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Machine Learning for generative painting informed by visual arts

Investigating painting techniques for designing Machine Learning pipelines of gen-
erative painting

CHAOMING WANG

Department of Computer Science and Engineering

Chalmers University of Technology and University of Gothenburg

Abstract

Visual art practice is a complicated, varied, creative process based on the artist’s
style and preferences. Although many studies have attempted to apply artificial
intelligence techniques to art production and statistical analysis, there is still sig-
nificant scope for exploring how to incorporate the techniques in visual arts prac-
tices into generative painting pipelines using Machine Learning. This thesis ap-
plies machine learning to analyzing painting techniques in painting practices with a
research-through-design approach. The problem is mainly presented as tasks such
as segmentation of artworks (in this thesis, paintings), stroke prediction, and the
presentation of painting processes based on dilerent painting techniques through
di Lerknt algorithmic pipelines. The results show that most segmentation models
based on photo training are challenging to apply to the segmentation of artwork
components directly, and relevant improvement solutions are discussed in Chapter
6. In addition, due to the diverse presentation of painting art, this paper presents
di Lerent painting techniques based on the foreground and background segmentation
and ’blocking-in’ techniques based on line detection. It discusses the possibility of
transferring these painting processes to other painting processes.

Keywords: painting techniques, visual art, image segmentation, machine learning.
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List of Acronyms

Below is the list of acronyms that have been used throughout this thesis listed in
appearance order:

DALLE Neural network created by OpenAl, that can generate images from
natural language descriptions

CNN Convolutional neural network

GAN Generative adversarial network

VQ-VAE Vector quantized variational autoEncoders

LDMs Latent di [udion models

JPG Joint photographic experts group

PNG Portable network graphic

RGB Color space in (Red,Green,Blue) format

HSV Color space in (Hue,Saturation,Value) format

CMYK Color space in (Cyan,Magenta, Yellow,Key) format

RtD Research method of "Research-through-Design™

HCI Human computer interaction

SNIC Swedish national infrastructure for Computing

DCGAN Deep convolutional generative adversarial network

DRAM Diverse realism in Art Movements

ASPP Atrous spatial pyramid pooling

KDE Kernel density estimation

GMM Gaussian mixture model

MSE Mean squared error

LMSE Local mean square error

ETF Edge tangent flow

MOS Mean opinion score






Nomenclature

Below is the nomenclature of indices, sets, parameters, and variables that have been
used throughout this thesis.

Indices

Sets

G

G

C
Parameters

Xt

Smap aSshape
Colormap
Colorcomp
Wis

A

St

P(x)

Wik

N(Xj «; «)

Index for time step

Empty canvas at initial time step
Progressively generated canvas at time stdp
Reference artworks shown in canvas

Vector of parameters estimated in the iteration
Learning rate for optimization process

Matrix of boolean values

Matrix of optimized pixel values

Computed matrix of values for pixel color
Weights for strokes at time stept

Previous canvas state at time step

Weighted sum of generated strokes at time stefp
Probability density of the input image

Weight for each component in clustering

each Gaussian component with mean, and covariance

Gx(X;Y),Gy(x;y) Horizontal and vertical gradients
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N Number of local units of di erences

e Features extracted from referenced images and generated images
respectively.

H(x;y) The 2-order di erential value at pixel [x; y]

M (X;y) Magnitude of 2-order di erential value at pixel [x; Y]
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1

Introduction

Visual art practices involve all art forms that convey the ideas and emotions of
artists in visual presentations. They are diverse depending on painting styles and
the techniques preference of artists. Artists can employ various painting techniques
while creating visual artworks, whether trained or out of nature. Unfortunately, the
mainstream recognition of painting techniques varies greatly depending on factors
such as categorization and art genres. Using stroke-based paintings, for instance,
one existing de nition of painting techniques is to divide them into seven categories
based on the order in which the regions of interest move during the art-creating pro-
ces$. However, other de nitions of painting techniques are possible. For instance,
painting techniques can involve di erent brush stroke appearances, including shapes
and textures.

The two painting processes shown below demonstrate the di erent pipelines of cre-
ating artworks with blocking-in and Alla Prima techniques in Figure 1.1 2 and
Figure 1.2 3, respectively. With the blocking-in approach, artists choose dominant
colors and loosely paint them rst on the whole canvas, so the painting process is
segmented given the color and tone blocks. Usually, the background and foreground
items are separated. While in Alla Prima, which is a quick painting technique,
artists paint the background and foreground all at once, and they do not contour
the lines and edges as blocking-in but lay every stroke in the same colors.

Figure 1.1: Painting process with the blocking-in rst approach.

Generative art [1][2] [3] has been prominent in various popular culture industries
such as Im-making, music, games, robotics, and the Net Art [4]. As an ever-
diversifying art practice that combines creative ideas with autonomous systems,

1The description of these painting techniques from www.liveabout.com
2Figures were captured from Youtube video by Michael James Smith
3Figures were captured from Youtube video by Florent Farges - arts



1. Introduction

Figure 1.2: Painting process with Alla Prima approach.

generative art fosters discussions in modern aesthetics and art theory. The pros-
perity of Al technologies has speci cally shed light on the ideas that use machine
learning to create digital artworks. For example, this year, an image made with Mid-
journey an arti cial intelligence (Al) system that can produce detailed images when
fed written prompts based on DALLE, won rst prize at the Colorado State Fair
Fine Arts Competition [5]. More explorations of Al art systems inspire research on
combining generative art with natural visual art practices using machine learning,
including AARON [6] by Harold Cohen early in 1973, and recent initiatives such
as DeepDreams [7] by engineers in Google, StyleGAN [8] by OpenAl and Stable
Di usion.

1.1 Background

Among various forms of artistic presentation, visual arts have become a main-
stream with their wide range of application scenarios in industry, including the
paradigmatic forms such as painting and other forms related to mass media such
as Im-making,dance,photography, etc. Dierences in aesthetic perceptions and
technical preferences among artists contribute to the diversity of visual artworks.
In traditional paintings, for example, the preferences of materials such as can-
vas,wood,porcelain and tools ranging from pigments,watercolor to charcoal,etc.,which
can be seen as 'techniques' in creation of art,can produce unique aesthetics. Apart
from that, the artist's actions also have an impact in the aesthetics of resulting art-
works, such as the orders and directions of lines in sketching, the distribution and
blending of pigments in watercolors.

Recently, visual art practices have more exibility of combining artists' creativity
with computer technologies. Whereas comprehension and appreciation of art are
still considered to be exclusively human capability, recent advances in computer
technologies in terms of machine learning, computer graphics and digital image
processing enabled computational analysis of artworks using Al technologies. An
ncreasing number of large-scale digitalized artwork collections gives opportunities
to analyse the oeuvres and history of visual art. Particularly, convolutional neural
networks(CNNs) boosted the machine intelligence in large-scale classifying and syn-
theically understanding artworks. On the other hand,these online available datasets
of artworks leverage more applications that produce creative practices using Al tech-
nologies. In the past decades, research on generative models especially generative
adversial networks(GANS) inspired various explorations of making machines gener-

2



1. Introduction

ate images given a set of visual art examples.

Painting as a visual art form predominately presented in two-dimensional space
clearly serves as a breakthrough in an attempt to combine Al technologies and
artistic creation. And because of better computers that allow computing on large
datasets of images in super resolutions, a lot of researchers proposed to make intel-
ligent machines create artworks. A remarkable milestone among all these e orts is
style transfer using CNN frameworks, which was rst introduced in 2016 by Leon A
Gatys et al. [9], aiming to generate stylized images by separating the content and
style of images. This initiative triggered growing interest in style transfer models
and stylized painting methods. Subsequent discussions in this eld stand in three
categories stroke-based rendering, image analogy, and image ltering, in terms
of the technological frameworks.

Another eld of creating novel visual content using Al technologies is to generate
images from text, in which emerged not only the GAN-based architectures such as
StackGAN [10],but also multi-modal applications based on transformer frameworks,
which was rst introduced as natural language models solving tasks such as text
classi cation and machine translation [11],has been successfully used for text-to-
image generation [12, 13].0ne state-of-the-art transformer-based model that out-
performs previous GAN-based models is CogView [14],which combines transformers
with the framework of Vector Quantized Variational AutoEncoders(VQ-VAE) [15]

to improve large-scale image generations from text in terms of reducing delity
loses [14]. In 2022,another most remarkable Al inventions on image generations is
Stable-Di usion [16] based on Latent Di usion Models(LDMs)that achieved com-
petitive performances on image generation and text-to-image synthesis by applying
di usion models in a latent space of powerful pretrained autoencoders [17].

Although the growing attempts of combining Al technologies and visual arts have
enriched approaches to understand and appreciate visual artworks [18], and created
e cient ways to generate artworks given textual or audio description, the details

of creative process in terms of how painting techniques play roles in creating novel
artworks using Al techniques are still enigmatic. Obviously we can appreciate Al-
generated visual artworks by evaluating the semantic synthesis between input infor-
mation and generated results, and analyse the history and context of artworks in
a computational manner. Painting techniques used in art creative processes how-
ever is necessary for analyse the dynamics of Al-generated visual arts,especially in
context of explaining the novelty of Al-generated artworks.

1.2 Motivations

As initiatives of using Al art in industry grows, such as online exhibitions and in-
teractive visual arts, Al technologies especially deep learning with domain-speci ed
neural networks have empowered artists to create artworks in novel forms. How-
ever, most attention of researchers,artists and viewers was centered on the resulting
visual presentation of Al art, it is far from su cient to explore how the knowledge

3
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in visual arts practices can be integrated into artistic creation processes using Al
technologies [19]. Therefore, this project attempts to explore how the knowledge in
visual arts practices can be integrated into artistic creation processes using Al tech-
nologies. A promising outlook is to practically enrich the context of image-to-text
research. For example, recent work in image-to-text synthesis mostly concern on
generating semantic description of the scenes, our work can foster following research
in generating aesthetic remarks for artworks. Once Al machines gain the capability
of aesthetically analysing visual artworks, it is possible to make full use of the ad-
vances of machines in terms of large-scale computing to create novel techniques for
visual art creation.

The project explores how painting techniques can a play role in the architecture
design of Al art technologies. Speci cally, we propose generative painting systems
that are customized for di erent kinds of painting techniques and their nal artworks
given some content images. Since the painting techniques are usually presented in
textual way, the system should be constructed on a multi-modal basis that can tackle
problems such as extracting painting techniques from text, generating stroke-based
images given a set of content images.

The desired outcome is a multi-modal architecture that takes textual description of
painting techniques and a set of referenced context images as input and generates
stroke-based artworks,which can illustrate the impact of di erent painting techniques
on artistic creation. The system are expected to be applicable to di erent painting
techniques and bring insights for visual arts creation.

1.3 Research Questions

The project aims to inform the generative system design with the knowledge of the
artistic process and machine learning technology. The research question is therefore
how to design a procedural painting pipeline that can integrate painting techniques
from artists. Sub-tasks related to evaluations and generalization issues should be
solved in the nal stage of designing a generative painting pipeline. One sub-task
in this research question is how we evaluate the quality of the generated paintings.
Speci cally, we decide on the way of quantitative analysis of the generated paint-
ings as a complement to visual analysis. For generalization purposes, the generative
painting pipeline was designed for speci c painting practices. However, it aims to
characterize any typical style of artwork and di erent painting techniques. So the
research involves a discussion of possible improvements for generalization.

Speci ¢ principles and requirements were clari ed within the research question.
Since the procedural information of creating art paintings by artists is unavailable
from a dataset of images, the way of translating procedural painting techniques into
computative modules in the design of the generative painting pipeline is diverse.
Thus it should be clari ed with fundamental assumptions in the design. During
designing the painting pipeline, speci ¢ models and techniques in machine learning
that are e ective for modular functions should be investigated, and the motivations

4
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for selecting these machine learning techniques should be explained. For instance,
We compare the performance of the generative system with approaches of neural
networks and parameter optimizations.

1.4 Scope and Limitations

Recent advances in machine learning have led to interdisciplinary artists and re-
searchers employing various machine learning techniques in the artistic creation of
visual arts, especially in style transfer [20, 21, 22]. However, the problem of in-
tegrating the painting techniques of an artist with the machine learning models is
less addressed [23]. Therefore, one delimitation is that few principles of designing a
generative painting pipeline involve the natural art-creating processes.

Another delimitation is de ning the painting techniques that can be used to inte-
grate the artistic ideas and methods in easel painting processes with machine learning
models. Painting techniques, as manual and procedural elements in painting pro-
cesses, are usually diversely de ned regarding material choices, stroke textures, and
the proceeding orders of items in paintings. The painting techniques in use mainly
contained procedural techniques involved in creating processes of art paintings since
the generative process is highly modular and ow-oriented [24]. We assumed that
all painting processes focus on one canvas region at a time slot so that they can be
simulated by a sequence of foreground patches extracted from image segmentations.
For example, the orders of object placements in a painting expresses artists' idea
of procedural painting techniques such as "blocking in", in which artists place the
main edges of colors and shapes [25], and "detail rst "(to start with the details on
the foreground objects) or "underpainting”(to overlay the colors from background
to foreground items) [26]. Moreover, various brush stroke templates were used to
represent other painting techniques regarding the material selection and crossing
out the underlying colors.

The research scope was limited to designing a procedural generative pipeline focusing
on stroke-based paintings. Unlike previous approaches in style transfer, which were
deployed with the complete picture of artworks and aimed to achieve good resulting
artworks [27], our system is designed in a stroke-based method with segments taken
from the translation of painting techniques. By estimating the position, shape, and
color of each stroke sequentially, it presented the resulting art paintings and the
processes that imitate the actual painting practices.

1.5 Clari cation of the issue

1.5.1 Painting techniques

To implement painting techniques in a generative process, we translate procedural
painting techniques and represent them as di erent painting work ows. Speci cally,
these work ows contain three groups of parameters that a ect the semantic seg-

5
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mentation module:(1) "blocking in":in which the image segmentation module rst
captures edges between foreground and background color shapes and then the over-
lay di erent strokes;(2) "Detail rst": in which the segmentation module aims to
extract foreground items iteratively;(3)"Detail last": the segmentation module out-
put background rst given a set of digitalized artworks.

1.5.2 Strokes input

To learn the painting techniques in art creation, pre-de ned vector graphics of
strokes need to be used as input to the training process. Strokes are stored in vec-
tor graphics rather than raster images because the predictions of strokes are based
on changing the colors and rescaling the shapes, vector graphics with the property
of storing pixel information as points in coordinate system, win over raster images
such as JPG and PNG on the convenience of rescaling to any resolution without
pixelation [28, 29].

1.5.3 Baseline models

The work ow of conducting experiments in this research contains three main phases:
Construct ow-oriented representation for di erent procedural painting tech-
niques;

Implement semantic segmentation networks on digitalized artworks;
Generate strokes based on optimizing the shapes and colors of pre-de ned
strokes.

Baseline models for segmentation and generative processes in the second and third

phases were needed. For semantic segmentation, a competitive pre-trained model

that extracts the foreground objects can be implemented rst. Some state-of-the-art

models were executed at this stage, such as K-means clustering and DeepLabV3 [30].

Many machine learning architectures can estimate the colors and shapes of future
strokes based on the output of the segmentation module and stroke input. Brush
stroke estimations were translated into parameter optimization problems. For the
positions of brush strokes, we used sampling methods such as gradient-based sam-
pling. And we used backbones in style transfer architecture such as DCGAN to
estimate the shape parameters of brush strokes.

1.6 Research Methodology

This thesis employs the research-through-design(RtD) method, one rst-person method
that uses personal experience within the design process. Implementing experiments
and system design with personal experience can present our relevance for designing
and gaining in-depth knowledge on interacting with systems within the related elds
[31].

The theory, methods, experiments, and evaluations are based on a proposed trans-
lation from visual art practices to the tasks within the eld of machine learning.

6
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Following the research-through-design methodology, the thesis work selects exem-
plary painting techniques and pipelines in actual art-creating processes and designs
painting pipelines that use machine learning techniques to understand art-creating
practices. The detailed design and motivations are presented in Chapter 4.

Experiments on di erent machine learning techniques, such as segmentation models,
follow empirical research methodology. In Chapter 5, the thesis work analyses the
result from each sub-module by comparing the outputs in di erent categories, such
as "landscape"” and "portrait” paintings or paintings in realism and abstractionism.
In di erent phases of this thesis work, quantitative and observative evaluations are
performed to help analyze the proposed generative painting pipeline on specic
tasks.

1.7 Sustainability and Ethics

The main focus of this study is to investigate a process of generating art based
on machine learning techniques that incorporate the ideas of human artists in their
paintings. The process does not involve human subjects, so this study has no ethical
approval issue.

However, it should be noted that the artworks used in the experiment are from
publicly available digital art collections, and the use of these paintings does not re-
quire and is di cult to obtain permission from the creators. At the same time, the
research in this paper focuses only on a representative selection of artworks, most
typical paintings from Western art movements. It may lead bias since the research
was nished on limited categories of widely available art styles and visual art forms,
which were chosen based on the experiment's feasibility and data availability. A
speci ¢ description of the data set is presented in Section 3.3.

Finally, there are a number of potential stakeholders for this study, including the
creators of the artwork, the researchers who analyzed and designed the painting
process, and the audience for the visual art done by the painting system. A widely
discussed Al ethics issue is the copyright of Al-generated art; however, this is not
discussed in this study. Rather, it acknowledges the subjectivity of the participants
in the art perception process and attempts to mitigate it in the evaluation.

1.8 Contributions

The contributions of this thesis work are summarized below:

" The work proposes a machine learning pipeline which is built through analyz-
ing painting techniques in conventional visual arts practices.

The work compares di erent image segmentation methods for painting seg-
mentation task, and discusses the results.

The work provides know-how on how painting techniques can inform brush-
based autonomous painting processes.
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The work provides an in-depth analysis of the proposed method, while dis-
cussing the limitations and proposing future research directions.

1.9 Structure of the thesis
The following content of the thesis is organized as follows:

Chapter 2 presents theories about image segmentation methods, visual art creation,
painting techniques, and art perception. Chapter 3 presents the methodology of
designing the experiments and algorithms related to the sub-tasks and evaluation
methods. Chapter 4 presents the implementing details of experiments and related
tools and framework upon which the experiments of this thesis work depend. Chap-
ter 5 presents the results of the experiments. Validity analysis on each result and
comparative analysis are presented in this chapter. The conclusions drawn from this
thesis are presented in Chapter 6, and limitations, improvements, and future works
are proposed.



2

Theory

2.1 Image Segmentation

Segmentation is often used as an image analysis method to analyze an image's
local characteristics. The basic principle is to assign a single class to the pixels
of an image and eventually combine the localities of the same class. Based on the
di erent domains of the task, these segmented images are often derived from subject-
speci ¢ datasets. The datasets used for image segmentation tasks tend to be real-
world photographs, as such datasets facilitate data annotation for use in supervised
learning-based image segmentation schemes. In addition, items in these photographs
are rarely deformed, so segmentation models trained on previous datasets can be
applied to similar task scenarios. In contrast, the segmentation of art paintings
is richly varied depending on the art style because the art style tends to produce
deformations on the target so that even the same semantic target will show di erent
local shapes in di erent art paintings. Therefore, image segmentation based on art
paintings is a non-trivial segmentation task.

2.1.1 Art painting segmentation

Art painting segmentation is the task of dividing an image of a painting into di erent
regions or segments based on their visual characteristics or semantic meanings. This
task aims to enable automated analysis and understanding of art paintings. This
project uses art painting segmentation to analyze and represent di erent painting
techniques. However, art painting segmentation is challenging due to the complex-
ity and diversity of painting styles and techniques and the subjective and context-
dependent nature of art interpretation. Di erent artists may use di erent painting
styles, materials, and colors to convey di erent meanings and emotions, making it
challenging to develop a general-purpose segmentation algorithm that works well for
all paintings.

Computer vision techniques for art painting segmentation mainly use features such
as gradient, intensity, and neighboring similarity of images. These techniques in-
clude classical image analysis, such as K-means clustering, Canny edge detection,
and GrabCut, and even hybrid methods. Computer vision techniques theoretically
su er from limitations in art painting segmentation tasks because they ignore higher-
level semantic information of images. In addition, these methods have a limitation
on super-pixel and large-scale images. Especially the Grabcut algorithm requires
that the user rst marks out the foreground and background areas with rectangular
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boxes or strokes, etc., as an initial estimate for the algorithm. Therefore this is
extremely ine cient in a large number of image segmentation tasks.

Al approaches can theoretically perform better than classical computer vision ap-
proaches because they combine various features such as pixel color, texture, and
shape and edges. Specically some machine learning methods such as K-means
clustering and neural networks may have better performance in segmentation tasks.
They have more accurate segmentation results, especially in distinguishing the fore-
ground and background of the image. These machine learning methods mainly
learn to map the input art paintings with segmentation masks. The mapping strat-
egy is modeled as deep neural networks and trained on a large dataset of annotated
paintings. It advances computer vision methods for dealing with large paintings
and powerful computation capability for large datasets. However, it generally lacks
annotated art paintings, especially for semantic segmentation of abstract paintings.

2.1.2 Using domain adaption in segmentation

Despite proposing possible segmentation methods in the art painting domain, seg-
mentation using domain adaption from photographic images to art paintings is still a
priority. Directly transferring the segmentation models trained in the photographic
domain can hardly solve the problems in the art painting domain. The di erences
in colors, textures, and geometric features of content between photographs and art
paintings lead to signi cant accuracy losses when directly using a semantic segmen-
tation model trained on photographs and implemented in paintings that usually
contain unrealistic motifs and geometric distortions.

Existing image segmentation methods are rarely based on art paintings but on pho-
tographs. A natural way to solve this problem is to propose an architecture that
solves segmentation tasks in the art painting domain. However, the need for ground
truth makes training a segmentation model based on artwork challenging. Even
though art painting datasets are available for training machine learning models,
they are rarely concerned with segmentation but classi cation. Therefore, valuable
future work is to make art painting datasets for segmentation tasks. These datasets
should contain ground truth for distinct artistic styles since di erent styles may
cause speci ¢ transformations of the same realistic object in the painting. However,
this project prioritizes using domain adaption in segmentation for time e ciency.

Style transfer and Gram matrices are key techniques that make domain adaption
from the photograph-based segmentation models to art paintings possible. By style
transfer, we can generate "pseudo paintings" given content images and style images.
There are some feature mappings between the generated images and the content
images, which are usually realistic photographys with pixel labels for segmentation
tasks.

Along with the desire to use ground truth labels for content images, we want to
be able to produce ground truth for each style of art painting for training, which
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depends on the mapping of that style. Gram matrices make this possible because
they can be used to measure the mapping relationships for any of the art style
transitions.

2.2 Stroke-based Painting

In digital painting, stroke-based painting involves applying brushstrokes or marks to
an image to mimic traditional painting techniques. Stroke-based painting can cre-
ate various artistic e ects, from realistic simulations of traditional painting styles to
more abstract and expressive images. It is particularly e ective in creating textures
or layering e ects.

In applications that mimic the brush stroke patterns of human artists, stroke-based
painting rst requires analysis of the reference art paintings. Because brush strokes
may vary in shape, size, and color and overlap or blend in complex ways, analysis
using traditional computer vision techniques is challenging [32, 33]. However, recent
advances in deep learning and image analysis techniques are beginning to make it
possible to automatically segment and analyze stroke-based paintings, allowing for
new insights into the artistic process and the underlying structures and patterns
within the artwork. Existing research commonly employs a parametric approach to
digital strokes to render their artistic e ects in digital images, with these parameters
often necessitating stroke shape, color, and position. This approach e ectively makes
digital painting controllable and automated, especially in recent studies that use
deep learning techniques to analyze the textures, edges, and other features of brush
strokes to provide new approaches to digital art creation, such as style transfer[27]
based on stroke analysis.

2.3 Art Perception in Painting Process

Art perception is a complex process that involves both artists and viewers. Artists
use various techniques, materials, and concepts to create visual art that conveys
a speci c message or emotion [34]. Viewers then interpret the artwork based on
their experience, knowledge and cultural background [35]. In the painting process,
the artist's artistic perception is often present in the initial stages of the painting,
l.e., thinking about the ideas and concepts they want to express, the techniques of
artistic presentation, etc. Artists express their ideas of artistic perception through

a series of decisions, such as how to represent the subject matter, which materials
to use, and how to apply these materials to the surface.

In this project, art perception is also presented in the process of designing the
generative painting architecture and paralleling the viewer's perception. Because
we work with information about the artist's complete work, rather than directly
observing the actual painting process, our perception of art as viewers are subjective,
including our art history and technical knowledge. Moreover, it suggests that diverse
generative painting is possible.
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2.4 Color Space of Images

The color space of an image refers to a mathematical model used to describe the color
information of each pixel in an image. The representation of image color information
and the number of components di ers in di erent color spaces. The commonly used
color spaces include RGB, HSV, Lab[36], CMYK[37, 38]. The commonly used color
spaces in digital image processing include RGB, HSV, and Lab. For example, in
image analysis, the digital input image is often in RGB space. In the subsequent
processing, such as conversion to a grayscale map, the digital conversion is based
on the three-channel values of RGB. Besides, in the HSV color space, the color of
each pixel consists of the values of the three components of hue, saturation, and
luminance. This color space can e ectively solve tasks such as image processing and
color analysis in computer vision. Since color analysis for artistic painting in this
project is an essential step in the design generation of the painting process, both
RGB and HSV color spaces will be used.
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Methodology

This thesis employs a research-through-design method and rst-person method that
uses personal experience within the design process. Implementing experiments and
system design with personal experience can present our relevance for designing and
gaining in-depth knowledge on interacting with systems within the related elds
[31].

3.1 Research-through-design method

Research-through-design is a research methodology that combines design and re-
search activities to create new knowledge, concepts, and artifacts [39, 40]. This ap-
proach is advantageous in elds such as architecture, industrial design, and human-
computer interaction (HCI), where designers often encounter complex problems that
require innovative solutions. Its operational process involves a cyclical process of
design, testing, and evaluation to explore and optimize feasible solutions [39]. The
speci ¢ process are concluded as the following four main steps:

De ne the research question or problem . The rst step is to identify

the research question or problem, which reviews existing research to nd dif-
ferences or gain insights.

Design : The design phase involves the creation of a new artifact, concept, or
prototype. Designers may use various design tools, techniques, and methods,
such as sketching, modeling, or rapid prototyping.

Test: After the design is completed, the design results are tested to identify
any design aws or areas for improvement and to provide feedback for design
improvement.

Evaluate : The nal step is to evaluate the results of the RtD process, includ-
ing analyzing data from user studies, soliciting feedback from stakeholders, or
conducting a comparative analysis of the previous design with existing solu-
tions.

The main tasks in this project are categorized into three modules: the transla-
tion of painting techniques from actual painting practice to structured inputs, the
generative models and the optimization methods, which can be represented as the
structure in Figure 3.1 . Despite various approaches to translating painting tech-
nigues into structured inputs, such as simply encoding a set of painting techniques
into di erent classes or using text summarization [41] to extract tags from a text
description of painting techniques, the practical idea is to implement semantic seg-
mentation to analyze the procedural painting techniques in creating artworks. The
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segmentation module inFigure 1(a) extracts foreground objects and background
separately, which can be used in estimating stroke sequences. However, exploring
other painting techniques related to materials and tools is possible to make the
generated images stylized. In the generative painting module, a GAN-based archi-
tecture will be implemented to generate artistic images from low resolutions to super
resolutions. Although the basic GANs can learn how to paint with real artworks
taken as inputs, generating ne art in super-resolution is always challenging. So this
module can be implemented with low resolution from scratch. For the optimization
method, we can take pixel; or |, loss between the canvas with several strokes and
the target images.

(a) Stage 1: Art perception process

(b) Stage 2: procedural painting using painting techniques

Figure 3.1: Proposed painting pipeline.

3.1.1 Stroke Estimation Using Machine Learning

Once the image segmentation module extracts patterns that a ect the stroke opti-
mization, the generative moduleG will generate strokes from an empty canva€,
step by step. So position estimations of each stroke are de ned as an optimizing
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process that minimizes the di erence between the progressively generated paintings
C; and the reference artwork<. The update of canvas state follows a weighted sum
of generated strokes; at time stept and previous canvas state€; ;.

Ci=Ws Si+wWe C 1512123 (3.1)
Wis + Wie =1 (3.2)
foranyt 1, wherew, and wg are weights for strokes and previous canvas state.

The loss function measures the similarity between the rendered and the reference
images. Previous research on style transfer and stroke-based paintings proposed
some ideas in the structure of loss function. The inspiration is that we should
construct a loss function with consideration of pixel loss and stroke loss[42]. In this
project, the loss in segmentation was also considered as a complement. We can do
this in a gradient descent manner that updates the canvas as follows:

@UC; C)
@X

where X is the vector of parameters estimated in thé™" iteration, is the learning
rate.

Xir1 = Xy (3.3)

3.1.2 Searching Strategy for Brush Size

One goal of the painting pipeline is to nd the optimal solution for the brush stroke
placement, including the location and size of each brush stroke. A basic principle
Is that a larger brush size contributes to a faster painting process while it excludes
more details. Oppositely, smaller brush sizes can be used to emphasize details, but
the painting process can be extremely long. This principle is in line with the paint-
ing processes of human artists it therefore can be used in pipeline design.

The brush stroke can be transformed based on di erent shapes. In this project, the
basic shape of a stroke is de ned as a circle with a variable radit& The trans-
formation between the basic shape and stroke shape is based on the spline curve or
straight line.

Regardless of the stroke model, the search strategy for stroke size can be elaborated
as an exploration-implementation approach. we assume that the initial stroke size
is the size of the reference image and guide the stroke size by iteratively shrinking
the strokes and comparing the di erences in their generated images; after the stroke
size is reduced to a reasonable threshold, we assume that smaller stroke sizes will
all be applied to the drawing process. Therefore, in the implementation phase, this
project can use decreased brush sizes incrementally.

3.2 Platforms and Tools

The system is programmed in Python and based on standard frameworks such as
PyTorch and OpenCV. Cloud computing resources and GPU platforms on Swedish
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National Infrastructure for Computing(SNIC) were used for training models on large
datasets.

For tasks in each module, previous research has provided a wide range of approaches
to present excellent performance, so starting with pre-trained models and imple-
menting transfer learning can be e ective strategies for this project. In the segmen-
tation module, although machine learning approaches based on pixel classi cation
can be used, methods based on neural networks such as U-Net [43], ResNet [44, 45]
and DeepLab [30], can be better options since the datasets used in this project consist
of a large number of artworks that can be di cult to classify the content. Therefore,

we selected segmentation models based on K-means clustering and DeepLabV3 and
compared them with domain adaption approaches. And for the generative painting
processes in this system, GAN-based architectures such as DCGANSs [46] were used
as an improvement of rendering modules.

3.3 Dataset

The research requires three datesets: digitalized artworks for training semantic seg-
mentation networks, stroke samples, and reference paintings for generative models.
Previous research on creating art with Ahas provided various artwork datasets. Ide-
ally, the dataset used for this study should cover as many art painting genres and
styles as possible to obtain generalizability. In addition, the dataset should be ap-
plied to the subtasks of image segmentation and brushstroke rendering. However,
existing datasets of art paintings, such as WikiArt dataset, are mainly designed
for tasks such as classi cations by artists, styles, or genres [18]. They may not
be designed explicitly for segmentation tasks due to lack of pixel-level annotations.
Therefore, additional manual labeling or annotations may be required for specic
segmentation tasks.

The research takedDiverse Realism in Art Movement§DRAM) dataset as the pre-
liminary dataset of art paintings used in each module since it can be used to solve
challenges in semantic segmentation on art paintings[47]. The DRAM dataset com-
prises four leading art movements: Realism, Impressionism, Post-Impressionism,
and Expressionism. As a target domain of art paintings, it has an unlabeled train-
ing set and a fully annotated test set. The test annotations follow the guidelines of
PASCAL VOC2012, which serves as the source dataset in domain adaption. There-
fore, DRAM is an appropriate dataset for this project.

Table 3.1: The content details of DRAM dataset.

Art Movement Expressionism| Impressionism| Post_impressionism| Realism
Number of Images 1603 1538 1462 1074
Average Size [398,500] [500, 376] [500, 425] [500,354]

" The average size of each subset is the pixel number in the [width, height] format and each number
represents the pixel numbers.
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A standard set of characteristics, such as a particular style, content matter, or
painting technique, often de nes art movements. They can therefore serve as a
description of a wide range of artistic styles and technique3able 3.1 shows that
the DRAM dataset contains about 5500 digital art paintings, with a maximum
size of 500*500 pixels.Figure 3.2 shows examples of works from four di erent
art movements to show their di erences. Since these original art paintings were
not annotated with images for the segmentation task, they were used as templates
for di erent art styles in the segmentation task. PASCAL VOC12 [48] is a dataset
commonly used for semantic segmentation tasks and has 20 classes, including person,
bird, bottle, dog, etc. The processed DRAM dataset contains model-created art
paintings following the four art movements, in which the contents are from the
photographic images in PASCAL VOC12. Therefore, the created art paintings are
mapped with the corresponding content images, which are annotated for training
segmentation models.
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