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ABSTRACT

Faces of characters in comic books can be used as meta-features for manga analytics.
Manga character faces are not easy for a machine to detect when compared to human faces
due to the high variation of drawing styles from various distinct authors. There exist several
convolutional neural network-based (CNN-based) frameworks that can achieve high accu-
racy in an object detection task. However, their drawback is time and resource consuming
to perform data modeling due to the nature of deep learning. Thus, this paper is to propose a
method to develop a model using Mask R-CNN, which is one of the CNN-based frameworks,
with the transfer learning technique in order to reduce training time and resources while main-
taining high performance in the manga character face detection task. The proposed method
could achieve the average precision of 87% in the manga character face detection tasks on
both seen and unseen drawing styles. It significantly outperforms the existing conventional
methods. Moreover, pre-trained weights from MS COCO dataset are transferable to manga
character face detection tasks. Therefore, a well-performed manga character face detector
could be developed using a limited amount of training data and time.

Keywords: Comic analysis; Manga face detection; Mask R-CNN; ROI detection

1. Introduction comic book pages that are in a bunch of im-

In this era, many comics are available age files such as JPEG or PNG. There ex-
in the digital format via either digitizing of ists an enormous number of manga books
physical books or originally illustrating in in the world that have a high variance in

digital format. There are many images of strokes and drawing styles for various cre-
ators. It might be very hard for humans to
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analyze information or compare the draw-
ing styles of each manga. Hence, the im-
plementation of a system that can extract
character faces from volumes of comics for
further analysis can be helpful to fulfill this
task. There are several analyses of comics
using the faces of characters that can be
done. For example, comic genre analysis,
appearance for each character in a comic,
and character’s facial expression that might
help to analyze the emotion of this comic.
Another possible application is to automate
the annotation of unlabeled manga charac-
ter faces. It can accurately generate bound-
ing boxes and masks as ground-truths for
other tasks such as training a machine to il-
lustrate manga using Generative Adversar-
ial Network (GAN) [[1-3].

The manga character faces mostly
are a human face. However, the existing
human character face detection techniques
cannot be used to detect and localize the
manga character’s faces. This is because
there are many key differences between
real-world and manga human faces such as
unreal facial expressions, unnatural facial
styles, and illustrated organs. There ex-
ist several manga characters face detectors
that can generate bounding boxes around
the faces of manga characters. The existing
work technique can be classified into local
binary patterns (LBP) classifiers and CNN-
based detectors described in the next sec-
tion.

1.1 Related Works

The first existing related project is
Image::AnimeFace. [4] It is the project that
uses a local binary pattern (LBP) based clas-
sifier algorithm from the OpenCV library
[5] to create a manga face detector. A de-
tector is trained on hundreds of thousands
of positive and negative samples. Positive
samples are manga character face images,
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and negative samples are non-face images.
It does not take color information in the
training process since it is trained using im-
ages in grayscale mode. This approach does
not take much time to train and has a ro-
bustness against geometric transformation
such as occlusion and rotation. It generates
bounding boxes that cover manga charac-
ter faces in each frame. This detector has a
fast speed of detection; however, it has less
precision and recall since it is not general-
ized enough towards variations of drawing
styles.

Xiaoran Qin et al. [(]] proposed the
second technique which is the Faster R-
CNN-based comic character faces detector
which is one of the CNN-based approaches
for an object detection task. It consists of
two neural networks that share some con-
volutional layers. They are region proposal
network (RPN) and convolutional neural
network (CNN), which is one kind of deep
neural network used for image classifica-
tion. It is robust to scaling and rotation.
It also provides very high accuracy if the
amount of training data is sufficient. The
RPN will generate all candidate regions of
interest (ROIs) in an image that is likely
to contain faces. Then, all proposed ROIs
will be parsed into the CNN to classify each
proposal into face and non-face. Finally,
bounding boxes with their corresponding
confidence score will be generated for each
detected face.

The Faster R-CNN detector was
trained from scratche with big datasets of
scanned comics pages. They randomly cre-
ated the dataset called JC2463, which con-
tains 2463 manga pages from Mangal09 [7,
8]. They also randomly created AEC912,
which is the dataset that contains 912 Amer-
ican comics. So, it should take a long time
and consume resources for computation and
modeling data. Their model can achieve the
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highest precision of 91% in their testing set
of JC2493 and AEC912 which are the seen
drawing styles. They do run their detector
through eBDtheque [9], which is the dataset
that does not contain the drawing style in the
training dataset to measure generalization
of the detector and achieve a significantly
dropped precision of 75%. Since the model
is trained from a large number of training
examples, it leads to the need for high com-
putational resources and times.

Several related works on human face
detection which is similar to our task, have
been introduced. Most proposed methods
are region-based convolutional neural net-
works and one-shot detectors [[10-{14]. Face
Detection Data Set and Benchmark (FDDB)
[15] is the common dataset used in their
evaluations. Itis a dataset of human faces in
various unconstrained settings and environ-
ments. The one-shot detector is more suit-
able with real-time face detection since it
has only one convolutional neural network
to localize the human face in images with
a small amount of computational time re-
quired. There are several related applica-
tions and benefits, such as person identifi-
cation, face recognition, and facial expres-
sion analysis [[16-{18§].

The method proposed in this pa-
per[[14] aims to detect human faces in
crowds using Mask-RCNN. The implemen-
tation of Mask-RCNN is also applied in the
method proposed in this paper. This work
adjusted hyperparameters of the network to
improve detection on obscured faces. For
example, the set of anchors for the RPN
is set to be 8, 16, 32, 64, and 128. The
data modeling and evaluation is done on
several face detection benchmark datasets
such as Labeled Faces in the Wild (LFW)
and Face Detection Data Set and Bench-
mark (FDDB).[IL5, [19] The used evalua-
tion metric is average precision (AP) at
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Intersection-over-Union (IoU) of 0.5. The
author claimed that it could outperform the
current state-of-the-art using Max-Margin
Object Detection (MMOD)[20] and cas-
cade classifiers with much better average
precision value.

1.2 Contribution

This paper is the further develop-
ment of Image::AnimeFace[d] and Faster
R-CNN-based comic character faces detec-
tor[6]. In Image::AnimeFace[d], the au-
thors apply LBP to character face detection
from comics. It is the traditional approach
in computer vision that is used to create an
object detection system. It used less train-
ing and detecting time; however, it can-
not handle high variance of unseen draw-
ing styles due to its bottleneck. In other
words, adding more data cannot improve its
performance of the face detection measured
by precision and recall. Hence, its detec-
tion performance is poor when compared to
the work that applies a deep learning frame-
work to develop a manga character face de-
tector which is Faster R-CNN-based comic
character faces detector[].

The deep learning framework im-
proves the data modeling process. More
generalization and accuracy of the model
can be achieved by adding more data. At
the same time, their Faster R-CNN frame-
work requires considerable time in its train-
ing process since they execute a data model-
ing process to train the model from scratch.
In other words, they don’t use any pre-
trained model to initialize weights in each
neuron. In contrast, the Faster R-CNN
consumes a little time when performing a
detection task from a trained model and
yields much better accuracy as it is more
robust to unseen drawing styles when com-
pared to the traditional LBP classifier in Im-
age::AnimeFace [4]. Their evaluation met-
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rics are precision and recall. To compare
our performance with these existing meth-
ods, 2 additional metrics which are preci-
sion and recall are made for the compari-
son based on the best setting of our experi-
ment. Our proposed detector can achieve a
precision of 93% and recall of 89% towards
unseen drawing styles which is higher than
Image::AnimeFace [4] and Faster R-CNN-
based comic character faces detector [6]
by focusing on frontal face detection using
Mask R-CNN and transfer learning.

Mask R-CNN [21]] is the deep learn-
ing framework that can be used for object
detection and instance segmentation tasks.
Its network architecture supports a pixel-
level segmentation task which could gener-
ate masks and bounding boxes as the out-
put. Our work is applying the Mask R-CNN
framework and transfer learning technique
to improve the performance of manga char-
acter face detection and reduce the training
time in the training process in a deep learn-
ing framework. The differences in the ar-
chitecture between our related work, Faster
R-CNN, and our Mask R-CNN are shown
in Table 1.

The first difference is the backbone
architecture. Our Mask R-CNN uses Resid-
ual Network (ResNet) and Feature Pyramid
Network (FPN) to serve a feature extractor
while they use only VGG-16 as a backbone.
Both convolutional neural network archi-
tectures can extract features ranging from
low-level to high-level features from parsed
images. However, VGG-16 has an enor-
mous number of parameters and requires
large weight space which could result in
memory space-consuming and slow speed
in training. It also has a gradient vanish-
ing problem when more layers are added
to the network while the residual network
can overcome this issue. The residual net-
work has a much smaller weight space since

123

Overall Training Loss Overall Validation Loss

eeeeeee

Fig. 1. Learning graph visualization for
manga_vSa dataset (x-axis: # epoch, y-axis:
loss).

Fig. 2.  Learning graph visualization for
manga_vSa dataset (x-axis: # epoch, y-axis:
loss).

it has skip connections to reduce complex-
ity while having more depth, when com-
pared to VGG-16. Its residual connection
is the key capability that helps to endure the
vanishing gradient problem when the depth
of the network increases. In addition, the
Feature Pyramid Network enables our back-
bone to learn features of an object at dif-
ferent scales which could help to make our
Mask R-CNN robust against scaling.

The second difference is the dropout
regularization. Some dropout layers are
added inside the backbone architecture to
temporarily drop some neurons out from the
network. This could help to regularize the
trained model not to be too sensitive to un-
seen drawing style. The visualization of the
data modeling process on the dataset that
has the highest variation in drawing styles
is shown in Fig. 1. Although dropout lay-
ers might cause a model to take more time to
converge, it has better generalization during
the validation process in each epoch.

The next difference is the outputs
from the detector. Both detectors can out-




K. Aukkapinyo et al. | Science & Technology Asia | Vol.28 No.1 January - March 2023

put bounding boxes and confidence scores
for each detected face. However, our Mask
R-CNN can output pixel-level masks of
manga character faces along with their cor-
responding bounding boxes and scores. It
helps in extraction of manga character faces
as pixel-level masks.

Another difference is in the pool-
ing method. Our Mask R-CNN uses
RolAlign or Region-of-Interest(Rol)Align,
which is the pooling method proposed in
Mask R-CNN [21]] that can scale down
all-region proposals into one pre-defined
size with less loss in quantization than
RolIPool or Region-of-Interest(Rol) Pool-
ing since RolPool performs the max pool-
ing on parsed feature maps. It can deal
with misalignment of boundaries in the re-
sult caused by a round-off error.

The last difference is the application
of the transfer learning technique. The pre-
trained weights from the MS COCO dataset
[27], which is provided by matterport along
with their Mask R-CNN Python library
[26], are used as initial weights for our
backbone and classifier. The main benefit
is that the accurate and generalized models
can be trained much faster with fewer re-
sources from the well-trained model. The
learning graph shown in Fig. 2 is the learn-
ing graph of manga v5a, which is one of
our datasets. From the overall training
loss graph, it takes much longer to reduce
the training loss when a detector is trained
without applying the transfer learning tech-
nique. The training time is significantly
improved once a detector is trained with
the pre-trained weights of MS COCO. Al-
though overall validation loss from differ-
ent scenarios regarding applying pre-train
weights is almost identical as the elapsed
time, a dropout regularization can help in
generalization along with pre-train weights.

The rest of this paper is organized

124

/ Data Acquisition

Data Preparation
(VGG Annotator)

=
/
/
= ]

Data Modeling
(Mask R-CNN)
Evaluation
(Average
Precision)

Fig. 3. The overview of proposed method.

as follows. The proposed method is ex-
plained in Section 2. Experimental results
and comparisons are shown in Section 3.
Discussions and future works are concluded
in Section 4. Then, conclusions are drawn
in Section 5.

2. Proposed Method

The proposed framework for training
amodel of the Manga face detector is shown
in Fig. 3. It is an iterative process that con-
sists of 4 subprocesses. The first subprocess
is to acquire the dataset for training the de-
tector. This subprocess is important since
the quality of the dataset affects the perfor-
mance and precision of our detector. The
second subprocess is data preparation. Us-
ing all data from the acquired dataset might
result in time and resources consumption
and it is not necessary that training with
all data will result in having a good model.
So, many sub-datasets will be created from
the acquired dataset to find the best com-
bination of manga volumes that will make
a model that is generalized enough toward
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Table 1. Structural difference of our related work’s Faster R-CNN and our Mask R-CNN framework.

Difference Faster R-CNN Our Mask R-CNN Advantages
P Sl e e
Backbone VGG-16[22]  -Feature Pyramid & &
problem when more layers
Network[24]
are added.
Less complex network
Drf)pqut No Yes archltec.tu@ improves the
Regularization[25] generalization of
the trained model
“Bounding Boxes -Bounding Boxes Can ogtput mask along with
Outputs -Confidence level bounding boxes and
-Confidence level
-Mask confidence level
Pooling Method RoIPool RolAlign No quantl.zatlon in scaling
down region proposals
Pre-trained weights No MS COCO pre-trained Much faster training time

weights from matterport[26]

and less resource is used

unseen drawing styles.

The next subprocess is the data mod-
eling. Our Mask R-CNN detector will be
trained using the data from the two previ-
ous subprocesses. The last subprocess is an
evaluation. The average precision will be
used to measure the performance of models.
Since our proposed method is an iterative
process, more sub-datasets can be created if
the learning and evaluation results are not
satisfied. The details of each step are ex-
plained in the following subsections.

The proposed method differs from
[4, 6] in the data modeling and evalua-
tion process. In the data modeling, the
Mask R-CNN framework is used to imple-
ment our manga character faces detector
instead of using LBP classifier and Faster
R-CNN which provides benefits and bet-
ter performance, for example, less training
time and a more generalized data model.
Our method can generate bounding boxes
along with their confidence level and pixel-
level mask. In the evaluation section, the
proposed Mask R-CNN detector is evalu-
ated using mAP (mean Average Precision)

Fig. 4. An example of training samples from
Mangal(09 dataset. ©Akamatsu Ken and Ku-
niki Yuka

in PASCAL VOC style at the intersection
over union (IoU) threshold of 0.5 instead
of using precision and recall [28]. It is the
standard metric in the object detection task
in Computer Vision. It can evaluate a detec-
tor from its average of the maximum preci-
sions at different recall levels.

2.1 Data Acquisition

The dataset for this work should be
the volumes of manga in digitized comics
that are readable by a machine. There
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Fig. 5. Annotation of character’s face using
VGG image annotator. ©Akamatsu Ken (A
manga face from ”"Love Hina” by Akamatsu
Ken)

should be adequate variance drawing styles
of manga character faces in the dataset
to enable them to represent most drawing
styles of manga in this world. It will sig-
nificantly contribute to the performance and
generalization of the model that will be used
as a core of the Mask R-CNN detector.

2.2 Data Preparation

Several sub-datasets are created from
various combinations of manga volumes
from Mangal09 [6,[7]. Examples of train-
ing samples are shown in Fig. 4. It is
to find the best dataset for robust manga
face detection on various drawing styles,
based on empirical evidence. First, one
manga volume is randomly picked as a base
volume. After that, other manga volumes
in Mangal09 are added to create differ-
ent composite datasets. Then, our detec-
tor is trained with composite datasets and
evaluated on both seen and unseen drawing
styles. The generalization of the model can
be measured when the evaluation is done on
unseen drawing styles. The process is re-
peated until the satisfying result is achieved.
All frontal faces on each page of digitized
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manga are annotated as ground-truths for
data modeling. In each dataset, digitized
comics pages are randomly split into the
training set, validation set, and testing set
with a proportion of 60:20:20 respectively.
The testing set is unseen to the Mask R-
CNN during the training phase but it con-
tains the same drawing styles as in the data
modeling process.

The VGG Annotator Tool (VIA)[29]
is used as an annotation tool in this paper. It
allows us to define ground-truth regions and
their corresponding class in an image file.
Annotations are saved as JavaScript Object
Notation (JSON) and comma-separated val-
ues (CSV) files to parse annotated ground-
truths into the network. The example of a
manga character’s face annotation via the
VGG annotator tool is shown in Fig. 5.

2.3 Data Modeling

Mask R-CNN is one of the state-of-
the-art for object detection tasks using the
deep learning approach. Therefore, it is
used for the proposed data modeling proce-
dure. It is a framework that is an extension
of Faster R-CNN that can perform object
detection and pixel-level instance segmen-
tation. Our library provides two modes of
Mask R-CNN which are the training mode
and inference mode.

Mask R-CNN is created in the train-
ing mode for the data modeling process.
The proposed Mask R-CNN has an archi-
tecture as shown in Fig. 6. It consists of
several components that play different roles
that contribute to the detection. One impor-
tant component is the backbone that serves
as feature extractors. Our Mask R-CNN
uses the Residual Network-50 (ResNet50)
with Feature Pyramid Network (FPN) as
a backbone architecture. ResNet50 em-
ploys a residual connection to prevent gra-
dient vanishing as shown in Fig. 7. Its



K. Aukkapinyo et al. | Science & Technology Asia | Vol.28 No.1 January - March 2023

Backbone
(ResNet + FPN)
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Fig. 6. The architecture of the proposed Mask R-CNN based solution.
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X
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Fig. 7. A residual connection in ResNet50.

skip connection improves feature extrac-
tion of a backbone. They generate feature
maps for Region Proposal Network (RPN)
to learn to generate candidate region pro-
posals that are likely to contain manga char-
acter faces. Then, feature maps are parsed
into RolAlign which is a component that
does a re-scale of all-region proposals into
one pre-defined size. This scheme helps
Mask R-CNN to use only one size of feature
maps for all candidate regions proposals.
After that, region CNN features are
parsed into fully connected layers to locate
and classify each face of the manga char-
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acter in an input image. Bounding boxes,
masks, and confidence levels for each face
in an input image are generated as outputs.
The loss function used for bounding boxes
is smooth L1-loss. Cross entropy loss is
used as a loss function for classification of
class ID from softmax classifier at the end
of the network. Also, it is used for calculat-
ing a loss of each pixel in a mask.

The transfer learning[30] technique
is applied during the training process of
Mask R-CNN as well. It allows us to trans-
fer knowledge from one task into one sim-
ilar task by transferring neural networks
weights between similar tasks. It helps in
the reduction of time and resources used
in data modeling with the deep neural net-
work. The pre-trained network weights are
used as initial weights in the retraining of
some layers in the network for a new task.

2.4 Evaluation

The Mask R-CNN is running through
each manga volume which have different
drawing styles in the inference mode with
trained models and weights. In other words,
testing datasets drawn in unseen drawing
styles are necessary for measuring the gen-
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eralization of the model. This repeats
what the previous sentence says. It can be
deleted. The evaluation metric used to eval-
uate the performance is the Average Pre-
cision with IoU (Intersection over Union)
from Pascal VOC Challenge [28]. The true
positive, which is a frontal manga character
face, is counted when a predicted proposal
overlaps with ground-truth region reach de-
fined IoU threshold. This approach is used
commonly for comparing performance be-
tween two object detectors. It used 11-
points interpolated an average precision to
calculate AP from average of precision val-
ues at 11 recall levels as shown in Eq.
1

AP=—

1
re{0,0.1,...,1}

Q2.1

pinterp(r),

where AP represents an average precision
from each image; the r denotes a set of re-
call levels ranges from 0 to 1, pinserp(7)
represents the maximum precision interpo-
lated at recall ». It is one approach to
calculate AUC (Area Under Curve) of the
Precision-Recall curve. As the level of re-
call increase, the precision will decrease.
The AP for each image is calculated, then
the average of APs is used as AP of a model
on each test set.

Table 2. Information for each sub-dataset used
in the experiment.

Number of
Training Faces
36

Dataset Training Data

manga_vl LoveHina_vol01

manga_v2 79 LoveHina_vol01 + Nekodama
manga_v3 128 Lovcinna_volO} + Nekodama +
- MagicStarGakuin
LoveHina_vol01 + Nekodama +
manga_v4 159 MagicStarGakuin + MagicianLoad
manga_v5 405 LoveHina vol01 + SaladDays_vol01
LoveHina_vol01 + SaladDays_vol01 +
manga_v5a 1231 EverydayOsakanaChan
+ BakuretsuKungFuGirl
manga_v6 654 LoveHina_vol01 + SaladDays_vol01 +

YumeiroCooking

Note: All images in a dataset are manually annotated only
for frontal faces.
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3. Experiments

The dataset used in this project is
Mangal09 [6,[7] from the Aizawa Yamasaki
Laboratory at the University of Tokyo. It
contained digitized 109 manga volumes
from different 96 manga authors during the
1970s to 2010s. The top three genres are
humor, science fiction, and romance. The
average number of pages in each volume is
195 pages. It contains 118,715 faces includ-
ing both frontal and rear faces. Due to the
high variance in drawing styles and aspects
on faces, many small datasets were created
from the Mangal09 dataset to find the best
performing model. Moreover, the greater
the amount of training data, the more time
and resources for training are required. The
details about the training data used in each
dataset are shown in Table 2. Comic vol-
ume names used in each training dataset are
shown in the training data column. For ex-
ample, manga v2 consists of pages from
Love Hina and Nekodama.

This paper focuses on frontal face de-
tection since it can help to reduce the varia-
tion of faces, where the frontal face is more
beneficial for further use. In each exper-
iment, some hyperparameters such as the
learning rate and weight decay are fixed.
The learning rate is 0.001 and weight decay
is set to 0.0001. The learning rate is set to
a small value since an optimal solution can
be skipped and weight decay is just a basic
regularization in the deep neural network.
Since each dataset has a different volume of
manga and number of images, the number
of steps per epoch is varied by the number
of manga pages in each training dataset.

3.1 Results with pre-trained weights
The first experiment is to model the
data using pre-trained weights of the resid-
ual network (ResNet) of MS COCO dataset
from matterport [26]. All datasets were pre-
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Fig. 8. Learning graph visualization for manga dataset version 1 to 6 (x-axis: # epoch, y-axis: loss).

pared and annotated for frontal faces man-
ually. Each dataset is composed of train-
ing and validation dataset. The head part
of Mask R-CNN is re-trained with prepared
training datasets and pre-trained weights of
MS COCO dataset. The training loss and
validation loss are calculated at the end of
each epoch to see how our trained weights
fit the data. The result from training is
shown in Fig. 8. All loss graphs during the
training phase with manga dataset version
1 to 6 are almost identical. Training losses
are decreased as the number of epochs in-
creases. In contrast, the validation loss of
all datasets in the validation phase starts to
increase after 30 epochs are passed.

After the data modeling is terminated
due to the stability of losses, all models are
evaluated using Average Precision (AP) at
IoU of 0.5. They are evaluated on their own
testing dataset which is the seen drawing
style. After that, the evaluation on the un-
seen drawing styles is done on 3 volumes of
the manga. The evaluation result is shown
in Table 3. All Average Precision of all
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models is dropped when they are evaluated
on unseen drawing styles.

3.2 Results with pre-trained weight after
applying overfitting reduction technique

In this experiment scenario, it at-
tempts to improve generalization of our
model by applying the overfitting technique
in our data modeling process. One of the
common techniques is to add dropout layers
to reduce the complexity of the network. It
is one of the regularization techniques used
for preventing neural networks from over-
fitting. Its concept is to randomly ignore
some neurons with probability 1 - p dur-
ing training. In other words, some nodes
will be dropped out from the network. This
technique can help to reduce codependency
amongst each neuron during training which
can lead to overfitting.

In this scenario, The manga v5
dataset is used as an experimental dataset.
It is the dataset that consists of one volume
of comics called LoveHina and SaladDays.
Dropout layers are added to the network
with different position and dropout rate as
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Table 3. The evaluation table of all dataset in experimental scenario 3.1.

Seen Drawing Style Unseen Drawing Styles
manga vN ) o )
Dataset . Donburakokko YouchienBoueigumi Count3DeKimeteAgeru
testing set
AP AP AP AP

manga vl 0.820 0.515 0.354 0.357
manga v2 0.867 0.684 0.508 0.547
manga v3 0.720 0.583 0.418 0.470
manga v4 0.598 0.425 0.360 0.342
manga_v5 0.818 0.662 0.320 0.591
manga v6 0.788 0.674 0.456 0.642

Note: Intersection over Union (IoU) used in an evaluation is 0.5.

an experiment.

The learning result of the model after
applying dropout regularization is shown in
Fig. 9. The training loss of models with
dropout layers is slowly reduced when com-
pared with the normal training. The val-
idation loss of models with some dropout
configurations starts to increase after sev-
eral epochs passed by. The best setting
is the insertion of dropout layers before
the activation layer in the residual network
(ResNet), softmax classifier, and mask pre-
dictor with probabilities of 0.2, 0.2, 0.2, re-
spectively. It has the best validation loss
when compared to the rest of the configu-
rations. The line that represents the learn-
ing of the network in this configuration is
manga v5 dropoutS. The probability for
dropout layers should not be high since
the more neurons that are dropped out, the
fewer features that the network can learn in
each epoch. The high number of dropped
neurons can lower the performance of a
backbone.

Dropout layers help to decrease a val-
idation loss or overfitting in our trained
weights in case that they were placed in the
right locations with the right dropout rate.
They can significantly reduce the validation
loss although it might be still high due to
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high variation in drawing styles of manga
character faces in the dataset. Some sam-
ples of results from this and previous ex-
periment scenario are shown in Fig. 10.
Even though not all faces of characters in
this page are detected, there is an improve-
ment in the detection after the dropout reg-
ularization is applied.

Our Mask R-CNN with trained mod-
els work is evaluated using the Average Pre-
cision metric as mentioned in the previ-
ous section. There are three test datasets
which are unseen to our Mask R-CNN dur-
ing training. In other words, they have un-
seen drawing styles of faces to measure gen-
eralization of our detectors. In addition,
our proposed detector is compared against
2 existing methods in the related works
[4,6]. Since Image::AnimeFace published
their source code, their performance can
be evaluated using the same metric as us.
For the Faster R-CNN detector, it is imple-
mented with the same architecture as our re-
lated work as shown in Table 2. It is trained
on the manga v5 and manga v5a datasets
with the similar hyperparameters of our re-
lated work [6]. From the evaluation, the
proposed Mask R-CNN with dropout regu-
larization outperforms both traditional LBP
Cascade and Faster R-CNN. The compari-



K. Aukkapinyo et al. | Science & Technology Asia | Vol.28 No.1 January - March 2023

Training and Validation Loss Graph
Overall Training Loss Training Loss - Class Training Loss - Bounding Box
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Fig. 9. Learning graph visualization of manga model version 5 (manga_v5) (x-axis: # epoch, y-axis:
loss).

son of our proposed detector and LBP cas-
cade classifier is shown in Table 3.

From the table, all Mask R-CNN
that are trained using pre-trained weights
with the manga v5 dataset, which consists
of only two frontal face drawing styles
and few training examples, can outperform
LBP Cascade one. Although there is no
improvement for Count3DeKimeteAgeru
dataset, the AP of our Mask R-CNN de-
tector for Donburakokko and Youchien-
Boueigumi testing dataset are getting better
if dropout layers are added into the network.
Also, there is an attempt to increase varia-
tion of drawing styles and training examples
with manga_v5a, which is the extension of
our manga_v5 datasets that consists of two
more distinct drawing styles and has train-

Fig. 10. Samples of result images before and ing examples for frontal faces of 1231 in to-
after applying dropout layers of Mask R-CNN tal. The result from training a backbone us-
detector trained using manga_v5 sub-dataset. ing the manga_v5a dataset is improved AP
©Tenya and Nakanuki Eri

on test datasets which have unseen drawing
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styles.

4. Discussion

The manga face detector can be
trained by retraining the network with the
pre-trained weight of COCO provided by
matterport. However, the trained model
suffered from the overfitting issue. The
high validation loss can indicate the over-
fitting of our model. As a result from over-
fitting, a model cannot detect some unseen
manga character faces in some input images
as shown in Fig. 11. The more difference
in drawing styles, the harder for a detector
to detect faces since manga character faces
might not share something in common like
human faces. Their strokes and structure of
faces are varied by authors. This fact might
be due to high variance in the drawing style
of manga character faces of testing datasets.
From Table 3, all models have high per-
formance in detecting their seen drawing
styles. They can detect frontal faces with
seen drawing styles and their highest Av-
erage Precision is 87%. However, their
performance is significantly reduced when
an evaluation is done on unseen drawing
styles. The highest Average Precision is
reduced to 69%. Hence, the model is not
generalized enough toward unseen drawing
styles.

Our next attempt is to reduce over-
fitting issues by using dropout regulariza-
tion technique. It helps our model to cope
with an overfitting issue. The ignoring of
some neurons during training can improve
the generalization of the model as the vali-
dation loss of the model decreases in each
epoch. The complexity of the network is
partially reduced and contributes to an im-
proved generalization of the model. How-
ever, it still has an issue of overfitting, but it
is better than just training using pre-trained
weights. The dropout regularization can
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Fig. 11. Samples of result images of unseen
drawing styles with loss detection ©Nakanuki
Eri, Omiya Naoi, and Tenya.

help us to reduce overfitting in training.

In the end, trained weights from
manga_v5a, which is a dataset that con-
sists of four distinct drawing styles of faces
and has 1231 annotated frontal faces, is se-
lected as weights in our Mask R-CNN back-
bone to identify which locations in input im-
ages contain faces of comic characters. The
whole network of Mask R-CNN is retrained
using manga_v5a with dropout layers inside
the backbone and classifier part of the net-
work. Its performance is the best among ev-
ery detector in Table 4. Thus, it is the most
generalized detector that can detect unseen
faces drawing styles.
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Table 4. The evaluation table of detectors.

Testing Dataset Manga Face Detector AP @ IoU =0.5
LBP Cascade (Ibpcascade animeface) 0.24
Faster R-CNN (manga v5) 0.32
Faster R-CNN (manga v5a 0.58
Donburakokko Mask R-CNN (mangga_vs) : 0.66
Mask R-CNN (manga_v5 with 5th dropout config.) 0.77
Mask R-CNN (manga_v5a with 5th dropout config.) 0.87
LBP Cascade (Ibpcascade _animeface) 0.41
Mask R-CNN (manga_v5) 0.32
. . . Faster R-CNN (manga_v5) 0.35
YouchienBoueigumi Faster R-CNN (manga_v5a) 0.53
Mask R-CNN (manga_v5 with 5th dropout config.) 0.60
Mask R-CNN (manga v5a with 5th dropout config.) 0.82
Faster R-CNN (manga_v5) 0.22
LBP Cascade (Ibpcascade animeface) 0.32
. Faster R-CNN (manga_v5a 0.57
Count3DeKimeteAgeru Mask R-CNN ((mansa__v 5) ) 059
Mask R-CNN (manga v5 with 5th dropout config.) 0.77
Mask R-CNN (manga_v5a with 5th dropout config.) 0.81

5. Conclusions

This paper proposed a manga char-
acter face detection method by using Mask
R-CNN and transfer learning techniques.
The proposed methods are an iterative pro-
cess that consists of data acquisition, data
preparation, data modeling, and evalua-
tion. It begins with data acquisition, which
Mangal(09 dataset is used as our dataset.
Sub-datasets and images were annotated
in the data preparation procedure. Mask
R-CNN is used to model prepared sub-
datasets, and COCO pre-trained weights
are used. Then, Mask R-CNN is created
in an inferencing mode with trained mod-
els to measure its performance using Av-
erage Precision at IoU of 0.5. The test-
ing dataset is volumes of the manga which
have unseen drawing styles than the train-
ing data. Subprocesses in the proposed
method are repeated until a model with
the best Average Precision of 0.87 from
sub-dataset manga v5a is found. The pre-
trained weights of MS COCO dataset can be
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used as initial weights for this project task
which is the manga character face detection.

In the future, the more various com-
binations of manga from Mangal09 dataset
might be created to find the one that can
produce more generalized weights. When
more data and combination of drawing
styles are used for training, overfitting is-
sues can be overcome. Moreover, higher
Average Precision (AP) towards unseen
drawings styles can be achieved. Another
future work might be a creation of hair, face
and neck detectors for each manga charac-
ter separately. The results from each detec-
tor can be combined for detecting a manga
character face region.
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