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Abstract — This paper presents a method for picture
cartoonization. The workflow for images of white-box
representations Texture, contours, and details are all present in
cartoon pictures. A Generative Adversarial Network (GAN)
framework would be used to understand the extracted
depictions and cartoonize images.. This approach is based on
Xinrui Wang et al Learning to Cartoonize Using White-box
Cartoon Representations. The learning objectives for this
approach are listed separately. An adjustable and controllable
structure that focuses on each extracted representation. This
allows for a unique approach to meeting the needs of artists
working in a variety of genres and styles for a multitude of
scenarios.

Keywords - Image cartoonization, Whitebox

representations, GAN Cartoon, cartoon images

L INTRODUCTION

Cartoons are a form of conventional art that has been used
in a wide range of settings. Artists can now produce
content from multiple outlets using innovative cartoon
animation work processes. Some well-known brands have
emerged as a result ofturning. Creating materials for
cartoon scenes by converting real-life photography.The
word "image cartoonization" is used to understand the
experience.

When dealing with the rapid development of artists in
various use cases, these deviations raise non-trivial
concerns to black-box models, and merely changing the
training dataset does not address them. CartoonGAN is a
GAN structure with a novel edge loss that, in some cases,
produces positive results. It was designed specifically for
image cartoonization.Furthermore, using the black-box
genre to match training data reduced its
oversimplification and stylization precision, resulting in
some dire conditions.

To address the aforementioned concerns, researchers
conducted extensive research on human painting
behaviors and various cartoon photos. According to the
conclusions (shown here in Figure 2), this study
conceptualized that images be disintegrated into
numerous cartoon representations, as follows:

To begin, the smooth surface of images is depicted by
the surface representation. A calculated low-frequency
variable should be extracted. If 2 RWH3 from a picture,
the color configuration, and outward consistency are
held, but corners, consistencies, and specifics are
dismissed.

The style focuses on the cartoon painting technique of
drafting compositions before touching up details, and
it's used to depict smoothed surfaces in a flexible and
learnable way.

L

.......

representations, which are used to direct the network
optimization process to produce cartoonized objects.
Themethod is depicted in Figure 1 in a simplified form.
Pictures are decomposed into three cartoon
representations, which are then used to guide the
network optimization process toward the development
of cartoonized objects.

Secondly, second, a structure representation is
proposed in the celluloid cartoon style to effectively
capture comprehensive structural evidence and coarse
colorchunks. Extract a segmentation map from the
input image I 2 RWH3 and then smear an adaptive
coloringprocedure to each segmented field to produce
the structure representation Ist 2 RWH3.
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This representation aims to resemble the celluloid
animation elegance, which is defined by clear confines and
meager color chunks. Both producing the scattered visual
effects and incorporating our method into the celluloid
style cartoon workflow depend on structure
representation. Finally, the texture representation is used
to include painted specifics and corners. The input copy I
2 RWH3 is renewed to a single-channel resolution map It
2 RWH1, which preserves relative pixel intensity but
removes color and brightness. This feature depiction is
based on the cartoon painting technique of sketching a
pattern sketch with contours and specifics before applying
pigment. When studying, it instructs the network to
discern high-frequency textural information from color
and brightness patterns.The cartooniaztion delinquent
can be structured endwise inside the GAN system to the
separately derived cartoon representations, making it
flexible and easy to control for real-life use cases and
convenient to accommodate a variety of artistic demands
with challenge fine-tuning. And put the method to the test
on a diversity of actual photographs from different
locations.

According to test results, the approach can create pictures
with melodious color, pretty artistic types, shrill and
spotless boundaries, and significantly fewer artifacts. Via
qualitative trials, experimental trials, and customer
testimonials, the approach often outdoespreceding state
of the al“t -te\.clegue%‘
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1. Color blocks with sparse global structures; 2. Edges that
are sharp and transparent; 3. Surfaces that are flat and
smooth

Finally, ablation experiments are performed to
demonstrate how each representation interacts with the
others. To summarize our contributions, we have made
the following:

This approach proposes three cartoon depictionscreated
on observations of cartoon painting activity: the surface,
the structure, and the texture representation. The
representations are then removed using image processing
modules.

The guideline of derived representations is being used to
refine a GAN-based picture cartoonization framework. By
managing the weights of each representation, users can
modify the elegance of model yield.This methodology
outperforms existing approaches in terms of qualitative

comparison, quantitative comparison, and customer
inclination.

II. Related Works

Here are some of the related works which I have
referred to from various authors and papers regarding
Machine learning, Image processing, Image
cartoonization, and more things relative to the images
and the videos and the enhanced effects and
developments in the visualization and other aspects.
[1]Wei Zhang,et al. said the use of programmed face
outlinefusion has a wide range of applications.

In law enforcement and digital entertainment, this
approach proposes a rigorous algorithm for creating a
face sketch from a face photograph taken in a different
viewing condition and pose than the training kit. A
multiscale Markov Random Field (MRF) model is used
to generate local sketch patches.

[2]Meng Wang, et alThe paper outlines a method for
converting movies into comics automatically. The
scheme's three key components are script-face
mapping, eloquent image mining, and cartoonization.
The script-face mapping provides a connection
between a character's face and their text, allowing
dialogue material to be shown accurately in the comics
produced. The insightful portrait extraction section
engenders a series of detailed images, which are then
compiled by the cartoonization section to produce
comics.

[3]A coupled model is used to decompose the cartoon
and consistency components of an image with fuzzy or
mislaid pixels. The proposed model is solved with a
reliable  numerical algorithm that ensures
convergence. The effectiveness of the existing scheme
and the consistency of the embraced algorithm has
been illustrated by experimental findings by Michael K.
Ng, et al.

They discovered that the anticipated model could not
be accurate when a wide region of pixels is skipped in
computational experiments. An alternative approach
in this situation is to use a curvature word in the total
disparity term or to use no convex models.

[4]The Block Nuclear Norm, according to Shunsuke
Ono et al, is a cartoon-texture decomposition model
with aninnovative texture prior (BNN). The texture
variable is interpreted as anamalgamation of
blockwise low-rank matrices with potential overlap
and shear in their model, resulting in a suitable
categorization of texture that is worldwidedisparate
yet in the vicinity well-patterned.
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The proposed model's convex optimization problem is
effectively solved by ADMM. Its utility in both pure
decomposition and restoration is numerically illustrated.

[5]Yong Zhang, et al. use a data-driven method to use an
optimization that considers a desired aesthetic style,
image-cartoon friendships of facial components, and
automatic image composition correction to generate
cartoon-like facial representations from a portrait image
The stylization step takes a face rendering stage that
locates and extracts facial components from the image
pixels, and a cartoon creation step that cartoonizes the
face using the features derived.A database of stylized facial
components is used to construct the cartoon's elements.
To measure the similarity between input and cartoon
facial components, picture feature corresponding is used.
To keep the effects natural and pleasing, a conceptual
understanding of photo-cartoon partnerships and the
optimum arrangement of cartoon facial components
derived from a series of cartoon faces were used.

[6]A Deep Convolutional neural Network-based arbitrary
system that generated significant artistic images. The
system uses neural illustrations to isolate and recombine
the content and elegance of arbitrary images, resulting in
a neural procedure for the development of artistic
imageries.Furthermore, since performance-optimized
artificial neural networks and biological networks have
striking similarities, Furthermore, since performance-
optimized convolutional neural networks and biological
orientation are strikingly similar, 3-7, by Leon A. Gatys et
al., pave the way for a computational understanding of
really how individuals produce and perceive artistic
imagery.

[7]Chuan Li and Michael Wand used a technique called
Markovian Generative Adversarial Networks to train
generative neural networks for efficient texture synthesis
(MGANS). Despite recent impressive results in terms of
synthesis performance, deep neural network approaches
still have a high computational cost (minutes of the run-
time for low-resolution images).

[8]A Neural System of Arty Style can isolate and integrate
the image style and substance of natural images. Leon A.
Gatys provides this information. The algorithm enables
the production of new high-quality depictions that
combine any photograph's content with the appearances
of a variety of good artworks.

[9] A broad visual vocabulary for image formation is
provided by a variety of painting styles. The extent to
which one can learn and the degree to which one can learn
sparinglyThis visual language tests our

understanding of the higher-level features of paintings, if

at how to build a single, mountable deep network that
can accurately arrest the inventive style of a variety of
paintings.They make evident that such a network
oversimplifies across a wide range of artistic styles by
plummeting a painting to a point in entrenching space.

[10] In their paper, Dongdong Chen et al. introduce a
robust comprehensive explanation of this article. For
both style and content, their framework is capable of
decoupling. The decoupling enables faster training (for
various styles, including modern styles), as well as
fresh and intriguing style fusion effects, such as linear
and region-specific effects a change in focus They,
present a novel understanding of neural style transfer,
which can lead to new insights into image
reconstruction and restoration.

[11] In their paper, Keiji Yanai and Ryosuke Tanno
propose a provisional fast neural type transfer
network. They encompass Johnson et al foreseen
network as a reckless neural pattern classification
network to learn manifold styles at the same time. To
do so, they add a contingent entry that chooses a style
to move from the trained types.

[12] Fujun Luan and colleagues present a deep-
learning approach to photographic wavelet transform
that can handle a wide variety of image material while
accurately transmitting the reference style. Our
approach is based on recent research on painterly
transfer, which uses multiple layers of a genetic
algorithm to discern style from content in an image.

[13] To improve privacy, Eman T. Hassan et al
suggested replacing artifacts in videos with cartoon
representations derived from clip art. They applied
this method to videos in several settings, including
first-person footage and video conferencing. They
struck a strong balance between preserving the
semantic meaning of the videos and removing
potentially sensitive material.

[14] In this paper, Saurav Jha et al. investigate and
extend several structures for the aforementioned
tasks. They equate the Multitask Cascaded
Convolutional Network (MTCNN) architecture to
conventional approaches for face detection. Face
detection is done using the Multitask algorithm.
Compare the MTCN (Multi-Tier Convolutional
216 rk) architecture to conventional approaches.
when it comes to face detection, they play a dual role:
Inception's function learning capability, Support's
features extraction functionality, and the v3 network
Vector Devices (Vector Machines) are combined in this

not all images:nthis-paper; Vincent Bumoutin;etatHfook—inductive—transfer tearning approach({S¥Ms};- (ii) a
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proposed Hybrid Convolutional Neural Network (HCNN)
architecture, which was equipped using image pixels and
15 independently located facial feature vectors.

develops a development of choice trees dependent on
these haphazardly chosen inputs. The yield of Random
Forest is then determined by the yields of the contained
choice trees. For another information, each tree gives a
characterization.

[15] Yanging Zhou et al had used cartoon shaders to
capture portraits of rendered 3D replicas, a 2D-3D-2D
renovating process with a cartoon-modeling tool, and a
hand-drawing stylization filter to boost the base dataset to
10,000 images. They then demonstrate how to construct
an operative neural network for image semantic
cataloging using ToonNet.

They demonstrate three methods for creating Deep Neural
Networks (DNNs): IUS stands for Inputs Unified
Stylization, a process of schematizing inputs to reduce the
convolution of hand-drawn cartoon pictures. FIN stands
for Function Interleaved Network, which is a network with
intuitive and useful global features. Network plus Network
(NPN) is a mixed network that combines multiple single
networks into one.

[16] CartoonGAN, proposed by Yang Chen et al, is a
generative adversarial network (GAN) framework for
cartoon stylization. For planning, we use unpaired images
and cartoon pictures, which is an easy operation. Two new
losses are proposed, both of which are suitable for
cartooning:(1) a semantic content loss to deal with
momentous style discrepancy between images and
cartoons, conceived as a sparse regularization in the VGG
network's elevated function records, and (2) an edge-
promoting confrontational loss to maintain clear edges.

[17] Chinmay Joshi, Devendra Jaiswal, and Akshata Patil
are the authors of this article. This paper shows how to
convert pictures into cartoons using a variety of methods.
Any of the techniques mentioned below can be used to
transform any form of the captured picture into a cartoon,
including images of humans, trees, mountains, fauna and
flora, and so on. Photoshop, Adobe Illustrator, Paint.net,
Windows MAC, and other programs can all be used to
transform images into cartoons.

[18] The demand for non-photorealistic rendering (NPR)
has grown as electronic devices have improved. This
paper by Fatin Sadiq Alkinani and Abdul Monem Salih
Rahma, as part of the NPR, proposes a new model for a
cartooning system. It employs the principles of vector
quantization and logarithmic image processing (LIP).The
Kekre Median Codebook Generation (KMCG) algorithm
was improved by the method, which was proposed and
implemented.

[19]TensorFlow is used by Chinmay Joshi et al to train
a fast style transfer network in their implementation.
They use a transformation network that is similar to
Justin Johnson et al's, with the exception that
Ulyanov's instance normalization replaces batch
normalization. They choose a loss similar functionality
to Gatys', except instead of VGG16, we use VGG19, and
they generally use "shallower" layers than Johnson's
(for example, we use relul 1 instead of relul 2). As per
empirical evidence, this results in larger scale style
features in transformations.

[20] The idea of the Akanksha Apte et al paper is to
take unique snapshots and videos and then turn them
into an art form such as paintings. A Cartoon GAN, or
Generative Adversarial Network (GAN), will be used to
style actual pictures using two loss functions, content
loss, and confrontational loss, to achieve a sharp and
translucent image, among the technologies available.
IIL Proposed Approach

The surface, structure, and texture representations of
images are decomposed, and 3 sovereign modules are
used to obtain analogous illustrations. A generator G
and two discriminators Ds and Dt are proposed in the
GAN architecture, with Ds separating surface
representation inferred from model yields from
cartoons and Dt separating texture representation
extracted from model yields from cartoons.

Dt is used to distinguish between texture portrayals
derived from outputs and cartoons. A pre-trained VGG
network would be used to extract high-level aspects
and position constraints on global contents between
filtered structure interpretations and outputs, as well
as between input images and outputs.

The loss feature consents users to monitor the
performance elegance and familiarize the model to
various use cases by adjusting the weight for each part.

A.Learning from the Representation on the Surface

The surface depiction is based on the cartoon painting

style, in which artists use coarse brushes to draw rough

drafts with smooth surfaces that resemble cartoon

pictures. For edge-preserving filtering, a differentiable
217 ed filter is used to smooth images

while maintaining the global semantic structure. A
discriminator D; is implemented to determine whether
model outputs and reference cartoon images have
similar surfaces and to instruct generator G on how to
learn the information stored in the extracted surface
representation. Let Ip stand for the input picture and Ic
for the reference cartoon images, and the surface loss
is calculated as follows:
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Lourtace (G, Ds) = 10gDs (Fage(Ic,Ic) ) + log(1

— Ds (Fage(G(1p), G(1))) )
(1)

B. Learning from the Structure representation

In a celluloid-style cartoon workflow, the Structure
representation mimics troddenuniversal material, sparse
color chunks, and simple confines. To begin, the
felzenszwalb algorithm is used to divide images into
distinct regions. Since superpixel algorithms only take into
account pixel similarity and disregard semantic details, to
integrate segmented expanses and extract a sparse
dissection map, selective search is used.

Each segmented region is colored with an average of the
pixel value in standard superpixel algorithms. We
discovered that this lowers global contrast, darkens
images, and induces hazing in the final results after
evaluating the processed dataset (shown in Figure 3). As a
result, an adaptive coloring algorithm is produced, which
can be formulated as Equation 2, in which that 1 = 20, 2 =
40, and = 1:2 produce good results. Figure 3 shows the
colored segmentation maps and the ultimateconcerns
trained with adaptive coloring, which effectively improves
image contrast and decreases hazing.

Sl,] = (91 * g + 92 * g)u
(0,1) o(S) <vy
(01,82)=4(0.5,0.5)y, < o(S) <vq

0,y < a(S)
a)

a) segments of average color
b)segments of adaptive color

(2)

a) b)
a) outcomes of average color
b) outcomes of adaptive color

Figure 3: Algorithm for adaptive coloring.

Picture a) then picture b) show breakdown maps with
various coloring methods, whereas picture c) the picture
d) show- i i i

coloring produces upshots that are more vibrant and
unhampered of haze.

High-level characteristics The spatial constraint
amongst our findings and the mined structure
representation is enforced using data mined by a pre-
trained VGG16 network. Let F stand for structure

representation extraction and structure loss,
respectively. The formula for Lsuructure i:
Leurace = |IVGGn(G(1p)) = VGGy (Fst(GCIp)) 1|

(3)

C. Textural Representation as a Source of
Information

The greater characteristics of cartoon pictures are
important erudition goals, but irradiance and color
details help differentiate cartoon images from real-life
pictures. To obtain single-channel consistency
representation from color images, we propose Fr, a
random color shift algorithm that preserves high-
frequency textures while reducing the effect of color
and luminance.

Frcs(Irgb) = (1 - a)(Bl * Ip + By * Ig + B3 * Ib) +a
*Y

(4)
Irg» stands for 3-channel RGB color images, Ir; Ig and Ib
stand for three-color frequencies, Y stands for
customary grayscale image rehabilitated from RGB
color image in Equation 4. U(-1,1) is used to setx = 0:8,
B1,B2,and B 3 ~

The indiscriminate color shift will produce random
concentration maps with luminance,

color information removed, as shown in Figure 3.
A discriminator Dt is implemented to help the
generator learn the simple contours and adequate
textures deposited in the texture representations by

218 ruishing between texture representations
aerived from model outputs and cartoons.

Liexture (G: Dt) = loth(Frcs(IC)) + lOg(l
- Dt(Frcs(G(IP))))
(5)

Model is a one-generator, two-discriminator GAN-
dependent method. It is mutually optimized and is built
on functionality acquired from three
cartoondepictions. Equation 6 may be used to express
this. By adapting and balancing
A1,A2,A3, and A4 may be readily adapted to a variety of
situations.
Applications of different artistic styles.

Ltotal = )\1 * I-‘surface + )\2 * Ltexture + )\3 * Lstructure

4 content 5 tv
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(6)
To enforce spatial smoothness on generated images, the
total-variation forfeiture Ltv is used. High-intensity
sounds, such as the salt and pepper noise, are also
reduced. H, W, and C in Equation 7 represent the spatial
dimensions of images.

——[1x(G(p)) — A, (GUp))]

Ly =

(7)
The lack of material the sparsity of the L1 standard allows
for the cartoonization of local features, and Lcontent is then
used to assure semantic invariance of the cartoonized
effects and input images. It is measured on the same pre-
trained VGG16 feature space as the structure loss:

Lcontent = ||VGGn(G(IP)) — VGG, (G(IP))”

(8)
To change the sharpness of performance, we adopt a
differentiable guided filter Fdgf for style linearization. It
can commendably control the intensity of information and
Edges without refinement the network configuration, as
shown in Figure

6. Using In as a reference map, formulated the post-
processing in Equation 9, denoting the network input as Iin
and the network yield as [ou:
Linterp =6 ngf(Iin' G(Iin)) + (1 = 8) * G(I;n)
9)

V. Original and Cartoonized Images

B) Plants

V. Conclusion

This GAN-based white-box image cartoonization
system can generate high-quality cartoonized pictures
from actual photos. The surface, the structure, and the
texture depictions are the three cartoon
representations of an image. Three representations for
network training are extracted using image processing
modules that correspond to each other and the
performance types could be manipulated in the loss
function, changing the weight of each representation
may result in various types of image cartoonization.
This method by Xinrui Wang et al,remains a kind of one
good manner for image cartooning among many other
cartoonizing methods using deep learning. As it
uses.The surface, the structure, and the texture
depictions of cartoon representations.
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