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Abstract

Computational fluid dynamics can be used to reproduce the complex motion of fluids
for use in computer graphics, but the simulation and rendering are both highly compu-
tationally intensive. In the past performing these tasks on the CPU could take many
minutes per frame, especially for large scale scenes at high levels of detail, which limited
their usage to offline applications such as in film and media. However, using the massive
parallelism of GPUs, it is nowadays possible to produce fluid visual effects in real time for
interactive applications such as games. We present such an interactive simulation using
the CUDA GPU computing environment and OpenGL graphics API.

Smoothed Particle Hydrodynamics (SPH) is a popular particle-based fluid simulation
technique that has been shown to be well suited to acceleration on the GPU. Our work
extends an existing GPU-based SPH implementation by incorporating rigid body interac-
tion and rendering. Solid objects are represented using particles to accumulate hydrody-
namic forces from surrounding fluid, while motion and collision handling are handled by
the Bullet Physics library on the CPU. Our system demonstrates two-way coupling with
multiple objects floating, displacing fluid and colliding with each other. For rendering
we compare the performance and memory consumption of two approaches, splatting and
raycasting, we also describe the visual characteristics of each.

In our evaluation we consider a target of between 24 and 30 fps to be sufficient for smooth
interaction and aim to determine the performance impact of our new features. We begin
by establishing a performance baseline and find that the original system runs smoothly
up to 216,000 fluid particles but after introducing rendering this drops to 27,000 particles
with the rendering taking up the majority of the frame time in both techniques. We
find that the most significant limiting factor to splatting performance to be the onscreen
area occupied by fluid while the raycasting performance is primarily determined by the
resolution of the 3D texture used for sampling. Finally we find that performing solid
interaction on the CPU is a viable approach that does not introduce significant overhead
unless solid particles vastly outnumber fluid ones.
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Chapter 1

Introduction

Computational Fluid Dynamics (CFD) is the use of numerical methods to simulate and
analyze fluid flows and has applications in a wide range of fields, such as aerospace
design, chemical engineering, oceanography and meteorology. This work focuses on the
use of fluid simulation in computer graphics, where it is used to produce, using simulation,
scenes which would be too tedious or difficult to produce using traditional animation. This
allows more complex and visually rich scenes to be created. Although the term ”fluid”
technically refers to both liquid and gaseous materials, we will be focusing exclusively on
liquids throughout this work. Nevertheless, similar techniques can be used to simulate
other fluid-like phenomena such as clouds, smoke and fire.

While it does save time in animating, fluid simulation is inherently computationally
expensive, which means that when it was first introduced in computer animation it’s
use was exclusively offline. This means setting up initial conditions for a scene, running
the simulation program to generate motion and then checking the results afterwards.
If problems are found then parameters are adjusted and the simulation process is run
again. This cycle is repeated until the desired motion is achieved. Since rendering is also
expensive, usually the fluid motion will be finalized with low quality draft or wireframe
rendering and then final, high-quality rendering is performed in a separate pass. This
type of workflow means long delays between setting up and getting results, and so fluid
dynamics effects could only be used to generate pre-computed animations. While this
is acceptable for movies where all animation is done beforehand, it does not work for
interactive applications like games. In these case water effects are usually achieved using
much simpler and cheaper to computes models like sinusoidal waves or heightmap fields.
These are only able to capture simple surfaces and do not reproduce the splashing, swirling
and vortices of real-world fluid dynamics.

Nevertheless, with the continuing increase in computing power, it is nowadays feasible
to run full fluid simulations at interactive rates. A major contributing factor is the
rise in popularity of powerful, inexpensive consumer hardware, specifically the Graphi-
cal Processing Unit (GPU). Initially graphics processors were dedicated single function
hardware which accelerated only the most expensive part of rendering, the rasterization.
Later generations of GPUs became fully programmable, allowing full access to the un-
derlying computing power of the hardware. At first this programmable power could only



be accessed using specialized graphics APIs, but soon toolkits were developed to allow
general purpose code to run on the GPU.

This approach of using shaders to solve non-graphical problems became known as General
Purpose GPU (GPGPU) computing, and it became popular for many high performance
applications, including fluid simulation which is particularly well suited for parallelization
since it involves repetitive application of simple instructions to large amounts of data.
In 2007, NVIDIA released the CUDA toolkit which enabled GPGPU computing to be
performed without having to work via the graphics API, which introduced the power of
GPU computing to an even wider audience.

Although the basic data-processing problems of fluid simulation are solved with more
horsepower, there are still other issues which need to be considered. Two important
aspects of any fluid simulation are rendering and interaction with solid objects, both of
which are relatively well solved problems offline but remain challenging to do in realtime.
Solid-fluid coupling is still an open research problem and much of the research done has
been CPU based, a large amount of effort if required to reproduce the same results on
the GPU. As an example, one of the most popular products for computer generated fluid
effects is Realflow [5] and it only ported it’s offline fluid solver to the GPU as late as
2013.

1.1 Aims and Approach

Our aim is to produce a realistic looking fluid simulation containing solid objects that
responds immediately to user interaction. While we have found in the literature that
there are many works describing these individual aspects separately, we have not found
any work that incorporates all of them into a single coherent system that could potentially
be incorporated into interactive applications such as 3D games. This introduces several
limitations on how many particles can be simulated in a scene in comparison to offline
rendering applications such as film, both with regards to how much memory the particles
occupy and how long it takes to process them. A major part of our work focuses on
identifying and measuring these constraints especially with regards to rendering.

We extend the work of Hoetzlein [29], a GPU based implementation of Smoothed Parti-
cle Hydrodynamics (SPH) which is a popular particle-based method of simulating fluid.
While Hoetzlein’s system performs interactive fluid simulation it does not currently have
rendering or solid-fluid coupling, so we will incorporate these two features and then eval-
uate the impact they have on performance. We will determine if interactive simulations
are still feasible and at what scale. In the case of fluid rendering there are two different
approaches, we implement both and compare their strengths and weaknesses. In the case
of solid-fluid coupling there is a far broader range of considerations required to implement
all aspects of physical realism. We will only implement the simplest case of rigid bodies
defined in terms of particles, similar to the fluid particles. This will be a proof of concept
upon which more complex physical models can later be built.

In order to evaluate our results we provide the following key objectives:



e The entire system must be capable of running between 24 and 30 frames per second.
This is generally considered to be the minimum required framerate to maintain the
illusion of smooth motion for the human visual system as opposed to a series of
still images. The primary factor in overall system performance is the number of
particles that can be simulated at this rate, therefore we will establish a baseline
by finding the largest number of particles the existing system can simulate at this
rate and then measuring the impact of introducing rendering and solids.

e Our rendering system must reproduce the key visual characteristics of liquid water
as convincingly as possible. Since increased rendering quality usually comes at the
expense of performance we expect there to be a tradeoff between these factors which
we will attempt to quantify and find a balance for.

e Our solid objects must be able to float freely and move in a plausible manner in
response to the fluid flowing around them. They must also exert appropriate forces
back on the fluid by displacement and splashing.

1.2 Thesis Structure

Chapter 2 provides a background introduction to the fluid simulation topics covered
in this thesis. We describe the two fundamental approaches to fluid simulation and
providing a review of previous work in fluid simulation, originally as applied to offline
animation (generally CPU based) and then moving on to interactive simulation using
GPU acceleration. We conclude this chapter by exploring the various approaches to
solid-fluid coupling.

The next three chapters introduce the theoretical aspects of each part of our final sys-
tem. First chapter 3 describes how GPUs can use massive parallelism to accelerate
computationally intensive tasks, and specifically describes how the CUDA programming
environment can be used to harness this power. Secondly, chapter 4 begins by breaking
down the Navier Stokes Equations, which provide the underlying mathematical frame-
work for all fluid simulations, and then moves on to describe the details of Smoothed
Particle Hydrodynamics which is a popular method used to implement these equations.
Thirdly, chapter 5 explores the two general approaches to rendering, image order and
object order, and covers the key optical properties of liquids which we aim to reproduce.

With the required theoretical grounding established, chapters 6 and 7 discuss the im-
plementation of the simulation and rendering respectively which make up two distinct
phases of the overall system. We describe how Hoetzlein’s original system implements
SPH in CUDA and how we incorporate solid objects using the Bullet physics engine to
handle rigid body motion. Both our rendering solutions are implemented in OpenGL
using CUDA’s interop functionality to transfer data from the simulation to the rendering
phase.

Finally chapter 8 presents the results and analyses of each aspect of the system to deter-
mine if our original aims have been met and chapter 9 presents conclusions and suggestions
for possible future work.



Chapter 2

Background and Previous Work

2.1 Fundamental Models of Fluid Simulation

Ultimately, all fluid simulations are based on the Navier Stokes equations which describe
the physics of fluid in motion. This motion occurs due to the influence of three key forces:
pressure, viscosity and external forces (for example wind or gravity). As a fluid system
evolves in time the equations output a 2 or 3 dimensional field of values representing
(at each time step) the position of the fluid in space. There are two different ways
of representing these positions: Fulerian and Lagrangian. The Eulerian interpretation
(figure 2.1a) describes a grid of cells fixed in space where each cell has a scalar pressure
value and the fluid flows from cells with high to cells with lower pressure. The Lagrangian
interpretation (figure2.1b) describes the fluid as a set of particles which exert forces
on each other. Areas with many particles have higher pressure while areas with fewer
particles have low, and again fluid moves along the pressure gradient. In chapter 4 we will
describe in more detail the mathematical theory of Smoothed Particle Hydrodynamics
(SPH) which is popular a Lagrangian technique, but first we will discuss the various trade-
offs between the two approaches, highlighting where each might be more appropriate.

The Eulerian approach is well suited where accurate physical measurements need to be
made at particular points, for example modelling a plane in a wind tunnel or water flowing
along pipes. It also works well where a large-scale overview of a large area is required
such as modelling ocean currents. The main issue with Eulerian formulations is that they
have difficulty with free surfaces. This means that capturing visually interesting detail
like splashes and spray, requires excessively high grid resolution which adversely affects
performance and memory consumption. A benefit of the Lagrangian approach is that the
particles naturally capture such fine detail, but a large amount of particles is required
to cover a large area or volume. This trade-off between high levels of detail and large
amounts of memory consumption can be addressed in several ways. Adaptive sampling
can be used to increase grid resolution or particle density in particular regions, Adams et
al [8] us a Lagrangian approach and split particles in regions of high activity and merge
them in stable areas, thereby reducing the overall number of particles required in the
simulation. Zhu and Bridson [78] use a hybrid approach called Particle in Cell (PIC)



(a) Eulerian (b) Lagrangian

Figure 2.1: Eulerian and Lagrangian apporaches. In the Fulerian approach fluid motion is
represented as nett flow between cells, whereas in the Lagrangian approach the motion is produced
by the particles themselves. In these diagrams the external force of gravity acts to pull the fluid
downwards. Since there is more fluid on the left the buildup of higher pressure causes it to flow
towards the right where the pressure is lower.

which advects particles according to an underlying grid. This is referred to as semi-
Lagrangian since it incorporates both a grid and particles. Losasso [38] takes a different
approach by modelling dense regions using grid-based level sets and sparse ones using
particles.

An important property of fluids is that they are incompressible, and a realistic simu-
lation needs to prevent compression artefacts. A step common to all fluid simulations
is the computation of a pressure field, and this can be done in one of two ways: either
by computing a Pressure Poisson Equation (PPE) or using an Equation of State (EOS).
The PPE approach requires iteratively solving a system of linear equations ultimately
producing a velocity field for the fluid, and this is generally the most time-consuming
part of the simulation (Stam discusses this in more detail [64]). On the other hand EOS
approaches compute pressure locally on each particle with a suitable stiffness value. EOS
approaches are generally used in Lagrangian formulations, but PPE approaches can be
used with either Lagrangian or Eulerian fluid models. Where they differ is in the targeted
property of the resulting velocity field. A divergence free velocity field will prevent oscil-
lation issues but might suffer from mass drift, while a density corrected field will preserve
mass but allow oscillations at the free surface. EOS approaches can correct density and
compression artefacts using Predictor Corrector schemes such as PCISPH presented by
Solenthaler and Pajarola [62]. Thmsen notes that solving PPE equations is generally
impractical for computer graphics applications due to their prohibitive computational
costs, but presents a novel scheme for significantly improving performance in [30].



The most costly step for Lagrangian simulation is usually calculating the neighbours
of each particle, various schemes exist to accelerate this phase by storing particles in
specialised data structures, we will cover these is more detail in section 6.4.

Parallelisation is the primary method of increasing performance of a simulation, but
there are differences in how this can be applied to the two models. Because the cells in
an Eulerian grid remain static relative to each other, the same cells will always interact
with each other. This means it is possible to partition the simulation space up between
nodes in a cluster, for example if the grid were 100x100x100 cells then we could slice it
into 8 subcubes of 50x50x50 cells and simulate each subcube independently, only needing
to share information about flow which occurs across the boundaries between out slices.
This type of architecture would be perfectly suited to a cluster computing environment
where nodes are connected via a network and communication time is high relative to
computation time. Each node has separate memory and has to compute its flow and
transfer results to its neighbours for each timestep, but since the slices are fixed each
node knows which other node in the cluster handles the neighbouring slice and can send
the relevant information directly. This is not the case for particle based Lagrangian
simulations because at any point it is not possible to pre-determine which particles will
fall into what regions of space. Thus a Lagrangian simulation is best suited to a shared
memory architecture like a GPU where each core can access all the particles.

A final difference worth mentioning is that Lagrangian systems generally handle multi-
phase phenomena such as melting and freezing more easily than Eulerian ones as shown

by Muller et al [48].

2.2 Fluid Animation

The overarching concerns of fluid simulation for animation are stability and visual plau-
sibility, and some compromise in full physical accuracy is often made to achieve these
goals. Foster and Metaxas [22] present an early work featuring a grid-based 3D solution of
the Navier Stokes equations. Their simulation was run offline on specialized workstation
hardware, namely the Silicon Graphics Crimson R4000 which had a 100MHz processor
and 256mb of memory [7]. It produced 20,000 frames of animation in 2.5 hours (2.2
frames per second) for a grid of 50x15x40. Marker particles are incorporated to track the
surface and rendering is performed offline using RenderMan [6], a commercial rendering
tool. Floating rigid bodies are incorporated after the simulation is complete by applying
the pre-computed fluid forces. This has the benefit that different sizes and shapes could
be tried for the objects without having to recompute the fluid motion, but the drawback
is that the floating bodies cannot exert force back onto the fluid for full realism.

Stam [64] improves upon the method of Foster and Metaxas by replacing the explicit
finite-differencing scheme with an unconditionally stable implicit solver. This is impor-
tant because it allows significantly larger timesteps and allowing animators to freely
adjust parameters without having the simulation “blow-up”. The method only deals
with gaseous phenomena and does not track the surface of liquids. It also suffers from a
non-physical amount of numerical dissipation, but this can be overcome by adding addi-
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Figure 2.2: a) Foster and Metazas [22] originally demonstrate the effectiveness of simulation
for animation. They simulate a 3D scene of 50x15x40 with a fluid surface at 2.2 frames per
second on a 100Mhz processor. Rendering is done in a separate pass and the time is not
specified. b) Stam [64] achieves simulation and rendering at interactive framerates for grid
sizes up to 303, but the rendering does not track a free surface. c) Foster and Fedkiw [21] focus
on extracting a high quality surface that is smooth in areas of low activity but also preserves
detail in splashy areas. Rendering is performed separately using raytracing, while simulation
takes several minutes per frame. d) Muller et al [41] simulates renders an opaque free surface
at 20fps with 3000 particles. e) Macklin and Muller [39] present a fully realistic looking fluid
simulation with 128k particles on a GTX680 GPU.

tional external forces. Stam’s system performs simulation and rendering grid sizes up to
30, and achieves framerates high enough for realtime user interaction. User interaction
is why the stable solver is crucial. This system also used specialised hardware: an SGI
Octane Workstation with 192mb of memory.

While Foster and Metaxas make use of particles to track the surface, these can suffer from
visual artefacts as particles “pop” in and out of the surface. Foster and Fedkiw [21] ad-
dress this issue using a hybrid particle and level-set method that ensures smooth surfaces
in flat areas but maintains splashy detail.

Smoothed Particle Hydrodynamics is a popular Lagrangian technique originally devel-
oped by Gingold and Monaghan [24] for simulating galaxy formations and was introduced
to the graphics community by Desbrun and Cani [20] to simulate deformable solids.
Muller et al [41] present an interactive fluid consisting of 3000 particles running at 20fps
on a 1.8 GHz Pentium IV with a Geforce 4 graphics card. Becker and Teschner [13]
suggest an alternative density calculation method that reduces the compressibility of
the fluid but imposes sever timestep restrictions and requires careful parameter tuning.
Solenthaler and Pajarola [62] present an iterative, predictive-corrective scheme to elim-
inate compression artefacts between frames, thereby allowing larger timesteps. Thmsen
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takes a different approach in [30] by discretizing Pressure Poisson Equations that exceeds
the performance of PCISPH and allows very large scale simulations of up to 40 million
particles.

2.3 GPU Accelerated Fluids

Harada et al [28] present the first full GPU implementation of SPH, though they cite
previous works which performed neighbour search on the CPU. They achieve simula-
tions of 60,000 particles running at 17fps and rendered using OpenGL point sprites, see
figure 2.3a. They report that this is a 17x speedup compared to the equivalent CPU
implementation, but the speedup increases along with the scale of the simulation for
a maximum of 28x speedup with 262,144 particle. They also note that the maximum
number of particles they can fit in their GPU’s memory (768mb) is 4 million particles.
This demonstrated the benefit of performing SPH simulation on the GPU but was cum-
bersome to implement, using shaders and encoding simulation data, such as pressure
and velocity, into RGBA channels of textures. Goswami et al [25] present an SPH im-
plementation using CUDA. They make use of Z-indexing to accelerate neighbour search
and achieve comparable results of 15fps with 75,200 particles but this includes rendering
of the free surface using raycasting. Zhang et al [76] present a multi-gpu system that
provides roughly 3x speedup over a single GPU using 4 GPUs.

A particularly impressive result is shown by Muller and Macklin [39] which is a position
based Lagrangian method that offers unconditional stability and improved performance
over SPH by allowing arbitrarily large timesteps. They report simulations of 100k par-
ticles running in real time. Rather than calculating motion from forces, this method
updates particle positions directly thereby avoiding instabilities and allowing more di-
rect particle control. Since force and momentum are omitted some physical accuracy is
sacrificed but the resulting motion is suitable for animation purposes.

(a) Harada [28] (b) Goswami [25]

Figure 2.3: Results from various GPU based fluid simulations.
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2.4 Solid-Fluid Interaction

A fluid that cannot interact with other objects in its environment is severely limited in
its usefulness for animation. Solid-fluid interaction is a broad area of research and there
are various aspects to consider. There are various approaches that can be taken, each of
which is able to model different effects with different levels of physical accuracy. Before
reviewing existing work in this area we will cover some background material. Note that
our discussion will be limited to implementations using the Lagrangian framework, and
we refer the reader to Batty et al [12] for an explanation of Eulerian implementations.

There are two types of forces which can act between a solid and a fluid: hydrodynamic
and viscous. Hydrodynamic forces exert pressure on the surface of an object and due to
Newton’s third law are exerted by an object back upon the fluid. These forces are the
ones which give a floating object buoyancy or cause a sinking object to displace water
surrounding it. Similarly these forces can push or move objects around. Viscous forces
are caused by friction between the surface and the fluid, also known as drag. These forces
can either slow a moving object or pull it along in a current (think of a boat hull designed
to minimise drag).

A solid object is generally defined by a surface which the fluid must not penetrate, this
surface can be represented in a number of ways (which will be covered shortly) and the
object can either be static, moved kinematically, or moved by simulation. Static objects
are obviously the simplest case since all that is required is a definition of the surface
around which fluid must flow. Kinematic objects are those that move either under direct
user control or along an animated path, in which case the surface position simply needs
to be updated each frame. The most difficult case is objects which move along with the
fluid, this is referred to as two-way coupling since the object exerts force to displace the
fluid and the fluid exerts force to displace the object. The general approach is to move the
fluid one simulation step, accumulate the forces applied to the object, move the object
one simulation step and then repeat the cycle. We will confine ourselves to considering
only non-deformable, non-breakable rigid bodies although discussion of elastic materials
like cloth or rubber has been demonstrated by Akinci et al [10], and rupturing blood
vessels are simulated by Muller [47]. We also refer the reader to Baraff and Witkin [73]
for a more thorough explanation of simulating rigid body dynamics.

We will be using the Bullet Physics engine [2] to provide the motion and collision han-
dling of the rigid bodies in our simulation. The major outstanding challenge is thus the
representation of the surface shape of these objects. The simplest use case would simply
be constraining a fluid to a container like a box, this can be done by simply reflecting
particles back as they cross the planes defining the shape. While this is effective it has
two problems: it introduces non-physical forces into the simulation which can result in
undesirable “boiling” artefacts, and it is difficult to represent complex geometry this way.
Kelager [34] uses and interesting approach of building tetrahedral meshes to represent
shapes. Particles penetrating the mesh can be detected using barycentric coordinate tests
against the tetrahedra, and the penetration can be resolved by applying forces to eject
them out the appropriate face. While this approach works fine for analytic shapes like
boxes or capsules, it is very difficult to construct an appropriate tetrahedral mesh for
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arbitrary shapes. An easier option is required. Since our fluid is made up of particles,
the simplest approach is to construct the solids out of particles too, which are commonly
referred to as boundary particles. There are a number of ways this can be done, but they
all require a point cloud representation of solid particle positions. This can either be
done by loading point positions directly, or by loading a triangle mesh representation and
dynamically sampling the triangles on the fly. The benefit of dynamically generating the
particles is that less storage is required for parts of solids that are not interacting with
fluid. Also, a fundamental assumption of Lagrangian fluid simulations is that particles
will be fully surrounded with other particles in order to calculate their forces. This is not
true for particles on the free surface of the fluid, which means surface tension will not be
accurately represented. One approach to rectifying this is to surround the surface of the
fluid with “ghost air” particles thus providing for accurate density summations. Schecter
and Bridson [61] use ghost air particles to simulate surface tension, showing a fluid that
demonstrate adhesive and cohesive forces as it flows along the surface of a solid object
whereas the particles would otherwise have dispersed in a spray.

Given a point cloud of boundary particles, the final issue is to calculate the actual forces
applied from the fluid onto the solid and vice versa. Fluid particles exert pressure and
viscous forces and are free to move relative to each other, but boundary particles must
remain fixed relative to the object they are attached to. Thus forces applied to a solid
surface depend on the orientation of that surface at a particular point. These forces can be
broken down into normal and tangential components and a popular option for calculating
them is the Monaghan Boundary Force (MBF) [43]. The normal component of the force
corresponds to hydrodynamic forces, whilst the tangential component corresponds to
viscosity. One drawback of the MBF is that it requires the normal to be stored for
every boundary particle, although Akinci et al [11] propose an alternative boundary force
calculation which avoids this requirement.

Thus, we now have the basic requirements for solid-fluid coupling in a Lagrangian model,
but there are two final issues which need to be considered: Contact handling between
multiple bodies, and guaranteeing non-penetration. Handling multiple bodies is difficult
using a particle-based model because situations like stacked objects would be unstable,
and collisions between objects would not be physically accurate. Oh et al [54] address
this issue with an impulse-based boundary force between their solid particles, but in our
implementation we will simply wrap all solid objects with Bullet collision shapes allowing
the Bullet engine to handle contact solving.

The second issue of guaranteed non-penetration is important to avoid unsightly artefacts
and leaking. As always there is a tradeoff between timestep size and fidelity. If solid par-
ticles are sufficiently close then penetration can be mostly avoided with small timesteps,
but the simulation will run very slowly. Also, when penetration does occur sitff penalty
forces are used to push particles back out, which results in excess energy being intro-
duced. A solution used by Becker et al [14] is to use predictor-corrector system between
timesteps to calculate the future position of particles and correct penetration artefacts
before they occur. Their system robustly handles fast-moving solid objects such as a
stone skipping off the surface of water.
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Summary

There are two basic models of fluid simulation, Eulerian is grid based and La-
grangian is particle based.

Eulerian methods are good for taking physically accurate measurements at points
in space and they parallelise very well on non-shared memory architectures like
clusters.

One drawback of Eulerian methods are that they require a linear equation solver to
preserve mass which is tricky to implement. Also high resolution grids are needed
to capture fine detail, which might waste memory if the fluid only occupies a small
proportion of the domain.

Lagrangian methods are easier to implement and more flexible, being able to triv-
ially preserve mass and easily interact with solid objects. The major bottleneck is
neighbour searching which is an important area of research using acceleration grids.

In practice the two methods are often combined.
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Chapter 3

GPU Computing

3.1 Introduction

Graphical Processing Units (GPUs) are add-in cards that accelerate the computation-
ally intensive task of rendering complex 3D graphics, which involves processing large of
amounts data in a massively parallel fashion. Early generations of hardware were hard-
coded for specific graphics related tasks, but over time graphical applications began to
push the boundaries of these fixed functions. As demand increased for more flexibility, the
GPUs gradually became fully programmable. This means that apart from allowing more
flexible rendering options, the computing power of GPUs can also be applied to other
types of high performance computing problems. This is referred to as General Purpose
GPU or GPGPU computing. Examples can be found in bioinformatics, computational
chemistry, financial modelling and various other fields. Initially such computing could
only be achieved by expressing problems in in terms of graphical APIs such as OpenGL
and DirectX (these will be discussed in more detail in Chapter 5) but, as the adoption of
GPGPU became more widespread, tools were developed to allow general problems to be
expressed more naturally.

A popular example of such a a toolkit is CUDA, developed by the NVIDIA Corpora-
tion [51], which provides a compiler for a C-like language called CUDA C and allows the
GPU to be used as a co-processor to which the CPU offloads computationally expensive
tasks. Since the GPU is a separate device, the basic idea is to copy data onto it, execute
a program which launches many threads to process the data, and then copy the results
back. These programs are called CUDA kernels. In this chapter we will discuss the over-
all evolution of GPU hardware as well as describing how CUDA programs are launched
and executed, which is referred to as the CUDA Programming Model. Where relevant
we will highlight points that are applicable to our current application of fluid simulation,
and finally we will mention some points to consider for achieving optimal performance.
The full details of our simulation implementation can be found in Chapter 6.
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3.2 GPU Hardware Description

Because of the nature of the task it needs to solve, a GPU is designed very differently
to a CPU. In broad terms, a CPU generally executes many different concurrent tasks
and has to switch rapidly between multiple different processes. On the other hand a
GPU processes large batches of homogeneous graphics data usually applying the same
operation to each piece of data. Because of these differences in tasks, there are a number
of fundamental design trade-offs which we will illustrate by comparing the specifications
of a top-of-the-range example of each, namely the NVIDIA Geforce GTX 960 [52] and
the Intel Core i7 [33]. Although there are specialised professional products available in
both areas, we will focus exclusively on consumer-grade hardware. A typical desktop
CPU will have a handful of cores (usually 4 to 8) but a GPU will have many times more,
in our case 1024. There are however significant differences between the processing cores
of a CPU and a GPU.

Modern CPUs use sophisticated optimization tricks such as pipelining, branch prediction,
speculative execution and out-of-order execution to increase the performance of linear,
single threaded applications. Implementing these techniques requires a lot of extra com-
plex circuitry, which takes up room on a chip and limits the number of cores that can fit.
The reason many more cores can fit onto a GPU is that they are much simpler and do not
implement these types of optimizations. Another very important difference is the amount
of space dedicated to cache memory. A large cache means that instructions which are
executed or data which is operated upon frequently can be stored on the chip, this avoids
them being repetitively fetched from memory which would waste many cycles waiting for
values to arrive, from 200 to 800 cycles depending on generation [50]. We will examine
later how caching is a significant factor in GPU performance. Finally, the clock speed of
GPU chips tends to be much lower, around 1Ghz versus 3Ghz for a CPU. Nevertheless,
the GPU can achieve significantly higher floating point operations per second (FLOPS)
thanks to its larger number of cores and higher memory bandwidth.

While not essential to developing CUDA applications, an understanding of how these
cores operate helps in achieving maximum performance. We will briefly describe the
evolution of the NVIDIA range of hardware, full details of which can be found in the
CUDA Handbook by Wilt [72]. Each core is called a Streaming Processor (SP) and
they are arranged in groups called Streaming Multiprocessors (SMs). The layout of the
SMs has changed over time as NVIDIA has refined the architecture, and at the time of
writing there are three major generations namely Tesla (1.x), Fermi (2.x) and Kepler
(3.x). These are depicted in figure 3.2. Notice that the third generation (Kepler) is
vastly different to the other two and is therefore labelled SMX to highlight this. The
elements that make up each generation are basically the same and what differs is the
number of them, each SM will generally be made up of a set of SPs, a warp scheduler and
a register file. The registers are similar to registers on a CPU but there are many more
of them available. The term warp originates from fabric weaving and denotes a group
of threads, it is the smallest unit of execution in the CUDA environment. At the time
of writing all CUDA warps are of size 32, meaning that regardless of how many threads
have been launched by the kernel only 32 are actually executing at any point in time
per SM. The implications of this will be discussed in more detail in section 3.3 but the
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Figure 3.1: A schematic comparison of the layout of a CPU chip to a GPU. The CPU has only
a few cores but a lot of space dedicated to the control unit and a single large cache. The GPU
on the other hand has several smaller and simpler control units, each shared by many cores.
The GPU also has much smaller caches associated with each control unit. Diagram from Cuda
Programming Guide [50]

important thing to understand is that all the SPs within an SM share the same scheduler,
which means that they all execute the same instructions at once. This is referred to as a
SIMT architecture for Single Instruction Multiple Thread and is analogous to SIMD on
the CPU. Sharing rather than duplicating the scheduling circuitry allows more cores to
be included, but it does have certain performance implications, especially when dealing
with branching code as we shall see in section 3.4.

(a) SM 1.z (Tesla) (b) SM 2.x (Fermsi) (c) SMX 3.z (Kepler)

Figure 8.2: The layout of Streaming Multiprocessors in different generations of NVIDIA GPU
hardware. Diagram from Cuda Handbook [72]

Apart from the scheduler and registers, each SM also contains shared blocks of cache
memory as well as a Special Function Unit (SFU) to accelerate expensive maths functions
like trigonometry and square roots. The full details and specifications of the SMs can
be found in the CUDA Programming Guide [50]. We will now see how the CUDA
programming model maps onto this underlying architecture.
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3.3 CUDA Programming Model

In CUDA the GPU is referred to as the device, while the CPU is referred to as the host.
Code destined to be executed on the device is written in CUDA C, an extension of the
C programming language that allows the programmer to define special functions, called
kernels, to be executed on the GPU. Executing a kernel launches a group of threads on
the GPU, each running a separate instance of the code. Each thread also defines a built-
in integer identifier, known as a thread ID, which can be used for indexing into arrays of
data. This way the same operations can be applied simultaneously to all elements. As an
example we may have an array of one thousand elements and we wish to multiply each
element by 2. In a serial program we would loop over each element in turn, but using
CUDA we launch a thousand threads with IDs from 0 to 999, each of which corresponds
to the index of a single element within the array. The syntactic details of how to launch
kernels are covered in the CUDA Programming Guide [50].

While we can conceptually think of all threads executing at once, in reality the device
groups the threads into blocks and executes a certain number of these at once. How many
depends on the hardware on which the code is being executed: a more powerful device
like a workstation GPU will execute many blocks at once, whereas a smaller device like a
laptop of cellphone will only execute a few. A single kernel launch will contain a number of
blocks, which is specified by the programmer. All of these blocks together make up a grid
and within the grid each block has its own block ID. Using this strategy a large dataset
could be subdivided and each element referred to using a unique combination of block ID
and thread ID. To solidify this concept let us consider an SPH simulation containing 5000
particles. For each particle we would need to store values such as position and velocity,
this can be done by simply storing a one dimenional array of 3 element vectors. To
process all the particles a program could launch a grid of 5 blocks each containing 1000
threads. Otherwise it could launch 50 blocks each with 100 threads, or any combination
in between. The question of what size to make the blocks is determined by the concept
of occupancy. Before discussing this let us quickly note that the maximum number of
thread per block is 65535 and the maximum number of blocks per grid is 1024. Blocks
and grids can also be multi-dimensional to fit variously shaped data, figure 3.3 shows a
two dimensional grid of two dimensional blocks.
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Figure 3.8: Diagram from the CUDA Programming Guide [72] showing a two dimensional
CUDA grid made up of 2 rows of 8 columns of blocks. Each block contains 8 rows of 4 columns
of threads.
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3.3.1 Occupancy and Latency Hiding

At any point in time, a particular SM will be actively executing a single warp of 32
threads, but as a program proceeds it may reach a point where it needs to fetch values
from memory. This can take many hundreds of clock cycles, during which execution may
stall if there is nothing else to do, thus causing latency. In order to make maximum
use of the hardware there must always be some threads which are ready to execute while
others are waiting. This is called latency hiding and is achieved by always having multiple
blocks ready to execute. From the programmers perspective the blocks must be considered
completely independent from each other and able to execute in any order, which allows
them to be swapped out with each other. This mechanism serves the same purpose
as instruction reordering or speculative execution on a CPU, ensuring that useful work
continues while values arrive from memory. In order for the scheme to be most effective,
there need to be as many blocks as possible to switch between. This is referred to as
occupancy and is one of the main keys to achieving maximum performance. Occupancy
is defined as the ratio of the number resident warps to the maximum number of resident
warps (the maximum values are given in the programming guide). Occupancy is limited
by two factors: register usage and shared memory usage.

Part of achieving good latency hiding is ensuring that context switching between threads
happens as quickly as possible. In a CPU task switching generally requires saving the
execution context of one thread of execution to RAM and then loading another, both
operations involving reading and writing all the registers which is time consuming. Due
to the large cache and optimization tricks mentioned above, a CPU can expect to follow
a thread of execution for many cycles before stalling. This amortizes the cost of task
switching. A GPU on the other hand has thousands of times more threads and thus
cannot afford to load and store all of their execution states repetitively. Thus the GPU
simply keeps the execution state of all threads within a block resident throughout its
execution. This makes context switching essentially cost-free.

While there are a large number of registers available within each SM, they remain finite
and each thread in a block takes up a certain amount of them depending on how many
variables it has. This in turn increases the size of the blocks themselves and the more
registers a block uses the fewer blocks can be resident in each SM, meaning latency hiding
will be less effective. In terms of an SPH simulation this means that careful consideration
needs to be given to what attributes of each particle are stored, for example the movement
of a particle can be calculated using the position and density of surrounding particles,
this requires a floating point vector and a floating point scalar to be stored per particle as
registers in each thread of a kernel. If the temperature were to be taken into consideration
then an extra floating point register would be required which would decrease the number
of blocks that could be resident at once. The exact number of resident blocks according
to how many registers they contain can be worked out using the CUDA Occupancy
Calculator, which is a spreadsheet that can be downloaded from the CUDA website [51].

In principle having many smaller blocks should increase occupancy and therefore per-
formance, although this is not necessarily always the case and careful benchmarking is
required to optimize real-world scenarios [70]. If a grid is launched whose dimensions
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require more registers than are available then a phenomenon known as register-spilling
occurs. This means excess variables that do not fit in the register files are offloaded to
RAM, which is much slower. This can have disastrous performance implications, but it
does mean that at least the kernel can continue executing. This makes the register file a
soft-limit to occupancy, whereas a hard limit is imposed by the shared memory. This is
a portion of cache that is allocated per block and will be covered below.

3.3.2 Memory Hierarchy

Within the CUDA programming environment there are several different types of memory
available each with different sizes and performance characteristics. As noted above the
registers reside on the chip within the SM and are the fastest memory but most limited
in size. For example the Kepler architecture has 64K registers and supports a maximum
of 2048 threads, which means that at full occupancy each thread can use 31 registers
(64000/2048=31.25). Each register is 32 bits which corresponds to a single precision
floating point value. If a kernel defines more variables than this then either register
spilling will occur, or the number of threads per block needs to be reduced.

Due to their limited size, registers are not appropriate for storing large amounts of data,
for this purpose there is global memory which resides off chip in RAM modules on the
graphics card. Global memory is much larger, up to 2G in most devices and is used to
store large datasets on which the CUDA kernels will operate. It is allocated and managed
similar to heap memory in C using the functions cudaMalloc() and cudaFree(). Access
to global memory incurs two types of overhead: firstly the inherent latency of fetching
values from physically separate RAM, but secondly potential overfetch due to memory
alignment requirements. Global memory is fetched in transactions of either 32, 64 or
128 bytes. This means that fetching values smaller that the alignment size can introduce
transfer overhead as extra bytes surrounding the desired value will also be fetched, and
also fetching values from non-contiguous addresses will involve transfer overhead for bytes
fetched from every separate location. This transfer overhead is minimized by ensuring
that all desired values are as contiguous as possible, in which case the memory accesses
will be said to coalesce. We will come back to the topic of coalescence in section 3.4).
Our SPH simulation, described in chapter 6 makes use of global memory to store fluid
particle data. A final point worth noting is that the memory on the GPU is fixed in size,
i.e. there is no paging like on the host to give the illusion of unlimited memory space.
This is a relevant consideration in very large scale simulations (millions of particles), but
for our specific purposes the number of particles is significantly limited by the goal of
maintaining realtime performance.

In order to alleviate the latency introduced by global memory fetches, there are several
layers of cache memory available. Firstly there is the constant cache, shared by the
whole SM, which stores values marked by the compiler as unchanging. Next there is
an L1 cache which resides on each SM. This cache usually operates transparently to the
programmer although part of it can also be allocated for manual control, referred to as
shared memory. Shared memory is visible to all threads within a block and it is possible
to use it to cooperatively share data amongst threads to increase performance. The idea
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is that if multiple threads are going to operate on the same memory value then, rather
than fetching it repetitively for each thread. We will describe an application of this in
more detail in chapter 6. In the latest architecture, Kepler, the size of the L1 cache and
shared memory can be configured as either 16kb shared/48kb L1 or 16kb L1/48kb shared
or 32kb each. Finally there is an L2 cache of 1.5mb in Kepler which is shared among all
SMs.

Apart from the various levels of caching there is also texture memory. One of the most
frequent operations performed by graphics cards is shading, which means applying 2D
textures on to surfaces. This usually involves sampling colour values from regions that
are close together, for example if a group of threads is shading the top left corner of a
square then they will all be accessing the corresponding part of the texture being applied.
In most programming languages the method for storing a 2D texture would be in row-
major array of colour values. Unfortunately this means that addresses which are close
together in coordinate space might be far apart in address space. Since graphics cards deal
primarily with texturing 2D surfaces they contain dedicated hardware for accelerating the
process. The most important thing to note about texture memory is that it is stored in
a way that optimizes spatial locality.

In chapter 7 we make use of the texture memory for both of our rendering implementa-
tions, our splatting solution uses multiple passes which store intermediate results in 2D
texures, while our raymarching implementation makes use of 3D texture memory to store
the fluid density field being rendered. An important point to note is that our simulation
makes use of both the CUDA and OpenGL APIs each of which control their own memory
and data structures on the GPU. This means that interoperation needs to be carefully
managed, this is described in section 7.1.2.

3.4 Performance Considerations

Although the CUDA programming environment make correct code simpler to implement
on the GPU, some care still needs to be taken in order to achieve maximum perfor-
mance. The CUDA C Best Practices Guide lists a number of concepts which need to
be considered, and we will outline some of the more important ones, namely coalescing
and divergence. Recall that access to global memory occurs in fixed size transactions.
If the thread within a warp all access contiguous addresses in memory then this results
in fewer load transactions being required since several values can be loaded at once in a
single transaction. On the other hand if each warp were to fetch values from different
regions of memory then overhead is incurred by fetching surrounding unused values. As
an example consider a kernel which fetches a 4 byte float value for each kernel, if each
thread’s value is separate then 28 bytes of unused data is fetched for each value reducing
memory throughput by 8 which will have a significant performance impact. With this
in mind it is also beneficial to consider the layout of data in memory, if data is made
up of elements containing several attributes a natural way to store them might be using
structs. If however a kernel operates on only one value at a time then fetching the entire
struct might involve transferring unused values. Therefore rather than storing data in an
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array of structures, it is usually better to store it in a structure of arrays. This way only
the attributes relevant to the currently executing kernel are fetched from memory.

A second important consideration is minimizing divergence. Since all SPs within SM
execute the same instructions, handling of branching code can be costly. If some of the
threads within a warp follow one branch and the rest follow another then the instructions
for them will need to be executed serially thereby reducing performance. The way to
prevent this is to ensure that the data on which each block operates is layed out in such
a way that contiguous pieces of data will follow the same branch.
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Chapter 4

Smoothed Particle Hydrodynamics
Theory

4.1 Description of Navier Stokes Equations

The Navier Stokes equations describe the motio