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Adaptive Particles for Incompressible Fluid Simulation

Abstract We propose a particle-based technique for sim-
ulating incompressible fluid that includes adaptive re-
finement of particle sampling. Each particle represents a
mass of fluid in its local region. Particles are split into
several particles for finer sampling in regions of complex
flow. In regions of smooth flow, neghboring particles can
be merged. Depth below the surface and Reynolds num-
ber are exploited as our criteria for determining whether
splitting or merging should take place. For the fluid dy-
namics calculations, we use the hybrid FLIP method,
which is computationally simple and efficient. Since the
fluid is incompressible, each particle has a volume pro-
portional to its mass. A kernel function, whose effective
range is based on this volume, is used for transferring
and updating the particle’s physical properties such as
mass and velocity. Our adaptive particle-based simula-
tion is demonstrated in several scenarios that show its
effectiveness in capturing fine detail of the flow, where
needed, while efficiently sampling regions where less de-
tail is required.

Keywords Fluid simulation · Physically based model-
ing · Natural phenomenon

1 Introduction

It is well known that the complexity of the flow of fluids,
especially water, differs depending upon the region of the
flow. For example, in large bodies of water, surface flow
is generally much more complex than the flow deep be-
low the surface. This concept has been used in Eulerian
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Fig. 1 Fluid simulation with adaptive particle sampling

fluid simulation when developing schemes for grid refine-
ment for detailed behavior and coarsening for efficiency,
as in [14]. In a Lagrangian fluid simulation, refinement
and coarsening can be done by merging and splitting the
particles representing the mass of the fluid. For example,
within a Smoothed Particle Hydrodynamics (SPH) sim-
ulation, Desbrun and Cani [6] used simplification and
refinement of particles to animate soft bodies such as
lava.

Particle size adaptation is attractive as a simulation
mechanism, since particles provide an efficient means for
capturing the small-scale detailed behavior near the sur-
face of a fluid. Even simulations based on an Eulerian
grid typically use particles to restore surface detail lost
due to smoothing [8]. In Fig. 1 we show examples from
an adaptive particle-based fluid simulation, where very
fine details of the surface are visible, while in the deep
areas, particle merging has been used to avoid oversam-
pling and lend efficiency to the simulation. Although the
idea is attractive, it has, to date, only been reported for
compressible fluid simulation.

1.1 Our contribution

In this paper, we propose an efficient incompressible La-
grangian fluid simulation method utilizing splitting and
merging of particles to adaptively sample the evolving
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fluid motion. The approach uses the hybrid FLIP method
[26]. This is an extension to the original work of Desbrun
[6], and more recently Adams et al. [2], in which refine-
ment and simplification were performed for compressible
flows based on the SPH approach.

The fact that we model incompressible flow makes
our method much more suitable than SPH for simulat-
ing water. Water is well known to be nearly incompress-
ible, and this fact contributes greatly to its visible be-
havior. For example, water being poured into a cylindri-
cal glass would maintain an average height proportional
to the volume of fluid in the glass. On the other hand,
the height of the surface of a compressible fluid would
exhibit damped periodic oscillations, giving it an unnat-
ural springy look. To confirm this, one can compare an-
imations in support of the incompressible Particle Level
Set Method [8], and those in support of the compressible
SPH method [20].

In order to determine the level of particle sampling
needed in a region of fluid, we quantify what we call
the deformability [6] of each region of the fluid and then
base particle splitting and merging on this measure. Our
method for finding the deformability of a fluid region
considers both depth or distance from the surface, and
the local Reynolds number [22]. Depth is determined
by constructing a signed distance field from the fluid
interface as determined by particle positions. The lo-
cal Reynolds number is estimated on the computational
grid, using a ratio of terms from the Navier Stokes equa-
tions.

The use of both depth and Reynolds number to ob-
tain a deformability measure allows us to provide the
necessary detail to represent both surface shape and com-
plex turbulent flow below the surface, while avoiding over
computation in areas where the flow is smooth. Splitting
is done in highly deformable areas, and merging in ar-
eas of low deformation. With merging, we do not need
to assign particles to every grid cell, since the effective
radius of a particle can be bigger than the cell width,
thus we do not need to worry about occasional gaps in
the flow of fluid. Significant memory and computing time
savings come from reducing the number of particles in
the simulation. We have been able to reduce the num-
ber of particles by more than 80% of the number that
would have to be used without merging, while producing
results that are visually indistinguishable. Likewise, the
speed of the simulation is improved significantly.

By using multiple particle sizes, we can also better de-
couple the size of the auxiliary grid from the size of the
particles themselves. The auxiliary grid can be used in
the computation of external forces (such as finding cur-
vature and normal vectors when computing surface ten-
sion). By supporting multiple particle sizes, we can allow
for better computation of these external forces without
extra computational cost.

2 Related work

Fluid simulations typically attempt to reproduce the ef-
fects of the Navier-Stokes equations that describe fluid
flow. A typical representation of the incompressible form
of these equations, after some simplification, is:

∂u

∂t
= f − (u · ∇)u− 1

ρ
∇p+ ν∇2u (1)

∇ · u = 0 (2)

where u is the velocity field, p is the pressure field, f are
external forces, ρ is a density measure, and ν is kinematic
viscosity. The (u ·∇)u term accounts for advection of the
fluid, and the ν∇2u accounts for velocity diffusion due
to the fluid’s viscosity. The second equation ensures that
the fluid is divergence free and thus incompressible.

2.1 Eulerian fluid simulation

Eulerian fluid simulations generally solve the Navier-
Stokes equation over a grid. Foster and Metaxas [10]
were the first in the computer graphics community to
achieve full 3D liquid simulation based on the Navier-
Stokes equations for incompressible flow. Their simula-
tion method was based on Harlow and Welch’s origi-
nal Marker and Cell (MAC) method [12]. They used a
fixed finite-difference grid for computing partial spatial
derivatives, an explicit integration scheme for advection
and diffusion, a relaxation method for incompressibility,
and massless marker particles for surface representation.
Stam[24] made significant improvements on the stabil-
ity of this approach using a semi-Lagrangian scheme to
handle velocity advection, implicit integration to han-
dle diffusion, and a Poisson solver for computation of
pressure to achieve divergence free flow. Foster and Fed-
kiw [9] and Enright et al. [8][7] extended Stam’s method
to handle the fluid-air interface using level set methods
augmented by marker particles.

In addition to the above work, several extensions have
been attempted to the basic Eulerian method. Green-
wood and House [11] simulated fluid with the visual ef-
fect of bubbles, Song [23] attempted to reduce the nu-
merical diffusion and dissipation caused by the semi-
Lagrangian method by adopting a constrained interpola-
tion profile-based advection scheme. Hong and Kim [13]
developed a numerical method to resolve the disconti-
nuities of the interface between two fluids by using the
interpolated pressure field and velocity gradient.

2.2 Lagrangian fluid simulation

Particles are the fundamental momentum-carrying sim-
ulation element in Lagrangian simulations. In SPH [19],
the fluid is composed of a set of particles, with inter-
particle forces such as pressure and viscosity computed
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at the position of a particle by a smoothing kernel. Des-
brun and Cani-Gasculel [5] introduced SPH to computer
graphics to simulate highly deformable substances such
as lava flow. In [6] refinement of particles by splitting and
merging allowed sampling the fluid adaptively. The basic
concept of the adaptive sampling scheme for Lagrangian
fluid corresponds to Geoffrey’s idea [14] who used refine-
ment near the interface for detailed representation and
coarsening of fluid cells away from the interface for effi-
ciency in Eulerian fluid. Müller et al. [20] extended the
SPH approach for interactive fluid simulation, and in-
troduced a new technique for complex behaviors, such
as air-water interaction, boiling water, and trapped air.
In a recent paper, Adams et al. [2] have proposed an
improved adaptive method for SPH compressible fluid
simulation. Though aspects of this paper are similar to
ours, we emphasize that our approach handles incom-
pressible fluid, and is in fact the first adaptive particle
method to do so.

Premoze [21] introduced Koshizuka’s original work
[16] on the Moving-Particle Semi-Implicit Method (MPS)
to simulate incompressible liquid and multifluid flow.
Unlike SPH, MPS handles incompressible fluid. How-
ever, the approach is slow, tends towards instability, and
is not adaptive. Clavet [4] also extended the formula-
tion of SPH by using a method called double Density
Relaxation for enforcing incompressibility and to oppose
clustering. Several small-scale simulations of substances
such as mud and paint were created realistically with
surface tension using springs between particles.

2.3 Hybrid fluid simulation

Zhu and Bridson [26] introduced the hybrid fluid simu-
lation approaches called Particle-in-cell (PIC) [12], and
Fluid-Implicit-Particle (FLIP) [3] to computer graphics,
in a paper simulating sand flow. Both approaches are
fundamentally particle-based, as particles carry the mo-
mentum of the fluid, but a MAC grid is used for the
efficient computation of the spatial interactions required
to compute diffusion and to guarantee incompressibility.
Using this auxiliary grid, incompressibility and boundary
conditions can be enforced much more efficiently than in
a pure Lagrangian scheme like MPS. In both PIC and
FLIP, mass particles have their own velocity and po-
sition, which are integrated numerically using velocity
updates obtained from the grid. Since the methods are
Lagrangian, the velocity backtracing step of the semi-
Largrangian method can be avoided, greatly reducing
numerical dissipation and loss of flow detail. Kim and
Ihm [15] adapted these approaches to water animation,
demonstrating realistic turbulent splashing without vol-
ume loss.

3 The adaptive fluid simulation algorithm

Our fluid simulation is based on the FLIP method, where
particle velocities are transferred to a staggered Marker-
and-Cell (MAC) grid, body and diffusion forces are ap-
plied, the divergence free property of incompressible fluid
is enforced by solving a Poisson equation to obtain a
pressure field, and velocities are corrected based on the
gradient of the pressure field. The resulting velocity changes
are transferred to the fluid mass particles and their posi-
tions are integrated through the velocity field. An auxil-
iary grid is recreated at each time step, serving a compu-
tational role only in reconstructing the flow field from the
particles. This allows us to avoid costly inter-particle in-
teraction calculations, and provides a more natural field
representation for computing pressure.

We have augmented this approach to support merg-
ing and splitting of particles. Our overall scheme thus
becomes:

– Construct an auxiliary MAC grid around the parti-
cles.

– Use the particle velocities to reconstruct a velocity
field on the MAC grid.

– Integrate accelerations due to body forces such as
gravity and other external forces.

– Integrate accelerations due to diffusion.
– Calculate the pressure field, and project the flow field

onto the nearest divergence free field.
– Transfer velocity changes in the flow field back onto

the particles.
– Compute a fluid deformability measure based on depth

and Reynolds number.
– Split or merge the particles based on the local de-

formability measure.
– Convect each particle with its velocity through the

flow field.

When particle velocity is transferred to the auxiliary
grid, the weight of a particle’s effect is determined by us-
ing a spherical kernel function whose volume is propor-
tional to the mass of fluid represented by the particle.

3.1 Computing deformability

Splitting and merging are adaptively performed based
on what we call the fluid’s local deformability. In a local
region, our deformability measure is based both on depth
from the surface, and on the Reynolds number. Since the
Reynolds number is the ratio of convection to diffusion,
our method requires the fluid to have non-zero viscosity.

3.1.1 Distance from surface

Intuitively speaking, the highly deformable area in a fluid
is mainly near the surface, i.e. the interface with an-
other fluid. Areas away from this interface tend to have
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smoother flow and are thus less deformable. Further, we
wish to be able to reconstruct a smooth surface for ren-
dering, and so we want to be sure to sample finely near
the surface. Therefore, we use distance from the surface
as our basic criterion for deformability. We compute an
implicit representation of the fluid surface directly from
the particles, and then use the Fast Sweeping Method
[25], which is O(n) in time to construct a signed dis-
tance field. This is more easily implemented and faster
than the Fast Marching Method [1], which is O(n log n).
Then, the distance from the surface can be computed
anywhere inside the fluid using trilinear interpolation.

3.1.2 Reynolds number

In 1883, Osborne Reynolds defined the terms laminar
and turbulent flow to describe his experimental results
with fluid motion [22]. He proposed the use of a number
Re, which is the ratio of inertial forces to viscous forces.
This number has come to be known as the Reynolds
Number. In fluid mechanics, the Reynolds number can
be used to identify highly deformable areas of fluid. It is
given by

Re =
υsL

ν
=
Inertialforces

V icousforces

where υs is the mean fluid velocity, L is the characteristic
length, and υ is the kinematic fluid viscosity. It is known
that the flow rate of turbulence is proportional to the
square root of the pressure gradient. That is, high defor-
mation occurs when a high pressure gradient is present,
since this will cause high accelerations. We can estimate
the square root of the pressure gradient by computing a
gradient from the convection term of the Navier-Stokes
equation via differencing on the associated grid. We es-
timate a “deformability factor” roughly proportional to
Re,

Df =
(u · ∇)u
ν∇2u

by taking a ratio of the convection term and the diffusion
term of the Navier Stokes equation 1.

3.2 Determining When to Merge and Split

To determine where it is appropriate to merge and split
particles, we divide our simulation domain into a set of
layers, based on the distance to the surface. The basic
process is illustrated in Fig. 2. The number and place-
ment of these layers is somewhat arbitrary; we want to
choose layers that allow detailed simulation (small parti-
cles) where needed, and less detail (large particles) where
acceptable. Numerous possible schemes could be devel-
oped relying on the distance from surface and deforma-
bility factor. We describe here a four-layer approach that
has proven effective in practice.

Note that in all cases, we must set some minimum
and maximum bounds to limit the amount of splitting
or merging allowed. Splitting must be limited in order to
avoid excessive memory space and noise. Merging must
be limited in order to avoid excessive smoothing of par-
ticle motion.

Fig. 2 Layers for Splitting and Merging

Fig. 2 shows the four layers into which we divide the
fluid. These layers represent distance from the fluid sur-
face, which is not necessarily the same as depth.

Layer A represents the region closest to the fluid/air
interface. We desire the highest resolution in this region,
and as a result, we want to use particles of the minimum
volume possible. Any particles that enter this region are
immediately split to the minimum allowable particle size.
This ensures that there is always a highly detailed rep-
resentation of the surface.

In Layer B, all particles are of a nominal, or standard
size, which is larger than that in layer A. When smaller
particles move into layer B, merging will be performed,
and when larger particles move into this area, splitting
will be performed.

Layer C and Layer D allow both splitting and merg-
ing, based on the deformability measure. The choice of
whether to split or merge in these regions is based solely
on the deformability factor. Particles are split in higher
deformability factor regions and are merged in lower de-
formability factor regions. Note that instead of layers,
one could also easily define an approach where the de-
formability factor thresholds for merging and splitting
are a continuous function of distance from the surface.

3.3 Splitting and Merging

Fig. 3 shows particle splitting on the left, and parti-
cle merging on the right. This process must preserve
mass, which, for a constant density incompressible fluid,
is equivalent to conserving volume, as indicated by the V
labels on the figure. One stage of particle splitting splits a
single particle into two particles, each of half the volume
of the original particle. Particles within some sphere of
radius r are merged into a single particle whose volume is
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the sum of the original particles. Momentum is conserved
using different approaches for merging and splitting.

Fig. 3 Mass and volume conservation when splitting and
merging particles

3.3.1 Merging

When merging a group of particles, the new particle is
placed at the center of gravity of the original particles.
The mass, radius, position and velocity of a newly cre-
ated particle i from neighbor particles are given by

mi =
∑

j

mj , ri = 3

√∑
j

r3j ,

xi =

∑
j Vjxj∑

j Vj
, ui =

∑
j Vjuj∑

j Vj
.

3.3.2 Splitting

Contrary to merging, splitting of a particle is performed
by generating a new set of n particles within the radius
of the parent particle. We currently use n = 2 but this
is arbitrary. Particle mass is distributed evenly among
the child particles, and the velocities are simply copied
from the original particle, thus conserving momentum.
The mass, radius, and velocity of each new particle j,
generated by splitting particle i, are given by

mj =
mi

n
, rj = 3

√
r3i
n
, uj = ui

There are multiple reasonable ways to determine po-
sition xj of the new particles. We choose to place it ran-
domly at a position within the radius of the original par-
ticle, using spherical coordinates.

3.3.3 Upper and Lower Bounds

Note that bounds on minimum and maximum size can be
set per particle. These maximum and minimum bounds
can be set layer by layer (or change continuously) if de-
sired. In practice, we adjust these by layer.

We limit the maximum size of a merged particle so
that its radius should not extend beyond the fluid/air
interface. A smaller maximum volume is set near the sur-
face, and a larger maximum volume is used in the deep
areas of the fluid. The maximum volume is interpreted
as an upper limit, beyond which no more merging will

occur. We also limit the minimum size of the particles,
so that there is not excessive splitting. This minimum
volume limit is interpreted as a bound for which no par-
ticles will ever be split if it would result in a particle
lower than that bound.

Note that these limits restrict the splitting and merg-
ing process, rather than the sizes of the particles them-
selves directly. For example, a small particle (below the
“minimum” radius) might enter a region, and be unable
to merge with any other particle without exceeding the
maximum value. In this case, the smaller particle would
remain. Likewise, a particle that exceeds the “maximum”
might enter a region and be unable to split, since split-
ting might reduce it below the minimum bound. In our
implementation, for example, both of these can occur in
layer B.

3.4 Kernels and the Auxiliary Grid

When the particle velocities must be reconstructed in the
auxiliary grid, a kernel function is used around each par-
ticle to determine its contribution to a grid point. Each
particle is given a radius that determines the volume of
fluid it represents. Each cell point that is within a par-
ticle’s radius is affected by that particle by an amount
determined by distance and the kernel function shape.

We have tested two kernel functions, gaussian and
tent. For computational efficiency, we prefer the tent ker-
nel function, which is implemented by trilinear interpo-
lation. This simplification does not produce a noticeable
effect on the simulation accuracy.

The size of the auxiliary grid can be set indepen-
dently of the size of the particles themselves. In practice,
we usually use a grid cell spacing equal to the “nominal”
particle radius of layer B. We will call the grid cell width
dg.

To determine velocity values on the grid, we use dif-
ferent schemes depending on the radii of the nearby par-
ticles. If the particle radii are generally greater than or
equal to dg (as is generally the case in layers B through
D in our implementation), each sample point on the grid
will potentially be affected by multiple particles. In this
case, we simply weight the contribution of each particle
at the sample point by the value of the kernel function:

ucell =
∑

iWi(xcell; ri)ui∑
iWi(xcell; ri)

,

where the Wj for particle i is defined either radially:

Wi(x; r) = K(|x− xi|; r),

or trilinearly:

Wi(x; r) = K((x− xi) · x; r)K((x− xi) · y; r)
K((x− xi) · z; r).



6 Woosuck Hong et al.

Fig. 4 Sampling of particles with small radii. To determine
the radius at the point marked in red, we identify the points
that fall within one grid cell width in all dimensions, and use
a weighted average of these points.

Note that K(d; r) is the value of the kernel function of
radius r at distance d.

When particle radii are near to or smaller than dg,
the sample point might not lie within the volume of any
particle, and thus the weighted average described above
is not applicable. To avoid such cases, for each sample
point we check whether there is a particle with radius
less than dg, within a distance of dg (in each dimension).
If there are such particles, we determine the velocity by
taking a volume-weighted average of all such cells, using
a dg radius kernel function for each:

ucell =
∑

i ViWi(xcell; dg)ui∑
i ViWi(xcell; dg)

,

where Vi is the volume of particle i. This is illustrated
in Fig. 4.

4 Surface Reconstruction from Mass particles

Particles are the fundamental representation in our hy-
brid method, and must be used to determine the location
of the fluid surface. This guarantees that the fluid surface
interface will be maintained at the full available level of
detail, and that there will be no loss in the volume of the
fluid. To do this, a scalar function:

φ(x) =

(∑
i ViWi(x; ri)(1− |x−xi|

ri
)2∑

i ViWi(x; ri)

) 1
2

,

is computed from the particles on an auxiliary grid of the
desired surface resolution. The surface interface is sim-
ply the zero level set of this function. Once the interface
is detected, a signed distance field is easily constructed
by fast sweeping, which is exploited for detecting the de-
formable area in the next step of simulation. The March-
ing Cubes Method [17] is exploited to extract a polygonal
isosurface for high quality rendering, and bump artifacts
are reduced by smoothing the position and the normal
vector of each vertex of the resulting mesh for a few it-
erations of a relaxation scheme.

Fig. 5 2D simulation for splitting and merging. Green, blue
and red particles are used for split, standard (radius 1) and
merged particles. The grid resolution was 30 × 30 × 30.

5 Experimental Results

We have implemented the above process to simulate in
both 2 and 3 dimensions. Note that the 2D simulation
requires slightly different but straightforward reformula-
tion of some of the listed equations.

Table 1 lists the parameters used in our experiments,
including the distance of each layer from the surface, rel-
ative to the radius of the “standard” particles in layer B,
the Deformability factor values used to determine when
splitting and/or merging occur, and the minimum and
maximum bounds to use when splitting and merging.
The auxiliary grid was set with grid cell size dg equal to
the nominal radius of particles in layer B. For all calcu-
lations, constants typical of water were used. These are
are kinematic viscosity ν = 8.90·10−7m2/s, with density
ρ = 1000 kg/m3.

Table 1 Parameters used in experiments. For each layer,
columns give the distance from surface range (upper and
lower bound), the deformability factors above which splitting
occurs and below which merging occurs, and the minimum
and maximum particle radii (relative to the nominal size) for
splitting and merging.

Layer Lower Upper Df Df Split Merge
Bound Bound Split Merge Min Max

A 0 1 - - 0.25 0.25
B 1 4 - - 1 1
C 4 7 0.3 0.2 3 6
D 7 - 0.1 0.05 5 10

The 2 dimensional water simulation shown in Fig. 5
was sampled with 3,545 particles on an auxiliary 30 ×
30 grid. Splitting and merging were performed based on
our algorithm for finding the deformable area. The total
number of particles was reduced by as much as 61% (to
1,372 particles) by merging during the simulation. The
split particles near the interface still support a highly
detailed surface representation as shown in the figure.
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Fig. 6 3D simulation using merging only.

Fig. 7 3D simulation with splitting and merging. Green par-
ticles are standard particles which are radius 1. Red particles
are the merged particles and blue particles are the split par-
ticles with radius less than 1. The grid resolution was 30 ×
30 × 30.

The image sequence shown in Fig. 6 demonstrates a
three-dimensional water simulation that uses only merg-
ing, originally sampled with 87,965 particles and an aux-
iliary 30× 30× 30 grid.

For the animation shown in Fig. 7, we used 113,958
particles in the initial step. Splitting was performed near
the surface before the simulation began, in which each
particle’s volume was split to the minimum size of 0.25
standard particle sizes. Splitting and merging were per-
formed during the simulation. The number of particles
was reduced to about 60 percent (69,438 particles) due
to merging.

In the 3D simulation shown in Fig. 8, we rendered the
surface using the marching cubes technique. This simula-

Fig. 8 Animation result with surface-smoothing. The grid
resolution for marching cubes was 150 × 150 × 150 and
623,575 particles were generated in the initial step. Merg-
ing resulted in more than a 40% reduction in the number of
particles.

tion was also performed with splitting and merging. The
grid resolution for surface generation was 150×150×150
and 623,575 particles were generated in the initial step.
More than 40 percent of the initial particles were elimi-
nated due to merging.

Table 2 Simulation time table for a 2D simulation similar to
Figure 5. NA is the non-adaptive method without our split-
ting and merging. M1 and M2 are simulations with merg-
ing only. AS includes adaptive merging and splitting, giving
higher resolution than NA.

NA M1 M2 AS
Simulation time(sec.) 0.208 0.167 0.136 0.226

Table 2 presents running times for a sample 2D sim-
ulation as in Fig. 5. Timings were the average seconds
per frame over a 200 frame sequence, on a Pentium4 1.60
GHz CPU. NA is the timing for a non-adaptive method
with no merging or splitting. All particles were of the
nominal size, and 1,326 particles were used. M1 presents
timing when the particles were merged (but not split)
as a preprocess, and no further merging (or splitting)
occurred during the simulation. Only 972 particles were
used. The M2 simulation starts from the same point as
M1, but allows particles to merge (but not split) during
the simulation, and the number of particles was eventu-
ally reduced to 776. Note that this demonstrates that our
particle merging causes noticeable improvements in run-
ning time. The AS simulation presents our adaptive sam-
pling approach, including particle splitting. With this ap-
proach, we achieve a much finer scale representation of
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the fluid surface, at a cost of only about 10% more than
the original running time with no splitting or merging.

6 Conclusions

We have presented a novel technique for particle-based
fluid simulation that uses mass particle refinement and
simplification based on depth and Reynolds number. In
order to obtain a detailed representation of the fluid sur-
face, splitting is performed near the fluid surface and
splitting or merging away from the surface, depending on
the flow complexity. This enables us to save considerable
memory space in large scale simulations and improves
the speed of the simulation significantly, while maintain-
ing detail where it is needed.

Distance from the surface is used as our basic crite-
rion for determining whether to split or merge particles,
and we use a signed distance field for computing this dis-
tance. As a complementary criterion, we have proposed a
calculation based on the Reynolds number to determine
deformability of areas below the surface. Particle split-
ting and merging are performed adaptively using these
criteria.

For our future work, we plan to investigate more
faithful capture of the character of the small-scale de-
tail of turbulent water, including splashes and bubbles.
To do this, we plan to implement surface tension, using
techniques similar to those of Hong [13] and Kim [15].
In addition, we will couple an octree based MAC grid
approach (as in Losasso et al. [18]) with our adaptive
particle approach, so that appropriate spatial resolution
is maintained in all phases of our calculations, further
improving the performance of our simulation.
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