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Featured Application: Automatic Method for the detection of kanji characters within histori-
cal japanese “wasan” documents. Blob-detector-based kanji detection with deep learning-based
kanji classification.

Abstract: “Wasan” is the collective name given to a set of mathematical texts written in Japan in the
Edo period (1603–1867). These documents represent a unique type of mathematics and amalgamate
the mathematical knowledge of a time and place where major advances where reached. Due to
these facts, Wasan documents are considered to be of great historical and cultural significance. This
paper presents a fully automatic algorithmic process to first detect the kanji characters in Wasan
documents and subsequently classify them using deep learning networks. We pay special attention
to the results concerning one particular kanji character, the “ima” kanji, as it is of special importance
for the interpretation of Wasan documents. As our database is made up of manual scans of real
historical documents, it presents scanning artifacts in the form of image noise and page misalignment.
First, we use two preprocessing steps to ameliorate these artifacts. Then we use three different
blob detector algorithms to determine what parts of each image belong to kanji Characters. Finally,
we use five deep learning networks to classify the detected kanji. All the steps of the pipeline are
thoroughly evaluated, and several options are compared for the kanji detection and classification
steps. As ancient kanji database are rare and often include relatively few images, we explore the
possibility of using modern kanji databases for kanji classification. Experiments are run on a dataset
containing 100 Wasan book pages. We compare the performance of three blob detector algorithms for
kanji detection obtaining 79.60% success rate with 7.88% false positive detections. Furthermore, we
study the performance of five well-known deep learning networks and obtain 99.75% classification
accuracy for modern kanji and 90.4% for classical kanji. Finally, our full pipeline obtains 95% correct
detection and classification of the “ima” kanji with 3% False positives.

Keywords: Wasan; document processing; kanji detection; kanji recognition; deep learning

1. Introduction

“Wasan”（和算） is a type of mathematics that was uniquely developed in Japan
during the Edo period (1603–1898). The general public (samurai, merchants, farmers)
learned a type of mathematics developed for people to enjoy, and Wasan documents
have been used by Japanese citizens as a mathematics study tool or as a mental training
hobby ever since [1,2]. These mathematics were studied from a completely different
perspective from the mathematics learned in the West at the time and, in particular, did not
have application goals [3]. The fact of Japan’s close commercial exchanges with western
countries in this period resulted in these “Galapagos” mathematics that have made it to our
days in a series of “Wasan books”. The most famous Wasan book is “Jinkokuki”, published
in 1627 with a popularity [4] that resulted in many pirated versions of it being produced.
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Three ranks exist in Wasan, depending on the difficulty of the concepts and calcula-
tions involved in them.

• The basic rank deals with basic calculations using the four arithmetic operations.
Mathematics in this level correspond to those necessary for daily life.

• The intermediate rank considers mathematics as a hobby. Students of this rank learn
from an established textbook (one of the aforementioned “Wasan books”) and can
receive diplomas from a Wasan master to show their progress.

• The highest rank corresponds to the level of Wasan masters who were responsible
for the writing of Wasan books. These masters studied academic content at a level
comparable to Western mathematics of the same period.

By examining Wasan books, we can learn about this form of not only social, but also
advanced mathematics developed uniquely in Japan. Geometric problems are common in
Wasan books (see, for example [5]). It is said that the people who saw beautiful figures in
Wasan books and understood the complicated calculations they conveyed felt a great sense
of exhilaration. These feelings of joy produced by learning mathematics exemplify why,
even today, people continue to learn Wasan and practice it as a hobby. We will focus in this
subset of Wasan documents, including geometric problems.

This paper belongs to a line of research aiming to construct a document database of
Wasan Documents. Specifically, we continue the work started in [6,7] to develop computer
vision and deep learning (from now on CV and DL) tools for the automatic analysis of
Wasan documents. The information produced by these tools will be used to add context
information to the aforementioned database so users will be able to browse problems based
on their geometric properties. A motivation for this work is to address the problem of the
aging of researchers within the Wasan research area. Estimations indicate that, as current
scholars retire, the whole research area may disappear within 15 years. Thus, we set out
to make the knowledge of traditional Wasan scholars available for young researchers and
educators in the form of an online-searchable context-rich database. We believe that such a
database will result in new insights into traditional Japanese mathematics.

The documents considered in this study are composed of a diagram accompanied by
a textual description using handwritten Japanese characters known as Kanji (see Figure 1
for an example). In this paper, we focus on two main aspects of their automatic processing:

• The description of the problem (problem statement) written in Edo period Kanji.
Extracting this description would amount to (1) determining the regions of Wasan
documents containing kanji, (2) recognizing each individual Kanji. Completing both
steps would allow us to present documents along with their textual description and
use automatic translation to make the database accessible to non-Japanese users.

• Determining the location of the particular kanji called “ima” 今. The description of all
problems starts with the formulaic sentence “Now, as shown,...”’今有如. The “ima” (今,
now) kanji marks the start of the problem description and is typically placed beside or
underneath the problem diagram. Consequently, finding the “ima” kanji without human
intervention is a convenient way to start the automatic processing of these documents.

To the best of our knowledge, this paper along with our previous work are the
first attempts to use CV and DL tools to automatically analyze Wasan documents. This
research relates to the optical character recognition (OCR) and document analysis research
areas. Given the very large size of these two research areas, in this introduction we
will only give a brief overview of the papers that are most closely related to the work
being presented. Document processing is a field of research aimed at converting analog
documents into digital format using algorithms from areas such as CV [8], document
analysis and recognition [9], natural language processing [10], and machine learning [11].
Philips et al. [12] survey the major phases of standard algorithms, tools, and datasets in the
field of historical document processing and suggests directions for further research.

An important issue in this field is object detection. Techniques to address it include
Faster-RCNN [13], Single Shot Detection [14], YOLO [15] and YOLOv3 [16]. Two main types
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of object detection algorithms exist: one and two-stage approaches. The one-stage approach
aims at segmenting and recognizing objects simultaneously using neural networks [15],
whereas the two-stage approach [13] first finds bounding boxes enclosing objects and then
performs a recognition step. The techniques used are usually based on color and texture of
the images. Historical Japanese documents, which are monochrome or contain little color
and texture information, pose a challenging problem for this type of approach.

In our work, we classify handwritten Japanese kanji (see [17] for a summary of
the challenges associated with this problem). While kanji recognition is a large area of
research, fewer studies exist in DL approaches to the recognition of handwritten kanji
characters. Most traditional Japanese and Chinese character recognition methods are
based on segmenting the image document into text lines [18], but recently, segmentation-
free methods based on deep learning techniques have appeared. Convolutional neural
networks have been used to classify modern databases of handwritten Japanese kanji such
as the ETL database [19], a large dataset where all the kanji classes have the same number
of examples (200). For example, [20] used a CNN based on the VGG network [21] to obtain
a 99.53% classification accuracy for 873 kanji classes. It shows how DL networks can be
used to effectively discriminate modern kanji characters even if (as stated by the authors of
the paper) the relatively low number of kanji classes considered limits practical usability.
Other contributions focus on stroke order and highlight the importance of the dataset used
(see [22] for an example).

As the kanji appearing in Wasan documents present both modern and classical char-
acteristics, we also reviewed the work done in classical kanji character recognition using
DL. All the studies that we encountered where based on the relatively recently published
Kuzushiji dataset [23]. This publicly available dataset consist of 6151 pages of image data
of 44 classical books held by National Institute of Japanese Literature and published by
ROIS-DS Center for Open Data in the Humanities (CODH) [24]. We have focused on the
Kuzushiji-Kanji dataset provided. This is a large and highly imbalanced dataset of 3832
Kanji characters, containing 140,426 64 × 64 images of both common and rare characters.
Most DL research using this data focuses on initially recognizing individual characters
(Kanji, but also characters belonging to the Japanese hiragana and katakana syllabaries)
and subsequently classifying them. See [25,26] for possible strategies for character detec-
tion, [27] for object-detection based kanji segmentation and [24] for a state of the art on DL
algorithms used with this database. This survey includes detailed analysis of the results of
two recent character segmentation and recognition contests as well as a succinct overview
of the database itself from the point off view of image analysis. Of most direct interest for
our current goals is [28], where the classification of historical kanji is tackled. A LeNet [29]
network was used to classify a subset of the Kuzushiji dataset that had been stripped of
the classes with less than 20 examples and re-balanced using data augmentation. While a
correct classification rate of 73.10% was achieved for 1506 kanji classes, this average was
heavily biased by the classes with more characters. Even though some of the classes were
augmented to include more characters, still the initially over-represented classes appear to
have remained so. This is clearly shown by the reported average correct classification rate
of 37.22% over all classes. This shows very clearly the unbalanced nature of the Kuzushiji
dataset. Although DL networks are clearly also capable of classifying the characters it
contains, rebalancing the dataset in a way that fits the final application is mandatory. In [28],
the authors define some “difficult to classify” characters and obtain a final classification
accuracy over 90% for the remaining classes.

In this work, we set out to use CV and DL techniques along with the existing modern
and classical handwritten kanji databases to automatically process Wasan documents.
Highlights:

• We have used a larger database of 100 Wasan pages to evaluate the algorithms de-
veloped. This includes manual annotations on a large number of documents and
expands significantly on our previous work [6,7] . See Section 2.1 for details.
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• We provide detailed evaluation of the performance of several blob detector algorithms
with two goals: (1) Extracting full kanji texts from Wasan documents, and (2) locating
the 今 kanji. Goal 1 is new to the current work and the study of goal 2 has been greatly
expanded.

• We present a new, extensive evaluation of the DL part of our study, focusing on what
networks works better for our goals. As a major novel contribution of this study we
have compared in detail the performances of five well known DL networks.

• Additionally, we also investigate the effect that the kanji databases that we use have
in the final results. We explore two strategies: (1) Using only modern kanji databases,
which are easier to find and contain more characters, but have the disadvantage of
not fully matching the type of characters present in historical Wasan documents, and
(2) using classical kanji databases as these characters are closer to those appearing
in Wasan documents, but also presenting increased variability and fewer examples.
The modern kanji database used has been expanded in the current work and the
ancient kanji database is used for the first time.

• Finally, the combined performances of the kanji detection and classification steps
are studied in depth for the problem of determining the position of the “ima” kanji.
For this application, the influence of the kanji database used to train the DL network
has also been studied for the first time.

Figure 1. A Wasan page from a book in the Sakuma collection. （今）marks the start of the problem
description. Typically this kanji is located either beside or under the geometric problem diagram
description.

The rest of the paper is organized as follows. Section 2 contains a description of
the algorithms that we have used to process Wasan documents. This includes the pre-
processing steps used to build our working dataset as well as the algorithms developed for
the automatic processing of Wasan documents. Section 3 presents experiments to evaluate
each of the steps of our algorithmic process (separately and when used together). Section 4
discusses the implications of the results obtained. The paper ends with the conclusions
and future research directions presented in Section 5.
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2. Materials and Methods

In this section, we will describe the data used, provide details and reference of
the techniques used and briefly explain how they were adapted to the particularities
of Wasan documents.

2.1. Data
2.1.1. Wasan Images

Our Wasan document database was constructed by downloading parts of the public
dataset a [30]. This data includes, among others, “The Sakuma collection”. This is a
collection of the works of the famous Wasan scholar and mathematicians “Aida Yasuaki”
and a disciple of his known to us only as “Sakuma”. We had access to images corresponding
to 431 books, with each book containing between 15 and 40 pages with problem descriptions.
All documents in the database had been manually scanned for digitization. The fact that the
documents were already more than a hundred years old at the time of scanning meant that
they presented small imperfections or regions that had accumulated small amounts of dirt
that show in the scanned files as small black dots or regions. This particularity of the data
made it necessary for us to implement a noise reduction step (Section 2.4). Additionally,
the fact that the scanning was done by hand resulted in most of the documents presenting
a certain tilt in their orientation. As the vertical and horizontal directions are important in
the analysis of these documents (for example, the text is read from top-right to bottom left,
with the kanji aligned vertically), it was necessary to correct this orientation tilt (Section 2.3).

We manually chose 100 images containing one instance of the “ima” character mark-
ing the start of the description of a problem. Subsequently, we manually annotated the
position of all the kanji in 50 images. In order to do this, we manually marked rectangular
regions encompassing each of the kanji characters present in each image. This annotation
information was stored as binary images, see Figure 2. Finally, we also manually annotated
the position of the “ima” kanji in all of the 100 images producing binary layers with only
the rectangular regions corresponding to the position of this particular kanji.

(a) Original image (b) Superimposed kanji Region Annotation

(c) kanji Binary Mask (d) “ima” kanji binary mask

Figure 2. Data Annotation Process.
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2.1.2. Kanji Databases

The use of kanji in Wasan documents is unique and itself of historical importance.
The script in which most Wasan documents were handwritten, called 漢文 (“kanbun”
or “chinese writing”), was initially only used in Japan by highly educated scholars and
only became popular during the Edo period. The characters in Wasan documents have
many similarities with modern Japanese kanji, but also present important differences.
For example, the弦 symbol, that today is generally thought to mean “string”, is used in
Wasan documents to indicate the hypotenuse of a triangle. Conversely, the円 kanji, used to
indicate the technical term for “circle” in Wasan documents, has acquired other meanings
since then and indicates, for example, the “yen” Japanese currency. Furthermore, some
kanji have also changed their writing since the Edo period. See Figure 3 for some examples.
This is exemplified by the “ima” kanji. Not only is this kanji of special importance in the
analysis of Wasan documents, but it is also a kanji that has seen the way it is written from
the Edo period to modern times. Additionally, given its relative simplicity, it is kanji that
can be confused with other similar characters easily.

Figure 3. Some kanji characters have changed the way they are written between the Edo period and
modern times. The “ima”今 kanji character (top) is of particular interest for our study.

Thus, we needed datasets containing the largest possible number of example of hand-
written characters adequately classified and matching those appearing in Wasan documents.
Given the large number of existing kanji characters (currently the japanese government rec-
ommends that all adults should be able to recognize all the kanji in a list containing 2136
characters for the purpose of basic literacy) it is impractical to produce these databases for a
research project such as the current one so it is necessary to rely on publicly available datasets.
In this study, we used two of them: the ETL dataset [19] and the Kuzushiji dataset [23].
The first is a large, balanced dataset made up of over 3036 modern kanji, each with exactly
200 examples. The second contains examples of 3832 different kanji from different texts of
different historical periods and is heavily unbalanced. See Section 2.6 for details on how these
two datasets were used for DL classification.

2.2. Algorithm Overview

In this section, we introduce the techniques used in our image processing pipeline
(see Figure 4 for a visual representation), we also mention the goal they achieved and how
they relate to each other. The following sections provide further details on each step.
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Figure 4. Image Processing pipeline.

• Preprocessing steps to improve image quality:

– Hough line detector [31] to find (almost) vertical lines in the documents. These
lines are then compared to the vertical direction. By rotating the pages so that
the lines coincide with the vertical direction in the image we can correct orien-
tation misalignements introduced during the document scanning process. See
Section 2.3 for details.

– Noise removal [32]. This step is performed to eliminate small regions produced
by dirt in the original documents or minor scanning problems. See Section 2.4 for
details.

• Blob detectors to determine regions candidate to containing kanji. See Section 2.5
for details.

– Preprocessed images are used as the input for blob detector algorithms. These
algorithms output parts of each page that are likely to correspond to kanji char-
acters and store them as separate images. Three blob detector algorithms were
studied (see Section 3.1 for the comparison).

• DL-Based Classification. See Section 2.6 for details.

– In the last step of our pipeline, DL Networks are used to classify each possible
kanji image into one of the kanji classes considered. Five different DL networks
were studied for this purpose. See Section 3.2 for detailed results.

• The output of our algorithm is composed of the coordinates of each detected kanji
along with its kanji category. We pay special attention to those regions classified as to
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belong to the “ima” kanji. See Section 3.3 for the details focusing on the results related
to the “ima” kanji as well as the combined performance of the blob detector and kanji
classification algorithms for this particular case.

The techniques used are general-purpose, that can be used in other automatic Wasan
document processing tools. These include the other uses of geometric primitives such
as the vertical or horizontal lines detected for angle correction or the use of the same
deep learning networks to classify salient features of Wasan documents such as equations
(marked with distinctive rectangular frames) or the geometric shapes included in the
geometric description of the problems.

2.3. Orientation Correction

Wasan documents frequently include “pattern lines” that helped writers maintain
a coherent structure in their documents. For us these lines clearly show the tilt that the
each page underwent during the scanning process. This tilt can be expressed as the angle
between the vertical direction on the scanned image and any of these “almost vertical”
pattern lines. We focused on finding vertical lines by (a) Detecting all lines, (b) Removing
lines with slopes smaller than a set threshold (non-vertical) (c) Grouping neighboring line
segments to find longer vertical lines. See Figure 5 for an example.

(a) Original image (b) Lines Detected (Hough Transform)

(c) Filtered Lines (d) Corrected image

Figure 5. Orientation correction.
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We detected lines using the Hough Line transform [33]. Due to the ink density of
the original documents, written with calligraphy brushes, most of the long lines present
in the documents (most importantly for us, the pattern lines) appear discontinuous in
large zoom magnifications. This was a problem for deterministic versions of the Hough
transform so we used the The probabilistic version [34] instead. Although we could detect
lines, postprocessing was necessary in order to focus on lines pertinent for our orientation
correction goal. Specifically lines under a set length where discarded as well as those with
slopes that were not close enough to the vertical direction. Subsequently, we observed that
many of the remaining lines could be grouped into longer lines. This happened because
some parts of the original lines had sections that were faint or not visible. We grouped
neighboring line endpoints and converted each group of lines into a “summary line”.

2.4. Noise Correction

We consider “noise” to be any spurious information appearing in an image. Usually,
most of the noise present in images is a byproduct of image acquisition. However, in our
data, the conservation state of the documents likely contributed to the image noise as
small paper imperfections or small dirt particles may also appear as noisy regions in the
digital images. It is impossible to remove all the noise from an image without producing
distortions to it. However, in order for subsequent image analysis algorithms to produce
satisfactory results, noise reduction is mandatory. Noise reduction in ancient documents
is a particularly challenging research subject [35]. Generally, it is not possible to re-do the
binarization process of the documents and it is necessary to work with images that have a
low information-to-noise ratio [32].

In this case, we used the noise correction procedure described in [6] and illustrated
in Figure 6. We use morphological operators [36–38] for reducing and eliminating noise
regions in the images. Our procedure uses Dilation and Erosion operations to remove
pattern lines and other document-shaping structures as well as to eliminate small noisy
regions. In order to avoid deleting small parts of Kanji characters, the document starts
with a Erosion operation to get all the strokes in each Kanji to be connected. See the
aforementioned reference for a detailed description.

(a) Original Image (b) After Erosion

Figure 6. Cont.
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(c) After Line removal (d) After Binary OR

(e) After small blob erasure (f) After second Erosion

(g) After second small blob erasure (h) After Masking with the precedent image

Figure 6. Example of the noise removal process.

2.5. Individual Kanji Segmentation: Blob Detectors

The characters appearing in Wasan documents were handwritten using calligraphy
brushes. Each of these Kanji contains between 1 and 20 strokes. Consequently, each Kanji
can be seen as small part of the image composed of smaller, disconnected parts. Further-
more, handwritten kanji (such as the ones in Wasan documents) often present irregular
or incomplete shapes (see [17] for a succinct description of the particular challenges of
handwritten kanji segmentation and recognition). We blob detectors to find the regions
that are likely to contain Kanji in our images. We tested three different blob detectors
implemented using the SciKit library [39]. Figure 7 presents an example of their results.
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Laplacian Of Gaussians Difference of Gaussians Determinant of Hessian
LoG DoG DoH

Figure 7. Example results of the three blob detector methods used for kanji detection.

2.5.1. Laplacian of Gausian LoG

A Gaussian kernel is used on the input,

g(x, y, t) = 1
2πt e−

x2+y2
2t

t represents the scale of the blobs being detectedr. The Scale-space Laplacian operator is
considered:

∇2L = Lxx + Lyy

In order to highlight extreme values with radius r =
√

2t [40].

2.5.2. Difference of Gaussians DoG

Finite differences are used to approximate the Laplacian operator:

∇2
normL(x, y; t) ≈ t

∆t (L(x, y; t + ∆t)− L(x, y; t))

This approach is known as the difference of Gaussians (DoG) approach [41].

2.5.3. Determinant of the Hessian DoH

The determinant of the Hessian a scale-space representation L is considered.

det HnormL = t2(LxxLyy − L2
xy)

The blob detector is then defined as by detecting maxima of the aforementioned
determinant.
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2.6. Classification of Kanji Images Using DL Networks

In the final step of our algorithm, we focused on the classification of the obtained
kanji images using DL networks. While these networks have achieved success in multiple
classification tasks, their performance is conditioned by the problem being solved. This
problem is most clearly expressed via the dataset from which the training and testing
subsets are built. The data should faithfully reflect the practical problem that is being
solved and be divided into training/validation and testing sets. The testing set should
have absolutely no overlap with the training/validation set and, if at all possible, they
should be independent (see [42,43] for discussion on good practices for data collection
and subdivision).

Furthermore, the training/validation dataset should be built in accordance with the
practical application goals. For example, in the case of heavily unbalanced datasets, the DL
networks will tend to acquire biases towards the most frequent classes. If all the classes
have the same importance for the application problems, this is not a problem, but in some
cases the less frequent classes may actually be those of most interest for the application,
and biased training sets may be considered (see [44] for an example).

2.6.1. Kanji Datasets Considered

Consequently, when considering the training datasets to be used to fine-tune DL
networks, it is necessary to assess their degree of balance, but also their fitness of purpose
for the application problem. In our case, we considered two datasets that reflect the peculiar
characteristics of the kanji present in Wasan documents:

• The ETL dataset [19] is made up of 3036 kanji handwritten in modern style. The classes
in this dataset are totally balanced and each kanji class is represented by 200 examples.
As many of the kanji in the dataset represent relatively infrequent kanji, and in order to
reduce the time needed to run the experiments, we chose a subset of the ETL database
made up of 2136 classes of “regular use kanji” as listed by the Japanese Ministry
of Education. For each of these kanji, we considered the 200 examples in the ETL
database.

• The Kuzushiji-Kanji dataset is made up of 3832 kanji characters extracted from his-
torical documents. Some of the characters have more that 1500 examples, while
half the classes have fewer than 10. The dataset is, thus, very heavily imbalanced.
Furthermore, many of the classes are also very infrequent. In order to achieve a
slightly less imbalanced dataset made up of more frequent characters, we discarded
the classes with less than 10 examples (obtaining a dataset with 1636 kanji classes)
and downsampled the classes with more than 200 examples to contain exactly 200
randomly chose examples.

We have used these two datasets with two main goals. In Section 3.2, we tackle the
issue of to what extent DL networks can be used to discriminate the characters in each of
the datasets. Subsequently, in Section 3.3, we focus on the adequacy of the each of the two
datasets (including data re-balancing) to the practical issue of detecting the “ima” kanji in
Wasan documents.

2.6.2. DL Networks Tested

In order to study the performance of DL networks when used with these two datasets,
we have considered five different deep learning architectures as defined on the FastAI
Library [45].

1. Alexnet [46] is one of the first widely used convolutional neural networks, composed
of eight layers (five convolutional layers sometimes followed by max-pooling layers
and three fully connected layers). This network was the one that started the current
DL trend after outperforming the current state-of-the-art method on the ImageNet
data set by a large margin.
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2. Squeezenet [47] uses so-called squeeze filters, including a point-wise filter to reduce
the number of necessary parameters. A similar accuracy to Alexnet was claimed with
fewer parameters.

3. VGG [21] represents an evolution of the Alexnet network that allowed for an in-
creased number of layers (16 in the version considered in our work) by using smaller
convolutional filters.

4. Resnet [48] is one of the first DL architectures to allow a higher number of layers
(and, thus, “deeper” networks) by including blocks composed of convolution, batch
normalization and ReLU. In the current work, a version with 50 layers was used.

5. Densenet [49] is another evolution of the resnet network that uses a larger number of
connections between layers to claim increased parameter efficiency and better feature
propagation that allows them to work with even more layers (121 in this work).

Taking into account the fact that we had a very large number of classes and a limited
number of example for each of them, we decided to use the transfer learning property of
deep learning networks to improve our kanji classification results. Taking into account
previous practical experiences with these networks [50], we initialized all these DL classi-
fiers using Imagenet weights [46]. Their final layers were then substituted by a linear layer
with our number of classes. This final layer was followed by a sofmax activation function.
The networks thus constructed were trained using the manually annotated tree points and
information of the tree health classes annotated in the orthomosaic. Initially, all the data
were considered together and randomly divided into two subsets of 80% for training and
20% for testing.

3. Results

All tests were performed on a 2.6 GHz computer with an NVIDIA GTX 1080 GPU.
The SciKit [39] and OpenCV [51] libraries were used for the implementation of the CV
algorithms. The CNN presented where implemented using the Fastai Library [45] running
over pytorch [52].

3.1. Experiment 1: Blob Detectors for Kanji Segmentation

This first experiment studies the performances of blob detectors to find Kanji characters.
In order to do this, we considered several parameter combinations for the three methods (See
https://scikit-image.org/docs/dev/auto_examples/features_detection/plot_blob.html for
detailed documentation on the Scikit-learn methods used, acessed on 1 September 2020).

The main parameters considered were (minσ, maxσ, numσ, threshold, overlap). As it
was impractical to run all parameter combinations with the full database, five Wasan
images were used for the fine-tuning process, several parameter combinations where
considered and the results for each of them was visually and automatically checked. minσ

and maxσ are related to the size of the blobs detected, and we obtained the best results
with values minσ ∈ (35, 45), maxσ ∈ (45, 50), the numσ parameter related to the step size
when exploring the parameter space and was set to 5. The threshold parameter relates
to the variation allowed in scale space and was tested in the interval (0.01, 0.05). Finally,
the overlap parameter relates to the degree of overlap allowed between different blobs.
Values between 0 an 0.5 were tested.

For each blob detector and combination of parameters, we considered the blobs
detected as candidates for containing kanji. Then, by comparing these blobs with our
manual annotation of the position of the kanji we were able to determine the percentage
of kanji that had been correctly detected (“True Positives” TP) as well as the regions that
did not actually contain kanji (“False Positives” FP). By comparing the number of TP with
the actual number of kanji regions in the manual annotation we could also determine the
percentage of kanji detected/missed. Figure 8 shows the boxplots for the correctly detected
kanji percentage (left) and FP detections (right) for the three blob detectors considered.

https://scikit-image.org/docs/dev/auto_examples/features_detection/plot_blob.html
https://scikit-image.org/docs/dev/auto_examples/features_detection/plot_blob.html
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Figure 8. Comparison of the performance of blob detector algorithms for kanji detection.(left,
correctly detected kanji %, right, false positive detection %).

The figure shows how the best performance was obtained by the LoG blob detector.
The three blob detectors used obtained high success rates with average kanji detection
percentages of 79.60, 69.89, 57.27 for the LoG, DoG and DoH detectors and standard
deviations of 8.47, 8.10, 13.26. The LoG obtained the best average as well as the most stable
performance (smaller standard deviation) with the DoG method obtaining a comparable
performance. In terms of false positive detections, the three methods obtained averages of
7.88, 16.86, and 15.07, and standard deviations 6.54, 9.35, and 8.71. Once again, the LoG
blob detector performed best and in this criterion the result was clearly superior to that of
the DoG method, which proved to be confused more frequently by not properly cleaned
up noise regions in the image producing a higher number of false positives.

3.2. Experiment 2: Classification of the Modern and Ancient Kanji Using Deep Learning Networks

In this section, we used several DL networks to classify Japanese kanji. We considered
two databases. The first was a balanced database made up of 2136 modern, frequently used
kanji characters, and the second was an unbalanced dataset (some kanji have 200 examples,
others a little over 10) of kanji characters extracted from classical Japanese documents (see
Section 2.6 for details).

For both databases, training and validation sets were considered. The data available
in each case was randomly divided into 80% training and 20% validation. In order to
limit the influence of hyperparameters, we tested 10 different learning rates ((1× 10e−2,
3× 10e−2 . . . 9× 10e−2, 1× 10e−1, 3× 10e−1 . . . 9× 10e−1) . Figure 9 shows the compared
performances for the ETL dataset for the five DL networks studied with detailed results for
the 3 best performing networks (Densenet, Resnet and VGG) while Figure 10 shows results
corresponding to the Kuzushiji dataset. The results are expressed in terms of the Error Rate
ER, the ratio of images in the testing set that were missclassified.
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Figure 9. Compared performance of five DL networks for modern kanji classification (ETL dataset
subset containing 2136 regular use kanji). Left, error rate (ER) results for all the DL networks
considered. Right, details for the three best-performing networks.

Figure 10. Compared performance of five DL networks for Classical kanji classification (Kuzushiji
dataset rebalanced to ignore classes with fewer than 10 examples and cap the number of examples in
a class to 200). Left, error rate (ER) results for all the DL networks considered. Right, details for the
three best-performing networks.

Both Figures 9 and 10 show how best results were obtained by the bigger networks
(Desenet, Resnet, VGG), with Squeezenet and Alexnet obtaining worse results. In both
cases, the best results were obtained by the Densenet network with a similar performance
obtained by the ResNet50 network. Best results were obtained at slightly different learning
rates for each network, but all were close to LR = 0.01. For the ETL dataset, the best
results in terms of ER for each network were: 0.0025 (Densenet), 0.0031 (ResNet), 0.0054
(VGG), 0.0773 (Squeezenet), and 0.1983 (Alexnet). For the Kuzujishi dataset, the corre-
sponding results were: 0.096 (Densenet), 0.103 (ResNet), 0.169 (VGG), 0.538 (Squeezenet),
and 0.593 (Alexnet).

3.3. Experiment 3: Classification of the “ima” kanji

In this final experiment, we studied the performance of our whole pipeline for
the problem of detecting and classifying the “ima” kanji. Given the results obtained in
Section 3.1, we used the LoG blob detector for kanji segmentation. Using the manual
annotations of the positions of the “ima” kanji, we were able to ascertain that all present
“ima” kanji had been detected by the blob detector. Consequently, the problem that
remained was to correctly classify all kanji detected so the instances of the “ima” kanji
present where correctly identified as such and no false positive detections (i.e., other kanji
being wrongly classified as “ima”) were produced. To achieve this, we considered the
Densenet network that obtained best results in Section 3.2. We considered this network
trained using three different datasets: The ETL and Kuzushiji datasets introduced
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in Section 2.6.1, but also a dataset (from now on “Mixed” dataset) built by adding a
small number of images from the Kuzushiji dataset to the ETL dataset. Specifically, we
identified 20 kanji that have changed their writing style from the Edo period until today
and substituted all the example images that we had for them in the Kuzushiji dataset
into the ETL dataset for regular use kanji. We repeated the experiment in Section 3.2
with the mixed dataset. These results followed the same tendencies of those presented
in Figure 9 so, for the sake of brevity, we only report the best result obtained. This result
was a ER of 0.0038 obtained by the Densenet network with a LR of 0.01. Table 1 contains
TPR, the ratio of correctly predicted instances of the “ima” kanji over all existing “ima”
kanji as well as FPR, the ratio over the total number of “ima” kanji of false positive
detections (Kanji predicted as being “ima”, but really belonging to some other class).

Table 1. “Ima” kanji detection and classification.

今 Detection % 今 Classification

Classif. DataSet (LoG Blob Detector) TPR FPR

Classic (Kuzushiji) 100 0.95 0.03

Modern (ETL) 100 0.10 0.04

Mixed 100 0.85 0.21

Table 1 shows how the best results in classification were obtained by the Kuzushiji
dataset with 0.95 TRP and 0.03 FPR. This shows how the Densenet network trained with
our re-balanced version of the Kuzushiji dataset can be effectively used to locate the
“ima” kanji in historical Wasan documents. The results obtained by the ETL dataset were
very low with only 10% of the instances of the kanji found (TPR of 0.10). This result
was unexpected to us due to the superior classification accuracy, obtained in experiment
Section 3.2. After reviewing the classes the “ima” kanji had been classified into, we realized
that the examples in the modern dataset differed enough from the Edo period way of
writing the kanji (see Figure 3 for it to be confused by the classifier with similar kanji.
Specifically,今 was often classified as令,命 or合. In order to quantify this issue, we re-
trained the Densenet network using a much smaller subset of the ETL dataset including 648
kanji and excluding令,命,合 and we obtained a TPR of 64 and FPR of 6 for the classification
of the “ima” kanji. Finally, the “Mixed” dataset obtained by adding examples of selected
kanji to the ETL dataset obtained a TRP of 0.85 and a FPR of 0.21.

4. Discussion

We have presented what is, to the best of our knowledge, the first detailed analysis of
computer vision tools and deep learning for the analysis of Wasan documents.

4.1. Kanji Detection

In Section 3.1, we studied the performance of three blob detector algorithms to segment
individual kanji characters in Wasan documents. The best results were obtained by the LoG
blob detector with the DoG method obtaining similar detection results with a large number
of false positives. Visual analysis of the results revealed that the LoG has problems properly
detecting the kanji in pages where they are written in two or more different sizes. Specifically,
smaller kanji tend to be overlooked. Regarding false positives, they mostly belong to regions
of the image corresponding to figures or noisy regions that had not been properly cleaned
up. Nevertheless, the 79.60, 7.88 average results for TP and FP detection percentage represent
a very promising result for the detected kanji to be used for automatic document structure
analysis as well as a starting point for the automatic recognition of the extracted text.
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4.2. Kanji Classification

In Section 3.2, we compared the performance of five DL network when classifying
images corresponding to kanji characters for two databases, one balanced and depict-
ing modern kanji (ETL) and another heavily unbalanced and depicting classical kanji
(Kuzushiji). The fact that all networks behaved similarly for the two databases shows how
we are dealing with similar problems. However, the error rates obtained for them were
clearly different. The best result obtained using Densenet for the ETL dataset indicates that
it can classify the images in the randomly-chosen validation dataset with around 0.25%
error (ER = 0.0025). This is a very high accuracy ('99.75%), which exceeds the 99.53%
classification accuracy for 873 kanji classes [21] obtained with a modified VGG network.
Our own results with the VGG network reproduce those of [21]. Given that our database
included 2136 kanji (more than double that of [21]) shows that large DL networks can
classify large balanced kanji datasets without loss in accuracy.

The error rate obtained when classifying the Kuzushiji classical kanji dataset was
much higher, with a best obtained result of ER = 0.096. This is equivalent to a classification
accuracy of '90.4% over all classes. These results show how the problem of classifying the
images in this dataset is much more challenging for DL networks. Possible causes for this
are the inferior image quality of the images depicting kanji in the historical database (due
to document conservation issues) and, most importantly, to the lack of balance in it. This
latest point becomes apparent when we check the average classification accuracy for the
classes present in the validation set (an average of 81.72% was obtained). The eight-point
difference between the average classification accuracy and the overall accuracy shows how
the more frequent classes are classified more accurately and bias the overall result. These
results improve those previously presented in [28] using a Lenet network. Our subset
of the Kuzushiji dataset is comparable to the one where [28] obtained 73.10% accuracy
(considering classes with at least 20 examples but without capping the number of examples
for larger classes). Our results, however, reach the values of those reported in [28] by
filtering “difficult to classify characters”. The effects of re-balancing the dataset as well as
the use of networks with a larger number of layers become apparent in the 81.72% average
classification accuracy for all classes obtained by our densenet network. This result clearly
improves the 37.22% result reported in [28] for Lenet.

4.3. “ima” Kanji Detection

In Section 3.3, we presented a detailed study of how our algorithmic process can be
used to locate an important structural element of Wasan Documents, the “ima” kanji that
marks the location of the geometric problem diagram and is also the first character in the
textual description. This tool uses two steps. In the first, blob detectors are used to select
the regions containing kanji characters and in the second the characters contained in them
are classified and those matching “ima” are identified. The “ima” kanji was detected in
100% of cases by the best-performing blob detector. This was probably due to this kanji
having a very clearly delimited shape and it always being present at the beginning of
the text description of the mathematical problems. This avoided some of the detection
problems where nearby kanji might get mixed together or where parts of smaller kanji
might get added to nearby larger ones.

Regarding the classification of the resulting kanji candidate regions, we used a
Densenet network, as it had obtained the best results in the kanji classification experi-
ment. In order to train it, we considered the ETL and Kuzushiji datasets, but also an
enriched version of the ETL dataset using some kanji from the Kuzushiji. The reason to
build this third dataset is that we observed that sometimes, the “ima” kanji今was confused
with similar kanji (such as, for example the “rei” kanji令) when classified with a network
trained on the ETL dataset. We believe this happened due to the differences in writing
style between Edo period and modern kanji, and it was our hope that by enriching the ETL
dataset with examples closer to the Edo period scripture would ameliorate the problem.
As a caveat, the mixed dataset does not account for all differences in style or kanji that
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are infrequent in present times, but appear more often in Wasan documents. However,
we believe that the adaptation that we present allows us to make the case that a tailored
dataset using modern and classical kanji can be of interest when processing Edo-period
Wasan documents. The best result obtained for the classification of the mixed dataset was a
ER of 0.0038 obtained by the Densenet network with a LR of 0.01. This represents a slight
drop in accuracy from the 99.75% obtained with the ETL database to 99.62%, still clearly
better than that of the Kuzushiji dataset (accuracy ' 90.4% ). The balance of the dataset
still allowed us to maintain a consistent classification accuracy among all classes (average
class-wise accuracy was 99.62%, the same as the overall accuracy).

Regarding the final results when classifying the “ima” kanji candidates extracted
automatically from Wasan documents, the 0.95 TPR/0.03 FPR obtained by the network
trained on the Kuzushiji dataset show how our approach can be used to effectively de-
termine the position of the “ima” kanji for subsequent analysis of the structure of Wasan
documents. With minimal correction from human users, this tool will be used to build a
Wasan document database enriched with automatically extracted information. The very
low results obtained by the network trained on the ETL dataset exemplifies the need to
have a training dataset for classification that faithfully represents the practical problem
that is being sold. While the Densenet network was able to classify the kanji in the ETL
dataset with high accuracy, that did not help it properly locate the “ima” kanji as it appears
in Wasan documents. As the kanji in Wasan documents present both classical and modern
characteristics, we also tried a “Mixed” dataset that added to the ETL network some of the
more frequent among those that have changed their writing style from the Edo period to
current days. The results obtained by the Desnenet network trained with this dataset in the
detection of the “ima” kanji was a TPR of 0.85 and a FPR of 0.21. These results, while not
as good as those obtained when training with the Kuzushiji dataset are still high and the
mixed dataset is likely to produce better classification accuracy for the kanji that are not
“ima”, so this version of our pipeline represents a promising starting point for a tool that
can perform full text extraction and interpretation of Wasan documents.

5. Conclusions and Future Work

The process described in this study is the first step in the construction of a database of
Wasan documents. The goal is to make this database searchable according to the geometric
characteristics of each problem. Our results have shown how our algorithms can overcome
the image quality issues of the data (mainly noise, low resolution and orientation tilt) and
locate the occurrences of the “ima” Kanji reliably. We have also shown how deep learning
networks can be used to effectively classify kanji characters of different styles and with
datasets of varying degree of balance between their classes. We have not yet achieved
full and satisfactory text interpretation of Wasan documents, but our methods can already
about 80% of the kanji present on average with FPR of about 8%. We have shown how
to construct mixed datasets that can confidently detect the “ima” kanji while at the same
time maintaining the class balance and the modern kanji information contained in the ETL
network. In future work, we will increase the size of our testing dataset in order to better
measure the accuracy and consistency of the methods presented. We will also advance in
the use of computer vision tools to detect other geometric primitives in the images such as
the circles and triangles present in problem diagrams, but also rectangles used to enclose
equations. We will improve the kanji detection step by using the pattern lines present in
many documents as well as the structure of the text itself (with kanji characters always
presenting lined up and evenly spaced) and we will continue to develop a kanji database
that is fully suitable for the classification of Wasan kanji by combining existing datasets.
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