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ABSTRACT 
With the continuous development and popularization of the animation field, animation style products 
have received more and more attention, and the traditional style migration algorithm can no longer 
meet people's needs. In this paper, after researching the style principle of convolutional neural 
network and generative adversarial network, we propose an improved image style conversion 
algorithm based on convolutional neural network, introducing depth-separable convolution and 
cross-layer connection method to realize the information fusion of low-layer convolution and high-
layer convolution, and at the same time, combining four different functions for the fitting of loss 
function. The proposed method in this paper is trained and validated on Facades dataset, Monet2photo 
dataset, Summer2winter dataset and Apple2orange dataset, and the quantitative experimental results 
show that the MOS value of the proposed method in this paper is improved on average compared with 
CycleGAN and StarGAN by about 12.67% and 52.93%, thus it can be concluded that the method 
proposed in this paper effectively improves the overall texture details and style quality of image style 
transformation in animation design. 

Keywords: convolutional neural network, generative adversarial network, image style transformation, 
animation design 
 

1. Introduction 

Animation is a visual art, it is relying on the strong visual expression to attract the attention of the 
audience, and the image style in animation design is the key means to truly express its audiovisual 
characteristics [1-2]. The term style has different points in different literary works. Generally speaking, 
in animation works, style contains double meanings, which is not only the sensory style from the 
perspective of audiovisual language, but also the directing style and plot style that combines narrative 
techniques and directing skills [3-5]. Audio-visual language style and plot style play an equally 
important role, and it can be said that the plot, characters, art design, camera editing, and any other 
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work categories have their own style positioning [6-8]. And it is these elements that make up an 
animation work together to make up the overall style of the animation, so that the animation as a whole 
presents a representative and unique look. 

In recent years, art style drama animation ϐilms have thus attracted widespread attention in society. 
The production of artistic animation requires artists to draw huge amounts of artworks, which are 
then stitched together to ultimately present a beautiful work [9-11]. Image style transformation using 
the ϐield of deep learning can convert realistic style images into images of different artists' styles, which 
can save a lot of human and material resources in the process of animation design and reduce the 
pressure of art creation [12-15]. Image style transformation is also called image stylized rendering, 
the core principle of image style transformation is to use algorithms to learn the style of the target 
image ϐirst, get the pre-training model after the training is completed, and then input the image that 
needs to be converted, and the style of the input image will be converted to the target image style [16-
18]. The essence is to separate the content and style features of the image, for different image content 
and features are reorganized to get the desired target [19-21]. Therefore, this paper investigates some 
advanced methods developed in the ϐield of image style conversion, aiming to achieve clear and 
realistic image style conversion results. 

Image style transformation techniques have been widely used in the ϐield of animation design. He, J. 
emphasized the importance of motion style migration in the ϐield of animation design for generating 
realistic and dynamic human animations, which can automatically create realistic motion samples 
from existing motion data, replacing the manual creation process in traditional animation design, 
while the introduction of deep learning algorithms allows the method to thoroughly and accurately 
generate motion sequences [22]. Kim, S. explored the potential of neural style migration techniques in 
animated ϐilmmaking, where style migration networks innovate production methods for the animation 
design process and also provide the impetus to create images with unique aesthetics, contributing to 
the development of contemporary animation aesthetics [23]. Liu, D. S. M. et al. described the 
complexity of artiϐicial image style migration by introducing the production process of the dynamic 
artwork “Qingming Shanghe Tu”, while the automated animation generation method with style 
migration technology can quickly achieve the effect of animation synthesis and reduce the repetitive 
work of animation design while maintaining a consistent painting style [24]. Wang, R. pointed out that 
there are a lot of repetitive manual operations in the current image style transformation process in the 
process of art creation and animation creation, while the image style migration method based on the 
deep learning framework is able to purchase the extraction of style features in the images and realize 
the automatic transformation of styles between images [25]. 

The distribution of special effects is an important factor in measuring the visual effect of animation 
works, and image style migration based on deep learning and artiϐicial intelligence technology not only 
perfectly presents the creator's sense of thinking, but also greatly reduces the cost and improves the 
work efϐiciency. Fan, X. discusses the practical value of deep learning framework based on the 
convolutional neural network model VGG19 in the design of animation pattern special effects, which 
shows that the image style migration algorithm can produce unique animation special effects artistic 
effects, thus providing new ideas and contexts for animation pattern special effects design [26]. Li, S. 
evaluated the effect of animation effects design based on AI style migration algorithm, and the 
experiments showed that AI style migration algorithm is widely used in the ϐield of 3D animation and 
computer graphic design, and most of the users are satisϐied with its animation effects design [27]. 
While style migration for video animation requires animators to convert the style of an image frame 
by frame and subsequently generate a complete video sequence, deep learning image migration 
methods reduce the duplication of labor in the process, effectively easing the pressure on creators. 
Ruder, M. et al. proposed two image style migration methods for video sequences, one is to introduce 
a new initialization method and loss function into the original image style migration technique based 
on energy minimization, and the other is to construct a deep network architecture and training 
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procedure, and both methods are able to generate consistent and stable stylized video sequences [28]. 
Yang, S. et al. described a dynamic migration method for artistic text styles, which uses a bidirectional 
shape-matching framework to construct shape mappings of multi-scale symbolic styles to migrate the 
appearance and motion styles of the video content to the target text in order to create high-quality, 
controllable artistic text animations [29]. In addition, there are many types of animation creation 
forms, such as sketching, portrait drawing, cartoon drawing, and ink drawing, etc., which require image 
style migration technology to assist the creation due to the complicated production process, and deep 
learning technology signiϐicantly improves the performance of image style conversion. Zhang, L. et al. 
investigated a speciϐic style migration task in anime sketch images by combining residual U-net and 
auxiliary classiϐier generative adversarial network (AC-GAN) to migrate the style of the content images 
into grayscale sketches, which is automated, fast and generates high quality [30]. Song, G. et al. showed 
that the art form of portraiture has evolved from a realist style to a creative style, based on which a 
reverse consistent migration learning framework, AgileGAN, is proposed, which captures attribute-
dependent stylization of face features and achieves good performance in datasets such as 3D cartoons 
and comics [31]. Zhang, Z. et al. used a variational autoencoder to dynamically encode the style 
information of a speciϐic cartoon image to complete the process of projecting the style features of the 
image to the content features, and further introduced the cartoon contrast learning loss to realize the 
scaled image style migration [32]. Xi, H. et al. outlined the creative idea of realizing the effect of ink 
animation in the style migration of animated images, and provided technical support and thinking 
innovation for the practice from the art of ink animation through the work of algorithm design, model 
optimization and parameter adjustment, providing technical support and thinking innovation for the 
practice from ink animation art [33]. 

The article ϐirstly introduces the commonly used VGG structural model for style migration using 
convolutional neural networks, and how to extract features for content representation and style 
representation using VGG networks. Then, it conducts related research on generative adversarial 
networks, and then, it thoroughly describes the image style transformation algorithm based on 
convolutional neural networks and generative adversarial networks. On the conception of cross-layer 
connected generator network, the original encoder is replaced by depth-separable convolution, which 
enables the generator to adaptively learn features with different resolutions and speed up the iteration 
speed. On the conception of the loss function, the design and optimization of the loss function is 
combined with four different loss functions. Finally, the algorithm proposed in this paper is trained 
and validated on multiple datasets, and a variety of classical style migration algorithms are used for 
comparison experiments, and the subjective qualitative comparison and objective quantitative 
comparison results verify the superiority of this paper's algorithm in the style migration task. At the 
same time, the algorithm of this paper is subjected to performance test experiments and qualitative 
style migration experiments. 

2. Method 

2.1. Principles of style migration based on convolutional neural networks 

2.1.1. VGG network structure. The structure of the VGG network is shown in Fig. 1.The VGG network 
has 5 convolutional segments, each with 2-3 convolutional layers, and a maximum pooling layer is 
attached to the end of each segment to reduce the image size. Each segment has the same number of 
convolutional kernels within it, with the number of kernels increasing the further back you go, with 
VGG16 and VGG19 being the most commonly used. The structure are multiple identical 3x3 
convolutional layers stacked on top of each other to show that two 3x3 convolutions in tandem have 
the same receptive ϐield as a 5x5 convolution, while three 3x3 convolutions in tandem have the same 
receptive ϐield as a 7x7 convolution, and this way of designing the structure reduces the number of 
learning parameters, reduces overϐitting, and allows the network to learn the features better, which 
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makes the selection of the VGG network structure to do feature extraction for style migration has a 
good advantage. 
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Fig. 1. VGG network structure diagram 

2.1.2. Content characterization. In the study of VGG network structure, it was found that the 
complexity of the nonlinear ϐilter banks in each layer of the network increases with the depth of the 
network. For an input image x


, its feature information will be calculated by the activation function in 

each layer of the network, if there are iN  different ϐilters in one layer, then iN  feature maps of iM 
size will be obtained by the ϐiltering operation, iM indicates the feature map size size, so the content 
feature representation in layer L   can be expressed as matrix iNL

iF R M    [34]. In order to 
visualize the feature information obtained from the input image in the different layers of the VGG 
network, a white noise image is optimized by continuous iteration to generate a new image that wants 
to match the feature information of the original image, the content reconstruction maps and the style 
reconstruction maps of the different layers are shown in Fig. 2. 
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Fig. 2. Different layers of content reconstruction and style reconstruction 

From the ϐigure, it can be seen that the reconstruction result of the content image will become more 
abstract and blurred as the depth of the network deepens, and the content reconstruction result of the 
lower layers will be clearer, and the texture will be preserved maximally. Assuming that the input 
image is x


 and the reconstructed image is p


, its content reconstruction loss can be expressed as: 

    2

,

1
, ,

2
L L

content ij ij
i j

Loss p x L F p  
 (1) 

where L
ijF  denotes the activation value of the i rd convolutional kernel in layer L  at position j . 

Since the equation is derivable everywhere, the partial derivatives can be expressed by continuously 
optimizing the parameters through backpropagation: 
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Since the feature information of the lower layers of the network can better reconstruct the content 
of the image, the feature information of the lower layers of the network can be used as a feature 
representation of the content of the image. 

2.1.3. Stylistic characterization. The feature representation of style is different from the content 
feature representation that uses the values of the feature map directly. Style is something more 
abstract, style features as the network layers deepen, its reconstruction results can be more rich 
expression of the abstract style of the image, it does not only depend on the individual convolution 
kernel output feature information, but also the correlation of different convolution kernel convolution 
operation results of the composition, and thus expected to express the spatial extension of the style 
information, the correlation of these information has a transformation of the Gram  matrix 

LNL
LG R N   representation, where L

ijG  represents the The inner product between the i th feature 

map and the j th feature map of layer L  is represented by the following equation: 

 
L L L
ij ik ik

k

G F F  (3) 
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A multiscale representation of an input image can be obtained by covariance correlation containing 
feature information from multiple layers of the network, which captures only the texture information 
of the image and not its global information [35]. By reconstructing a given input image matching the 
stylistic representation, one can visualize the stylistic representation information extracted at 
different layers of the network. Again using the white noise image as a template, constant optimization 
iterations are used for loss reduction purpose by minimizing the mean square error between the Gram 
matrix of the input image and the Gram matrix of the generated image. 

Suppose a


  is the input image and LA   is its stylized representation on layer L  . x


  is the 
generated image and LG  is its stylized representation on layer L , then the overall stylistic loss on 
layer L  can be expressed as: 

  2

2 2
,

1

4
L L

L ij ij
i jL L

E G A
N M

   (4) 

Then the total style loss can be expressed as: 

  
,

( , )
L

style L L
i j

Loss a x E 
 (5) 

where L  denotes the weight factor of each layer for the total loss. 

2.1.4. Style transformation. In order to migrate the style representation of the style image to the 
content representation of the content image, we need to minimize the minimum distance between the 
white noise image of the content feature representation in the lower layers of the convolutional neural 
network and the style feature representation of the style image in the multiple layers of the 
convolutional neural network. 

A style image a goes through the whole over network and its computation in each layer is stored. 
Content image p  passes through the whole over network and its content expression Lp  in layer 4 
is stored, a random white noise image x passes through the whole over network and its style features 

LG  content features LF  are computed, and once in each layer of the style expression the mean square 
error between LG  and LA  is computed as a style loss metric while the mean square error between 

LF  and Lp  is computed as a content loss metric, the global Total Loss stotalLos  is a linear connection 
between content loss and style loss, and its total loss formula is expressed as follows: 

      , , , ,total content styleLoss p a x Loss p x Loss a x  
      

 (6) 

Where   and   denote the content and style weight factors. Its inverse to the pixel value can be 
used as the direction of backpropagation, and the optimization method of gradient descent is used to 
continuously update the image x until the generated image matches both the style image features 
and the content image features. 

Although this method can express the effect of style migration well, it requires a large number of 
iterative computations each time the image is generated, which reduces the practicality and 
application effectiveness of the algorithm and also requires a large amount of computational resources. 

2.2. Generating Adversarial Networks 

1) GAN. The source of Generative Adversarial Networks is actually the idea of Azero-sum game in 
GameTheory, and to extend this idea to deep learning, especially neural networks, it is in fact through 
the repeated confrontation and supervision of two neural networks (generative network and 
discriminative network) in the training process, so that the generative network learns the distribution 
of data that exists in the real world, and ultimately, it reaches the Nash equilibrium in game theory. 
Corresponding to the game theory is to achieve the Nash equilibrium. The generative adversarial 
network is formulated as follows: 
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2) W-GAN. In generative adversarial network, the original generative adversarial network using JS 
scatter as the optimization function does not reasonably evaluate the distance between the generated 
false data distribution and the real data distribution. So the main difference between it and the original 
GAN is that, in terms of loss function, W-GAN uses Wasserstein distance instead of JS scatter for 
optimizing the generative adversarial network that needs to be trained, so as to alleviate the problem 
of unstable training of generative adversarial network. 

For the true distribution rp  and model distribution p , their 1st-Wasserstein distance is: 

  
 

1
( , )~

~ ,
, inf

r
r x y

p p
W p p E x y


  

     (8) 

where  ,rp p   is the set of all possible joint distributions whose marginal distributions are rp  
and p . 

When two distributions do not overlap, or overlap very little, the KL scatter between them is positive 
inϐinity. At this point the JS scatter is log 2 , a value that does not vary with the distance between the 
two distributions. However, the 1st-Wasserstein distance can still be used at this point to evaluate the 
distance between the two distributions that do not overlap. 
3) Pix2Pix and CycleGAN. The most prominent revelation that Pix2Pix plays on the research of 
generative adversarial networks lies in the fact that a uniϐied framework is proposed to solve the image 
transformation problem. 

This framework establishes a direct mapping of inputs to outputs in the network, making the overall 
network framework appear very simple and elegant. However, doing this directly brings about one of 
the most signiϐicant problems in the image generation task, i.e., unclear quality of the generated images. 
Therefore, Pix2Pix introduces the content of conditional in CGAN in the loss, taking an image as a 
condition, which is speciϐically manifested in the network as LlLoss with increased output and labeling 
information, which is used to constrain the difference between the generated image and the real image. 
The ϐinal Loss function formula for the Pix2Pix network is as follows: 

 *
1argmin max ( , ) ( )G D cGAN LG L G D L G   (9) 

CycleGAN, as the successor of Pix2Pix, its biggest contribution is to solve the previous network's 
input images must be pairs of shortcomings, its unique network architecture makes the network can 
be in any two sets of images in the style of mutual conversion. The CycleGAN structure is shown in 
Figure 3. 

The goal accomplished by CycleGAN is to get a machine to learn the way to get from source data 
domain X   to target data domain Y   in the absence of paired data. It uses an Adversarial Loss 
Function to learn to map the generative network :G X Y , making it difϐicult for the discriminator 
to differentiate between the image ( )G X  and the real image Y . Because of not being paired data, 
the mapping that the network is trying to ϐit in training is drastically limited, so CycleGAN, as depicted 
in the name, adds an exact opposite mapping :F Y X   to the mapping G   of the generative 
network to artiϐicially making the data into pairs, while adding a cyclic consistency loss to the original 

Loss function to ensure  ( )F G X X  (and vice versa). 
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Fig. 3. CycleGAN chart 

There are two most important points in the implementation of Cycle GAN. The ϐirst one is the double 
discriminator, two distributions X  and Y , generators G  and F  are maps from X  to Y  and 
Y   to X   respectively, and two discriminators Dx   and D y   can discriminate the converted 
images. The second point is cycle-consistency loss, i.e., coordination consistency loss, the reason for 
using other maps in the dataset to test the generator is to prevent G and F from overϐitting, e.g., if you 
want to transform a picture of a puppy into Van Gogh's style in an experiment, if there is no cycle-
consistencyloss, the generator may produce a real Van Gogh painting to fool the discriminator Dx  
and thus ignore the input puppy. The formula for cycle-consistency loss is as follows: 

 
( , , , ) ( , , , )

( , , , ) ( , )
GAN

GAN cyc

L G F Dx Dy L G Dy X Y

L F Dx Y X L G F


   (10) 

2.3. Image style transformation algorithm based on improved generative adversarial network 

2.3.1. Overview of the model structure. The DMI-GAN model mainly considers the statistical laws of 
the data and the correlation between the features. The correlation refers to the distribution laws of 
the data of different styles of images and their correlation in different feature dimensions. The 
distribution pattern of these data and their correlations in different feature dimensions have a decisive 
impact on the training of the algorithm and the quality of the results. If one wants to convert an image 
into another style, there needs to be enough sample data to learn the differences and similarities 
between the two styles. Statistical patterns and correlations between features in these sample data 
can help the model to recognize which features are relevant to the styles and thus perform the style 
conversion operation better. 

2.3.2. Generator network structure. The input and output of the generator network structure are 
three-dimensional tensors of size 256 × 256 × 3. The encoder employs a number of depth-separable 
convolutional combining layers, where m = 8, for a total of eight layers, and the ϐinal output is a one-
dimensional vector. The size of the convolution kernel is 5 × 5 with a step size of 2, and downsampling 
is performed after each layer of convolution operation. After the encoder layer, the decoding is 
performed, using multiple reverse convolution Batch-Normalization-PReLU combination layers, 
repeating the 5×5 reverse convolution operation for a total of eight layers, which is the reverse process 
of the encoder, gradually recovering the image size by up-sampling, doubling the length and width of 
the image with each layer, and ultimately outputting an image of size 256×256×3. The model uses a 
combination of inverse convolution, batch normalization and PReLU activation functions as the eight 
layers of the decoder [36]. The network employs a left-right symmetric structure, where the main role 
of the convolutional operation on the left side is to perform feature extraction from the input image by 
means of different convolutional kernels. Based on this, the feature maps are normalized by the Batch 
Normalization layer, while the nonlinear transformations are performed by the ReLU activation 
function to enhance the expressive power of the model. In the design, the depth-separable 
convolutional layer, the Batch Normalization layer and the ReLU activation function are regarded as a 
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whole module and are denoted as one layer, which reduces the number of network layers, reduces the 
number of parameters, and improves the computational efϐiciency. 
1) Depth separable convolution. In order to improve the training speed and reduce the amount of 
operations, the depth separable convolution generator ϐirst performs depth separable convolution 
operations on each channel, sets the number of output channels of each single channel to 1, and 
sequentially performs convolution operations on these channels to obtain N feature maps with 
channel 1. These N feature maps are then spliced to form a feature map with N channels. Finally, a 
point-by-point convolution of size 1 × 1 is used to perform feature fusion on the spliced feature maps, 
and the ϐinal result is output. Unlike grouped convolution, which performs only a single convolution 
and directly splices the output, depth-separable convolution performs two convolution operations and 
takes into account both the region and channel information of the image, and thus is able to more fully 
extract defect feature information. In contrast, the ordinary convolution used for grouped convolution 
is computationally high, leading to the problem of the model having an excessive amount of 
parameters. 

Suppose the Size of the input feature map is k kD D M   and the Size of the convolution kernel is 

F FD D M   and the number of them is N . For a single ordinary convolution, its total computation 

can be expressed as equation (11): 

 k k F FD D D D M     (11) 

If there is N   convolution, the total computation of ordinary convolution can be expressed as 
equation (12): 

 k k F FD D D D M N      (12) 

The total computation of the depth separable convolution can be expressed as equation (13): 

 k k F F k kD D D D M N M D D         (13) 

The ratio of the total computational effort of the deep separable convolution to the normal 
convolution can be expressed as equation (14): 

 2

1 1

FN D
  (14) 

2) Cross-layer connectivity generator. In order to realize the sharing of a large amount of information 
between inputs and outputs in image conversion, as well as to transfer the information directly in the 
network, this paper introduces the cross-layer connectivity mechanism to design the generator model 
G. The cross-layer connectivity mechanism, by allowing the current layer to inherit the feature maps 
of the previous layer, can enable the network to directly utilize the information between the inputs and 
outputs for conversion processing. 

2.3.3. Discriminator network structure: 
1) Full domain convolution. In order to ensure the quality of the generated image, the accuracy of the 
discriminator directly affects the image generation. For this reason, this paper uses full domain 
convolution to evaluate the performance of the generator to generate images. The determination 
network uses the whole image input to the discriminator for determination, and the network structure 
is designed through the discriminator network to achieve this purpose. The ϐinal output of the 
discriminator is a one dimensional vector [37]. To realize this process, the network uses a multilayer 
downsampling technique and a discriminator layer is added to the last layer. 
2) Multi-scale discriminator. The use of multi-scale discriminators avoids overϐitting as well as reduces 
the memory footprint compared to operations that increase the depth of the network or expand the 
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convolutional kernel. In this paper, we use three different discriminators 1D  , 2D   and 3D  
respectively, including several downsampling layers and an output classiϐication layer. 

2.3.4. Loss function design and analysis. In this paper, four loss functions are used: the WGAN loss, 
the 1L  loss, the mutual information loss, and the FM loss.The loss function of WGAN-div is based on 
the method of approximation of Wasserstein distances between probability distributions, and the 
upper bound of the distances is obtained by calculating the covariance of the segmented linear 
functions of the respective negative integrals, which is used as the discriminator loss function.The 
WGAN-div min-max optimization The speciϐic deϐinition of the problem can be expressed as Eq. (15), 
where z  denotes random noise, x denotes real data, x̂ denotes sampling of a linear combination 
of real and generated data, D   denotes the discriminator, and G   denotes the generator. In the 
original GAN D   reaches the optimal state before G  , which causes G   the optimization to slow 
down or stagnate, and the generative distribution gP  is difϐicult to ϐit to the real distribution dataP , 
whereas the WGAN-div makes the G   and D   updates smoother by introducing the Wasserstein 
scatter. 

   ˆ( )~ ~ ˆ( ( )) [ ( )] ( )
x r x

pE E
WGAN G z P x P x P xloss D G z x D x k D x 

       (15) 

Thus the WGAN optimization problem can be expressed as Eq. (16): 
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min max ,WGAN kG D D D
k
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
  (16) 

The task of generator G   is to learn the mapping from input image x  to target image y  , i.e., 
:G x y . By optimizing the parameters of generator G , the generated image is made to be as close 

as possible to the real target image such that it is difϐicult to distinguish the real from the fake. The task 
of the discriminator D , on the other hand, is to distinguish the generated image from the real image 
as accurately as possible. The performance and effectiveness of this framework can be further 
improved by pix2pix by performing network optimization on Eq. (17). 

  1argmin maxG D GAN Lloss loss  (17) 

where GANloss  is the GAN loss function and 1Lloss  is the 1L  loss.   is the adjustable parameter. 

The GANloss  deϐinition can be expressed as equation (18): 

         ~ ~log ( ) log 1 ( )GAN y pdata y x pdata xloss E D y E D G x      (18) 

1Lloss  deϐinition can be expressed as equation (19): 

 1 , 1  pata ( , ) 1
loss ( )L x p x yE y G x       (19) 

In order to enhance the correlation between the generated and target images, this paper introduces 
the FM loss from the pix2pixHD algorithm to further limit the performance of the discriminator. This 
loss function calculates the disparity by extracting and summarizing the features output from each 
layer of the discriminator, learning and matching the shared features between the real and generated 

images. In this case, the features extracted by layer i   discriminator kD   are denoted as ( )i
kD  . 

Subsequently, the FM loss  ,FM kL G D  is computed according to Eq. (20). 

   ( ) ( )
( , ) 1

1

1
, ( , ) ( , ( ))

T
i i

Fy k x y k k
k

loss G D E D x y D x G x
N

     (20) 

where T  is the total number of discriminator layers, iN  indicates the number of elements in each 
layer of the layer. 
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( ; )I X Y  measures the random variable Y  about the random variable X  and Y  overlap part 
of the data distribution, ( ; )I X Y  is the mutual information between X  and Y , by observing the 
mutual information of the implied coding and generating distributions, so that the implied coding and 
generating distributions mutual information regularization, mutual information is essentially the 
difference between the two information entropy, so that the generating distributions are more quickly 
leaning to the real distribution, mutual information speciϐic deϐinition can be expressed as equation 
(21): 

 ( ; ) ( ) ( | ) ( ) ( | )I X Y H X H X Y H Y H Y X     (21) 

( | )H X Y   and ( | )H Y X   denote the entropy of the posterior distribution, ( )H X   and ( )H X  
denote the entropy of the prior distribution, assuming that X  and Y  are independent of each other, 
then ( ; )I X Y , and vice versa X  and Y  can be related by an invertible law, which results in the 
maximum mutual information. Mutual information combined with Wasserstein scatter, the 
introduction of mutual information discrimination results as a regulatory parameter, the closer the 
hidden variables are to the real image the higher the weight can be obtained, 1  and 2  with the 
increase in the learning rate increases, combined with the formula to obtain the DMI loss function, the 
loss function can be expressed as equation (22): 
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3. Results and discussion 

3.1. Evaluation of the effect of image style transformation in animation design 

3.1.1. Introduction to evaluation indicators. This section focuses on using the objective MS-SSIM 
evaluation metric with the subjective Mean Opinion Score (MOS) as an evaluation criterion for the 
quality of image generation in animation design.MS-SSIM is a multiscale structural similarity metric, 
which is a multiscale version of the SSIM metric, with scores ranging from 0 to 1. The larger the result, 
the greater the similarity between the two images. The process of calculating the MS-SSIM score 
involves scaling the two input images from small to large and calculating the similarity between the 
multiscale images. First, the images are scaled according to the image scaling factor M. The width and 
height are reduced by a factor of 21M-. When M=1, it indicates the original image size. When M=2, it 
indicates that the original image is reduced by half, and so on. After that, same as SSIM, the brightness 
(mean), color contrast (variance) and structure (covariance) of the image are calculated, and the 
formulas for the three features are shown below. 
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Where ( , )l x y  represents the luminance feature of the image, ( , )c x y  represents the color contrast 
feature of the image, and ( , )s x y  represents the structural feature of the image. x  and y  denote 
the mean of x  and y   respectively, x   and y   denote the variance of x  and y   respectively, 

xy  denotes the covariance of x and y , and 1C , 2C , and 3C  are constants. Finally the MS-SSIM 



4478 WANG AND WON-JOON 

 

scores under multi-scale images are calculated by cumulatively multiplying the variance and 
covariance of the two images in each scale as in the following equation: 

  
1

( , ) ( , ) ( , ) ( , )
j jM

M

M j j
j

MS SSIM x y l x y c x y s x y
 



           (26) 

where ( , )jc x y  and ( , )js x y  represent the contrast as well as structural information of the image at 

the jrd scale, respectively, and ( , )Ml x y  represents the luminance information at the M th scale. 

Mean Subjective Score Experiment (MOS) is a visual evaluation experiment based entirely on human 
subjectivity, and the whole experiment is conducted by 10 researchers in the direction of image quality 
related to the subjective evaluation of the results of each method. Before implementing the visual 
evaluation experiments in this section, 50 images in X-domain and Y-domain from each of the four 
datasets are ϐirst randomly selected as the test set, and input DiscoGAN, CycleGAN, and StarGAN with 
the methods in this paper to generate the corresponding result images. The target domain images are 
then shown to the testers to ensure that the 10 testers have some understanding of the basic target 
domain style, after which the generated results are shown one by one in sequence, with the testers not 
knowing which method the presented images belong to, and scoring each image. The scores range 
from 0 to 5, where 0 indicates the worst quality and 5 the best quality (closest to the target domain 
image style while preserving the source domain image features). Finally, each method is summed and 
averaged based on the image scores in each domain of the dataset to obtain the subjective image 
quality score of each method on each dataset. The speciϐic formula for calculating the score is shown 
below. 

 1

1

k

i i
i
k

i
i

N S
MOS

N









 (27) 

In the above formula, k  denotes the rating of the image to be tested, iS  denotes the evaluation 
score corresponding to each rating, and iN  denotes the total number of people with each evaluation 
score. 

3.1.2. Comparison and analysis of evaluation indicator results. Comparison of MS-SSIM values for 
each method is shown in Table 1. Here in this section the results are evaluated using the referenced 
evaluation metric MS-SSIM, which calculates the structural consistency of the input image from a 
multi-scale perspective. In order to verify the correlation between the generated results and the styles 
of the source and target domains, this section uses interpolation metrics to compute the evaluation 
metrics in a comprehensive way. From the results of MS-SSIM metrics on the four datasets, it can be 
concluded that the method in this chapter has an average improvement of 8.53%, 14.34%, and 22.88% 
over CycleGAN, StarGAN, and DiscoGAN, respectively, and the method in this paper has the best metrics 
results. The quantitative results of Facades dataset are analyzed here. Since the MS-SSIM metric 
calculates the similarity from the brightness, color and structure of the image, and the results of 
training and validation using Facades dataset, only the structural feature locations have some 
similarity between the generated result map and the input map, while the overall texture features and 
color information are not similar, so the The results of the metrics are low. 

Table 1. Comparison of MS-SSIM values of all parties 

Data set Style direction DiscoGAN StarGAN CycleGAN Ours 

Facades 
Source domain->Target 

domain 
0.2304 0.2368 0.212 0.2714 
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Target domain-> Source 

domain 
0.2716 0.2092 0.2555 0.2754 

Monet2photo 

Source domain->Target 

domain 
0.5327 0.7798 0.7455 0.8423 

Target domain-> Source 

domain 
0.5744 0.8554 0.8722 0.9451 

Apple2orange 

 

Source domain->Target 

domain 
0.7254 0.7852 0.7854 0.8123 

Target domain-> Source 

domain 
0.6986 0.7964 0.7919 0.821 

Summer2winter 

Source domain->Target 

domain 
0.6729 0.8135 0.9582 0.9757 

Target domain-> Source 

domain 
0.6395 0.7834 0.9469 0.9676 

Meanwhile, this section uses the subjective opinion score metric, i.e., Mean Opinion Score (MOS), 
to support the validity of the experiment, which is the most representative subjective evaluation 
method of image quality, and judges the image quality by the evaluation score of the observer. The 
Mean Opinion Score (MOS) of each method is shown in Table 2, and the MOS value of this paper's 
method is improved by about 12.67% and 52.93% on average compared to CycleGAN and StarGAN, 
respectively. The ϐinal subjective mean opinion score proves that the method of this paper effectively 
improves the quality and visualization of image style conversion. 

Table 2. Average opinion score(MOS) 

Data set Style direction DiscoGAN StarGAN CycleGAN Ours 

Facades 

 

Source domain->Target 

domain 
0.78 3.02 4.08 4.59 

Target domain-> Source 

domain 
0.84 2.96 4.2 4.72 

Monet2photo 

Source domain->Target 

domain 
0.78 3.1 4.06 4.54 

Target domain-> Source 

domain 
0.79 3 4.13 4.5 

Apple2orange 

 

Source domain->Target 

domain 
0.81 3.03 4.09 4.54 

Target domain-> Source 

domain 
0.87 2.9 4.02 4.52 

Summer2winter 

Source domain->Target 

domain 
0.76 2.97 3.95 4.68 

Target domain-> Source 

domain 
0.86 3.08 4.12 4.69 

3.1.3. Analysis of evaluation indicator results. The image style migration task is a task that changes 
the overall stylistic characteristics of an input image, and evaluating the degree of stylization of its 
experimental results requires a highly subjective human visual sense. Therefore, in this chapter, the 
degree of image stylization is evaluated using subjective evaluation, and the ϐirst evaluation metric 
chosen is the mean opinion score (MOS). Speciϐically, the experiment begins by assembling 10 testers, 
each of whom rates the degree of stylization of the images they see based on their own opinion of the 
degree of stylization of the images they see, with rating scores ranging from 0 to 5, where a score of 0 
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means that the degree of stylization is very low or the image is of poor quality, whereas a score of 5 
means that the image is highly stylized and stylistically similar to a given stylized image. Before the 
experiment starts, the input content image and the stylized image are ϐirst shown to the testers at the 
same time, so that the testers can be familiar with the overall feature distribution and the stylized 
effect that needs to be converted, and after that the stylized result images of the different methods are 
shown to the testers in turn, and the testers score the result images of each method according to their 
own subjective feelings. In this chapter, ϐive sets of result images are selected for evaluation, and ϐinally 
the scores of the result images of each method are summarized and evaluated. The experimental 
results show that the mean opinion score can effectively evaluate the degree of image stylization. The 
Mean Opinion Score (MOS) of each method is shown in Table 3. After averaging the testers' scores for 
each group of image results, the average score of this paper's method is the highest at 4.72, which 
shows that the degree of stylization of the results of this paper's method is most in line with the 
subjective feelings of human beings and achieves the best visual effect. 
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Table 3. Average opinion score(MOS) 

method Style Swap Artflow AdaIN EFDM Ours 

Group 1 1.66 0.63 4.49 4.76 4.85 

Group 2 1.5 0.38 4.73 4.75 4.84 

Group 3 1.34 0.48 4.28 4.42 4.64 

Group 4 1.8 0.48 4.49 4.64 4.69 

Group 5 3.47 0.53 4.6 4.61 4.6 

After that, this paper takes another subjective evaluation experiment, in this round of experiments, 
remove the ϐive groups of image results used in the above experiments, and re-select 5 content images 
and 15 style images randomly and group them, the ratio of the number of content images to the 
number of style images in each group is 1:3, and select one of the styles in the style images to be trained 
with the content images, and get the stylized result images to become a group with the content images 
and the style images. The testers will make subjective judgment on the displayed stylized result images 
to determine which style of the result images belongs to which style among the three style maps in 
each group, and select the algorithm with the best results. Finally, the results of each method are 
judged to get the accuracy rate of image classiϐication and algorithm preference, and the judgment 
accuracy rate and algorithm preference rate of each comparison method are shown in Table 4. As can 
be seen from the results, this paper's method in the degree of image stylization is closer to the input 
style map overall color, style characteristics, the quality of the resultant map obtained from the 
experiment is also the most in line with the testers' favor, the testers of this paper's algorithm's 
preference rate reached 55%. 

Table 4. The accuracy of the comparison method and the rate of algorithm preference 

Method Accuracy of judgment Algorithm preference 

Style Swap 50% 0% 

Artflow 10% 0% 

AdaIN 88% 25% 

EFDM 90% 35% 

Ours 95% 55% 

Finally, the length of training time required for the experimentation of several algorithms was 
compared with the length of testing time for each test image, and the training time and testing time 
for each compared method are shown in Table 5. Where the training time is the total time spent from 
the beginning of the network training time to the end of the training, and the testing time is the total 
time spent on all test images divided by the number of test images. From the table, it can be seen that 
the method in this paper increases the training and testing time compared to the benchmark method, 
but spending less time can get better quality, and to a certain extent, it also improves the network's 
generalization ability for image feature extraction and style learning, which veriϐies the effectiveness 
of the proposed method in this chapter. 
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Table 5. Training and testing times for different comparison methods 

Method Style Swap Artflow AdaIN EFDM Ours 

Training time(h) 15.9 10.2 12.5 12.8 13.7 

Test time(ms) 25 22.6 4.2 4.2 4.9 

3.2. Algorithm Performance Experiments 

3.2.1. Comparison of data under different experimental indicators. The PSNR and SSIM of each 
species under different models are shown in Table 6 and Table 7. The data in the table demonstrates 
the PSNR and SSIM values of different models after inputting different categories of image migration, 
from the data in the table, it can be seen that the images migrated based on the method of this paper 
have the highest PSNR and SSIM values, and the four methods have the highest PSNR and SSIM values 
on human images, and compared with the Cartoon GAN model, the migrated based on this paper's 
method images its PSNR value is improved by 1.89% overall and SSIM value is improved by 3.33% 
overall. 

Table 6. The PSNR of each species in different models 

Species Cartoongan Cyclegan Stylegan Ours 

Architecture 14.7361 13.8319 14.9476 15.0628 

Plants 16.7452 15.898 16.9287 17.2904 

Car 15.8714 14.9906 16.1042 16.0687 

Man 18.1029 17.4985 18.2208 18.2538 

Table 7. SSIM of each species under different models 

Species Cartoongan Cyclegan Stylegan Ours 

Architecture 0.5813 0.5916 0.6037 0.6128 

Plants 0.7506 0.627 0.688 0.7661 

Car 0.7419 0.5781 0.6317 0.7657 

Man 0.7682 0.6368 0.8045 0.7885 

3.2.2. Qualitative experimental results of image style migration in animation design. The generator 
and discriminator loss functions are shown in Figure 4. Fig. 4(a) demonstrates that the generator loss 
function rises before the ϐirst 5 trainings during the training process, at which time the discriminator 
loss function decreases, and during the 10th to 50th trainings, the generator has three trough values, 
and the corresponding discriminator reaches three peak values. The generator loss function decreases 
after 60 times of training, at which time the discriminator loss function rises, Fig. 4(b) demonstrates 
that the generator loss function rises before 20 times of training, at which time the discriminator loss 
function decreases, and the generator loss function decreases after 60 times of training, at which time 
the discriminator loss function rises. Fig. 4(c) demonstrates that the generator loss function in the 
training process decreases before 10 training sessions, at which time the discriminator loss function 
increases, the generator loss function increases after 15 training sessions, at which time the 
discriminator loss function decreases, Fig. 4(d) demonstrates that the generator loss function in the 
training process increases before the ϐirst 2 training sessions, at which time the discriminator loss 
function decreases, and the generator loss function in the training process between 2 and 100 training 
sessions shows a decreasing trend, which contains multiple spikes peaks, at this time the discriminator 
loss function shows a rising trend, corresponding to the generator's multiple spikes appeared in the 
corresponding trough value, which can be seen that the model's generator and discriminator against 
each other, and the model training is stable. 
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The methods in this chapter have similar properties with CycleGAN and CartoonGAN. However, the 
training time of the method in this chapter is shorter than CycleGAN and similar to that of 
CartoonGAN.CycleGAN and CartoonGAN take about 2735s and 1320s, respectively, while the method 
in this chapter takes about 1770s.CycleGAN spends more time on bidirectional training and the 
method in this chapter only consumes 180s more than the CartoonGAN consumes 180s more. To get 
better results, increase the training time a little. The method in this paper can learn the art style better 
and handle the salient regions of the animation design kind effectively. 

 

(a) Generator loss function rises before 5 training 

 

(b) Generator loss function rises before 20 training 
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(c) Generator loss functions fall before 10 training 

 

(d) Generator loss function rises before 2 training 

Fig. 4. Loss functions for generators and discriminators 

4. Conclusion 

The traditional style migration method has obvious effect on image style migration in animation 
design, but with the development of artiϐicial intelligence technology, the traditional style migration 
method can not meet people's needs. Based on this, this paper proposes an image conversion 
algorithm based on deep convolutional neural network to improve the generation of adversarial 
network model, to realize the conversion of animation design image style. 

Through the experimental results of the effect of comparison, found that the method in this paper 
in the degree of image stylization closer to the input style map of the overall color, style characteristics, 



IMAGE STYLE CONVERSION OPTIMIZATION METHOD IN 4485 

 

image quality is also the most in line with the favor of the testers, testers on the use of this paper's 
algorithm for the style of the image conversion of the preference rate reached 55%. The qualitative 
and quantitative results show that the method proposed in this paper effectively improves the quality 
of image style migration generation. 

Compared with the Cartoon GAN model, the PSNR and SSIM values of the migrated images by this 
paper's method are improved by 1.89% and 3.33% overall, respectively. Experimentally, it is proved 
that the use of this paper's method for animation design image style migration has a very good style 
conversion effect. 
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