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Abstract. Image style transfer, which combines the content of one image with the style of 

another to create a new image, has many potential applications in the disciplines of image 

creation, creative style reproduction, animation production, and other areas. The majority of 

early image style transfer techniques used manual features. Due to advances in deep learning 

technology, the Generative Adversarial Network (GAN) method greatly increases the accuracy 

of image style transfer; however, when it comes to scenes with large color blocks, high resolution, 

or horizontal boundaries, their performance still falls short of practical application requirements. 

In this research, we present a GhostNet- and attention-based image style transfer technique. We 

specifically introduce the SELayer to learn and increase the weight value of each channel, which 

can improve the quality of style transfer and data processing capacity. In addition, GhostNet is 

included to accelerate image production even more. The findings of the experiments, both 

quantitative and qualitative, demonstrate that the suggested technique can enhance the impact of 

style transfer. 
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1.  Introduction 

The goal of image style transfer is to combine the content of one picture with the style of another image 

to create a new image. To do this, you would combine image A's content with image B's style, discard 

image A's style and image B's content, and create image C. Both the traits of picture A and the substance 

of image B are present in image C [1]. At present, image style transfer has a good application prospect 

in image generation, artistic style reproduction, cartoon production and other fields, and it is a new 

technology with development potential. 

After the historical development, there have been several different ways to realize image style 

transfer. In the early stage, traditional methods were adopted in style transfer, including Non-

photorealistic graphics, texture transfer, CG, CV, DIP and other technologies. Most of them were not 

based on artificial intelligence with poor image processing effect and slow processing speed [2], which 

can not meet the practical application needs. Because of the technological progress of deep learning, the 

method based on convolutional Neural Networks greatly improves the accuracy of image style transfer. 
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After 2015, researchers began to use neural network technology to deal with style transfer, mainly 

through texture modeling-image reconstruction. This method has a wider application range than 

traditional methods, but the effect is not very satisfactory. One of the reasons is that most of the style 

transfer of this method requires paired pictures as training sets, however such data sets are hard to find 

[3]. After 2017, generating confrontation network (GAN) began to be widely used in the field of style 

transfer. Actually, generating confrontation network As a kind of neural network, GAN is actually a 

style transfer based on neural network. Through the game between the generator and the discriminator, 

the ideal style transfer pictures are finally obtained. It can achieve a good migration effect, but the model 

training takes a relatively long time [4]. 

The current style transfer methods all have a drawback, that is, the trained model can only deal with 

a certain kind of pictures, but the effect of other pictures with different styles is not good. The traditional 

GAN model has great disadvantages in dealing with the style transfer from natural pictures to children's 

book illustrations, while a GAN-based model: Ganilla, by integrating the ideas of CycleGAN and 

DualGAN, has created a new network structure, successfully solved this problem and filled the gap in 

this field. However, Ganilla model still has a major flaw. The author of this model mentioned in the 

article that Ganilla is difficult to handle black and white or solid color background images and images 

with clear boundaries [5]. After pre-experiments, we found that this problem is really serious, and nearly 

one-third of the image processing results in many data sets are very poor. If this problem is not solved, 

the application scope of Ganilla model will be greatly limited. 

After comparing and analyzing the output results of GANILLA, it is found that the images with poor 

processing results often have the common characteristics of large color blocks, high degree of 

discrimination or horizontal boundaries. There may be two reasons for this phenomenon: First, when 

the original author constructs the model training model, there is not enough proportion of the images of 

this type of artistic style, which makes the model weak in processing this kind of scene after learning. 

We should find a way to obtain relatively good quality images even if some styles of images in the 

training set are insufficient. Second, GANILLA actually continues the conventional convolution training 

method, and performs conventional convolution-pooling training on the whole picture, but does not 

specialize some features, which will cause some excellent features to be missing due to convolution, 

while bad features will be enlarged due to convolution. Therefore, we expect to find a way to strengthen 

the cognition of features in the model. We have noticed that the attention mechanism can enhance the 

data processing ability by dividing the data into different channels and increasing the weight value for 

each channel [6]. Therefore, we plan to use SELayer module to realize the attention mechanism, so as 

to strengthen the cognitive ability of Ganilla model features and improve the quality of style transfer. 

After SELayer enhancement, the model processing effect has been significantly improved, but its image 

processing speed has dropped a lot. Therefore, we introduced some modules in GhostNet to reduce the 

calculation consumption of the model and improve the calculation speed [7]. 

2.  Related work 

CycleGAN and DualGAN are two excellent improved GAN networks. In the training process of Ganilla 

model adopted in this study, the ideas of these two GAN networks are adopted. 

2.1.  CycleGAN 

CycleGAN is mainly used to solve the problem of Domain Adaptation. Before CycleGAN, related 

models of domain migration, such as Pix2Pix, had to use two sets of related and strictly corresponding 

image sets as training sets. It is difficult to find such a data set, and the appearance of CycleGAN solves 

this problem. The core idea of Cycle is shown in the following figure: 

Proceedings of the 3rd International Conference on Signal Processing and Machine Learning
DOI: 10.54254/2755-2721/6/20230392

1086



 

Figure 1. Schematic diagram of the principle of CycleGAN model. 

The graphic depicts a ring neural network called Gan. The generator F is used to recreate the original 

picture input in the X domain after the generator G has generated the image in the X domain to the image 

in the Y domain. The generator G reconstructs the original picture input in the Y domain after the 

generator F generates the image in Y domain for the image in X domain. The created picture may be 

identified by the D x and D y discriminators to assure the image style transfer effect [8]. 

The loss function of GAN consists of two parts, namely: 

𝐿𝑜𝑠𝑠 = 𝐿𝑜𝑠𝑠𝐺𝐴𝑁 + 𝐿𝑜𝑠𝑠𝑐𝑦𝑐𝑙𝑒 

Among them, LossGAN ensures that the generator and the discriminator evolve with each other, thus 

ensuring that the generator can produce more realistic pictures; Losscycle guarantees that the output 

picture of the generator is different from the input picture only in style, but the content is the same. This 

is the basic idea of cycle-consistency loss [8]. 

2.2.  DualGAN 

Enhancing the fundamental GAN network is the DualGAN algorithm. A complicated network with two 

generators and two discriminators is created by the algorithm by combining two Gans. As an illustration, 

consider images X and Y. Image Y is the genuine photo, whereas image X is the sketch. The initial 

generator GA converts X into Y, and the discriminator DA is in charge of differentiating the newly 

changed image Y. Additionally, there is a collection of generator-discriminator combinations that are 

applied to Y to X conversion and image quality authentication[9]. DualGAN has solved the common 

problems in GAN that it is difficult to train and can't optimize [10], and provided a new idea for 

"translation" between pictures. Unsupervised learning algorithms such as DualGAN may greatly reduce 

the cost of tagging, and it will have more important application value if its stability can be further 

improved. 

3.  Method 

3.1.  Baseline method of Ganilla 

In this paper, we improve the image effect and image processing speed based on Ganilla model [5], 

which is the most representative image style transfer algorithm. Ganilla is a new image transmission 

model. In the problem of image-to-illustration, unpaired image-to-image translation models, such as 

CycleGan [3], DualGan [4], CartoonGan[5], etc., all have a problem, that is, they can only satisfactorily 

complete one of the tasks of style transfer or image transfer. Therefore, Ganilla's original design purpose 

is to complete the style transfer from nature pictures to illustrations. This model can not only complete 

the style transfer task well, but also retain the content of the original pictures. In Ganilla model, a novel 

generator network is proposed to achieve a good balance between style transfer and content retention. 

In addition, Ganilla puts forward a new framework for evaluating image generation model, which can 

evaluate the generated results based on both content and style [5]. 5 

Figure 2 depicts the network structure of Ganilla. Ganilla adopts low-level characteristics so that 

content is maintained while styles are changed. The downsampling stage and the upsampling stage are 

the two components of the model, as shown in Figure 2. The modified ResNet-18 network is used for 
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the downsampling stage, and each layer is connected to the layer before it in order to preserve the image's 

morphological details, edges, forms, and other information. A 7x7 convolution layer, instance 

normalization, ReLU, and max pooling layers are all included in the downsampling step before moving 

on to four network layers, each of which contains two residual blocks. Convolution is the first layer in 

each residual block, which is then followed by instance normalization and ReLU layer. The output is 

combined with the input of the residual block after the convolution layer and instance normalization. 

The ReLU layer then receives the final convolution of the spliced tensor. The author uses a technique 

that uses low-level features to improve the image content retention ability in the up-sampling stage 

where he connects the output of each network layer from the down-sampling stage to the summation 

layers. Four connected convolution, upsampling, and summing layers make up the upsampling stage. In 

every stage of the upsampling process, the convolution filter kernel is 11. The transformed three-channel 

image is then output using a convolution layer with a 77 core. A 7070 PatchGAN with three convolution 

blocks that each have two convolution layers makes up the discriminator network. The initial 

convolution block's filter size is 64, and successive blocks' filters grow in size by a factor of two. The 

GANILLA model is trained using the concept of cycle consistency. While the second group F uses the 

input image as the target domain and attempts to construct the source image in a circular manner, the 

first group G tries to conceal the source image within the target domain. 

 

Figure 2. Ganilla's network structure. 

3.2.  Model optimization 

3.2.1.  Attention model. For CNN network, the core calculation is convolution operator, which learns 

from the input feature graph to the new feature graph through convolution kernel. In essence, 

convolution is the feature fusion of a local area, which includes feature fusion in space (𝐻 and 𝑊 

dimensions) and between channels (𝐶 dimension). 

Improving the receptive field for convolution operations entails fusing more spatial elements or 

extracting multi-scale spatial information. Convolution by default merges all of the input feature graph's 

channels for feature fusion of channel dimension. In the MobileNet network group channel, group 

convolution and depthwise separable convolution are mostly used to lighten the model and reduce 

processing. In the hopes that the model would automatically recognize the significance of various 

channel attributes, SENet network pays close attention to the relationships between channels. This issue 

can be resolved using the Squeeze-and-Exclusion (SE) module suggested by SENet [11], as depicted in 

the following picture. 

 

Figure 3. Schematic of the squeeze-and-Exclusion (SE) module. 
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In this paper, we have adopted SE module many times. The module is imported into the original 

Ganilla network, and the output of each Layer is used as the input content of the SE module, and the 

output of the SE module is introduced into the convolution Layer of the next layer or the up-sampling 

stage. In this study, the attention mechanism is realized through this module, and the weight is added to 

each channel according to the difference in the importance of features among channels, thus realizing 

the enhancement of low-dimensional features in high dimensions, improving the performance of 

excellent features to a certain extent, while weakening the appearance of bad features. 

3.2.2.  GhostNet. After a picture is extracted by neural network, many feature maps can be obtained. 

There will be some similarities in the feature graphs, which is the jumble of feature graphs in neural 

networks. It is possible to perform simple Cheap Operations on one of the feature graphs to generate 

more similar feature graphs, so that more feature graphs can be generated with fewer parameters, and 

the similar feature graphs can be regarded as each other's ghosts, which is the basic logic of GhostNet. 

Convolution as we know it is replaced by the Ghost Module. Prior to using depth separable convolution 

(layer by layer convolution) to obtain additional feature maps, the common convolution is used to reduce 

the number of channels in the input image. Then, several feature maps are concatenated to create a new 

output [7]. 

In this paper, we introduce the Ghost Module module in GhostNet, and replace the conventional 3x3 

convolution layer in the original model with Ghost Module. Its parameters are set as follows: kernel_ 

size = 3, ratio = 2, dw_ size = 3, stride = 1, relu = true, padding = 0. By adding GhostNet, the total 

amount of data to be processed is reduced, and to some extent, the problem of slow operation speed of 

the model is improved. 

4.  Result 

4.1.  Summary of results 

In this paper, by improving the original Ganilla network, the style transfer effect of Ganilla for images 

with large color blocks and high difference is improved. For the following image, we can find that the 

original Ganilla method will produce a lot of meaningless noise and color difference when transferring 

styles, and the whole picture will appear unnatural green. After introducing the attention mechanism of 

SENet, it can be clearly seen that the content of the original image has been preserved more. The 

improved result is clearer overall, and the overall tone is closer to the original image. 

   
Figure 4. Original image. Figure 5. The style migration 

effect of the model before 

improvement. 

Figure 6. The style migration 

effect of the model after 

improvement. 

In order to quantitatively analyze the improved effect, this paper uses Beyond Compare4 [12] to 

compare the generated image with the original image. By overlapping the images, the software will 

mark the differences between the two images in red after setting the tolerance. In this way, we can judge 

whether the retention degree of image information in the improved model has been improved. The 

results are as follows: 
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Figure 7. Analysis results of the model 

before improvement. 

Figure 8. Analysis results of the model 

after improvement. 

When the tolerance is also set at 50, the original Ganilla model has a large number of red areas in the 

sky, which indicates that this area is quite different from the original image, and the content of the 

original image is not well preserved. In the improved output results, the difference in this area is 

obviously reduced, and there are still obvious differences only in the border. However, the whole content 

of the image is still fully preserved, so we think that the introduction of SENet significantly reduces the 

loss of the original Ganilla model to the image content of similar large-color images. 

In terms of style transfer effect, we use geotests.net to analyze the color of HSL image. The principle 

is to divide the image into small color blocks one by one, then output the HSL value of the color block, 

and list the distribution of the color blocks in the coordinate system. By analyzing the color composition 

of the image, we can clearly see the effect of image conversion according to the specified style. 

   
Figure 9. Analysis results of 

original image. 

Figure 10. Analysis results of 

the model before improvement. 

Figure 11. Analysis results of 

the model after improvement. 

In the figure above, the contents of the "[]" symbol represent the HSL value of the color, and the 

numbers in the figure below represent the number of blocks of the color. 

We found that compared with the original model, the improved Ganilla is more similar to the original 

image in color composition and distribution, but it still changes the overall color tone. At the same time, 

it is similar to the original Ganilla. We think it shows that the output result of the new model has 

successfully transferred the style of the image, and its conversion degree is slightly lower than that of 

the original Ganilla, rather than just adding a filter effect to the original image. 

At the same time, the optimization of the network model brought by GhostNet has been improved 

compared with the original Ganilla. In the process of model training, we used a RTX2080Ti graphics 

card with single floating-point performance of 13.4 TFLOPs as a test platform. In the experimental 

process, the operation speed of the improved model is increased by 2% compared with that of the 

original Ganilla model. Because we also introduced the SENet module in the testing process, the data 
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processing capacity is already higher than that of the original Ganilla model, so GhostNet should 

improve the original model by more than 2%. 

4.2.  Discussion 

Although this method improves the retention of the original image content to a certain extent, when 

faced with this kind of image, obvious bright lines will appear at the edges of large color blocks and 

images. There is still much room for improvement in the preservation of the original content. In addition, 

there will be a small probability of generating square noise in the image, and a satisfactory solution can 

not be found. 

5.  Conclusion 

In this paper, we improve the problems faced by Ganilla when dealing with images with large color 

blocks, high degree of discrimination, or horizontal boundaries. Ganilla adopts the conventional 

convolution layer training method, which makes the image lose more content in the convolution process. 

To overcome this problem, we introduced SENet into the original model, added attention mechanism to 

Ganilla, and realized feature enhancement from low dimension to high dimension. To some extent, the 

retention of image content is improved. 

Another problem of Ganilla is the increase of computation due to complex network structure. In 

order to solve this problem, we introduce the GhostNet module, and replace the traditional convolution, 

and use linear operation to generate more similar feature maps from one feature map. Finally, the 

computing speed is improved by about 2%. 
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