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Abstract

Procedural textures have significant advantages over image tex-
tures. Procedural textures are compact, are resolution and size in-
dependent, often remove the need for a texture parameterization,
can easily be parameterized and edited, and allow high quality anti-
aliasing. However, creating procedural textures is more difficult than
creating image textures. Creating procedural textures typically in-
volves some sort of programming language or an interactive visual
interface, while image textures can be created by simply taking a
digital photograph. In this paper we present a method for creating
procedural textures by example, designed for isotropic stochastic
textures. From a single uncalibrated photograph of a texture we
compute a small set of parameters that defines a procedural tex-
ture similar to the texture in the photograph. Our method allows
us to replace image textures with similar procedural textures, com-
bining the advantages of procedural textures and image textures.
Our method for creating isotropic stochastic procedural textures by
example therefore has the potential to dramatically improve the tex-
turing and modeling process.

CR Subject Classification : 1.3.3, 1.3.7.
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(b) (c) (d)
Figure 1: Isotropic stochastic procedural textures by example. (a) A photdgoda real-world scene. (b) A photograph of a texture in the
scene. (c) A cropped version of the photograph of the texture. (d)e&g@ural texture automatically generated from the cropped photograph
(e) A rendering of a virtual scene textured using several of thessepwoal textures.

Abstract limited noise functions such as wavelet noise [Cook and DeRose
2005] allow high quality anti-aliasing; and procedural textures
Procedural textures have significant advantages over image tex{eave room for an artist to tweak. Because of these advantages,
tures. Procedural textures are compact, are resolution and size inprocedural textures are increasingly popular in production render-
dependent, often remove the need for a texture parameterizationing. For example, wavelet noise was recently developeRixar,
can easily be parameterized and edited, and allow high quality anti- and Blue Skis CGIStudiouses a completely procedural approach
aliasing. However, creating procedural textures is more difficult to texturing for animated feature films [Eringis 2006].
than creating image textures. Creating procedural textures typically
involves some sort of programming language or an interactive vi-
sual interface, while image textures can be created by simply taking
a digital photograph. In this paper we present a method for creating

rocedural textures by example, designed for isotropic stochastic <; ) o e
P y P g P visual interface, such ddaPZongAllegorithmic 2008], accompa-

textures. From a single uncalibrated photograph of a texture we ”. X .
compute a small set of parameters that defines a procedural tex.i€d by @ deep understanding of procedural texturing. In contrast,

ture similar to the texture in the photograph. Our method allows Mage textures can be created by simply taking a photograph.
us to replace image textures with similar procedural textures, com- In this paper we present a perceptually motivated method for creat-
bining the advantages of procedural textures and image textures.ing procedural textures by example, designed for isotropic stochas-
Our method for creating isotropic stochastic procedural textures by tic textures. From a single uncalibrated photograph of a texture we
example therefore has the potential to dramatically improve the tex- compute a small set of parameters that defines a procedural tex-
turing and modeling process. ture similar to the texture in the photograph. Figure 1 shows an
example. Our method consists of an analysis phase and a synthesis
CR Categories: 1.3.3 [Computer Graphics]: Picture/lmage Gen- phase. During the analysis phase, the photograph of a texture is an-
eration; 1.3.7 [Computer Graphics]. Three-Dimensional Graphics alyzed and a small set of parameters for a similar procedural texture
and Realism—Color, shading, shadowing, and texture is computed. After the analysis phase, the photograph is discarded.
During the synthesis phase, the procedural texture is evaluated us-
Keywords:  procedural texture, solid texture, texture synthesis, ing the parameters computed during the analysis phase, for example
wavelet noise as part of a rendering program or a GPU shader.

Creating procedural textures in an intuitive way is one of the biggest
challenges in procedural texturing. Creating procedural textures
typically involves either some sort of programming language, such
as theRenderMarshading language [Pixar 2005], or an interactive

. Our method allows us to replace image textures with similar proce-
1 Introduction dural textures, combining the advantages of procedural textures and
image textures. Our method for creating isotropic stochastic proce-
dural textures by example therefore has the potential to dramatically
improve the texturing and modeling process. For example, when an

Texturing was introduced by Catmull [1974] as a method for in-
creasing the visual complexity of computer-generated images with-

?nuén?grjtlgg ?ﬁzgfigﬁtge;?gbh-{gsx tu‘lr'lﬁgrg ua:fé( lt}:Nl())ei(r?;r)T(])?t:nIut;g:S artist imports an image texture into a 3D mpdelmg software pack-
of textures: image textures consisﬁng of raster data and procedural?ge‘ th? software package could automatlcally convert the image
textures ) exture into a procedural texture. The artist would not have_ to worry

) about the size and resolution of the texture, the solid version of the
Procedural textures [Ebert et al. 2002] have significant advasitage procedural texture removes the need for a texture parameterization,
over image textures. Procedural textures are compact, are resoluthe software package can produce high quality anti-aliased render-
tion and size independent, and can easily be parameterized; prodings, and the artist can tweak the procedural texture.
cedural textures are often solid textures, which remove the need
for a texture parameterization; procedural textures built with band-

*e-mail: {ares,peter,toon,phi@cs.kuleuven.be
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Overview single or multiple 2D example textures. However, their method is
designed for textures with only a few dominant frequencies. Lefeb-
Section 2 discusses related work, and section 3 introduces multiresyre and Poulin [2000] presented a system to extract values for pa-
olution wavelet noise. We present our method for creating isotropic rameters of structural textures from photographs. Nevertheless,
stochastic procedural textures by example in sections 4, 5 and 6.their method is limited to rectangular tilings and wood. Qin and

Our method consist of three building blocks: Yang [2002] introduced a genetic-based multiresolution parameter
1. a spectral method to match the weights in a multiresolution estimation approach to recover the _parameter values for a given
wavelet noise equation to a photograph (section 4); procedural texture. However, they did not demonstrate results on

) T real-world textures. Bourque and Dudek [2004] presented a very
2. amethod to match the intensity distribution of the photograph general system that performs a two-phase search over a library of
to the procedural texture based on histogram matching (sec- procedural shaders. Their system can handle several textures;lass

tion 5); and but determining the parameters of a procedural texture using a local
3. amethod to handle color based on principal component anal- Search is less efficient and less accurate than a direct computation.
ysis (section 6). Procedural textures by example is an important unsolved problem

in texturing.

We summarize our method in section 7. In section 8 we present
results, in section 9 we compare with related work, and in section 10

we conclude. 2.3 Texture Synthesis by Example

Texture synthesis by example is a collection of methods that syn-
2 Related Work thesizes a new texture from an example texture.

Texture synthesis by example includes parametric methods [Heeger
Our work is related to procedural texturing, procedural textures by and Bergen 1995; Portilla and Simoncelli 2000], non-parametric
example, texture synthesis by example, and solid texture modeling. methods [Bonet 1997], including pixel-based methods [Efros and

Leung 1999; Wei and Levoy 2000] and patch-based methods [Efros
2.1 Procedural Texturing and Freeman 2001; Kwatra et al. 2003], and optimization-based

. ) ) ~methods [Kwatra et al. 2005].

Proce_dural texturing and solid texturing are closely related. Solid Texture synthesis by example is usually geared towards 2D image
texturing was introduced by Perlin [1985] and Peachy [1985]. At textures, but some methods also consider solid textures. Heeger
the same time, Perlin introduced his famous noise function, the ba- gng Bergen [1995] proposed a parametric method for texture syn-
sis for a large variety of procedural textures. Although solid tex- thesis by example that can be used to generate solid textures, and
turing and procedural texturing are closely related, procedural tex- Kopf et al. [2007] introduced an optimization-based texture synthe-
turing was already known before the introduction of solid textur- sis method for solid texture synthesis from 2D examples.
ing [Fournier et al. 1982; Gardner 1984]. Perlin's noise function The major difference between methods for texture synthesis by ex-
quickly became the most popular noise function, and probably still ample and the method presented in this paper is that our method
is today. ] ) ) o - constructs a procedural texture while methods for texture synthesis
One of the desirable properties of a noise function identified by synthesize raster data.
Perlin is that it is band limited [Perlin 1985]. However, although Our method bears some similarity to parametric methods for tex-
Perlm’; noise function is simple, efficient and elt_agant_, it is not tyre synthesis, such as the methods by Heeger and Bergen [1995]
band limited, and therefore prone to problems with aliasing and and Portilla and Simoncelli [2000]. However, in contrast to our

detail loss [Cook and DeRose 2005]. Lewis [1989] proposed two method, these methods are not randomly accessible and can there-
noise functions similar to Perlin’s noise function with better control  fore not be formulated as procedural textures.

over the noise power spectrum, but they did not gain widespread

use. Perlin [2002] revised his noise function but did not address 3 4 golid Texture Modeling

the fact that it was not band limited. Inspired by the work of Lewis,

Cook and DeRose [2005] introduced a noise function similar to Per- Solid texture modeling is a collection of several methods for gener-

lin's noise function but with a better band limited behavior. Gold- ating solid textures.

berg et al. [2008] recently presented a technique that provides highDischler and Ghazanfarpour presented a method based on hybrid
quality anisotropic filtering for noise textures. Cook and DeRose analysis for automatic solid texture synthesis [Dischler et al. 1998],

and Goldberg et al. showed that procedural textures can be anti-and an interactive system for image based modeling of macrostruc-
aliased significantly better than raster data without sacrificing de- tured textures [Dischler and Ghazanfarpour 1999]. Jagnow et al.

tail. The method for creating procedural textures by example we [2004] use stereological methods to synthesize 3D solid textures of
present in this work builds on the work of Cook and DeRose. aggregate materials of particles from 2D images of existing materi-

Next to noise functions similar to Perlin’s noise function, several als. However, neither method produces procedural textures.

other procedural texture basis functions have been proposed, suclseveral previously mentioned methods for procedural textures by
as the cellular texture basis function of Worley [1996] and the pro- example [Ghazanfarpour and Dischler 1995; Ghazanfarpour and
cedural object distribution function of Lagae and [Eu2005], but Dischler 1996] and texture synthesis by example [Heeger and

these are geared towards very specific classes of procedural texBergen 1995; Kopf et al. 2007] can be used for solid texture mod-

tures. eling.
For an extensive overview of procedural texturing and modeling we For an extensive overview of solid texturing, including several ap-
refer to Ebert et al. [2002]. proaches to solid texture modeling, we refer to Dischler and Ghaz-

anfarpour [2001].
2.2 Procedural Textures by Example

Procedural textures by example is a collection of methods that re-3 Multiresolution Wavelet Noise

covers parameters for a procedural texture from an example texture proceqyral textures are constructed starting from noise functions
Ghazanfarpour and Dischler [1995; 1996] introduced a spectral ;ging a process similar to function composition. Therefore, pro-
method for automatic solid procedural texture generation from a
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Figure 3: The radially averaged power spectrum of three consecu-
tive wavelet noise bands.

(@ N (2”2:5) (b) N (2“13@) (© N (2“%) (d) M (z) wavelet noise composed from these noise bands using unit weights.
The histograms of the noise match the corresponding expected

Figure2: Multiresolution wavelet noise. (a, b, ¢) Three consecutive Gaussian intensity distributions well. The color coded power spec-

wavelet noise baf_‘ds- @ Mult_iresolu_tion yvavelet "0‘3‘? composed trum of the multiresolution wavelet noise shows that the wavelet
from the three noise bands using unit v_velghts. Each figure ShOWSnoise bands are band limited and have a limited overlap in fre-
the noise, the power spectrum of the noise, and the histogram of they ooy space. This is also illustrated in figure 3 which shows the ra-
noise (gray) with the expected distribution (red) : - .

gray P ) dially averaged power spectrum of three consecutive wavelet noise
bands.

cedural textures can be arbitrarily complex. Accordingly, we must
select a specific class of procedural textures. We chose multireso-

lution noise. This class of procedural textures roughly corresponds \we construct a procedural texture from a photograph of a texture
to the class of isotropic stochastic textures. This is one of the sim- starting from the multiresolution noise equation (equation 1) using
plest but also one of the most important texture classes. Isotropicyayelet noise bands. The goal is to compute the weightsf the
stochastic textures occur frequently in the real world, and at the mytiresolution wavelet noisa/ (z) such that the multiresolution
appropriate scale, a lot of real world textures can accurately be ap-pojse matches the texture in the photograph. In this analysis we
proximated by isotropic stochastic textures. assume that the photograph consists of a luminance channel only.

4 Matching The Power Spectrum

Multiresolution noiseV! (z) is constructed by summing scaled and

weighted versions of a noise band(z) 4.1 Theoretical Analysis
_ ) i ] We apply the Fourier transfor to both sides of the multiresolu-
M (z) = Z wilN <2 (@+ O’)) ' @ tion noise equation. Without loss of generality we can ignore the

offsetso;. Since the Fourier transform is a linear operator it can be
A random offse; is added to each noise band to decorrelate the distributed inside the summation.

different noise bands. The weightg determine the look of the i
procedural texturd/ (z). F (M (z)) = Zwif (N (2'z)). (3)

Mutiresolution noise works with any type of noise. A desirable

property of the noise function is that it has a narrow bandpass limit |n order to compute the weight, we define an operatds;, that

in frequency. We use wavelet noise [Cook and DeRose 2005] in- selects the frequency bahdn the Fourier domain

stead of Perlin’s noise function [Perlin 2002]. Wavelet noise looks

very similar to Perlin’s noise function but in contrast with Per- ; 0 b#1

lin's noise function, wavelet noise is band-limited and has a known Sp (7'— (N (2 37))) = { F(N (be)) b—i 4)
Gaussian intensity distribution. Note that multiresolution noise

based on a band-limited noise function can easily be antialiasedthe operators, assumes that the noise band is perfectly band-

using clamping [Norton et al. 1982]. limited. We applysS,, to both sides. Sincé, is a linear operator it
A wavelet noise bandV (z) is a quadratic B-spline surface. The co- can be distributed inside the summation. Using the definitiafl,of
efficients for the surface are constructed by creating an image filled we arrive at

with random Gaussian noise, and removing the part that can be rep-

resented at half the resolution. This is done by subtracting from the Sp (F (M (x))) = wpF (N (be)) . %)
image a downsampled and ampled version of the image in
Ialopgrloprialtev}liIter. P Hpsampled vers! Image, usl gAt this point it might seem as if the weight, can be determined

The expected variance2, of a wavelet noise band is approxi- DY dividing S, (7 (M (x))) by 7 (N (2°z)). However, this is not

mately 0.265. The expected variance of multiresolution wavelet the case, since only the statistical propertiesfo(fsz) are known.

noiseM (z) is This approach would work if\/ (z) was a multiresolution noise
oy =0 Zw;{ ) generated with known noise bands instead of an arbitrary photo-

p graph.

Although we cannot assume that the photograpliz) was con-

structed with a known noise bardd (2%), we can exploit the sta-

Figure 2 shows three wavelet noise bands and multiresolution tistical properties of a wavelet noise band to approximate the weight

For more details we refer to Cook and DeRose [2005].



Report CW 546, May 2009, Department of Computer Sciencéoleke Universiteit Leuven.

Number of pixels per frequency band

100000

10000

umber of pixels

mmmmmmmmmmm

(@ (b)
Figure4: Wavelet noise frequency bands. (a) The color-coded sup-
port of each wavelet noise frequency band in the frequency domain.
(b) The number of pixels in each band. The resolutidgn sx 512. -

(©)

2 _ 2 b 2 Figure 5: Matching power spectrum. (a) A set of randomly gener-
S0 (F (M ()] = wy |7: (N (2 1’))| : ©) ated weights. (b) An image generated using the weights in (a). (c)
The weights recovered from the image in (b). (d) An image gener-
ated using the weights in (c).

wy. We proceed by taking the power of both sides

To determine the power in the noise baNd 2%) we use Parse-
val's theorem, which states that the power Is the same in the spatial
domain and in the frequency domain

b AN (2 N than or equal t@~2, and is available if the resolution of the pho-
|7 (W (2°2))]" = |V (2°2) " ) tograph is at least® x 2°. The band index for an element at

. . . . . . osition(z, 7) in the Fast Fourier Transform of the photogr.
Since a wavelet noise band is a random Gaussian variable with zer (i, 7) P graph

i : sgivenb
mean and known varianees;, we can use the computational for- S g y
mula for the variance to determine its expected average power b = max (log, | |, log, | fi|) + 2, (10)
<|N (m)|2> = 02 ~ 0.265. (8) where f; and f; are the horizontal and vertical frequency corre-

sponding to elementi, 7). For a resolution ob12 x 512, the
noise bands in figure 2 have indicgs8 and7. A photographM
with a power of two resolution aV x N contains information for
log, N — 1 wavelet noise bands. For a resolutionsd2 x 512,
information for8 frequency bands is available.

/|Sb (F (M (2)))]? We also compute the average luminance during the analysis phase.
|wp| ~ | | ——F——. 9) Note that the average luminance corresponds to the DC compo-
oN nent of the Fast Fourier Transform of the photogrdgh During
the synthesis phase, an approximation of the photoghdptan be
In this analysis we make two important assumptions. The first is constructed by evaluating the multiresolution noise equation using
that the multiresolution wavelet noise is a good model for the pho- Wavelet noise bands and the computed weights, and adding back
tograph. This is the case for isotropic stochastic textures. The sec-the average luminance.

ond is that expected average power in a wavelet noise band is arjgure 4 shows the support of the frequency bands and the number
good estimate for the actual power in the wavelet noise band. This of pixels in each frequency band. The number of pixels for lower
assumption is necessary because we must make abstraction of thﬁ'equency bands becomes increasingly smaller. This implies that
actual noise bands. the expected average power becomes a less reliable estimate for the
Figure 3 shows the radially averaged power spectrum of three con-actual power in the frequency band. Therefore, the weight of lower
secutive wavelet noise bands. This figure also illustrates our modelfrequency bands also becomes increasingly less reliable.

for the expected power in each noise band. The power in each noiserigyre 5 illustrates our method for matching weights. We have gen-
band, which corresponds to the area below the corresponding curvegrated a set of random weights, generated an image using these

Note that the facto2® can be dropped, since the power in a wavelet
noise band is independent of its scale. The weightan now be
approximated by

is equal tary,, the area below the corresponding square wave. weights, computed the weights from the generated image using the
) method presented in this section, and generated a new image using
4.2 Implementation the computed weights. Both the weights and the images are simi-
) . lar, and there is a slightly larger error on weights corresponding to
We compute the weights,, for a photographV/ with a power of lower less reliable frgqugncygbands. g P 9

two resolution of N x N according to equation 9. We compute the
power in each frequency band by interpreting the photogrdpds
anN x N matrix, computing the Fast Fourier Transform, iterating
over all elements, sorting the elements into their corresponding fre-
guency band, and accumulating the power in each frequency band.

5 Matching The Intensity Distribution

Our method for matching the weights in the multiresolution noise
equation to a photograph always constructs a procedural texture
We number the wavelet noise bands according to their frequency with a Gaussian intensity distribution. This is because the wavelet
band. The wavelet noise band with indexorresponds to a fre-  noise bands are independent Gaussian random variables (see sec-
guency band with discrete frequencies with an absolute horizontal tion 3). Therefore it is reasonable to assume that our method for
and vertical frequency component smaller ti2in* and greater matching the weights will work better if the intensity distribution
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of the photograph is more Gaussian. Many of our photographs o

stochastic textures already have more or less a Gaussian intensity
distribution, but for photographs for which this is not the case, we
match the intensity distribution of the generated procedural texture
to the photograph using histogram matching. This ensures that ours
method also works with photographs with a non-Gaussian intensity

distribution.

Histogram matching is a method to coerce the histogram of an im-
age into a desired histogram shape. This is done by transforming| | ; k

the pixels in the image with the cumulative histogram of the image, | .|
which results in an equalized histogram, and then transforming the|' .
pixels again with the inverse cumulative desired histogram. His-
togram matching is similar to the transformation method in statis- I S —
tics, that generates a random variable with a known probability den- (@) (b) (©

sity function by transforming a uniform random variable with the ;0,0 6. Matching intensity distribution. (a) A photograph of a
corresponding inverse cumulative probability density function. For texture. .(b ¢) A procedural texture gener'ated from the photograph
more information about histogram matching we refer to Gonzalez (b) Without, histogram matching and (c) with histogram matching.
and Woods [2008]. Histograms are also shown. The fitted histogram is shown in (a)
In the analysis phase, we coerce the histogram of the photographwith lines.

into a Gaussian intensity distribution, with a variance that best fits

the histogram of the photograph. We then apply the weight match-

ing method to the Gaussianized version of the photograph. We storeg 1 RGB Color Space

the histogram that transforms the photograph back to its original

intensity distribution as an additional parameter. In the synthe- The most straightforward method to match the color of the com-
sis phase, evaluating the multiresolution wavelet noise results in puted procedural texture to the color of the photograph is to apply
a Gaussian intensity distribution, which we transform back to the the analysis of the photograph and the synthesis of the procedural
original intensity distribution of the photograph with the stored his- texture to the red, green and blue channel independently.

togram.

Image histograms are traditionally represented using 256 bins.
However, 256 parameters is a lot for a procedural texture. We re-
duce the number of parameters using histogram fitting, which ap-

proximates the discrete histogram with a more compact parameter-nel' H{’.W?\k’ler’ rt‘h'ts mett;océ re?ultﬁ in ur(ljwante;fd cigl?hr sh|ft|s not
ized representation. There are several possibilities, such as poly-PréSent in the photograph, due to the random olises the mui-

nomials, exponentials and Gaussians. We use a monotone pieceyresolutlon noise equation (equation 1) that decorrelate the differ-

wise cubic hermite spline [Fritsch and Carlson 1980] to fit the sub- ehnt no(ljse k()ja{;]ds. For exr?mplel, in o:dber to prcIJdtut(:je a ygIIO\_/v C?lor’
sampled inverse cumulative histogram. We choose the subsampled€ red and the green channel must be correlated, producing large
number of bins roughly the same as the number of weights. For avalues simultaneously, but the random offsets prevent this from

photograph with a resolution &2 x 512 we use 10 bins, which ~ n@PPening, producing red and green color shifts instead.
provides good results. The unwanted color shifts can be eliminated by using the same ran-

Note that our method for matching the intensity distribution does ?o;ndoffs?ts()i fc;r the|_:9d' greetrrl] anddblue chanr;ielt;l Th'sh's |IIu|s-
not compromise the random accessibility of the procedural texture. &€ '"f |gtl|1re (C)I. X 3""_‘?}’1‘?“ ere thgtrft?n an h ge c antne are
This is because the histogram of the synthesized procedural texturd1OW Periectly correlated. 1hismeans that this method cannot repro-

is derived from the statistical properties of wavelet noise (see sec- dUC€ variation in color that is present in the photograph. Figure 7
tion 3) rather than computed directly from the intensity values. shows that the RGB color space method is not able to reproduce the

green-brown colors in the photograph.

Figure 7 illustrates the RGB color space method. Figure 7(a) shows
a photograph and figure 7(b) shows the corresponding procedural
texture with an independently generated red, green and blue chan-

Figure 6 illustrates the method for matching the intensity distri-

bution of a photograph to the generated procedural texture. Fig-6.2 Decorrelated Color Space

ure 6(a) shows a photograph and its histogram. Figure 6(b) and

figure 6(c) show the procedural texture without and with histogram The red, green and blue channel in natural images are highly cor-
matching. Note that figure 6(b) has a Gaussian histogram. Therelated [Ruderman et al. 1998; Reinhard et al. 2001]. This means
procedural texture constructed with histogram matching is more that a pixel with a large value for the red channel is likely to have
similar to the photograph than the procedural texture constructed a large value for the green and the blue channel. This is the reason
without histogram matching. Figure 6(a) also shows the fitted his- why treating the red, green and blue channel independently did not

togram. generate the expected result in the previous subsection. However,
treating channels independently is possible in a decorrelated color
6 Matching The Color space obtained by principal component analysis.

We construct a decorrelated color space for a photogrdphy
computing the singular value decomposition of the covariance ma-
trix C' of the photograph. This is & x 3 matrix that measures
the correlation between the random variables corresponding to the
red, green and blue channel. The covariance métrig obtained

by multiplying the photograpt}/ with its transpose, wherg{ is a
matrix with a row for the red, green and blue channel and a column
for each pixel, in which the average red, green and blue value was
subtracted from each element. The singular value decomposition
of the covariance matriK’' is a matrix decomposition of the form

Our methods for matching the power spectrum and matching the
intensity distribution assume that the photograph consists of only
a luminance channel. In this section we show how to match the
color of the computed procedural texture to the color of the pho-
tograph using principal component analysis. For more information
on principal component analysis, we refer to Jolliffe [2002].
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parameters), the transformation matiixparameters), the weights
(3 x 8 parameters) and the histografx 10 parameters). After
the analysis phase, the photograph is discarded.

The synthesis phase of our method can be summarized as follows:

1. evaluate the multiresolution wavelet noise equation (equa-
tion 1) for each of the decorrelated color channels;

() 2. (optionally) apply histogram matching to each of the decorre-
lated color channels (see section 5);

3. recorrelate the red, green and blue channel (see section 6); and

4. add the average value of the red, green and blue channel back
to the corresponding channel.

The synthesis phase uses the parameters generated during the anal-
ysis phase, and corresponds to a true procedural texture with all the
previously mentioned advantages.

(©) (d) The procedural texture can efficiently be evaluated. A single eval-
Figure 7: Matching color. (a) A photograph of a texture. (b-d) uation of the procedural texture corresponds to a single multires-
Procedural textures created from the photograph using (b) an RGB olution wavelet noise evaluation for each of the three channels, a
color space, (C) an RGB color space with the same random Of‘fsetssingle Spline |00kup for each of the three channels to match the in-

for the red, green and blue channel, and (d) a decorrelated color tensity distribution, and a single matrix multiplication to recorrelate
space. the three channels.

8 Results

We have constructed a wide variety of procedural textures using our
method. Figure 1 and figure 8 show several successful examples of
procedural textures created with our method. Each example shows
a photograph of a real-world scene, a photograph of a texture in the
scene, a cropped version of the photograph of the texture, a proce-
o ) ) dural texture automatically generated from the cropped photograph,
A similar technique was used by Heeger and Bergen [1995] in the and a rendering of a virtual scene textured using the procedural tex-
context of texture synthesis and by Ruderman et al. [1998] to con- tyre. Figure 9 and figure 10 show more examples. The photograph
struct a decorrelated color space for natural images. with context and the photograph of the texture are uncalibrated pho-

In the analysis phase, we compute the decorrelated color spacetographs taken with an inexpensive digital camera. Note that the
and store the transformation matfiX’ as an additional parameter. ~ color of the texture in the context photograph and in the photograph
We apply the methods for matching the intensity distribution and Of the texture can be different due to automatic white balancing.
matching the power spectrum independently to each of the decorre-our method constructs a procedural texture rather than an image
lated channels. During the synthesis phase, the procedural texturgexture. In contrast to an image texture, the corresponding proce-
is evaluated, yielding a value for each of the decorrelated channels.qural texture is not limited in size and resolution, the procedural
We convert these values back to the RGB color space using thetexture is parameterized and can be edited, and the solid version of
transformation matrix. the procedural texture does not require a texture parameterization.

Figure 7 illustrates the decorrelated color space method. Figure 7(a)This is illustrated in figure 11. Our method strictly decouples the
shows a photograph and figure 7(d) shows the corresponding-proce @nalysis phase and the synthesis phase, discarding the photograph
dural texture in which the channels were independently generatedafter the analysis phase. This allows us to integrate the synthesis
in the decorrelated color space, using different random oftsets ~ Phase into for example a 3D modeling software package, a renderer
for each of the decorrelated color channels. The decorrelated colorof @ GPU shader. We have implemented our method as a Maya
space method is able to reproduce the green-brown colors in thePlugin and as a GPU shader.

C =UDUT, whereU is a3 x 3 orthogonal matrix and is a3 x 3
diagonal matrix whose elements are the singular valu€s. ofhe
3 x 3 transformation matrix that transforndd into a decorrelated
color space i€/”. The covariance matrix df/” M is a diagonal
matrix, indicating perfectly decorrelated random variables.

photograph. Our method is designed for isotropic stochastic textures. Figure 12
shows some unsuccessful examples of procedural texturesctreate
7 Summary with our method. Our method cannot reproduce marble veins and

. . wood grain. These are typically created procedurally by combining
The analysis phase of our method can be summarized as follows: turbulence with a sine function [Perlin 1985], and are not isotropic

1. compute the average value of the red, green and blue channeftochastic textures.
and subtract it from the corresponding channel; Procedural textures constructed using our method can be extrapo-
lated to solid procedural textures simply by evaluating them using

2. decorrelate the red, green and blue channel (see section 6); X TS A
3D wavelet noise bands. This is illustrated in figures 11 and 13.

3. (optionally) apply histogram matching to each of the decorre-

lated color channels (see section 5); and Our method allows to morph between textures by interpolating

) the parameters of the generated procedural textures. Figure 15
4. compute the weights for each of the decorrelated color chan- shows an example. All parameters are linearly interpolated, except
nels (section 4). the transformation matrix, which is interpolated using quaternion

The analysis phase is fast, robust and fully automatic. In less thansPherical linear interpolation.

a second, 12 x 512 photograph is reduced to a handful of pa-  Our method is perceptually motivated, similar to the method for tex-
rameters: the average value of the red, green and blue channel (
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(a) Grass.

| T3

(b) Ceramic tile.*

Figure 8: Successful examples of procedural textures created with our melawth. example shows a photograph of a real-world scene, a
photograph of a texture in the scene, a cropped version of the phqtbgfthe texture, a procedural texture automatically generated from
the cropped photograph, and a rendering of a virtual scene textusaejuthe procedural texture. The procedural textures in the examples
marked with an asterisk were constructed using histogram matching.

ture synthesis by example of Heeger and Bergen [1995]. Texturesa procedural texture. Our method avoids this problem by deriving
with similar first and second order statistics are difficult to discrim- the histogram of the procedural texture from the statistical prop-
inate [Julesz 1962; Malik and Perona 1990; Heeger and Bergenerties of wavelet noise rather than computing it directly from the
1995]. Our method for matching the power spectrum matches intensity values.

second order statistics, and our method for histogram matching The method of Heeger and Bergen and our method both use his-
matches the first order statistics. togram matching, but in a different way. Our method uses his-
Although our method fails on textures that are not isotropic stochas- togram matching to compensate for the fact that multiresolution
tic, it still constructs a procedural texture with matching image wavelet noise always produces a texture with a Gaussian intensity
statistics. These procedural textures are often still usable. For ex-distribution, and uses a direct spectral method to match the textures.
ample, structure is often found in higher frequencies, which are In contrast, the method of Heeger and Bergen iteratively matches
filtered out with distance. This means that our method also works the histograms of the levels of the pyramids of the textures to match
for such textures as long as they are not inspected from nearby.  the textures.

This is illustrated in figure 14 with the texture of figure 12(a). The Ghazanfarpour and Dischler [1995; 1996] introduced a spectral

three dresses on the left use the image texture and the three dressego, 4 tor automatic solid procedural texture generation from a
on the right use the procedural texture. The texture appears more,

similar with increasing distance. This is also illustrated in fig- single or multiple 2D example textures. Their me.thpd constructs a
ure 8(a) with the texture of figure'lz(d) procedural texture from an e>_<amp|e texture, consisting of a summa-
Because of this, our method might stiII.be a valuable tool for mod- tion of_a sm_all numt_)er of welgh_ted cosmes, det_ermlned by the frq-

; ' ignt . ) . quencies with the highest amplitude in the Fourier transform. Their
eling textures that are not strictly isotropic stochastic. Since our

method is fast and full t i method miaht also b method is designed for textures with only a few dominant frequen-
etnod Is fast ana fully automatic, our method might aiso be use- ieq ' \ch as checkerboards or wood, and cannot handle textures
full for bulk modeling of textures, for example when digitizing a

complete scene with content on a large number of frequencies. In contrast, the
p ) method presented in this paper is designed for isotropic stochastic

9 Comparisons textures, and can handle content on a large number of frequencies.
P Bourque and Dudek [2004] presented a very general system that

Heeger and Bergen [1995] and Portilla and Simoncelli [2000] pre- Performs a two-phase search over a library of procedural shader
sented parametric methods for texture Synthesis by examp|el OurThe first global Seal’_ch determines the texture ClaSS, and the second
method bears some similarity to these methods. The textures synlocal search determme; the parameters of the procedural texture. In
thesized with the method of Heeger and Bergen are similar to the contrast, our method directly computes the parameters of the proce-
procedural textures constructed with our method. Both methods dural texture, but is designed for isotropic stochastic textures. A lo-
also use a decorrelated color space and histogram matching. cal search has significant disadvantages compared to a direct com-
Figure 16 compares the results of our method with the method of putation. A local search is less efficient than a direct computation,
Heeger and Bergen. The comparison is based on the publicly avail-Since evalugtlng a set pf parameters requires rendering the texture
able steerable pyramid implementation of Simoncelli. The results and evaluating the similarity to the example texture, and less accu-
of both methods are similar. The major difference however is that rate than a direct computation, since the best parameters have to be
our method constructs a procedural texture, while the method of discovered in the potentially high dimensional space of parameters.

Heeger and Bergen cannot be formulated as a procedural texturepjethods for texture synthesis by example, including parametric
Heeger and Bergen synthesize a texture by iteratively matching themethods such as the method of Heeger and Bergen [1995], can
histograms of the levels of the Laplacian or steerable pyramid of ysyally not be formulated as a procedural texture. Non-parametric
the example texture and the synthesized texture. However, comput-methods for texture synthesis by example, such as the method of
ing the histograms of the synthesized texture is a global operation.\ej and Levoy [2000], generally need the example texture in order

This means that the method of Heeger and Bergen does not resultg synthesize a new texture, and do not allow to strictly decouple the
in a texture that is randomly accessible and cannot be formulated as
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(a) Vinyl flooring. (b) Blue towel.*

(c) Rock salt lamp* (d) Bluestone doorstep.

(e) Ceramic shower tile. (f) Blanket.™*

(g) Octagonal table. (h) Living room tile.

(i) Jeans vest: () Rust

(k) Clinker. * () Granite (Rose Sarde}.

(m) Granite (Bethel White)* (n) Granite (Shivakasi Yellow):

Figure 9: Several successful examples of procedural textures created withethod. Each example shows a photograph of a real-world
scene, a cropped version of a photograph of a texture, and a puoakkxture automatically generated from the cropped photograph. The
procedural textures in the examples marked with an astérigkre constructed using histogram matching.
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(a) Purple towel* (b) Brick wall.

(c) Limestone brick* (d) Ceramic tile.

|

LTI e S
(e) Concrete ceiling* (f) Stone tile.*

(h) Granite (Rustenbuild):

(i) Granite (Giallo Veneziano): () Marble (Azul Valverde).*

(k) Marble (Bianco Royal)>* () Granite (Mountain Pink)>*

- A

(m) Granite (Porrino)* (n) Human skin.
Figure 10: Several successful examples of procedural textures created withethod. Each example shows a photograph of a real-world

scene, a cropped version of a photograph of a texture, and a puoaktkxture automatically generated from the cropped photograph. The
procedural textures in the examples marked with an astérigkre constructed using histogram matching.
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@) (b)
Figure11: Advantages of procedural textures by example. (a) An image texij&.larger procedural texture automatically generated from
the image texture. (c) A close-up of the top left corner of the image textdréha procedural texture. (d) An edited version of the procedural
texture. (e) A rendering of a virtual scene textured using the solid versiidche procedural texture. In contrast to the image texture, the
procedural texture is compact8 kB versusl kB), is not limited in size and resolution, can be edited by manipulating the wemyinds,
removes the need for a texture parameterization.

(a) Dress.*

(c) Marble (Blanc Carrara CDY. (d) Hedge.”

Figure 12: Some unsuccessful examples of procedural textures created withetliod. Each example shows a photograph of a real-world
scene, a cropped version of a photograph of a texture, and a puoaktkxture automatically generated from the cropped photograph. The
procedural textures in the examples marked with an asténigkre constructed using histogram matching.

Figure 13: A virtual scene textured using solid procedural textures Figure14: Perceptual motivation for using procedural textures cre-
created with our method. Our method allows us to extrapolate 2D ated with our method. The three dresses on the left use the image
procedural textures to solid procedural textures simply by evaluat- texture and the three dresses on the right use the procedural texture.
ing the procedural textures using 3D wavelet noise bands. The textures appear more similar with increasing distance.

10
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Figure 15: Texture morphing. The texture of figure 9(m) is morphed into the texfuiguse 11 by interpolating the parameters of the
corresponding procedural textures.

Photograph

Our method

Heeger & Bergen

(a) Figure 1. (b) Figure 6. (c) Figure 8(a). (d) Figure 9(h). (e) Figure 11. ‘ (f) Figure 12(a). -

Figure 16: A comparison of our method to the method of Heeger and Bergen. Eadhpée shows a cropped version of a photograph of
a texture, a procedural texture automatically generated from the croppetograph using our method, and an image texture synthesized
from the cropped photograph using the method of Heeger and BergerreSults of both methods are similar, but the method of Heeger and
Bergen cannot be formulated as a procedural texture.

analysis and the synthesis phase. There have been efforts howeveample are most likely also a useful source of inspiration. We believe

to port some of the advantages of procedural textures, such as ranthat a general system for procedural textures by example could be

dom accessibility [Lefebvre and Hoppe 2005; Dong et al. 2008], constructed by combining a global search method to determine the

resolution independence [Han et al. 2008] and compactness [Weitexture class, like the one by Bourque and Dudek [2004], with a

et al. 2008], to texture synthesis by example. method for determining the parameters of a procedural texture, like
the one presented in this work, for each texture class.

10 Conclusion
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