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Abstract

Manga has gained global popularity, yet how its visual ele-
ments, such as characters, text, and panel layouts, reflect the
uniqueness of individual works remains underexplored. This
study investigates the contribution of panel layouts to manga
identity through both quantitative and qualitative analysis. We
trained a deep learning model to classify manga titles based
solely on facing page images, and performed ablation exper-
iments by removing characters and text, retaining only panel
frame structures. Using 10,122 images from 104 works in 12
genres in the Manga109 dataset, we demonstrate that panel
layouts alone enable high-accuracy classification. Grad-CAM
visualizations further reveal that the models focus on layout
features such as size, spacing, and alignment. These findings
suggest that panel layouts encode work-specific stylistic pat-
terns and support visual narrative comprehension, highlighting
their role as a key component of manga’s visual identity.

Keywords: Artwork layout analysis; Digital comics; Comic
classification; Deep learning; Visualization analysis

Introduction
Comic is a globally popular medium, encompassing a wide
range of themes and genres. With the increasing adoption of
e-books, the digital comic market has seen significant growth,
and many comic works are now available in electronic for-
mats. This shift has drawn considerable attention to mul-
timedia processing research for digital comics, particularly
Japanese comics (referred to simply as “manga” in this pa-
per).

Manga, a distinctive form of Japanese comics, is charac-
terized by its unique panel arrangements, which, along with
creative character designs, guide the reader’s eye through
the story in a carefully orchestrated manner. Panel layouts
play a crucial role in conveying the narrative, as emphasized
by Shogakukan’s “Newcomer Manga Award Manga Creator
Training Course”1, which outlines five fundamental rules for
panel layout design. Manga artists can further enhance orig-
inality by creatively adhering to or intentionally breaking
these rules to suit their storytelling needs. While readers may
perceive subtle layout differences, it is often difficult to de-
termine how these reflect the style of a work. This raises an
important question: To what extent do panel layouts reflect
the uniqueness of a manga work, and how do they contribute
to its overall identity?

1https://shincomi.shogakukan.co.jp/training/
004.html

Figure 1: Brief description of the multi-class manga title classifi-
cation experiment of the titles of the comics. The im-
ages shown in the figure are from AisazuNihalrarenai
©Masako Yoshi.

The significance of panel layouts has been acknowledged
in multiple foundational works. For instance, Cohn (2013)
emphasized the impact of page layout on reading order and
compared the technical usage of panel arrangements between
Japanese and Western comics. McCloud & Martin (1993)
highlighted the role of panel-to-panel transitions and partic-
ularly explored how the spacing between panels (gutter) in-
fluences the flow of storytelling. Additionally, Natsume et al.
(2020) delved deeply into the techniques and effects of panel
layout in manga, offering insights into how layout decisions
enhance the reader’s experience. While these works under-
score the importance of panel layouts, they do not delve into
the extent to which panel layouts contribute to defining the
unique identity of a manga work.

Despite these foundational studies, existing research on
manga has predominantly focused on characters, text, and
other visual elements, with limited exploration of panel lay-
outs. While some studies leverage engineering approaches,
such as image processing or machine learning, these often
focus on practical applications rather than delving into the
artistic or structural characteristics of manga. This imbal-
ance leaves the role of panel layouts in reflecting the creative
uniqueness of manga largely unexplored.

To address this gap, in this paper, we conducted visual
ablation experiments. The experimental process is shown
in Figure 1. We prepared three types of images: original
unprocessed facing page images, text-and-character-masked
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facing page images, and panel frame-only facing page im-
ages. These images were used as input for a deep learning
model to perform a multi-class classification task on manga
titles. The objective of this study was to analyze the changes
in model performance by removing text and characters or re-
taining only panel layouts. If the model performs comparably
well on processed images as it does on original unprocessed
images, we believe this would validate the uniqueness of fea-
tures such as manga panel layouts. By using panel frame-only
facing page images, we aimed to evaluate the contribution
of panel layout features from each work to the classification
task. Subsequently, we employed Grad-CAM (Selvaraju et
al., 2019) to visualize the key features in the input images and
qualitatively interpret the results. Finally, we conducted ad-
ditional experiments, including classification of manga pub-
lishers and genres, to rule out other factors influencing the
uniqueness of panel layouts in manga works. We also per-
formed classification experiments on noisy panel frames, fur-
ther demonstrating that panel layouts are unique features of
each manga work.

These results indicate that panel layouts possess inherent
uniqueness, even in the absence of content such as charac-
ters or text. This suggests that layout structures carry stylis-
tic information that may reflect the unique visual identity of
each work. Although our approach is based on a classifica-
tion task, the broader aim is to understand how layout alone
encodes work-specific style and supports visual narrative in-
terpretation. This line of inquiry is closely related to cognitive
theories of attention and sequential image comprehension.

Related Work

Visual Analysis in Creative Works

Numerous studies have used images of creative works as in-
put for predicting associated attributes such as titles or gen-
res. Chu & Guo (2017) fine-tuned a pretrained CNN to clas-
sify movie genres based on poster images. Wi et al. (2020)
applied a similar approach and visualized the model’s focus
using Grad-CAM to verify whether it extracted expected fea-
tures. Godwin et al. (2018); Takahashi & Kondo (2023);
Tüchler et al. (2021) examined how layout affects compre-
hension or user experience, including children’s book design
and web interfaces.

Several works also explored deep learning approaches in
comic research. Laubrock & Dunst (2020); Augereau et al.
(2018); Sharma & Kukreja (2024) surveyed computer vision
applications in comics. Laubrock & Dubray (2019) con-
ducted classification of comic authors and titles using CNNs
on datasets like GNC (Dunst et al., 2017) and Manga109 (Fu-
jimoto et al., 2016; Matsui et al., 2017). Dubray & Laubrock
(2019) performed speech balloon detection, while Rigaud
et al. (2021) worked on text segmentation inside speech bal-
loons. Young-Min (2019) used CNN-based classification and
feature visualization. Kukreja et al. (2023) applied CNN and
Random Forest models to classify manga pages.

Existing Issues in Manga Research
While a growing number of studies have used manga page
images, most focus on engineering applications, with lim-
ited attention to the underlying visual structure of manga.
Laubrock & Dubray (2019) attempted to analyze manga fea-
tures through classification, but their method treated pages as
undivided wholes, without isolating individual components
like panel layout. Young-Min (2019) proposed a CNN-based
model for author classification and visualized learned fea-
tures, but their analysis focused on stylistic textures and draw-
ing patterns, rather than structural layout.

Although previous studies have explored page-level classi-
fication, none have specifically isolated panel layouts through
ablation and visualization to analyze their contribution to
manga identity. Although Kukreja et al. (2023) trained a CNN
to classify genres, they did not consider whether each manga
has unique stylistic traits. Their dataset was small and did not
evaluate features like panel layout independently. In contrast,
our work focuses on isolating panel layout features through
ablation and visual interpretation, to investigate their role in
distinguishing manga works.

Experiment
In the experiment, we analyze the characteristics of manga
works by training multi-class classification models to pre-
dict the title of the work using manga facing page images
as input. Specifically, we extracted 10,122 images containing
panel information out of 10,602 facing page images obtained
from Manga109 (Fujimoto et al., 2016; Matsui et al., 2017),
and classified each image into 104 works based on infor-
mation from http://www.manga109.org/en/index.html.
The breakdown of genres includes 12 categories: 4-panel,
animal, battle, fantasy, history, horror, humor, love, roman-
tic comedy, SF, sport, and suspense. Table 1 provides an
overview of the dataset.

(a) Unprocessed (b) Masked (c) Panel frame-only

Figure 2: Examples of images used in the experiment. The images
shown in the figure are from LoveHina ©Ken Akamatsu.

In the experiments, we prepared unprocessed facing page
images, masked facing page images, and facing page im-
ages with only the panel frames drawn. Figure 2a shows
the original unprocessed images. Using annotation data from
Manga109, we applied masking to both characters and text,
as shown in Figure 2b. Additionally, we processed the im-
ages to retain only the panel frames, as shown in Figure 2c.
By using panel frame-only facing page images, we aimed to
evaluate how strongly the panel layout features of each work
contribute to the classification task.
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Unprocessed Text-and-character-masked Panel frame-only

Figure 3: Mean training and validation accuracy curves during model training, with standard deviation represented by error bars.

Table 1: Overview of the classification dataset consisting of 104
works constructed from Manga109: * indicates that dif-
ferent volumes of the same work are included, resulting in
a total of 104 works.

Genre Number of
works

Number of
pages with frames

4-panel 5 274
Animal 5 479
Battle 9 823
Fantasy 12 1,154
History 6 699
Horror 2 178
Humor *15 1,391
Love *13 1,198
Romantic comedy *13 1,206
SF 14 1,294
Sport *10 968
Suspense 5 458
Total *109 10,122

Multi-class Classification for 104 Works
For data splitting, all page images were divided into a train-
ing set (80%), development set (10%), and test set (10%),
resulting in 8,053, 1,011, and 1,058 images, respectively. To
enhance generalization, 5-fold cross-validation was applied
to the training set, with one part used as validation and the
rest for training. The final model performance was evaluated
on the test set after fine-tuning parameters using the develop-
ment set.

We utilized ResNet101, a convolutional neural network
(CNN) (He et al., 2015, 2016) pretrained on ImageNet (Rus-
sakovsky et al., 2015). Training used a mini-batch size of 32,
cross-entropy loss, and Stochastic Gradient Descent (SGD)
with a momentum factor of 90%. The initial learning rate
was 0.001, reduced by 90% every 30 epochs. Training ran for
up to 100 epochs, with classification experiments performed
every epoch for the first 30 and every 10 epochs thereafter.

Figure 3 illustrates the classification accuracy of three
models using different input types during the training pro-
cess. Since the curves showed no significant changes after

50 epochs, only the first 50 epochs are displayed. This task
is highly challenging, with a baseline classification accuracy
of approximately 0.96% when randomly selecting one class
from 104 categories.

Testing on the test set was conducted using an ensem-
ble voting approach with five models trained through 5-fold
cross-validation. The final classification accuracies were
87.5% for unprocessed images, 79.7% for text-and-character-
masked images, and 84.3% for panel frame-only images.
Notably, the ResNet101 model, pretrained on the ImageNet
dataset of natural images, achieved relatively high classifi-
cation accuracy on manga data. This suggests that manga’s
visual features, particularly panel layouts, are sufficiently dis-
tinctive to be captured and leveraged by deep learning mod-
els, even those trained on vastly different domains.

Interestingly, the panel frame-only images yielded a rela-
tively high accuracy of 84.3%, even though they lack explicit
visual elements such as characters and text. This demon-
strates that panel layouts themselves contain inherent distin-
guishing characteristics unique to each manga work. These
findings quantitatively confirm that spatial relationships, such
as panel size, spacing, and alignment, play a critical role in
distinguishing manga works.

However, classification accuracy does not decrease consis-
tently with increasing restrictions on input features. For in-
stance, the higher accuracy of panel frame-only images com-
pared to text-and-character-masked images suggests that the
masking process inadvertently obscures some panel layout in-
formation. As shown in Figure 2, the Manga109 dataset an-
notates text and character locations as rectangles. Characters
often appear near panel edges, and masking these characters
frequently obscures panel lines. This phenomenon highlights
the importance of preserving complete panel information for
accurate classification, further validating the strong distin-
guishing characteristics of panel layout designs in manga.

Qualitative Analysis of Classification Results
To better understand the classification process, we conducted
a qualitative analysis using Grad-CAM (Selvaraju et al.,
2019), a visualization technique that highlights image regions
important for the model’s decision-making as heatmaps. This
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Page 049 of LoveHina Page 016 of Arisa
©Ken Akamatsu ©Ken Yagami

Figure 4: Grad-CAM heatmaps with unprocessed images. The
model correctly classified input images and exhibited
strong feature focus on areas where characters were
drawn.

method reveals how the model interprets input types and iden-
tifies key features for classification.

Figure 4 shows Grad-CAM heatmaps for unprocessed im-
ages of two correctly classified manga works, where the
model focuses primarily on characters, reaffirming their im-
portance as distinguishing features in manga. Figure 5 high-
lights heatmaps for page 49 of LoveHina vol14, focusing on
text-and-character-masked images and panel frame-only im-
ages. For masked images, the model shifts attention to panel
layout details, such as border spacing and alignment, adapt-
ing to the absence of characters. In panel frame-only images,
the model highlights two small, distinct frames at the bottom-
right corner, commonly seen in LoveHina.

However, in text-and-character-masked images, these
unique frames are frequently obscured due to the masking
process in the Manga109 dataset, which uses rectangular an-
notations for text and character locations. As shown in Fig-
ure 5, the masking unintentionally removes the borders of
these smaller frames, preventing the model from utilizing
this distinctive layout information. This limitation provides a
plausible explanation for the lower classification accuracy of
text-and-character-masked images compared to panel frame-
only images.

These observations underline the importance of panel lay-
outs as a unique visual feature. The model’s ability to ac-
curately classify panel frame-only images demonstrates the
strong discriminative power of layout-specific features, such
as panel size, spacing, and alignment.

Building on this understanding, we further investigated
whether the subtle differences in panel layouts could reflect
an author’s unique creative style, even within genres where
such differences are difficult for human readers to discern.

To demonstrate that the panel layouts of each manga pos-
sess unique characteristics, we classified all five 4-panel
manga works in the Manga109 dataset. The average clas-
sification accuracy was 93.1%, with only one misclassifica-
tion within the 4-panel manga category. This high accuracy
suggests that even subtle differences in panel layouts, which
are challenging for human judgment, can be effectively cap-
tured by the model. These differences may reflect the unique
preferences of authors in arranging panel content, such as the
amount of space allocated for characters or dialogue.

Text-and-character-masked Panel frame-only

Figure 5: Grad-CAM heatmaps for page 49 of LoveHina vol14
©Ken Akamatsu, with text-and-character-masked facing
page images and panel frame-only facing page images.

Akuhamu KoukouNoHitotachi
©Satoshi Arai ©Ani Kuzuhara

Figure 6: Grad-CAM heatmaps of the input images for the classi-
fication model (using panel frame-only facing page im-
ages). Both input images belong to 4-panel manga works,
and the model classified them correctly.

Next, the Grad-CAM heatmaps for classifying images
from two 4-panel manga works are shown in Figure 6. The
visualizations indicate that the model focuses on subtle layout
features such as spacing between panels and the distribution
of panels across the page. These features, while difficult for
the human eye to distinguish, may be influenced by the au-
thor’s preference for how much content (e.g. characters or
speech balloons) they wish to include in each panel.

In conclusion, for panel frame-only facing page images,
the Grad-CAM visualizations show that the model focuses
solely on the spatial relationships and configurations of the
panels. In the absence of any content, such as characters or
text, the model relies entirely on panel layouts as distinguish-
ing features for classification.

For 4-panel manga, which is particularly challenging for
human judgment, the high classification accuracy achieved
by the model highlights the subtle but critical differences
in panel layouts. These differences, such as panel size, as-
pect ratio, spacing, and alignment, may reflect each author’s
unique approach to arranging content, such as characters or
dialogue, within the panels. These layout decisions are not
merely technical but also serve as expressions of the author’s
creative intent and storytelling style.

The high accuracy achieved across all manga works using
panel frame-only facing page images supports the hypothesis
that panel layouts possess inherent uniqueness across differ-
ent manga works. Furthermore, it demonstrates that panel
layouts play a critical role in distinguishing manga, even
within genres like 4-panel manga, where differences are not
easily perceived by the human eye. This finding underscores
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Table 2: The results of the publisher classification experiment.

Publisher Precision Recall F1-score
ENIX 0.00 0.00 0.00
Hakusensha 0.12 0.07 0.09
Asahi Sonorama 1.00 0.07 0.13
Tokuma Shoten 0.34 0.37 0.35
TokyoSanseisya 0.09 0.42 0.15
Shueisha 0.14 0.29 0.19
Kodansha 0.07 0.27 0.12
Kadokawa Shoten 0.09 0.02 0.03
Akita Publishing 0.05 0.01 0.02
Shogakukan 0.15 0.12 0.13
Gakken Educational 0.00 0.00 0.00
TAKESHOBO 0.00 0.00 0.00

the strong discriminative power of layout features in manga
classification tasks and their potential as a window into un-
derstanding the creative diversity of manga authors.

Publisher Classification and Genre Classification
In previous experiments, we observed that models focus on
features like the spacing between panel frames and their dis-
tance to page edges. To determine whether these subtle fea-
tures reflect the unique style of individual manga works, are
influenced by publishers, or dictated by manga genres, we
trained separate CNN models to classify manga by publisher
and by genre.

From the Manga109 dataset, we selected 12 publishers (ex-
cluding two that contributed only one manga each). For the
publisher classification task, one manga from each publisher
was randomly chosen as the test set, with the remaining works
as the training set. This setup provided sufficient training
data while preventing the model from learning stylistic fea-
tures specific to the test set. We used panel frame-only facing
page images, with training methods and parameters identical
to previous experiments.

As shown in Table 2, the publisher classification experi-
ment achieved an average accuracy of 12.6%, compared to
8.3% for random guessing. These results suggest that pub-
lishers have minimal influence on panel layout design, indi-
cating that panel layouts are not dictated by editorial policies
but are instead unique to each manga work.

In Table 1, we have already seen the distribution of dif-
ferent manga genres in the Manga109 dataset. The dataset
was split in the same manner as in the publisher classifica-
tion experiment, ensuring that the model did not learn unique
features specific to the test set during training. Training meth-
ods and parameters were again consistent with those used in
previous experiments.

The results of the genre classification experiment are pre-
sented in Table 3. The overall average classification accu-
racy was 20.8%. Notably, the model demonstrated a rela-
tively higher classification ability for 4-panel manga, which
adheres to strict panel layout rules, as compared to other gen-

Table 3: The results of the genre classification experiment.

Genre Precision Recall F1-score
4-panel 0.89 0.70 0.78
Animal 0.00 0.00 0.00
Battle 0.02 0.01 0.01
Fantasy 0.00 0.00 0.00
History 0.06 0.01 0.02
Horror 0.00 0.00 0.00
Humor 0.34 0.67 0.46
Love 0.38 0.74 0.50
Romantic comedy 0.01 0.03 0.02
SF 0.30 0.49 0.38
Sport 0.01 0.02 0.02
Suspense 0.00 0.00 0.00

res. For some genres, such as Humor and Love, the model
showed moderate classification ability, likely due to the long
histories of these genres, which may have led to the develop-
ment of more established panel layout conventions. However,
for other genres, the model struggled to classify the works ef-
fectively. When compared to the significantly higher average
classification accuracy of 84.3% achieved in predicting spe-
cific manga titles based on panel layouts, these results indi-
cate that manga genres contribute relatively less to panel lay-
out features. This reinforces the conclusion that panel layouts
are distinct and unique characteristics of individual manga
works.

In conclusion, the publisher and genre classification ex-
periments revealed that neither publishers nor genres signif-
icantly influence the panel layout of manga. The details of
panel layouts, such as panel size, spacing between borders,
and the spacing between borders and page edges, are likely
determined by the creative choices of individual manga au-
thors. These findings further emphasize the individuality of
panel layouts as a defining feature of manga works.

Classification Experiments with Noisy Panel
Frame-only Facing Page Images
In the previous section, we confirmed that panel layout fea-
tures are unique to each manga and are not determined by the
publisher or genre. To further investigate the role of panel lay-
out features in manga classification, we conducted additional
experiments using noisy panel frame-only facing page images
as input. In these experiments, random noise was introduced
to disrupt the spatial relationships between panels while re-
taining the overall layout structure to some extent. This ap-
proach allowed us to test whether the classification accuracy
would significantly decrease, thereby validating the impor-
tance of precise panel layout information. We employed two
types of noise, as illustrated in Figure 7:

Rectangular noisy panels (Figure 7a): The first type re-
tained the rectangular characteristics of the panels but ran-
domly shifted their vertices by a certain value. Two experi-
ments were conducted by adding noise of (-10, 10) and (-20,
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20) to the vertices based on their original positions.

Quadrilateral noisy panels (Figure 7b): The second type
only retained the quadrilateral characteristics of the panels,
with vertices randomly shifted by a certain value. Similarly,
two experiments were conducted with noise of (-10, 10) and
(-20, 20).

(a) Rectangle noisy panels. (b) Quadrilateral noisy pan-
els.

Figure 7: Noisy image examples.

Table 4: Classification accuracy on noisy panel frame-only images.

Noise Type Noise Range Accuracy
Rectangular (-10, 10) 0.67
Rectangular (-20, 20) 0.53
Quadrilateral (-10, 10) 0.71
Quadrilateral (-20, 20) 0.59

We further added noise to panel frame positions to test
the model’s sensitivity to layout distortion. As shown in Ta-
ble 4, the classification accuracy decreased as the noise level
increased, indicating that precise panel positioning plays a
meaningful role in layout-based classification. Although clas-
sification accuracy for noisy panel frame images was lower
than that for original panel frame images, the model still
demonstrated a certain level of accuracy. These results in-
dicate that while noise reduces the model’s ability to utilize
panel layout features, the distinctive characteristics of panel
designs across works remain sufficient for classification, even
under noisy conditions.

Interestingly, the classification accuracy for quadrilateral
noisy panels was consistently higher than for rectangular
noisy panels. We hypothesize that this is because adding
noise to rectangular panels disrupts unique characteristics of
the original work more significantly, such as the spacing be-
tween panels and the margins between panels and page edges.
In contrast, quadrilateral noisy panels preserve more of the
original layout features, supporting higher classification ac-
curacy.

For instance, consider Figure 8, which shows three panel
frame-only images based on the original page 49 of Love-
Hina vol14, with Grad-CAM heatmaps overlaid. The model
trained on the rectangle noisy panel frame image failed to
classify correctly. In both Figure 8a and Figure 8c, the
model strongly focuses on the spacing between the small
bottom-right panel and the page edge. This slightly outward-
protruding bottom-right corner panel, relative to the row

(a) Unprocessed (b) Rectangle noise (c) Quadrilateral
noise

Figure 8: Three types of panel frame-only facing page image.

above, appears to be a distinctive layout feature of LoveHina.
When noise is added while retaining rectangular characteris-
tics, such layout features are more likely to be lost compared
to when only quadrilateral characteristics are preserved.

These findings provide further evidence that panel layouts
in manga, even in subtle details that are challenging for hu-
man perception, play a decisive role in distinguishing works.
This experiment highlights that the spatial relationships and
configurations of panels are deeply tied to the unique charac-
teristics of each manga, reinforcing the importance of panel
layouts as a defining feature in manga classification tasks.

Conclusion
This study used deep learning to explore whether panel page
designs in manga vary by work. Our experiments showed
that even without characters and text, panel layouts exhibit
work-specific uniqueness, enabling reliable classification and
highlighting their role as a distinguishing visual structure in
manga. This was validated through classification tasks and
supported by Grad-CAM visualizations.

Additional experiments confirmed that panel layouts are
minimally influenced by publishers or genres, underscoring
their individuality at the work level. Even with added noise,
panel layouts retained sufficient distinctiveness for classifica-
tion, emphasizing their intricate role in manga creation.

While our study isolates panel layouts, we acknowledge
that other visual elements—such as character design, gaze
direction, and speech balloon positioning—also influence
manga style and storytelling. Future research could inves-
tigate the interplay between these features and layout.

These findings highlight the significance of panel layouts
as a unique visual feature in manga, reflecting the stylistic
diversity of individual works and their contribution to story-
telling structure. Future research directions include conduct-
ing experiments with a larger dataset to verify whether classi-
fication accuracy can remain high as the number of categories
increases. Additionally, due to current data limitations, the
differences in page design between works by the same author
have not been thoroughly explored. Further investigation into
this question is planned for future studies.
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