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Abstract. In the technology called non-photorealistic rendering (NPR), which pursues
artistic expressions and visual appeal without sticking to realistic expressions, NPR with
various expressions is required. Therefore, we propose an NPR method for automatically
generating abstract-painting images from photographic images. Abstract painting is an
art that bright paints are randomly painted and mixed colors are beautiful. The proposed
method is executed by an iterative calculation using Poisson distribution and entropy. To
verify the effectiveness of the proposed method, an experiment was conducted to visually
confirm abstract-painting images generated by applying the proposed method to various
photographic images. Additionally, an experiment was conducted to visually confirm the
changes in abstract-painting patterns generated by changing the values of the parameters
in the proposed method.
Keywords: Non-photorealistic rendering, Abstract painting, Poisson distribution, En-
tropy, Automatic generation

1. Introduction. Many researches on non-photorealistic rendering (NPR) have been
conducted so far [1, 2, 3, 4]. NPR is a computer graphics technology [5, 6] that generates
non-photorealistic images that convey visual information more effectively and enhance
artistry and entertainment by drawing with various enhancements and omissions such as
paintings and illustrations. Further, when NPR is classified according to the input data,
non-photorealistic images are automatically or semi-automatically converted from images,
videos and three-dimensional data.

In this paper, we focus on NPR that automatically converts non-photorealistic images
from photographic images. Additionally, we consider NPR to generate abstract-painting
images. Abstract paintings are an art that bright paints are randomly painted and mixed
colors are beautiful. In general, abstract paintings make it difficult to see what is drawn.
Abstract-painting images preserve the edges of photographic images and makes it easier
to recall photographic images. Similar to the proposed method, NPR methods have been
proposed for generating pop-art images [7] and thermographic images [8] that are colorful,
preserve the edges and can recall photographic images. Pop-art images are generated
by image processing [9, 10] using binomial distribution, and thermographic images are
generated by an iterative processing using inverse filter [11] and smoothing filter with
swapping between RGB. Abstract-painting images are non-photorealistic images with
textures different from those of pop-art images and thermographic images.
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The proposed method is executed by an iterative calculation using Poisson distribution
and entropy. To verify the effectiveness of the proposed method, an experiment is con-
ducted to visually confirm abstract-painting images generated by applying the proposed
method to various photographic images. Additionally, an experiment is conducted to vi-
sually confirm the changes in abstract-painting patterns generated by changing the values
of the parameters in the proposed method.
This paper is organized as follows: the second section describes the proposed method for

automatically generating abstract-painting images from photographic images, the third
section shows experimental results and reveals the effectiveness of the proposed method,
and the conclusion of this paper is given in the fourth section.

2. Proposed Method. The proposed method is executed in two steps: Step 1 calculates
entropy using Poisson distribution, and Step 2 uses entropy to convert photographic
images. Since Poisson distribution is particularly suitable for modeling the occurrence
frequency of rare events, the use of Poisson distribution in the proposed method allows
us to consider the effects of characteristic regions in photographic images that occur
infrequently. Abstract-painting images are generated by iterating through Steps 1 and 2.
A flow chart of the proposed method is shown in Figure 1.

Figure 1. Flow chart of the proposed method

Details of the procedure in Figure 1 are explained below.

Step 0: The input pixel values (R,G,B) on spatial coordinates (i, j) are defined as
fR,i,j, fG,i,j and fB,i,j, respectively. The pixel values fR,i,j, fG,i,j and fB,i,j have value
of U gradations from 0 to U − 1. The pixel values of the image at the t-th iteration

number are defined as f
(t)
R,i,j , f

(t)
G,i,j and f

(t)
B,i,j, where f

(0)
R,i,j = fR,i,j , f

(0)
G,i,j = fG,i,j and

f
(0)
B,i,j = fB,i,j .

Step 1: The range of pixel values is divided into M divisions, and the pixel values

f
(t)
R,i,j, f

(t)
G,i,j and f

(t)
B,i,j are assigned to the division, respectively. The assigned divisions

d
(t)
R,i,j, d

(t)
G,i,j and d

(t)
B,i,j have integer values from 0 to M − 1, and are calculated by the

following equations, respectively.
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where a is a positive constant and round() is a function that truncates after the

decimal point. At the assigned divisions d
(t)
R,i,j, d

(t)
G,i,j and d

(t)
B,i,j, the probabilities

p
(t)
R,i,j,m, p

(t)
G,i,j,m and p

(t)
B,i,j,m that the division m (= 0, 1, . . . ,M − 1) appears within

±W around the spatial coordinate (i, j) are calculated, respectively, where W is a
positive constant representing the window size.

When m is less than M − 1, the Poisson distributions P
(t)
R,i,j,m, P
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G,i,j,m and P
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are calculated by the following equations, respectively.
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The Poisson distributions P
(t)
R,i,j,M−1, P

(t)
G,i,j,M−1 and P

(t)
B,i,j,M−1 are calculated by the

following equations, respectively.
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The entropies E
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using the Poisson distributions P
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Step 2: The pixel values f
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B,i,j are calculated by the following equations

using the entropies E
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where the notation % represents a remainder operation. When the pixel values f
(t)
R,i,j,

f
(t)
G,i,j and f

(t)
B,i,j are less than 0, f

(t)
R,i,j, f

(t)
G,i,j and f

(t)
B,i,j must be set to 0, respectively.

When the pixel values f
(t)
R,i,j, f

(t)
G,i,j and f

(t)
B,i,j are greater than U − 1, f

(t)
R,i,j, f

(t)
G,i,j and

f
(t)
B,i,j must be set to U − 1, respectively.
An abstract-painting image is obtained after Steps 1 and 2 of T times iteration.

3. Experiments. We conducted two experiments: the first experiment was to visually
confirm the changes in abstract-painting patterns generated by changing the values of the
parameters in the proposed method, and the second experiment was to apply the proposed
method to various photographic images. The first experiment used Pepper image shown
in Figure 2, and the second experiment used 3 photographic images shown in Figure 3.
All photographic images used in the experiments were 512∗512 pixels and 256 gradations.
Unless otherwise noted, the values of the parameters M , a, W and T were set to 16, 10,
8 and 30, respectively.

Figure 2. Pepper image
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Figure 3. Various photographic images

3.1. Experiment with changing parameters. Abstract-painting images generated by
changing the value of the parameter M were visually confirmed using Pepper image. The
value of M was set to 4, 16 and 32. The results of the experiment are shown in Figure
4. As the value of M was larger, abstract-painting images had more abstract-painting
patterns.

(a) M = 4 (b) M = 16 (c) M = 32

Figure 4. Abstract-painting images in the case of M = 4, 16 and 32

Abstract-painting images generated by changing the value of the parameter a were
visually confirmed using Pepper image. The value of a was set to 5, 10 and 15. The
results of the experiment are shown in Figure 5. As the value of a was larger, abstract-
painting images had more abstract-painting patterns and abstract-painting patterns were
expressed more clearly.

(a) a = 5 (b) a = 10 (c) a = 15

Figure 5. Abstract-painting images in the case of a = 5, 10 and 15

Abstract-painting images generated by changing the value of the parameter W were
visually confirmed using Pepper image. The value of W was set to 4, 8 and 12. The
results of the experiment are shown in Figure 6. As the value of W was larger, the size
of abstract-painting patterns was expressed larger.
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(a) W = 4 (b) W = 8 (c) W = 12

Figure 6. Abstract-painting images in the case of W = 4, 8 and 12

Abstract-painting images generated by changing the value of the parameter T were
visually confirmed using Pepper image. The value of T was set to 10, 20 and 30. The
results of the experiment are shown in Figure 7. As the value of T was larger, abstract-
painting patterns were expressed more clearly and finely.

(a) T = 10 (b) T = 20 (c) T = 30

Figure 7. Abstract-painting images in the case of T = 10, 20 and 30

3.2. Experiment using various photographic images. The proposed method was
applied to 3 photographic images shown in Figure 3. The results of the experiment are
shown in Figure 8. All abstract-painting images were expressed by abstract-painting pat-
terns that were randomly and colorfully expressed. Additionally, all abstract-painting
images could preserve the edges of photographic images.

Figure 8. Various abstract-painting images

4. Conclusions. We proposed an NPRmethod to automatically generate abstract-paint-
ing images from photographic images. The proposed method was executed by an iterative
calculation using Poisson distribution and entropy. To verify the effectiveness of the pro-
posed method, an experiment was conducted to visually confirm abstract-painting images
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generated by applying the proposed method to various photographic images. Addition-
ally, an experiment was conducted to visually confirm the changes in abstract-painting
patterns generated by changing the values of the parameters in the proposed method. As
a result of the experiments, it was found that the proposed method can preserve the edges
of photographic images. It was also found that the width and number of abstract-painting
patterns can be changed by changing the values of the parameters.

The future task is to apply the proposed method to videos and three-dimensional data.
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