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Chapter 1: Introduction

(a) Single acoustic pulse,
rendered volumetrically. (b) Horizontal section view. (c) Vertical section view

Figure 1.1: We demonstrate the application of our 3D sound propagation frame-
work for a single acoustic pulse propagated through an indoor cathedral scene.
The colored spherical shells in (a) indicate the 3D peaks and troughs of the sound
waves. We observe that the sound waves propagate through the domain and fill
the volume. In a horizontal cross section (b), we observe a diffraction effect around
the columns and interference patterns from waves reflected off the columns. In a
vertical cross section (c¢), we note that reflections from the floor and wall bound-
aries are especially apparent.

Realistic sound propagation plays an important role in complementing the vi-
sual components of entertainment and scientific products. The problem of sound
propagation involves calculating sounds heard by an observer after the sound waves
emitted from one or more sources undergo reflection, refraction, and diffraction
within a virtual scene. Accurately modeling these phenomena can greatly enhance

the realism and believability of a virtual environment.



Sound is a pressure wave resulting from compressions and expansions of vi-
brating particles in a medium. Computational fluid dynamics (CFD) provides
physically accurate methods for simulating particle motion in fluid mediums such
as air or water. Solving the Navier-Stokes equations is a standard approach to
capture interactions between pressure and velocity in different mediums, allowing
for direct simulation of wave propagation. However, standard numerical solution
methods, such as finite difference, finite volume, and finite element, are often chal-
lenging to implement efficiently.

The Lattice Boltzmann method (LBM) takes a statistical approach to CFD
where the fluid medium is represented using probability distributions. Broadly, the
LBM solves the lattice Boltzmann equation (LBE), which describes the evolution
of the velocity distribution function for populations of microscopic particles on
a lattice grid in such a way that macroscopic fluid dynamics can be recovered.
Originally developed as an extension of lattice gas automata [45], the LBE can be
interpreted as a finite difference method for simulating the Boltzmann transport
equation, which represents the probabilistic advection and collision processes of
these particles. Despite their difference in origin, the Navier-Stokes equations can
be derived from the LBE through a Chapman-Enskog expansion procedure [17].
Compared to direct Navier-Stokes solution methods, the LBM leads to a simpler
implementation due to the linearity of its formulation, easier parallelization due to
its local nature, and better representation of microscopic interactions, allowing for
modeling of multi-physics dynamical systems. These advantages make the LBM

particularly attractive for acoustic simulation.



Lattice Boltzmann methods have been applied with good results to various
acoustics applications including wave propagation in both thermoacoustic and
aeroacoustic settings, sound absorption in porous media, wind-based musical in-
struments, and outdoor acoustics [11]. A majority of this work, however, is focused
on solving physics and engineering problems on small 2D domains with relatively
simple geometry. Several works focus on sound wave propagation in 3D cavities
with and without obstacles [6, 5].

For computer graphics applications, most existing work follows either wave-
based or ray-based approaches. Wave-based approaches use numerical methods to
solve the wave equation, capturing a wide range of acoustic effects, but they are
computationally costly and relatively inflexible for dynamic scenes. More efficient
ray-based approaches, adapted from geometric optics to model sound propagation,
have produced several interactive-time algorithms [3, 63, 13]. However, these ray-
based methods suffer inaccuracies at low frequencies and are unable to capture
some high-order wave effects. Furthermore, ray-based approaches require explicitly
defined observer locations as input and do not compute a global sound pressure or
fluid density field.

We have developed a framework for simulating realistic acoustic propagation
in 3D specifically designed for GPU parallel implementation. We are motivated by
the richer set of acoustic properties that physically accurate methods provide and
by the need for an efficient solver that can handle the small time steps inherent in
acoustic modeling. We leverage nonlocal vector calculus within our LBM frame-

work to create a fast and accurate explicit meshless method. To our knowledge,



our approach is the first to retain the parallelizability of traditional grid based
LBM approaches while providing the superior boundary treatment of a meshless
implementation, and the first to use a compressible fluid solver for acoustic propa-
gation in 3D computer graphics applications. Because the LBM is a compressible
fluid solver, we automatically recover the full range of acoustic affects that can
be captured by the 3D wave equation, matching the capability of wave-based ap-
proaches. Additionally, our GPU parallel implementation provides an efficient tool
for computing global pressure fields, enabling a wider range of options for modeling
sound sources and observers than geometric ray-based approaches.

Our framework enables acoustic capabilities not yet seen in computer graph-
ics including the ability to model thousands of sound sources, each of which can
have unique shape and motion, with little added computational cost. From our
final simulated fluid density field, we can extract audio at any number of static
or dynamic observer locations. Furthermore, our method can generate spatial au-
dio without requiring the use of Head-Related Transfer Functions (HRTFSs) [16],
providing a more straightforward approach for producing immersive soundscapes.

In this paper, we provide details for the results listed above, validating conver-
gence to analytic solutions in several experiments, and analyzing the scalability of
our implementation. We demonstrate the practicality of our framework for graph-
ics applications by simulating a pair of complex real-world scenarios. Furthermore,
we begin by reviewing relevant background on lattice Boltzmann methods and
conclude by discussing the limitations of our framework while highlighting future

research directions.



Chapter 2: Literature Review

In this section, we review prior applications of LBM to acoustics problems and
review the work most relevant to ours on meshless and nonlocal calculus formula-
tions. We also review existing sound propagation methods that are based on wave

and ray models.

Lattice Boltzmann Methods. In recent decades, 3D lattice Boltzmann methods
(LBMs) have been widely used within computational fluid dynamics [15, 44, 18,
23] and related fields including porous media [60], additive manufacturing [35],
supersonic flows [37], heat transfer [41], and multiphase flows [73]. The lattice
Boltzmann method also has a localized nature, lending itself to parallel GPU
implementation [51, 25].

The LBM has also been used to study the wave propagation in various appli-
cations [11]. Most relevant to our approach are the recent works from Benhamou
et al. on LBM sound wave propagation in three dimensional cavities. In [6], they
obtained good results compared to analytical solutions for point and circular sound
sources in cube-shaped cavities. In [5], they generated planar waves by vibrating
one of the cavity walls, demonstrating diffraction effects as the waves interact with
obstacles inside the cavity. For a wall obstacle with a small opening, they observed
a transition from planar wave fronts to spherical wave fronts after passing through

the opening. Also relevant is the work of Salomons et al. [62] who simulated 2D



outdoor sound propagation for cases including a free field propagation, propagation
over solid and porous ground, propagation over a noise barrier, and propagation
in wind. They find that sound wave dissipation in the LBM is generally much
greater than real dissipation in air, considering the reduction of kinematic velocity
and reduction of lattice spacing as possible fixes to this issue. Compared to these
previous examples, we apply our LBM sound propagation framework in much more
complex 3D inspired by real-world scenes, including a case with multiple moving

sound sources and observers.

Meshless Methods. Meshless numerical methods eliminate the need for meshed
discretizations and are known to be advantageous for working with curved and com-
plex boundaries. Taking a step towards a meshless LBM, He et al. [32] proposed
uncoupling the computational mesh from momentum discretization by adding an
interpolation step between the pair of collision and advection steps, allowing for
the use of arbitrary nonuniform mesh grids. However, performing interpolation
at each time step becomes especially inefficient for 3D problems. Other methods
introduce discretizing the momentum space and physical space separately, using
numerical schemes such as finite difference [14], finite volume [72], finite element
[39], and discontinuous Galerkin [67] to discretize the physical space. This allows
the use of nonuniform body-fitted meshes, but adds computational requirements
not only for the additional numerical method used, but also for the creation of a
high-quality body-fitted mesh. Musavi et al. [49] presented a true meshless lattice

Boltzmann method using the meshless local Petrov-Galerkin (MLPG) formulation



based on augmented radial basis functions. This approach was recently successfully
extended to aeroacoustics by Gorakifard et al. [24]. On the other hand, MLPG
typically involves solving for weights x in a linear system Axz = b. Solving this

system is known to be difficult to parallelize.

Nonlocal Calculus. Nonlocal models involve integral operators that act on the
values of a function over nonlocal neighborhoods, such as a Euclidean ball of radius
0 > 0, often referred to as the horizon or interaction radius. Gunzburger and
Lehoucq formalized nonlocal calculus for scalar functions [29], followed by Du et
al. [21], who extended it to vector functions, allowing for the analysis of nonlocal
diffusion equations through similar frameworks as the local differential versions.

Nonlocal calculus is based on incorporating a radius of influence for each point
in the domain, with contributions from points within this radius accumulated
through integration. Emerging research connects nonlocal theory to the field of
statistical mechanics [74], which includes the LBM. Both nonlocal calculus and
statistical mechanics make use of kernel functions to solve multiscale problems.
These are advantageous for acoustic simulations where domains can have complex
boundary geometries and obstacles of varying scale.

In recent years, nonlocal calculus has gained renewed interest due to the ubig-
uity of computational methods. Nonlocal methods have been shown capable of
modeling phenomena that are challenging for local differential methods, such as
multi-scale systems [4, 2, 20], subsurface transport [64, 33, 8], and stochastic pro-

cesses [48, 22, 12]. Nonlocal methods have also been applied to acoustics problems



in Physics [65, 71] and have long been used in fracture mechanics [54], which is
relevant to entertainment graphics applications, such as special effects like explo-
sions.

To our knowledge, ours is the first use of a nonlocal advection formulation

within the lattice Boltzmann method for acoustic simulation.

Sound Propagation. Most existing sound propagation methods fall under
two main categories: wave based methods and geometric ray-based methods. For
a complete review of sound propagation methods, we refer the reader to Liu et al.
[42].

Wave-based propagation methods divide the computational space using either
a volume-based approach, as in the finite element method [69] and finite difference
time domain method [61, 9, 19, 52, 30, 10, 70|, or using surface-based approach,
as in the boundary element method [53, 28] and equivalent source method [46].
Volume-based divisions are best suited to indoor scenes where the total surface
area to volume ratio is high while surface-based approaches are best suited for large
outdoor scenes where the scene geometry is sparsely distributed [42]. Raghuvanshi
et al. [b5] applied adaptive rectangular decomposition to achieve a fast finite-
difference time domain (FDTD) method which was further accelerated in a GPU
implementation by Mehra et al. [47]. However, interactive wave-based propagation
has only been achieved by restricting the simulation to a 2D slice as in [58] or by
leveraging precomputed sounds as in [57, 56].

Geometric propagation methods calculate the paths of sound propagation through



energy attenuation by assuming that sound travels in straight lines. In recent
decades, several interactive time geometric methods have been proposed. Atani et
al. [3] achieved this through a combination of ray tracing and acoustic radiance
transfer using precomputed transfer operators. Schissler et al. [63] developed an
interactive technique for large dynamic environments based on a backward ray
tracing algorithm. Cao et al. [13] proposed a bidirectional path tracing method,
which converges faster than forward only or backward only methods, and can han-
dle scenes with complex sound occlusions. To address limitations in recreating
low frequency acoustic effects like diffraction and occlusion, Rungta et al. [59]

presented a combined ray tracing method using precomputed diffraction kernels.
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Chapter 3: Lattice Botlzmann Methods Primer

In this section, we review core concepts of the lattice Boltzmann method and
additional considerations that are relevant to the problem of sound propagation.
For a complete review of the standard LBM formulation, we refer the reader to

136).

3.1 Lattice Boltzmann Method

The Boltzmann transport equation offers a statistical mechanics approach to fluid
dynamics, modeling the evolution of probability distributions that represent mi-

croscopic fluid particle states. The transport equation is articulated as:

UEDD | (g v.0) = O((E v.1). (31)

Here, f represents a particle distribution function describing the probability of
finding a microscopic fluid particle with position & and velocity v at time ¢. The
term © models the statistical collision process of fluid particles, guiding the distri-
bution towards an equilibrium.

From a macroscopic perspective, fluid properties like density and momentum

emerge naturally from the moments of this distribution. The zeroth- and first-order
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moments can be expressed as:

p:/f(ﬁ,v,t) dv, and pu:/'vf(é,v,t) dv. (3.2)

In the above, p and w signify the macroscopic fluid density and velocity, respec-
tively. The second-order moment computes the shear-strain tensor or momentum
flux. Higher order moments have no physical meaning, but are important in certain
collision models.

It is essential to distinguish macroscopic velocities w from microscopic velocities
v, where the former is an emergent property of the solution while the latter acts
as an independent variable in the transport equation and does not represent a
solution to it. This requires the equation to be discretized not only in space
and time, but also velocity. To discretize velocity, first consider the quantities of
interest, the macroscopic fluid properties, and the velocity term’s role in computing
them. From Equation 3.2, integrating over velocity gives the macroscopic values.
It is therefore reasonable to discretize velocity-space using a quadrature method

[31] such that the integrals in Equation 3.2 can be rewritten as

p= Zwafa(£7t>7 and pu = Zwacafa(£7t)7 (33)

where « is an index for a finite set of velocity values chosen as the quadrature points
for solving the integrals. Indexing into the velocity values gives the quadrature
point ¢, and its associated weight w,. Moreover, the selection of quadrature points

and their weights result from expanding f(&,v,t) in v using a Hermite polynomial
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basis [27, 66]. For these basis polynomials, which are orthonormal, the expansion
coefficients actually correspond to lattice velocity moments up to the given degrees
[26]. Thus, the choice of quadrature points defines a lattice structure.

Using lattice discretization, Equation 3.1 is rewritten as

Wal&l) 1 e Vhultot) = OUule. 1), (3.4)

which eliminates the velocity term, instead using n,, linear advection equations that
can be solved separately. With the PDEs expressed as functions of only space and
time, established methods for numerical solutions can be used to compute emergent
properties of the transport equation, i.e., the lattice Boltzmann methods.
Equation 3.1 encapsulates the transport of fictive microscopic particles and
their interactions. We derive our nonlocal formulation of the lattice Boltzmann
transport equation in Section 4.1. These particles collide and exchange energy
while conserving mass and momentum according to the collision operator © which
guides the system toward a hydrodynamic equilibrium. The probability distribu-
tion f is updated according to the velocities after collision. The classic Bhatnagar-
Gross-Krook collision model (BGK) describes a single particle reaching this equi-
librium after relaxation time 7,
Oporlfo) = 121, (35

T

where 7 is computed from the fluid viscosity v as 7 = 3v + %At. The equilibrium
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value f in the above equation for dimension D is given by

Fv, p,u) = (27517 5 exp (_M) , (3.6)

Expanding the equilibrium value in v using Hermite polynomials and limiting to

second order terms gives

. Co -t (cu-u)? u-u
Falpwy =g (14 Sy E B, (3.7

3.2 LBM for Sound Propagation

Compared to the classic BGK model, the central-moment multiple relaxation time
model (CM-MRT) is advantageous for low viscosity fluids (with high Reynolds
numbers) and has been shown to better handle acoustic dissipation [62]. The

CM-MRT collision operator is given by
© = K 'RK(f — f)At, (3.8)

where R is a diagonal matrix containing the relaxation times for each moment.
Here the equilibrium moments k = Kf, where K is the transformation matrix,
primarily nullify to zero, aiding in determining the inverse analytically. Addition-
ally, these moments are independent of velocity, which ensures Galilean invariance,
bolstering stability in simulations with reduced viscosities [40)].

Acoustic simulations also benefit from attenuating the amplitude of reflections
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at domain boundaries. Not only does this allow for modeling different materials
and reduce echo, but a near-fully absorbent boundary can be used to simulate
open-air boundaries. We implement a perfect matching layer (PML) near domain
boundaries to model absorption. Unlike a sponge layer, the absorbing layer is
designed to match the governing equations, theoretically resulting in no reflected

waves [50]. The PML is applied as an added term to Equation 3.4,

0fa
8_]; + [ vfa = ®colli5ion + ®PML- (39)

In 3D, the PML is defined as

Opyr =— [30f," 4+ 30°Q1 + 0°Qs + 20V - (€aQ1)]

+ [0°V - (€aQ2)], (3.10)

where . is the acoustic perturbation of the distribution such that f, = fo+f. ",
and o is a tuning parameter for altering the amount of acoustic damping. The

terms ()1 and (), are defined implicitly by

OQ1 _ zneq

_ Q)2
W = fa s and

O

We can integrate these partial derivatives using Euler-Maclaurin quadrature [68]
giving

oAt

—negq —neq 1. At )
Ql 2(fa k+fa kl)’ and QS:?(QIIC—F ]161)’
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With the explicit forms of @); and @2, Equation 3.9 is discretized in space using
our nonlocal method presented in section 4.1.

Sound sources can be represented in the LBM spatial domain as perturbations
in the fluid density field at specified solution nodes [7]. For a frequency w measured

in rad/s, the condition is defined as:

p" = po + pasin(wt®), (3.11)

where pg is the base density of the medium, and p, denotes the amplitude of the

perturbation. For the discrete case the equation becomes:

p" = po + pac®, (3.12)

where €* represents the kth sample from the sound source’s discrete audio data.
Such density perturbations can be defined over arbitrary regions, allowing for both

point and area sound sources to be modeled.
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Figure 3.1: Our sound propagation framework contains three main phases: Scene
configuration (a,b), LBM time step integration (c,d,e), and audio extraction (f).
Macroscopic calculations (dark background) use a meshless space discretization
(b) while microscopic calculations (light background) are performed on the D3Q27
lattice grid (a). At the start of each time step loop, macroscopic density and
velocity values are calculated, followed by the collision, bounce-back boundary,
and streaming steps. In (a) and (f), the observer inside the spatial domain is
drawn as a green dot, the sound sources as yellow dots, and the macroscopic
solution nodes as small black dots. The collision step (c) illustrates how the velocity
probability distributions are affected by the perfect matching layer (PML) applied
at boundary nodes and the central moment multiple relaxation time collision model
(CM-MRT). In (e), the streaming step quadrature points for a given node are drawn
as blue diamonds and interpolation nodes selected by k-nearest neighbors search
are highlighted by blue boxes.
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Chapter 4: Reformulation of LBE using Nonlocal Advection

Equation

Our sound propagation framework is based on a meshless discretization of the
Boltzmann transport equation using a method of nonlocal calculus and Gauss
quadrature (NC-GQM). We adopt the same velocity discretization as standard
LBM, rewriting the subsequent lattice PDEs in their nonlocal form. The integrals
of the nonlocal form are then approximated using Gauss quadrature, which allows
the continuous position variable to be replaced with discrete values. The spatial
discretization assumes no connectivity between points, instead opting for the local
radial point interpolation method (LRPIM) to approximate field values at quadra-
ture points. The remaining differential in time is integrated using a Runge-Kutta

time stepping scheme.

4.1 Nonlocal Linear Advection Model

Consider the nonlocal divergence operator which maps a two-point vector function

to a scalar function:

V() - / ((@) + p(y)) - ez, y)dy, (4.1)
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where 1) is a vector-valued function, a(x,y) is a two-point vector valued anti-
symmetric kernel function and € is a region containing @ [21]. Here, we use
x to distinguish the spatial domain nodes in a nonlocal vector calculus context
from the spatial nodes & in Section ?7. Furthermore, we overload the use of o to
remain consistent with notational conventions from both LBM and nonlocal vector
calculus. The anti-symmetric kernel function is formulated by taking the gradient
of a radially symmetric kernel function [38]. In our implementation, we choose the
W4 B-Spline. Substituting the nonlocal divergence operator into Equation 3.4 and
replacing ¥ (x) with ¢, f.(x,t) gives the lattice transport equation in its nonlocal

form

Ofa(x,t)

5 = —/Qca(fa(:c,t)+fa<y,t)).a(w,y)dy+@(fa(;c,t)). (4.2)

In the above, we keep the partial with respect to time, as it will be integrated
using a standard explicit time stepping scheme.

Discretizing the reformulated transport equation requires first approximating
the integrals using some quadrature method; in this case, the Gauss-Legendre
method. The region of integration €2 is spherical with an interaction radius of

Tinter, SO & change of variables is applied:

rsin(¢) cos(6)
Y =2+ | rsin(¢)sin(f) (4.3)
7 cos(¢)
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where 0 < 7 < Tinter, 5 < ¢ < 5 and 0 < 6 < 27. Then Equation 4.2 can be
approximated
Ofa(w,t) Siels
a _797(1)22277% Co fa €z t) +f04(ylmn))}
' 7"2 SiIl (¢> a(a:, yl,m,n) + @<fa(w7 t))’ (44)

where y, ., , is a quadrature point and n,, ng and ng are the number of points for
each spherical dimension. Further, +,; is the quadrature weight for the [-th radial
Gauss-Legendre quadrature point and vy and 7, are the angular quadrature weights
given by vy = 27/ng and v4 = 7/ng4. For clarity the [, m, and n are consolidated
into a single quadrature index ¢ defined accordingly: n, = n,ngny, (q) = ¢
(mod n,.), m(q) = |g/n.| (mod ny), n(q) = |q/(n,ng)|. The condensed version

of Equation 4.4 is written as

Ofa(x,t)

BN < =YY Zq:%",q [ca(fa(mvt) + fa(yq))]

q

-r?sin ((b)a(w,yl,m,n) + @(fa(wﬂt))7 (45)

4.2 Local Radial-Point Interpolation

With the required terms for spatial discretization represented in summation form,
let the discretization chosen be a set of points with no connectivity. To calculate
the macroscopic quantities (from Equation 3.2), we use local radial-point inter-

polation (LRPIM) to approximate the solution at the quadrature points f,(,,?)
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from nearby solution nodes. Consider an arbitrary function x(-), which can be
locally approximated at a point ¢; using a radial basis function r, evaluated at n,

nearby points such that
ngy 4
X(C:) &~ Y Bo(rs(C))as + Y Bp(Ci)by = B a+ PTh (4.6)
b=1 p=1

where By(14(¢;)) = 7u(dist(C;; Cneighbor)) and ap is an interpolating weight. We
use a multi-quadratic shape function given by ry(d) = (d? + C2)" where Cy and
71 are shape parameters. We augment the radial basis functions with a monomial
term where P = ( 1 ¢ ¢ Cil} ) where 1,j,k are the directions in 3D.
Suppose that Equation 4.6 intersects the domain at the supporting solution nodes

S={¢},...,¢"}. For each ¢! € S, we add the constraint
ny A
> By =0 ¥p. (4.7)
b=1

Then with x* := (x(¢}), ..., x(¢™)T, we get the following linear system for the

K3 3

augmented weights:

B, P a *
oo =G = | ¥ (4.8)
Pl o b 0
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where By and P, are given respectively as

Bi(r1(¢)) -+ By (rn, (C))) 1 (¢ (€2 (Ch)s

Bi(ri(¢i*)) - -+ Buy(rn, (€i)) 1(¢)1 (657)2 (€33

Then Equation4.6 can be rewritten as

x(¢) = GGy (4.9)

where G = (BT P")".
Let x* be defined in terms of the discretized nonlocal lattice transport equation,
Xig = (fa(C(lz), -y Ja(€y?)) where f, is the probability distribution at each node

on the velocity lattice (Equation 3.4). Using LRPIM to solve for fo((,),

a «@ 79 a — ;q
% R =YY ; Yrg | fol®it) + GT Gy XO
[Ca ) CX(CL‘i, Cq)} -7 sin (¢) + @<f0<(wi’ t)) (410)

Although not explicitly shown, GTGa ! is unique to each quadrature term.
Typically, the neighboring points surrounding ¢, are chosen using a radius of
influence. However, this does not lend itself well to GPU implementation as the

number of neighbors can vary from point to point. To improve this, we utilize a
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k-nearest neighbors search (kNN) in order to constrain the memory footprint to
a user-defined constant value. For even more consistency, we use the same set of
nearest neighbors as the interpolation nodes for all the quadrature points associated
with ¢;. While kNN methods are known to introduce large dispersive errors, we find
them to be insignificant within our framework. This is because we are using kNN
to approximate a local radius for LRPIM, a highly-accurate interpolation method,
rather than simply convolving a kernel across nearest points to approximate the
continuous solution. It is also known that naive search methods for kNN can lead
to undesired sampling biases, giving greater weight along certain directions [43]. To
overcome this bias, our CUDA-based, partitioned kNN implementation accelerates
the search process by introducing a pseudo-random list of distinct search vectors
for a cube grid around the search point. The search terminates once all grid cells
at a certain distance along the selected directions have been searched and the k-
nearest neighbors have been found. We employ the prime modulo hashing function
proposed by [34] to generate the randomized list, incorporating a selective array
of prime numbers to accommodate varying list sizes within the kNN search.

Equation 4.10 can be simplified to the following:

8fo¢(mi7 t)

S~ M, £ 6(fu(@i1)). (4.11)

where M is a sparse matrix and f, is the vector of distribution values for all nodes
for the lattice index a.

Finally, to derive temporal integration for the spatial points in our LBM formu-
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lation, we adopt the standard 4th-order Runge-Kutta time stepping scheme whose
implementation is straightforward.

The discrete solution in Equation 4.11 enables the GPU implementation of our
meshless framework because the streaming step is reduced to a series of sparse
matrix-vector multiplications. Our use of a kNN search within the LRPIM limits
the sparsity of the matrices to k non-zero values per row, meaning our nonlocal
streaming step is linear in the number of solution nodes. The collision step is also
known to be linear because of its local nature, implying that our complete sound
propagation loop is linear. This is comparable to the performance of traditional
grid-based LBM formulations. Future work is needed to determine if our imple-
mentation achieves this, however, we confirm this linear complexity in the weak

scaling plot of Figure 7.1.
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Chapter 5: Simulation Results

In this section, we demonstrate the application of our framework to six sound prop-
agation scenarios: an indoor cathedral scene, an outdoor city scene, a Doppler shift
experiment, a double slit experiment, an experiment with many sound sources,
and a stereoscopic audio experiment. We visualize the results in Paraview [1] to
show the interaction between propagated sound waves and the domain boundaries.
These scenarios are designed to capture complex acoustic phenomena using a va-
riety of sound source configurations in plausible real-world environments. In the
supplementary material we include a video of the cathedral and city scenes as well
as the stereoscopic audio experiment. The city scene includes a moving car which

produces a noticeable Doppler effect in our video.

Cathedral Scene. In this scene, we aim to simulate a large indoor environment
where the walls, ceilings, and floors all reflect wave energy. Our input sound is a
single acoustic pulse. In Figure 1.1, we show three visualizations of the resulting
density field inside the 3D domain defined by a cathedral model mesh. This do-
main validates two desired acoustic properties for propagation: reverberation and
diffraction. The walls of the cathedral have only the minimum required damp-
ing for a stable solution, which we determined experimentally. This allows us to
explore the capacity of our framework for modeling reverberation in an extreme

scenario of nearly full acoustic reflection at the domain boundaries. The columns
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provide additional obstacles and should lead to a diffraction of any incoming waves.

Figure 1.1a shows the pulse propagating in the domain volume. Figure 1.1b
shows a horizontal cross-section of the domain. We observe wave fronts, depicted
by red-orange bands in the visualizations, appearing behind the columns, indicat-
ing diffraction. While visible, these effects could be exaggerated by tuning the
wavelength of the initial pulse. Our double slit experiment (see below) displays
clearer interference pattens, further demonstrating our framework’s capabilities in
modeling diffraction. Figure 1.1c shows a vertical cross-section of the domain. We
can clearly see wave fronts reflected from the floor of the domain. We also see
interference patterns along the left-side wall of the cathedral where the initial and

reflected wave fronts interact.

City Scene. In this scenario, we model an outdoor city scene consisting of a
sidewalk and alleyway that intersect in an L shape (Figure 5.1). The sidewalk
borders a street with moving cars. A single tree between the sidewalk and street
acts as an obstacle in the 3D domain. The scene contains a total of 11 sound
sources: a car idling in the alley, three pigeons standing along the sidewalk cooing,
a water feature containing five distinct point sources along the side of the alley, an
air conditioning unit in the back corner of the alley, and a moving car passing by on
the street. Figure 5.1a shows the sound waves propagating in the domain before
any major interactions occur, identifying locations of the sound sources. This
scene also includes three stationary observers and one moving observer walking

along the sidewalk and into the alley. For visualization purposes, the start of the
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input audio for each sound source was aligned such their amplitudes were the same
in the first simulation time step. As the simulation progresses further, we observe
more interactions between waves from different sources in Figure 5.1b.

This simulation demonstrates that our framework is capable of modeling many
different sound sources effectively, where their generated waves interact to form
complex interference patterns. Furthermore, the sound sources used include a
wide range of input frequencies, differences in amplitudes, and some inputs that are
more or less white noise. These are all challenging factors in acoustic simulation,

suggesting the robustness of our framework for handling highly varied scenes.

Doppler Effect. Our goal in this scenario is to replicate the Doppler shift effect.
We use a 3D rectangular domain, simulating open air boundaries on all sides.
The scene contains a single sound source moving left to right along a fixed axis
from the center of the domain. Figure 5.2 shows the resulting waves propagated
using our framework, where the simulation nodes and a slice along the x-z plane
intersecting the origin are both shown. The nodes are visualized using a low opacity
so that the wave fronts, which are better demonstrated along the slice, are more
clearly visible. We see that the wave front bands are more spread out behind the
sound source and more compressed in front along the direction of travel. This
visual confirmation indicates that our framework can successfully simulate the
compression and expansion of wave fronts for moving sound sources. Additionally,
we evaluate the errors between our simulated frequencies and the expected ones

from the Doppler effect in Section ?77.
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(a) Early propagation time step.

(b) Later propagation time step.

Figure 5.1: Sound propagation at two different time steps in our city scene. Figure
(a) indicates the locations of the sound sources. Figure (b) shows interactions with
the boundaries as the sound waves begin to propagate and interference patterns
between waves from different sound sources.

Double Slit Experiment. Figure 5.3 presents a simulated version of the dou-
ble slit experiment. The double slit experiment demonstrates how a plane wave
incident to a pair of openings in a wall will produce interference patterns due to
diffraction on the other side of the wall. Such a pattern is clearly visible in our sim-
ulated results. This shows that our framework is capable of modeling diffraction
in a way that is not only believably, but accurate. A periodic interference pattern

as shown is only possible if the diffraction is behaving in a physically realistic way.
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Figure 5.2: Sound propagation in our replication of the Doppler effect. A single
sound source travels from the center of the domain toward the right side. As
expected, the wave fronts are compressed in the direction of motion and expanded
in the opposite direction.

Many Sound Sources. In this experiment, we demonstrate the capability of our
framework for modeling into the thousands of independent sound sources. Figure
5.4 visualizes the propagation of 4096 point sound sources on an 8 x 8 X8 grid within
a cube domain with a side length 2m. The blue circle patterns shown in the cross-
section slices of the domain indicate the source locations. The red patches around
each blue circle indicate interference patterns between sound waves emitted from
different sound sources. Due to the high amplitude of accumulated sound from
the many sources in this experiment, we do not include the audio results in our

supplementary video.

Stereoscopic Sound. To capture stereo spatial sound, we use a 3D model of
a simplified human head as an immersed boundary within the simulation. By
measuring density variations at each ear and recording the data to dual-channel
audio files, we capture spatial audio produced by the various interactions of the

waves with the head as well as the offset that occurs by having two listening points.
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Figure 5.3: Sound propagation results for our double slit experiment with a plane
wave (upper left). Diffraction and interference patterns can be seen on the exit

side of the two slits (lower right).

Density (dB)

Figure 5.4: Demonstration of our method’s ability to scale linearly with the num-
ber of sound sources simulated. Our experiment used sinusoidal sound sources

equidistantly placed in a cubic domain with side length 2m.
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Figure 5.5: Visualization of sound waves from a point source (left side, yellow dot)
interacting with a simplified 3D head model. Our framework allows stereoscopic
sound to be captured by measuring density variations around each ear (left side,
green dots) and recording the data as a two-channel audio file.

Figure 5.5 demonstrates this interaction with an incident wave. The limitation,
currently, is that our method does not support moving boundaries, so observers
that capture stereo sound must be stationary. Future research is needed to assess
the perceived quality of the simulated spatial audio via a user study, which can be

compared to existing approaches using head-related transfer functions (HRTFs).
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Chapter 6: Accuracy and Convergence

To test for the accuracy and convergence of our framework, we conducted two
experiments and performed error analysis. These experiments indicate that our

simulated solutions are within acceptable error ranges of the known solutions.

Experiment 1. Following a standard verification method, we simulate a sinu-
soidal spherical source at the center of a 3D domain for which the analytical solu-

tion to density field deviations have the known value

0p(0,1), 0 <|lz|| <rs
op(e,t) = { La70p(0, ¢ — L2ty g <[] < et — g (6.1)
0, otherwise

where dp(0,t) = p, sin (wt), r is the radius of the sound source and ¢, is the speed
of sound. Then density field is simply p(x,t) = p0 + dp(x, ).

Since we aim to model acoustics in air, we choose a speed of sound ¢, = 343m/s.
Figure 6.1 demonstrates the simulated solution for a 1000Hz sine wave at a given
time and visually compares the simulated waveforms against expected waveforms
along the x-axis of the 3D domain. We plot the error of the simulated results
for various frequencies in Fig. 6.2. The x-axis is normalized to the macroscopic

node resolution given by c¢s/(f - r4), which is inversely proportional to the radius
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Figure 6.1: Experiment 1 simulation results from of sound propagation from a
sinusoidal source verified against the theoretical solution. Expected (blue) density
deviations are compared against simulated (red) density deviations along the X-
axis of a 3D domain.
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Figure 6.2: Experiment 1 error between our simulated sound waveforms and the
analytic solution vs. macroscopic node resolution c¢s/(f - r4) where ¢ is the speed
of sound and f is the simulated frequency. The simulated waveform was generated
via a sine wave at the origin. The magnitude on the vertical axis is 10e-6.

of interaction r4 for our non-local streaming step. This facilitates an intuitive
interpretation of what nodal spacing is required to resolve a given frequency.

In Figure 6.2, we observe rapid decreases in error as the node resolution in-
creases. Furthermore, the error for each frequency converges past a certain res-
olution threshold. For the three frequencies chosen, 250Hz, 500Hz, and 1000Hz,
we find that node resolutions of 40, 20, and 10 respectively guarantee solution

convergence.

Experiment 2. Our framework can also accurately capture the Doppler shift
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Scene Csound Jrarget Sim. Node rq At (ps) | Sim.

(m/s) (Hz) Length | Count  (mm) Time
(s) (hrs)

City 550 1150 10 1,856,580 80 72 15

Stereo- | 343 2000 6 1,642,280 18 25 19

scopic

Sound

Cathed- | 550 1200 6 3,964,536 76 69 24

ral

Table 6.1: This table provides timing data for three example problems simulated
using a Linux desktop workstation with a AMD Ryzen 5800x CPU, 32GB RAM,
and an Nvidia RTX 4090 GPU. These timings are indicative of the computational
requirements for simulating a real-world sound propagation problem using our
framework. For each demonstration, three user inputs are provided: the speed of
sound in the fluid medium, Cyouna, the maximum frequency to be resolved, fiarget,
and the length of simulated audio in seconds. These parameters define the nodal
spacing r4 and the total number of solution nodes. The time step At is set to
.B5rq/Csound tO ensure stability.

effect. We compute the error between the frequency of simulated waveforms and of
the expected frequency predicted by the Doppler shift formula f, = fs(c+v,)/(c+
vs) where fs is the source frequency, c is the speed of sound, v, is the signed speed
of the observer and v, is the signed speed of the sound source. We perform this
experiment for two cases: a stationary observer with the source moving toward
them, and the sound source moving away from them. In both cases the motion is
axis aligned. To compute the error, we record the waveforms during the time it
takes for 12 peaks to pass the observer. We then perform a fast Fourier transform
(FFT) on these simulated waveforms and compare with the FFT of the expected

waveforms. Figure 6.3 visualizes both the computed errors and normalized discrete
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Figure 6.3: Experiment 2 error analysis and FFT plot for our simulated Doppler
effect. We included two different sound source speeds in our testing, 5m/s and
34m/s. (Top) Simulation error vs. node resolution ¢/ (fy shifted - 7a) Where fi shifted
is the frequency shift at two observer positions, +50cm and —50cm. (Bottom)
Comparison of FFTs for the simulated and expected waveforms at the same two

observer positions.
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Chapter 7: Performance

In this section, we present an evaluation of our method’s performance, focusing on

execution time and scalability for practical scenarios.

7.1 General Timings

Here we include three example simulations computed using a Linux desktop work-
station with a AMD Ryzen 5800x CPU, 32GB RAM, and an Nvidia RTX 4090
GPU. Two of our examples, the indoor cathedral scene and the outdoor city scene,
were designed to be similar to practical real-world scenes like those found in anima-
tion products. The results are detailed in Table 6.1. Both examples were simulated
for pre-defined lengths, the cathedral scene for six seconds and the city scene for
ten seconds, with the time step fixed around 70 microseconds. We note that these
problem sizes are large, containing 3,964,536 and 1,856,580 solution nodes respec-
tively. As such the computation times of 24 hours for the cathedral scene and 15
hours for the city scene are within our expectation. At the spatial and temporal
resolutions reported in Table 6.1, our resulting audio outputs are of reasonable
quality. We apply minimal postprocessing, including only a final low-pass audio
filter.

Achieving high-quality audio output within a reasonable time frame necessi-
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tates scaling our framework across multiple GPUs. Our scalability experiments

indicate the feasibility of such an expansion.

7.2  GPU Scalability
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Figure 7.1: Scalability measurements for our framework: (Top) Strong scaling
comparing time to simulate against the number of threads. (Bottom) Weak scaling

comparing time to simulate against problem size per thread.

To assess the scalability of our proposed framework, we conducted a series of
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experiments measuring the simulation time for different problem sizes using a range
of computational resources. Since our implementation only supports a single GPU
so far, we emulate increasing computational resources by limiting the number of
threads launched via CUDA. Since the thread count is less than the problem size,
multiple nodes are assigned to a single thread implicitly via a grid stride loop. We
discuss both strong and weak scaling performance of our framework. The device

used to run the scaling simulations is an Nvidia RTX 4090.

Strong Scaling. This metric is evaluated by fixing the total problem size and
varying the number of threads. Strong scaling suggests how well a problem can
be computed in less time given more resources. Figure 7.1 (top) illustrates the
strong performance of our framework in this metric by plotting simulation times
vs thread count for various problem sizes. However, as the thread count approaches
~ 16k threads there are noticeable diminishing returns. Beyond this thread count
there are no noticeable gains because a hardware limit of the maximum number of
resident threads is reached. The diminishing returns seen before this hard limit are
expected, as other non-compute tasks such as memory I/0 start to have a greater
influence over the runtime of each thread. While we employ some known strategies
for improving memory task latency, such as pre-fetching and using shared memory

blocks, some amount of latency is unavoidable.

Weak Scaling. Contrasting strong scaling, this metric is measured by increasing
the problem size proportionally to the number of threads, aiming to maintain a

constant workload per thread. Weak scaling suggests how well a problem of a given
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size and runtime can be executed in the same amount of time at increased scale
using additional computational resources to match. Specific to our framework, this
metric is important because the simulated domain is limited in size by the available
resources of a single GPU. To simulate very large physical domains at an acceptable
acoustic fidelity, it is important that our framework scales well according to this
metric. Instead of re-running our experiments with problem sizes that are whole
number multiples of one another, we evaluate this metric by re-using the data from
our strong scaling experiments since the problem sizes span a large range. Figure
7.1 (bottom) plots this data using a separate curve for each thread limit in our
experiments. Since all of the curves nearly overlap, we observe that the ratio of
compute resources to problem size is approximately 1:1. This indicates that our

framework has near-optimal weak scaling.
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Chapter 8: Conclusion

We demonstrate effective use of the lattice Boltzmann method (LBM) to simulate
acoustic effects in indoor and outdoor 3D scenes. We enable a GPU parallel im-
plementation of our meshless LBM framework that effectively captures complex
domain boundaries by formulating the streaming step using nonlocal vector calcu-
lus. As shown by our convergence and scalability analysis, this leads to accurate
simulations computed in an acceptable amount of time. Our framework accu-
rately reproduces diffraction patterns and wave compressions from benchmark ex-
periments and can incorporate stereoscopic audio using a 3D head model without
requiring Head-Related Transfer Functions (HRTFs).

Our framework also has several limitations. The range of resolvable frequen-
cies depends on the spacing of solution nodes. Because of this, simulating sound
propagation at higher frequencies can be prohibitively expensive in terms of both
space and efficiency, especially in large 3D domains. Even at lower frequencies, our
method cannot compete in terms of computation time with the interactive-time
performance of some ray-based approaches.

Applying fluid-dynamics to acoustics has seen little representation in the graph-
ics community, and it holds potential for simulating more complex phenomena that
are not feasable in existing state-of-the-art techniques. Our future work will focus

on enhancing simulation accuracy and scalability, developing an improved parallel
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implementation distributed across multiple GPUs. The distribution of solution
nodes also requires further research, especially around complex boundary geome-
tries. To augment our framework for more dynamic scenes, we also plan to explore
moving domain boundaries and varying boundary conditions. We plan to integrate
our framework with existing work on acoustics in graphics and animation such as
sound generation [70] and sound synthesis [75].

Finally, we plan to develop a complete and systematic evaluation of sound
propagation methods, including ray-based, wave-based and physics-based methods,
to elucidate the advantages from each approach. Such a study requires both human
perception and metric based evaluation techniques. We also plan to compare the
effects of numerical methods found in these approaches such as explicit vs. implicit
time integration and meshed vs. meshless discretization. We expect that the
complexity of graphics applications, including multi-physics and exotic acoustic
phenomena, will lead to innovative pairings of modeling approaches and numerical

methods.
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