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Abstract

In computer-based painting research, style transfer and feature extraction is a
challenging subject. Most research use manual segmentation to choose local regions,
which results in inefficient final extracted characteristics and an inability to adequately
identify the artist's aesthetic approach. To address this problem, this paper proposes a
novel style loss and content loss guided two-channel VGG network for landscape
painting style transfer and feature extraction. We convolve the input image and then use
the feature maps from the third to the fifth layer of the two-channel network. A loss
function for content and style is built up from the higher layers to the lower layers and
decoded to the next layer by a decoder after each layer is matched until the final
synthetic map is obtained, achieving feature extraction, feature constraint addition and
parameter control for traditional Chinese paintings with local style transfer. It is observed
that the feature information such as lines, textures and frequencies in landscape
paintings are significantly different from other images compared to other styles of
paintings, and therefore these feature information can be extracted and constrained and
learned with style loss and content loss. The final experimental results show that the
proposed method improves image style transfer and feature extraction for landscape
paintings to some extent.

Keywords: Style Transfer; Feature Extraction; Landscape Painting; Convolutional
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1 Introduction

Neural networks are a class of algorithms from the field of machine learning that were inspired by research into
artificial neural networks [1-3]. The core idea of the algorithm is to extract higher-level feature information
from the raw data input. For example, in intelligent computer image processing [4-5], lower-level features can
recognise concepts such as edges of an image, while higher-level features can recognise human-related concepts
such as numbers, letters or faces. It has been shown that the higher-level visual feature information extracted by
neural networks is generalisable and generalisable, so that these extracted higher-level visual features can be
applied to a variety of tasks. Currently, most of the neural network algorithms are derived from artificial neural
networks (ANNS), in particular convolutional neural networks (CNNSs) [6-7], and the network models are quite
adaptable for image class high level feature extraction. Therefore, the use of a CNNs model maximises the
extraction of higher-level semantic information in images.

Image style transfer is not an emerging image processing technology for practical purposes. Prior to the
emergence of neural network-based style transfer techniques, traditional image style transfer techniques tended
to treat style transfer as a generalised problem and task, i.e. by synthesising the texture features of an image.
Specifically, i.e., texture features in a stylised image were obtained and their texture features were transferred to
the content image. Efros et al. [8] gave a simple texture feature synthesis algorithm that could stitch and
recombine the texture features of all sample images together; while, based on the idea of analogy, Hertzmann et
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al. [9] used the relationship of feature mapping between images to synthesise images with completely new
texture features images. However, traditional image style transfer algorithms do not extract high-level feature
information from the image, so when the style transfer is performed on images with complex textures, complex
colours or messy structures, the resulting image is relatively coarse and difficult to apply in real-world scenes.

(a) Content (b) Style (c) Output

Figure 1: Schematic representation of neural network image style transfer.
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Through a brief review and discussion of traditional image style transfer techniques, the authors observe that
while traditional image style transfer techniques can reproduce the stylistic characteristics of stylised images
well, they often have limitations in terms of flexibility, stylistic variety and the construction of the image. As a
result, new needs have emerged to break down and remove these limitations, and in due course this has led to
the emergence of neural network image style transfer techniques. Due to the rapid development of artificial
neural networks, Gatys et al. [10] have made a significant contribution to the research on image style transfer
and have used an innovative neural network-based approach to image style transfer on this basis. It is also
demonstrated that the neural network is able to effectively extract the basic content information and style feature
information of an image, and that by using this neural network to independently process the higher level feature
information of an image, image style transfer can be carried out efficiently to produce admirable artistic results,
as depicted in Figure 1.The basic idea is to use a pre-trained VGG network to iteratively update and optimise the
synthetic image, with the aim of matching the desired high level abstract feature semantic distribution of the
content and style images, and then iteratively update and optimise the input randomised noisy image through
techniques such as gradient descent, and finally generate the original content image with a new style.

Avrtistic stylisation [11] has been an important research topic in computer vision for a long time because to its
vast array of potential applications. Through neural network-based image style transfer techniques [12-14], we
can extract stylistic information from an artistic image and assign its stylistic features to a specified real image,
thus producing a stylised, unrealistic image. For example, combining an image of a Van Gogh painting of a
starry sky with a natural image creates a stylised image of a VVan Gogh starry sky. This technique allows other
images that do not have such a style to have such a style, a technique known as style transfer. However, most of
the current mainstream approaches to style transfer are limited to "one image, one style", which lacks variety
and is limited by the model, which needs to be retrained after the target image has changed, making it less
practical.

This research offers a novel style loss and content loss guided two-channel VGG network for landscape painting
style transfer and feature extraction based on these observations. We convolve the input image before utilising
the feature maps from the third to fifth layer of the two-channel network. From the top layer to the bottom layer,
loss functions for content and style are constructed, and each layer is matched and decoded to the next layer
until the final synthetic map is obtained, enabling feature extraction, feature constraint addition, and parameter
control transfer of native styles for Chinese paintings. It was observed that feature information such as lines,
textures and frequencies in landscape paintings are significantly different from other styles of painting compared
to other images, so these feature information can be extracted, constrained and learned with loss of style and
loss of content. The final experimental results show that the method improves image style transfer and feature
extraction for landscape paintings to some extent.

The main contributions of this paper are as follows:

(1) A style transfer approach based on style loss and content loss constraints is suggested, which employs a two-
channel VGG19 network to convolve the input image before employing the feature mappings from layer three
to layer five. The content and style loss functions are constructed from higher to lower levels and decoded to the
next layer by a decoder after each layer is matched until the final synthetic map is generated. Based on the
original algorithm, feature extraction of landscape paintings, the addition of feature constraints and control of
parameters, and local style transfer are implemented.

(2) Due to the special nature of landscape painting, the styles of paintings from different painters are generally
different, but belonging to the same Chinese landscape painting means that there must be similarities, and each
trained model is able to share weights, but multiple models are inefficient. The proposed method is therefore
able to perform fast stylised transfer of multiple styles on a single model, highlighting its superiority.
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2 Related Works

2.1 Image style transfer method based on image optimisation

Image style transfer aims to transform an image from its original style to another style while maintaining the
integrity of the image's content. The challenge of style transfer stems from the realistic representation of images,
and the earliest stage of style transfer is typically considered to be the transfer of image textures [15-16]. Image
textures can be utilised as a depiction of the abstract concept of style and are strongly related to texture
generation and transfer. These methods frequently rely on low-level statistical data, and the use of such low-
level characteristics for style transmission is typically ineffectual and restricted. The optimal style limited
transfer should contain the image's high-level semantics, which necessitates the capacity to identify the image's
semantics. Presently, semantic transfer for image style transfer is becoming increasingly popular.

(1) Based on Gram matrix: Gaty et al [10] utilized the feature information matrix representation of the VGG
network in the middle layer and found that the neural network can extract content feature information from any
image and can extract style feature information from any image by constructing a Gram matrix. Based on this
observation, they first used the constructed Gram matrix to obtain the style feature information in the image,
followed by image reconstruction, and then optimised the reconstructed image using gradient descent algorithms
(e.g. stochastic gradient descent algorithm, adaptive gradient algorithm, Adam's algorithm, etc.) so that the
Gram matrix of its content image approximates the Gram matrix of its style image, and the neural network high
level features in the content image with the feature information of the content image to finally obtain the stylised
resultant image. Under the details of their algorithm, assuming that the target image is | , the content image is

|c and the style image is |s .the total loss function formula of the algorithm is expressed as follows:

L[otal(IC’IS’I)zaLc(Illc)+:BLs(lils) (1)

where a is the equalization weighting factor of the image content loss function L (1,1.), and B is the
equalization weighting factor of the image style loss function L (1,l.). While the image content loss L, is

defined by the squared Euclidean distance between the content feature representation F' of the content image
at layer | in VGG and the feature representation F' of the stylized image | initialized with the noise image:

L=Y[F0)-F o @

=78

where {lc} denotes the set of VGG model layers used to compute the content loss. For the style loss Ls , the

style losses |S and | are defined based on the squared Euclidean distance between the representations of the

Gram matrix:

2
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where G represents the Gram matrix of the content image and style image, and {ls} represents the set of VGG

model layers used to compute the style loss.
The use of a VGG-based neural network model for image style migration is not the only approach, and other

pre-trained neural networks (such as ResNet [17]) can be used to achieve similar results. Furthermore, the Gram
matrix-based style representation is not the only option. There are other style feature representations that are
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derived from Gram matrices. Li et al. have argued to some extent for a matching method of Gram matrices,
equivalent to minimising a specific maximum mean difference [18], and go on to give different kernel functions,
such as Gaussian kernel functions, first-order linear kernel functions, and higher-order kernel functions, for the
purpose of improving image quality and reducing image style loss. In addition, the Gram matrix-based style
migration algorithm has the disadvantage of requiring manual adjustment of parameters, and the instability of its
model iterative optimisation process can cause image texture synthesis errors. In order to improve the above
problems, Risser et al [19] added an additional histogram loss function to the algorithm, thus avoiding image
texture synthesis errors due to the instability of iterative optimisation. They also proposed an initial solution for
adaptive parameter tuning, i.e. preventing gradient extremes by extreme gradient normalisation. Based on
content awareness, Yin proposed a synthesis that can effectively control the image content and style method
[20], which led to a significant improvement in the resolution of the synthesised images.

(2) Based on Markov Random Field (MRF): MRF-based non-parametric image synthesis is a classic framework
for traditional image style transfer [21]. Li and Wand [22] first proposed a neural network style transfer
algorithm based on Markov random field. The core idea is to replace the loss function based on Gram matrix
with the loss function based on Markov random field. The image style feature map is divided into several
regions, and then matched to find and approximate the closest style region. Given the target image | , the

content image |, and the style image |, the total loss function based on Markov random field is expressed as

follows:

L= 3 3w E ) vy F O 0

Ifl} i=1

where l//(F'(I)) is the set of all regional patches in the feature map F'(1). w; represents the i -th region
patch of the target image, and /) represents the most similar style patch in the i -th region patch of the

style image. The best matching w ;, is obtained by calculating the normalized cross-correlation overall style

Patch in the style image Is. M is the total number of local patches. Since their algorithm maps style feature
information at the patch level, it can better maintain the structure and arrangement of images.

Due to the Markov random field based loss, it image synthesis works very well for photorealistic styles, or more
specifically, when the shape and perspective of the content image and the style image are identical. However,
when there are significant changes in perspective and structure, the regions in the image Patch do not match
well, affecting the image's preservation of depth information and fine detail.

2.2 Image style transfer method based on model optimization

Although image style migration techniques based on image optimisation can achieve excellent stylisation
results, it also has certain drawbacks. The biggest problem in image optimisation algorithms exists in the form
of low computing speed. Currently, image style migration based on model optimisation is the most commonly
used style migration technique. Compared to other image optimisation-based image style migration algorithms,
model optimisation has a higher computational speed, significantly reduces computational costs and produces
better style migration results. Model optimisation is a data-driven style migration algorithm, which often
requires large amounts of data to feed the model for training. A variety of model optimisation-based image style
migration algorithms have been proposed by domestic and international scholars, which can be fused with other
types of algorithms, which has led to an increase in the efficiency of image style migration every year. The
model-optimisation-based style migration approach largely solves the problem of computational speed and cost
by using a network-generated model that has been trained to produce stylised result maps, i.e. optimising the

forward neural network g for one or more style image |, by using a large number of image 1.
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Based on the number of image styles that can be produced by a single forward neural network g, the model-

based optimisation style migration algorithms can then be subdivided into: single model single style style
migration algorithms, single model multiple style style migration algorithms, and single model arbitrary style
migration algorithms.

(1)Single-model single-style style transfer algorithm: The first two algorithms for image style migration based
on model optimisation were proposed by Johnson and Ulyanov respectively. Both approaches share the same
idea, that is, a forward neural network is pre-trained and a stylised resultant image is generated by that model.
They differ only in their neural network architectures, with Johnson's architecture design being based on
Radford et al.'s residual neural network [23], while Ulyanov uses a multi-scale model architecture. Both loss
functions are similar to the algorithm of Gatys et al. and both use Gram matrices for stylised modelling. Since
then, Ulyanov et al. [24] have discovered that normalising a single image, as opposed to a group of photographs,
improves the quality of the stylized image more. This method of normalising a single image is known as
Instance Normalisation (IN), which corresponds to Batch Normalisation (BN) when the batch size is set to 1. IN
also has a faster network convergence rate for style migration and better visual performance compared to BN.
IN is a style normalisation format that allows for style normalisation of each image [25].

(2)Single-model multi-style style transfer algorithm: The single model single style model mentioned above
requires separate neural network training for different styles of images, which is very time consuming and
inflexible. Many paintings (e.g. Impressionist paintings) have a similar approach, except that the paint varies.
Obijectively speaking, it is not necessary to utilise a separate neural network to train for each style of painting.
Therefore, a single-model multi-styles approach has been introduced to blend multiple styles in a deeper way,
thus making single-model single-styles more flexible. There are two general ways of dealing with this problem:
simply binding only a small number of parameters in the network to each style; or still utilising a single network
like single model single style, but combining styles and content as input. Dumoulin et al [26] showed that in
convolutional neural networks, various styles of images can be well simulated using the same convolutional
parameters, simply by affine transformations of the parameters in the IN layer. To this end, they give a multi-
style migration model based on the theory of conditional instance normalisation (CIN) of a multi-style migration
model, defined as follows:

F(1.))

where F is the input feature representation and S is the index of the desired style in a set of style images. As

CIN(F(IC),S)=y( (. )_“I(F( ))J B (6)

shown in the above equation, after normalising the feature representation F(lc), the scaling and shifting of the

parameters y and [ is done to each styles conditionally, i.e. each style is attainable by affine transformation of

the parameters. In addition, the approach of Dumoulin et al. can be expanded to merge many styles into a single
style outcome by merging the affine parameters of the various styles.

Another multi-style algorithm, invented by Chen et al [27], has the idea of explicitly separating style and
content, and learning the corresponding content and style features by using separate network modules.
Specifically, they used an intermediate layer convolutional filter called "StyleBank™ to learn different image
styles. The style information is then integrated with the StyleBank layer, which was tied to a set of layer
parameters. In addition, the neural net network can learn image content information in other network modules,
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and this content information can be shared between individual styles. In addition, the other modules of the
neural network are capable of learning visual content data, which can be shared between styles. Their system is
adaptable and supports progressive training. In the picture content module of a fixed network model, just the "
StyleBank " layer needs to be trained in order to learn new styles.

3 Methodology

This research finds that rescaling the style loss can link the majority of parametric and non-parametric style
migration approaches in order to improve style migration and feature extraction for landscape painting. The
benefits of both approaches are blended to generate superior results. This chapter extends the original method by
adding landscape-specific stylistic characteristics and limitations utilising content loss and style loss.
Observation reveals that elements such as lines and textures in landscape paintings differ significantly from
those in other photos; hence, these traits are retrieved and applied as constraints to the original approach. The
final experiment proves that the proposed has some improvement for style migration and feature extraction in
landscape painting.

3.1 Landscape painting feature extraction
(1) Line feature extraction

The most fundamental element of Chinese painting is the line. The use of line by painters to extract, summarise,
and abstract natural objects and settings. The two-dimensional plane is used to express the three-dimensional
space. Line is also the basic modelling tool in traditional Chinese landscape painting, with colour being a
secondary feature, and without reference to the light and shade of the malefactor. Whether landscape, birds or
flowers, painters always use lines of varying thickness to outline and then complement them with colour, and
the line is also one of the forms of expression of the emotional character of traditional Chinese landscape
painting. A diagram of lines in a session as shown in Figure 2. Therefore, this paper uses curvature to express
the fluidity of the lines, and the calculation equation is expressed as follows:

[+ £2)f, + @+ £2)f, -2, 1, F,
line — /2 (7
(l+ f2+ fyz)3

where X and Yy denote the coordinates of a pixel in the image and f(X, y) is the grey value of the pixel. fx ,

fy, fxy. Fre. fyy are the first, second and mixed partial derivatives of f(x, y) respectively and f. is the

Gaussian curvature of the pixel.
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Figure 2: Schematic diagram of lines in landscape painting.
(2) Texture Feature Extraction

Texture generally refers to the pattern on the surface of an object and is used in everyday life to show the
smoothness of an object. It reflects the cyclical nature of colour changes on the surface of an object. For artistic
drawing, texture is present in the contours and is a representation of the line drawing as well as the background.
For computers, texture is a visual feature that consists of a myriad of pixels that follow certain rules. Texture
features can be divided into four types: (1) statistical texture features (2) model texture features (3) signal
processing texture features (4) structural texture features. There are many methods for extracting texture,
including statistical analysis-based methods, image-structure-based methods and model-based methods. This
paper uses the LBP method to extract texture:

p-1

LBP(x,,y,)=>.2"S(i, i) (®)

p=0

where (XC, yc) represents the central element of the 3x3 field, his pixel value is ip and I, represents the other

pixel values in the field. S(X) is the symbolic function and is defined as follows:

S(x)— 1 x>0 5
|0 else )

(3) Frequency feature extraction

The frequency of an image is a spatial frequency that indicates how the greyscale in the image fluctuates in
planar space. Different frequency information on the Fourier spectrum play distinct functions in the structure of
an image. Low frequency information forms the basic grey level of the image and plays a lesser role in
determining the image structure; medium frequency information determines the basic structure of the image and
forms the main edge structure of the image; high frequency information forms the edges and details of the image
and is an enhancement of the image content based on medium frequency information. The frequency map is
extracted using the Fourier transform in this article.

3.2 Image style transfer and feature extraction based on dual-channel VGG

In convolutional neural network-based style migration, there are two types of images - style images and content
images. The core principle is to copy the style from the style image and apply it to the content image. The basic
working principle of a convolutional neural network is to use convolutional kernels to perform convolutional
operations. For example, there is an image and a convolution kernel. We slide the convolutional kernel onto the
image and take the weighted sum of the inputs covered by the convolutional kernel as the output via a non-
linear transformation function. Each convolutional kernel has its own set of weight values which do not change
during the convolutional operation. In this way, the input image can be convolved with multiple convolutional
kernels in a convolutional neural network to produce convolutional kernel mappings. These convolutional
kernel mappings are then convolved with more convolutional kernels to generate more feature mappings.
Convolution at lower levels corresponds to lower level features, such as lines or speckles. As you move to
higher levels of convolution, the features become increasingly complex. Convolutional neural networks can
extract image features, which are the basis for style migration. When performing an image style shift, one is not
training a neural network. Instead, the loss function needs to be optimised by changing the pixel values of a
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randomly noisy image. Simply put, when training a neural network, the weights and biases of the network
model are updated, but in a style shift, the weights and biases need to be kept constant.

(1) Content loss and style loss
The loss function is important in order to keep the weights and biases constant. Given a target image X, a

content image C and a style image S, the equation of the image content loss function for style migration based
on a two-channel VGG convolutional neural network is expressed as follows:

Lonent (C’ X) = Z (FijI (X)_ FijI (C))z (10)

ij

The image content loss is a function that defines the squared distance between the input image X and the
content image C. Let CNN be a trained deep convolutional neural network. Suppose X is an arbitrary image,

then Cnn(x) is the neural network provided to image X. Let Fij' (X)e cnn(x) and FijI (C)e cnn(x) describe

respectively the input image X and the content image C in | intermediate feature representation of the layer
network.

Similarly, the equation for computing the image style loss function can be expressed as follows:

Llstyle (S, X) = Z(G(Fijl (X)’)_G(Fijl (C),D2 (11)

ij

where G denotes the Gran matrix of the content image and the target image. The equation for calculating the
total loss function of style migration for the two-channel VGG convolutional neural network is as follows:

I-Itotal (C’ S, X) = a'I—Icontent (X1 C)+ bLIsler (X’ S) (12)

where a is the balanced weight coefficient of the image content loss function, and b is the equilibrium weight
coefficient of the image style loss function weight coefficients.
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Figure 3: Schematic diagram of vgg16 network structure.

(2) VGG-16 network for feature extraction
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FC-1000
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Figure 4: Schematic diagram of vgg16 network structure.

Before elaborating on the VGG-16 network, knowledge of convolutional neural networks is first required. A
colour image is usually divided into three channels of RGB, representing the colours red, green and blue
respectively. For a black and white image, each pixel location is assigned a pixel value between 0 and 255 to
represent the intensity of that pixel, but for a colour image, each pixel location is given three pixel values to
represent the red, green and blue luminance of that pixel, all of which are also between 0 and 255. The colours
in a colour image can be represented by different combinations of the three RGB channel values or by blending
them in different proportions. The convolution process is based on a small matrix, also called a convolution
kernel, which is continuously moved through each layer of the pixel matrix in steps, multiplying the number of
passes by the number in the corresponding position of the convolution kernel, and then summing them to create
a new matrix. Starting with a random initial value, each value in the convolution kernel represents a parameter
of the neuron being trained. When training the network, these parameter values will be continuously updated via
backward propagation until the optimal parameter value is determined. After the convolution operation there
will be fewer dimensions, which means that the resulting matrix will be smaller than the original matrix.
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Figure 5: Schematic diagram of image style transfer and feature extraction based on dual-channel VGG16.

AlexNet before the VGG-16 network (as shown in Figure 3 and Figure 4) has made great breakthroughs in
neural networks, using CUDA to accelerate the training speed of convolutional neural networks, and using
ReLU in the selection of activation functions, while The VGG-16 network uses the principle that several small
convolution kernels can replace a large convolution kernel, and calculates through continuous 3x3 convolution
kernels, replacing the 11x11 and 7x7 in its previous work AlexNet. convolution kernel. For a given receptive
field (the local size of the input image relative to the output), stacking small kernels outperforms larger ones.
According to the calculation of the receptive field below, using three 3x3 convolution kernels can be equivalent
to a 7x7 convolution kernel, and two 3x3 convolution kernels can be equivalent to a 5x5 convolution kernel. A
point at a certain position on the feature map has the same receptive field on the input image, but it deepens the
depth of the network compared to the previous network, thereby improving performance.

In fact the use of the VGG16 network in the style migration task does not ultimately output a 1000-dimensional
vector for predicting object categories, but rather the pre-trained VGG16 network to extract the features of the
image to build the loss function in style migration. The following explains how the loss is constructed using the
image features extracted by the VGG16 network: as shown in Figure 5, the objective of style migration can be
temporarily divided into two, firstly the generated image needs to contain all the objects in the input content
map, and secondly the overall style of the generated image and the provided style map needs to match
approximately, so the loss can be divided into two parts, i.e. content loss and style loss. But obviously content
loss and style loss should not be calculated in the same way. We already know that for a pre-trained VGG16
network, what is obtained at the end of each convolutional layer is a picture feature in the form of a feature map,
while the fine content of a picture can be regarded as a relatively low level feature and the texture of a picture as
a relatively high level feature. By observing the feature maps at the end of each convolutional layer in the
VGG16 network, it can be found that: the feature maps obtained in the first few convolutional layer stages retain
the local features of the pictures better, while in the later stages of the network the local features of the pictures
are already very insignificant, but retain the stylistic features of the pictures relatively well, so it can be
presumed that a reasonable loss function should be calculated by the first few layers of the VGG16 feature map
to calculate the difference in content, while using the feature map at the end of all the convolutional layers of
VGG16 to calculate the difference in style, and that the two calculations should be different.
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4 Experiment and Results

4.1 Datasets

Figure 6: Samples of images in the MS COCO 2017 dataset.

The training set data in this article contains 10,000 real scene images, 5,000 of which are selected from MS
COCO02017 (as shown in Figure 7) val images, and the other 5,000 are selected from 2017 Test images. For the
selection of style images, this article mostly adopts the previous style transfer work. Choose more style pictures.
In the specific training, first resize the pictures in the training set to the size of 256*256, and then take the batch

size as 10 to train 5 epochs, use the Adam optimization with the learning rate set to 10, and train with strength
When controlling the model, set the proportion of style loss in the loss function to le-3, so that the final model
according to the different values of o can cover the strength between 1e-3-1e-5.
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4.2 Experimental Setup

In this experiment, a convolutional neural network built using the TensorFlow framework was utilised.
TensorFlow is an open source software library for machine learning and numerical computing. TensorFlow
employs nodes to represent mathematical calculations, and graph edges to represent multidimensional data
arrays in a data graph or tensors transferred between them. Its architecture is adaptable, enabling users to extend
computing to one or more CPUs or GPUs on desktops, servers, or mobile devices via an APIl. The computer
operating system is Windows 10 Professional Edition, and the experimental hardware equipment: CPU of
Intel(R) Core(TM) i7-6700HQ, GPU of NVIDIA GeForce GTX 1080, the memory size is 8G, and the graphics
library CUDA 9.0 launched by NVIDIA is used for the experiment. GPU accelerated computing.

4.3 Experimental results and analysis
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Figure 7: Landscape image and Chinese print composite effect image.
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This experiment uses an image of two boats on the coast as the content image and an image with similar content
image in the style of Chinese prints as the style image. After several experiments, the authors' results show that
adding content loss and style loss to the VGG-16 neural network has a better improvement on the performance
of VGG-16. Figure 7 depicts the original content image, style image, and style migration image. Due to the
method's optimisation enhancement, image noise artefacts are drastically minimised and the image seems softer.
The image noise artefacts have been drastically reduced, rendering the image softer.
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Figure 8: Landscape image and Chinese print composite effect image.
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The experimental image data input: a natural photo, a group of Chinese prints. Through experiments and
theoretical analysis, it is still the best choice to operate the fourth layer of VGG-16 neural network. The
experiment proves that if the difference between the main body and the background of the content image is not
clear, the method in this paper still has a certain improvement ability. As shown in Figure 8, it is the content
image of this experiment. In Fig. 8, a composite image of our method is shown. The synthesized image obtained
by the method in this paper is more natural on the whole, and its color, contrast, saturation, etc. are better than
the original image, and it has achieved good results in the details of the image.

Nowadays, there is no accepted standard evaluation system for the evaluation of computer image style migration
algorithms. Since most of them are subjective evaluations, in this experiment the authors found 10 art
practitioners and asked them to evaluate the composite effect image shown in Figure 9. These 10 art
practitioners were people who had studied painting styles and were aware of the differences between the
landscape painting style and other painting styles. When the subjects did not know the provenance of the images,
they were asked to evaluate the synthetic images of the original method and the synthetic images of the present
method. The results of the evaluation are shown in Table 1, it can be found that the overall rating of this method
is high, so this method can have an optimal effect on the migration of styles in landscape painting to some
extent.

Table 1: Composite image ratings from 10 art practitioners.

Type Landscape Personage Food Architecture Animal
Traditional machine 0.4 0.2 0.5 0.6 0.5
learning
Manual method 0.5 0.5 0.6 0.6 0.4
Ours 0.9 0.6 0.7 0.8 0.9
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(c) Content image (b) Style image (c) Generated image
Figure 9: Landscape image and Chinese print composite effect image.

5 Conclusion

In this paper, we propose a novel style loss and content loss guided two-channel VGG network for landscape
painting style transfer and feature extraction. We convolve the input image and then use the feature maps from
the third to fifth layers of the two-channel network. Construct the loss function of content and style from the
upper layer to the lower layer. After each layer is matched, it will be decoded by the decoder to the next layer
until the final composite image is obtained. Feature extraction, feature constraint addition, and parameter control
are used to migrate the local style of Chinese painting. . Observing that feature information such as line, texture,
and frequency in landscape paintings are significantly different from other styles of painting, these feature
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information can be extracted and constrained and study. The final experimental results show that this method
improves the image style transfer and feature extraction of landscape paintings to a certain extent.
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