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Abstract

The number of Japanese language learners in Indonesia ranks second at 711,732 people. Hiragana is the
first letter to be learned, especially at the beginner level and is usually learned before Katakana and Kanji.
Some characters in Hiragana have similar main forms such as nu (8) and me (&), ne (13) and wa (#2), thus
adding complexity to the recognition process. Like previous research that created a Hiragana pronunciation
learning application and previous research that was an English writing learing application, allowing people to
learn on their own, by applying CNN (Convolutional Neural Network) to recognize written characters,
researchers were inspired to apply this in learning to write Hiragana letters. Therefore, researchers created a
digital Hiragana handwriting recognition model using the VGG-16 CNN Architecture method so that the model
created can later be used in a Hiragana learning application for writing. This study used a dataset in the form
of digital Hiragana handwriting images totaling 1518 data with 33 data for each label (46 types of letters). The
hyperparameters used in this study to train the model were 5 epochs, a batch size of 32, the Adam Optimizer,
and a Leamning rate of 0.001. Based on the test results with the aforementioned parameters, the Accuracy value
was 98.55%, Precision was 98.91%, Recall was 98.55%, and the F1-Score was 98.51%.
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1) Introduction

Japanese is a foreign language highly sought after by Indonesians. A significant number of learners
choose Japanese as their foreign language. In 2021, Indonesia ranked second in the number of Japanese
learners after China, with 711,732 learners [24], representing 18.8% of the world's total. Of these 711,732
Japanese learners, 642,605 (90.28%) were at the high school/vocational high school (SMA) or equivalent
level. There are four language skills that must be mastered when learning a foreign language: reading,
writing, listening, and speaking [19]. Learning a foreign language, especially Japanese, presents some
challenges for Indonesians due to the distinctive characteristics of the Japanese alphabet. In Japanese, there
are three types of Letters that must be learned: Hiragana, Katakana, and Kanji. Hiragana is the first to be
learned, especially for beginners, and is usually learned before Katakana and Kanji. Hiragana letters only
represent a specific sound and do not have any meaning like the Indonesian alphabet, although there are
also words in Japanese that consist of one syllable, such as me/& (eye), ki/ & (tree), ni/[Z (two). This is
different from Kanji, where each character represents a specific meaning [23]. Japanese does not have
characters like spaces that separate words. There are two punctuation marks called kuten (, ) which
functions as a period and toten (. ) which functions as a comma. Some characters in hiragana also have
similar main forms such as nu (83) and me (& ), ne (#43) and wa (#2), thus adding complexity to the
recognition process [19].

In research [1 1], which analyzed the difficulties of Japanese language learning among students at SMK
Bagimu Negeriku Semarang, it was found that 62.8% of students experienced difficulties in writing and
reading hiragana and katakana due to the similarity of some characters. In research [19] to determine the
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mastery of hiragana among 10th-grade students at SMAN 9 Pekanbaru, the students' mastery of hiragana
was still in the sufficient category, as seen from the average student test score of 68.8. Many students still
found it difficult to master hiragana and seemed to have difficulty distinguishing similar hiragana letters.
In research [16], which examined the factors of difficulty in learning to write hiragana letters among 10th
grade students at SMA Labschool Surabaya in the 2019/2020 academic year, it was shown that there were
several difficulties in learning to write hiragana letters, namely difficulty in writing hiragana letters due to
an inability to read the letters, difficulty remembering because hiragana letters are considered complicated
and students are not used to writing hiragana letters, and inability to distinguish similar hiragana letters. [3]
In his research, he successfully created an application for learning Japanese speaking using mobile learning.
This study designed a Japanese hiragana learning application for sentences using speech recognition. In
further development, the researchers hope the application will not only serve as a learning medium for
pronunciation, but also for writing and listening.

[30] In his research, he created an application for learning English writing that allows learners to learn
independently without a teacher. This application uses a deep learning algorithm, namely a Convolutional
Neural Network, to recognize characters written by the user. Based on research conducted by [23], [2], and
[25], it was found that the CNN algorithm achieves the best performance when applied to image data
compared to other machine learning algorithms. Based on research [21] on a comparison of Convolutional
Neural Network architectures for Fundus Classification, the architectures tested were AlexNet, Visual
Geometry Group (VGG) 16, VGG 19, Residual Network (ResNet) 50, Resnet101, GoogleNet, Inception
V3, InceptionResNetV2, and Squeezenet. The test results showed the best architecture was VGG16, with
an accuracy of up to 92.31%. Based on the author's explanation above, the author was motivated to conduct
research to develop a Japanese handwriting recognition model, specifically Hiragana, that could be applied
to Japanese language learning. The researcher titled the research "Implementation of the Convolutional
Neural Network with VGG-16 Architecture in Digital Hiragana Handwriting Image Recognition."

2) Methods
A. OSEMN Methods
1. Obtain
At this stage, the author collects the input data needed for system modeling. The collected
data consists of digital handwritten images of hiragana letters, with the author limiting the
categories in this study to 46 basic hiragana letters. The author collects data from internet sources
and supplements it with data created himself using a drawing tablet. The collected data is tested
using several data testing methods, such as data consistency testing and data accuracy testing, to
improve data quality and integrity.
The collected dataset consisted of 1,518 images, from which 1,380 images were taken for model
training and 138 images for model evaluation. The dataset was divided into 1,104 training data
(24 images for each letter) and 276 validation data (6 images for each letter), with 138 testing
data (3 images for each letter) for evaluation.
2. Scrub
Once the entire image dataset has been successfully collected, the data will be processed to
ensure it meets the model's requirements. This stage involves resizing, splitting, and normalizing
the data.
a) Resize
The authors resized the data to 224x224 pixels using the Pillow library. This was done
because the VGG-16 architecture, trained on the ImageNet dataset, only accepts input with
a pixel size of 224x224 and three color channels, RGB.
b) Dataset Splitting
The data was prepared for the training process. The 1,380 images collected for model
training were divided into 80% training data and 20% validation data. The testing data was
separated beforehand because it was not used in the model training process.
¢) Normalize
The final step in the scrubbing process is normalization. If the image data is used as is
in the model, calculating the values per pixel can increase the training complexity. Rescaling
the pixel values in the data to within the [0-1] range will reduce the number of values and
speed up the computation.
3. Explore
At this stage, the authors explored the data to determine the amount of available data and
ensure a balance of data for each label before proceeding to the model creation process. They
used visualizations to examine the data distribution per label.
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a) Data Distribution per Label
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Figure 1. Data Distribution Bar Chart

Data distribution is evaluated to ensure a balanced amount of data in each label. A
balanced distribution of data in each label is important to avoid bias during training. In
Figure above, the bar chart visualization shows that each label's data has the same height,
indicating that the data in each label is evenly distributed.

4. Model
The author designed and built a model using the CNN method with the VGG-16 architecture
using an existing dataset to train the model so that it can recognize digital handwritten hiragana
images. The model that the author created applies transfer learning by using the VGG-16 model
that has been trained on the Imagenet dataset and reused to train the hiragana image model. At
this stage, the author also prepared several parameters that will be tested to determine the best
parameters for the model to be created.

5. Interpret
After the model has been successfully built, the author will conduct an interpretation of the
modeling results, which includes evaluating the metrics through manual testing using a confusion
matrix.

3) Result and Discussion

A. Model Design
At this stage the author creates a model architecture to be used in model training.

Table 1. Layer Model Structure

Model Functional
Layer (type) Output Shape Param #

input_layer (InputLayer) (None, 224, 224, 3) 0
blockl convl (Conv2D) (None, 224, 224, 64) 1.792
blockl conv2 (Conv2D) (None, 224, 224, 64) 36.928
blockl pool (MaxPooling2D) (None, 112, 112, 64) 0
block2 convl (Conv2D) (None, 112, 112, 128) 73.856
block2 conv2 (Conv2D) (None, 112, 112, 128) 147.584
block2 pool (MaxPooling2D) (None, 56, 56, 128) 0
block3 convl (Conv2D) (None, 56, 56, 256) 295.168
block3 conv2 (Conv2D) (None, 56, 56, 256) 590.080
block3 conv3 (Conv2D) (None, 56, 56, 256) 590.080
block3 pool (MaxPooling2D) (None, 28, 28, 256) 0

block4_conv1 (Conv2D) (None, 28, 28, 512) 1.180.160
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block4 conv2 (Conv2D) (None, 28, 28, 512) 2.359.808
block4 conv3 (Conv2D) (None, 28, 28, 512) 2.359.808
block4 pool (MaxPooling2D) (None, 14, 14, 512) 0
block5 convl (Conv2D) (None, 14, 14, 512) 2.359.808
block5 conv2 (Conv2D) (None, 14, 14, 512) 2.359.808
block5 conv3 (Conv2D) (None, 14, 14, 512) 2.359.808
block5 pool (MaxPooling2D) (None, 7,7, 512) 0
flatten (Flatten) (None, 25088) 0
dense (Dense) (None, 256) 6.422.784
dense 1 (Dense) (None, 256) 65.972
dense 2 (Dense) (None, 46) 11.882

Total params :21,215,086 (80.93 MB)
Trainable params : 6,500,398 (24,80 MB)
Non-trainable params : 14,714,688 (56,13 MB)

The table above shows the layer structure of the model to be used. The layers used consist of
input, convolution, pooling, flatten, and dense layers.

B. Parameter Tuning
In creating the model, the author performed parameter tuning to select the best parameters for the
model to be used
Table 2. Parameter Tuning

Optimizer Learning rate Accuracy Loss
SGD 0,01 0,2609 2,339
SGD 0,001 0,2826 3,4143
SGD 0,0001 0,0435 3,8094
Adam 0,01 0,0435 3,7325
Adam 0,001 0,9855 0,0764
Adam 0,0001 0,9855 0,3191
RMSprop 0,01 0,0217 3,8288
RMSprop 0,001 0,9348 0,1627
RMSprop 0,0001 0,9565 0,3244
Adagrad 0,01 0,6014 1,4983
Adagrad 0,001 0,6522 2,6331
Adagrad 0,0001 0,1087 3,6872
Adadelta 0,01 0,8043 2,7031
Adadelta 0,001 0,0362 3,7733
Adadelta 0,0001 0,0217 3,9099

The table above shows that the best parameter results were obtained using the Adam optimizer
with a learning rate of 0.001, which achieved an accuracy of 98.55%.

C. Model Training

Epoch 1/5

35/35 - 16s - 447ms/step - accuracy: ©.3605 - loss: 2.9145 - val_accuracy: ©.6159 - val_loss: 1.6445
Epoch 2/5
35/35 - 7s - 212ms/step - accuracy: ©.8877 - loss: 0.5753 - val_accuracy: ©.9239 - val_loss: ©.4295
Epoch 3/5
35/35 - 8s - 216ms/step - accuracy: 0.9801 - loss: 0.1537 - val_accuracy: 0.9674 - val_loss: ©.2319
Epoch 4/5
35/35 - 8s - 221ms/step - accuracy: 0.9937 - loss: ©0.0624 - val_accuracy: ©.9964 - val_loss: 0.1148
Epoch 5/5

35/35 - 8s - 227ms/step - accuracy: 0.9964 - loss: ©.0366 - val_accuracy: ©.9928 - val_loss: 0.9753

Figure 2. Model Training Result
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The image above shows the results of model training. The model was trained with
hyperparameters of 5 epochs, a batch size of 32, Adam as the optimizer, and a learning rate of 0.001.
The trained model achieved an accuracy of 99.64%.

Interpret

At this stage, the author evaluates the model created by testing it with previously prepared testing
data. The author evaluates this by examining the recognition results for each letter in the testing
dataset and comparing the original labels to see which letters were correctly and incorrectly
recognized.

1. Confusion Matrix

Figure 3. Confusion Matrix

In the picture above, it is shown that there are still errors in recognizing the letters A and the
letters KA. Meanwhile, the other letters are recognized correctly. Of the 138 testing data, there
were 2 data that were incorrectly recognized.

2. Model Evaluation

Table 3. Evaluation Metrics Table

Testing Set

Accuracy Precision  Recall F1-Score
98.55% 98.91% 98.55% 98.51%

The table above is the result of the evaluation of the model that has been created, it can be
seen that after being evaluated with testing data, the model with Adam as the Optimizer and a
Learning rate of 0.001 has an accuracy of 98.55%, Precision of 98.91%, Recall of 98.55% and F1
Score of 98.51%.

4) Conclusion

Based on the research results described by the author, the following conclusions can be drawn:
In developing a model for recognizing digital handwritten Hiragana images, the author prepared a
dataset of 1,518 digital handwritten Hiragana images representing 46 letters. The convolutional neural
network architecture (VGG-16) was used. The model consisted of a 224x224 pixel input with three
color channels (RGB), 13 convolution layers, five pooling layers, one flattening layer, and three dense
layers. The final layer had 46 neurons, corresponding to the number of recognized Hiragana letters.
The hyperparameters were 5 epochs, a batch size of 32, Adam as the optimizer, and a learning rate of
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0.001. The model was able to recognize digital handwritten Hiragana images, achieving an accuracy
of 98.55%, a precision of 98.91%, a recall of 98.55%, and an F1-score of 98.51% when tested on
previously unseen data.
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