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Absztrakt

A val6s (vagy kozel valds) idejii folyadékszimulaciok tudoméanytertilete igen sokat fejlédott
az utoébbi idében a nagy mennyiségli, paArhuzamos szamitasra specializdlédott hardveres és
algoritmikus megoldasoknak koszonhetéen. Ezek a szimulacids eljarasok a megfelel6 meg-
jelenitési megoldasokkal parositva nagyban hozza tudnak jarulni egy jelent6s felhasznal6i
élmény novekedéshez a szorakoztatdiparban.

A fejlesztés soran tervezdi/fejleszt6i oldalrdl gyakran felmeriilhet igény a szimuldci6
testre szabésdra és finomhangoldsara. Altaldnossdgban elmondhaté, hogy ezt a szimu-
lacids paraméterek varidlasaval és a kiindulasi allapot manudlis valtoztatasaval szoktak
elérni, ami meglehetdsen iddigényes. Minderre egy potencialis megoldas lehetne a folyadék
képtérbeli szerkesztésének lehetOsége, mely alapjan automatikusan lehetne médositani a
hattérben rejlé geometriat. Ehhez hasonlé mddszerek kaptak némi figyelmet az utébbi
években, viszont ezek nagyrészt csak szilard geometridkkal foglalkoztak.

A TDK dolgozatomban a differencidlhaté renderelés alkalmazasat fogom bemutat-
ni részecske alapu folyadékszimuldciés eljardasok esetében. A folyadékok képtérben vald
szerkesztésének lehetOségét értékelem ki az imént emlitett parositds esetében, a nemrég
publikélt sztochasztikus gradiens becslési algoritmus [7] kiillonb6z6 verzidinak és egy szto-
chasztikus gradiens optimalizal6 algoritmus kombinaldsaval.

Algoritmikus és gyakorlati szempontbdl is bemutatom egy APIC [11] (affine particle-
in-cell) szimuldciés motor és egy képtérbeli folyadékfelillet megjelenits eljards [20] 1ét-
rehozasat. Tovabba a részecske alapt raszterizacidos megjelenité és a szimulaciés motor
részecske paraméterek szerinti differencialhatova tételének lehetoségeit is részletezem.



Abstract

The field of real-time (or near real-time) fluid simulation has experienced a rapid devel-
opment with the advent of high-performance parallel computing and efficient, modern
algorithms. Fluid simulations can greatly enhance the immersive experience for the con-
sumer when combined with a suitable rendering technique.

From the artist’s/developer’s side the need for more precise control over the fluid’s
behavior might arise during development. Generally speaking, this is usually solved by
tweaking the simulation parameters and the initial state of the fluid, which tends to be
cumbersome. A potentially easier approach would be to edit the fluid state in screen
space and modify the underlying geometry accordingly. Similar techniques have seen
rapid development in recent years, under the name of differentiable or inverse rendering,
but so far such methods were mostly limited to solid objects.

In this article we demonstrate the use of differential rendering for a particle-based
fluid simulator. Using this combination, we explore the possibility of editing the fluid
state and behavior from screen space. We test multiple versions of a recently published
stochastic gradient estimation algorithm [7] and demonstrate the results when combined
with a stochastic gradient based optimizer.

We discuss the algorithmic and practical implementation of an APIC [11] (affine
particle-in-cell) hybrid fluid simulation engine and a screen space fluid surface renderer [20].
Furthermore, we also go into detail about differentiating a particle-based fluid rasterizer
(and potentially the fluid simulation engine itself) with respect to the particle parameters.

ii



Chapter 1

Introduction

Fluid simulation has been used for a wide range of problems since its emergence in the
1950’s and 60’s [5][6]. Since then different methods have been developed for use in a variety
of fields, including aerodynamics, weather forecasting, and computer graphics. While most
of these methods initially were exclusively used for scientific computations and modelling,
in the recent decades they have appeared in a lot of other fields.

One of the best examples is the entertainment industry, where the likes of Pixar and
Disney have pioneered the use of fluid simulations to simulate different substances in their
movies [12]. Nowadays, with the advent of cheap, accessible hardware capable of high
performance parallel computation, running these simulations has become a viable option
for the end-user on their own computing devices. This has started a revolution in the
gaming industry, and resulted in the appearance of realistic looking fluids in games as well
as in consumer grade animation software like Blender.

When animators design such scenes containing fluid simulations, they usually want
some sort of control over the behavior of the fluid. Generally speaking, this is achieved by
fine-tuning the initial simulation parameters — however this approach is not very efficient
and consumes a significant amount of time. A better solution would be to enable defining
and editing the fluid state from screen space — this way the artists would be able to make
small changes to the way the fluid looks in the viewport, or even make the fluid have a
certain shape just by specifying a reference image.

In this paper I present the inner workings and implementation details of a hybrid
fluid simulator [19, 11]. I also demonstrate the use of screen space fluid surface rendering
[20] in case of such a hybrid fluid simulator. I explore different possibilities of achieving
the aforementioned screen space fluid state editing capabilities using a recently published
gradient estimation algorithm [7] and a gradient optimizer. My main contributions to this
field of research are the following:

e I have successfully created and implemented a novel screen space fluid state editing
technique.

e I have adapted the previously mentioned gradient estimation algorithm for use with
screen space fluid surface rendering.

e [ have demonstrated how most parts of my method can be parallelized on the GPU
(Graphics Processing Unit).

e [ have explored the different possible variations of my method and their capabilities.



The following parts of the paper are structured into 6 chapters. In the Related work
chapter I briefly present the relevant scientific literature in the field, including some
overview of the methods used in the following chapters. The Visualization and
Fluid state reconstruction chapters contain detailed description about my modified
version of screen space fluid surface rendering and my fluid state editing technique, respec-
tively. Implementation details, including the description of my fluid state rendering and
optimization framework can be found in the Implementation chapter. In the Evaluation
chapter I test the correctness of my fluid state reconstruction method, evaluate its per-
formance for different inputs using a wide range of possible configurations and finally 1
discuss some of the limitations. I summarize the achieved results and write about possible
future work in the Conclusion chapter.



Chapter 2

Related work

In this chapter I present the relevant research results and write a small recap about them.

2.1 Fluid simulation

There are lots of different fluid simulation approaches that have been developed over the
years. It would be impossible to go through all of them, but there is a lot of great material
about these subjects. The one I have been relying on the most while learning about fluid
simulations is Robert Bridson’s excellent Fluid Simulation book [4]. Another helpful
source for getting familiar with this subject in a more practical way is Matthias Miiller’s
Ten Minute Physics blog and videos!.

2.1.1 Navier-Stokes equations

When modelling incompressible fluids (i.e. fluids in the classical sense and also gases when
they are not compressed), the so called Navier-Stokes equations should hold throughout
the fluid:

du

1
E%—u-Vu:—pr—i—g%—vv-Vuand (2.1)
p

vV-u=0, (2.2)

where u is the velocity vector of the fluid at a given point, p is the density constant of the
fluid, p is the pressure, g is the gravity (or any other acceleration that affects the fluid in
a uniform way) and v is the viscosity of the fluid — all units are SI.

Without going into much detail, the first equation is called the momentum equation,
which describes how an infinitely small volume (particle) of the fluid behaves. It can be
broken down into ap = a; + az + ag, where:

e ap = ‘é—'; 4+ u - Vu is the net acceleration of a particle at a given location, where the
first term is the actual change in velocity at a given point (see subsection 2.1.2), and
the second term is correcting for how much of that velocity change is caused by just
the fact that another particle with a different velocity moves to this location,

"https://matthias-research.github.io/pages/tenMinutePhysics /index.html



e a3 = —%Vp is the acceleration caused by change in pressure at the given point,
e ag = g is the uniform acceleration caused by (for example) gravity,

e ag = vV - Vu is the acceleration (or deceleration) caused by the velocity difference
in space and the friction (viscosity) in between particles.

The second Navier-Stokes equation 2.2 is simpler: it basically states that the velocity
vector integral on a fluid volume’s surface is zero — in other words the fluid cannot compress
or expand, this is the incompressibility equation. Using these two equations it is
possible to derive the fluid simulation algorithm.

2.1.2 Major fluid simulation approaches

There are two major fluid simulation viewpoints, which can be distinguished by the way
they represent the fluid:

e Lagrangian viewpoint: the fluid is represented using particles. Each particle has
mass, velocity and a very small volume.

e Eulerian viewpoint: the fluid is represented by a velocity field.

While the former method is more intuitive for the description of the particle velocities
as they move through space according to the momentum equation 2.1, it is easier to make
sure that the fluid satisfies the incompressibility equation 2.2 using the latter viewpoint.
This is the reason why simulation methods that use a hybrid viewpoint are generally
simpler to implement.

2.1.3 Hybrid simulation method discretization

The hybrid fluid simulation approach combines the Lagrangian and Fulerian viewpoints
in order to perform each calculation on the viewpoint that is more fitting. In this case the
fluid state is tracked at all time using particles (that have positions and velocities) and
a velocity field. While mathematically speaking both the particles and the velocity field
grid cells must be infinitely small, in reality it is necessary to define a discrete version of
both in order to make this algorithm computable. The discretization of particles is fairly
straight forward — a particle size must be defined as well as a finite particle count.
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Figure 2.1: The cell structure of the MAC (marker-in-cell) grid




While selecting a fitting structure for the velocity field’s grid, one must consider that
the selected structure should make the computation of the calculations performed on the
grid quicker and easier. A good choice of structure is the so called MAC (marker-in-
cell) grid. This grid has a couple of special properties that can be seen on figure 2.1.
Firstly, the velocity vectors are stored as individual components, each at the center of the
corresponding cell face; secondly, the pressure p is stored in the middle of the cell — this
combination of properties makes computing the incompressibility step a lot easier, as the
pressure differential at the center of each face can be precisely computed.

The fluid particles should behave (as much as possible) in accordance to the Navier-
Stokes equations. The simulation is divided into simulation iterations, each of which has
a time duration of At, thus the equations must hold true in each iteration. Without going
into too much detail about how the step decomposition is done exactly, this means that a
simulation iteration consists of the following steps:

1. Advection — in this step the particles are moved according to the elapsed time and
their velocity.

2. P2G (particle to grid) transfer — during this step the particle velocities are interpo-
lated onto the velocity grid using some sort of 3D interpolation function.

3. Adding the uniform acceleration to the velocity field in accordance with the amount
of time that has passed.

4. Solving the incompressibility criteria — the second Navier-Stokes equation must hold
true at the end of this step for each cell. This can be done by modifying the pressure
value at the center of each cell until the velocity field (influenced by the pressure
values) does not satisfy the equation. Basically, this means finding the solution of a
linear equation system, where each cell’s pressure value is a variable?.

5. G2P (grid to particle) transfer — basically the inverse of the second step, the velocities
are transferred from the updated velocity field to the particles using interpolation.

I must point out that this is a very general description that does not handle a lot
of small but important edge cases, like for example empty grid cells, solid obstacles,
boundaries and much more.

2.1.4 Specific hybrid simulation techniques

All hybrid simulation algorithms follow the scheme described in the previous subsection.
However, significantly different results can be achieved by modifying how exactly are the
P2G and G2P steps executed. The original hybrid simulation papers [5][6] have used a
method known as PIC (particle in cell) method. This method does a basic interpolation
to and from the grid, just as described in the previous subsection. While this approach
results in a very stable fluid simulation method, it inherently introduces a lot of smoothing
(a certain kind of internal friction) into the simulation, which makes the fluid very viscous.
This problem can be seen on figure 2.2.

Brackbill et al. tried to solve this problem using the FLIP (fluid implicit particle)
method [3], which modifies the G2P transfer step by just updating each particle’s original
velocity by the change of the interpolated velocity instead of overwriting it. This method

2This can be done by a linear equation system solving algorithm, like the Gauss-Seidel or the MICCG
(Modified Incomplete Cholesky Conjugate Gradient) algorithm.
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Figure 2.2: The smoothing introduced by a single iteration of PIC

did remove the excessive smoothing, but it also introduced significant noise into the particle
velocities.

The noise problem was mostly also solved by Jiang et al. in their APIC (affine
particle in cell) paper [11]. They have achieved this by keeping the PIC approach, while
also introducing an extra matrix for each particle that stores the relationship between the
velocities around it in the grid. This way, during the G2P step the differences between
the grid velocities are not smoothed out (and lost) from being transferred into the single
velocity vector of the given particle. Thus during the P2G step these differences can be
restored and so the smoothing is almost completely eliminated without introducing any
noise. The comparison can be seen in 2D on figure 2.3 — the difference is more apparent
in 2D than in 3D.

Figure 2.3: The noisiness of the FLIP method compared to APIC

2.2 Fluid surface visualization

There are two major approaches to the visualization of fluid simulation data: mesh
based approaches and screen space methods. Incahuanaco and Paiva present an excel-
lent overview comparison of these in their paper [10].

Mesh based methods usually rely on creating a level set function from the fluid data.
Both in case of Lagrangian and hybrid simulation methods this can be achieved by inter-
polating the particle densities onto a grid — this grid can then function as the level set.
Generally, the fluid surface mesh itself is generated using some version of marching cubes
or tetrahedrons. These methods tend to suffer from having a blobby appearance, although
work has been done by Bhattacharya et al. to mitigate this issue [2] by minimizing the
thin-plate energy of the surface.

Screen space methods render the fluid data (particles) directly to the image buffer and
do the fluid surface generation as a form of post processing rather than generating a mesh
first. These tend to create more visually appealing fluid surfaces, but have a tendency
to suffer of at least some distortions of the original particle data. However, they are still



Figure 2.4: The method proposed by Bhattacharya et al. vs. a more tra-
ditional one

preferable for (near) real time applications, as the mesh based methods can get a huge
performance penalty if the fluid spreads a lot in space and so the level set grid becomes
very large. One such method has been presented by van der Laan et al. in their paper [20].
I base my fluid surface visualization on their work with a couple of added modifications.
A more detailed description of the method can be found in chapter 3.

2.3 Differentiable rendering

Consider a scene of some sort with the parameters that are necessary for rendering it.
This can be interpreted as a function f : § — I, where 6 is a vector consisting of the scene
parameters, I is the rendered image, and f is the rendering process itself. Now if one
would want to determine what scene parameters would result in a certain reference image,
than it is necessary to first define an error function e(I), which tells how much difference
there is between the reference image and the rendered image I.

Clearly the goal is to find such scene parameters that would minimize the value of
e(f(0)). In order to compute these, the gradient of function e and f is required — the
former can be easily computed, as it is usually a simple numeric function. Computing the
gradient of the latter is a lot harder and is still a field of active research called differentiable
rendering. Most of the currently known methods rely on highly specialized rendering
procedures using which some sort of gradient backpropagation can be performed — in a
similar fashion as it is done when training neural networks.
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Figure 2.5: A basic overview of the rendering function f and its gradient

There are a lot of different viable approaches for achieving this, a great survey about
these has been published by Kato et al. [13]. A recently published method [7] demonstrates



a different approach to this problem — in a lot of cases it is simpler to implement and does
not require the previously mentioned, highly specialized rendering machinery. It is based
on the idea of estimating the gradient in a stochastic way. In chapter 4 I write more about
the theory behind this method, and also present how I have used it in order to achieve my
initial goals.

2.4 Fluid state reconstruction

The reconstruction of fluids from images or videos have been researched in a large number
of articles. Most of these apply the classical methods used in computer vision to reconstruct
the fluid surface [17], but recently inverse/differentiable rendering techniques have come
to the forefront [16]. In these works, the simulation is often purely Lagrangian or Eulerian,
and the rendering uses mesh extraction or ray tracing/marching. In contrast, my work
focuses on hybrid simulation and screen-space rendering.

A closely related approach to the one presented in this paper is the recently published
3D Gaussian Splatting (3DGS) [14], that reconstructs a Gaussian point cloud, rendered
via a specialized rasterization technique. The 3DGS literature is growing very rapidly, but
its applications currently appear to be limited to solid scenes and objects. One exception
is Gaussian Splashing [8] which integrates Gaussian splats with particle-based fluid simu-
lation, but fluids are not actually reconstructed, only simulated along with reconstructed
solids.

There is a large and diverse literature about the interactive animation and editing
of fluids — for example Pan et al. [18] use keyframes and forces to influence the fluid’s
behavior, but it is not based on inverse rendering.



Chapter 3

Visualization

The efficient rendering of large quantities of particles is a well known problem in the field
of graphics and fluid simulation. There are countless solutions, ranging from methods
fine-tuned for games while running on a single GPU to methods that use enormous GPU
clusters to process and display particle systems consisting of billions of particles. In this
chapter I demonstrate a real-time method mostly developed by me for rendering fifty to
one hundred thousand particles — while retaining easy differentiability, as required for
gradient-based optimization.

3.1 Rendering particles

Figure 3.1: Particles rendered using a single color (to the left) and color
interpolation (to the right)

A generic approach for visualizing particle based fluid simulators is to render the
particles themselves. Using this technique one can achieve a fluid-like appearance that is
modestly convincing, given that the average particle density per-pixel is high enough in
the viewport. Furthermore, experience shows that even better visual quality is achieved
when using a particle coloring scheme as the one shown on figure 3.1. This scheme assigns
colors to particles in such a way that there is a smooth color transition between particles
in space. One of the simpler solutions is to interpolate between c; and co colors based
on each particle’s v velocity — obviously the velocity value’s magnitude must be corrected
according to the simulation settings using vy:

k = clamp(q/|v| - vpn,0,1) c=c-(1—k)+ca-k (3.1)



In order to achieve a more realistic in-game appearance for the simulated fluid, it is
rendered in a semi-transparent box on top of a well-lit floor. Lighting is done according
to the well known Phong-Blinn model.

Rendering the particles themselves can be achieved by uploading a sphere mesh to
the GPU and then using an instanced draw command — this is the naive approach. In
this case only the per-instance position buffer must be updated before every frame, which
improves performance. A more sophisticated approach is to render simple quads in place
of complex sphere meshes, and use these as billboards that always face the camera [20].
In the pixel shader the exact pixel position on the sphere can be calculated in world space
coordinates using texture coordinates, as well as the surface normal vector. This approach
not only makes the particle edges smoother as can be seen on figure 3.2, but also further
improves rendering performance.

Figure 3.2: Particles rendered the mesh approach (to the left) and the bill-
board approach (to the right)

3.2 Fluid surface

Generally, fluid surface rendering techniques can be categorized into two large groups:
mesh based and screen space. While the former can usually better represent the surface, it
is also harder to implement. In this section I present my adopted version of the screen space
fluid surface rendering technique [20] with some modifications. The high level flowchart
overview for the computations of a single frame can be seen on figure 3.3.

Particles in volume Depth map Depth Smoothing Smoothed
position data render pass epth map render pass depth map

Depth map
shading pass
Thickness map Thickness
render pass map

Figure 3.3: High level flowchart of the computations for a single frame

Particles in spray Depth map Depth map
position data render pass with spray

: Scene
: depth map

Final image

3.2.1 Depth filtering

At the start of each frame, all of the particle data is moved from the CPU to an SSBO
(shader storage buffer object) on the GPU. Using the previously mentioned particle bill-
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board rendering technique, I can compute the depth value in each pixel (the color data
is not needed for now). By applying some sort of a smoothing filter to the resulting
depth map, we can get a smoothed depth map, from which it is possible to reconstruct a
smoothed fluid surface.

One such smoothing filter can be a generic Gaussian blur. In this case, a Gaussian
smoothing kernel is applied to each depth map pixel according to the following equation:

z2 2
ZI{;Z")LEZ(IOJJO) (6_% . depth($7 y))

22142 )
€ 202

d(xo,y0) = (3.2)

kernel(zo,yo0)
2(ey)

where o is the kernel width in pixels. Computing this is not feasible for larger kernels,
because the runtime is O(0?) — but we can use the separability property of the kernel in
order to split the computation into two render passes: one for computing the one dimen-
sional Gaussian blur in the z direction and one for computing final values by summing the
z direction values in the y direction. This results in O(c) runtime, which is preferable.

The disadvantage of the Gaussian blur is that it tends to blend patches of fluid in
the foreground into patches of fluid in the background. I mostly solved this issue by using
bilateral Gaussian blur [1], which preserves the high frequency components (edges) of the
image. The disadvantage of this approach is that the filter mathematically speaking is
not separable, which in strict terms means that the runtime is O(c?). But in practice
a separable implementation results in artifacts that are only minimally perceptible. The
blur’s equation is the following:

2+y2_

Zﬁerﬁel(ﬁo»yo)(e—zzgz (depth(mmyo)—depth(mvy))Q) 'depth(a: y))
d(z0, o) = —2Y : 3.3
( 0 yO) Zkernel(xo,yo) e—zz;réﬂ —(depth(zo,yo0)—depth(x,y))? ( )

(z,y)

It is worth pointing out that in both cases pixels with a depth value of 1 (i.e. pixels
that do not have a fluid particle in them) must be ignored during the summation process,
because these are invalid depth values. Without ignoring these, strange behavior would
occur on the edges of the fluid and near small gaps between particles.

Another important detail is that the smoothing kernel must be of constant size in
world coordinates, which means that its size varies in screen space. This is necessary
because otherwise the smoothness of the fluid surface would depend on its distance from
the camera. The smoothing kernel size is approximated for each pixel by first computing
the camera space position (which for this purpose is equivalent to the world space position)
from the depth value, then adding an offset equal to the desired smoothing kernel size,
finally transforming it back to screen space and computing the resulting offset there. A
pixel’s camera position can be determined from its depth value and texture coordinates
according the following equation:

Pndc = (220 — 1, 2yo — 1, 2do — 1) p/ = Pilpndc b= p;cyz/piiw (3.4)

where at first the ppqe device coordinates are calculated, and then from these the world
space position p is determined using the inverse projection matrix P~1,

11



3.2.2 Rendering the fluid surface

According to the previously mentioned procedure, the world position of the fluid surface
patch in each pixel can be computed. The world space surface tangents that correspond to
the processed pixel can be determined by offsetting its position in the z and y directions
and computing the world space position of these — than the surface tangents are dx =
px — p and dy = py — p. From this the surface normal can be determined by calculating
the cross product of these vectors and normalizing the result. This way the fluid surface
position and normal in each pixel can be determined, so it is possible to render a basic
fluid surface from the smoothed depth map, as can be seen on figure 3.4.

Sa

Figure 3.4: The shaded fluid surface splashing around a cube

3.2.3 Transparency

In case of transparent fluids, the fluid thickness (i.e. distance that the light ray has to
travel through the fluid) directly determines how much light is able pass through the fluid
without interruption — the rest is scattered or absorbed by the fluid particles. This is an
inverse exponential correlation:

L(s)=Lg-e, (3.5)

where Ly is the initial light intensity and L(s) is the intensity after traveling an s distance
through the fluid.

In order to compute how much fluid is in between any given pixel and the first solid
object in that direction, firstly I compute the "fluid thickness" texture, which contains the
distances the light has to travel in case of each pixel before hitting a solid object. The
computation consists of the following steps:

1. All particles are rendered in a similar fashion as described in section 3.1, with two
major differences: while depth testing is enabled. there is nothing written to the
depth buffer during the render pass, and the pixel shader’s output is the given
particle’s thickness at that location, which gets additively blended to the render
target texture value.

2. The resulting fluid thickness map (texture) is smoothed using the same technique
described in section 3.2.1.

12



I achieve the desired fluid transparency by incorporating this thickness map into my
fluid surface rendering method. Using additive alpha-blending, I am able to compute
the color of each fluid surface pixel simply by setting a correct alpha value according to
equation 3.5, where s is the value in the thickness map at the given position. From a strict
physics perspective this is not correct, because the fluid color’s intensity is not necessarily
the complement of the background solid object’s intensity, this approach still leads to a
visually appealing result.

3.2.4 Spray and surface noise

In order to achieve a more appealing fluid effect, I demonstrate two further techniques
using which I am able to improve the visual quality. The fluid surface generation technique
presented in section 3.2.1 does not handle small individual particles well — as it tends to
blend them into the background. One possible solution that I will refer to as spray is to
render them separately from the rest of the particles (which form the fluid surface). This
can be achieved by including an average particle density value for each particle in the input
buffer, which can be extracted from the G2P step (section 2.1.3) of the simulation engine.
The only necessary modification in the render pipeline to achieve this is to exclude particles
with low density from the initial depth buffer computation and depth buffer smoothing,
and render their depth values to the smoothed depth map according to figure 3.3 — this
way the rest of the render tasks need no modification.

The resulting fluid surface tends to be unnaturally smooth because of too much depth
smoothing. This can be mitigated by introducing some noise to the surface normals in
order to create small waves on the fluid. This is achieved by using a 3D noise function that
is computable on the GPU without the need for costly texture lookups [9], specifically the
Classic Perlin noise function from the provided implementation®. A given pixel’s world
space position p and the neighboring pixel’s (in the z and y direction) world space positions
are required to determine the normal vector at the mentioned pixel by calculating the cross
product n = (p—px) X (P—py). By altering these position according to the noise function’s
value at the given position in the original pixel’s normal direction I am able to achieve the
illusion of small indents in the fluid surface:

P = f(Po) no pPx=f(Pxo) no Py = f(Pyo)- Mo (3.6)

This results in a static wave pattern on the surface (figure 3.5), which can look a bit
unnatural — however this issue is resolved by always sampling the noise function in two
different places, and applying a time-dependent offset to both sample positions.

Figure 3.5: The transparent fluid without (to the left) and with the applied
particle spray and noise (to the right)

Thttps://github.com /stegu/webgl-noise
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Chapter 4

Fluid state reconstruction

In this chapter I present the exact methodology and algorithms I have developed and used
in order to achieve the desired ability to edit the fluid state based on a reference image.
In the optimization world, the goal usually is to minimize the value of an error function
by adjusting its (countless) input parameters. By computing the function’s gradient it is
possible to determine how the function’s value changes at a certain location with a small
change to its input parameters. An error value optimizer algorithm can then be used to
minimize the error value by adjusting the input parameters according to the gradient. The
method I present also aims to minimize the value of an error function.

4.1 The error function

The two possible error function candidates that I have used compute the error value using
color and depth data. When broken down to a per pixel level the error functions are the
following;:

() () = Lz y)(8) = Lz y[* and (4.1)

€(ay)(0) = D) (0) — Dz y)?, (4.2)

where e(,,)(0) is the error value of the pixel at (z,y) while using 6 scene parameters
for rendering, I, ,)(6) is the pixel’s color and Dy, (f) is the pixel’s depth value when
rendered using the aforementioned scene parameters, and the reference image’s pixel color
and depth values are I, ,y and D, ,) respectively.

Using these e(, ,(0) error functions the image error function e(f) can be computed
as the sum of all pixel errors in both cases.

4.2 Gradient computation

Determining the gradient function of the error function is generally speaking a hard task.
One possible solution is to compute it using a differentiable rendering engine (and a differ-
entiable simulation engine in case of the physics based reconstruction described in subsec-
tion 4.3.4) such as the one Kerbl et al. present in their paper [14], but this requires heavy
modifications and a lot of added complexity compared to a classic rasterization engine —
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and we must also consider the fact that the engine might already be part of an application
framework and thus hard to modify.

Another great solution was recently presented by Deliot et al. in their paper about
stochastic gradient estimation [7], where they have shown a novel way to implement an
efficient estimation procedure of the gradient function’s value at a given scene parameter
position 0. In the following subsections I present the basic inner workings of the estimator
and how I have adapted it for use in my screen space fluid state editing method.

4.2.1 Stochastic gradient estimation

Computing the error function gradient using a stochastic approach is trivial at first glance,
but highly difficult achieve in an efficient manner. The classic approach is to add a
small, randomly chosen offset to the scene parameters, compute the error function for
these modified parameters, and finally determine the finite differential for each parameter
independently — as if it was the only parameter that has been modified. This would be
implemented as follows:

1. Perturb the scene parameter vector by adding and subtracting a randomly signed
perturbation vector: ;. = 0 +s-ecand §_ = 0 —s- ¢, where s is the randomly chosen
sign vector (consisting of only 1’s and -1’s), and € is the perturbation magnitude
vector — this vector determines how much a given parameter is perturbed, the values
for similar parameter types are usually the same.

2. The partial derivative in case of each parameter can be calculated by a finite differ-
ential: % = 76(%’)_;(9‘)
i +i—0—4

3. By doing the partial derivative for each parameter the function gradient % is also

determined, although with some noise in it, because the change in the function’s
output can be caused by multiple parameters — but this can be solved by taking
multiple samples with different s vectors.

The main problem with this approach is that given a large parameter vector it gener-
ally takes a very large number of samples to get even close to the real value. Deliot et al.
have shown that this issue can be mitigated by only taking into account the error change
that is directly caused by the given scene parameter while calculating the partial deriva-
tive of that parameter. In case of the previously mentioned error function for images, the
function can be split into individual pixel errors. This yields the following equation:

impacted by 6;
a _ e exy(b+) — exy(0-)

= > —
do; & 0. — 0,

(4.3)

According to this the only extra information I need from the rendering procedure to
compute the stochastic gradient efficiently is a list of parameters that impact the error
value in the given pixel — for all pixels.

4.2.2 Computing the per-pixel parameter lists

The per-pixel parameter list that impacts the error value in the given pixel is basically
equivalent to the scene parameters of the object(s) that are visible in that pixel. This can
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easily be computed in case of the particle visualization that is presented in section 3.1: by
creating an extra render target (texture) and outputting to it the instance id (available in
the vertex/pixel shaders) of the rendered particle — this way it can be determined which
particles affect a given pixel, as can be seen on figure 4.1.

Figure 4.1: The parameter map: black is ¢d=0 and white is «d=max

In case of a fluid surface a slightly more complicated procedure is needed. In a similar
fashion to the particle visualization case, particle ids are rendered into the aforementioned
parameter map while rendering the initial depth map. As discussed in section 3.2.1, the
depth map is first smoothed in the x and then in the y direction with a constant (world
space) sized kernel. This implies that the depth in a pixel of the resulting depth map is
impacted by the position of multiple particles. The list of these particles is equivalent to
the union of the particle ids found at the locations of the pixels that are taken into account
by the smoothing kernel:

Lx(wo,90) = U{p(,y) : (2,y) € Kx(z0,y0)} and (4.4)

L(w07y0) = U{LX<$7y) : (a:,y) € Ky(l'(),yo)}, (4'5)

where p(z,y) is the particle id value at the (z,y) pixel, Kx(zo,%0) and Ky(xo, yo) are the
sets of pixel positions which are part of the smoothing kernel in the z and y directions
accordingly at the pixel given by (xo, y0), and finally L(xo, yo) is the final list of parameters
that have an impact on the pixel value at xg, yo.

These computations do not require any extra render passes — I have integrated all of
the computation into the z and y direction smoothing passes. For storage I have chosen
SSBOs that store a fixed size array of integers (the particle id list) and a single integer
(the count of the array elements) for each pixel. The size of the arrays must be adjusted
accordingly to the maximum expected number of parameters in case of a single pixel, in
direct correlation with the smoothing kernel size in both directions.

Using this method it is possible to determine the ids of particles that influence the
color of the diffuse fluid surface at any given pixel, but the method still does not take into
account the particle spray and the fluid transparency (the fluid surface noise is not useful
for the optimization procedure, as it introduces randomness into the fluid surface, however
if the need would arise, it could be also easily incorporated into the stochastic gradient
computation in the form of offset and scale scene parameters that affects all pixels).
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For the particle spray the proposed solution is the following: during the render pass
that adds the low density particles to the depth map I also create another parameter
(particle id) map. Using this I overwrite the final parameter list L(x, y) at those locations
where a value has been written to the parameter map with a list containing only the id
from the parameter map. Observe that because the depth of the particle spray is not
smoothed, a pixel in which there is a spray particle in the foreground is only affected by
the parameters of that particle.

The case of fluid transparency is more challenging, as it introduces a large amount of
parameters for the majority of pixels. The reason behind this is that due to the additive
blending (as described in section 3.2.3) each pixel is affected by a large number of particles.
This would multiply by a factor of 20-100 the per-pixel parameter count and result in a
large increase in the necessary size for the parameter arrays in the Ly (z,y) and L(x,y)
lists as well as in a major increase in processing time. As a result, from now on on I will
only consider the diffuse fluid surface and particle spray during fluid state reconstruction.

4.2.3 Gradient smoothing

It can be derived from equation 4.3 that c%' = 0 for all scene parameters that do not have
an impact on any of the pixels in the viewport. As a result, considering that the optimiza-
tion targets are images rendered using the particle or diffuse fluid surface approach, the
previously mentioned partial derivative is going to be zero for each particle that cannot
be seen from the viewport. This means for example that on figure 3.3 the majority of
particles will receive zero gradients. As a consequence, the optimizer will not move or
otherwise change the parameters of these particles — meaning that only the topmost few
layers of the fluid are optimized, which can lead to slower optimization times.

Another issue can be seen on figure 4.2, namely that due to stochastic gradient es-
timation the gradient can have significant variations even on neighboring particles that
should otherwise have a similar gradient vector (because they have to move in the same
direction) even when using a lot of samples — 25 in this case. This can once again disrupt
the optimizer, especially when using physics based reconstruction.

Figure 4.2: The reference image (to the left) and the position gradients at
the start of the optimization (to the right)

A possible remedy is to smooth the gradient, i.e. make the gradient of the same
parameters of neighboring particles similar. This can be achieved in various ways — my
solution is based on simple Gaussian smoothing. The algorithm consists of two parts:
first a 3D grid is computed with cell size equal to that of the smoothing kernel, each cell
of which contains the particle indexes that are in the given cell. Then using this grid it
is possible to efficiently apply the Gaussian smoothing to the particle gradient vectors.
Further details can be seen in the algorithm’s pseudo code on listing 4.1.
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input: k - kernel size, pos[n] - particle positions, grad[n] - particle gradient vectors
initialize 3D grid G[X] [Y][Z]

foreach i in n:
coord = pos[i] / k
G[coord.x] [coord.y] [coord.z] = G[coord.x] [coord.y] [coord.z] U i

foreach i in n:
grad[i] = 0
weight_sum = 0
coord = pos[i] / k
cells = get_neighboring cells(coord)
foreach cell in cells:
foreach index in cell:
if |pos[index]-pos[i]| < k:
w = Gauss(pos[index], pos[i], k)
weight_sum += w
grad[i] += grad[index] * w
grad[i] /= weight_sum

Listing 4.1: Pseudo code for the gradient smoothing algorithm

Grid computation is done on the CPU, as it cannot be parallelized easily for running
on the GPU, while the smoothing itself is done on the GPU. The result of the gradient
smoothing can be seen on figure 4.3.

Figure 4.3: The smoothed particle position gradient at the start of the
optimization

4.3 Optimization

The gradient estimation technique described in the previous section works well with gra-
dient optimizers that were explicitly developed for use with stochastic gradients. One
such optimizer is Adam [15], which is a well known method in the deep learning and Al
community. In this chapter I demonstrate its use in my screen space fluid state editor and
describe how the optimization is done on a high level.

4.3.1 Adam

The stochastic gradient optimizer developed by Kingma et al. generally speaking tries
to find the minimum of the optimized function using the function’s (stochastic) gradient.
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One of the novelties of this approach is the use of moment vectors, which can help the
optimizer avoid getting stuck in a local minimum of the function.

I use the first algorithm described in the paper [15] in my own optimization method,
all computations are carried out in a compute shader on the GPU. As for parameters,
based on practical experience the values described in the paper for 81, 82 and € work well,
only the learning rate o needs to be adjusted.

4.3.2 Density control

During the fluid state reconstruction process it might occur that within given region
the number of particles is simply insufficient to produce the desired shape. As a result,
the reconstruction gets stuck in a local minimum that is hard to get out of because the
optimizer would have to move a a large number of particles by a lot to fill in the gaps.
This problem is also described in other geometry optimization literature [14][7].

To alleviate the problems, I propose a density control method that moves particles
from places where they are not needed to places where there are only few of them and the
error is large at the same time. The algorithm consists of the following basic steps:

1. Compute the average particle movement magnitude in case of each particle during
the last n optimization iterations using a rolling average (so that the most recent
movements have the largest weight).

2. Sort the particles by average particle movement magnitude.

3. Move the bottom X% to the locations of the top X% with a small random offset,
where X=10 works well in practice. Skip particles that have a density value higher
than a predetermined threshold.

4.3.3 Geometry based approach

One possible way of achieving the ability to edit the fluid state from screen space is by
direct movement of the particles. In this case the only modifiable scene parameters are the
particle position vectors — this is a reasonable assumption as the goal is to edit the fluid
state without changing for example its material properties. All of this can be achieved
using the machinery described in the previous sections 4.2.1, 4.2.2, 4.3.1. The steps and
the flow of data can be seen on figure 4.4.

Gradient

------------- Particle positions smoothing €

Density
control

Perturbation Particle positions
values

Perturbation
values

Gradient
- estimator
Positive offset [~ L/ Positive position module

offset

Perturbed
position
computation
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magnitude

Negative position
offset

Negative offset ——»/

Figure 4.4: High level flowchart of the geometry based reconstruction

The Gradient estimator module is the one seen on figure 4.5.
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Figure 4.5: Stochastic gradient estimation module

The elements (computations) marked using dashed lines do not get always executed
— they can either be configured as enabled or disabled, or get executed only after a certain
number of iterations. Furthermore, utility steps that handle edge cases, such as the one
that keeps the fluid inside the container’s boundaries have been omitted. All of the steps
are executed almost exclusively on the GPU, meaning that there is no significant data
movement between the CPU and GPU, which helps to improve performance.

4.3.4 Physics based approach

A seemingly more precise approach would be to integrate some physics into the fluid state
reconstruction process. This need might arise from the fact that in some cases, although
the geometry based approach generates a fluid state that looks almost the same as the
reference image from the viewport, in reality the fluid’s state is physically implausible:
it has various spikes and edges when viewed from another direction, as can be seen on
figure 4.6. Now if the manipulation of the fluid would be done through the simulator by
manipulating velocities for example, then the resulting fluid state should be more natural.

Figure 4.6: Reconstructed bunny viewed from different perspectives

The proposed physics based reconstruction approach uses particle velocities to adjust
the fluid state. In this scenario the particle velocities (and not positions) are the scene
parameters to be optimized. The stochastic gradient computation is also done through
the simulator by the means of converting the velocity parameters into particle movements
— one such conversion might have multiple simulation iterations with varying time steps.
The error function and the parameter list calculations are the same as the ones described
before, the simulation step is basically only a converter proxy between the optimizer and
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the gradient estimator that transforms the velocity parameters into particle movement
vectors. Another important property that must be considered is whether to reset the
velocity parameters to zero after each optimization iteration or not — this will be analyzed
in more detail in the evaluation chapter 6.

The flowchart of the method that can be seen on figure 4.7 is very similar to the one
shown on figure 4.4, including the same Gradient estimator module shown on figure 4.5,
with some notable extensions and modifications.
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Figure 4.7: High level flowchart of the physics based reconstruction method
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Chapter 5

Implementation details

In this chapter I present the used technologies, structure and inner workings of the test
application and framework that I have developed during my research. All rendered images
in the paper were generated using an application developed by me. The project source
code is available in open source format on GitHub ' — the base fluid simulation appli-
cation (including the rendering engine) is available on the main branch, while the screen
space fluid state reconstruction framework is on the diff_rendering branch. A small
demo video is available on YouTube? that demonstrates the capabilities of the simulation
application itself.

The project is written in C++, using as much of the modern C++17/20 features
as possible. I have attempted to make the code modular and the individual components
reusable.

5.1 Architecture

The project is structured into components, some of which are reusable utility components,
while others use the aforementioned components. These components are:

e RenderEngine — this component is a collection of different OpenGL and GLFW
functions. It wraps the C-style API of these libraries into a much more user friendly,
(semi) object oriented interface, while also including some utility functions and
classes for rendering.

e Simulator — this component contains the physics simulation engine and some helper
classes.

« imgui — this is an open source, easy to use UI controls library called Dear ImGui?,
with a small extension that I have made in order to make rendering all the controls
easier in case of a large class hierarchy.

e Visualization — this component handles all of the fluid and scene rendering as well
as it also contains the machinery needed for the fluid state reconstruction, including
the gradient estimator, optimizer and the optimization methods as well.

Thttps://github.com/dkiovics/fluid_simulator/tree/diff rendering
https:/ /youtu.be/Br7949G 7200
3https://github.com/ocornut /imgui
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e Application — this is the wrapper component, that connects most of the other
components together. It also handles the switching between different simulation and
visualization modes.

5.2 Render engine

As it was mentioned in the previous section, the RenderEngine component contains all
of the graphics related classes and functions. OpenGL and GLFW are used for rendering
and creating the application window respectively. The most notable functions of this
component are:

e GPU program classes — compute and shader,

« different types of storage classes like textures, framebuffers and render target tex-
tures,

e basic 2D and 3D geometries, a mesh loader and an instanced geometry rendering
utility class,

e 2D and 3D camera, light and render object classes — these set the uniforms auto-
matically according to their inner state.

5.3 Fluid simulation engine

This component is responsible for the fluid simulation itself, with a hybrid FLIP/APIC
simulator at its core. All computations are done on the CPU using the OpenMP par-
allelization library. While moving these computations to the GPU might be possible it
would also be quite challenging. In practice the CPU implementation was sufficiently per-
formant for the current use case — the simulation of 60000 particles is possible at around
60 FPS (frames per second).

Most simulation parameters can be configured, including the exact type of simulation
method (PIC/FLIP/APIC) as well as all of the simulation constants. The simulator can
also handle solid spherical and rectangular obstacles, particle source and sink objects and
more. There are two main operation modes: 2D and 3D — both use the same implemen-
tation, the only difference is that while running in 2D mode the particles can only move
in a 2D plane.

In order to make the UI more responsive even in case of large scenes (over 100000
particles), the UI runs on a thread separate from those of the simulator. This requires some
means of synchronization and communication between these threads, which is handled
by the management class. This class is basically an interface between the inside of the
component and all the other components and also handles the connections between the
simulator, MAC grid, and particle classes as well.

5.4 Visualization

This component can be split into two subcomponents: one responsible for the actual scene
and fluid rendering and one that contains the optimization methods and all of the related
code. The former renders the scene with the transparent box and the moveable obstacle(s)
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in both 2D and 3D, and also contains the particle and fluid surface renderer described in
subsection 3.

The latter is responsible for the error function computation, the stochastic gradient
estimation and for the parameter optimization. All of this blends seamlessly into the rest
of the simulation application using the proxy design pattern. The subcomponent’s most
notable parts are the following:

e Optimizer — this is my implementation of the Adam optimization algorithm.
e DensityControl — my density control algorithm described in section 4.3.2.
e GradientSmoothing — my gradient smoothing algorithm in section 4.2.3.

e GradientEstimatorPos and GradientEstimatorSpeed — the gradient estimator im-
plementation for geometry and physics based reconstruction respectively. They are
not the same as show on figures 4.4 and 4.7, because the latter also contains the
velocity-to-position conversion, but their interface is common.

e DiffRenderProxy — this class is the heart of the optimization submodule, it connects
all of the listed classes as well as controls the reconstruction process according to
the user settings entered into its own UL

As mentioned before, the majority of the computationally intense tasks in this module
are done on the GPU with some minor exceptions (for example the simulation step in the
physics based reconstruction mode). This results in a highly efficient execution and low

CPU load.
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Chapter 6

Evaluation

In this chapter I evaluate the achieved results using different approaches and settings. I
also discuss the performance and limitations of the methods that I have developed.

6.1 Gradient estimation correctness

For any optimization method it is critical that the error function gradient is correct,
because this is the source of information about how the error changes with the change
of input parameters. In my case, the stochastic gradient will always have some noise in
it by nature, but obviously the smaller the average deviation of the computed stochastic
gradient from the actual gradient the better.

6.1.1 Evaluation based on gradient visualization

One of the best ways to estimate the correctness of geometric parameters is to visualize
them and compare the results to some sort of ground truth. In this case it is possible to
estimate the ground truth using a fitting reference image and initial state. I have chosen
a simple initial state where the fluid is resting, and the reference image is the same as the
initial state with the addition of a rectangle in the middle of the container. All of this can
be seen on figure 6.1.

Using this data, I am able to estimate where the gradient (or more precisely the
gradient’s opposite) should point in case of the geometry based optimization’s position
— error function. Considering that the fluid must be moved upwards in order to fill the
rectangle seen on the reference image and reduce the error, it is trivial that the gradient
must also point upwards where the rectangle is visible. This is marked as the red arrow
on the initial fluid state image.

As T show on figure 6.1, the particle’s gradients point as expected mostly upwards (in
the area marked by red) following the rectangle’s silhouette after a couple of optimization
iterations. Although there is significant noise and deviation in between the gradient of
neighboring particles, I can state that the gradient estimation is correct and produces the
expected noisy output.
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Figure 6.1: The reference image (top left), the initial state with the ex-
pected gradient (top right) and the actual gradient after a cou-
ple of optimizer iterations (bottom)

6.1.2 Error function value

Now that I have proven that the gradient estimation works correctly, it is also necessary
to show that the optimizer really is doing what it is supposed to: changing the scene
parameters in such a way so that the error function’s value is decreasing. This statement
can be proven by plotting the error function value during an optimization sequence. For
the sake of simplicity, the reconstructed scene is the same as the one shown on figure 6.1.

Figure 6.2: The error value’s dependence on the number of iterations (left)
and the result of the reconstruction (right)

The error function plot and the resulting reconstructed fluid state can be seen on
6.2. It can be seen that the error value has a strong downward tendency as expected with
the increase of the iteration count. The noise in the function can be attributed to the
fact that the gradient estimation is stochastic, while the periodic spikes are caused by my
density control algorithm 4.3.2 — it rearranges the particles periodically, which causes a
slight increase in the error for a short amount of time, but after this the error quickly
decreases even further down than before. The reason why the error value stagnates at
around 850 is that the final fluid state is reached and no more improvement is possible,
because of multiple facts: the rectangle’s color is slightly different than that of the fluid,
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such sharp edges cannot be formed by the fluid surface and it is really hard to make the
surface completely smooth.

6.2 Fluid state reconstruction

In this section I present different potential variations of my screen space fluid state editing
method. It is important to mention, that although a lot of the reference images are simply
rendered by the same fluid visualization technique (and in most cases with the addition
of some object mesh), they are still only used as reference images, without any additional
information other than the the pixel information of the images — in other terms, these
reference images could have been made by a skilled artist using a basic image editing
program like Illustrator or Photoshop. Another small caveat is that in order to achieve
nice reconstructed states the learning rate has to be reduced and the density control turned
off near the end of the reconstruction — however, this can be easily automated.

6.2.1 Depth vs. RGB based error function

The stochastic gradient estimation algorithm presented in subsection 4.2.1 is able to use
not only the color, but also the depth value in each pixel for the error function’s com-
putation. Although only the color based approach is suitable for easy and intuitive fluid
state editing from screen space using basic drawing methods, the depth based approach
can also be useful if the user wants to recreate a mesh using the fluid’s surface — as this
cannot be achieved easily by just arranging the particles on the boundaries of the mesh.

Figure 6.3: The reference image (top left), the initial fluid state (top right),
the depth based result (bottom left) and the color based result
(bottom right)

The reference image and the result of the reconstruction procedure in both cases can
be seen on figure 6.3. While the depth based error function resulted in a slightly faster
convergence, it is evident that the generated fluid state’s quality is not as good as in the
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RGB case — this can be attributed to the fact that a small amount of variation in the
depth seen in a given pixel might result in a much larger difference in terms of how the
fluid surface looks.

6.2.2 Optimizing using particle vs. surface based visualization

The fluid surface visualization significantly enhances the fluid-like look compared to the
particle based visualization, but the particle based visualization might still have some
advantages when it comes to my the fluid state reconstruction technique. Firstly, there is
a significant performance increase mostly because the parameter lists described in section
4.2.2 do not have to be calculated; secondly, particles can handle sharp edges in the
reference image better in most cases, as they do not suffer from over smoothing.

One more considerable approach is to use the particle based visualization during the
reconstruction phase, and switch to the fluid surface visualization only after it is done.
In some rare cases this may be the best "middle ground" approach, although in this
particular case seemingly the best option is to use the fluid surface visualization during
reconstruction as well. The reference image (which is a fair bit more complex than the
previous one, including sharp edges and small details), the results of the particle and
surface based approaches, and the result of the aforementioned combination of the two
can be seen on figure 6.4 — the initial fluid state is not shown, but is basically the same as
on figure 6.3.

Figure 6.4: The reference image (top left), the particle based result (top
right), the surface based result (bottom left) and particle-
surface based result (bottom right)

6.2.3 Geometry vs. physics based reconstruction
In the previous subsections all of the tests were performed using the geometry based

reconstruction approach, with sufficient results. But there are cases when a reconstruction
approach such as the one presented in subsection 4.3.4 is preferable, as it also takes the
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physics of the fluid into account. One such case might be when a more uniform distribution
of particles is needed: in the previous figures, there was no guarantee that the particle
density is anything close to constant in the reconstructed state — this can sometimes be a
problem when continuing the simulation from the reconstructed fluid state, as it can lead
to fluid implosions, explosions and weird behavior in general.

A couple of important considerations have to be taken into account when using the
physics based fluid state reconstruction technique:

o the gradient must be smoothed at least a bit, because otherwise the optimization
algorithm will only try to move the outer layers of the fluid, as described is subsection
4.3.2,

e whether or not to reset back to zero the particle velocities after each optimization
iteration,

e and how many simulation iterations have to be done in between the optimization
iterations and what should be the simulation time step.

Unfortunately, all combinations of the above mentioned considerations have some
major flaw that stops them from working correctly and results in some form of undefined
fluid state that (although physically correct) hardly resembles the target image as can be
seen on figure 6.5. One of my theories as to why this is happening is that my hybrid fluid
simulator presented in section 2.1 is not differentiable trivially in such a stochastic way.
The other possible reason is that both resetting and not resetting the particle velocities
after each iteration have their own major flaws:

« if the particle velocities are reset, than even with the gradient smoothing the fluid
cannot build up enough velocity in order to overcome the internal friction introduced
by the particle-grid-particle transfers,

o and if the velocities are not reset, than they get out of control — simply put, there is
too much inertia and the optimizer cannot handle this.

Figure 6.5: The reference image (left) and the image produced by the
physics based optimizer without resetting the velocities (right)

6.2.4 Simple drawings as reference images

As mentioned at the beginning of this section 6.2, the reference consists of only pixel data,
and as such one can easily edit the current fluid state in an image editor. On figure 6.6 an
example can be seen for this use case. Although at first glance this is a simple reference
image, in reality it is hard to achieve such a fluid state where the colors of the surface are as
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uniform as on the reference image — still my fluid state reconstruction method performed
as expected.

Figure 6.6: The reference image (top left), the initial fluid state (top right)
and the fluid state after the reconstruction (bottom)

6.3 Simulation from the reconstructed fluid state

After the fluid state reconstruction from the reference image has achieved a satisfactory
result, the resulting fluid state can be trivially transferred to the fluid simulation engine
in order to continue the simulation form the edited state. Furthermore, it is also possible
to enable once again the fluid transparency and the surface noise, as the reconstruction
method has finished running. This can be seen in figure 6.7, which is the simulation
from the reconstructed state achieved on figure 6.6. A couple of live demonstration of the
reference image — state reconstruction — simulation can be seen on YouTube!
(the reconstruction phase is sped up). Also, there are further sample images from different
reconstruction scenarios in appendix A.

6.4 Performance

In this section I present the performance of my fluid visualization and fluid state recon-
struction methods. All of the tests were done on a laptop with an AMD Ryzen 9 5900HS
CPU and an Nvidia RTX 3060 (100W TDP) GPU in it — generally speaking, this is
mediocre hardware at best for gaming and most computationally intensive tasks in the
fall of 2024, so the results are representative of what an average user would at least get. In
terms of scene complexity, the demonstrated performance is achieved on a medium sized
scene consisting of around 50000 particles.

The fluid visualization is at the core of both displaying the fluid simulation (chapter
3) and also the fluid state reconstruction methods (chapter 4) because of the stochastic

Thttps://youtu.be/gm7qkTVk-nw
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Figure 6.7: Simulation from the reconstructed fluid state

gradient estimation algorithm (subsection 4.2.1) — this is the reason why its performance
is critical. The method I have presented relies heavily on the GPU and most of the
computations are also done on it. It yields acceptable performance for most rendering
applications, and probably would not cause any significant bottlenecks even in games, both
in the particle and the fluid surface based visualization cases (with spray, transparency
and surface noise enabled). The average FPS can be seen on table 6.1.

Geometry-based Physics-based
Rendering gradient gradient
estimation estimation
Particle based vi- 392 FPS 111 SPS 9.1 SPS
sualization
Surface based vi- 307 FPS 55 SPS 7.2 SPS
sualization

Table 6.1: Rendering and stochastic gradient estimation performance

The stochastic gradient estimator’s performance can be measured in SPS (sample per
second). As described in the fluid state reconstruction chapter 4.3.3 4.3.4, there are two
possible approaches: geometry based and physics based. In case of the geometry based,
all of the computation is done on the GPU, the most costly step is determining the per-
pixel parameter lists in case of the surface visualization method, but this only needs to be
done once at the beginning of every gradient sampling batch after the scene parameters
have been altered by the optimizer — so I do not take this step into account during my
performance measurement. As can be seen on table 6.1, the performance of the physics
based reconstruction method’s gradient estimation is significantly worse. The reason for
this is that the fluid simulation engine must be ran two times? for each sample for at

2The velocity to position transfer is performed by running 2 simulation iterations, each with a 20ms
time step.
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least one iteration (but most likely more) — in my implementation this requires moving
data back and forth between the CPU and the GPU a lot and furthermore, the simulation
engine’s CPU implementation itself is not fast enough for this application.

When running the fluid state reconstruction methods to achieve a fluid state that
resembles the reference image as closely as possible, there is no real objective way to
evaluate performance. On table 6.2 I record the time it takes to achieve a fluid state that
mostly resembles the reference image and the time it takes to achieve the final state from
which point on there is no significant improvement — the former is unfortunately a highly
subjective metric. The tested reconstruction scenario is the one shown on figure 6.3 (the
color based approach).

Time until halfway Time until done
done
Particle based 35s 142s
visualization
Surface based 127s 331s
visualization

Table 6.2: Fluid state reconstruction performance

6.5 Comparative analysis

As I have mentioned before, I suspect that my approach is novel, so I was not able to find
any closely related literature about editing the state of a fluid simulator using only a single
RGB reference image and differentiable screen space fluid surface rendering. Thus, there
is no other method I am trying to compete with. The closest related work is probably the
Gaussian splatting approach [14], as in that case they also try to optimize the position
of 3D gaussians (in this paper we optimize the position of particles) — but using multiple
images while doing so instead of one as in this case. Furthermore, their error function
gradient computation requires that the renderer is automatically differentiable, while my
method has no such requirement.

6.6 Limitations

One of the major downsides of my fluid state reconstruction using a single reference image
method is that the resulting scene parameters only make a sensible image when viewed
from a perspective similar to the one used during reconstruction. This is not necessarily
a problem by itself, but — at least in case of the geometry based reconstruction approach
— the reconstructed scene might have a particle arrangement from which continuing the
simulation would result in unexpected behavior. An example is when a lot of particles are
clumped up together or there is only a very thin layer of particles instead of the expected
particle volume.

The performance is far from ideal, as it can sometimes take a significant amount of
time to achieve a satisfactory fluid state. This statement is even more true in the case of
optimizing the state of the fluid visualized using the transparent method, as in that case
the per-pixel parameter lists take a lot of time to compute. Finally, the performance of the
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physics based reconstruction method is currently not suitable for any practical application
— even if the reconstruction method would work as expected.

Another problem worth mentioning is the case of disconnected fluid masses on the
reference image: if there is significant distance in between them and only one of them has
particles in it in the initial state, than it might occur that the particles never get to the
place of the other fluid mass because it would result in a large increase of the error for a
number of optimization iterations.
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Chapter 7

Conclusion

Manipulating the behavior of fluids is a challenging task that usually requires a lot of
parameter fine tuning and manual arrangement of the fluid volumes. In this paper I have
demonstrated a novel approach that partly solves this problem: using my method it is
possible to edit the fluid’s state just by defining how the fluid should look like from a
certain point of view. Such a reference image can then be easily created by a skilled artist.
My method achieves visually appealing results while not being overly complex, it also does
not require an automatically differentiable renderer.

Furthermore, I have presented how such a fluid simulation framework is constructed,
including the algorithmic background of the used methods, two different fluid visualization
techniques and some background on hybrid fluid simulation methods.

7.1 Future work

Although the method I have developed can already be useful in certain scenarios, there
is a lot of research left to be done in this area, as this paper has only explored a small
fraction of all possibilities. Probably the most notable subjects are the following:

1. Currently my method only supports editing the initial fluid state which is the start-
ing point of the fluid simulation. But combining it with a method that is able
to introduce keyframes into the fluid simulation itself would enable the creation of
keyframed fluid animations by only using my screen space editing technique. Such
a method has been presented by Pan et al. [18], and it could be integrated into my
method with only minor modifications.

2. Further research could also go into my physics based fluid state reconstruction ap-
proach in order to draw a conclusion if it is a viable option. If so, then the compu-
tations done by the fluid simulation engine would need to be ported to the GPU in
order to achieve usable performance.

3. As I have mentioned in the Limitations section 6.6, the resulting state after the
reconstruction sequence only looks good from a point of view that is close to the
one used during the reconstruction. However, this could be solved without much
effort by defining two or more reference images from different perspectives — the
only notable changes that this would require are minor ones to the error function’s
and parameter list’s computations, otherwise the same method should work (even
though the performance would likely suffer by a considerable amount).
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Appendix A

Every image column is a separate fluid state reconstruction session. In each column
the topmost image is the reference image (in case of the second column it is drawn by
hand), the second image is the initial fluid state, the third image is the reconstructed fluid
state, and the rest of the images show the simulation from the reconstructed fluid state.
Transparency and fluid surface noise is only enabled after the state reconstruction.
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