


Table 1: Datasets and statistics for training of the gen-
erator and the recognizer models

(a) Dataset for the Y-AE generator. The training image
set for Y-AE and the seed image set used for image
generation are the same.

Dataset | Num. of images
Training ETL7 32,200
Image generation | ETL7 32,200

(b) Datasets for training and evaluation of the recogni-
tion model

Dataset | Num. of images
Training ETL7 32,200
Validation | ETL8G 8,510
Testing ETL9G 9,200

whether they can be used to improve the accuracy of
the handwritten character recognition. To evaluate the
generated character images, we use the simple CNN-
based character recognizer shown in Fig. 2 to eval-
uate the improvements in recognition accuracy. The
CNN-based model takes a gray-scaled image with a
(128,128, 1) shape. An input image is normalized in
the range of 0 to 1 to make a prediction.

S. Experiments

5.1. ETL Character Database

In this paper, we aim to improve the accuracy of
the handwritten character recognition by using the Y-
AE model to generate different writing styles of the
same character and using the generated images to train
a handwritten character recognition. To experiment
with the generation capabilities of the proposed Y-AE
model, we experimented with the 46 Seion characters
image types to evaluate the generated character image.
We used the ETL character database (Electrotechnical
Laboratory, et. al., 2011), which consists of nine sub-
sets containing millions of Japanese handwritten char-
acters. Table 1, shows the subsets used for training.
ETL7 was used for training the Y-AE and generating
the handwritten character images. The character im-
ages were converted to RGB due the VGG16 backbone
and denoised by using the OpenCV’ s fastNIMeansDe-

Figure 2: The architecture of a CNN-based simple
character recognizer model

Table 2: Character recognition performances (F1-
score)

Training dataset F1-score
ETL7 Seion only 0.8664
Generated image only 0.9192
ETL7 Seion + generated images | 0.9281

Figure 3: Y-AE Generated Japanese Hiragana Images

noisingColored' method. After denoising the image,
the images were randomly processed by one of the fol-
lowing transformations.

1. Normalized to range between 0 and 1.

2. Binarization by thresholding the image with the
average of pixels, and normalizing to range be-
tween 0 and 1.

3. Multiplying the binarized image via thresholding,
denoising the image to smooth the text contours,
and normalizing to range between 0 and 1.

For the handwritten character recognition, we used
ETL7 for the training data, ETL8G for the validation
data, and ETLIG for the testing data. The character
images are converted to grayscale and thresholded.

5.2. Hyper-parameters
5.2.1.

The encoder weights are initialized using Xavier s
method (Glorot and Bengio, 2010), and the decoder
weights are initialized with a random normal initial-
izer with a mean of 0 and standard deviation of 0.01
and then bias initialized with constant —5. To prevent
overfitting, we use the L2 regularizer with 10e —4. The
CNN layer is computed with padding to maintain the
size of the latent features. An Adam optimizer with an
initial learning rate of 10e — 4, 81 = 0.9, 82 = 0.999,
€ = 10e — 7 was used to train the Y-AE. The batch size
was 8, and the number of epochs was 200.

Y-AE training parameters

"https://docs.opencv.org
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Figure 5: t-Distributed  Stochastic Neighbor

Embedding(t-SNE) visualization.  The top shows
the visualization of the characters images and the
bottom shows the distributions for each writer.

5.2.2. CNN-based recognizer training parameters
The CNN-based recognizer was trained with an Adam
optimizer with an initial learning rate of 10e — 3. We
trained the CNN-based recognizer at a fixed 40k itera-
tions due to the different amounts of data. To evaluate
the CNN-based recognizer performance, we trained it
from scratch with and without the Y-AE generated im-
age.

5.3. Results

The Y-AE generated Japanese Seion Hiragana charac-
ter images are shown in Fig. 3. In Fig. 3, we visualized
generated 46 sorts of Seion Hiragana images from the
20 character images of &, \», 9, 2, 8, &, &, <,
I}, and Z. We generated 46 sorts of Hiragana images
from each input image. From Fig. 3, we show that the
generated image is readable with respect to the Hira-
gana character. Nevertheless, the generated Hiragana
character image differs from the same generated char-
acter images. We used all the 700 images from each
of the 46 types of Hiragana characters each to gen-
erate 46 Seion Hiragana, leading to 700 x 46 x 46,
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Figure 6: The PCA visualization of embedding fea-
tures in the decoder of the Y-AE

i.e., a total of 1,481,200 images. To evaluate whether
the synthetic data was usable to train a recognizer, we
trained a simple CNN-based recognizer with the ETL7
of 700 x 46 Seion Hiragana, totaling 32, 200 training
images, and the ETLI9G of 200x46 Seion Hiragana, to-
taling at 9, 200 images, as baseline test data to compare
the recognizer that used the generated images training
the CNN-based recognizer.

The generated 1,481,200 images used to train the rec-
ognizer were preprocessed with the Otsu binarization
threshold method (Otsu, 1979). The test images were
used to evaluate both models. The baseline model was
trained with only the 32,200 images from ETL7, and
the proposed model was trained with both the original
images of ETL7 and the generated images based on
ETL7. In Table 2, the CNN-based recognizer trained
with the images generated by the Y-AE improved the
Fl-score 0.0617 points from 0.8664 to 0.9281. This
showed that the CNN-based recognizer could classify
Seion Hiragana character images more precisely.

6. Analysis and Discussion

6.1. Effectiveness of AdaIN

First, we investigate the need to apply AdalN to the
Y-AE model. To analyze the need for AdaIN, we com-
pared the generated images of the Y-AE model with
and without AdaIN. The generated images are shown
in Fig. 4. Fig. 4 shows that the Y-AE model with
AdalN changed the generated image relative to the in-
put image, whereas the YAE model without AdaIN did
not change relative to the input image. In other words,
it is clear that the introduction of AdaIN generates an
image that takes into account the style information of
the input image.

6.2. Accuracy for each character class

Table 2 showed the averages of the F1 scores for all the
character classes. By checking the F1 scores for each
class, F1 scores did not improve for all the classes (re-
sults for each class are omitted). When trained with
only the generated images, the F1 scores decreased for
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Figure 7: PCA visualization. (a) Embedding features from Fig. 6. (b), (c), (d) are the latent features of the FCI,

FC2, and FC3 layers on the same scales, respectively
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Figure 8: Generated images in resized, different rotation, OOC character, shape images

5 of the 46 classes, and when trained with the gener-
ated images and ETL, the F1 scores decreased for 8
of the 46 classes. These results indicate that not all
classes of images are well generated. Further improve-
ment of the generation model and selection of gener-
ated images are needed in this matter.

6.3. Analysis of Latent Features

We further analyze the proposed Y-AE model by ana-
lyzing the encoder and decoder latent variables. To an-
alyze the encoder latent variables, we randomly picked
920 images, including 46 sorts of Hiragana characters
written by 20 writers, from ETL7, to extract the en-

coder latent variables (shown in Fig. 5). To analyze
the 920 neighbors of the latent variables, we visual-
ized with t-SNE method. The parameters of the t-SNE
method are shown as follows.

* Perplexity: 30
¢ Jterations: 1,000

¢ Number of components in embedded space: 2

The top of Fig. 5 shows that the encoder can learn the
character image style representation, which is similar
to the same character images. While it can differenti-
ate the characters, the bottom of Fig. 5 shows that the
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encoder latent variables are independent of the writer’s
handwriting style.

For the decoder, we visualized the embedding feature
extract from the embedding layer and the latent fea-
tures from the FC layers using principal component
analysis (PCA). From Fig. 6, we can see that the em-
bedding features output from the embedding layer in
the decoder are capable of learning the differences be-
tween the characters. For example, the characters &,
&, 43, b or &, B, and ¥ have a very closed distance
between each character, which shows the embedding
layer can learn to differentiate between the character’s
embedding vector. We further analyzed the FC1, FC2,
and FC3 layers latent variables injected with AdaIN by
ranging the PCA components on the same scale. The
same-scaled PCA visualization principal components
1 and 2 are shown in Fig. 7. From Fig. 7, we can see
the distribution of the latent features scattered in the
higher layers. This allows the Y-AE model to slowly
distinguish between the characters in the latter layers,
which then allows the decoder to generate the targeted
character image.

& character can be similar to #3, 3, 4>, when it goes
through the FC layers, Fig. 7 (b), (c), (d) show the
latent features slowly distinguish the differences be-
tween the similar words.

6.4. Analysis of different input images

To test the synthetic capabilities of the Y-AE model,
we tested the different images from training, as shown
in Figs. 8. Figs. 8 are resized to smaller OOC char-
acters, rotations, OOC character images and shape im-
ages. In Figs. 8, the proposed Y-AE can track and
differentiate the sizes or rotations to generate with the
respective properties of the image. Additionally, we
can see that the Y-AE is even able to generate even
the input from the OOC. Furthermore, we tested with
a shape image, as which shown in the first and sec-
ond images from the right of Figs. 8. Surprisingly, it
showed that the Y-AE is able to generate character im-
ages with the shapes in lines only. From these results,
we can see the effectiveness and robustness of the em-
bedding features being injected with the AdaIN. The
generator is able to generate the same character but in
a different writing style. Hence, the generator can be
used to generate Japanese Hiragana character images,
which can then be used to improve the recognizer as
shown in Section 5.3.

7. Conclusion and Future Work

We proposed a Y-Autoencoder-based handwritten
character image generator to generate more images for
training data, which can then be used to train and im-
prove the recognizer. The embedding layer and the
AdaIN computation allowed us to train a robust hand-
written character generator. The generator does not
need paired images for training and generates differ-
ent character images with different input images. From

the results in Section 5, we showed that the proposed
Y-AE could generate an increased number of handwrit-
ten character images, which can then be used to train
and improve the recognizer.

Currently, the generator is being restricted that needs at
least one image to generate images. In the future, we
will try to control the latent variables without a single
image to generate more character image styles. Fur-
thermore, we will aim to generate more types of char-
acter image types, such as Kanji (Chinese character),
with the hope that the Y-AE model can generate sev-
eral character images at once.
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