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Abstract: Designers and artists often require reference images at authoring time. The emergence
of computer technology has provided new conditions and possibilities for artistic creation and
research. It has also expanded the forms of artistic expression and attracted many artists, designers
and computer experts to explore different artistic directions and collaborate with one another. In this
paper, we present an efficient k-means-based method to segment the colors of an original picture to
analyze the composition ratio of the color information and calculate individual color areas that are
associated with their sizes. This information is transformed into regular geometries to reconstruct the
colors of the picture to generate abstract images. Furthermore, we designed an application system
using the proposed method and generated many works; some artists and designers have used it as
an auxiliary tool for art and design creation. The experimental results of datasets demonstrate the
effectiveness of our method and can give us inspiration for our work.
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1. Introduction

The emergence of computer technology has provided new conditions and possibilities for artistic
creation and research, and it has attracted many artists, designers and computer experts to explore
different artistic directions and collaborate with one another. The use of computer technology is
becoming increasingly convenient and common in artistic creation. With the development of computer
image technology, particularly the development of neural network and machine intelligence technology
in recent years, an increasing number of artists and designers have begun using computers as
image-processing tools or as a supplementary method for artistic creation and the application of
artistic design. The use of software to popularize artistic creations is also common.

Creating a painting is a subjective work that emphasizes individuality and feature. It is a complex
process and relies on many subtle factors. One method for creating traditional paintings is manual.
However, in the field of contemporary art, computer technology has greatly expanded the possibilities
of artistic expression, for example, Manfred Mohr, Ronald Davis [1,2] and so on. The main objective of
this paper is to describe our attempt to generate abstract paintings using computer technology, and the
algorithm that we developed can also be used to help artists and designers provide references and
auxiliary tools for creative projects.

In our work, to analyze the composition ratio of color information, a k-means-based method
is presented to segment the colors of the original pictures. To generate abstract images, we
calculate individual color areas to reconstruct the colors of the picture and transform them into
regular geometries (e.g., circles). Furthermore, we created several pieces of artwork and designed
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an application system using the proposed method. The experimental results reveal that the method
that we proposed can be used as an efficient auxiliary tool for art and design creation.

2. Related Works

Generally, computer painting involves using computer image and graphics software such as
Photoshop to draw pictures or computer technology to simulate artistic visual effects such as those
in oil paintings, pencil drawings, sketches, and prints. Computer image generation is a process
where an image is produced using only a computer program without the explicit influence of humans
during the creation process. This process is also known as a computer painting or algorithm painting,
e.g., a fractal geometry produced by a fractal-pattern generation algorithm [3–6]. Although this type of
fractal graph expression was not initially used for artistic expression, later produced many excellent
pieces of art related to the fractal [7,8].

American scientist Ben F. Laposky is considered the first person to have produced algorithmic
paintings. In 1952, Laposky created his work Electronic Abstractions using an early computer and
an electronic cathode tube oscilloscope [9]. Since then, more artists and computer experts have
collaborated to explore different artistic directions. In her work Transformation, one of the pioneers of
computer art, Vera Molnar, used the principles of geometry by changing the proportions of circles,
rectangles and triangles to obtain different aesthetic effects [10]. Zajec Edward has suggested that
computers should be used to explore new possibilities of artistic creation from the point of intersection
with art, such as the artistic effect of a reconstructed image after the original image is decomposed
into band structure and geometry [11]. In the last few decades, with the development of computer
graphics, designers and artists have gradually begun using computers to create graphics and process
images. Deep Dream is an influential visual tool that Google recently created and was designed as
an artificial neural network model based on simulating neurons in the human brain. The model is
trained by receiving a large amount of data; it determines the rules from the data and uses these rules
to evaluate and predict images that it has never observed. Using this process, the model appears to
have its own “consciousness” and can create paintings by itself [12]. In 2015, Gatys et al. proposed
an understanding of how people should create and perceive artistic images from the perspective
of a deep neural network algorithm [13], mainly, the transfer of artistic style characteristics. Using
computers for artistic creation and removing the limitations of traditional art forms have created new
possibilities for art creation and stimulated the imagination and creativity of artists. It has enabled the
development of new art forms and has provided a new space for technology development [14–16].
Meanwhile, there are some reports of mathematical methods to analyze art [17,18].

Abstract painting is one of the important forms of painting. It essentially simplifies the
performance of the object and has its own meaning and value [19]. Some highly priced works
in important auctions in recent years are abstract paintings, which include works of Pollock and Cy
Twombly. Abstract painting is a concept that is relative to the concrete; its main use of points, lines,
face, color, texture and other pure painting language expresses the emotions or ideas of the creators
(see Figure 1). These features of abstract painting provide the theoretical support and possibility of
intelligent creation using computers.

Figure 1. Works by Kandinsky, which can be downloaded from an open-source website http://image.
baidu.com/.

http://image.baidu.com/
http://image.baidu.com/
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In primitive times, human beings began to think abstractly, summarize the external world and
understand the essence of the law, which included some impressionistic, exaggerated expressions.
The ancient Greeks paid attention to abstract and rational thinking in the field of painting, order, scale,
and number, etc., hidden behind the form. The most important feature of vision is to select what one is
interested in and ignore secondary information, which is an abstract process [20]. As the representative
figure of abstract painting, Mondriaan believed that he could see the potential body of a landscape and
that the painter’s task is to draw the structure and harmony in it. Kandinsky, who is another famous
artist and representative figure of abstract painting, conducted many theoretical research projects on
abstract painting and completed many works [21]. The famous artist of impressionism, Paul Gauguin,
also believed that art is abstract. Some scholars have conducted simulation research on the abstract
painting style characteristics of famous artists [22–24].

3. Our Work

This paper mainly focuses on abstract paintings and selects color as the primary performance
element. Color is one of the main elements of visual aesthetics, which itself has an independent
aesthetic value. The essence of color application is the proportion of color composition [25]. It is
generally thought that a picture with a good looking color is often in line with visual rules that are
common among people. This interpretation is supported by mathematical relationships, although we
are accustomed to judging such elements using experience and intuition instead of formulas [26,27].
In practice, the application of color matching stems from practicing with different colors, and the
aesthetic sense is sometimes cultivated under the guidance of existing color theories.

The focus of this study is to select a picture according to people’s aesthetic needs as a creative
material to create images using computer technology. After the computer finishes the color
segmentation of a picture, we analyze the mathematical relationships behind the color composition
ratios of the picture and reconstruct a new abstract image in accordance with the colors in the picture
and their composition ratios. The results can be used as computer artwork or an auxiliary tool and
means of creation for artists and designers. This approach can be used for web design, graphic design,
and other commercial design applications. In the specific application of artistic design work, the users
can select one of their favorite pictures as a reference, analyze its color composition, and use the set of
colors in a design project. This technique may produce pleasing visual effects to the individual, and
many artists often use this method when painting. In contrast with the current art style of learning,
we use the reference image of the color structure, reconstructing a new abstract painting.

In this paper, to analyze the composition ratio of color information, an efficient K-means-based
method is presented to segment the colors of the original pictures. To generate abstract images,
we calculate individual color areas associated with their sizes to reconstruct the colors of the picture
and propose a new method to make them into regular geometries (such as circles). The experimental
results for several real-world data sets demonstrate the effectiveness of our method. Furthermore,
we create several pieces of artwork and design an application system using the proposed method.
Computer technology can be used to make artistic creation more efficient, accurate and rapid, as well
as expand the imagination and increase creative inspiration.

The remainder of this paper is organized as follows. In Sections 2 and 3, the preliminary results
are presented. The proposed computer-generated abstract paintings method is introduced in Section 4,
and the experimental results from several real-world data sets demonstrate the effectiveness of our
method. Finally, our conclusions are presented in Section 5.

4. Creating Abstract Paintings Using Algorithms

Our method to create abstract paintings is summarized in Algorithm 1 and introduced in detail in
the following section.
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Algorithm 1 Creating Abstract Paintings method
Input: Original color images (I)
Output: Abstract paintings
Step 1: Segmenting the Colors of Original Pictures
Step 2: The Statistics of Color Ratio Information
Step 3: Drawing Abstract Paintings

4.1. Selecting the Original Images and Segmenting the Colors

To generate abstract paintings, the first step is to select pictures depending on the creator’s
requirements. Pictures with a pleasing appearance or color scheme always have certain color
composition ratios, i.e., their color composition ratios conform to particular mathematical relationships
and satisfy visual aesthetic preferences [28–30]. The pictures in the experiments in this paper are
predominantly photos of flowers; some are from Baidu pictures, and some were taken by the authors.

Color segmentation means segmenting the color composition of the selected pictures according to
their color richness. The proposed segmentation method can produce different colored patches with
their original position information and retained area information. Then, the images are segmented into
Lab color space images. In the Lab space, L is the luminance; thus, patches with different brightness
values can be clearly separated [31]. The dimensions are N

⊕
M, and each unit has three elements

in the Lab space. M is the width of the original picture, and N is the height of the original picture.
The entire segmentation method is summarized in Algorithm 2.

Algorithm 2 Segmentation Method

Input: Image information (I ∈ RN×M) and the number of color clusters k Output: Label
Step 1: Convert IN×M into a three-channel column vector V,
where Vi = Ix,y and i = (x− 1) ∗ N + y, x ∈ {1, · · · , N}, y ∈ {1, · · · , M}
Step 2: Use the k-means-based method for segmenting V and obtain the class center C
Step 3: For each data point in the dataset V, i.e, vi, calculate its category by Equation (4)
Step 4: For each class, recalculate the class centroid by Equation (5)
Step 5: Repeat Step 3 to Step 4 until convergence

The algorithm steps are as follows:

1. The image information is contained in a matrix I ∈ RN×M, and we convert I into a three-channel
column vector V. When clustering data sets, each element of the vector consists of three color
elements in the Lab space, i.e., a three-dimensional column vector,

Vi = I(x,y), (1)

where i = (x− 1)× N + y, x ∈ {1, · · · , N}, y ∈ {1, · · · , M}.
2. We determine the number of color clusters k, i.e., the number of color classes (in this paper, k = 5).
3. We use the K-means method and initially select k pieces of Cj, (j = 1, 2, · · · , k) from dataset V as

the starting cluster centers. The basic idea of K-means is that the mutual distances between the
initial cluster centers should be as large as possible [32]:

(a) We randomly select a point from dataset V as the center Cj.
(b) For each point i in dataset V, we calculate the distance D(vi) between it and the nearest

cluster center (pre-selected),

D(vi) = min{||vi − cj||}, j = 1, 2, · · · , k (2)
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and then obtain the summation of D(vi), i.e., sum(D(vi))

sum(D(vi)) =
N×M

∑
i=1

D(vi) (3)

(c) Then, we take a random value between 0 and sum(D(vi)) to calculate the next ’center’
using a weighting factor. This algorithm is implemented as follows: take random values
Random and random D(vi). If Random− D(vi) ≤ 0, then the point vi becomes the next
“center“; otherwise, select again.

(d) Then, we repeat steps (b) and (c) until k cluster centers are selected, which ensures that
the point vi (at a farther distance) can be selected as the cluster center.

4. For each data point i in dataset V, we calculate its category, which belongs to

Labeli := argminj||xi − cj||2 (4)

where i = 1, 2, · · · , M⊕ N, j = 1, 2, · · · , k. Labeli represents point i and the nearest center within
the k clusters, and the value of Labeli is between 1 and k.

5. For each class, we recalculate the class centroid,

cj :=
∑

p
i=1 1{Labeli = j}xi

∑
p
i=1 1{Labeli = j}

(5)

where p = M⊕ N, i.e., the number of elements in the data set.
6. Repeat steps 4 to 5 until convergence. We define the distortion function to ensure convergence

as follows:

J(c, u) =
p

∑
i=1
||xi − cLabeli ||2 (6)

Take Figure 2 as an example, and Figure 3 presents the segmentation results of Figure 2.

Figure 2. An original picture.
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Figure 3. Color Segmentation of Original Picture.

4.2. The Statistics of Color Ratio Information

After the second step, we divide the Lab space into k pieces of color space to calculate the largest
color space-to-area ratio, and we use this color as the background color in the next step of creating
the pictures. We count the number of occurrences of color Labeli(i = 1, 2, · · · , M ⊕ N) in the Lab
space because the image is composed of pixels. Here, we use the ratio of the number of pixels of
a particular color to describe the area ratio of the corresponding color in the entire original picture.
The original image information is represented by the matrix Ix,y, colorx,y is the color of a certain
point (x, y), Arean is the area of color category n, and Rn is the area ratio (n = 1, 2, · · · , k) of color
category n in the entire picture. Initially, Arean = 0, and colorx,y = Label(x−1)⊕N+y. When colorx,y = k,
Arean = Arean + 1Rn = Arean

(M⊕N)
(n = 1, 2, · · · , k). The analysis chart in Figure 4 shows the configuration

of the proportion of the major color classes in the picture.

Figure 4. Analysis chart of color composition of the original picture.
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4.3. Drawing Abstract Paintings

After the main color patches in a picture are divided, we can calculate the representative colors of
different patches. We calculate individual color areas and make them into regular geometries whose areas
are associated with their sizes. We mainly use a circle as the regular geometric shape in this paper.
Finally, we randomly use these shapes to form abstract images, where we set the background color of the
image to the color with the largest proportion. The algorithm steps are as follows:

1. Initialize visitx,y = 0; there is a value visit equal to 0, and the dimension of visit is
N ⊕M. visitx,y = 1 indicates that the pixel (x, y) has been visited. If visitx,y = 0, the pixel
has not been visited. We re-count the number and size of separate patches in the original image
and sort them in z and cyclei(i = 1, 2, · · · , z).

2. Set a threshold p; and if cyclei ≥ p, we record cyclei into the variable sliceslarge; if cyclei < p, we record
cyclei into the variable slicessmall. Thus, we can filter out notably small patches. p is an integer value
based on the effect of the generated abstract image; hence, different pictures can have different values.

3. The largest color patch obtained using the K-means algorithm is set as the background color.
4. The circles are drawn based on the size of the independent color patches and finally sorted in

descending order. The radius of a circle is ri, and the center of a circle is Oi(x, y):

ri = sqrt
(

cyclei
π

+ 1
)
+ numrandom, (7)

Oi(x, y) =

{
numrandom%(rows− 2× ri) + ri,
numrandom%(colos− 2× ri) + ri,

(8)

where rows is the width of the original picture, i.e., M; colos is the width of the original picture,
N; and numrandom is a random number. Using a random number indicates that different abstract
images can be generated based on the same original image. The fill color in the round circle is the
(k− 1)th color after clustering (except for the background color). Figure 5a is an abstract painting
generated by our method.

(a) (b)

Figure 5. (a) Generated abstract painting; (b) A new abstract painting from the same original picture.

To draw a new picture from the same source image, the position of the color patches can be
arbitrarily changed, and a new picture (Figure 5b) with different visual effects can be randomly formed.
Thus, the creators can select pictures from all generated results according to their aesthetic preferences.
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4.4. Adding Visual Elements and Enriching Picture Composition

When we generate abstract paintings according to the color composition of a source image,
the positions of patches in the picture are generated at random. Therefore, the generated results of the
same original picture are different every time. Some images have aesthetically pleasing configurations,
and some may display less appealing visual effects, which include unattractive configurations caused
by the odd positioning of dark and light patches. Hence, creators can select among a series of pictures
according to their own aesthetic preferences.

Based on our work prior to this study, we selected to convert all color compositions of the original
pictures into circles. We created pictures with circles in their background colors. To enrich the visual
form of a picture, we can draw lines inside the areas of certain color patches if the area is smaller than
a given color ratio. The composition of a different dot (which is actually a circle with a very small area),
a line, and a plane (which is actually a circle with a notably large area) can be morphologically changed to
produce different visual effects (Figure 6d). The steps as follows:

1. Following Section 4.3, based on Figure 6b, we drew lines using the color information recorded
by the slicessmall object, whose lengths and positions were random. Then, a new image was
generated, as shown in Figure 6c.

2. Based on Figure 6c, we drew circles using the color information recorded by the sliceslarge object,
whose sizes and positions were random. Then, a new image was generated, as shown in Figure 6d,
which is the abstract picture that we intended to create.

(a) (b) (c) (d)

Figure 6. (a) An original picture; (b) Drawing background color; (c) Drawing lines; (d) A complete
picture generated through algorithm painting.

4.5. Experimental Data and Application

To make a change in shape, we can also change the previous circle to a square, using the same
methods and steps as before. The center of a circle can be made into the center of a rectangle, and the
height-width of the rectangle can be randomly generated depending on its area. Then, the rectangle
can be placed at any location in the picture. Finally, we can obtain new rectangles and their frames
using the rectangle function to produce an abstract painting (Figure 7).
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(a) (b)

(c) (d)

Figure 7. (a,c) An original picture; (b,d) Creation.

In this paper, we designed an application system (Figure 8) that uses a source image to construct
an abstract painting. The main color composition and patches appear on the interface. Finally, a part
of an abstract picture composed of these colors is formed (Figures 9–11). If the user selects to re-create
the same original picture, the colors will be randomly reconstructed, and all results are automatically
saved. Then, the creator can select their preferred picture from the results.

Figure 8. The user interface of application system for computer painting.
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(a) (b) (c)

Figure 9. (a) Creation; (b) Original picture; (c) Creation.

(a) (b)

Figure 10. (a) Original picture; (b) Creation.

(a) (b)

Figure 11. (a) Original picture; (b) Creation.

5. Conclusions and Future Work

According to a user’s aesthetic preferences, he or she can use computer technology to analyze
the color composition of selected pictures to create abstract paintings by re-creating the content of
existing pictures. We found this approach to creating abstract paintings notably interesting and useful.
The experimental results can be used as a work of art and an auxiliary tool for art and design creation.
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Future studies will add other forms and combine more painting elements, traditional aesthetic rules,
neural networks, and machine intelligence technology to create meaningful computer abstract paintings.
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