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Simulation time per frame Rendering time per frame

Example Figure Grid Size Cell Width Particle Count Mean Max CPU Mean CPU

Burst near wall 1 35�35�45 0.38 m 1,200,000 4.5 sec 5.7 sec 3.06 MHz P4 .8 min 2.53 GHz P4

Single burst 3 36�36�60 0.50 m 1,000,000 6.9 sec 11.4 sec 3.06 GHz P4 .7 min 2.53 GHz P4

Coal mine 4 & 5 35�45�35 0.50 m 1,500,000 5.6 sec 8.2 sec 3.06 GHz P4 — —

Nozzle horizontal 6 75�25�45 0.13 m 1,800,000 7.8 sec 11.6 sec 3.06 GHz P4 .6 min 2.53 GHz P4

Nozzle down 6 40�15�35 0.13 m 1,250,000 7.4 sec 10.7 sec 3.06 GHz P4 .8 min 2.53 GHz P4

Multiple bursts 7 36�36�60 0.50 m 4,048,470 6.7 sec 11.6 sec 3.06 GHz P4 1.8 min 2.53 GHz P4

Table 1: Simulation statistics. Particle counts indicate the maximum number of particles active at any given time. Simulation
and rendering frames both correspond to 1/30th of a second intervals. (For example, the simulation of a burst near a wall only
required approximately 2.3 minutes to compute one full second of motion.) Measured times do not include file operations.
Omitted timings were unavailable at the time of publication.

Figure 6: Two flamethrower examples. In the top image,
the nozzle is aimed horizontally. In the lower image the
nozzle has been directed toward the ground.

The images of the flames arising from the explosion are
generated by rendering the fuel and soot particles directly.
Each particle receives illumination from the environment
and, if su⇤ciently hot, glows with its own light. The light
emitted from the hot particles is based on blackbody radi-
ation [Meyer-Arendt, 1984], but we adjusted the mapping
to match images of real explosions. Light in the environ-
ment includes direct illumination from traditional sources,
light emitted by other particles, and light scattered by the
cloud of particles. Direct illumination shadows cast by the

cloud (including self shadowing) are computed using a deep
shadow map [Lokovic and Veach, 2000]. Direct illumination
of other objects by the particles and scattering by the par-
ticles is computed using the hierarchical method described
in [Jensen and Buhler, 2002].

One area for further work is improving the rendering
method. The images produced by the particle-based ren-
derer have an objectionable grainy appearance in place of
realistic fine-scale detail. Applying texturing techniques,
such as those described by [Lamorlette and Foster, 2002],
to the particles would likely improve the appearance of the
explosions significantly.

5 Results and Discussion

We have implemented the method described above and used
our implementation to generate the examples shown in this
paper. The accompanying video tape contains animations
corresponding to these examples. Information about the size
of each example along with the time required to simulate
the motion and to render the images appears in Table 1.
The parameters used to generate the examples are listed
in Table 2. The simulation was implemented in Matlab
and the renderer in C. Both run on Intel-based PCs.

The sequence of images in Figure 3 shows an explosion
occurring over an infinite plane. Initially, a concentrated
mass of fuel particles sits centered in the image a short dis-
tance above the ground. When a charge within the mass
detonates, it disperses and ignites the fuel particles. The
heat and soot released by the burning fuel generates a rising
fireball. Figure 1 shows a similar sequence where an im-
movable wall has been placed near the explosion. The wall
alters both the initial dispersion and subsequent motion of
the fireball.

To help gauge the realism of our simulated results, Fig-
ure 4 shows a comparison with a photograph of an actual
coal-dust explosion exiting the entrance of a mine [Cashdol-
lar, 1986]. The explosion was produced by dispersing bitu-
minous coal dust over the first 50 feet into the mine using
detonating cord, and then ignited the dispersed dust using
dynamite and black powder [Cashdollar, 2002]. We imitated
the situation with our simulation by arranging barriers to
form a tunnel that was filled with a nonuniform distribution
of fuel particles. The particles were then ignited by a charge,
creating the results shown. An additional top-down view of
the simulated explosion appears in Figure 5.

The pair of images in Figure 6 show an approximation of a
flamethrower. We modeled this by injecting a stream of hot
fuel particles into the fluid. While we feel the flamethowers
look reasonable, simple particles do a poor job modeling the
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where Vf and Vh are the normal velocities of the fuel and the hot
gaseous products, and p f and ph are their pressures. Here, D =
Vf � S is the speed of the implicit surface in the normal direction.
These equations indicate that both the velocity and the pressure are
discontinuous across the flame front. Thus, we will need to exercise
caution when taking derivatives of these quantities as is required
when solving the incompressible flow equations. (Note that the
tangential velocities are continuous across the flame front.)

3.3 Solid Fuels

When considering solid fuels, there are two expansions that need to
be accounted for. Besides the expansion across the flame front, a
similar expansion takes place when the solid is converted to a gas.
However, S is usually relatively small for this reaction (most solids
burn slowly in a visual sense), so we can use the boundary of the
solid fuel as the reaction front. Since we do not currently model the
pressure in solids, only equation 2 applies. We rewrite this equation
as

⇥ f (Vf �D) = ⇥s(Vs�D), (4)

where ⇥s and Vs are the density and the normal velocity of the solid
fuel. Substituting D=Vs�S and solving for Vf gives

Vf =Vs+
�
⇥s/⇥ f �1

⇥
S (5)

indicating that the gasified solid fuel moves at the velocity of the
solid fuel plus a correction that accounts for the expansion. We
model this phase change by injecting gas out of the solid fuel at
the appropriate velocity. This can be used to set arbitrary shaped
solid objects on fire as long as they can be voxelized with a suitable
surface normal assigned to each voxel indicating the direction of
gaseous injection.
In figure 8, we simulate a campfire using two cylindrically

shaped logs as solid fuel injecting gas out of the logs in a direc-
tion consistent with the local unit surface normal. Note the realistic
rolling of the fire up from the base of the log. The ability to inject
(or not inject) gaseous fuel out of individual voxels on the surface of
a complex solid object allows us to animate objects catching on fire,
burn different parts of an object at different rates or not at all (by us-
ing spatially varying injection velocities), and extinguish solid fuels
simply by turning off the injection velocity. While building an an-
imation system that allows the user to hand paint temporally and
spatially varying injection velocities on the surface of solid objects
is beyond the scope of this paper, it is a promising subject for future
work.

4 Implementation

We use a uniform discretization of space into N3 voxels with uni-
form spacing h. The implicit surface, temperature, density and pres-
sure are defined at the voxel centers and are denoted �i, j,k, Ti, j,k,
⇥i, j,k and pi, j,k where i, j,k= 1, · · · ,N. The velocities are defined at
the cell faces and we use half-way index notation: ui+1/2, j,k where
i = 0, · · · ,N and j,k = 1, · · · ,N; vi, j+1/2,k where j = 0, · · · ,N and
i,k = 1, · · · ,N; wi, j,k+1/2 where k = 0, · · · ,N and i, j = 1, · · · ,N.

4.1 Level Set Equation

We track our reaction zone (blue core) using the level set method
of [Osher and Sethian 1988] to track the moving implicit surface.
We define � to be positive in the region of space filled with fuel,
negative elsewhere and zero at the reaction zone.
The implicit surface moves with velocity w = u f + Sn where

u f is the velocity of the gaseous fuel and the Sn term governs the

Figure 8: Two burning logs are placed on the ground and used
to emit fuel. The crossways log on top is not lit so the flame is
forced to flow around it.

conversion of fuel into gaseous products. The local unit normal,
n = ∇�/|∇� | is defined at the center of each voxel using central
differencing to approximate the necessary derivatives, e.g. �x ⇤
(�i+1, j,k��i�1, j,k)/2h. Standard averaging of voxel face values is
used to define u f at the voxel centers, e.g. ui, j,k = (ui�1/2, j,k +
ui+1/2, j,k)/2. The motion of the implicit surface is defined through

�t =�w ·∇� (6)

and solved at each grid point using

�new = �old �Δt
�
w1�x+w2�y+w3�z

⇥
(7)

and an upwind differencing approach to estimate the spatial deriva-
tives. For example, if w1 > 0, �x ⇤ (�i, j,k��i�1, j,k)/h. Otherwise
if w1 < 0, �x ⇤ (�i+1, j,k� �i, j,k)/h. This simple approach is effi-
cient and produces visually appealing blue cores.
To keep the implicit surface well conditioned, we occasionally

adjust the values of � in order to keep � a signed distance function
with |∇� | = 1. First, interpolation is used to reset the values of �
at voxels adjacent to the � = 0 isocontour (which we don’t want to
move since it is the visual location of the blue core). Then we march
out from the zero isocontour adjusting the values of � at the other
grid points as we cross them. [Tsitsiklis 1995] showed that this
could be accomplished in an accurate, optimal and efficient manner
solving quadratic equations and sorting points with a binary heap
data structure. Later, [Sethian 1996] proposed the finite difference
formulation of this algorithm that we currently use.
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Directable, High-Resolution Simulation of Fire on the GPU
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Figure 1: Three different frames from rendered animations of simulated re. (Left) Fast moving reball with sparks. (Middle) Twisting
campre with rotation. (Right) A heavy, dense, smoky wall of re.

Abstract
The simulation of believable, photorealistic re is difcult because
re is highly detailed, fast-moving, and turbulent. Traditional grid-
based simulation models require large grids and long simulation
times to capture even the coarsest levels of detail. In this paper,
we propose a novel combination of coarse particle grid simulation
with very ne, view-oriented renement simulations performed on
a GPU. We also propose a simple, GPU-based volume rendering
scheme. The resulting images of re produced by the proposed
techniques are extremely detailed and can be integrated seamlessly
into lm-resolution images.

Our renement technique takes advantage of perceptive limitations
and likely viewing behavior to split the renement stage into sep-
arable, parallel tasks. Multiple independent GPUs are employed
to rapidly rene nal simulations for rendering, allowing for rapid
artist turnaround time and very high resolutions.

Directability is achieved by allowing virtually any user-dened par-
ticle behavior as an input to the initial coarse simulation. The phys-
ical criteria enforced by the coarse stage are minimal and could
be easily implemented using any of the wide variety of commer-
cially available uid simulation tools. The GPU techniques utilized
by our renement stage are simple and widely available on even
consumer-grade GPUs, lowering the overall implementation cost
of the proposed system.

CR Categories: I.3.5 [Computer Graphics]: Computational Ge-
ometry and Object ModelingPPhysically based modeling;

Keywords: re, simulation, particles, GPU

∗e-mail: {chorvath,wgeiger}@ilm.com

1 Introduction
The visual characteristics which dene re present particular chal-
lenges for simulation. The ickering nature of re derives from
its very rapid time-evolution. Large gradients of temperature pro-
duce turbulent, vortical behavior in comparatively calm systems
such as campres or torches. Simulated re must therefore have
a very ne resolution in both space and time, consequently large-
scale combustion simulations have been somewhat intractable for
artist-driven, visual effects production applications.

Computer-generated re for motion pictures has utilized a combi-
nation of techniques to date. A very popular technique is the use
of lmed, extracted re and smoke elements, rendered as camera-
facing sprites. Such techniques take advantage of the fact that both
re and smoke have somewhat amorphous, soft, and rapidly evolv-
ing boundaries. Subsequently, the compositing of many such lmed
elements can look believable. This technique has been used with
great success in many feature lms, most notably for the Balrog
creature in VThe Lord of the RingsX trilogy. Sprites need to be quite
large to be visually effective, and naturally, lmed elements do not
react to objects which were not present when they were lmed.
Thus, sprite-based simulation of re and smoke can suffer from a
lack of ne detail, an inability to create ne tendrils beyond what
may be captured in the elements themselves, and an overall soft-
ness. There also tends to be a lack of uid continuity between the
sprites themselves.

Recent work has utilized three-dimensional grids on which the
Navier-Stokes equations are solved for velocity, density and tem-
perature. These grids are usually augmented with advected or syn-
thesized texture detail and then volume-rendered. Beautiful exam-
ples of this technique in recent lms include Selma BlairZs re-
engulfed character in the lms, VHellboyX and VHellboy 2X, and the
slow-motion building explosion in VThe Matrix: ReloadedX. The
advantages of this technique are that the resulting re and smoke
are able to fully react with other three dimensional objects, and the
behavior of the simulation is more easily directable. Grid-based
models suffer from limitations of both spatial and temporal resolu-
tion. A very large grid systemmight be 512×512×512 grid points,
and yet only capture half the level of detail needed to represent a
lm-resolution image of 2048 pixels or larger. Such a grid would
be extremely resource consuming and time consuming to simulate
and render, with an artist turnaround time of days rather than hours.

Our proposed technique utilizes components from both of the tech-
niques described above. We begin with a traditional particle simula-
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Figure 1: A dragon emits a flame, computed with the third order DSD equations coupled to the Navier-Stokes equations.

Abstract

We model flames and fire using the Navier-Stokes equations com-
bined with the level set method and jump conditions to model the
reaction front. Previous works modeled the flame using a combi-
nation of propagation in the normal direction and a curvature term
which leads to a level set equation that is parabolic in nature and
thus overly dissipative and smooth. Asymptotic theory shows that
one can obtain more interesting velocities and fully hyperbolic (as
opposed to parabolic) equations for the level set evolution. In par-
ticular, researchers in the field of detonation shock dynamics (DSD)
have derived a set of equations which exhibit characteristic cellu-
lar patterns. We show how to make use of the DSD framework
in the context of computer graphics simulations of flames and fire
to obtain interesting features such as flame wrinkling and cellular
patterns.

CR Categories: I.3.5 [Computer Graphics]: Computational Ge-
ometry and Object Modeling—Physically based modeling

Keywords: fire, flame, combustion, cellular patterns
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1 Introduction

While various researchers have considered physics-based simula-
tion of smoke and water, significantly fewer have considered fire
and explosions. Likewise, special effects companies have not dis-
seminated much information on physically based methods for fire
and explosions (e.g. [Lamorlette and Foster 2002], [Geiger et al.
2005] and [bin Zafar et al. 2004] based on [Nguyen et al. 2002]).
Since the physically based simulation of fire and explosions is use-
ful for obvious financial and safety reasons, more research is re-
quired in this area.

Researchers in the combustion community have struggled with the
modeling of flames and fire especially because of the complex na-
ture of the chemical reactions governing these phenomena. One
approach, initiated some time ago (see e.g. [Markstein 1964]), was
to develop asymptotic theory to model chemical reactions as if they
occurred across an infinitely thin surface resulting in a partial dif-
ferential equation called the G-equation. Later, numerical meth-
ods were proposed by [Osher and Sethian 1988] (although there
was earlier work by [Dervieux and Thomasset 1979; Dervieux and
Thomasset 1981]) for the simulation of surfaces which move with
a combination of normal velocity and curvature terms, basically
identical to the G-equation. [Nguyen et al. 2001] coupled the nu-
merical methods of [Osher and Sethian 1988] for the level set equa-
tion to the Navier-Stokes equations in order to model two-phase
incompressible flames. This model was shown to be applicable to
computer graphics simulations of fire and flames in [Nguyen et al.
2002].

Significant research has occurred in the combustion community
since [Markstein 1964] especially since modeling these thin reac-
tion fronts both theoretically and numerically is expensive requir-
ing methods for multiscale phenomena, significant computational
resources, etc. In fact, detonation as a form of combustion is one
of the driving problems for the acquisition and utilization of large
supercomputers by facilities such as Los Alamos and Livermore na-

[Nguyen et al. 2002]

[Feldman et al. 2003]

[Hong et al. 2007]

[Horvath and Geiger 2009]
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Background 

• Combustion sound components [Chrighton et al. 1992; Poinsot and Veynante 
2005]	

• Aerodynamic noise (eg. [Dobashi et al. 2003])	

• Resulting from turbulent flow  

• “Direct combustion noise”	

• Produced by density fluctuations resulting from heat release	

• Dominant source of combustion sound [Ihme et al. 2009]



Background 

• Combustion sound wave equation 
 
 
 
 

• Convert to integral equation
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Background 

• Problem: Flame solvers from the graphics community do not realistically model 
heat release	

• Heat release modeled artistically, via simple functions, etc.	

• Goal: express heat release in terms of quantities we have access to

sound ⇡ d

dt
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q(y, t)d3y



Flame Recording 
1/10th speed



Flame Recording 
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Problem Statement 
• Time stepping 3D fluid simulation to resolve all frequency content impractical  
 
 
 
 
 
 
 
 
 

• Flame solvers used in the graphics community do not model complex combustion 
chemistry	

• Increasing temporal resolution would not be effective

100 Hz 1000 Hz 10000 Hz
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Low-frequency Sound Model 

• Problem: Flame solvers from the graphics community do not realistically model 
heat release	

• Heat release modeled artistically, via simple functions, etc.	

• Goal: express heat release in terms of quantities we have access to

sound ⇡ d

dt

Z

R3

q(y, t)d3y



Low-frequency Sound Model 
Modeling Heat Release

Unburnt fuel

• Premixed flame assumption:	

• Reactants mixed prior to combustion	

• Combustion occurs rapidly when ignition temperature is reached	

• Result: heat release confined to “flame front” separating burnt and unburnt 
gasses

Flame front



Unburnt fuel

Low-frequency Sound Model 
Modeling Heat Release

S(t)

sound ⇡ d

dt
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Low-frequency Sound Model 
Modeling Heat Release

• Approximate heat release with velocity flux [Strahle 1972; Clavin and Siggia 1991; 
Chrighton et al. 1992]

n
u

sound ⇡ d

dt

Z

S(t)
q dS ⇡ d
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Low-frequency Sound Model 
Flame Front Surface

• “Blue core” flame solvers [Nguyen et al. 2002; Hong et al. 2007]	

• Explicitly model flame front surface level set	

• Other solvers which explicitly model fuel (eg. Houdini’s Pyro FX solver)	

• Track rate at which fuel is consumed at each voxel and build an iso-surface

sound ⇡ d

dt

Z

S(t)
u · n dS



Low-frequency Sound Model 
Results

Simulation time steps

Compute I(t0), I(t1), I(t2), . . .

sound ⇡ d

dt

Z

S(t)
u · n dS =

d

dt

I(t)
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Sound Texture Synthesis 
Motivation

• Noise-based bandwidth extension introduces higher frequencies	

• Missing temporal structure present in real flame sounds	

• No “style control”	

• Idea: Using low-frequency results as a guide, introduce high-frequency detail based 
on recorded flame sounds

Related work on texture synthesis:  

• Images: [Heeger and Bergen 1995; Efros and Leung 1999; Wei and Levoy 2000; Efros and 
Freeman 2001] (and many others)	

• Sounds: [Dubnov et al. 2002; Strobl et al. 2006; McDermott et al 2009; Marelli et al. 2010]



Figure 3: The top row shows the Gaussian pyramid of the input texture, with successive lower resolution images toward the
right side. During the synthesis process, the output texture, shown in the bottom row, is sampled from the estimated texture
characteristic function, from lower to higher resolutions.

Input:

Ia The example texture image

Is The output texture image of desired size and shape, ini-
tialized to be a white random noise

K The number of basis functions used to approximate the
characteristic functions

N The neighborhood system

Analysis:

Step 1 Build a Gaussian pyramid Ga with L levels from
the input image Ia.

Step 2 Use TSVQ to train the texture characteristic func-
tions, Fi, for each level i ofGa, using the training data
gathered from the neighborhoodvectors,N(x, y, i), of
all pixels (x, y, i) at the ith level of Ga. This set of
functions Fi will be used during the synthesis phase.

Synthesis:

Step 1 Build a Gaussian pyramid Gs with L levels from
the output image Is.

Step 2 Loop through all pixels (x, y, i) inGs in raster scan
ordering, from the lowest resolution to the highest res-
olution. Collect the neighborhood vector, N(x, y, i),
of pixel (x, y, i). Then assign the value ofFi(N(x, y, i))
to Gs(x, y, i).

Step 3 The final synthesized texture will be level 1 of Gs.

4 Results and Discussion

Our algorithm is able to synthesize a broad range of tex-
tures. Examples using images from the Brodatz texture al-
bum ([2]) are shown in Figure 4. Structured textures (D101,
D103), textures with dominating orientations (D11, D15),
random textures with microscopic structures (D57, D84)
or large scale structures (D86, D71) are all successfully
synthesized. Our algorithm is also efficient: each texture
shown in Figure 4 can be generated in minutes. In compar-
ison, many existing techniques will take hours to generate
textures of similar sizes ([28], [18], [19]).

Based on the locality and stationarity assumptions, our
algorithm is less effective in modeling textures which vi-
olate these conditions. For example, the brick structure
in D95 (Figure 5) extends over a wide range of the im-
age area and violates the locality assumption, while D87
(Figure 5), which contains a tree branching structure, can
not be described with a stationary process; rather a larger
neighborhood or a model capable of representing inhomo-
geneous structures will be required. Also, a formal theoret-
ical treatment should be justified for several aspects of our
algorithm. For example, when starting from an arbitrary
white noise, it is not known if the output image will always
converge to look like the input texture. Though no failures
have been observed, we have no formal proof yet. Finally,
parameters such as K and N are currently decided manu-
ally, and algorithms that can automatically determine them
will be beneficial.

5 Previous Work

Numerous approaches have been proposed for the analysis
and synthesis of visual textures. Because an exhaustive sur-
vey is out of the scope of this paper, we only compare our
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[Wei and Levoy 2000]

Figure 3: The top row shows the Gaussian pyramid of the input texture, with successive lower resolution images toward the
right side. During the synthesis process, the output texture, shown in the bottom row, is sampled from the estimated texture
characteristic function, from lower to higher resolutions.

Input:

Ia The example texture image

Is The output texture image of desired size and shape, ini-
tialized to be a white random noise

K The number of basis functions used to approximate the
characteristic functions

N The neighborhood system

Analysis:

Step 1 Build a Gaussian pyramid Ga with L levels from
the input image Ia.

Step 2 Use TSVQ to train the texture characteristic func-
tions, Fi, for each level i ofGa, using the training data
gathered from the neighborhoodvectors,N(x, y, i), of
all pixels (x, y, i) at the ith level of Ga. This set of
functions Fi will be used during the synthesis phase.

Synthesis:

Step 1 Build a Gaussian pyramid Gs with L levels from
the output image Is.

Step 2 Loop through all pixels (x, y, i) inGs in raster scan
ordering, from the lowest resolution to the highest res-
olution. Collect the neighborhood vector, N(x, y, i),
of pixel (x, y, i). Then assign the value ofFi(N(x, y, i))
to Gs(x, y, i).

Step 3 The final synthesized texture will be level 1 of Gs.

4 Results and Discussion

Our algorithm is able to synthesize a broad range of tex-
tures. Examples using images from the Brodatz texture al-
bum ([2]) are shown in Figure 4. Structured textures (D101,
D103), textures with dominating orientations (D11, D15),
random textures with microscopic structures (D57, D84)
or large scale structures (D86, D71) are all successfully
synthesized. Our algorithm is also efficient: each texture
shown in Figure 4 can be generated in minutes. In compar-
ison, many existing techniques will take hours to generate
textures of similar sizes ([28], [18], [19]).

Based on the locality and stationarity assumptions, our
algorithm is less effective in modeling textures which vi-
olate these conditions. For example, the brick structure
in D95 (Figure 5) extends over a wide range of the im-
age area and violates the locality assumption, while D87
(Figure 5), which contains a tree branching structure, can
not be described with a stationary process; rather a larger
neighborhood or a model capable of representing inhomo-
geneous structures will be required. Also, a formal theoret-
ical treatment should be justified for several aspects of our
algorithm. For example, when starting from an arbitrary
white noise, it is not known if the output image will always
converge to look like the input texture. Though no failures
have been observed, we have no formal proof yet. Finally,
parameters such as K and N are currently decided manu-
ally, and algorithms that can automatically determine them
will be beneficial.

5 Previous Work

Numerous approaches have been proposed for the analysis
and synthesis of visual textures. Because an exhaustive sur-
vey is out of the scope of this paper, we only compare our

Figure 3: The top row shows the Gaussian pyramid of the input texture, with successive lower resolution images toward the
right side. During the synthesis process, the output texture, shown in the bottom row, is sampled from the estimated texture
characteristic function, from lower to higher resolutions.

Input:

Ia The example texture image

Is The output texture image of desired size and shape, ini-
tialized to be a white random noise

K The number of basis functions used to approximate the
characteristic functions

N The neighborhood system

Analysis:

Step 1 Build a Gaussian pyramid Ga with L levels from
the input image Ia.

Step 2 Use TSVQ to train the texture characteristic func-
tions, Fi, for each level i ofGa, using the training data
gathered from the neighborhoodvectors,N(x, y, i), of
all pixels (x, y, i) at the ith level of Ga. This set of
functions Fi will be used during the synthesis phase.

Synthesis:

Step 1 Build a Gaussian pyramid Gs with L levels from
the output image Is.

Step 2 Loop through all pixels (x, y, i) inGs in raster scan
ordering, from the lowest resolution to the highest res-
olution. Collect the neighborhood vector, N(x, y, i),
of pixel (x, y, i). Then assign the value ofFi(N(x, y, i))
to Gs(x, y, i).

Step 3 The final synthesized texture will be level 1 of Gs.

4 Results and Discussion

Our algorithm is able to synthesize a broad range of tex-
tures. Examples using images from the Brodatz texture al-
bum ([2]) are shown in Figure 4. Structured textures (D101,
D103), textures with dominating orientations (D11, D15),
random textures with microscopic structures (D57, D84)
or large scale structures (D86, D71) are all successfully
synthesized. Our algorithm is also efficient: each texture
shown in Figure 4 can be generated in minutes. In compar-
ison, many existing techniques will take hours to generate
textures of similar sizes ([28], [18], [19]).

Based on the locality and stationarity assumptions, our
algorithm is less effective in modeling textures which vi-
olate these conditions. For example, the brick structure
in D95 (Figure 5) extends over a wide range of the im-
age area and violates the locality assumption, while D87
(Figure 5), which contains a tree branching structure, can
not be described with a stationary process; rather a larger
neighborhood or a model capable of representing inhomo-
geneous structures will be required. Also, a formal theoret-
ical treatment should be justified for several aspects of our
algorithm. For example, when starting from an arbitrary
white noise, it is not known if the output image will always
converge to look like the input texture. Though no failures
have been observed, we have no formal proof yet. Finally,
parameters such as K and N are currently decided manu-
ally, and algorithms that can automatically determine them
will be beneficial.

5 Previous Work

Numerous approaches have been proposed for the analysis
and synthesis of visual textures. Because an exhaustive sur-
vey is out of the scope of this paper, we only compare our

Figure 3: The top row shows the Gaussian pyramid of the input texture, with successive lower resolution images toward the
right side. During the synthesis process, the output texture, shown in the bottom row, is sampled from the estimated texture
characteristic function, from lower to higher resolutions.

Input:

Ia The example texture image

Is The output texture image of desired size and shape, ini-
tialized to be a white random noise

K The number of basis functions used to approximate the
characteristic functions

N The neighborhood system

Analysis:

Step 1 Build a Gaussian pyramid Ga with L levels from
the input image Ia.

Step 2 Use TSVQ to train the texture characteristic func-
tions, Fi, for each level i ofGa, using the training data
gathered from the neighborhoodvectors,N(x, y, i), of
all pixels (x, y, i) at the ith level of Ga. This set of
functions Fi will be used during the synthesis phase.

Synthesis:

Step 1 Build a Gaussian pyramid Gs with L levels from
the output image Is.

Step 2 Loop through all pixels (x, y, i) inGs in raster scan
ordering, from the lowest resolution to the highest res-
olution. Collect the neighborhood vector, N(x, y, i),
of pixel (x, y, i). Then assign the value ofFi(N(x, y, i))
to Gs(x, y, i).

Step 3 The final synthesized texture will be level 1 of Gs.

4 Results and Discussion

Our algorithm is able to synthesize a broad range of tex-
tures. Examples using images from the Brodatz texture al-
bum ([2]) are shown in Figure 4. Structured textures (D101,
D103), textures with dominating orientations (D11, D15),
random textures with microscopic structures (D57, D84)
or large scale structures (D86, D71) are all successfully
synthesized. Our algorithm is also efficient: each texture
shown in Figure 4 can be generated in minutes. In compar-
ison, many existing techniques will take hours to generate
textures of similar sizes ([28], [18], [19]).

Based on the locality and stationarity assumptions, our
algorithm is less effective in modeling textures which vi-
olate these conditions. For example, the brick structure
in D95 (Figure 5) extends over a wide range of the im-
age area and violates the locality assumption, while D87
(Figure 5), which contains a tree branching structure, can
not be described with a stationary process; rather a larger
neighborhood or a model capable of representing inhomo-
geneous structures will be required. Also, a formal theoret-
ical treatment should be justified for several aspects of our
algorithm. For example, when starting from an arbitrary
white noise, it is not known if the output image will always
converge to look like the input texture. Though no failures
have been observed, we have no formal proof yet. Finally,
parameters such as K and N are currently decided manu-
ally, and algorithms that can automatically determine them
will be beneficial.

5 Previous Work

Numerous approaches have been proposed for the analysis
and synthesis of visual textures. Because an exhaustive sur-
vey is out of the scope of this paper, we only compare our

Figure 3: The top row shows the Gaussian pyramid of the input texture, with successive lower resolution images toward the
right side. During the synthesis process, the output texture, shown in the bottom row, is sampled from the estimated texture
characteristic function, from lower to higher resolutions.

Input:

Ia The example texture image

Is The output texture image of desired size and shape, ini-
tialized to be a white random noise

K The number of basis functions used to approximate the
characteristic functions

N The neighborhood system

Analysis:

Step 1 Build a Gaussian pyramid Ga with L levels from
the input image Ia.

Step 2 Use TSVQ to train the texture characteristic func-
tions, Fi, for each level i ofGa, using the training data
gathered from the neighborhoodvectors,N(x, y, i), of
all pixels (x, y, i) at the ith level of Ga. This set of
functions Fi will be used during the synthesis phase.

Synthesis:

Step 1 Build a Gaussian pyramid Gs with L levels from
the output image Is.

Step 2 Loop through all pixels (x, y, i) inGs in raster scan
ordering, from the lowest resolution to the highest res-
olution. Collect the neighborhood vector, N(x, y, i),
of pixel (x, y, i). Then assign the value ofFi(N(x, y, i))
to Gs(x, y, i).

Step 3 The final synthesized texture will be level 1 of Gs.

4 Results and Discussion

Our algorithm is able to synthesize a broad range of tex-
tures. Examples using images from the Brodatz texture al-
bum ([2]) are shown in Figure 4. Structured textures (D101,
D103), textures with dominating orientations (D11, D15),
random textures with microscopic structures (D57, D84)
or large scale structures (D86, D71) are all successfully
synthesized. Our algorithm is also efficient: each texture
shown in Figure 4 can be generated in minutes. In compar-
ison, many existing techniques will take hours to generate
textures of similar sizes ([28], [18], [19]).

Based on the locality and stationarity assumptions, our
algorithm is less effective in modeling textures which vi-
olate these conditions. For example, the brick structure
in D95 (Figure 5) extends over a wide range of the im-
age area and violates the locality assumption, while D87
(Figure 5), which contains a tree branching structure, can
not be described with a stationary process; rather a larger
neighborhood or a model capable of representing inhomo-
geneous structures will be required. Also, a formal theoret-
ical treatment should be justified for several aspects of our
algorithm. For example, when starting from an arbitrary
white noise, it is not known if the output image will always
converge to look like the input texture. Though no failures
have been observed, we have no formal proof yet. Finally,
parameters such as K and N are currently decided manu-
ally, and algorithms that can automatically determine them
will be beneficial.

5 Previous Work

Numerous approaches have been proposed for the analysis
and synthesis of visual textures. Because an exhaustive sur-
vey is out of the scope of this paper, we only compare our

Figure 3: The top row shows the Gaussian pyramid of the input texture, with successive lower resolution images toward the
right side. During the synthesis process, the output texture, shown in the bottom row, is sampled from the estimated texture
characteristic function, from lower to higher resolutions.

Input:

Ia The example texture image

Is The output texture image of desired size and shape, ini-
tialized to be a white random noise

K The number of basis functions used to approximate the
characteristic functions

N The neighborhood system

Analysis:

Step 1 Build a Gaussian pyramid Ga with L levels from
the input image Ia.

Step 2 Use TSVQ to train the texture characteristic func-
tions, Fi, for each level i ofGa, using the training data
gathered from the neighborhoodvectors,N(x, y, i), of
all pixels (x, y, i) at the ith level of Ga. This set of
functions Fi will be used during the synthesis phase.

Synthesis:

Step 1 Build a Gaussian pyramid Gs with L levels from
the output image Is.

Step 2 Loop through all pixels (x, y, i) inGs in raster scan
ordering, from the lowest resolution to the highest res-
olution. Collect the neighborhood vector, N(x, y, i),
of pixel (x, y, i). Then assign the value ofFi(N(x, y, i))
to Gs(x, y, i).

Step 3 The final synthesized texture will be level 1 of Gs.

4 Results and Discussion

Our algorithm is able to synthesize a broad range of tex-
tures. Examples using images from the Brodatz texture al-
bum ([2]) are shown in Figure 4. Structured textures (D101,
D103), textures with dominating orientations (D11, D15),
random textures with microscopic structures (D57, D84)
or large scale structures (D86, D71) are all successfully
synthesized. Our algorithm is also efficient: each texture
shown in Figure 4 can be generated in minutes. In compar-
ison, many existing techniques will take hours to generate
textures of similar sizes ([28], [18], [19]).

Based on the locality and stationarity assumptions, our
algorithm is less effective in modeling textures which vi-
olate these conditions. For example, the brick structure
in D95 (Figure 5) extends over a wide range of the im-
age area and violates the locality assumption, while D87
(Figure 5), which contains a tree branching structure, can
not be described with a stationary process; rather a larger
neighborhood or a model capable of representing inhomo-
geneous structures will be required. Also, a formal theoret-
ical treatment should be justified for several aspects of our
algorithm. For example, when starting from an arbitrary
white noise, it is not known if the output image will always
converge to look like the input texture. Though no failures
have been observed, we have no formal proof yet. Finally,
parameters such as K and N are currently decided manu-
ally, and algorithms that can automatically determine them
will be beneficial.

5 Previous Work

Numerous approaches have been proposed for the analysis
and synthesis of visual textures. Because an exhaustive sur-
vey is out of the scope of this paper, we only compare our

Figure 3: The top row shows the Gaussian pyramid of the input texture, with successive lower resolution images toward the
right side. During the synthesis process, the output texture, shown in the bottom row, is sampled from the estimated texture
characteristic function, from lower to higher resolutions.

Input:

Ia The example texture image

Is The output texture image of desired size and shape, ini-
tialized to be a white random noise

K The number of basis functions used to approximate the
characteristic functions

N The neighborhood system

Analysis:

Step 1 Build a Gaussian pyramid Ga with L levels from
the input image Ia.

Step 2 Use TSVQ to train the texture characteristic func-
tions, Fi, for each level i ofGa, using the training data
gathered from the neighborhoodvectors,N(x, y, i), of
all pixels (x, y, i) at the ith level of Ga. This set of
functions Fi will be used during the synthesis phase.

Synthesis:

Step 1 Build a Gaussian pyramid Gs with L levels from
the output image Is.

Step 2 Loop through all pixels (x, y, i) inGs in raster scan
ordering, from the lowest resolution to the highest res-
olution. Collect the neighborhood vector, N(x, y, i),
of pixel (x, y, i). Then assign the value ofFi(N(x, y, i))
to Gs(x, y, i).

Step 3 The final synthesized texture will be level 1 of Gs.

4 Results and Discussion

Our algorithm is able to synthesize a broad range of tex-
tures. Examples using images from the Brodatz texture al-
bum ([2]) are shown in Figure 4. Structured textures (D101,
D103), textures with dominating orientations (D11, D15),
random textures with microscopic structures (D57, D84)
or large scale structures (D86, D71) are all successfully
synthesized. Our algorithm is also efficient: each texture
shown in Figure 4 can be generated in minutes. In compar-
ison, many existing techniques will take hours to generate
textures of similar sizes ([28], [18], [19]).

Based on the locality and stationarity assumptions, our
algorithm is less effective in modeling textures which vi-
olate these conditions. For example, the brick structure
in D95 (Figure 5) extends over a wide range of the im-
age area and violates the locality assumption, while D87
(Figure 5), which contains a tree branching structure, can
not be described with a stationary process; rather a larger
neighborhood or a model capable of representing inhomo-
geneous structures will be required. Also, a formal theoret-
ical treatment should be justified for several aspects of our
algorithm. For example, when starting from an arbitrary
white noise, it is not known if the output image will always
converge to look like the input texture. Though no failures
have been observed, we have no formal proof yet. Finally,
parameters such as K and N are currently decided manu-
ally, and algorithms that can automatically determine them
will be beneficial.

5 Previous Work

Numerous approaches have been proposed for the analysis
and synthesis of visual textures. Because an exhaustive sur-
vey is out of the scope of this paper, we only compare our

Figure 3: The top row shows the Gaussian pyramid of the input texture, with successive lower resolution images toward the
right side. During the synthesis process, the output texture, shown in the bottom row, is sampled from the estimated texture
characteristic function, from lower to higher resolutions.

Input:

Ia The example texture image

Is The output texture image of desired size and shape, ini-
tialized to be a white random noise

K The number of basis functions used to approximate the
characteristic functions

N The neighborhood system

Analysis:

Step 1 Build a Gaussian pyramid Ga with L levels from
the input image Ia.

Step 2 Use TSVQ to train the texture characteristic func-
tions, Fi, for each level i ofGa, using the training data
gathered from the neighborhoodvectors,N(x, y, i), of
all pixels (x, y, i) at the ith level of Ga. This set of
functions Fi will be used during the synthesis phase.

Synthesis:

Step 1 Build a Gaussian pyramid Gs with L levels from
the output image Is.

Step 2 Loop through all pixels (x, y, i) inGs in raster scan
ordering, from the lowest resolution to the highest res-
olution. Collect the neighborhood vector, N(x, y, i),
of pixel (x, y, i). Then assign the value ofFi(N(x, y, i))
to Gs(x, y, i).

Step 3 The final synthesized texture will be level 1 of Gs.

4 Results and Discussion

Our algorithm is able to synthesize a broad range of tex-
tures. Examples using images from the Brodatz texture al-
bum ([2]) are shown in Figure 4. Structured textures (D101,
D103), textures with dominating orientations (D11, D15),
random textures with microscopic structures (D57, D84)
or large scale structures (D86, D71) are all successfully
synthesized. Our algorithm is also efficient: each texture
shown in Figure 4 can be generated in minutes. In compar-
ison, many existing techniques will take hours to generate
textures of similar sizes ([28], [18], [19]).

Based on the locality and stationarity assumptions, our
algorithm is less effective in modeling textures which vi-
olate these conditions. For example, the brick structure
in D95 (Figure 5) extends over a wide range of the im-
age area and violates the locality assumption, while D87
(Figure 5), which contains a tree branching structure, can
not be described with a stationary process; rather a larger
neighborhood or a model capable of representing inhomo-
geneous structures will be required. Also, a formal theoret-
ical treatment should be justified for several aspects of our
algorithm. For example, when starting from an arbitrary
white noise, it is not known if the output image will always
converge to look like the input texture. Though no failures
have been observed, we have no formal proof yet. Finally,
parameters such as K and N are currently decided manu-
ally, and algorithms that can automatically determine them
will be beneficial.

5 Previous Work

Numerous approaches have been proposed for the analysis
and synthesis of visual textures. Because an exhaustive sur-
vey is out of the scope of this paper, we only compare our

Figure 3: The top row shows the Gaussian pyramid of the input texture, with successive lower resolution images toward the
right side. During the synthesis process, the output texture, shown in the bottom row, is sampled from the estimated texture
characteristic function, from lower to higher resolutions.

Input:

Ia The example texture image

Is The output texture image of desired size and shape, ini-
tialized to be a white random noise

K The number of basis functions used to approximate the
characteristic functions

N The neighborhood system

Analysis:

Step 1 Build a Gaussian pyramid Ga with L levels from
the input image Ia.

Step 2 Use TSVQ to train the texture characteristic func-
tions, Fi, for each level i ofGa, using the training data
gathered from the neighborhoodvectors,N(x, y, i), of
all pixels (x, y, i) at the ith level of Ga. This set of
functions Fi will be used during the synthesis phase.

Synthesis:

Step 1 Build a Gaussian pyramid Gs with L levels from
the output image Is.

Step 2 Loop through all pixels (x, y, i) inGs in raster scan
ordering, from the lowest resolution to the highest res-
olution. Collect the neighborhood vector, N(x, y, i),
of pixel (x, y, i). Then assign the value ofFi(N(x, y, i))
to Gs(x, y, i).

Step 3 The final synthesized texture will be level 1 of Gs.

4 Results and Discussion

Our algorithm is able to synthesize a broad range of tex-
tures. Examples using images from the Brodatz texture al-
bum ([2]) are shown in Figure 4. Structured textures (D101,
D103), textures with dominating orientations (D11, D15),
random textures with microscopic structures (D57, D84)
or large scale structures (D86, D71) are all successfully
synthesized. Our algorithm is also efficient: each texture
shown in Figure 4 can be generated in minutes. In compar-
ison, many existing techniques will take hours to generate
textures of similar sizes ([28], [18], [19]).

Based on the locality and stationarity assumptions, our
algorithm is less effective in modeling textures which vi-
olate these conditions. For example, the brick structure
in D95 (Figure 5) extends over a wide range of the im-
age area and violates the locality assumption, while D87
(Figure 5), which contains a tree branching structure, can
not be described with a stationary process; rather a larger
neighborhood or a model capable of representing inhomo-
geneous structures will be required. Also, a formal theoret-
ical treatment should be justified for several aspects of our
algorithm. For example, when starting from an arbitrary
white noise, it is not known if the output image will always
converge to look like the input texture. Though no failures
have been observed, we have no formal proof yet. Finally,
parameters such as K and N are currently decided manu-
ally, and algorithms that can automatically determine them
will be beneficial.

5 Previous Work

Numerous approaches have been proposed for the analysis
and synthesis of visual textures. Because an exhaustive sur-
vey is out of the scope of this paper, we only compare our

Figure 3: The top row shows the Gaussian pyramid of the input texture, with successive lower resolution images toward the
right side. During the synthesis process, the output texture, shown in the bottom row, is sampled from the estimated texture
characteristic function, from lower to higher resolutions.

Input:

Ia The example texture image

Is The output texture image of desired size and shape, ini-
tialized to be a white random noise

K The number of basis functions used to approximate the
characteristic functions

N The neighborhood system

Analysis:

Step 1 Build a Gaussian pyramid Ga with L levels from
the input image Ia.

Step 2 Use TSVQ to train the texture characteristic func-
tions, Fi, for each level i ofGa, using the training data
gathered from the neighborhoodvectors,N(x, y, i), of
all pixels (x, y, i) at the ith level of Ga. This set of
functions Fi will be used during the synthesis phase.

Synthesis:

Step 1 Build a Gaussian pyramid Gs with L levels from
the output image Is.

Step 2 Loop through all pixels (x, y, i) inGs in raster scan
ordering, from the lowest resolution to the highest res-
olution. Collect the neighborhood vector, N(x, y, i),
of pixel (x, y, i). Then assign the value ofFi(N(x, y, i))
to Gs(x, y, i).

Step 3 The final synthesized texture will be level 1 of Gs.

4 Results and Discussion

Our algorithm is able to synthesize a broad range of tex-
tures. Examples using images from the Brodatz texture al-
bum ([2]) are shown in Figure 4. Structured textures (D101,
D103), textures with dominating orientations (D11, D15),
random textures with microscopic structures (D57, D84)
or large scale structures (D86, D71) are all successfully
synthesized. Our algorithm is also efficient: each texture
shown in Figure 4 can be generated in minutes. In compar-
ison, many existing techniques will take hours to generate
textures of similar sizes ([28], [18], [19]).

Based on the locality and stationarity assumptions, our
algorithm is less effective in modeling textures which vi-
olate these conditions. For example, the brick structure
in D95 (Figure 5) extends over a wide range of the im-
age area and violates the locality assumption, while D87
(Figure 5), which contains a tree branching structure, can
not be described with a stationary process; rather a larger
neighborhood or a model capable of representing inhomo-
geneous structures will be required. Also, a formal theoret-
ical treatment should be justified for several aspects of our
algorithm. For example, when starting from an arbitrary
white noise, it is not known if the output image will always
converge to look like the input texture. Though no failures
have been observed, we have no formal proof yet. Finally,
parameters such as K and N are currently decided manu-
ally, and algorithms that can automatically determine them
will be beneficial.

5 Previous Work

Numerous approaches have been proposed for the analysis
and synthesis of visual textures. Because an exhaustive sur-
vey is out of the scope of this paper, we only compare our

Figure 3: The top row shows the Gaussian pyramid of the input texture, with successive lower resolution images toward the
right side. During the synthesis process, the output texture, shown in the bottom row, is sampled from the estimated texture
characteristic function, from lower to higher resolutions.

Input:

Ia The example texture image

Is The output texture image of desired size and shape, ini-
tialized to be a white random noise

K The number of basis functions used to approximate the
characteristic functions

N The neighborhood system

Analysis:

Step 1 Build a Gaussian pyramid Ga with L levels from
the input image Ia.

Step 2 Use TSVQ to train the texture characteristic func-
tions, Fi, for each level i ofGa, using the training data
gathered from the neighborhoodvectors,N(x, y, i), of
all pixels (x, y, i) at the ith level of Ga. This set of
functions Fi will be used during the synthesis phase.

Synthesis:

Step 1 Build a Gaussian pyramid Gs with L levels from
the output image Is.

Step 2 Loop through all pixels (x, y, i) inGs in raster scan
ordering, from the lowest resolution to the highest res-
olution. Collect the neighborhood vector, N(x, y, i),
of pixel (x, y, i). Then assign the value ofFi(N(x, y, i))
to Gs(x, y, i).

Step 3 The final synthesized texture will be level 1 of Gs.

4 Results and Discussion

Our algorithm is able to synthesize a broad range of tex-
tures. Examples using images from the Brodatz texture al-
bum ([2]) are shown in Figure 4. Structured textures (D101,
D103), textures with dominating orientations (D11, D15),
random textures with microscopic structures (D57, D84)
or large scale structures (D86, D71) are all successfully
synthesized. Our algorithm is also efficient: each texture
shown in Figure 4 can be generated in minutes. In compar-
ison, many existing techniques will take hours to generate
textures of similar sizes ([28], [18], [19]).

Based on the locality and stationarity assumptions, our
algorithm is less effective in modeling textures which vi-
olate these conditions. For example, the brick structure
in D95 (Figure 5) extends over a wide range of the im-
age area and violates the locality assumption, while D87
(Figure 5), which contains a tree branching structure, can
not be described with a stationary process; rather a larger
neighborhood or a model capable of representing inhomo-
geneous structures will be required. Also, a formal theoret-
ical treatment should be justified for several aspects of our
algorithm. For example, when starting from an arbitrary
white noise, it is not known if the output image will always
converge to look like the input texture. Though no failures
have been observed, we have no formal proof yet. Finally,
parameters such as K and N are currently decided manu-
ally, and algorithms that can automatically determine them
will be beneficial.

5 Previous Work

Numerous approaches have been proposed for the analysis
and synthesis of visual textures. Because an exhaustive sur-
vey is out of the scope of this paper, we only compare our

Synthesized 
texture

Figure 3: The top row shows the Gaussian pyramid of the input texture, with successive lower resolution images toward the
right side. During the synthesis process, the output texture, shown in the bottom row, is sampled from the estimated texture
characteristic function, from lower to higher resolutions.

Input:

Ia The example texture image

Is The output texture image of desired size and shape, ini-
tialized to be a white random noise

K The number of basis functions used to approximate the
characteristic functions

N The neighborhood system

Analysis:

Step 1 Build a Gaussian pyramid Ga with L levels from
the input image Ia.

Step 2 Use TSVQ to train the texture characteristic func-
tions, Fi, for each level i ofGa, using the training data
gathered from the neighborhoodvectors,N(x, y, i), of
all pixels (x, y, i) at the ith level of Ga. This set of
functions Fi will be used during the synthesis phase.

Synthesis:

Step 1 Build a Gaussian pyramid Gs with L levels from
the output image Is.

Step 2 Loop through all pixels (x, y, i) inGs in raster scan
ordering, from the lowest resolution to the highest res-
olution. Collect the neighborhood vector, N(x, y, i),
of pixel (x, y, i). Then assign the value ofFi(N(x, y, i))
to Gs(x, y, i).

Step 3 The final synthesized texture will be level 1 of Gs.

4 Results and Discussion

Our algorithm is able to synthesize a broad range of tex-
tures. Examples using images from the Brodatz texture al-
bum ([2]) are shown in Figure 4. Structured textures (D101,
D103), textures with dominating orientations (D11, D15),
random textures with microscopic structures (D57, D84)
or large scale structures (D86, D71) are all successfully
synthesized. Our algorithm is also efficient: each texture
shown in Figure 4 can be generated in minutes. In compar-
ison, many existing techniques will take hours to generate
textures of similar sizes ([28], [18], [19]).

Based on the locality and stationarity assumptions, our
algorithm is less effective in modeling textures which vi-
olate these conditions. For example, the brick structure
in D95 (Figure 5) extends over a wide range of the im-
age area and violates the locality assumption, while D87
(Figure 5), which contains a tree branching structure, can
not be described with a stationary process; rather a larger
neighborhood or a model capable of representing inhomo-
geneous structures will be required. Also, a formal theoret-
ical treatment should be justified for several aspects of our
algorithm. For example, when starting from an arbitrary
white noise, it is not known if the output image will always
converge to look like the input texture. Though no failures
have been observed, we have no formal proof yet. Finally,
parameters such as K and N are currently decided manu-
ally, and algorithms that can automatically determine them
will be beneficial.

5 Previous Work

Numerous approaches have been proposed for the analysis
and synthesis of visual textures. Because an exhaustive sur-
vey is out of the scope of this paper, we only compare our

Im
ag

es
 fr

om
 

[W
ei

 1
99

9]

 : Neighborhood N

(a)

(d)(c)(b)

p

Figure 3: Single resolution texture synthesis. (a) is the input texture and
(b)-(d) show different synthesis stages of the output image. Pixels in the
output image are assigned in a raster scan ordering. The value of each
output pixel is determined by comparing its spatial neighborhood
with all neighborhoods in the input texture. The input pixel with the most
similar neighborhood will be assigned to the corresponding output pixel.
Neighborhoods crossing the output image boundaries (shown in (b) and
(d)) are handled toroidally, as discussed in Section 2.4. Although the output
image starts as a random noise, only the last few rows and columns of the
noise are actually used. For clarity, we present the unused noise pixels as
black. (b) synthesizing the first pixel, (c) synthesizing the middle pixel, (d)
synthesizing the last pixel.

2 Algorithm
Using Markov Random Fields as the texture model, the goal of the
synthesis algorithm is to generate a new texture so that each lo-
cal region of it is similar to another region from the input texture.
We first describe how the algorithm works in a single resolution,
and then we extend it using a multiresolution pyramid to obtain im-
provements in efficiency. For easy reference, we list the symbols
used in Table 1 and summarize the algorithm in Table 2.

Symbol Meaning
Input texture sample
Output texture image
Gaussian pyramid built from
Gaussian pyramid built from
An input pixel in or
An output pixel in or
Neighborhood around the pixel

th level of pyramid
Pixel at level and position of

RxC,k (2D) neighborhood containing levels,
with size RxC at the top level

RxCxD,k 3D neighborhood containing levels,
with size RxCxD at the top level

Table 1: Table of symbols

2.1 Single Resolution Synthesis
The algorithm starts with an input texture sample and a white
random noise . We force the random noise to look like by
transforming pixel by pixel in a raster scan ordering, i.e. from top

(a) (b) (c)

Figure 4: Synthesis results with different neighborhood sizes. The neigh-
borhood sizes are (a) 5x5, (b) 7x7, (c) 9x9, respectively. All images shown
are of size 128x128. Note that as the neighborhood size increases the result-
ing texture quality gets better. However, the computation cost also increases.

(a)

(b) (c)

Figure 5: Causality of the neighborhood. (a) sample texture (b) synthesis
result using a causal neighborhood (c) synthesis result using a noncausal
neighborhood. Both (b) and (c) are generated from the same random noise
using a 9x9 neighborhood. As shown, a noncausal neighborhood is unable
to generate valid results.

to bottom and left to right. Figure 3 shows a graphical illustration
of the synthesis process.

To determine the pixel value at , its spatial neighborhood
(the L-shaped regions in Figure 3) is compared against all

possible neighborhoods from . The input pixel with
the most similar is assigned to . We use a simple norm
(sum of squared difference) to measure the similarity between the
neighborhoods. The goal of this synthesis process is to ensure that
the newly assigned pixel will maintain as much local similarity
between and as possible. The same process is repeated for
each output pixel until all the pixels are determined. This is akin to
putting together a jigsaw puzzle: the pieces are the individual pixels
and the fitness between these pieces is determined by the colors of
the surrounding neighborhood pixels.

2.2 Neighborhood
Because the set of local neighborhoods is used as the pri-
mary model for textures, the quality of the synthesized results will
depend on its size and shape. Intuitively, the size of the neighbor-
hoods should be on the scale of the largest regular texture structure;
otherwise this structure may be lost and the result image will look
too random. Figure 4 demonstrates the effect of the neighborhood
size on the synthesis results.

The shape of the neighborhood will directly determine the qual-
ity of . It must be causal, i.e. the neighborhood can only contain
those pixels preceding the current output pixel in the raster scan
ordering. The reason is to ensure that each output neighborhood

will include only already assigned pixels. For the first few
rows and columns of , may contain unassigned (noise) pix-
els but as the algorithm progresses all the other will be com-
pletely “valid” (containing only already assigned pixels). A non-
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Figure 3: Single resolution texture synthesis. (a) is the input texture and
(b)-(d) show different synthesis stages of the output image. Pixels in the
output image are assigned in a raster scan ordering. The value of each
output pixel is determined by comparing its spatial neighborhood
with all neighborhoods in the input texture. The input pixel with the most
similar neighborhood will be assigned to the corresponding output pixel.
Neighborhoods crossing the output image boundaries (shown in (b) and
(d)) are handled toroidally, as discussed in Section 2.4. Although the output
image starts as a random noise, only the last few rows and columns of the
noise are actually used. For clarity, we present the unused noise pixels as
black. (b) synthesizing the first pixel, (c) synthesizing the middle pixel, (d)
synthesizing the last pixel.

2 Algorithm
Using Markov Random Fields as the texture model, the goal of the
synthesis algorithm is to generate a new texture so that each lo-
cal region of it is similar to another region from the input texture.
We first describe how the algorithm works in a single resolution,
and then we extend it using a multiresolution pyramid to obtain im-
provements in efficiency. For easy reference, we list the symbols
used in Table 1 and summarize the algorithm in Table 2.

Symbol Meaning
Input texture sample
Output texture image
Gaussian pyramid built from
Gaussian pyramid built from
An input pixel in or
An output pixel in or
Neighborhood around the pixel

th level of pyramid
Pixel at level and position of

RxC,k (2D) neighborhood containing levels,
with size RxC at the top level

RxCxD,k 3D neighborhood containing levels,
with size RxCxD at the top level

Table 1: Table of symbols

2.1 Single Resolution Synthesis
The algorithm starts with an input texture sample and a white
random noise . We force the random noise to look like by
transforming pixel by pixel in a raster scan ordering, i.e. from top

(a) (b) (c)

Figure 4: Synthesis results with different neighborhood sizes. The neigh-
borhood sizes are (a) 5x5, (b) 7x7, (c) 9x9, respectively. All images shown
are of size 128x128. Note that as the neighborhood size increases the result-
ing texture quality gets better. However, the computation cost also increases.

(a)

(b) (c)

Figure 5: Causality of the neighborhood. (a) sample texture (b) synthesis
result using a causal neighborhood (c) synthesis result using a noncausal
neighborhood. Both (b) and (c) are generated from the same random noise
using a 9x9 neighborhood. As shown, a noncausal neighborhood is unable
to generate valid results.

to bottom and left to right. Figure 3 shows a graphical illustration
of the synthesis process.

To determine the pixel value at , its spatial neighborhood
(the L-shaped regions in Figure 3) is compared against all

possible neighborhoods from . The input pixel with
the most similar is assigned to . We use a simple norm
(sum of squared difference) to measure the similarity between the
neighborhoods. The goal of this synthesis process is to ensure that
the newly assigned pixel will maintain as much local similarity
between and as possible. The same process is repeated for
each output pixel until all the pixels are determined. This is akin to
putting together a jigsaw puzzle: the pieces are the individual pixels
and the fitness between these pieces is determined by the colors of
the surrounding neighborhood pixels.

2.2 Neighborhood
Because the set of local neighborhoods is used as the pri-
mary model for textures, the quality of the synthesized results will
depend on its size and shape. Intuitively, the size of the neighbor-
hoods should be on the scale of the largest regular texture structure;
otherwise this structure may be lost and the result image will look
too random. Figure 4 demonstrates the effect of the neighborhood
size on the synthesis results.

The shape of the neighborhood will directly determine the qual-
ity of . It must be causal, i.e. the neighborhood can only contain
those pixels preceding the current output pixel in the raster scan
ordering. The reason is to ensure that each output neighborhood

will include only already assigned pixels. For the first few
rows and columns of , may contain unassigned (noise) pix-
els but as the algorithm progresses all the other will be com-
pletely “valid” (containing only already assigned pixels). A non-
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Sound Texture Synthesis: Signal Synthesis 
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Dragon 
Dragon height: 1.15m!
Simulated with: Houdini Pyro FX solver



Candle 
Wick height: 4cm!
Simulated with: Houdini Pyro FX solver



Burning Brick 
Brick width: 20cm!
Simulated with: Houdini Pyro FX solver



Torch 
Torch length: 70cm!
Simulated with: Houdini fire solver (blue core model with detonation 
shock dynamics [Nguyen et al. 2002; Hong et al. 2007])

Style Control 



Training clip #1

Training clip #2

Training clip #3

Training clips taken from Ultimate Fire sound library	
http://www.therecordist.com

http://www.therecordist.com/


Simulation/Timing data 

Scene Domain size 
(m)

Domain 
resolution 

(voxels)
Animation 
length (s)

Bandwidth 
extension 
time (s)

Sound texture 
synthesis time 

(s)

Burning brick 2.0x1.7x0.9 180x151x78 5 64 20

Candle 0.15x0.15x0.12 115x120x96 6 151 86

Dragon 4.1x2.9x2.1 200x142x102 9 223 56

Flame jet 1.5x1.4x0.69 140x134x65 10 256 54

Torch 1.5x1.4x1.8 104x100x128 5 63 41

Simulation times:  ~2-3 hours 
Iso-surface construction times: ~10s per time step



Side Effects Software (for Houdini 3D animation tools and Mantra renderer)	
The National Science Foundation (HCC-0905506)	
The Natural Sciences and Engineering Research Council of Canada	
The Alfred P. Sloan Foundation	
The John Simon Guggenheim Memorial Foundation	
Intel (Intel Science and Technology Center for Visual Computing)	
Pixar	
Autodesk	
Vision Research
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