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Abstract Traditional domain adaptation learning methods have a strong dependence on data labels.
The transfer process can easily lead to a decrease in training set performance, affecting the effectiveness
of transfer learning. Therefore, this study proposes a domain adaptation model that combines feature
disentangling and disentangling subspaces. The model separates the content and style features of im-
ages through disentangling, effectively improving the quality of image transfer. From the results, the
proposed feature disentangling algorithm achieved pixel accuracy of over 84% for semantic segmentation
of 14 categories, including roads, sidewalks, and buildings, with an average pixel accuracy of 85.2%. On
the ImageNet, the precision, recall, F1 score, and overall accuracy of the research algorithm were 0.942,
0.898, 0.854, and 0.841, respectively. Compared with the One-Class Support Vector Machine, the pre-
cision, recall, F1, and overall accuracy were improved by 8.4%, 10.3%, 27.8%, and 10.9%, respectively.
The proposed model can accurately recognize and classify images, providing effective technical support
for image transfer.
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1. Introduction

Image Style Transfer (IST) is a crucial research direction in computer vision and image
processing, which originates from in-depth exploration of artistic creation and image
processing techniques [23]. Driven by computer technology, people have begun to try to
combine computer technology with artistic creation, using algorithms to simulate and
implement image rendering of different art styles, thereby creating new works [18]. In
recent years, deep learning has shone brightly in IST. Convolutional Neural Networks
(CNN) can precisely extract content and style features, and combined with Generative
Adversarial Networks (GAN) to generate realistic images. Deep learning techniques
have achieved seamless transfer of style from one image to another while preserving the
original content [7]. This technology is not only widely used in fields such as art cre-
ation, film special effects, and game design, but also promotes the deep integration of
technology and art, bringing unprecedented creativity and possibilities to image process-
ing [30]. However, the deep learning method has a strong dependence on data labels, and
requires training and test samples to meet the same spatial distribution, which makes
it have poor generalization ability when facing massive Internet data. Therefore, some
scholars have proposed the Deep Domain Adaptation (DDA) method, which combines
domain adaptation and deep learning theories. This method can effectively solve dis-
tribution differences between the Source Domain (training dataset, SD) and the Target
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Domain (testing or application dataset, TD). It is widely used in fields such as natu-
ral language processing and image transfer [10]. However, current domain adaptation
learning still faces problems such as performance degradation in the training set due to
transfer processes and difficulty in separating unknown categories in open domains [19].
The research considers two aspects: close set domain and open set domain. A domain
adaptation model that integrates Close Set Domain Adaptation by Feature Disentangling
(CSDA-FD) and Open Set Domain Adaptation by Disentangling Subspace (OSDA-DS)
is proposed. This model separates content and style features through learnable weights
and introduces a Domain Shift (DS) to make the model lighter, thereby improving the
style transfer accuracy. The research aims to enhance the accuracy and adaptability
of adaptation learning methods, improve the transferability of adaptation models, and
provide innovative and more effective solutions for artistic IST. There are two main in-
novations. The first is to integrate CSDA-FD and OSDA-DS, and construct a domain
adaptive model from both closed domain and open domain perspectives, providing a new
solution for artistic IST. The second is to introduce a DS in the CSDA-FD algorithm,
which preserves important information of the source domain image during the transfer
learning process, effectively solving the decreased training set performance caused by the
transfer process in traditional domain adaptive learning.

The remaining part of this research is structured in four sections. The Section 2
introduces the current research on IST and DDA methods worldwide. The Section 3
introduces the construction process of the proposed deep domain adaptation model.
In Section 4 the experiments are conducted to verify its feasibility. The last Section 5
summarizes and discusses the paper, pointing out the shortcomings and future prospects.

2. Related work

IST is a computer vision technique that allows the style of one image to be applied
to another one while preserving the main features and details of the content image [3].
With the rapid development of computer technology, deep learning techniques have been
extensively applied to IST and have made significant progress. Liao and Huang [12] built
a semantic guided IST based on matching regions to address the semantic region match-
ing caused by the mismatch between content and style image object categories. This
method achieved semantic aware style transfer by performing semantic context matching
and combining it with a hierarchical local to global network architecture. Lin et al. [13]
proposed an IST based on semantic segmentation to address the semantic mismatch
in IST. The algorithm automatically extracted semantic information from images, and
used this information to guide style transfer, effectively solving the semantic mismatch.
Li et al. [11] built a GAN to address the diverse types and inconsistent distribution of
low-dose scanning image noise generated by different commercial scanners. The network
extracted noise patterns by performing noise encoding and fusing it into the genera-
tor, effectively improving the feasibility and denoising performance of low-dose scanning
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image synthesis. Ma et al. [16] proposed a parental and force embedding network to ad-
dress the semantic alignment between style and content in IST. This network achieved
semantic embedding of local style patterns by jointly modeling feature associations and
semantic correspondences, improving the visual quality and computational efficiency of
style transfer.

DDA is a technique in deep learning aimed at solving the inconsistent data distribu-
tion between the SD and TD. Deep domain adaptation methods have wide applications
in transfer learning, image recognition, natural language processing, and other fields,
especially in situations where data annotation costs are high or data acquisition is dif-
ficult. These methods can significantly optimize the generalization ability. Therefore,
some scholars have explored. Wu et al. [26] proposed an enhanced adaptation network
to address scarce TD labels in partial domain adaptation. The network optimized the
source data selection strategy through a deep reinforcement learning model and combined
domain adaptation techniques to automatically filter out irrelevant source data, thereby
effectively improving the accuracy and generalization ability of domain adaptation. Liu
et al. [14] built a three-stage unsupervised domain adaptation strategy to address the
difficulty and uneven distribution of pixel annotation datasets in remote sensing image
semantic segmentation. This method enhanced the correlation between feature map
channels through covariance channel attention modules, significantly improving the ac-
curacy image semantic segmentation. Shermin et al. [21] built an adversarial domain
adaptation model to address the knowledge transfer problem from a finite class SD to a
multi-class TD in Open Set Domain Adaptation (OSDA). The model introduced a multi-
classifier structure and weighting module to distinguish between known and unknown
target samples, improving the accuracy and adaptability of OSDA. In response to the
unavailability of TD labels and neglected class information in traditional methods for
unsupervised domain adaptation, Kang et al. [9] built a comparative adaptation network,
which designed an alternating update strategy and class aware sampling method. By
optimizing new indicators, the network effectively simulated intra-class and inter-class
domain differences, achieving unsupervised domain adaptation optimization.

In summary, some scholars have explored the style transfer of artistic images from the
perspective of deep learning and have made meaningful progress. However, despite the
significant theoretical advantages of deep domain adaptation methods in image transfer,
there are still not enough practical cases to combine the two. Domain adaptation learning
still faces problems such as decreased training set performance during the transfer process
and difficulty in classifying unknown categories in open domains. This study innovatively
proposes a domain adaptation model that integrates the CSDA-FD and the OSDA-DS.
From the perspectives of close set domain and open set domain, a new domain adaptation
learning method is designed and applied to IST to improve the accuracy and applicability
of image transfer.
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Fig. 1. The process of feature disentangling.

3. Domain adaptation model integrating feature disentangling and disentan-
gling subspace

The domain adaptation method includes two types: close set domain and open set do-
main. Firstly, a detailed introduction is given to the CSDA-FD. Then, for the adaptation
learning problem in the open set domain, the OSDA-DS algorithm is built.

3.1. Close set domain adaptation algorithm based on feature disentangling

Close Set Domain Adaptation (CSDA) is a subproblem in transfer learning that assumes
that all categories in the SD and TD are known and identical [27]. This means that there
are no new or disappearing categories between the SD and the TD during domain adap-
tation. In domain adaptation learning, Feature Disentangling (FD) is a commonly used
method that can optimize the generalization ability [2]. However, although the cate-
gory labels in CSDA are the same as those of the SD, current feature disentangling
methods still suffer from performance degradation in the training set in transfer learn-
ing [5]. Therefore, the research is conducted to optimize feature disentangling. The
novel CSDA-FD is proposed. Feature disentangling refers to decomposing features into
simpler components, typically including task related features and irrelevant features [15].
Feature disentangling is to separate features that remain unchanged in both the SD and
TD (domain invariant features) from features that only change in a specific domain (do-
main specific features) [25]. In this way, the model can better understand and adapt to
data distributions in different fields, thereby improving the generalization ability.

The process of feature disentangling is shown in Figure 1. Firstly, it obtains the
universal attributes of data by identifying cross-domain shared features. Secondly, it
focuses on extracting features that only appear in a specific domain to capture unique
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Fig. 2. Style features and content features.

information in that domain. This processing method helps the model to effectively
transfer and apply knowledge between different fields. E signifies Feature Extractor,
which is responsible for extracting features from both SD data and TD data. D is a
feature Disentangler, which decomposes the extracted features into private features and
common features. G is a Generator used to generate new data samples for training
classifiers. Through feature disentangling, the model can learn features that are useful
for both domains while reducing negative impacts caused by inter domain differences.

To better apply feature disentangling to IST, the concepts of style features and con-
tent features are introduced to decompose the features, as shown in Figure 2. Style
features refer to the features related to artistic expression techniques, color tones, color
distribution, and overall visual perception in an image. These features define the artistic
style of the image, including brushstrokes, color usage, brightness, and contrast. Content
features refer to the information directly related to the entity or scene represented by
the image in the image, which usually includes the basic visual elements of the image,
such as edges, textures, shapes, and recognition information of objects. Content features
are the semantic core of an image, which helps identify the main objects and scenes in
the image.

The image disentangling process based on the style and content features is shown
in Figure 3. The image disentangling process based on style and content features is
similar to the conventional feature disentangling process. The difference is that the
disentangler decomposes the extracted features into style features and content features.
Style features involve the visual style information of the image, while content features
contain the structural and semantic information. The generator receives disentangled
features and generates new images, which can be created based on the style features
of the TD and the content features of the SD. The reconstructed image of the TD is
the final output, which has the style features of the TD and the content features of
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Fig. 3. Feature disentangling into processes for style and content features.

Fig. 4. Structure of close set domain adaptation algorithm based on feature disentangling.

the SD. The entire process is to separate and recombine image features through feature
disentangling, so that the image can exhibit a new style while maintaining its original
content.

To solve the performance degradation of the training set during the migration process,
a DS network is introduced to optimize the accuracy of the SD and TD. The CSDA-
FD is displayed in Figure 4. The CSDA-FD consists of a DS, Encoder (E), feature
Separators (S), Generator, Discriminator (D), and Perceptual Network (PN). After the
original images are input into the network, DS processes them and preserves important
information to maintain the model’s classification ability for the SD. Next, the encoder
extracts the features of these images, and the feature separator divides the image features
into content features and style features. The generator maps features into the image
space. PN is applied to extract perceptual features of images and constrain content and
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Fig. 5. Structure of domain shift.

style similarity. This step is achieved through pre-training. Adversarial losses during
training are applied through discriminators.

The DS is displayed in Figure 5. The DS adopts a U-shaped network structure,
which is similar to a “U” shape in architecture. Therefore, it is named U-net. It has a
contraction path (encoder) and an expansion path (decoder), which undergo convolution
and nonlinear activation operations at each stage [4]. The input size of U-net is 1×572×
572, and the output is 1 × 388 × 388. The encoder section consists of five convolutional
blocks, the first four of which are composed of convolutional layers, ReLU activation
functions, and a 2 × 2 max pooling layer with a stride of 2. The convolutional layer use
a 3 × 3 filter. The fifth convolutional block consists of convolutional layers and ReLU
activation functions. The decoder section consists of four up-sampling blocks, each
consisting of an up-sampling layer, a convolutional layer, a ReLU activation function,
and skip connections. The convolutional layer uses a 3 × 3 filter. The output layer uses
1 × 1 convolution to convert the 64 × 392 × 392 feature map into an output image of
1 × 388 × 388. The condition satisfied by the DS is displayed in equation (1)

Y (IDSB) ∼ Y (IA), Y (IDSA) ∼ Y (IA) , (1)

where Y (IDSB) signifies the output of the TD image IDSB processed by DS. Y (IA)
signifies the output of the SD image IA. Similarly, Y (IDSA) represents the output of the
SD image IDSA processed by the DS. DS is constrained, as shown in equation (2)

IDSA ∼ IA, IDSB ∼ IA . (2)
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Fig. 6. Structure of OSDA-DS.

The study takes a loss function to deceive the discriminator in the model, as shown
in equation (3)

Ld
DS = E[ya log(D(xa)) + yb log(D(xb))] , (3)

where Ld
DS represents the domain adaptation loss function. E represents the expected

value. xa and ya are the sample data and label data of the SD, respectively. xb and
yb are the same. D(xa) and D(xb) represent the outputs of the discriminator for the
input of SD and TD. To make the TD image closer to the SD image, DS retains the
perturbation changes in the image during training, as shown in equation (4)

IDSB = IB + j , (4)

where j represents the perturbation change of the TD image.

3.2. Disentangling the subspace adaptation learning algorithm in open set
domain

CSDA-FD effectively separates the content and style features through nonlinear dis-
entangling, significantly improving the adaptability of the model in close set domain
scenarios. However, domain adaptation problems in the real world are often more com-
plex, especially when the TD contains unknown categories, that is, open set domains,
which make feature disentangling more difficult to separate the TD [8]. To address
this challenge, the OSDA-DS is proposed. This algorithm achieves precise separation of
known and unknown categories by constructing a disentangled subspace of features and
categories, making a breakthrough in the field of OSDA learning.

The OSDA-DS structure is shown in Figure 6. OSDA-DS performs feature extraction
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Fig. 7. Structure of ParNet.

through a Parallel Network structure (ParNet), and then maps it to a feature subspace to
generate feature vectors Fs and Ft. The Global Global Vectors for Word Representation
(GloVe) model is used to encode the textual descriptions of the sample category and map
them to semantic feature vectors Gs and Gt in the category subspace. The study takes
ParNet for feature extraction, which employs a parallel subNet structure to effectively
reduce depth while maintaining high performance, effectively preventing the gradient
explosion caused by excessive depth [6].

The ParNet is displayed in Figure 7. The network depth is 12, and the initial layer
consists of a series of down-sampling blocks. The outputs of down-sampling blocks 2, 3,
and 4 are sent to streams 1, 2, and 3, respectively [29]. 3 is the optimal number of streams
for a given parameter budget. Each stream is composed of some representative visual
blocks with visual attention mechanisms. These blocks process these features at different
resolutions, and then use Fusion connections to fuse features from different streams [17].
Finally, the output is passed to the down-sampling block at depth 11. A disentangled
subspace based on the feature distribution obtained from ParNet is constructed. The
mapping network includes linear layers and activation layers, with output and subspace
dimensions set to 200. The existence and learnability of mapping functions are crucial
in domain adaptive learning. According to the general approximation theorem, neural
networks such as multi-layer perceptrons can approximate any continuous function with
arbitrary accuracy, providing theoretical support for mapping functions. Under the
reasonable assumption of continuity between feature space and subspace, and continuity
of mapping function, there exists a mapping function that can effectively capture the
complex relationships between features and achieve accurate mapping from features to
subspace. The mapping function maps the features extracted by ParNet to the feature
space and the category space, as shown in equation (5)
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{
αS

a = FS(xa), αS
b = FS(xb), αS

c = FS(xc) ,

αT
a = FT (xa), αT

b = FT (xb), αT
c = FT (xc) ,

(5)

where αS
a , αS

b , αS
c and αT

a , αT
b , αT

c are both mapped visual features, with the former in
the feature space and the latter in the category space. After mapping the function, the
distribution of visual features is readjusted to reduce the differences in feature space
caused by categories, making the model more sensitive and enhancing the discriminative
ability. In terms of learnability, appropriate loss functions are designed and optimization
algorithms such as gradient descent are used to optimize the parameters of the mapping
function, which can gradually approach the true feature mapping relationship. Under
certain conditions, optimization algorithms can ensure that the learning process of the
mapping function converges to a local or global optimal solution, thereby ensuring the
learnability of the mapping function.

To achieve the disentangling function of mapping, a distributed loss function is con-
structed, as shown in equation (6)

Ldist = LS
dist + LT

dist ,

LS
dist = max(0, d(αS

a , αS
b ) − d(αS

b , αS
c ) + m) ,

LT
dist = max(0, d(αT

a , αT
c ) − d(αT

a , αT
b ) + m) ,

(6)

where Ldist represents the total domain distance loss, which consists of the domain
distance loss LS

dist in the feature space and the domain distance loss LT
dist in the category

space. d(·, ·) is a distance function used to calculate the distance between features. m
is a margin used to promote greater separation of features between different categories.
The loss function further enhances the discriminative ability and optimizes the ability
to distinguish differences between different categories. GloVe is used to extract the
semantic features and can work synchronously with mapping networks. This model is a
word embedding model based on global statistical information, proposed by researchers
at Stanford University [20]. It learns the vector representation of vocabulary by analyzing
the co-occurrence information of vocabulary in large-scale text corpora [22]. The GloVe
is to use the co-occurrence matrix of vocabulary and obtain the low dimensional vector
representation of vocabulary through matrix decomposition [1]. These vectors capture
the semantic and syntactic relationships between words, allowing semantically similar
words to approach each other in the vector space [28]. The training process of GloVe
is relatively easy to parallelize, with fast training speed and the ability to utilize global
information, which makes it perform well on small datasets [24]. GloVe projects the
mapping onto the disentangled subspace to further enhance the model performance, as
shown in equation (7){

βS
a = GS(za), βS

b = GS(zb), βS
c = GS(zc) ,

βT
a = GT (za), βT

b = GT (zb), βT
c = GT (zc) ,

(7)
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where βS
a , βS

b , βS
c represent the semantic features of the feature space obtained by trans-

forming sample za, zb, zc in the SD through the mapping function GS of the SD. Similarly,
βT

a , βT
b , βT

c represent the semantic features of the category space obtained by transform-
ing the same samples in the TD through the mapping function GT of the TD. This
study constructs a new correlation loss function, aiming to align features and semantic
information in the subspace. The correlation loss function is shown in equation (8)

LS
dist = LS

con + LT
con ,

LS
con = max(0, d(αS

a , βS
a ) − d(αS

a , βS
b ) + m) ,

LT
con = max(0, d(αT

a , βT
a ) − d(αT

a , βT
b ) + m) ,

(8)

where LS
con represents the loss function of the feature space, and LT

con represents the loss
function of the category space. The association between these two functions establishes a
connection between visual and semantic features, and enables objects of the same type to
have a common mapping area. By constructing an association loss function, it is possible
to effectively connect visual and semantic features, thereby more accurately identifying
the features and categories of unknown test samples in two different subspaces. The
model cleverly projects the semantic features of the labels onto the disentangled sub-
space through two mapping functions. This process not only achieves effective separation
between visual features and categories, but also deeply explores the intrinsic connections
between the two. In the disentangled subspace, two subspaces are carefully constructed,
which comprehensively optimize visual features and categories respectively, and deeply
understand the relationship between the two. This design classifies features and cate-
gories more accurately on the test set when dealing with unknown samples, significantly
improving performance. The collaborative optimization of the two subspaces further
enhances the accuracy and generalization ability, making it more adept at handling
complex tasks.

4. Experimental verification and analysis of deep domain adaptation model

In Section 2, this study provides a detailed introduction to the construction process
of the domain adaptive model that integrates feature decoupling and decoupling sub-
spaces, including the detailed structure and implementation mechanisms of CSDA-FD
and OSDA-DS. Next, to verify the effectiveness and superiority of the proposed model,
a series of experiments are conducted to validate and analyze the model. To verify the
effectiveness of the domain adaptation model fusing the CSDA-FD and the OSDA-DS,
the performance of the domain adaptation algorithm under close set domain and open
set domain is verified. Finally, the research model is applied to artistic IST to further
verify its effectiveness in transfer applications. In data preprocessing, all input images
are scaled to 256 × 256 pixels and normalized to map pixel values to the range of [0, 1].
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Tab. 1. Experimental environment and parameters.

Experimental environment
Configuration item Configuration details

Processor Interl Corei7-8750H
Graphics processing unit NVIDIA Tesla K80
Internal memory 16 G
Hard disk 500 G
Operating system Ubuntu 20.04
Deep Learning Framework Pytorch 2.2.2
Programming Language Python 3.7

Experimental parameter
Configuration item Configuration details

Training rounds 100
Batch size 64
Learning rate 0.003
Dropout 0.2

For labeled data, the labels are converted into a single hot encoding form for model
training. This study uses the Adam optimizer and adds operations such as random hor-
izontal flipping, random rotation, and random color jitter during the training process
to increase data diversity. The initial learning rate is set to 0.003 and adjusted using
cosine annealing strategy. The batch size is 64 and the epoch is 100. In addition, the
Dropout technique with a dropout rate of 0.2 is used to prevent overfitting. When the
loss values on the training and validation sets change by less than 0.001 within 10 epochs,
the model is considered to have converged. The early stop condition is triggered when
the loss value on the validation set rises continuously for 15 epochs to avoid overfitting.
The experimental platform selects a deep learning framework based on Pytorch. The
experimental equipment and related parameters are described in detail, as displayed in
Table 1.

The study first evaluates the performance of the CSDA-FD algorithm in digital classi-
fication under close set domains. The research model is compared with multiple classical
domain adaptation methods. Three classical digital datasets are selected: MINST hand-
written digit dataset, SVHN dataset, and EMNIST dataset.

Each method is evaluated 10 times on each task to ensure the stability of the results.
The evaluation metric is numerical recognition accuracy, and three domain adaptation
tasks are performed, namely: MINST to SVHN, SVHN to MINST, and EMNIST to
MINST, as displayed in Table 2. In the three domain adaptation tasks of MINST to
SVHN, SVHN to MINST, and EMNIST to MINST, the numerical recognition accuracy
of the proposed CSDA-FD algorithm was 97.9%, 92.5%, and 98.1%, respectively, which
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Tab. 2. Experimental results of numerical recognition accuracy [%].

Method MINST to SVHN SVHN to MINST EMNIST to MINST

Source Only 81.1 67.8 83.2
DANN 83.0 75.1 85.5
DDC 82.1 77.4 86.2
MK-MMD 85.7 84.1 85.1
GAN 88.2 85.1 89.4
ADDA 90.2 88.3 91.6
DSN 87.9 86.5 90.7
CyCADA 92.1 88.8 92.5
DRANet 96.5 87.4 96.9
CDA 95.1 89.4 97.8
CSDA-FD 97.9 92.5 98.1
Target Only 98.5 92.3 99.4

was superior to that of other algorithms. To quantify the performance difference between
CSDA-FD and other methods, this study takes Cohen’s d to calculate the effect size and
reports the 95% confidence interval. Taking the MINST to SVHN task as an example, the
Source Only method is selected as the baseline (accuracy 81.1% and standard deviation
2.2%) and compared with the CSDA-FD method (accuracy 97.9% and standard deviation
1.6%). The calculated Cohen’s d value was 8.75, with a 95% confidence interval of [7.37,
10.13]. This indicates that the performance of the CSDA-FD method is significantly
better than that of the Source Only method, and the effect size is statistically significant.
Overall, in all three domain adaptation scenarios, the research model demonstrated good
numerical recognition accuracy, and the research algorithm was close to the accuracy of
training directly using the labeled TD. Especially in the SVHN to MINST task, the
accuracy of the research algorithm even exceeded that of training directly using the TD
by 0.2%. The semantic segmentation performance of the CSDA-FD algorithm was tested
in this study.

The experimental dataset was selected from the GTA5 road scene dataset, and 14
classic categories were selected for training. The evaluation metric is Pixel Accuracy
(PA), as displayed in Table 3. The semantic segmentation results for 14 categories
including roads, sidewalks, and buildings showed that the average PA of the CyCADA
algorithm was 80.0%, the DRANet algorithm was 81.0%, the CDA algorithm was 83.1%,
and the proposed CSDA-FD had a PA of over 84%, with an average PA of 85.2%.
Overall, the semantic segmentation performance of the research algorithm is excellent,
with high PA.

The memory usage of the algorithm in MINST to SVHN and SVHN to MINST
transfer learning is tested, as displayed in Figure 8. According to Figure 8a, in the
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Tab. 3. Experimental results on semantic segmentation accuracy [%].

Method Road Sidewalk Building Fence Tree Traffic light Vehicle

CyCADA 80.6 79.9 79.4 79.1 79.1 80.0 80.4
DRANet 81.3 81.7 81.5 80.1 81.4 81.3 81.6
CDA 83.1 82.6 83.1 83.6 83.9 83.0 83.5
CSDA-FD 84.4 85.7 85.3 85.7 85.4 85.5 85.2

Bicycle Motorcycle Pedestrian Animal Sky Trash can Street light

CyCADA 80.9 80.4 79.5 80.3 79.7 79.5 81.0
DRANet 80.1 81.1 81.4 80.2 80.5 81.9 80.5
CDA 82.5 83.3 83.2 82.2 82.7 82.1 83.9
CSDA-FD 85.7 85.2 84.1 85.7 85.6 84.0 85.8

[%
]

Time [s]
a Memory usage under MINST to SVHN.

[%
]

Time [s]
b Memory usage under SVHN to MINST.

Fig. 8. Comparison result of memory usage.

MINST to SVHN transfer learning, the average memory usage of the CyCADA algorithm
was 65.2%, the DRANet algorithm was 57.5%, the CDA algorithm was 49.9%, and the
proposed CSDA-FD had an average memory usage of 42.6%. In SVHN to MINST
transfer learning (see Fig. 8b), the average memory usage of the CyCADA algorithm
was 75.7%, the DRANet algorithm was 68.2%, the CDA algorithm was 58.3%, and the
proposed CSDA-FD algorithm was 47.5%. Overall, the research algorithm has the lowest
memory usage, which is beneficial for improving the efficiency of algorithm operation.

The study tested the OSDA-DS algorithm in an open set domain using the Office-31
as the experimental dataset. The Office-31 is a benchmark dataset used for domain
adaptation research, which includes images from different office environments such as
Amazon, Webcam, and Digital Single Lens Reflex. The testing indicators are average
accuracy and shared accuracy. Average accuracy is one of the most frequently applied
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[%
]

a Experimental results of average accuracy.
[%

]
b Experimental results of Sharing accuracy.

Fig. 9. Classification accuracy test results under open set domain.

evaluation indicators in classification problems, which represents the proportion of cor-
rectly classified samples to the total sample size. High accuracy indicates good perfor-
mance. Shared accuracy only considers the accuracy of known samples. The comparison
methods include the One-Class Support Vector Machine (OSVM) algorithm, the OSDA
optimized by Back Propagation (OSDA-BP) algorithm, and the domain adaptation algo-
rithm BP+OSVM, which combines back propagation and OSVM. The results are shown
in Figure 9, where in the horizontal axis, A-D signify the accuracy from the Amazon
domain to the scanner domain, A-W represents the accuracy from the Amazon domain
to the camera domain, D-W represents the accuracy from the scanner domain to the
camera domain, D-A represents the accuracy from the scanner domain to the Amazon
domain, and W-D represents the accuracy from the camera domain to the scanner do-
main. According to Fig. 9a, under five transfer learning tasks, the average classification
accuracy of OSVM was 33.5%, the OSDA-BP algorithm was 38.9%, the BP+OSVM
was 48.0%, and the OSDA-DS algorithm was 83.6%. According to Fig. 9b, the average
shared accuracy of the research algorithm was 85.6%, which was better than that of
comparison algorithms. Overall, the research algorithm has the highest average accu-
racy and shared accuracy in image classification in transfer learning, and can effectively
perform semantic recognition and classification in open set domains.

The Precision (P ), Recall (R), F1 score, and Overall Accuracy (OA) of the algorithm
are tested, as displayed in Table 4. According to this Table, on the Office-31 dataset,
the P, R, F1, and OA values of the OSVM algorithm were 0.928, 0.844, 0.788, and
0.775, respectively. The P, R, F1, and OA values of the OSDA-BP algorithm were 0.951,
0.879, 0.864, and 0.886, respectively. The P, R, F1, and OA values of the BP+OSVM
algorithm were 0.961, 0.907, 0.933, and 0.925, respectively. The P, R, F1, and OA values
of the proposed OSDA-DS were 0.978, 0.943, 0.960, and 0.955, respectively, which were
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Tab. 4. Test results for P , R, F1, and OA.

On the Office-31 dataset

Model P R F1 OA
OSVM 0.928 0.844 0.788 0.775
OSDA-BP 0.951 0.879 0.864 0.886
BP+OSVM 0.961 0.907 0.933 0.925
OSDA-DS 0.978 0.943 0.960 0.955

On the ImageNet dataset

Model P R F1 OA
OSVM 0.869 0.814 0.668 0.732
OSDA-BP 0.860 0.821 0.712 0.755
BP+OSVM 0.887 0.856 0.780 0.794
OSDA-DS 0.942 0.898 0.854 0.841

Tab. 5. Results of the ablation experiment.

Model Average accuracy P R F1

Without DS 0.782 0.942 0.908 0.928
Without GloVe 0.805 0.957 0.919 0.937
Without ParNet 0.768 0.934 0.903 0.922
Complete model 0.836 0.978 0.943 0.960

superior to those of other algorithms. On the ImageNet, the P, R, F1, and OA values of
the research algorithm were 0.942, 0.898, 0.854, and 0.841, respectively. Compared with
the OSVM algorithm, the P, R, F1, and OA values improved by 8.4%, 10.3%, 27.8%,
and 10.9%, respectively. Overall, the research algorithm showed good detection results
on both datasets, with superior performance and good transferability. To evaluate the
independent contributions of each component in the OSDA-DS algorithm, this study
conducts ablation experiments using the Office-31 dataset.

The complete model is compared with models without DS, GloVe, and ParNet. The
results of the ablation experiment are shown in Table 5. According to this Table, the
average accuracy OA, P , R, and F1 score of the complete model were the highest, at
83.6%, 97.8%, 94.3%, and 96.0%, respectively. The model performance was the worst
after removing ParNet, indicating that ParNet played a crucial role in feature extraction
and model performance. The results indicate that the three components of DS, GloVe,
and ParNet all play important roles in the OSDA-DS algorithm, jointly improving the
classification performance and transfer ability of the model in open set domains.
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a Experimental results of SSIM. b Experimental results of PSNR. c Experimental results of FID.

Fig. 10. Experiment results for SSIM, PSNR and FID.

Furthermore, the study tested the artistic image transfer effect of the domain adapta-
tion model by selecting images of painting styles such as crayon drawing, oil painting, and
sketching as the training dataset. The image size is set to 256 × 256, and photographic
images of landscapes, buildings, etc. are selected as the test data. A comparative exper-
iment is conducted to evaluate the quality of art images generated by transfer learning.
The comparison methods selected are Gatys algorithm, Dual Generative Adversarial Net-
works (DualGAN), and Cycle-Consistent Generative Adversarial Networks (CycleGAN).
The evaluation metrics are Structural Similarity Index (SSIM), Peak Signal-to-Noise Ra-
tio (PSNR), and Fréchet Inception Distance (FID), as displayed in Figure 10. According
to Fig. 10a, the average SSIM of the Gatys algorithm was 0.53, the average SSIM of
the DualGAN algorithm was 0.48, the average SSIM of the CycleGAN was 0.81, and
the average SSIM of the research model was 0.88. According to Fig. 10b, the average
PSNR of the Gatys algorithm was 14.51, the average PSNR of the DualGAN algorithm
was 15.11, the average PSNR of the CycleGAN algorithm was 22.91, and the average
PSNR of the research model was 22.90. According to Fig. 10c, the average FID index
of Gatys algorithm was 308.55, the average FID of DualGAN algorithm was 233.85, the
average FID of CycleGAN was 87.19, and the average FID of the research model was
0.88. Overall, the research model generates images with minimal noise and can produce
high-quality artistic images of different styles.

The study randomly selects three photographs for style transfer and generates images
with sketching, oil painting, and crayon drawing styles, as shown in Figure 11. The
research model was able to learn from images of different painting types, with good style
transfer effects. The generated images retained the structural and semantic information
of the original photographic images, with minimal distortion and reasonable color filling.
Overall, the new images generated by the research model have vibrant colors and distinct
lines, which can effectively facilitate the transfer learning of different artistic styles.

To further validate the superiority of the proposed model, this study takes the
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Fig. 11. Image style transfer rendering.

Tab. 6. Performance comparison results of five models.

Model SSIM PSNR FID

Neural style conversion 0.65 18.3 120.2
AdaIN 0.71 20.0 94.6
WCT 0.74 20.8 85.1
StyleGAN2 0.79 21.9 74.7
Research model 0.90 23.2 0.89

WikiArt dataset for testing, which includes 55 art styles. The proposed model is com-
pared with four state-of-the-art style conversion baseline models: neural style conversion,
AdaIN, WCT, and StyleGAN2. The performance comparison results of these five models
are shown in Table 6. The image quality generated by the proposed model in the WikiArt
dataset was still good, with SSIM, PSNR, and FID of 0.90, 23.2, and 0.89, respectively,
all higher than those of baseline models. The results indicate that the proposed model
has stronger style transfer ability and higher generation quality when processing complex
art style datasets, demonstrating certain superiority.
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5. Discussion and conclusion

In response to the performance degradation of the training set and the difficulty in clas-
sifying unknown categories in domain adaptation learning during the transfer of artistic
images, this study considered both close and open set domains to propose a domain
adaptation model that integrated the CSDA-FD algorithm and the OSDA-DS algorithm.
The model separated image features through feature disentangling and established a dis-
entangling subspace. A DS was introduced to make the model lighter, improving the
accuracy and efficiency of style transfer. Finally, the effectiveness and superiority were
verified through experiments. The performance evaluation results showed that the re-
search algorithm achieved an average numerical recognition accuracy of 96.2% in three
domain adaptation tasks, which was superior to that of other algorithms. The results
of the semantic segmentation task showed that the PA of the research algorithm was
above 84%, with an average PA of 85.2%. The semantic segmentation performance was
excellent and the PA was high. The test results under the open set domain showed that
the OSDA-DS algorithm had an average classification accuracy of 83.6% and an aver-
age sharing accuracy of 85.6%, which could accurately classify images and prepare for
subsequent image transfer. The quality of art images generated by transfer learning was
evaluated. The average SSIM was 0.88, the average PSNR was 22.90, and the average
FID was 0.88. The research model was able to learn from images of different paint-
ing types, with good style transfer effect, low generated image noise, and high quality.
Overall, the domain adaptation model fused the CSDA-FD algorithm and the OSDA-DS
algorithm for image transfer under different art styles can accurately recognize and clas-
sify images, thereby achieving style transfer. The proposed model has broad application
prospects in real-world fields such as business design and educational platforms. For
example, in the advertising industry, this model can quickly convert ordinary product
images provided by customers into images with specific artistic styles, thereby enhancing
the attractiveness of advertisements. Online art education platforms can also integrate
this model to provide students with an interactive learning tool, assisting in creation
and enhancing their art appreciation abilities. However, in practical operation, it may
not be possible to completely and accurately decouple image content and style features,
thereby affecting the accuracy and effectiveness of style transfer. Moreover, the model
requires high computational resources and time during the training phase, especially
when dealing with large-scale datasets, which limits its applicability in practical applica-
tions. Therefore, in future research, multi-scale analysis tools such as wavelet transform
can be further combined to decompose images into subbands of different scales and per-
form feature decoupling operations separately. The network structure of the model is
simplified and optimized to reduce redundant computational layers and parameters, and
improve the computational efficiency of the model.
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