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Abstract

We present a user-centered approach to image-based tex-
ture synthesis. The synthesis uses a user-defined brush as
generation primitive. This allows synthesis of textures at
the texel level and further integration of the method into
most of the existing digital image edition softwares. We
treat texture images as probability density estimators from
which new images with perceptually similar appearance
and structure can be sampled. We model the input texture
sample as aMarkov Random Field and propose severa a-
gorithms based on the locality and stationarity principles
assumed from the theory.

Keywords: Markov Random Field, Texture Synthesis,
Interactive Painting.

1 Introduction

The main goal of texture synthesis, shown in Figure 1,
is to develop a transformation function I, = F (I;), which
takes an input texture image |; and produce an output im-
agelo, such that their perceived visual differenceD  (1;, lo)
is above athreshold of visual differencefrom the original,
while matching the same underlying structure.

Figure 1. Goal of texture synthesis. Starting from a64 x 64
example texture (a), our method generated the 256 x 256
output (c) using asmoothed round brush of 9 pixelsdiame-
ter. Note that we avoided the verbatim repetition produced
by tiling the input pattern (b).

Our am is to propose an intrinsically interactive and

user-centered texture synthesistechnique that fulfill there-
quirements of artists. The main characteristic of a usable
texture synthesis technique remain its ability to produce
tillable textures from arbitrary inputs and its ability to con-
strain itself to existing image regions of any shape.

This paper present an algorithm that can be directly
linked in most of the image editing framework, as an ad-
ditiona brush tool, similar to the clone tool. The user's
needs and constraints where our guideline in choices to
meet both performances, usability and generality. The user
will be able paint custom seamless textures with a simple
brush.

This work is based on validated existing texture syn-
thesis techniques. However, we adapted the ideas to al-
low brush-driven texture generation and interactive per-
formances. We propose a speed-up algorithm that allow
fast neighborhood comparison based on early discarding
of non-similar sites. Moreover, our perceptual similarity
metric take into account an optional feature map that pro-
vide a measure of the perceptual weight of any site.

Users want to edit images in real-time. Hence, meth-
ods based on preprocessing of the input sample are not ap-
plicable. Our method trades speed with quality by limiting
the search region. Thus, the running time becomes inde-
pendent of the size of the input texture sample, and only
dependent on the size of the biggest visual feature. We
exploit the principles of locality and stationarity brought
by the Markov Random Field (MRF) theory to justify our
algorithms.

1.1 PreviousWork

Thefirst synthesis technique proposed in [8] was based on
histogram matching the synthesized texture with the input
sample at various resolution levels. Later, another multi-
resol ution approach was proposed in [3]. This method syn-
thesized a broad range of unstructured textures.

The latest works in statistical-based texture synthesis
use operations on wavelets to transform input samples.
[16] provides impressive results at the expense of slow
computing time. [2] extended the texture synthesis prin-
ciple to the generation of tillable Time Varying Textures



animations.

A few MRF-based techniques exist. Their strongest
disadvantage is the running time needed to reach an ac-
ceptable level of quality. The primary bottleneck to the
running time is the great number of nearest neighborhood
searchesto process.

[15] synthesize textures on massively parallel architec-
ture using a stochastic relaxation method [7]. [6] perform
an expensive exhaustive search in the input sampleto elect
each pixel’'s color. [17] propose to use a Vector Quan-
tization technique to accelerate the nearest neighborhood
search. Latest approaches require preprocessing to clas-
sify the sites sharing similar neighborhood [12, 18].

Severa image-based rendering techniques[5, 11] yield
real -time accel eration of the synthesis process by stitching
cropped patches sampled in the input texture. A hybrid
method [13] combines two approaches by choosing a per-
pixel synthesis only if the distances between two overlap-
ping pixels exceed a given threshold.

An attempt to bring some limited interactive control
to the synthesis process by extending the Wei & Levoy
techniquewas proposedin [1]. Imageanalogies[9] alow a
kind of interactivity by exploiting afull-screen user-drawn
sketch to steer the synthesis process.

2 Theoretical Considerations

Across the various references in computer graphics, com-
puter vision and data analysis, we did not find a suitable
formal definition of digital texture. [10] defines texture as:

Texture The term texture generally refers to repetition of
basic texture elements called texels.

Texel The texel contains severa pixels, whose placement
could be periodic, quasi-periodic or random.

Our definition will be based on two key principles of sta-
tionarity and locality, as shown by Figure 3.

Figure 3. Texture ensuring the stationarity and locality
principles. Two square view windows (b) and (c) are ran-
domly chosen in the input texture (a). The windows are
large enough to capture the visua feature of the texture
sample. With respect to the stationarity principle, (b) and
(c) look similar. In addition, by the locality principle, each
pixel of the textureis only related to a small set of neigh-
boring pixels.

Stationarity Given afinite view window, two different re-
gions of atexture defined by two different location of the
view window always ook similar.

Locality The color of a pixel is only related to the colors
of afinite set of neighboring pixels.

Texture A texture is ainfinite array of pixels that obey the
principles of stationarity and locality.

The former definition allow us to use the Markov Random
Field model asavalid statistical representation of textures.
Thismeansthat we can consider brightnessvalue of apixel
as only being dependent on the brightness values of its di-
rect neighboring pixels.

2.1 Markov Random Field Model
A variable X located at asite s on alattice

S={s=(x,y):0<x<N,0<y< M}

can be equal to any value xs € Ag, where the state space
As is usualy the RGB or greyscale color space. But the
probability P[Xs = xs] only depends on values x, located
in the neighborhood of the site s.

Neighborhood The neighboring sites are defined as those
sitesr € Ns C S where the neighborhood Ns contains usu-
ally a constant number of the closest sites around s.

Markov Random Field The MRF is defined by the lo-
cal conditional probability density function (LCPDF) with
respect to the neighborhood system

N : P [Xs|Xr,F € Ns]S € S,Xs € A

To model a greyscale digital image | as a MRF, we con-
sider the coordinates of each pixel in | as a site s on a
lattice S. The luminosity value of the pixel is equal to Xs.
If the pixel value is coded with 8 bits then the luminosity
valueis contained in the state space A = {0,1,...,255}.

2.2 Non-Parametric Model

Explicitly defining the LCPDF using the MRF model and
then sampling fromit, isanatural application of the theory.
However, in practice, we must learn the MRF from realis-
tic and finite inputs. The explicit building of the model
can be achieved by common statistical |earning techniques
such as Gibbs sampling [7]. Unfortunately, Gibbs sam-
pling is notoriously slow, and it's difficult to assess when
the process has converged.

In this work, we do not explicitly build the MRF. In-
stead, we start directly with the input image |; and search
for the most likely neighborhood I st C i, given an arbi-
trary query image lquery C lo Where |, is the current output
image. The processis repeated for each query.
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Figure 2: Texture synthesis results. All synthesized outputs are 256 x 256 tillable images. A round brush of 9 pixels
height was used to paint the textures, starting from an empty template.

2.3 Perceptual Similarity Metric

Given two digital images |1 and I, of identical sizeN x M,
it's not easy to quantify their degree of resemblance. Al-
most all thetexture synthesistechniquesfoundin literature
use the L, norm. While the later metric has mathemati-
cal sense, it does not take into account the psycho-visual
parameters of human vision. How the brain extracts the
main visual features of the image is not afully understood
process. For instance, empirical experiments demonstrate
that surface highlights and edges are discriminating fea-
tures of images.

At the beginning of the process, some pixels of the out-
put image are masked to indicate that they must be synthe-
sized. Often this binary masking is implemented by using
a conventional key color. During the texture synthesis, the
neighborhood comparisons should only involve valid non-
color keyed pixels of the output image |,. Therefore we
will use an approximation of the distance of two neighbor-
hoods by using the causal D function.

Let p1 = 11(x,y) and p2 = I2(x,y) then the expression
of D¢ can be written as

De(I1, 1) = Zy<N Yxem Ke (X,Y) Lium [P1, P2]
PebEe Zy<N Yxem Ke (X,Y)

where the squared luminosity distance of two pixelsp; and
p2 is given by:

0.30- (R(p1) — R(p2))]?
[0.59- (G(p1) — G(p2))]?
[0.11- (B(py) — B(p2)))?

The R, G and B functions extract respectively the red,
green and blue components of the pixel.

A Gaussian kernel K isused to preservethelocal struc-
ture of the texture part by increasing the error of nearby
pixels from the center of the considered neighborhood.
Moreover, we take into account a feature map F that con-
tain, for each site of 11, a scalar weight relative to the per-
ceptual importance of the site. Hence,

Lium (P1,p2) =

+
+

Ke (%,Y) = A(XY)F (x,y)K(X,y)

with A(x,y) = 0if the corresponding output pixel is equal
to the key color and A (x,y) = 1 otherwise.

3 Our Method

This section presents, with a bottom-up approach, our syn-
thesis method. The agorithm needs two true color images
li and l,. Some of their pixels are masked. The masked
sites of the output image I, will befilled by a sequence of
brush strokes.

Each stroke copies a patch found in the input image I
while using a nearest neighborhood search strategy to elect
the best causal patch. The neighborhood comparison used
by the search rely on our perceptual similarity presented at
the previous section.

3.1 Nearest Neighborhood Search

Our method is adaptive to input region of arbitrary (even
non-contiguous) shape. Therefore we will only consider
the input sites that allows a brush stroke to transfer only
non-masked pixels. We define S; = {s1,52,...,5} where
the brush, centered on s; € S;, only contain sites s € S;.

The main bottleneck of non-parametric sampling pro-
cedures is the search for the closest neighborhood of a
site s C |, into the input domain S;. The naive exhaustive
search blows up the runtime for large input samples.

Several faster methods exist. Searching the closest im-
age patch can be viewed as a nearest neighbor search in
high dimensions vectorial spaces [14]. KD-tree structures
[11] or Vector Quantization techniques[17] could be used
to find a close match quickly. Most of the alternative ap-
proaches require preprocessing to classify the sites sharing
similar neighborhood [12, 18].

However, we could rely once more on the MRF theory
to justify a simpler proposal that only require precalcula
tion dependent on the size of the kernel N.

3.1.1 Similarity Evaluation

Before each search, we build a sorted list containing every
sites s € N sorted by their relative potential contribution
Kc (s)to the total similarity scoring. If A(s) =0, thensis
notinsertedinthelist. Only theinput-dependentterm F (s)
needs to be modulate to the precomputed value A (s) K (s)
presentsin the list. The firsts sites are likely to contribute
greatly to raise the similarity scoring. Therefore, we could
stop the evaluation early once the current score exceed a
given proportion of the best solution found so far. In prac-



Figure 4: Comparison of various texture synthesis algorithms. (a) Efros & Leung. (b) Wei & Levoy. (c) Patch-based
Sampling. (d) Hybrid Texture Synthesis. (€) I nteractive Texture Synthesis using around brush of 9 pixels diameter. Every
output is a 128 x 128 image.

tice, early discarding of potential sites improve the search
efficiency by afactor.

The associated feature map could be arbitrary. We
experimented that greyscale maps produced by edges-
sensitive filters such as the glowing edges filter improved
the similarity accuracy.

3.1.2 Moving Window Search

A corollary of the principles of locality and stationarity is
that any neighborhood, large enough to capture the biggest
visual feature of the input texture, and centered on a given
site s; € Sj, contains a pair of sites such as their neighbor-
hoods match.

At first glance, we could limit the search areato awin-
dow N, centered around a random pivot point r € Si. Ny
should contain at least as many sites as the size of the per-
ceptual kernel K. Moreover, we use alarger window’s size
to explore the input domain further at each step.

We propose to displace the window’s pivot point in-
stead of randomly picking a site at each time step. This
step by step coherent approach allows, in practice, to find
more suitable neighborhoods. Indeed, the spatial correla
tion between visual featuresis taken into account.

If the search do not yields an acceptable similar site,
then we re-launch the search with arandomly chosen pivot
point.

3.1.3 Introducing Variance

To add a controlled variance to the election of the near-
est neighborhood, we retain a small list of the bests sites
found by the neighborhood matching procedure. A toler-
ance parameter t > 0 is used by the algorithm to control
the amount of variance.

Formally, we define a set

Qp = {si €Si:Dc(No,Ns;) < D¢ (No,Ns,) +1}
where Ng C lp and N, C ; is the neighborhood of the site

sp € Sj that match the best N,. To elect the best neighbor-
hood, we sample randomly Q.

3.2 Brush Stroke

Given a pivot site p, in the output image and the best
neighbor site p; found in the input texture, the method will
synthesize severa pixelsin arow. A transparency value
is associated to each site offset (01,02, . ..,0k) of the brush
shape. For each output sitesj = (po+0j) j € [1...K] cov-
ered by the brush, we will compute the new pixel’s color
resulting from aweighted blending dependent on the trans-
parencies values associated with the sites p;, sj and brush
offset o i

Letaj € [0...1] and bj € [0...1] the respective trans-
parency values associated with 0 and s;. Lett; € [0...1]
the brush value of 0j. Then the new output pixel color
becomes

g _ li(pi+0j)ajtj +lo (o +0j) bj (1 —t))
: bj -+t (aj —bj)

Note that each color and transparency channels of the
output pixel will be updated with the same formula. The
weighted pixel blending operation smooth the transitions
between patches by feathering. The resulting color could
alter the original texture histogram, hence altering the orig-
inal structure of the input texture. However this pixel
blending approach has become a standard in most digital
painting software, thus corresponds to the user’s intuition
and expected resullt.

@ (b) (© (o

Figure 5. Various brushes. (a) Single pixel pen. (b)
Smooth disc of 13 pixel diameter. (c) Hard disc of 13 pix-
els diameter. (d) Texture splatch.

The brushes can have any shape and size as shown
on Figure 5. By using a pencil brush, the stroke opera-
tion have similar behavior than the pixel-based methods
described in [6, 17].



4 Applications and Results

The texture synthesis technique described in this work
was primarily intended to replace the common clone tool
present in major pixel based image editing software. To
use the clone tool, the user defines a constant offset by
picking a coordinate in a texture region of the edited im-
age. Then, the brush strokes copy the pixels values|ocated
at the corresponding offset coordinate. However, this tech-
nigue does not guarantee proper edge handling and does
not constrain the synthesis to current output. Seams and
other visual artifacts appear. Moreover, the pivot point
must be redefined very often in practice. Using the clone
tool seems to requires too much skills of the user.

To use the proposed technique, the user smply needs
to (i) Indicate the texture pixels, for instance by masking a
portion of the image. (ii) Define the size of the neighbor-
hood K. (iii) Define the brush shape. (iv) Paint aregion of
the image.

By repeating these steps, texture mixtures, image in-
painting, image extrapolation (Figure 6) and foreground
removal (Figure 7) become natural operations.

Figure 6: Image extrapolation. Only the border of the in-
put template wasfilled in place with the non-tillable center
considered as input sample.

Figure 4 shows comparative results with previoustech-
nigues on the most common green gradient benchmark
texture. The various images are chosen as the best rep-
resentative quality provided by each technique, regardless
of the required computing time, except for our result which
ensures interactive performance on a workstation.

Figure 7: Ever wondered what is hidden behind Lena?
Starting from the original image, we painted arough mask
to indicate where Lenais lying on theimage. Thenwein-
painted the masked region while using the image itself as
input example.

We tested our algorithm with success against various

representative photo-realistic texture samples of the Bro-
datz catalog [4], some De Bonet’s images [3] and other
photo-realistic inputs were tested (Figure 2).

Highly structured textures are difficult to synthesize
with believableresults as shownin Figure 8. Thisbehavior
is unfortunately intrinsic to the MRF model of the texture
surface.

Figure 8: Synthesis failure. The MRF model perceptual
metric did not emphasize the regularity of little holes po-
sitions. Therefore, this main structural feature of the input
textureis not preserved.

To generate the wood texture shown by Figure 9, we
used a search window as big as the input source. Then,
only the perceptual similarity metric was tested.

Figure 9: A difficult case. With a neighborhoods of 128
pixels, our perceptual metric failed to capture the lami-
nated structure of the wood. Hence the result loose some
structural information. However, it is disputable that the
input sample exhibits the properties of texture.

Beside the cases where the technique shows its lim-
its, results are encouraging. Most of result images seem to
bring more variancein comparison with patch-based meth-
ods and less visual artifacts than pixel-based methods.

5 Conclusion

We have implemented a method to produce variations and
extrapolation of example texture images. Our approach is
based on the principles of locality and stationarity brought
by the Markov Random Field theory. Under these two
fundamental hypotheses, we have proposed algorithmsfor
nearest neighborhood search and texture synthesis of a
brush stroke. The proposed perceptual similarity metric
is adapted to our specific application and based on the use
of radial neighborhoodsweighted by Gaussian kernelsand
an optional feature map.



The algorithm only needs a few intuitive parametersto
work and was intended to be used by average users. Exper-
imental results shows that the output result is sufficiently
different from the original, and appears to have been cre-
ated by the same underlying generative process.

The brush stroke concept allows the integration of the
texture synthesis process with blending or feathering and
the consideration of boundary conditions. It gives the user
control over the synthesis process, because bad results can
quickly be overdrawn.

The method respects the basic framework of modern
digital image editors and provides a reliable generaliza-
tion of the clone tool at the expense of more computing
resources.
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