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 Image style transfer, which commonly refers to adding a designated image style to a target 
content image, is now widely used in the movie industry, animation design, and game rendering, 
providing strong visual effects and cultural influences. However, there is no common criterion 
for evaluating the performance of image style transfer. In addition, people are more interested in 
local regions of images. This paper provides some revised methods to meet customer demand, 
focusing on an optimized image segmentation method based on DeepLab2, a semantic 
segmentation method, and fully connected conditional random fields (FCCRFs) for local image 
style transfer, with experiments demonstrating their usefulness and efficiency.   

1. Introduction

 Image style transfer, which commonly refers to adding a designated image style to a target 
content image, is now widely used in the movie industry, animation design, game rendering, and 
advertisement design, providing strong visual effects and various cultural influences that cannot 
ordinarily be achieved by other methods.(1,2) Some other fields such as medical image processing 
and industrial design require non-photorealistic images that can reduce the workload in 
producing model simulations and virtual reality, making image style transfer a valuable 
technique in various industries.(3) An example of image style transfer is shown in Fig. 1, where 
the left image is the target content image, the middle image is the image whose style we wish to 
emulate, and the right image is the finally generated image after style transfer. In this paper, 
deep learning (DL) technology with the DeepLab2 image semantic segmentation method has 
been applied in local image style rendering, with the improvements in the visual effect 
demonstrated by performing a comparison. In addition, the YIQ color space model has been 
adopted to preserve color details of original images.
 With the rapid development of AI technologies, especially neural networks such as those used 
in DL, many fields are benefiting from applications of DL, including image style transfer.(4) 
Although image style transfer based on DL has attracted much attention, many problems remain, 
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such as how to define or judge the effect of different image style transfer methods. This has led 
to subjective judgment rather than the objective judgment preferred by industry. Moreover, 
sometimes users want to control the effect of image style transfer by themselves or decide the 
exact artistic style, so revised methods are needed. 
 Before DL, image analysis often required programmers to have expert knowledge such as 
familiarity with feature extraction, edge detection, and critical point detection, making 
algorithms such as the nonlinear filter, local greedy, region segmentation, morphological, and 
global optimization algorithms popular. For stroke rendering, Hertzmann provided the snake 
relaxation algorithm based on stroke-based rendering (SBR), which uses the Sobel operator to 
confirm image edges and a decision function with a local slide window method.(5) DeCarlo and 
Santella first adopted regional segmentation in image style transfer, using a down-sampling 
method to express pixels in a layered manner and the Canny operator to transfer delicate image 
edges, filling colors, and textures into corresponding areas.(6) Gatys et al., who first used DL in 
image style transfer, reconstructed the abstract feature representation of the mid-layer in VGG 
networks with a Gram matrix to capture arbitrary image style transfer information, which 
required minimization of the maximum mean difference.(7) Johnson et al. improved Gatys’ work 
by using feedforward networks and perceptual loss, markedly enhancing the speed of image 
style transfer and making real-time processing possible.(8) Chen also increased the transfer speed 
by using image patches to realize the transfer of arbitrary styles.(9) Li and Wand proposed 
another method of image style transfer that used a Markov random field (MRF) with a deep 
convolutional neural network. Their core idea was to replace the Gram matrix with the MRF; 
this method is an example of non-parametric image style transfer.(10,11) Traditional image 
segmentation methods for the foreground and background include the Otsu, watershed, and 
GrabCut methods,(12,13) which are unsupervised learning methods and extract low-level features 
in images. Long et al. proposed the fully convolutional networks (FCNs) algorithm, which is a 
DL method.(14)

2. Materials and Methods

 The popularity of commercial products based on image style transfer is very sensitive to the 
user experience, and their popularity is increased by allowing users to decide the exact style 
transfer effect they prefer, an example of which is given in Fig. 2. 

Fig. 1. (Color online) Example of image style transfer.
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 A styled image generated by a traditional image style algorithm is commonly one with the 
colors replaced by that of the style image, thus losing the original colors of the content image. 
However, sometimes this is not what users want, especially when the content image has bright 
colors while the style image is dark, which may lead to an unsatisfactory image, as shown in 
Fig. 3. That means we want a revised image style transfer method that can inherit the essence of 
the style image while maintaining the original colors of the content image. 
 Compared with style transfer on traditional scenic images, image style transfer involving 
human faces often requires more delicate operations such as target area segmentation, which 
means we need to combine a good image segmentation method and a local image style transfer 
method to avoid the generation of images such as that in Fig. 4. 

Fig. 2. (Color online) Images with different ratios of content and style.

Fig. 3. (Color online) Generated image with colors of content image lost.

 Fig. 4. (Color online) Unsatisfactory image fusion.
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3. Results and Discussion

3.1 Principle of image style transfer

 The convolutional neural network of Gatys et al. is based on VGG-19, which is an upgrade of 
the earlier neural networks LeNet and AlexNet. Three images are simultaneously input into the 
convolutional neural network: the content image, the style image, and a white noise image, and 
the goal is to establish the content loss function between the content image and the white noise 
image, and the style loss function between the style image and the white noise image. Both 
functions should be combined to obtain the sum loss function, with iteration performed to 
minimize it, from which we can obtain the generated style transfer image.    
 The content loss function can be expressed as Eq. (1), in which content_image refers to the 
content image, white_noise_image refers to the subsequently generated white noise image, 
generated_image refers to the generated style transfer image, and l denotes the designated 
convolution layer.
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 The style loss function, which is the product of each convolutional iteration, is calculated 
through the Gram matrix among different convolutional layers to estimate correlations among 
features. As the indicator of feature correlation, the Gram matrix is calculated using Eq. (2), in 
which white_noise_Gram is the Gram matrix of the white noise image. 
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 The final style loss function is used to minimize the difference between the Gram matrix of 
the white noise image and that of the style image, measured by their distance functions. After 
sufficient iterations to obtain the minimum difference, the style of the white noise image should 
be close to that of the style image, as expressed below, in which style_image_Gram refers to the 
Gram matrix of the style image.
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 After obtaining the required sum loss function expressed as Eq. (4), back-propagation is used 
in iteration to minimize the loss function.
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3.2 Adjusted parameters

 As mentioned in Sect. 3.1, in Eq. (4), coefficients α and β are determined for each weight 
value of the generated style transfer image, with much more content image detail remaining for a 
larger α. Obviously, the effect of the style is a subjective experience, so we provide both 
parameters for users themselves to decide. According to prior experiments, a ratio of α to β that 
can be varied within two orders of magnitude will be satisfactory. Here, we recommend the 
value of α to be between 1 and 5 and the value of β to be between 100 and 500. 

3.3 Preservation of original color

 The generated style transfer image has the same style and colors as the style image, while 
losing the colors of the content image. To enrich our art reservoirs, we try to map information in 
the images in RGB color space into YIQ color space, which has the advantage of extracting 
luminance information; human eyes are much more sensitive to luminance than to color detail, 
and both have a linear mapping relationship that is easy to calculate. We repeat the same image 
style transfer method, transferring luminance information in YIQ format while keeping the 
original information of the other two color channels, and the result can be seen in Fig. 5.

3.4 Local image style transfer

 There has been some research on image style transfer for purposes such as taking a selfie, as 
mentioned before. For example, the ratio of style parameters has been increased to avoid the 
transfer style side effect of small texture, and the whole content image has been filtered before 
performing image style transfer to delete noisy high-frequency dots and obtain a better 
performance. However, these approaches all have disadvantages such as “face buffing” effects 
and the generation of image edge blur. In contrast, here, we divide the foreground and 
background to perform face segmentation using the DeepLab2 segmentation method, which 
involves ResNet-101, dilated convolution, and fully connected conditional random fields 
(FCCRFs).(14,15) The segmentation procedures are described as follows:
(1) Input the content image into the pretrained deep neural network, which is ResNet-101 here.
(2) Perform dilated convolution in the neural network to obtain an initial rough grading map, 

reducing the effect of signal down-sampling.

Fig. 5. (Color online) Comparison between images with color of content image preserved or not preserved: (a) 
content image, (b) style image, (c) generated image in RGB, and (d) generated image in YIQ.

(a) (b) (c) (d)
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(3) Use bilinear interpolation to increase the resolution of the image after applying segmentation 
procedure (2) above to the original content image.

(4) Enrich pixels by using FCCRFs to confirm their categories to obtain the final image edges. 
 The resolution of the original content image will be significantly reduced by a normal FCN, 
whereas most of the resolution can be maintained by performing dilated convolution without 
adding parameters or increasing the calculation workload. During the process, different scales of 
segmented images are input into the neural network. Here, atrous spatial pyramid pooling 
(ASPP) is used for image segmentation under multiple scales, which adopts various dilated 
convolutions with different sampling sizes to obtain more delicate features.(16)

 Traditionally, conditional random fields (CRFs) have been used for pixel classifications by 
coupling neighboring pixels to label them with the same label, which means they can be 
recognized as being in the same category. In contrast, FCCRFs can overcome the disadvantages 
that limit the use of CRFs in FCNs. Figure 6 shows an example of semantic segmentation by 
DeepLab2.

3.5 Comparison

 To verify the effectiveness of our proposed method, we carry out an experimental comparison 
with two other mainstream image style transfer methods (those of Gatys(7) and Johnson(8)), 
which is performed using the Ubuntu 16.04 operating system, a 1080-8G graphics card, and the 
Tensorflow 2.0 AI framework.(17,18) Some of the results are shown in Fig. 7, where the photos 
taken are of the authors’ friends, with different artistic paintings used as style images. As we can 
see, the edges of the image obtained with the Gatys method are blurred owing to the lack of an 
efficient segmentation method. For the Johnson method, where the Gram matrix is replaced with 
the mean value and variance as the style loss parameters, the visual effect is better than that of 
the Gatys method, but the result is much worse than expected in terms of texture and color. 
Moreover, the Johnson method requires pretrained measures, which means that models must be 
generated in advance for some images. In contrast, the images generated by our method can 
grasp the essence of the style image while maintaining the contents of the original image, and 
our method is suitable for all types of images owing to its end-to-end semantic segmentation.

Fig. 6. (Color online) End-to-end semantic segmentation. 
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4. Conclusions

 As non-photorealistic images are increasingly required with the rapid development of the 
animation and movie industries, image style transfer is also becoming increasingly important. 
However, there is no common approach to judging its performance. We proposed an optimized 
image segmentation method that is based on DeepLab2 semantic segmentation and FCCRFs for 
local image style transfer, and we experimentally demonstrated its usefulness and efficiency. 
However, the transfer speed and accuracy should be further improved. In future works, we will 
attempt to optimize our segmentation method and increase the speed of style-generating models 
for mobile applications.
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