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Abstract
Image style transfer is an image processing method that renders the semantic
content of images with different styles. With the advent of deep learning, image
style transfer has achieved further development and a series of breakthrough
research outcomes. Its exceptional style transfer capabilities have attracted
extensive attention from both academic and industrial communities, possessing
significant research value. To promote technical research on deep learning-based
image style transfer, this work systematically summarizes and discusses the
current mainstream methods and representative contributions. It begins by
reviewing non-parametric image style transfer, then elaborates in detail on the
fundamental principles and methodologies of contemporary deep learning-based
image style transfer, analyzes the application prospects of image style transfer
in related domains, and concludes by summarizing the existing challenges and
future research directions for deep learning-based image style transfer.
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Abstract: Image style transfer is an image processing technique that renders
the semantic content of an image in different artistic styles. With the rise of
deep learning, image style transfer has achieved significant advancements and
breakthrough research results. Its remarkable style transfer capabilities have at-
tracted widespread attention from both academic and industrial communities,
making it a topic of important research value. To advance technical research in
deep learning-based image style transfer, this paper summarizes and discusses
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current mainstream methods and representative works. We first review non-
parametric image style transfer approaches, then introduce in detail the fun-
damental principles and methods of deep learning-based image style transfer,
analyze the application prospects of image style transfer technology in related
fields, and finally summarize existing problems and future research directions.

Keywords: image style transfer; deep learning; transfer learning; texture syn-
thesis

0 Introduction
Traditional non-parametric image style transfer methods are primarily based on
physical models for rendering and texture synthesis. Efros et al. [error! reference
not found] proposed a simple texture algorithm that synthesizes new textures by
stitching and reorganizing sample textures. Hertzmann et al. [error! reference
not found] introduced an analogy-based approach that synthesizes images with
new textures through image feature mapping relationships. Zhang Haisong et
al. [error! reference not found] utilized multi-layer texture arrays, Chinese paint-
ing illumination models, and contour extraction modules to render 3D mountain
scenes with real-time Chinese painting effects. Qian Xiaoyan et al. [error! ref-
erence not found] proposed a neighborhood consistency metric method that in-
troduces statistical properties into similarity measures to improve the efficiency
of searching for image matching points. Although these methods have achieved
considerable results, non-parametric image style transfer approaches can only
extract low-level image features rather than high-level abstract features, result-
ing in relatively coarse image synthesis effects when dealing with complex colors
and textures, which fails to meet practical requirements.

With the rise of deep learning [error! reference not found][error! reference not
found][error! reference not found], Gatys et al. [error! reference not found] pi-
oneered a convolutional neural network-based approach to image style transfer.
They discovered that convolutional neural networks could be used to separate
the content and style abstract feature representations of images, enabling effec-
tive image style transfer by independently processing these high-level abstract
features, thereby achieving remarkable artistic effects, as shown in Figure 1
[FIGURE:1]. The core idea of their algorithm involves using a pre-trained VGG
model [error! reference not found] to extract high-level abstract feature repre-
sentations from both content and style images, then starting from a random
noise image and generating a synthesized image with the original content and
new style through iterative optimization.

The work of Gatys et al. [error! reference not found] has attracted extensive
attention from academic and industrial communities. In academia, numerous
follow-up studies have been proposed, mainly falling into two categories: im-
age iteration-based and model iteration-based approaches. Among these, image
iteration methods can be further categorized based on how style is obtained
into Maximum Mean Discrepancy (MMD) [error! reference not found][error!
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reference not found], Markov Random Field (MRF) [error! reference not found],
and Deep Image Analogy (DIA) [error! reference not found]. Model iteration
methods can be summarized as generative model-based [error! reference not
found][error! reference not found][error! reference not found] and image recon-
struction decoder-based [error! reference not found][error! reference not found]
approaches. These methods have been successfully applied in industrial software
such as Prisma, Ostagram, and Deep Forger.

The total loss function of Gatys et al.’s [error! reference not found] method is
expressed as follows:

ℒ𝑡𝑜𝑡𝑎𝑙(𝑥, 𝑐, 𝑠) = 𝛼ℒ𝑐𝑜𝑛𝑡𝑒𝑛𝑡(𝑥, 𝑐) + 𝛽ℒ𝑠𝑡𝑦𝑙𝑒(𝑥, 𝑠)

where 𝛼 represents the weight coefficient of the image content loss function and
𝛽 represents the weight coefficient of the image style loss function. The image
content loss function ℒ𝑐𝑜𝑛𝑡𝑒𝑛𝑡(𝑥, 𝑐) is expressed as:

ℒ𝑐𝑜𝑛𝑡𝑒𝑛𝑡(𝑥, 𝑐) = 1
2

𝐿
∑
𝑙=1

𝑁𝑙

∑
𝑖=1

𝑀𝑙

∑
𝑗=1

(𝐹 𝑙
𝑖𝑗 − 𝑃 𝑙

𝑖𝑗)2

where 𝐹 𝑙 represents the content feature representation of the white noise image
at layer 𝑙 in the VGG model, 𝐹 𝑙

𝑖𝑗 denotes the activation value at position 𝑗 on
the 𝑖-th filter at layer 𝑙, and 𝑃 𝑙 represents the content feature representation of
the content image at layer 𝑙 in VGG. The total style loss function ℒ𝑠𝑡𝑦𝑙𝑒(𝑥, 𝑠) is
expressed as:

ℒ𝑠𝑡𝑦𝑙𝑒(𝑥, 𝑠) =
𝐿

∑
𝑙=0

𝜔𝑙𝐸𝑙

where 𝐿 represents the total number of convolutional layers in the VGG network
used to extract image style feature representations, 𝜔𝑙 denotes the weight factor
for the image style loss function corresponding to convolutional layer 𝑙, and 𝐸𝑙
represents the style loss function at layer 𝑙:

𝐸𝑙 = 1
4𝑁2
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where 𝐺𝑙 and 𝐴𝑙 are the Gram matrices of the content image and style image
respectively, 𝑁𝑙 represents the number of filters at layer 𝑙, and 𝑀𝑙 represents
the size of the feature map at layer 𝑙.
Gatys et al. defined the style loss function using Gram matrices. The Gram
matrix is expressed as:
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𝐺𝑙
𝑖𝑗 = ∑

𝑘
𝐹 𝑙

𝑖𝑘𝐹 𝑙
𝑗𝑘

where 𝐹 𝑙
𝑖𝑘 represents the activation value at position 𝑘 on the 𝑖-th filter at layer

𝑙.
This paper systematically reviews current deep learning-based image style trans-
fer methods, analyzes their latest research results and application prospects,
discusses existing problems in depth, proposes practical suggestions, and lays
a foundation for further research. Finally, we summarize future challenges and
development trends.

1 Deep Learning-Based Image Style Transfer Methods
This section describes current mainstream deep learning-based image style
transfer methods, including two categories: image iteration-based and model
iteration-based approaches, as summarized in Table 1 . The first category
performs style transfer through optimization iterations directly on white noise
images, where the optimization target is the white noise image itself. The
second category iteratively optimizes neural network models to achieve fast
style transfer in a feed-forward manner, where the optimization target is the
neural network model. We discuss these two categories in detail below.

1.1 Image Iteration-Based Methods

The goal of image iteration-based methods is to make a white noise image simul-
taneously match the content features of a content image and the style features
of a style image, ultimately obtaining a stylized synthesized image. We pro-
vide detailed discussions of three representative approaches: Maximum Mean
Discrepancy-based, Markov Random Field-based, and Deep Image Analogy-
based methods.

1.1.1 Maximum Mean Discrepancy-Based Methods Gatys et al. [error!
reference not found] first discovered that abstract content representations could
be extracted from arbitrary images by reconstructing intermediate layer features
of VGG networks, while style feature representations could be extracted by con-
structing Gram matrices [error! reference not found]. Li et al. [error! reference
not found] theoretically proved that matching Gram matrices is equivalent to
minimizing a specific Maximum Mean Discrepancy. Therefore, we categorize
Gram matrix-based style transfer methods as MMD-based approaches.

Specifically, given a white noise image 𝑥, content image 𝑐, and style image 𝑠,
Nikulin et al. [error! reference not found] thoroughly explored the principles
of Gatys et al.’s [error! reference not found] method, discussing the impact
of different hyperparameters and stylization attributes on image style transfer
effects. Novak et al. [error! reference not found] proposed several approaches to
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improve Gatys et al.’s [error! reference not found] method. To better explain and
refine Gram matrices, Li et al. [error! reference not found] conducted in-depth
investigations, proposing the use of different kernel functions to improve the
style loss function, such as linear and Gaussian kernel functions. Additionally,
Gatys et al.’s [error! reference not found] method suffers from instability during
iterative optimization, which can affect texture synthesis. To address this issue,
Risser et al. [error! reference not found] introduced a histogram loss function to
solve the problem of texture disorder caused by unstable iterative optimization.
Yin [error! reference not found] proposed a content-aware method that can
effectively control the synthesis of image content and texture, further improving
the resolution of synthesized images.

1.1.2 Markov Random Field-Based Methods Markov Random Fields
represent a classic framework for non-parametric image synthesis [error! refer-
ence not found], describing collections with similar feature information. Li et
al. [error! reference not found] first proposed a method combining MRF with
deep convolutional neural networks, segmenting image feature maps into numer-
ous patches and matching them to improve the visual plausibility of synthesized
images. Specifically, given content image 𝑐 and style image 𝑠, let the synthesized
target image be 𝑥. The problem can be formulated as:

𝑥∗ = arg min
𝑥

ℰ𝑠(𝑥, 𝑠) + 𝛼ℰ𝑐(𝑥, 𝑐) + 𝛾ℰ𝑡𝑣(𝑥)

where ℰ𝑠 represents the style loss function, ℰ𝑐 represents the content loss func-
tion, ℰ𝑡𝑣 denotes the regularization term for smoothing the synthesized image,
Φ represents the set of feature maps at different layers of the neural network
model, and 𝛼 and 𝛾 are weight coefficients for the content loss function and
regularization term respectively.

The style loss function ℰ𝑠 is expressed as:

ℰ𝑠(𝑥, 𝑠) =
𝑚

∑
𝑖=1

𝜓𝑖(𝑥) − 𝜓𝑁𝑁(𝑖)(𝑠)

where 𝑚 is the cardinality of 𝜓(𝑥), i.e., the number of patches, 𝜓𝑖(𝑥) represents
a patch in 𝜓(𝑥), and for each patch 𝜓𝑖(𝑥), normalized cross-correlation is used
to find its best matching patch 𝜓𝑁𝑁(𝑖)(𝑠).
The content loss function ℰ𝑐 is expressed as:

ℰ𝑐(𝑥, 𝑐) = ‖Φ(𝑥) − Φ(𝑐)‖2

The regularization term ℰ𝑡𝑣 is expressed as:
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ℰ𝑡𝑣(𝑥) = ∑
𝑖,𝑗

((𝑥𝑖,𝑗+1 − 𝑥𝑖,𝑗)2 + (𝑥𝑖+1,𝑗 − 𝑥𝑖,𝑗)2)

Subsequently, Champandard et al. [error! reference not found] built upon Li et
al.’s work by adding manually created semantic maps to enhance control over
synthesis results, making the structure of synthesized results more reasonable
and significantly improving image quality.

1.1.3 Deep Image Analogy-Based Methods The concept of image anal-
ogy was originally proposed by Hertzmann et al. [error! reference not found]
to handle problems involving deep mining of mapping relationships between
images. To better find semantically meaningful dense correspondences between
two input images, Liao et al. [error! reference not found] combined the concept
of image analogy with deep learning, proposing a deep image analogy method
through patch matching and iterative optimization. This approach can apply
the concept of image analogy to deep network feature spaces, finding semanti-
cally meaningful dense correspondences to improve the effectiveness of image
style transfer.

The mapping relationship of deep image analogy can be represented as 𝐴 ∶ 𝐴∗ ∶∶
𝐵 ∶ 𝐵∗, where 𝐴∗ and 𝐵 are unknown variables. This mapping relationship has
two constraints: 𝐴 and 𝐴∗ or 𝐵 and 𝐵∗ share similar image content features; 𝐴
and 𝐵 or 𝐴∗ and 𝐵∗ share similar image style features. Therefore, the image
mapping relationship can be expressed as:

𝜑𝑎→𝑏(𝑝) = arg min
𝑞∈𝑁𝑏

𝐿
∑
𝑙=1

‖𝐹 𝑙
𝐴∗(𝑝) − 𝐹 𝑙

𝐵(𝑞)‖2 +
𝐿

∑
𝑙=1

‖𝐹 𝑙
𝐴(𝑝) − 𝐹 𝑙

𝐵∗(𝑞)‖2

Deep image analogy methods first use a pre-trained VGG model to compute
abstract feature representations 𝐹 𝑙

𝐴 and 𝐹 𝑙
𝐵∗ for known images 𝐴 and 𝐵∗, where

𝐿 represents the number of layers used in the pre-trained VGG model. The
mapping relationship for deep image analogy can be obtained through nearest
neighbor field search (NNFS) at layer 𝐿. Although 𝐴∗ and 𝐵 are unknown
variables, based on the first constraint of the analogy mapping relationship,
we can assume that 𝐴 and 𝐴∗ or 𝐵 and 𝐵∗ have similar high-level abstract
feature representations in the pre-trained VGG model. Therefore, we can have
𝐹 𝐿

𝐴 = 𝐹 𝐿
𝐴∗ and 𝐹 𝐿

𝐵 = 𝐹 𝐿
𝐵∗ . The mapping relationship function can be expressed

as:

𝜑𝑎→𝑏(𝑝) = arg min
𝑞∈𝑁𝑏

𝐿
∑
𝑙=1

‖𝐹 𝑙
𝐴(𝑝) − 𝐹 𝑙

𝐵(𝑞)‖2

where 𝑁𝑏 represents the neighborhood around point 𝑝, and similarly for 𝜑𝑏→𝑎.
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Based on this deep image analogy mapping relationship, deconvolution opera-
tions are performed through convolutional mapping functions 𝒞−1

𝑙 that inversely
map features in the abstract feature space of the pre-trained VGG model, iter-
ating from high layers to low layers to finally obtain synthesized image 𝐴∗ with
𝐴’s content and 𝐵∗’s style, and synthesized image 𝐵 with 𝐵∗’s content and
𝐴∗’s style. The specific algorithmic process can be described in pseudocode as
follows:

Algorithm: Deep Image Analogy Algorithm

Input: Two RGB color space images 𝐴 and 𝐵∗.

Output: Two pixel space mapping relationship functions 𝜑𝑎→𝑏 and 𝜑𝑏→𝑎; and
two RGB color space images 𝐴∗ and 𝐵.

Procedure: 1. Input 𝐴 and 𝐵∗ into the pre-trained VGG model to extract ab-
stract features. 2. Randomly initialize mapping relationship functions 𝜑𝑎→𝑏
and 𝜑𝑏→𝑎. 3. For 𝐿 = 5 to 1 do: - Nearest neighbor search: 𝜑𝑎→𝑏 ←
map𝑎→𝑏, 𝜑𝑏→𝑎 ← map𝑏→𝑎 - If 𝐿 > 1 then: - Image reconstruction: 𝜑𝑎→𝑏 ←
up-sample(𝜑𝑎→𝑏), 𝜑𝑏→𝑎 ← up-sample(𝜑𝑏→𝑎)
Deep image analogy methods demonstrate excellent performance in texture and
color transfer, but suffer from long computation times. He et al. [error! reference
not found] built upon Liao et al.’s [error! reference not found] work to achieve
one-to-one and one-to-many image color transfer. This method primarily pro-
cesses image colors, performing iterative optimization through analogy under
local and global constraints to finally generate natural-looking new images.

1.2 Model Iteration-Based Methods

Although image iteration-based methods can produce high-quality stylized im-
ages, they suffer from low computational efficiency. Model iteration-based image
style transfer methods address this issue by using large amounts of images to
train generative models that can produce stylized images, significantly improv-
ing computational efficiency and enabling combination with image iteration-
based methods. Currently, applications in the market primarily use model
iteration-based methods. We discuss two representative approaches: generative
model-based and image reconstruction decoder-based methods.

1.2.1 Generative Model-Based Methods Johnson et al. [error! reference
not found] first proposed a generative model iteration-based image style transfer
method, also known as fast style transfer, as shown in Figure 2

. This method builds upon Gatys et al.’s algorithm, using a perceptual loss
function to train a generative model for a specific style. Compared with previous
loss functions that compared pixels individually, the perceptual loss function
computes squared differences on high-level abstract features extracted by a pre-
trained VGG model, consistent with Gatys et al.’s algorithm. Specifically,
Johnson et al.’s method uses residual networks [error! reference not found]
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Figure 1: Figure 2

as the basic component of the generative model, with COCO dataset [error!
reference not found] as training data. The perceptual loss function can be
expressed as:

ℒ𝑡𝑜𝑡𝑎𝑙(𝑦, ̂𝑦) = 𝜆𝑐ℒ𝑐𝑜𝑛𝑡𝑒𝑛𝑡(𝑦, ̂𝑦) + 𝜆𝑠ℒ𝑠𝑡𝑦𝑙𝑒(𝑦, ̂𝑦) + 𝜆𝑇 𝑉 ℒ𝑇 𝑉 ( ̂𝑦)

where 𝜆𝑐, 𝜆𝑠, and 𝜆𝑇 𝑉 represent the weight coefficients for content loss, style loss,
and image smoothness respectively, 𝑓 denotes the generative model function,
Φ(𝑦) represents content features extracted by the pre-trained VGG model from
training images, and Φ( ̂𝑦) represents style features extracted from style images.

Johnson et al.’s work [error! reference not found] provides excellent inspiration
for improving image style transfer efficiency. Additionally, Ulyanov et al.’s work
[error! reference not found] adopted a similar network architecture and demon-
strated through experiments that using instance normalization [error! reference
not found] instead of batch normalization [error! reference not found] during
generative model training can significantly improve generated image quality.
Wang et al. [error! reference not found] proposed a multimodal convolutional
neural network that considers feature representations of color and brightness
channels, performing stylization hierarchically at multiple scales to effectively
solve texture scaling issues and produce impressive results on high-resolution im-
ages. Zhang et al. [error! reference not found] constructed a generative model
that can be trained on multiple styles, enabling fast multi-style transfer. Huang
et al. [error! reference not found] proposed an adaptive instance normalization
method that eliminates the need for predefining stylization during generative
model training.

Furthermore, Generative Adversarial Networks (GANs) [error! reference not
found] have demonstrated excellent performance in image style transfer. Li et
al. [error! reference not found] combined MRF with GANs, using adversarial
training to train generative models, resulting in highly realistic generated im-
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ages. Subsequent unsupervised GANs such as CycleGAN [error! reference not
found], DiscoGAN [error! reference not found], and DualGAN [error! reference
not found], where CycleGAN is based on cycle consistency and DiscoGAN and
DualGAN are based on dual learning ideas from machine translation [error!
reference not found], have achieved breakthroughs by eliminating the need for
paired training data and successfully implementing unsupervised transfer learn-
ing with largely consistent network architectures and implementations. We
explain the widely applicable CycleGAN model as an example.

Zhu et al. [error! reference not found] proposed the CycleGAN model, which
includes two generative models 𝐺 and 𝐹 , and two discriminative models 𝐷𝑋
and 𝐷𝑌 , using cycle consistency as a constraint on the total loss function. The
total loss function in CycleGAN consists of two parts: adversarial loss and
cycle consistency loss. The adversarial loss includes forward mapping loss and
backward mapping loss. Given datasets 𝑋 and 𝑌 , where 𝑥 ∈ 𝑋 and 𝑦 ∈ 𝑌 , the
forward mapping loss function is:

ℒ𝐺𝐴𝑁(𝐺, 𝐷𝑌 , 𝑋, 𝑌 ) = 𝔼𝑦∼𝑝𝑑𝑎𝑡𝑎(𝑦)[log 𝐷𝑌 (𝑦)] + 𝔼𝑥∼𝑝𝑑𝑎𝑡𝑎(𝑥)[log(1 − 𝐷𝑌 (𝐺(𝑥)))]

Similarly, the backward mapping loss function is:

ℒ𝐺𝐴𝑁(𝐹 , 𝐷𝑋, 𝑌 , 𝑋) = 𝔼𝑥∼𝑝𝑑𝑎𝑡𝑎(𝑥)[log 𝐷𝑋(𝑥)] + 𝔼𝑦∼𝑝𝑑𝑎𝑡𝑎(𝑦)[log(1 − 𝐷𝑋(𝐹(𝑦)))]

The cycle consistency loss ensures consistency between generative models 𝐺 and
𝐹 :

ℒ𝑐𝑦𝑐(𝐺, 𝐹) = 𝔼𝑥∼𝑝𝑑𝑎𝑡𝑎(𝑥)[‖𝐹 (𝐺(𝑥)) − 𝑥‖1] + 𝔼𝑦∼𝑝𝑑𝑎𝑡𝑎(𝑦)[‖𝐺(𝐹(𝑦)) − 𝑦‖1]

Finally, the total loss function for CycleGAN is:

ℒ(𝐺, 𝐹 , 𝐷𝑋, 𝐷𝑌 ) = ℒ𝐺𝐴𝑁(𝐺, 𝐷𝑌 , 𝑋, 𝑌 ) + ℒ𝐺𝐴𝑁(𝐹 , 𝐷𝑋, 𝑌 , 𝑋) + 𝜆ℒ𝑐𝑦𝑐(𝐺, 𝐹)

where 𝜆 is a balance parameter for the relative importance of the two mapping
objectives. The adversarial training optimization objective for the CycleGAN
model is:

𝐺∗, 𝐹 ∗ = arg min
𝐺,𝐹

max
𝐷𝑋,𝐷𝑌

ℒ(𝐺, 𝐹 , 𝐷𝑋, 𝐷𝑌 )

where 𝐺∗ and 𝐹 ∗ represent the approximately optimal generative models ob-
tained.
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However, current GANs are quite unstable during training, and the design of dis-
criminative models makes it difficult to implement directed image style transfer
methods. Moreover, GANs perform adversarial training based on iterative opti-
mization of image divergence distributions rather than based on image content,
texture, and color, making the style transfer process difficult to control.

1.2.2 Image Reconstruction Decoder-Based Methods While image
iteration-based methods suffer from parameter adjustment and low efficiency
issues, fast style transfer alleviates the efficiency problem but can only be
trained for specific styles and still cannot avoid parameter adjustment. To
overcome these problems, Li et al. [error! reference not found] proposed an
image style transfer algorithm based on image reconstruction decoders that no
longer requires training for specific styles and avoids parameter adjustment.

This algorithm uses a multi-level stylization strategy, as shown in Figure 3 [FIG-
URE:3]. It first uses a pre-trained VGG model as an encoder, fixing its weights
to train a decoder network to invert VGG features back to original images,
where the decoder is designed symmetrically to the encoder. The decoder uses
pixel reconstruction loss and feature loss as constraints for image reconstruction,
with the loss function expressed as:

ℒ𝑟𝑒𝑐𝑜𝑛 = ‖𝐼𝑜𝑢𝑡𝑝𝑢𝑡 − 𝐼𝑖𝑛𝑝𝑢𝑡‖2
2 + 𝜆‖Φ(𝐼𝑜𝑢𝑡𝑝𝑢𝑡) − Φ(𝐼𝑖𝑛𝑝𝑢𝑡)‖2

2

where 𝐼𝑜𝑢𝑡𝑝𝑢𝑡 and 𝐼𝑖𝑛𝑝𝑢𝑡 represent the reconstructed output and input images
respectively, training data uses the COCO dataset [error! reference not found],
Φ represents image feature representations extracted by the pre-trained VGG
encoder, and 𝜆 is a balance weight coefficient between pixel reconstruction loss
and feature loss.

After completing decoder training for corresponding layers, projection functions
are set between encoder ℰ𝑛(⋅) and decoder 𝒟𝑒(⋅). Through whitening and color-
ing transform (WCT), stylized image reconstruction is performed. Specifically,
given content image 𝑐 and style image 𝑠, their abstract feature representations
at specific layers are extracted in the pre-trained VGG model as ℰ𝑛(𝑐) and ℰ𝑛(𝑠).
Through whitening and coloring transforms, the vectorized features for content
and style images are obtained as ℋ𝑐 and ℋ𝑠, then the stylized encoding result
ℋ𝑐𝑠 for the corresponding layer is calculated as:

ℋ𝑐𝑠 = ℰ𝑠𝒟𝑠ℰ𝑇
𝑠 ℋ𝑐

where ℰ𝑠 and 𝒟𝑠 are the orthogonal and diagonal matrices of the covariance
matrix ℋ𝑠ℋ𝑇

𝑠 respectively, and ℰ𝑐 and 𝒟𝑐 are the orthogonal and diagonal
matrices of the covariance matrix ℋ𝑐ℋ𝑇

𝑐 respectively. Finally, the trained
decoder 𝒟𝑒(⋅) decodes the stylized encoding ℋ𝑐𝑠 to obtain the synthesized image
𝑌𝑐𝑠 for the corresponding layer:
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𝑌𝑐𝑠 = 𝒟𝑒(ℋ𝑐𝑠)

To achieve better results, Li et al. [error! reference not found] further improved
the image reconstruction encoder structure from [error! reference not found]
and added post-processing with local image smoothing [error! reference not
found][error! reference not found] to achieve photorealistic fast style transfer,
with effects largely consistent with the deep photo style transfer method pro-
posed by Luan et al. [error! reference not found].

2 Application Analysis
With continuous improvements in algorithms and theory, deep learning-based
image style transfer has achieved significant enhancements in quality and has
broad commercial application prospects. Currently, applications mainly fall into
three directions:

a) Image Processing. Most images circulating on social networks today are
processed by software, with image beautification being a popular application.
Traditional image processing techniques can only perform fixed-pattern process-
ing, while neural network-based image style transfer brings more possibilities
for image style design. Chen et al. [error! reference not found] proposed a
content-aware style transfer method that can be effectively applied to image
inpainting. Zhang et al. [error! reference not found] proposed a method for
coloring comic sketches. Prisma was the first mobile application to offer free
deep learning-based image style transfer services, capable of transforming users’
photos into high-quality artworks within seconds. Subsequently, several paid
image style transfer applications emerged, generating certain commercial value.
With these applications, people can easily create artworks in their own style
without requiring special professional skills.

b) Video Processing. In the film and entertainment industry, such as movies,
television, and animation, visual effects technology is ubiquitous. However, cre-
ating visual effects requires not only special professional skills but also extensive
manual labor. Using more artificial intelligence technology could significantly
reduce production costs, and image style transfer is a viable solution. For ex-
ample, Anderson et al. [error! reference not found] used optical flow and deep
neural networks for movie stylization. Ruder et al. [error! reference not found]
introduced temporal consistency loss functions to improve coherence between
frames after video stylization. Chen et al. [error! reference not found] con-
structed a temporally correlated network model that can incorporate multiple
styles and perform real-time online video stylization. Joshi et al. [error! ref-
erence not found] investigated more advanced parameter spaces in image style
transfer and identified a set of effective components for impressionist stylization
of movie scenes.

c) Style Design Assistance Tools. Image style transfer can serve as a useful
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auxiliary tool in areas such as artistic painting creation, architectural design,
fashion design, and game scene design. Although there are currently no rele-
vant references or successful application cases, this is likely to become a future
research hotspot.

From current research progress, deep learning-based image style transfer is de-
veloping rapidly, with substantial research space remaining for improving algo-
rithm efficiency and image quality, and its potential commercial value awaits
further exploration.

3 Existing Problems and Research Directions
Deep learning-based image style transfer algorithms have achieved remarkable
results, but several problems remain to be solved. This section summarizes the
main existing issues and proposes some suggestions.

a) Parameter Adjustment. To obtain satisfactory results, both image
iteration-based and model iteration-based methods require manual parameter
tuning, particularly model iteration-based methods that need model retraining
after each parameter adjustment. Although image reconstruction decoder-
based methods alleviate the parameter adjustment problem and eliminate the
need for separate model training for different styles, their training process is
cumbersome and image generation quality is not ideal. While local smoothing
processing can improve image reconstruction decoder-based methods, it causes
stylized image textures to disappear, making the final results almost similar to
image color transfer [error! reference not found]. Therefore, finding a method
that is both simple/controllable and guarantees image quality is an important
future research direction. If model storage capacity is not a concern, further
improving the image generation quality of image reconstruction encoder-based
methods is a worthwhile research direction, as this approach can effectively
avoid parameter adjustment issues.

b) Limitations of Pre-trained Models. Gatys et al. [error! reference not
found] discovered that using a pre-trained VGG model can extract high-level
abstract features from images, enabling image style transfer through iterative
optimization. To date, most deep learning-based image style transfer meth-
ods use pre-trained VGG models for feature extraction. Although VGG is an
excellent CNN model that performs well in feature extraction, it is a heavy-
weight model with large size and computational requirements, and was not
originally designed specifically for image style transfer. Therefore, breaking
free from dependence on pre-trained VGG models or designing more compact
and effective feature extractors is an important pathway for advancing deep
learning-based image style transfer. Generative adversarial networks may solve
the limitations of pre-trained models, as their realistic image generation effects
help improve quality, their divergence distribution-based optimization is simi-
lar to image iteration-based methods, and adversarial training performs well in
acquiring new features.
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c) Improvement of Transfer Learning Theory. Image style transfer is
a typical use case of transfer learning. Currently, deep learning-based transfer
learning methods are still in their infancy and require more complete mathemat-
ical methods and theoretical guidance. The improvement of transfer learning
theory is crucial for the further development of deep learning-based image style
transfer. Research on universal models [error! reference not found][error! ref-
erence not found] has proposed designing highly generalizable neural network
models to improve transfer learning capabilities, providing important guidance
for the future development of image style transfer.

d) Preprocessing and Postprocessing Methods. To make final results
more practical, preprocessing and postprocessing methods can be employed,
such as image semantic segmentation [error! reference not found], image fu-
sion [error! reference not found], image color transfer [error! reference not
found][error! reference not found], and image smoothing processing [error! ref-
erence not found][error! reference not found]. These preprocessing and postpro-
cessing methods play important roles in improving image style transfer effects.
For example, Castillo et al. [error! reference not found] combined image seman-
tic segmentation to perform style transfer on specific objects in images. Li et
al. [error! reference not found]’s work combined image fusion technology to
provide user-friendly interaction. Gatys et al. [error! reference not found] used
image color transfer methods to achieve color control in stylized images. Li
et al. [error! reference not found] performed post-processing with local image
smoothing on stylized images to achieve photorealistic effects, as shown in Figure
4 [FIGURE:4]. Therefore, combining effective preprocessing and postprocessing
methods is an important means to improve style transfer results.

4 Conclusion
This paper provides a detailed introduction to deep learning-based image style
transfer, discussing its application prospects, existing problems, and develop-
ment directions. Although successful application cases already exist, there re-
mains a considerable distance to widespread commercial application, requiring
further research and improvement. Overall, deep learning-based image style
transfer is a challenging emerging topic that has attracted extensive academic
attention and has significant industrial demand, making it a research area with
important significance and broad application prospects.
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