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Abstract
A paintbrush-like image transformation is proposed in
this paper. It is based on a random searching to insert
brush-strokes into a generated image at decreasing scale
of brush-sizes, without predefined models or interaction.
One of the goals of the method is to transform the image
into a representation that is very similar to the human
sensation of artistic images. We introduce a sequential
multiscale image decomposition method, based on
simulated rectangular-shaped paintbrush strokes. The
resulting images look like good-quality paintings with
well-defined contours, at an acceptable distortion
compared to the original image. The image can be
described with the parameters of the consecutive
paintbrush strokes, resulting in a parameter-series that
can be used for compression. The painting process can be
applied for scale-space image representation,
segmentation and contour detection, and image
representation for retrieval purposes.

1. Introduction
Images can be interpreted in several ways by

decomposition into basic functions: strokes [4, 5], fractals
[1], etc. Each of these is natural in some sense: strokes are
good representations of letters or shapes, Gabor-functions
are natural for human sensation, fractals originate from
the self-similarity. When we are looking at some images
or image scenes, we usually search for familiar features.
This is exploited in fine arts: small details are sometimes
neglected while the main features are enhanced.

Nonlinear partial differential equations [6] can be used
for enhancing the main image structure. When
compressing the image, anisotropic diffusion, based on
the scale-space paradigm, can enhance the basic image
features to get visually better quality [8].

When observing an image, our visual system [11] is
searching for small image-fragments to describe the
scene: contours described by lines and curves, patches,
simple textures, strokes. How can we interpret an image?

There is an offering answer for this question from an
artistic point of view: ask a talented painter and he/she
will give a painted interpretation of the word: the scene as
the artist sees it. Certainly, paintings and drawings are
very different in their nature. A good artist can sketch the
picture with one curved line making a drawing. In this
paper we shall deal with images painted detail by detail
only. Such an image is made of brush-strokes of different
sizes and colors put on the screen one after the other in a
sequence by the painter. Small articles are elaborated with
fine brushes, while plain surfaces are painted with greater
strokes.

In this paper we try to follow a painter’s process by
using simplified artificial strokes. It is not an image-
filtering to get a painting-like isotropic transformation.
Other image-painting methods of computer graphics deal
with model- or edge-controlled methods [e.g. 3,7]. These
methods can serve interesting effects, but they are far
from the quality of a careful painter (e.g. old-fashion
portrait painters or S. Dali).  Our first goal is to simulate
the painting process to get a picture similar to a real
painting, where the purpose of the painter is to portray
something, which looks like to be a real scenery. We deal
with a method copying the real visual world into a
pleasant form rather than with the artistic interpretation of
some special style. On the other hand, the sequential
parameters of the consecutive strokes can be applied for
image description or some moderate compression as well.
We can see that our method enhances the main features,
which can easily be followed by the eye. The strokes
guide our sight.

2. The basic concepts
Here we’d like to take into considerations the human

behavior and sensation when looking at and
reproducing the visual word. When looking at an
image, then there is a very usual way of understanding
the visual information:

•  Looking at the main outline of the image,



•  Looking for the objects,
•  Finding small details,
•  Wandering and roaming on the image.
When interpreting the image content in a visual form,

like representational painting, the re-creation of the image
can proceed a similar way:

•  Outlining the main areas,
•  Elaborating objects,
•  Refining the small details.
In both cases (understanding and reproducing) there is

a well-defined scale-space line. First the large details,
later the finer details are proceeded. In this aspect the
representational painting is similar to the anisotropic
diffusion that is based on the scale-space theory [6] based
on PDEs. However, there is a very important difference
between the two scale-space approaches, namely:
 Anisotropic diffusion enhances the main edges
but smoothes the others, while the present paintbrush
transformation has sharp edges at any stage. We get sharp
details even in the case of small or low-contrast areas. In
the latter sense representational painting gives better
segmentation than the anisotropic diffusion. The effect is
similar to that of Markov Random Field segmentation [2].
However, MRF has the drawback that the possible
number of “colors” could be maximum cc. 10 to achieve
good segmentation in a finite time.

The other important viewpoint is the question of the
finest details of an image. When the image contains too
many fine details (e.g. sharp photo), our sight may be
perturbed by the unnecessary small details. If the image is
compressed before by a function-set of e.g. Cosine or
Wavelet functions, then the image results in very
annoying artifacts in the range of fine details. So, we have
fine details, sometimes they are over-defined, sometimes
they are over-informed. We can only remove the
annoying fine information contents at the cost of
smoothing the sharp segment-contours. A very practical
effect is the case when we are looking at an image from a
distance:

•  In case of artwork painting, the visual effect could be
perfect, giving high contrast to represent the objects;

•  Getting closer to the painting, we see sharp edges
(paintbrush-strokes), but there is a point, where there
are no more fine details behind it. We automatically
stop to get closer, and it is not annoying;

•  We can enjoy and relax when looking at the image,
since there are no details, which are vibrating when
scanning through.

When defining what we hope from a new process that
follows the main features of representational painting, we
can define the main concepts of the new algorithm:

1. It should have sharp edges at any level of image-
construction;

2. There are no fine details below a limit;
3. There are sharp edges at the finest level as well;
4. From a given distance the image must give the

same visual scenery as the original.
In the following we can see that the above constraints

can be fulfilled by a method, which follows the generation
of painting by using different sizes of paintbrush strokes.

3. The algorithm

Main steps of the algorithm are following to generate
paintbrush strokes:
1) Starting with the rawest brush-size;
2) Selecting the next, smaller brush-size (δ);

•  If the finest scale is over then Goto 14;
3) Cϕδ :  Convolving the I input image by brush-

distributions depending on orientation ϕ and brush-
size δ. At  δ brush-size we have at least 8 Cϕδ  maps
due to the ϕ orientations. This map-series is
necessary to estimate the brush-color anywhere in
the image without further brush-stroke tuning.

4) D: Difference image between the original I and the
present iterated stage X;

5) A: Absolute or square values of the D difference
image to get a distortion-map;

6) If the error-summation over A  is smaller then a limit
•  then Goto 2;

7) E: Convolving the A error image by a smoothing due
to the diameter of the δ  brush-size;

8) Calculating histogram of the distortion-map E,
defining a threshold value where the probability of
higher errors is ε;

9) Randomly choose a x,y position in the image and a ϕ
brush-orientation;

10) If the distortion value of E  at the pixel position of x,y
is in the upper region of the distortion-histogram
with probability ε  then
•  give the color of Cϕδ(x,y) to the brush-stroke

centered at position (x,y) with the actual ϕ
orientation and δ  brush-size;

•  or, in case of large strokes, give the color of the
majority vote in the brush-area of the original I
image to the brush-stroke centered at position
(x,y);

11) Cover the painted image by the pattern of this
brush-stroke;

12) If the error-summation between the original and
present stage images over the area of this stroke
is smaller then a limit
•  then accept the new stroke;
•  else reject and restore the previous

stage in the stroke-area;



13) If the counter of the brush-strokes is smaller than a
limit-number

•  then Goto 9 ;
•  else Goto 4 ;

14) Ready.

We can see that our algorithm is stochastic, error-
controlled and multiscale. In our present experiments
brush-strokes are simple rectangles. Since strokes need
relatively great convolutions, the Cϕδ  maps are generated
in the Fourier domain.

The method has been tested for several parameter sets
and test images. Some of the resulted images can be found
in Figure 1. The “painted” images seemed to have high

quality at the last phase with the finest brush. However, at
every stage the edges are sharp and the patterns and
textures are appropriate. It is interesting to note that the
sharp edges and patterns can be generated without any a
priori definitions of contours or textured places.

This method demonstrates that a fully random
searching process generating brush-strokes can result in a
high quality and pleasant-to-see image. This method takes
about 10-30 minutes on a Pentium III PC when generating
a 512x512 image. However, it can be easily implemented
in parallel processor-arrays at high speed, like MRF-
based algorithms in [9].

    

    
Original image  Intermediate with larger brush-size    Finished image with small brush-size

Figure 1.  Painting stages at different brush-sizes of image “Lena” and “Goldhill”
Number of the scales of brush-strokes was up to 10

4. Segmentation by the transformation
The transformation in the present form (rectangular
uniform brush-strokes) generates pattern-formations of
sharp edges. Figure 2 shows the effect for test image
“Rowboat”, where we get good contours for the object-

edges, even in the places of the original image where it is
hard to find contours. In Figure 1 we find that the final
brush-size of the painting process determines the scaling
of the contour-detection. In this sense, this transformation
is a scale-space feature-detection method.



We can modify the algorithm to support color-selection
considering the neighborhood of a brush-stroke.
Constituting two error-measures, namely: distortion from
the original area and difference around the perimeter, we
can run an MRF-like optimization by using brush-stroke
patches. In this way we have got larger contiguous areas
and good segmentation.

Figure 2.
The original image “Rowboat” (up), its painted copy

(down) and their edge maps

5. Compression
When generating the “painted” image consisting of a
series of paintbrush strokes, the resulting image can be a
good quality one with some unique image structure. This
can be applied to describe the image. The main steps of
the compression-like algorithm are:

1. Series of paintbrush strokes
•  Grouping parameter: δ brush-size
•   Placement parameters: position x and y and  ϕ

orientation
2. Reverse checking to delete covered strokes, to

eliminate redundancies
3. ZIP code (statistical compression) of the

parameter series

The diagram in Figure 3 shows that the above method is a
progressive coding. However, the present first-attempt
coder has poorer compression quality in PSNR than other
well-known methods [e.g. 1].
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Figure 3.
Compression ratio (depending on the size of the final
brush-strokes) vs. SNR when  “Lena” is transformed

into brush-strokes
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