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Abstract. While AI is being used more and more to generate images,
the generation usually does not resemble a human painting process. How-
ever, for applications in the field of art, it is useful to simulate the human
painting process—e.g. in relation to location, order, shape, color and con-
tours of the areas being painted in each step. Such applications are for
example when a robot paints a picture or a program teaches humans
to paint. Consequently, in this paper we evaluate and compare differ-
ent approaches to simulate the human painting process. Additionally,
we present our solution for this task which is based on a combination
of filters and semantic segmentation. In our survey, this approach was
rated as better and more realistic than the most realistic approach for
this task so far which is a reinforcement learning approach: In all sur-
veyed categories—location, order, shape, color and contours of the areas
being painted in each step—always a significant majority of the par-
ticipants prefers our approach to simulate the human painting process.
When we displayed two time-lapse videos with the painting process of
Edvard Munch’s The Scream in parallel, even 79% found our generated
process more realistic than the reinforcement learning-based process.

Keywords: AI art · AI in Art · Painting · Semantic Segmentation ·
Semantic Labeling · Machine Learning

1 Introduction

Painting is one of the most basic and oldest forms of art. Early findings of
simple rock paintings are dating back almost 40,000 years [1]. While the general
outcome of this art form is usually depicting a person or an object on a medium
like paper or canvas, painters have developed different painting styles, techniques
and methods over the past centuries to achieve this goal [2]. Since painting itself
is a very visual form of art, the appeal of paintings can, at least in part, be
conveyed through modern technologies. This also allows for simulation of the
painting process as well as automated interaction with a brush, the main tool
in this art form. Thus painting found its way into modern technologies such
as AI and robotics. There are several examples of applications in this field:
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A team of scientists and engineers from IBM Japan, the University of Tokyo, and
Yamaha Motors equipped an industrial robot with a camera and a paintbrush
to explore the realms of creativity in machines and AI [3]. Other teams such
as AI NORN 1 and cloudpainter2 also experiment with AI art, more specifically
painting, to explore the outcomes when machines, which are capable of handling
a paintbrush, are combined with modern AI technologies. The company Nvidia
has a dedicated AI Art Gallery on their homepage3 to show and support art
projects which are generated or supported by AI. However, most of the works
do not simulate a realistic human-like painting process or their simulation still
has shortcomings. Consequently, the focus of this paper is on the simulation of
the human painting process.

In the next section, we describe the painting process in more detail. In
Sect. 3, we present the latest approaches of other artists and researchers. Section 4
characterizes our approach to simulate the human painting process. Section 5
describes our survey and the feedback on the approaches. We conclude our work
in Sect. 6 and suggest further steps.

Fig. 1. Human painting process with a layering strategy [4].

1 https://ainorn.art
2 https://www.cloudpainter.com
3 https://www.nvidia.com/en-us/deep-learning-ai/ai-art-gallery

https://ainorn.art
https://www.cloudpainter.com
https://www.nvidia.com/en-us/deep-learning-ai/ai-art-gallery
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2 The Human Painting Process

The painting process of humans usually follows a specific pattern from coarse
to fine details. While there are many different techniques in painting which
largely depend on the paint and medium used [5,6], many artists use the common
layering strategy to paint objects with a background [7]. This is a widely used
process especially for realistic paintings like portraits or still-life images. Our
work will focus on the common layering strategy described in [7]. As shown in
Fig. 1, in this strategy one layer is painted over another, until the final picture
is created. The layering process starts with a uniform background and then
gradually adds details in size decreasing regions until all the desired details are
contained in the painting.

With the simulation of such a layering process all kinds of images could be
created—from very abstract images to very realistic detailed images. The focus
of this paper is on the creation of images which contain one or more objects and
have a background in relation to the aspects location, order, shape, color and
contours of the areas being painted in each step.

3 Related Work

Several studies and practical machine learning based approaches to replicate or
generate images and paintings and to simulate the process of painting itself have
been conducted in the past. While some methods capture the general picture and
thus the outcome of the painting process very well, they often fail to reproduce
the process itself in a human-like manner. Examples are [8–11].

[12] use a generic algorithm which resembles images well with the help of
certain constraints. However, the painting process is not human-like since it
uses semi-transparent polygons to approximate the original painting as close
as possible. [6] uses a differential renderer in combination with a generative
adversarial network to generate human-like brushstrokes. While the resulting
brushstrokes and pictures have a human-made appeal, the process of generating
them is not in the way most humans would paint a picture since the intermediate
images show random brush strokes which do not seem to help achieve the end
result of the picture. An example are arbitrary purple and yellow brushstrokes
in the middle of the image, where in the final image is a snow-covered mountain
that contains white and blue tones.

To the best of our knowledge, there is no database which contains enough
images of intermediate steps of the human painting process to train generative
adversarial networks for more human-like simulations. Google’s “Quick, Draw!”
[13] database contains 50 million drawings across 345 different categories to
train neural networks for the human doodling process. However, the images
are mostly in the form of simple doodles. Since the data set only contains the
vectorial information of doodles with their start points, end points and tractorial
information, the images have a limited resolution and are in only one color,
the dimensionality is too low for the simulation of a full painting process. For
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example, [14] used the collected data of sheep doodles to generate 10,000 sheep
published in the book “Dreaming of Electric Sheep”. The lack of training images
with intermediate steps of the painting process is one reason why we did not
choose generative adversarial networks or reinforcement learning approaches but
the leaner approach, described in Sect. 4.

[15] trained a convolutional neural network with 117 collected, 4-minute long
time-lapse videos of real and digital paintings, to synthesize the time-lapse video
of new paintings. While the algorithm outputs decent time-lapse videos, it is
not suitable for the simulation of the human painting process: As visualized in
Fig. 2, the transitions between the different painting stages are blurry and do
not resemble the single painting process steps. Furthermore, in a step different
colors simultaneously appear in different regions of the image.

Fig. 2. Intermediate screenshots from synthesised time-lapse videos based on [15].

[16] and [17] apply reinforcement learning for the sequential decision-making.
In reinforcement learning usually an agent is programmed to interact with an
environment and improves its interactions with the given feedback coming from
this environment [18]. Whereas [16] also focuses rather on the final result than
on the actual process of generating the image, [17]’s approach tries to imitate
the human painting process. [17] is close to the idea of [6] but captures the
underlying picture sooner in a more human-like manor. The order of the brush
strokes is not always human-like or intuitive. Nonetheless [17] serves as a good
baseline since the results resemble the human painting process the closest of all
described methods. Consequently, this approach was also evaluated in our survey
for comparison with our own method.

4 Simulating the Human Painting Process Using Filters
and Semantic Segmentation

While other methods focus on the resulting image or use not-so-human-like
shapes or colors in the step-by-step expansion of the image during the paint-
ing process, our goal was to develop an algorithm that represents the human
painting process as realistically as possible. Particularly with regard to the loca-
tion, order, shape, color and contours of the areas being painted in each step,
the generated painting process should be coherent. Additionally, it was impor-
tant to us that we did not need huge amounts of image or video material of
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the painting process for training our computer vision models as is often the case
with deep learning algorithms. With these conditions in mind, we developed
an algorithm which is modular and thus flexible, which is lean, can be set up
quickly, and emulates the layering process of a painter. Our simulation of the
human painting process consists of the following components and steps, which
are also visualized in Figs. 3, 4 and 5:

Fig. 3. Simulating the human painting process: Blurring filters.

1. Blurring filters: With the goal of coloring large areas first, the image is first
blurred with various filters. As demonstrated in Fig. 3, the goal is to dilute
the edges and colors in the image to different degrees so that the segmenta-
tion algorithm in step 2 outputs a different number of segments based on the
details to be detected in the image. For our experiments we used 5 Gaussian
filters with different kernel sizes to generate 5 blurred images. The implemen-
tation was done with OpenCV [19].

2. Semantic segmentation: We apply a semantic segmentation algorithm to the
images blurred with different degrees to obtain smaller and smaller areas to
be painted. As visualized in Fig. 4, the retrieved segments are given the color
which has the most occurrence in that segment in the original image (color-
ing). For our experiments, we applied the unsupervised convolutional neural
network based semantic segmentation described in [20] which minimizes sim-
ilarity loss and spatial continuity loss to each blurred image.

3. Stepwise adding colored areas: Our goal is to add painted areas step by step.
To avoid reapplying colors already applied in the painting process in the same
place, we remove the areas that have the same color as the image on the left
as shown in Fig. 5. Individual images are then created from the different color
areas, with each new image corresponding to a step in the painting process,
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Fig. 4. Simulating the human painting process: Semantic segmentation.

Fig. 5. Simulating the human painting process: Stepwise adding colored areas.

such as adding only one color to an area. The individual images are sorted in
such a way that the images with the large color areas come first before the
images with the smaller color areas.

Our approach requires no pre-training. It also eliminates the need for a
pre-trained neural renderer to make the training process possible in a suitable
amount of time as used by [20]. Due to the slim implementation, the algorithm
can entirely be used locally or in cloud services such as Google Colab [21]. Single
components like the blurring step and the semantic segmentation step can be
replaced or extended. Images are generated in each intermediate step and can
be extracted for further or other use. This makes our presented approach really
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versatile and accessible for future improvements. For example, in our experi-
ments we used 5 Gaussian filters with different kernel sizes to generate 5 blurred
images. But the number and the strength of the blurring effect could also be
calculated based on the number of motives or the level of detail in the image. As
illustrated in Fig. 6, our method paints in regions to slowly fill the canvas sim-
ilar to the layering painting technique introduced in Sect. 2 instead of making
semi-transparent brush strokes in seemingly random areas and combine them to
the target image.

(a) [17]’s reinforcement learning
approach.

(b) Our approach.

Fig. 6. [17]’s reinforcement learning approach vs. our approach.

5 Experiments and Results

5.1 Experimental Setup

We evaluated our approach in comparison to the most realistic approach [17]
(reinforcement learning) for simulating the human painting process in a sur-
vey. The study examined the location, order, shape, color and contours of the
areas being painted in the intermediate steps. The progress of the painting pro-
cesses was demonstrated as a time-lapse video and an image sequence for each of
3 pictures—a vase, a lemon, and Edvard Munch’s The Scream. Of course, we did
not tell the participant what painting processes they were shown. For the pic-
ture with the lemon, we also conducted a Wizard of Oz experiment: In addition
to the two AI-based processes, we asked questions about the painting process
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that a human had actually performed, without telling the participants. For the
pictures of the vase and the lemon, the participants were always shown only one
simulation per page in the questionnaire, so that they could rate one approach
without the influence of another approach. However, in order to also evaluate the
direct comparison, for Edvard Munch’s The Scream we displayed two time-lapse
videos in parallel with the reinforcement learning approach and our approach.
The participants evaluated most questions with a score. The score range follows
the rules of a forced choice Likert scale, which ranges from (1) strongly disagree
to (5) strongly agree. 24 people (14 female, 10 male) filled out our questionnaire.
The participants of our user study were randomly selected volunteers between
19 and 71 years old who participated free of charge. The participants’ paint-
ing routine varies from once a week to once a year or even never. Most people
indicated that they are interested in art, but there are also some who are not
interested in art. We appreciate these distributions as it was important to us to
get feedback from different people.

5.2 Evaluation in Relation to the Location of the Areas Being
Painted

We asked the participants in our questionnaire how human-like they find the
painting processes in relation to the location of the areas being painted. The goal
was to find out whether the painting progress always happens in the right place.
Figure 7 illustrates the feedback on the location for the vase and the lemon. While
reinforcement learning was rated on average with 3.00 for vase and lemon, our
implementation was rated better with 3.46 (vase) and 3.38 (lemon) on average.
Thus, our implementation with regard to the location is rated 15% better for
the vase and 13% for the lemon than reinforcement learning. The Wizard of Oz
painting process human painting wins with an average of 3.83.

(a) Painting a vase. (b) Painting a lemon.

Fig. 7. Feedback on the location of the areas being painted.
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(a) Painting a vase. (b) Painting a lemon.

Fig. 8. Feedback on the order of the areas being painted.

5.3 Evaluation in Relation to the Order of the Areas Being Painted

Figure 8 illustrates our evaluation in relation to the order of the areas being
painted. Overall, this evaluation is a bit worse than the evaluation of the location.
But here, too, our method is rated on average between reinforcement learning
and human painting : While reinforcement learning was rated with averages of
2.88 (vase) and 2.63 (lemon), our implementation was rated better with 3.08
(vase) and 3.29 (lemon) on average. This means that our implementation with
regard to the order is rated 7% better for the vase and 25% for the lemon than
reinforcement learning. Human painting outperforms the other approaches with
an average of 3.46.

(a) Painting a vase. (b) Painting a lemon.

Fig. 9. Feedback on the shape of the areas being painted.

5.4 Evaluation in Relation to the Shape of the Areas Being Painted

In the category shape we are significantly better than reinforcment learning : As
shown in Fig. 9, the question if the shape of the areas being painted is human-
like was rated only with an average score of 2.25 (vase) and 2.71 (lemon). Our
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implementation was rated better with 3.33 on average for vase and lemon. Com-
paring the scores shows the significance of the shape: Our implementation with
regard to the shape is rated 48% better for the vase and 23% for the lemon than
reinforcement learning. Human painting again performs best, in this category
with an average of 3.83.

(a) Painting a vase. (b) Painting a lemon.

Fig. 10. Feedback on the color of the areas being painted.

5.5 Evaluation in Relation to the Color of the Areas Being Painted

Then we asked the participants in our questionnaire how human-like they find
the painting processes in relation to the color of the areas being painted. The
results are demonstrated in Fig. 10: While for vase both approaches reinforce-
ment learning and our implementation were rated 3.29 on average, reinforcement
learning performed with 2.79 and our implementation with 3.75 on average for
lemon. Thus, our implementation with regard to the color is rated equal for the
vase but for the lemon 34% better than reinforcement learning. Human painting
outperforms the other approaches again, this time with an average of 3.88.

5.6 Evaluation in Relation to How and When Edges Are Painted

The final aspect which we evaluated was how human-like the painting process
is in relation to how and when edges are painted. As illustrated in Fig. 11, the
trends are as in the other aspects: For the reinforcement learning the question
was rated with an average score of 2.54 (vase) and 2.88 (lemon). Our imple-
mentation was rated significantly better with 3.33 (vase) and 3.21 (lemon) on
average. This means that our implementation with regard to the edges is rated
31% better for the vase and 12% for the lemon than reinforcement learning.
Human painting again performs best, in this category with an average of 3.63.
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(a) Painting a vase. (b) Painting a lemon.

Fig. 11. Feedback on how and when edges are painted.

(a) Painting a vase. (b) Painting a lemon.

Fig. 12. Feedback on how realistic the human process is in general.

5.7 Evaluation of the General Realistic Look

In the previous questions we asked about the individual aspects in order to
analyze the strengths and weaknesses of the procedures. But we also wanted
to use the questionnaire to find out how human-like the participants find the
procedures in general. As visualized in Fig. 12, for the reinforcement learning
the question was rated with an average score of 2.58 (vase) and 2.63 (lemon),
whereas our implementation was rated with 3.04 (vase) and 2.79 (lemon) on
average. This shows that the general impression of our implementation is by
18% and 6% better. Human painting achieves an average of 3.13.

In order to also evaluate the direct comparison, for Edvard Munch’s The
Scream we displayed two time-lapse videos in parallel with the reinforcement
learning approach and our implementation. Figure 13 indicates that here, too,
participants find our implementation significantly more human-like in each single
aspect and also in general. Even 79% find our implementation more realistic than
reinforcement learning.
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Fig. 13. Direct comparison of location, order, shape, color, edges and in general for
the paining process of Edvard Munch’s The Scream.

Fig. 14. Painting robot.

6 Conclusion and Future Work

In this paper we have evaluated and compared different approaches to simulate
the human painting process. Additionally, we presented our solution for this
task which is based on a combination of filters and semantic segmentation. In
our survey, this approach was rated as better and more realistic than the most
realistic approach for this task so far which is a reinforcement learning approach.
When we look at the individual aspects evaluated, we perform best on the shape
of the areas being painted. Our advantage over other methods is that the use of
filters and semantic segmentation does not approximate shapes, which would be
necessary in other deep learning approaches to limit the parameter space [12,17].



AI in Art: Simulating the Human Painting Process 307

Future work may include the combination of our implementation with a
robot which possesses the equipment to paint or software which teaches how to
paint. Figure 14 demonstrates our painting robot Paintbot4. The painting robot
is similar to a CNC machine and built in a standard 3-axis design, focusing on a
large and flat work area to paint canvases. The machine has 60 different acrylic
paints directly accessible. It also has a sponge, water reservoir and a cloth for
cleaning the brush between color changes. The idea is to use our algorithm to
generate the intermediate images of the painting process which will serve as
input of the G-code generator software to control the robot and paint the image
in a human-like manor.

Our approach is suitable for paintings that clearly have coarse to fine levels
(e.g., those with a clear separation of background and foreground). Future stud-
ies may explore how to treat other types of paintings, e.g., those with local fine
structure and no global arrangement, or—the other way around—with global
structure but no local details. To refine our algorithm we plan to add edge
detection to draw outlines after painting the background as demonstrated in
the second step of the human painting process in Fig. 1. Having achieved that
the image is divided into separate painting areas/layers, we could further divide
these areas into individual brush strokes. When combining our algorithm with
our painting robot, this would be done implicitly by the painting robot, but not
simulated beforehand in our algorithm. Whereas the goal of our study was to
evaluate the feedback of people with different interest and experience in art, the
perception of people with more experience compared to those with less experi-
ence can be investigated in future studies.
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