance impact on the solver.

1) Parallelization of Framework: Multithreading Fluid
Solver

We parallelized our framework using OpenMP. The
parallelization is performed at the loop level. Every
simulation component is parallelized, and the results are
given in Figure 10. The solver's performance, on average,
increased by 46% after the parallelization. The average FPS
increased to 294 Hz. The comparison between serial and
parallel performance is reflected in the chart below in Figure
1.
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Fig. 10. Elapsed time for the parallel algorithms.
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Fig. 11. Comparison of Multithreaded and Serial Performance for each
parallelized algorithm.

IV. CONCLUSION AND FUTURE WORK

This work demonstrated our unified Lagrangian physics
framework, which handles real-time fluid and heat flow
simulations in Virtual Rotator Cuff Arthroscopic Skill Trainer
(ViRCAST). The real-time fluid and heat flow interactions
enhance the realism aspect of the training simulation. This
framework can manage efficient interactions between a)
heated tissue — irrigation solution, b) electrocautery — bone
and tissue, and c) irrigation solution — bone and tissue. Also,
the framework is designed to be robust, making it usable for
various other simulations without any significant changes.
Also, in this study, we share the initial outcomes of our
comprehensive SPH methodology aimed at simulating the
electrocautery procedure and fluid dynamics during
arthroscopic rotator cuff surgery within the ViRCAST
environment. Our study delves into the operational
effectiveness of the solver, gauging it through the calculation
of average FPS during a one-minute simulation run. The
resulting mean FPS registered at 202 Hz. We integrated
parallel processing into our framework using OpenMP at the
loop level to enhance efficiency, resulting in a noteworthy
46% upsurge in FPS.

As future work, we intend to work on optimization
methods to eliminate all the remaining bottlenecks for more
stable and faster performance. We plan to extend
parallelization further, converting our solver into a parallel
GPU version using NVIDIA’s CUDA toolkit since the results
shown in [32]-[34], [46] were significantly positive.
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