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Abstract.

Purpose: Traditionally, 2D anime production involves the expertise of experienced animators and is labor-intensive
and time-consuming. Generative adversarial networks (GANSs) have been developed to create high-quality anime over
the years. However, the developed GANS still have caveats, such as the presence of artifacts, high-frequency noise,
color and semantic structure mismatches, blurring, and texture issues. Additionally, research on Al-generated anime
images with a particular style is still lacking. Thus, this study aimed to develop double-tail generative adversarial
network (DTGAN) with adaptive style transfer to generate quality anime background images aligning with Makoto
Shinkai's anime style.

Methods: A dataset of real world and anime images was collected and preprocessed. The training was run, and an
inference process was done to generate background images with the anime style of Makoto Shinkai using DTGAN
with adaptive style transfer. Evaluations of the images produced were performed using visual comparison and
quantitative analysis using Fréchet Inception Distance (FID) and peak signal-to-noise ratio (PSNR).

Result: Compared to other methods, the images generated by DTGAN with adaptive style transfer had the lowest FID
and highest PSNR values 0f.38.7 and 19.4 dB, respectively. Visual comparison of the images against other methods
and real anime image of Makoto Shinkai demonstrated that images from DTGAN had the best quality that matched
Makoto's style, as observed from color, background preservation, photorealistic style, and light contrast.

Novelty: These findings suggest that DTGAN with adaptive style transfer using adaptive instance normalization
(AdalN) and linearly adaptive denormalization (LADE) outperforms other methods, highlighting its practical use for
2D anime production.
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INTRODUCTION

Two-dimensional animation is commonly found in everyday life, such as in social media, video games, and
films. Traditional 2D animation creation is labor-intensive and time-consuming, leading to high costs [1-
3]. The process of creating animation requires drawing skills and creativity to complete the animation
design. On average, an animator needs to draw 12 illustrations per second of movement, showcasing the
time and effort required for 2D animation [4]. Moreover, the hand-drawing technique can only be done by
an experienced animator.

Technological advances have driven the transformation of the 2D animation industry by implementing
approaches that accelerate and simplify the animation production process. One of the aspects that has
attracted attention is the application of image models generated by artificial intelligence (Al) [1, 2, 5]. Al-
generated image models have played an important role in several aspects of animation design and
production automation, simplifying the animation production process, from character design to background
artwork. This allows content creation to be faster and more efficient [6]. In addition, Al-generated image
models can assist in generating and refining visual elements, providing animators with new tools to improve
their work and actualize their creative visions [3].
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In the context of image production, Al-generated image models have demonstrated remarkable capabilities
in generating realistic and artistic images and characters [7]. The use of Al in image generation has been a
critical transformation in various fields, especially in art and design. Technologies such as generative
adversarial networks (GANSs) have been used to create visuals that previously could only be produced by
experienced animators [5, 8]. GANs have become the leading technology in Al-generated images due to
their ability to produce highly realistic and detailed images. In 2D animation, including anime, GANs have
been used to automate and enrich the creative process and offer new ways to design complex characters
and backgrounds. The style of creativity in creating 2D anime images refers to the style of anime or
Japanese animation styles [9].

In this study, the anime production was made in Makoto Shinkai anime style. Makoto Shinkai is a globally
renowned filmmaker and animator who has produced famous works, such as "Your Name" (Kimi no Na
Wa), The Garden of Words "(Kotonoha no Niwa)", and "Weathering with You" (Tenki no Ko). He is also
known for his voice acting, editing, digital graphic animation, and artwork creation [10, 11]. Makoto
Shinkai's style was chosen as the object of the study due to the uniqueness of his creative art style. His work
can be clearly distinguished from other animated works; therefore, his work represents the main standard
of animated work [11]. The anime style characteristics of Makoto emphasize on composition and
background, the combination of nuanced sound effects, and detailed attention to everyday life that is
considered ordinary. Mokoto's style is known to ‘ground' the audience as much as possible in reality,
although there are metaphysical elements and dream-like animations that appear in his work through a
photorealistic style. He also often makes the foreground and background of the animation appear out of
focus, as well as plays with light reflection or light effect [10].

Various GAN algorithms have been developed to generate anime images, including StyleGAN, CycleGAN,
and AnimeGAN [2, 5, 12-17]. StyleGAN has been used to generate anime with an emphasis on preserving
anime characteristics. Nonetheless, StyleGAN still has disadvantages, one of which is the presence of
artifacts [14]. Meanwhile, CycleGAN has been applied in the translation of human face images to anime
but there are still limitations in terms of image clarity and suitability of the background [15, 16]. Similarly,
animeGAN and its derivatives also have drawbacks in generating anime images, including weak anime
style, blurry details, and feathering edge [8, 17]. In addition, the production of anime-style background
images is challenging due to the complexity of visual details in background images, such as lighting, color,
and texture. This challenge highlights the need to develop a GAN algorithm with style transfer to generate
background images with a specific anime style.

Previous studies have demonstrated the advantages of double-tail generative adversarial network (DTGAN)
in generating anime images from real-world images [17]. DTGAN has a generator with two output paths:
(a) the main tail, which refines the generated image by removing artifacts and noise, and (b) the support
tail, which generates coarse-grained anime images. DTGAN also has linearly adaptive denormalization
(LADE) to prevent further artifacts. The improvement of the resulting image quality is also supported by
implementing loss functions in the form of region smoothing loss functions that reduce complex textures
and fine-grained revision loss functions that remove noise and keep edges clear [18, 19]. Furthermore, the
application of color reconstruction loss with Lab color space and grayscale input were able to improve
grayscale style loss [20, 21]. These advantages show the potential of developing DTGAN to produce anime
images.

Nonetheless, DTGAN with adaptive style transfer consisting of LADE and adaptive instance normalization
(AdalN) has never been used to generate a specific anime style. Therefore, this study aimed to develop
DTGAN with adaptive style transfer to generate quality background images with Makoto Shinkai's anime
style. The development of this algorithm contributes to the field of Al-generated images and has practical
implications in anime-style production, enabling the production of quality anime images with a specific
anime style.

METHOD

In this study, we developed DTGAN with adaptive style transfer, consisting of AdalN and LADE. The
model development was performed on a computer with a GPU NVIDIA RTX 2080, 10 GB VRAM, and an
8-core CPU with 32 GB DDRA4. The stepwise experimental approach is depicted in Figure 1.
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Figure 1. Experimental approach

The Architecture of DTGAN with adaptive style transfer

The DTGAN architecture is presented in Figure 2. DTGAN primarily comprises two discriminators and a
generator. The generator used in DTGAN has two outputs, i.e., main and support tails, where the two output
tail structures are identical. The main tail eliminates artifacts and noise from the resulting image, while the
support tail produces preliminary anime-stylized images and revises them before using the revised images
as auxiliary labels of the main tail [17]. The blue and green cube-likes illustrate the convolution modules,
consisting of a LReLU activation layer, LADE layer, and a convolutional layer. EA, part of the main tail,
is the external attention module, while VGG19 refers to the pre-trained VGG19 network. Gs1(p) and Gs1(p)
are the two outputs from the support tail, while Gs(p) and Gsi(p) are the unsmoothed and smoothed images,
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respectively. Since the non-parametric differentiable guided filter preserves edge and, at the same time,
retains the image’s global semantic structure, the guided filter was employed to smooth Gso1(p) to obtain
Gsi1(p). To remove noise and visual artifacts on Ggl(p), the fine-grained revision module is used. The
ground truth is the high-quality anime-style images that the module produces, and the primary objective of
the generator is to create the mapping from the input image to the ground truth. The DTGAN with adaptive
transfer style was chosen to ensure that the images produced have the appropriate background anime style
and high quality, similar to Makoto Shinkai’s anime style.
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Figure 2. The architecture of double-tail generative adversarial network (DTGAN) with adaptive style
transfer (P, a, and e represent real-world, anime, and anime images with blurred edges, respectively) [18]

The adaptive style transfer mechanism in this model relies on AdalN and LADE. AdalN is responsible
toward the style integration process (lighting and color) into the background style feature. AdalN utilizes
the style image to produce the normalization parameters (Y and 3), which are then employed to normalize
the content picture. These parameters achieve both style transfer and normalization. Meanwhile, LADE
functions to reduce visual artifacts that can interfere with the style accuracy of the background image. This
effectively helps the model retain the input photo content and obtain results that are similar to the real anime
image. LADE collects global distribution information from its own features by linearly weighting them via
point convolution. As a result, LADE can better understand the feature data distribution and steer clear of
artifacts.

Dataset and data preprocessing

The real-world background image dataset used consisted of 6,656 images of natural scenery (mountains,
rivers, beaches) and urban areas, including buildings. The collected dataset was diverse and of high quality,
and they were taken from the Common Objects in Context (COCO) dataset, which are accessible publicly.
The real-world images were used as the content base for style transfer. These images provide the structural
integrity needed for the model to learn content preservation while adapting to anime styling. Meanwhile,
the Makoto Shinkai anime image dataset used consisted of 1,650 images, where the images were
screenshots of the film Kimi no Nawa (Your Name) taken from Danbooru2020. As the data from
Danbooru2020 is publicly available, no permission is required to the original creator (Makoto Shinkai).
The dataset included a range of anime aesthetics, capturing various color schemes, line art styles, and
textures that are common in anime backgrounds.

To standardize and enhance the dataset for style transfer training, these preprocessing steps were applied
[17]:
a. Image resizing: Each image was resized to 256x256 pixels to match the input size required by the
model. This step helped maintain consistent model performance across different image sources.
b. Data augmentation: Random horizontal flip, rotation, and perspective distortion were conducted
to add variability in orientation, improve the model’s robustness to orientation changes, and make
the model invariant to slight perspective changes, respectively. Augmentation was also done by
applying color jitter to adjust brightness, contrast, saturation, and hue. The data augmentation
supported the model learning to adapt to color variations while maintaining style fidelity.
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c. Normalization: All images were normalized to a range of [-1, 1], suitable for Tanh activation
functions. Normalization is crucial to maintain stability in pixel values, especially during generator
and discriminator updates.

d. Channel alignment for model compatibility: The anime-style and real-world images were
standardized to three RGB channels to ensure compatibility with the VGG model used for feature
extraction and the dual-generator architecture.

Training model

Training was set up using TensorFlow framework, hyperparameters, and loss functions (content, style, and
adversarial losses). The training parameters were batch size of 8, epoch of 100, and learning rate of 0.0001
and 0.0002 for generator and discriminator, respectively (Table 1). Content loss was applied to ensure the
preservation of the real-world image content while style loss was applied to ensure that the style image
produced aligned with the reference style. Meanwhile, adversarial loss was applied to ensure a realistic
image is preserved.

Table 1. Parameter Setting for the Model

Parameter FID score
Batch size 8
Number of epoch 100
Generator learning rate 0.0001
Discriminator learning rate 0.0002

Trainings for background and anime were conducted as follows:

a. Model initialization: Initialized the generator and discriminator.

b. Optimization: Adam optimizer was used to update the model weights.

c. Training loop: A batch of real-world and anime-style images was taken, and then passed through
the generator and discriminator. The loss functions were computed and optimized, followed by
updating the generator and discriminator weights.

d. Iteration: Iterations were performed until the model reached sufficient convergence.

Inference with style user control
This step consisted of the following:

a. User interface implementation: Consisted of the user interface and integration with the model. The
user interface allowed the user to select the desired anime style while the integration with the
model employed user input to set the style parameters in the Al model.

b. Inference process: Features were extracted from the real-world image and the reference style using
the encoder. Then, AdalN was applied to integrate the style features into the content features. The
decoder generated the final anime image that matched the user's chosen style.

Results evaluation
Images generated by the models were evaluated qualitatively and quantitatively as follows:

a. Qualitative analysis: Qualitative analysis was performed through visual comparison, i.e.,
comparing real images, anime-style reference images, and the model-generated outputs in terms
of shape, color, content preservation, and style alignment. This analysis is crucial for assessing
both stylistic accuracy and content preservation [22].

b. Quantitative analysis: Quantitative analysis was conducted by calculating Fréchet Inception
Distance (FID) and peak signal-to-noise ratio (PSNR) score [23, 24]. FID is a widely used metric
for evaluating the quality and realism of images generated by GANSs. It compares the distribution
of features in real anime images with those in generated anime-style images, indicating how
closely the model's outputs resemble the target anime style. FID calculates the Wasserstein-2
distance, also known as Fréchet, between multivariate Gaussians fitted to the Inception-v3 network
embedding space of the generated images and the 'real images' [24]. Based on this, the means and
covariances for both types of data were estimated according to Eq. (1) below:

FID(rg) = | [ — g | 134T (5 + 50+ 2(5 2 50)%) Eq. (1)

Where (ur; Zr) and (Ug; Xg) are the average and covariance of real data and distribution model.
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Since FID has a blind spot in discerning image quality, PSNR, a commonly used parameters to
quantitatively assess image quality, was also utilized [23, 24]. PSNR measures the ratio of signal
peak to noise between two monochrome images | and K. The higher the PSNR (in dB), the better
the quality of the resulting image. The PSNR was calculated using Eq. (2), which related to the
mean-square error (MSE) (Eg. (3)):

2
PSNR(], K) = 10log, 0(%) = 20log, 0 (Max?) — 201log, 0 (MSE,.x) Eqg. (2)
_ _ 2
MSEpx = — X5 x X (1am.n) — K (m, m)) Eq. (3)

Where MAX; is the maximum possible pixel image value and MSE represents the cumulative
squared error between the compressed and the original image

RESULTS AND DISCUSSIONS

Dataset was taken from publicly available resources. The number of real world image datasets (6,656) used
was much higher than the number of anime image datasets (1,650). Data preprocessing, which involved
data augmentation for anime data set, increased the number of anime dataset by four times, reaching 6,600
—<close to the number of real world data images. Having a balance number of database is essential since
imbalance in the dataset number can cause the generator to over-fit the real-world structure and not perform
well in anime style applications, potentially leading to content-style mismatches during training. GANs
trained on imbalanced datasets are prone to mode collapse, where the generator produces limited images
without sufficient diversity [25].

DTGAN was selected in this research because of its advantages in generating anime images from real-
world images [17]. The architecture of DTGAN and the loss functions allow DTGAN to generate coarse-
grained anime images, reduce complex textures, and refine the generated image by removing artifacts and
noise as well as keeping edges clear. In this study, the image results of the developed algorithm were
compared to other advanced algorithms to generate anime-style images, such as AdalN, CartoonGAN,
AnimeGAN, AnimeGANv2, and White-box.

A comparison of the resulting image quality was carried out to determine which algorithm produced the
best image. The Al-generated images are presented in Figure 3. AdalN resulted in the poorest image
qualities with blurred images, unclear edges, and color production that were the least similar to the real-
world images. CartoonGAN, AnimeGAN, and AnimeGANvV2 generated better image qualities than AdalN.
However, the image qualities were still subpar compared to images generated using White-box and
DTGAN with adaptive style transfer as reflected from the color produced. This finding is in line with a
report by [17].

The poor image quality of AdalN and AnimeGAN found in this study has been observed previously.
AnimeGAN was reported unable to apply anime characteristics to the resulting images due to limited
integration of anime-specific knowledge. There was also local color deviation [26]. On the other hand,
AdalN cannot be applied independently to produce quality images [17]. Although AnimeGANv2 was
developed to improve the drawbacks of AnimeGAN, the model still has weaknesses in terms of blurry
details and feathering edges [17]. These drawbacks were also observed in this study. Additionally,
CartoonGAN has the disadvantage of losing the original color content, which in line with the findings of
[27].

Compared to White-box, DTGAN with adaptive style transfer generated better images with precise edges,
actual brightness, authentic colors, and abstract details, as well as minimal artifacts. Although there is a
slight color difference to the actual images, DTGAN with adaptive style transfer had an excellent style
transfer accuracy in terms of photorealistic style and images that were not very focused or detailed, aligning
with Makoto Shinkai style [10].
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Figure 3 I-genérated images with anime style
(The first row of images is the real image photos used as the input images, followed by images generated
from AdalN, CartoonGAN, AnimeGAN, AnimeGANv2, White-box, and DTGAN + AdalN + LAD)

Another set of images was generated to assess whether the models could display the play of light contrast
(Figure 4), which is one of the characteristics of Makoto Shinkai's visual style. Adaln and AnimeGAN
produced the poorest image qualities with distorted shapes, inability to produce straight lines, and lack of
color preservation. AnimeGAN2 produced better object images with anime stylization than Adaln and
AnimeGAN despite its inability to preserve color, as the images tended to generate greyish color. Similarly,
CartoonGAN better preserved the content and color of the image. However, the color of the real images
and photos was still lost. The low image qualities found here further corroborates reports from [17, 24, 25].
Whitebox and DTGAN with adaptive style transfer had the best image quality and stylization, as well as
produced excellent color contrast, aligning with Makoto Shinkai's visual style. Close observations of the
clouds revealed the presence of artifacts on the clouds, indicating that further optimization is needed.
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(The first row of images is the real image photos used as the input images, followed by images generated
by AdalN, CartoonGAN, AnimeGAN, AnimeGANv2, White-box, and DTGAN + AdalN + LADE)
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Figure 5 shows a direct comparison between real-world, DTGAN with adaptive style transfer mechanism,
and Makoto Shinkai images. DTGAN with adaptive style transfer mechanism effectively conserved the
content of the real-world images including buildings, stairs, plants, trellises, power lines, sky, and shadows.
The only aspect that was slightly different between the two images was that the natural lighting of DTGAN
is similar to that of anime's. Although there were differences of the objects in the Makoto Shinkai anime
compared to the other images, it was clear that DTGAN with adaptive style transfer mechanism successfully
implemented Makoto Shinkai's style. This can be observed from the similar depiction of buildings, stairs,
and plants between the two, which in accordance with Makoto Shinkai's photorealistic style. This is the
first study that reported image comparison between the results of GAN algorithm with Makoto's style
images.

DT
transfer mechanism (center), and Makoto Shinkai images (right)

Image assessment was also conducted quantitatively using FID and PSNR to avoid bias from human
observation. The FID method has been widely used because of its consistency with human inspection and
sensitivity to small changes in images' actual distribution [24]. Specifically, FID measures density
differences between two distributions in the high dimensional feature space of an Inception Net [28]. This
metric has excellent ability to discriminate and, at the same time, has good computational efficiency and
robustness [29]. The FID value obtained using only DTGAN (without Adaln and LADE) was 44.1 (Table
2). This value was lower than the FID values of CartoonGAN, AnimeGAN, AnimeGANv2, and White-box
(Table 2), indicating that only DTGAN produced better images. More interestingly, when DTGAN was
combined with AdalN + LADE, the FID value improved, reaching 38.7. This result shows that the image
generated by DTGAN + AdalN + LADE (DTGAN with adaptive style transfer) outperformed the other
methods, as it achieved the lowest FID [30]. Despite its advantages in assessing images, FID lacks the
ability to evaluate image quality effectively [24]. As a result, PSNR was utilized to mitigate FID's
drawback. Similar to FID, PSNR has been widely used as a quantitative parameter, providing a classical
pixel-wise fidelity metric, where higher PSNR indicates lower reconstruction error [23]. White-box had the
lowest PSNR value, followed by CartoonGAN and animeGAN. Although the white-box generated images
that were decent, the low value of PSNR indicates that the noise is high and interferes with the image
reconstruction. This contradictory result may occur since PSNR mainly focuses on pixel-level differences
and may not fully reflect the perceived visual quality of the image [31]. Although PSNR has weaknesses,
it remains commonly used because of its meaningful insight and simplicity [31]. AnimeGANv2 exhibited
a higher PSNR value than AnimeGAN, further confirming the improvement of AnimeGANv2 over its
predecessor [17]. DTGAN without AdalN + LADE had a similar PSNR value to AnimeGANvV2, indicating
similar image reconstruction capability. DTGAN with adaptive style transfer achieved the highest PSNR
value of 19.4, indicating better image quality compared to the other methods. This also demonstrates that
DTGAN with adaptive style transfer is capable of reducing noise in the input image. However, the PSNR
value is slightly below the standard value of PSNR (20-25 dB) [30], suggesting that method still requires
optimization. Overall, the FID and PSNR values in this experiment align with the findings from [17], who
also reported that the images generated by DTGAN had the best quality when compared to other state-of-
the-art modeling, such as CartoonGAN, AnimeGAN, and White-box in animation production, with FID
value of 40.7. They also reported that DTGAN could maintain the color and brightness of the input image
and display clear edges. In addition, DTGAN in that study had the best KID value of 1.5, indicating that
DTGAN produces images that are most similar to anime images. The superiority of DTGAN + AdalN +
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LADE compared to other methods in generating animated photos highlights the usefulness of this method
in anime image production.

Table 2. FID and PSNR Scores of Al-Generated Images

No.  Method FID Score  PSNR Score (dB)
1 DTGAN only 44.1 18.1

2 CartoonGAN 65.2 16.3

3 AnimeGAN 59.8 17.2

4 AnimeGANv2 51.6 18

5 White-box 78.3 155

6 DTGAN + AdaIN + LADE  38.7 19.4

DTGAN has a generator with two outputs: (a) main tail, which refines the resulting image by removing
artifacts and noise, and (b) support tail, which produces a coarse-grained anime image. In order to facilitate
the main tail's learning process, support tail functions generate and edit preliminary anime-styled images
before employing the updated images as auxiliary labels. On the other hand, the supporting tail helps the
main tail create the final anime-styled image. In the end, the support tail is considered only as an accessory
employed in training by the main tail since the support tail is discarded following training completion [18].

AdalN utilizes the style image to produce the normalization parameters (Y and ), which are then employed
to normalize the content picture. These parameters achieve both style transfer and normalization. In
contradiction, LADE generates the normalization parameters from the content image. That being said, the
style image is not involved in the normalization process. As a result, LADE is simply utilized to execute
the adaptive normalization operation. Therefore, LADE is classified as an internal normalization approach
since the normalization parameters provided by the content image are employed to normalize it. Adaln, on
the other hand, is classified as an external normalization method as the normalization parameters provided
by the style image are used to normalize the content image. Furthermore, the use of LADE allows for the
global data distribution obtainment from all channels, so the distribution can be used to direct the instance
normalization from AdalN. Hence, LADE evades the artifacts produced by Adaln in the resulting images.
All in all, DTGAN with adaptive style transfer can generate high-quality background images with anime
stylization, which is suitable for Makoto Shinkai's stylization.

Although the research results show the advantages of the DTGAN with adaptive style transfer compared to
other methods, there are still shortcomings of this approach, where the algorithm requires large
computation. In terms of image results, the light contrast still does not fully resemble the style of Makoto
Shinkai. Hence, further investigation is required. In addition, there are still some difficulties if this method
is applied to higher image resolutions. To overcome this, additional research is needed to increase inference
speed and reduce model complexity.

CONCLUSION

The present study demonstrates that DTGAN with adaptive style transfer using AdalN + LADE
outperforms other methods. The use of AdalN is intended to transfer the style features of the style image
to the content image using normalization, and LADE eliminates the artifacts produced by Adaln, allowing
the production of better-quality background images with Makoto Shinkai stylization. Our results contribute
to the development of anime-style production, which usually takes time and requires hand-crafted expertise.
With the creation of an algorithm that produces quality anime background images, the production of high-
quality anime images that matches the intended style is possible. Furthermore, the algorithm can be applied
in artmaking or films and further enriches research related to generative models.
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