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Abstract—This project aims to investigate how cartoon
and comic images can be better explored within the context of unsupervised
image-to-image translation. Specifically, we seek to study the translation of anime
illustrations into their manga representations, given a manga book as a reference.
Although current state-of-the-art image-to-image translation models can convert
images between different domains, existing methods for translating illustrations
to manga style are scarce. We propose to exploit the unique characteristics
of anime and manga images, allowing for a preliminary output that can support
the translation process in two stages. We believe this approach can reduce model
complexity while generating high-fidelity outputs. Furthermore, we aim to impose
minimal restrictions on the manga target domain, making the translation fully
unsupervised. Finally, the proposed framework’s output can be used to produce
rich datasets composed of colored and synthetic manga images, which would
support colorization methods that rely on large amounts of paired training data.

M anga is the main comic book style in
Japan and has gained widespread popularity
across the globe. Unlike Western comics,

manga is typically published in black and white, with
color reserved mostly for the cover. The production
process is fast-paced, resulting in a continuous flow
of content. Like most comics, a manga title is a set
of pages composed of several panels separated by
white lines. Those panels are filled with monochromatic
illustrations and dialogue balloons that, as a whole, tell
a specific story.

Some manga books are adapted into Japanese an-
imations, known as anime, often with the collaboration
of the original author. In such cases, specific manga
panels are modified to fit the animation format, treated
as key frames, and then colorized to appeal to a wider
market. As a full-length feature episode or film, popular
anime franchises are composed of colored frames
(illustrations) where characters and backgrounds from

XXXX-XXX © 2025 IEEE
Digital Object Identifier 10.1109/XXX.0000.0000000

FIGURE 1: An example of an anime illustration (left),
its monochromatic format (middle) and a possible cor-
responding manga representation (right). Zoom in to
check the screen patterns.

the adapted manga story are present.
Despite some similarities, it is important to note that

manga and anime are not identical kinds of artwork. A
manga image is not simply a monochromatic illustra-
tion; it is a black-and-white image conforming to a spe-
cific art style developed by its original artist. In this con-
text, screen patterns are a fundamental artistic choice
that contributes to the identity and recognizable style of
manga titles. In Figure 1, one can distinguish between
an anime illustration, its monochromatic format, and a
possible corresponding manga representation.
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Knowing that there is a strong demand for col-
orization techniques for manga books, some semi-
automatic colorization methods have been pro-
posed1–5, but the lack of image pairs (manga data and
its corresponding colored version) available imposes
a constraint for many supervised learning approaches
that seek to reduce user intervention.

To address the above mentioned problem, we pro-
pose a GAN-based framework that converts an anime
image (colored illustration) into a high-quality manga
representation, considering the diverse screen pat-
terns used by the target manga title. This approach
enables the creation of image pairs (colored and
manga images) that can be used to support supervised
learning-based methods. We show that breaking the
translation process into two stages is sufficient to gen-
erate high-quality results, without the need for complex
generative models. Figure 2 illustrates two examples of
input-output pairs generated by our framework.

The first stage focuses on translating between
domains while preserving the screen patterns of the
target manga and the semantic content of the input
anime image. This is achieved using a GAN framework
with three custom loss functions, a tailored training
procedure to avoid local minima, and a multi-scale
discriminator. The output from this stage serves as
a reference for the second stage, where it is refined
into a high-quality manga representation. In this stage,
a classifier recommends screen patterns based on
the target dataset. By not imposing restrictions on
the screen patterns of the target dataset, our method
enables the creation of results with diverse screen
patterns, unlike current methods that are limited to a
single pattern style. Our contributions include:

1) A two-stage unsupervised data-driven framework
to generate manga representations from anime
illustrations, with few or no restrictions on the
screen patterns used in the target domain. The
method allows users to adjust the manga output
based on personalized recommendations from a
classification process.

2) A large dataset of image pairs (anime illustrations
and corresponding synthetic manga represen-
tations) that can support research on manga
colorization.

RELATED WORKS
Recent approaches in computer vision predominantly
rely on learning algorithms to support a variety
of tasks. Specifically, deep generative models have
shown considerable improvements in the image-to-
image (I2I) translation problem. Many classic computer

vision problems can be framed as an I2I translation
task, where the main goal is to convert an input image
from a source domain to a target domain while keeping
its content and semantic representation. An overview
of the I2I works developed over the years7 highlights
some of the most used generative methods, such
as variational autoencoders (VAE)8 and generative
adversarial networks (GANs)9 (which include baseline
approaches that require paired data10, and those that
work with unpaired data11). Currently, diffusion models
(DM)12 are recognized as highly effective generative
models and have been successfully applied to various
image synthesis tasks13–16, although computationally
expensive.

Considering anime illustrations as a source domain
and manga panels as a target domain, the number of
I2I works is scarce17–21. Although these works have
shown good results, common limitations related to
datasets are present. For instance, these methods
often face challenges regarding the diversity of screen
patterns applied in the output.

Our approach fits the unpaired image-to-image
translation methods, specifically, the artistic creation
ones. We aim to investigate how anime and manga
images can be better explored within this contexts. For
that, we propose a specific translation problem where
anime illustrations (cartoon images) are converted to
manga representations (comic images) faithfully, ac-
cording to a specific target manga domain, while main-
taining its screen pattern diversity.

Differently from other works, our approach does not
need the use of image pairs or high-resolution images,
can consider any manga dataset as a target domain,
and tries to not be limited in the number of possible
screen patterns applied. Moreover, rather than relying
on complex models like diffusion models, we use a two-
stage GAN approach, demonstrating that dividing this
translation process into generating a draft and refining
it is sufficient to achieve high-quality results.

PROPOSED APPROACH
We propose a two-stage anime-to-manga translation
framework that utilizes any manga book title as a target
domain while preserving its screen pattern distribution
and diversity. The input is an image X 2 Rw�h�c ,
and the output is its manga representation Y 2 Rw�h

according to the target domain. Here, w , h, and
c represent the image’s width, height, and number
of channels, respectively. Three Convolutional Neural
Networks (CNNs) are trained:

� Generator Network G: Learns a mapping from
the input image to an output preliminary manga
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FIGURE 2: A pair of anime illustrations extracted from the Danbooru dataset6 and their corresponding synthetic
manga versions generated by our method. Zoom in to see the high-quality screen patterns.

representation.
� Discriminator Network D: Aims to distinguish

real manga images from the translated ones at
multiple scales, labeling them as either real or
fake.

� Encoder Network E : Extracts and classifies
feature signals from screen patterns.

Let A represent any anime domain and M any
manga domain. Given an anime training dataset
Sdata(a) = fai j ai 2 A, i = 1, ... , Ng and a manga
training dataset Sdata(m) = fmj j mj 2M, j = 1, ... , Mg,
where N and M denote the respective number of
images in each datasets, our framework initially pre-
dicts a preliminary manga representation G(X ) = Ŷ 2
Rw�h�c during the first stage.

In the second stage, the main goal is to generate a
high-quality output Y based on the preliminary manga
representation Ŷ . Alongside a proper segmentation of
X , Ŷ is used by an encoder network E to estimate
a probability matrix P 2 RK �C , where K denotes
the number of regions where an artist would apply a
screen pattern, and C represents the number of screen
pattern classes available in a predetermined set. Each
row in P defines a set of screen pattern probabilities,
indicating the most suitable patterns for each of the
K regions. Based on these probabilities, the screen
pattern with the highest probability is applied to the
corresponding region, although our framework allows
the user to select an alternative well-rated screen
pattern. We refer to the second stage as the screen
pattern pasting procedure  pattern.

Finally, a line extraction procedure  line is used
to preserve the structural lines present in the input
image. These lines typically define the boundaries and
contours of the various objects within a scene.

Considering � as the Hadamard product, the out-

put manga image can be easily composed as:

Y =  pattern(Ŷ , X )�  line(X ). (1)

The overview of our framework is shown in Fig-
ure 3.

First Stage: Preliminary Prediction
In the first stage, a Convolutional Neural Network
learns a mapping from an input image to an output
preliminary manga image. We consider this prediction
preliminary because achieving a high-quality manga
representation, where screen patterns are perfectly
applied to the appropriate regions, is challenging. Ini-
tially, our goal is to translate an anime image into
a draft manga representation while preserving the
global screen pattern composition of the target manga
dataset Sdata(m) and the semantic content of the input
image X .

Learning from the Style Representation Anime im-
ages are essentially composed of several low-level
features, such as edges, color blocks, simple textures,
simple shapes, and variations in brightness and con-
trast. Additionally, we observe that this kind of art has a
significant correlation between its color segments and
the screen patterns present in manga images. Based
on these observations, for any input image X , we
obtain the feed-forward prediction G(X ) as Ŷ , where
G is a U-Net-based architecture22 network, following
the approach proposed by10. The skip connections
present in the U-Net architecture facilitate the effective
propagation of low-level features and help preserve
spatial information.

A discriminator D is initially designed as the tradi-
tional convolutional “PatchGAN” classifier23, which pe-
nalizes structures only at the scale of image patches.
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FIGURE 3: Two-stage anime-to-manga translation framework. First Stage generates a preliminary manga
representation using a generator, a discriminator, and an encoder to classify screen patterns. Second Stage
refines the preliminary output by segmenting the input image, applying screen patterns based on probabilities
(regions and pattern classes), and preserving structural lines using a line extraction procedure.

However, we observed that discriminating between
model outputs and reference manga images in this way
is insufficient for effective translation between anime
and manga images. Since manga patches typically
consist of both black and white patterns, the discrim-
inator may accept arbitrary monochromatic images,
causing the generator to make no further improve-
ments.

To address this issue, we propose discriminating
between real and generated data at multiple scales
during training, allowing the discriminator to more ef-
fectively capture both high-level and low-level charac-
teristics of manga images. Given a generated output
G(ai ), where ai 2 Sdata(a) is an instance from the
anime training dataset, and a real manga instance
mj 2 Sdata(m), we modify the discriminator to accept
as input features extracted from multiple layers of
the VGG16 network24, pre-trained on ImageNet25. We
denote the set of feature maps extracted from specific
layers of VGG16 as F(X ) for an arbitrary image X ,
where:

F(X ) = fF12(X ),F22(X ),F33(X ),F43(X )g. (2)

Here, Fij (X ) represents the feature map extracted

from the ij-th convolutional layer of VGG16, specifically.
Using this notation, we formulate the adversarial

style loss Ladversarial as:

Ladversarial(G, D) = Emj �Sdata(m)
�

log(D(F(mj )))
�

+ Eai �Sdata(a)
�

log(1� D(F(G(ai ))))
�
. (3)

Refer to Figure 3 for an overview.

Maintaining the Input Content Although the high-level
feature maps in the VGG16 network24 pre-trained on
ImageNet25 have demonstrated good object preser-
vation capabilities26, in the context of image-to-image
translation, local color and texture information is often
lost27,28. Specifically, in the case of anime-to-manga
translation, we have observed that a traditional content
loss26 has demonstrated inaccurate results.

The content of anime or manga images is es-
sentially their structural lines (lines that define the
shapes, forms, and contours of characters, objects,
and scenes) alongside the black and white color
blocks. This is sufficient to understand the image se-
mantically. Different colors in anime images or screen
patterns in manga images typically serve an aesthetic
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FIGURE 4: Example of an input anime image (left) and
its corresponding binarized form (right).

purpose rather than contributing to the image content
itself.

With that in mind, a binary representation can
be viewed as an intermediate representation between
anime and manga images where only black and white
colors or screen patterns (considering black and white
as screen patterns) are applied. To ensure that the
resulting manga image retains the semantic content
of the input anime image, we introduce the binary
content loss Lcontent . It is defined as the L1 sparse
regularization between the preliminary manga image
G(ai ) and the input binary representation �(ai ).

Lcontent = Eai �Sdata(a)kG(ai )� �(ai )k1, (4)

where � represents a binarization function using
Otsu’s method29 to segment pixel intensities into black
and white. An example of an input image and its
binarized form is shown in Figure 4.

Patch-wise Pattern Consistency Given the set of
manga images Sdata(m) as the target dataset, we first
calculate the screen pattern distribution, denoted as
Ptarget, using a patch-based approach. Specifically, we
divide the images into non-overlapping patches of size
32�32, and then determine the distribution Ptarget from
the patterns observed in these patches.

Similarly, the preliminary manga representation Ŷ
is divided into non-overlapping patches, denoted as
fŶigL

i=1, where L is the total number of patches. Each
patch Ŷi is then classified by E to predict the pattern
distribution for that patch, denoted as Ppred(Ŷi ).

The pattern consistency loss, Lpattern, is defined
as the average Kullback-Leibler (KL) divergence30 be-
tween the target pattern distribution Ptarget and the
predicted pattern distribution for each patch Ppred(Ŷi ):

Lpattern =
1
L

LX

i=1

DKL

�
Ptarget k Ppred(Ŷi )

�
, (5)

where DKL denotes the KL divergence, which is
defined as:

DKL(P k Q) =
X

j

P(j) log
�

P(j)
Q(j)

�
. (6)

Here, P(j) and Q(j) represent the probability distri-
butions over the screen pattern classes for the target
and predicted distributions, respectively.

This loss encourages the generated image Ŷ to
maintain a pattern distribution across its patches that
closely matches the target distribution Ptarget, ensur-
ing consistency and diversity in the visual style of
the generated manga images. Furthermore, this loss
function enforces the generation of patterns that are
more easily recognized by the classifier E , resulting
in images that can be better classified in the second
stage of the framework.

Full Loss The loss function is used to jointly optimize
the GAN-based framework. It consists of three parts:
(1) the adversarial style loss Ladversarial which drives
the generator network to achieve the stylization, (2) the
binary content loss Lcontent which preserves the image
content during the transformation, and (3) the pattern
consistency loss Lpattern which enforces the generation
of screen patterns present in the target dataset. The
hyper-parameters �, �, and 
 are used to ensure a
balance between stylization, content preservation, and
patch-wise pattern consistency.

Lfull = �Lcontent + �Ladversarial + 
Lpattern. (7)

Training Procedure During training it’s important to
prevent falling into local minima and to mitigate the risk
of mode collapse in the GAN. For that, it is necessary
to first enforce effective content preservation before
proceeding with stylization. Furthermore, since the pat-
tern consistency promotes the generation of consistent
patterns, it is important to consider this aspect only
after some stylization has been applied. Otherwise,
premature screen patterns could be inadvertently im-
posed in the final result.

Given these circumstances, we propose a sequen-
tial initialization of the �, �, and 
 hyper-parameters.
We first pretrain the network to generate high-quality
binary content representations, setting � = 1, � = 
 = 0
during the first 20 epochs. We then proceed to train
the network for the next 20 epochs, considering two
losses: the adversarial loss and the binary content loss,
setting � = 1, � = 10, and 
 = 0. This approach aims to
enhance the quality of style transfer while preserving
the input content. Finally, all three loss functions are
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used in the training process until the end, which con-
sists of a total of 180 epochs, after which no further
improvements were observed. We set the parameters
as � = 1, � = 10, and 
 = 5. Our experimental
results demonstrate that this sequential initialization of
loss functions aids the network in circumventing local
minima and mode collapse.

Second Stage: Final Image Generation
The manga draft predicted by the generator network,
although considered a good sample from the manga
dataset by the discriminator network, is not yet sat-
isfactory from an artist’s perspective. This is because
a good manga representation has regions presenting
the same screen pattern perfectly and uniformly dis-
tributed. Therefore, an output manga image without a
clear screen pattern pasted into each region yet with
correct shading is likely to confuse the discriminator.
As a result, the generator may stagnate and no longer
improve.

To circumvent this problem, we aim to use the
manga draft as a guide to select and paste a simi-
lar and proper screen pattern based on the possible
regions where one would be applied by an artist. More-
over, we want to provide the user with precise control
over the regions and screen patterns that would best
compose the final image. Our framework is designed
to detect and suggest proper screen patterns for each
region an artist would apply.

The Screen Pattern Pasting Procedure In real manga
images, patches from the same region have a highly
homogeneous semantic relationship. For instance, in
Figure 5, patches of the character’s hair have simi-
lar semantic information as they represent the same
screen pattern applied to that region. The same can
be said about the character’s face, pants, eyes and
shirt. Since the colors in the anime image usually
define those regions, we observe that in the problem
of translating an anime to a corresponding manga
version, those regions should have the same screen
pattern.

Given the input image X , we want to identify re-
gions where an artist might apply the same screen
pattern to keep the appearance consistent. To do this,
we use a segmentation algorithm based on the RGB
color values of the image, applying K-means clustering
with a fixed number of 6 clusters to divide the image
into different regions. Alternatively, Mean Shift or other
clustering algorithm can be used since it doesn’t need
a predefined number of clusters. The result is a set
of non-overlapping regions fRkg that cover the entire

FIGURE 5: Patches within the same region exhibiting
strong semantic consistency, indicative of the same
screen pattern.

FIGURE 6: On the left is an input image, and on the
right is a set of regions where the same screen pattern
should be applied.

image, where Ri \ Rj = ; for all different i and j ,
and

S
k Rk = X . An example showing these regions

is presented (Figure 6).
For each region, we aim to obtain a set of patches

of size 32�32 that are representative of different loca-
tions within the region. To achieve this, we apply the K-
means clustering algorithm again, this time to the pixel
locations within the region, specifying a large number
of centroids. In our example, we use 20 centroids.

For each region Rk , the framework samples and
classifies a set of T = 20 patches from it, assigning
to Rk a screen pattern score Sk 2 RC through a
voting system, where C is the number of screen pattern
classes available in the screen pattern set. The voting
system used here essentially sums the probabilities
of the patches with the highest intersection with the
region to avoid artifacts. Figure 7 illustrates the regions
and the 20 patches marked in blue squares. The top
selected patch is shown and used to calculate the
screen pattern score for that region.
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FIGURE 7: Six regions are shown, presented in two columns, with their corresponding patches marked with blue
squares (left), the top-selected patch displayed (middle), and the highest-ranked screen pattern chosen by the
encoder (right).

In summary, by extracting feature vectors for
each patch within each region, applying classification
through an appropriate classifier, and using a voting
system, we can effectively assign the most appropriate
class labels to the entire region based on the collective
information and decisions made at the patch level.

The Structural Line Procedure Structural lines play
an important role in anime and cartoon art styles as
they define the boundaries and contours of objects,
characters, and their various components such as
facial features, clothing, and props. However, not all
lines in anime or cartoon images are structural lines.
There may be additional lines, such as shading lines,
decorative lines, or texture lines, which serve different
purposes and convey specific artistic details.

General line detection methods31–33 rely on detect-
ing high contrast edges or changes in intensity values
to identify lines. As anime images are usually com-
posed of color blocks, a transition between adjacent
color blocks that are not part of structural lines may
lead to misdetection. Instances of such misclassifica-
tions are highlighted by the red circles in Figure 8 when
applying Canny Edge Detection Technique31.

Alternative approaches such as deep learning-
based methods or sketch simplification techniques
can be used. These methods can learn the patterns
and characteristics specific to anime images, allowing
them to better capture structural lines. We apply the
learning-based line extractor algorithm proposed by34.

Although this method is used to extract lines from
manga images, we notice that it has shown reason-
able results in extracting structural lines from colored
images. We observe that the method maps those
difficult boundaries to low-intensity pixel values, while
real structural lines are mapped to high-intensity pixel
values.

Consider  line(X ) as the procedure used to extract
structural lines from the input image. We first extract
the lines through the learning-based method34, and
then convert pixels with intensity values under a thresh-
old to white. This approach enables us to produce high-
quality structural lines, minimizing inaccurate lines.
Figure 8 shows an example of the structural lines
extracted by our approach.

 line(X )i ,j =

(
0, if !(X (i , j)) < 70,

X (i , j), otherwise,
(8)

where X is the input image, !(X ) is the resulting image
after extracting structural lines, and X (i , j) represents
the pixel intensity at position (i , j) of the image X .

The Pattern Extractor
As mentioned in the previous sections, we used a pre-
trained convolutional neural network (CNN), denoted
as E , which serves as a classifier. This CNN is utilized
during the initial stage to extract and classify features
from the screen patterns. It is used not only during the
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FIGURE 8: On the right, the input image used for
comparison. In the middle, the result of the Canny
Edge Detection Technique31, with misclassified lines
highlighted by red circles. On the left, structural lines
extracted by our approach.

FIGURE 9: Examples of screen patterns demonstrat-
ing their bitonal nature and regular spatial structures.

training phase but also in the second stage to classify
the feature signals extracted from the images at the
patch level.

Screen pattern images are usually small and
bitonal, very similar to each other and based on some
regular spatial structure. This makes highly accurate
screen pattern classification a difficult task when con-
sidering many kinds of screen patterns. In Figure 9 we
show some examples of screen patterns.

A simple and traditional method, such as directly
training a network with a cross-entropy loss function
to classify screen patterns, would create a feature
space where representations only reflect their position
relative to the decision boundary. Due to the high
similarity among many screen patterns, this approach
would lead to similar images being close in this space,
thus reducing accuracy. Instead, an embedding space
that clusters elements of the same class closely while
separating those of different classes is preferred.

Supervised Contrastive Learning35 is a training
methodology that outperforms supervised training with
cross-entropy on classification tasks. Using this ap-
proach outperforms the conventional technique in
terms of test accuracy since clusters of points belong-
ing to the same class are pulled together in embedding
space, while simultaneously pushing apart clusters of
samples from different classes. In addition, as we are
not imposing restrictions on the number of screen

pattern classes, supervised contrastive learning proves
advantageous when tackling multi-class problems with
a large number of labels.

Following the supervised contrastive learning
methodology35, we utilize the ResNet5036 architecture
and train it in two distinct phases. Initially, the encoder
is pretrained to optimize the supervised contrastive
loss. This phase aims to ensure that vector repre-
sentations of images from the same class are closely
aligned, while those from different classes are distinctly
separated. Subsequently, in the second phase, the
classifier head is trained using the pretrained encoder
with its weights frozen. During this phase, only the
weights of the fully connected layers are optimized
using a softmax cost function.

EXPERIMENTS, DATA AND
RESULTS

Experimental Setup
Implementation We implemented our framework in
TensorFlow37 and Python language. We aim to make
the trained models used in our experiments available
to facilitate evaluation of future methods. All experi-
ments were performed on a NVIDIA Quadro P5000
GPU. All the networks were trained using the Adam38

algorithm as the optimizer, with the learning rate and
batch size set to 2 � 10�4 and 8, respectively. The
training procedure followed what was described ear-
lier for 180 epochs, after which no further qualitative
improvements were detected.

Hyperparameters All results shown in this paper are
generated with � = 1, � = 10 and 
 = 5. While
these are the final values, the hyperparameters were
not set initially but were instead introduced sequentially
during the training process as outlined in the training
procedure.

Dataset

Generator and Discriminator
To obtain the training data as the source domain, a set
of anime images was collected from the Danbooru6

dataset. We extracted and selected 1957 images,
cropping them to a size of 286 � 286 pixels. Since
the dataset is compiled from millions of images, we
manually selected a subset to ensure a rich variety of
content while respecting copyright issues, as we aim
to make it publicly available to support reproducibility.
This selection includes everything from individual char-
acters to scenes with multiple characters and diverse
landscapes.
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For the target domain, we consider several manga
books from the Manga10939 dataset. It is important to
highlight that manga pages typically consist of multiple
panels, lines separating them, speech balloons, and
abundant text. To ensure the quality of our training
data, we conducted a preprocessing step where we
sampled individual manga panels and cropped the
images to a size of 286 � 286 pixels. We then only
included crops without any text characters or sepa-
rating lines. This preprocessing is important because,
otherwise, the model would learn to reproduce these
artifacts. Finally, the total number of samples in the
target domain dataset was 531. This dataset will also
be made publicly available.

During training, we apply a set of data augmenta-
tion techniques to further enhance the robustness of
our model against overfitting and to introduce more
variability in the training data. These techniques in-
clude randomly flipping the images horizontally and
vertically, and cropping them down to 256�256 before
being fed into the network.

Encoder

The dataset used to train the encoder was created from
the widely-used DELETER screentone standard40. We
selected a set of 10 commonly used screen patterns,
each representing a distinct class. Examples of these
classes include horizontal line patterns, vertical line
patterns, chess patterns, dot patterns, plain white pat-
terns, and plain black patterns, as shown in Figure 9.
All of these patterns are present in the manga books
from the Manga10939 dataset.

For training purpose, to increase the number of
samples per class and to simulate distortions and
variations possibly introduced by the generator during
the translation process, a data augmentation pipeline
was applied. Details of this pipeline can be found in
the Appendix.

Previous Methods and Evaluation Metrics
We compare our method with three algorithms that
represent the state-of-the-art in the illustration-to-
manga translation problem: ScreenVAE18, a screen
pattern encoder to enable the transfer between color
illustrations and manga, Mimicking19, a supervised
approach that uses screen pattern segmentation
maps manually created to mimic the manga creation
workflow and generate high-frequency patterns, and
Sketch2Manga21 (S2M), which uses a diffusion model
to generate high-quality manga images with shaded
high-frequency screen patterns.

Qualitative Comparison The provided qualitative
comparison (Figure 10) illustrates the outcomes of
various methods. The input images (Figure 10-(a)),
displayed in the first column, serve as the baseline for
comparison. The grayscale conversion Figure 10-(b)
simply reduces the image to shades of gray, lacking
the characteristic screen patterns and structural
details of manga.

In the ScreenVAE approach (Figure 10-(c)), we
used the model weights provided by the authors with-
out additional training on our own dataset, as the
process requires a high-resolution training set. While
ScreenVAE performs well in maintaining structural in-
tegrity and diverse screen patterning, some noise and
artifacts are visible, particularly in the shading.

As shown in Figure 10-(d), the Mimicking approach
produces high-quality results. It generates clean and
professional manga outputs with well-placed screen-
tones. However, as a supervised method, it relies
on a manually prepared dataset containing 1502 tu-
ples, including illustrations, line drawing maps, regular
screentone segmentation maps, and irregular texture
masks, all at a resolution of 1024 pixels. This depen-
dency restricts the method to the 8 screen pattern
types provided in the dataset, which are predominantly
variations of a single style, "dots," with different inten-
sities; zoom in to the details. Adding a new screen
pattern would require the creation of a new dataset with
over 1000 manually annotated samples, making the
process both time-consuming and resource-intensive.

The S2M approach (Figure 10-(e)) generates high-
quality manga with shaded, high-frequency screen pat-
terns. However, this method relies on a diffusion model,
which is computationally expensive and requires both
an extensive high-resolution training dataset and high-
performance hardware to produce a single result. Ad-
ditionally, it does not maintain a consistent regular
distribution of screen patterns and is limited to a single
pattern style, as can be observed by zooming into the
results.

In contrast, our proposed method (Figure 10-
(e)) produces results with well-positioned and diverse
screen patterns, maintaining a regular structure and
variety that closely resemble the style found in the
target manga dataset. Unlike the Mimicking approach,
which primarily applies a single pattern style such as
"dots" throughout the image, our method demonstrates
flexibility in applying multiple patterns appropriately
across different regions.

Additionally, our framework allows for easy adapta-
tion to new screen patterns. By simply expanding the
screen pattern set and retraining the models, results
with additional patterns can be generated. Our method
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(a) (b) (c) (d) (e) (f)

FIGURE 10: Qualitative comparison of results generated by our method against alternative anime-to-manga
translation approaches: (a) Input image. (b) Greyscale. (c) ScreenVAE18. (d) Mimicking19. (e) S2M21. (f) Our
method. Zoom-in regions were selected to highlight differences in screen pattern application and shading.

is based on a GAN framework that does not require
an extensive dataset, high-resolution images, or paired
image data, making it a practical and accessible ap-
proach for generating high-quality manga images with
customized screen patterns.

User Study The user study evaluates on the synthetic
manga images, where 20 participants, avid manga
readers, were asked to rate a total of 100 images
based on three criteria: screen pattern diversity, screen
pattern regularity, and overall manga quality. Ratings
were given on a scale from 1 (poor) to 5 (excellent). For
the images, 25 samples were randomly selected from
the Danbooru dataset6. Each sample was processed

TABLE 1: Average user ratings for each method. Top
score for each criterion is marked in blue.

Method Screen
Pattern
Diversity

Screen
Pattern
Regularity

Overall
Manga
Quality

Our 4.33 ± 0.70 3.97 ± 0.97 4.08 ± 0.87
Mimicking 3.14 ± 1.36 3.83 ± 1.06 4.31 ± 0.71
ScreenVAE 3.95 ± 0.94 3.21 ± 1.22 3.09 ± 1.29
S2M 3.07 ± 1.32 3.54 ± 1.17 3.93 ± 1.02

using the four approaches—ScreenVAE, Mimicking,
S2M, and our method—resulting in a total of 100
generated images.
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(a) (b) (c) (d) (e) (f)

FIGURE 11: Ablation study conducted by systematically removing each component, focusing on results from
the first stage aimed at creating the intermediate result: (a) Input image. (b) W/O custom initialization. (c) With
traditional discriminator. (d) With traditional content loss. (e) W/O pattern loss. (f) Full model. Zoom in to see the
details.

The results are shown in Table 1. While Mimicking
was rated the highest in overall manga quality, with
our method following closely, our approach performed
better in screen pattern diversity and screen pattern
regularity. ScreenVAE also performed well in screen
pattern diversity, while Mimicking and S2M ranked
lower in this category. These findings indicate that
our method produces varied and consistent screen
patterns, while maintaining a competitive overall quality
with the state-of-the-art approaches.

Ablative Study
We present the results of our ablation study in Fig-
ure 11. This study aims to analyze the impact of each
component in the first stage of our framework, where
an intermediate result is created.

Removing either our proposed training order or
replacing the custom discriminator results in the GAN
quickly falling into mode collapse (Figure 11-(b) and
Figure 11-(c)). We believe that the sequential initializa-
tion of the loss functions, along with a more appropriate
discriminative capability for this kind of image, helps
maintain stable training.

Additionally, substituting the binary content loss
with a traditional content loss26, as discussed in Sec-
tion , can cause the generated images to have inac-
curate intensity fidelity and artifacts. This is shown in
Figure 11-(d).

Lastly, omitting the pattern loss function (Figure 11-
(e)) can hinder the overall process since a lot of
artifacts are created. In the second stage, where a
classifier evaluates the results and determines the ap-

propriate screen pattern for each region, it is important
to ensure that the generated image possesses features
that will facilitate the classifier’s task.

The final result of the first stage, the draft manga
representation, incorporating all components, is pre-
sented in Figure 11-(f).

Limitations
Highly complex screen patterns could prove more chal-
lenging for our framework, since classification occurs
at the patch level and may overlook global structure.
Additionally, due to the clustering nature of the seg-
mentation step, if neighboring regions end up receiving
the same screen pattern, elements can visually merge.
Figure 2 illustrates such a case, where the cloud and
the background were placed in different regions but
both received the plain white pattern. In both situations,
our framework provides users with control to address
these effects — allowing adjustments to patch size
and manual selection of screen patterns based on the
scores computed for each region, respectively.

Results
A large synthetic dataset of paired images (anime
and manga) was created using the Danbooru6 dataset
and our image-to-image translation framework, with
all images verified for copyright compliance. In this
paper, some of the results are shown in Figure 2
and in the qualitative comparisons in Figure 10-(f).
Additional results are provided in Appendix. To ac-
cess our full synthetic anime/manga dataset, please
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contact the authors or refer to the following link
https://zenodo.org/records/15230273.

CONCLUSION AND FUTURE
WORKS

We present a two-stage unsupervised image-to-image
(I2I) translation method to convert anime illustra-
tions into manga representations. Our framework gen-
erates manga stylizations with diverse screen pat-
terns and offers user control over outputs through a
recommendation-like second stage. Additionally, the
framework produces a large synthetic dataset of paired
images (anime and manga), which will be publicly
available to support colorization methods requiring
paired data. Ablation studies are also conducted to
demonstrate the influence of each component in the
generative model. A qualitative comparison and user
study demonstrate that our lightweight two-stage GAN
approach achieves results comparable to state-of-the-
art methods, such as more complex generative models
like diffusion models, and is competitive with super-
vised approaches, while being preferred for its ability
to produce greater manga diversity.

For future work, we aim to extend our framework
to explore the translation of not just single images, but
sequences of frames from an anime video. The goal is
to produce a video where all frames are converted into
manga style and can then be played back seamlessly.
We would like to investigate the feasibility of performing
this translation in real-time, ensuring temporal consis-
tency across the translated frames.

APPENDIX

Screen Pattern Data Augmentation Pipeline
The image augmentation process includes random
adjustments to brightness (max change of 0.005) and
contrast (range 0.5 to 2.0), and conditional application
of Gaussian blur (3�3 filter, sigma 0.5, 90% probability)
to simulate slight blurring effects. Images are then ran-
domly cropped, maintaining 90% of their dimensions,
and resized to original size. Slight rotations (�0.05 to
0.05 radians) and shear transformations (�0.1 to 0.1)
are applied to enhance model invariance and diver-
sity. Additionally, line images are overlaid onto original
images using a blend mode, with a 99% probability to
simulate noise and structural patterns. The augmented
images are finally cropped to uniform dimensions. The
pipeline generated 80, 000 training images and 20, 000
test images, distributed equally across all classes, to
effectively simulate artificial images.

Additional Results
We present some additional qualitative results, as
shown in figs. 12 to 17. These examples are from
our synthetically created dataset, which will be made
available upon request.

FIGURE 12: The original input is shown on the left,
while the result is displayed on the right. Zoom in to
see the details.

FIGURE 13: The original input is shown on the left,
while the result is displayed on the right. Zoom in to
see the details.

FIGURE 14: The original input is shown on the left,
while the result is displayed on the right. Zoom in to
see the details.
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FIGURE 15: The original input is shown on the left,
while the result is displayed on the right. Zoom in to
see the details.

FIGURE 16: The original input is shown on the left,
while the result is displayed on the right. Zoom in to
see the details.

FIGURE 17: The original input is shown on the left,
while the result is displayed on the right. Zoom in to
see the details.
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