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ABSTRACT
Drawing the clothing plan is an essential part of the clothing industry. However, the
irregular shape of clothing, strong deformability and sensitivity to light make the fast
and accurate realization of clothing image retrieval a very challenging problem. The
successful application of the Transformer in image recognition shows the application
potential of the Transformer in the image field. This article proposes an efficient and
improved clothing plan based on ResNet-50. Firstly, in the feature extraction section,
the ResNet-50 network structure embedded in the Transformer module is used to
improve the network’s receptive field range and feature extraction ability. Secondly,
dense jump connections are added to the ResNet-50 upsampling process, making full
use of feature extraction information at each stage, further improving the quality of
the generated image. The network consists of three steps: the sketch stage, which
aims to predict the color distribution of clothing and obtain watercolor images
without gradients and shadows. The second is the thinning stage, which refines the
watercolor image into a clothing image with light and shadow effect; The third is
the optimization stage, which combines the outputs of the first two stages to optimize
the generation quality further. The experimental results show that the improved
network’s IS and first input delay (FID) scores are 4.592 and 1.506, respectively.
High-quality clothing images can be generated only by inputting line drawings and a
few color points. Compared with the existing methods, the image generated by this
network has excellent advantages in realism and accuracy. This method can combine
various feature information of images, improve retrieval accuracy, has strong
robustness and practicability, and can provide a reference for the daily work of
fashion designers.

Subjects Algorithms and Analysis of Algorithms, Data Science, Graphics
Keywords Clothing plan, Convolutional neural network, Transformer, ResNet-50

INTRODUCTION
Drawing a clothing plan is an essential part of the clothing industry. Clothing renderings
focus on the specific form and design details to accurately grasp the designer’s design
intention in garment production (Xu et al., 2023). The first step of drawing the effect
diagram is to sketch clothing, and the second step is to paint, that is, to describe the surface
texture and texture of clothing cloth and reflect the dressing effect of clothing (Fang et al.,
2023). The process of coloring is complicated and requires designers’ creativity and
painting skills. With the development and maturity of computer technology, researchers
began to mine clothing-related information from clothing plane image data, in which line
drawings and color points are important clothing information, which is composed of
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clothing structure, color, texture, and other elements, and can represent the overall visual
experience of clothing (Zhou et al., 2022a). Therefore, how to use image processing
technology to extract various elements from clothing images to help clothing designers
grasp the trend and draw a more stylish clothing plan has gradually become a research
hotspot (Xu et al., 2022).

The mainstream clothing design and painting software includes PhotoShop, Illustrator,
CorelDraw, Freehand, etc. (Saranya & Geetha, 2022). Compared with traditional hand-
drawn methods, this software provides various image editing tools, which improve the
drawing efficiency and reduce the trial and error cost of coloring. Despite the software’s
help, the clothing plan’s drawing process is still very complicated, and it needs to rely on
manual design, which requires high human resources and time costs (Zhou et al., 2022b).

In recent years, the convolutional neural network (CNN) has been widely used in image
processing, which will cascade representation and classification learning. It can adaptively
mine useful feature information from images through a backpropagation algorithm (Yu
et al., 2021). There are two kinds of CNN-based clothing image processing methods. One is
the clothing component-based method (Mir, Alldieck & Ponsmoll, 2020) represented by
CD-CNNs (component dependent convective neural networks). It uses a support vector
machine to process and classify the extracted features. Its deployment of a feature
extraction model based on clothing components requires various supervision information
related to clothing components. The whole model has high complexity, many parameters,
and much calculation. The second is the end-to-end method based on the global image.
This method takes the entire image as the input of CNN and automatically learns the
characteristics of clothing style (Gao & Han, 2020). For example, Aoki et al. (2019) used
PSPNet to locate the clothing area in the image scene and recognized the clothing style
through ResNet50. Takagi et al. (2017) collected 13,126 clothing images covering 14 styles,
such as dresses, classics, and Lolita, and tested the performance of clothing style
recognition and generation using five general image recognition networks such as VGG
(visual geometry group). Liu et al. (2016) put forward the DeepFashion data set, which
improved the traditional deep neural network and enabled it to perform many tasks such
as clothing classification, key point location, and retrieval. Ge et al. (2019) constructed the
DeepFashion data set and proposed the Match R-CNN network for clothing categories,
key point detection, segmentation, and generation.Wang et al. (2018) and Yu et al. (2021)
used dynamic dependence and symmetry to encode clothing images and introduced a
bidirectional CNN network to model clothing images for feature extraction and key point
detection. Lin et al. (2016) extracted the pixels of the input image based on the depth
confidence network and realized the classification and generation of clothing images. Tan
et al. (2020) fused the ELU and ReLU functions with the Xception network and applied
them to the clothing image processing, achieving a good image generation effect. Chen &
Han (2018) proposed ResNet and VGG networks based on transfer learning, which
realized the processing and classification of clothing images. Liu, Luo & Dong (2019)
proposed a hierarchical classification model based on ResNet and verified the processing
performance of the model on the Fashion Mnist data set. Di (2020) proposed a clothing
image processing model based on MobileNetV2, The excellent performance of the

Zhou (2023), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.1372 2/16

http://dx.doi.org/10.7717/peerj-cs.1372
https://peerj.com/computer-science/


MobileNetV2 network is proved on the Fashion Mnist clothing data set. Cychnerski et al.
(2017) proposed a clothing categories detection system that can judge five attribute tags on
DeepFashion data sets. The clothing mentioned above image processing methods based on
CNN has completed the tasks of classification, generation, and retrieval of clothing images,
which can help clothing designers to reduce the burden of drawing clothing plans to some
extent.

At present, CNN-based methods have achieved excellent performance in clothing.
However, these methods can not extract fine-grained features in clothing images. Also, it is
challenging to learn global semantic information and semantic information with relatively
far pixels, which leads to poor feature extraction effect of clothing images by the network.
Recently, inspired by the great success of Transformers in natural language processing,
researchers plan to introduce Transformer into the field of image processing (Dosovitskiy
et al., 2020). For example, Dosovitskiy et al. (2020) proposed to use Vision Transformer for
image recognition and used a two-dimensional image block sequence with location
information as input to pre-train on a large data set, with performance equivalent to that
based on CNN. Touvron et al. (2021) put forward the data-efficient image Transformer,
which enables the Transformer to be trained on medium-sized data sets. A more robust
transformer can be obtained by combining the knowledge distillation method. Park & Lee
(2022) designed a layered Swin Transformer, which was used as the backbone network for
image feature extraction, and made significant progress in image processing. It can be seen
that the successful application of the Transformer in image recognition shows the
application potential of the Transformer in the image field. Therefore, we can consider
combining CNN and Transformer to extract clothing image features to achieve better
processing performance when processing clothing images.

To achieve more accurate and efficient feature extraction of clothing images and help
clothing designers draw more stylish clothing plans, this article proposes a clothing image
generation network based on Transformer and CNN, which can automatically generate
realistic clothing renderings only by specifying a few color points on clothing line
drawings. The specific innovations are as follows:

(1) Effectively integrate ResNet-50 and Transformer, obtain local information of clothing
images through ResNet-50, and Transformer obtains global information, further
improving the network’s ability to extract different features of clothing images.

(2) Introducing dense skip connections in ResNet-50 further improves the ability of the
network to utilize feature information at various levels, completing more accurate clothing
image generation tasks.

CLOTHING IMAGE GENERATION NETWORK
This article proposes a clothing image generation network based on ResNet-50 and
Transformer. Users only need to input a clothing line drawing and specify a few color
points on the line drawing to generate realistic clothing images according to their design
intentions.
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Two deep learning network models based on ResNet-50-Transformer hybrid
architecture are used: the sketch and refinement models. The training process is divided
into three stages: sketch, refinement, and optimization, as shown in Fig. 1.

(1) Sketch stage: the input data in this stage are line drawings and color points, and the
target is watercolor clothing images. Watercolor image is characterized by color block
distribution, without gradient and light and shadow effects. After training, the sketch
model can generate watercolor clothing images to obtain approximate color distribution
information.

(2) Refinement stage: The input data in this stage are watercolor images, line drawings and
color points, and the generation target is clothing images. After obtaining the approximate
color distribution, the refined model can further optimize the generation effect and
generate realistic clothing images after this training stage. The input data of line drawings
and color points help refine the model and correct the unreasonable generation results in
the sketch stage.

(3) Optimization stage: Both sketch and refinement models are trained simultaneously in
this stage. The watercolor image generated by the sketch model, line drawings, and color
points are taken as the thinning model’s input, and the thinning model and the training
loss term of the thinning model are taken as a part of the loss term of the sketch model.
This stage aims to fine-tune the parameters of the converged sketch model and refined
model so that the input and output data of the two models can be more coordinated and
the generation quality can be further optimized.

Line
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Sketch model

Watercolor 

image

ResNet-50 Transformer ResNet-50
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Figure 1 Schematic diagram of the clothing image generation network.
Full-size DOI: 10.7717/peerj-cs.1372/fig-1
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After the model is trained, it is only necessary to input the line draft and color points
into the sketch model and then input the output of the sketch model, line draft, and color
points into the refined model to generate the clothing effect map.

Network structure
The sketch and refinement models have different input dimensions, but the other
structures are identical. They comprise a ResNet-50, a Transformer, and a Cascaded
Upsampler (CUP).

ResNet-50
Firstly, the local features of the input image are extracted by down-sampling using ResNet-
50, which is divided into three down-sampling stages. See Table 1 for the parameters of the
down-sampling module. Each module consists of multiple Bottleneck structures
repeatedly superimposed. In the Bottleneck part, the number of channels is firstly reduced
by a 1 × 1 convolution, and then the ordinary 3 × 3 convolution in the middle is
convoluted. The structure of the Bottleneck is shown in Fig. 2.

In Fig. 2, d represents the number of channels of the feature map.

Transformer
The input feature map is analyzed x marks the position and divides it into an image block.

xip 2 RP2�Cji ¼ 1;…:;N
n o

, where the size of each image block is P � P, the number of

image blocks is N ¼ HW
P2

, the number of image blocks is also the length of the input image

block sequence.
Trainable linear mapping is used to map vectorized image blocks. xp to a D dimension

coding space. To encode the spatial information of an image block, specific position
information is added to the image block sequence to retain its position information, as
shown in Formula (1).

z0 ¼ x1pE; x
2
pE;…; xNp E

h i
þ Epos (1)

where E 2 Rðp2�CÞ�D represents the coding mapping of the image block, Epos 2 RN�D

represents the location information code.
The transformer coding structure consists of L multi-self-attention (MSA), and multi-

layer perception (MLP). Among them, MSA is a self-attention module with multiple
branches, each branch represents a head, and the hidden layer and output layer of multi-
layer perceptron are all neural networks with full connection layer. The output of the g-th
layer in the coding structure is represented by Eqs. (2) and (3).

z0g ¼ MSAðLNðzg� 1ÞÞ þ zg� 1 (2)

zg ¼ MLPðLNðz0gÞÞ þ z0g (3)

where LNð:Þ represents layer standardization operation, zg is an encoded image
representation, and the structure of the Transformer module is shown in Fig. 3.
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Decoder
This article introduces CUP into the decoding part, composed of multiple up-sampling
and multi-layer jump connections to decode the hidden features to get the final generated

image (Yu et al., 2021). After the sequence of hidden features ZL 2 R
HW
P2 � D is

reconstructed
H
P
�W

P
� D, the up-sampling is realized by cascading multiple up-sampling

Table 1 ResNet-50 structure.

Convolution part Output size 50 floors

Convolution layer 128 × 128 7 × 7, 64, stride2

Pool layer 64 × 64 3 × 3, max pool, stride2

The first stage 64 × 64

The second stage 32 × 32

The third stage 16 × 16

Figure 2 Bottleneck structure. Full-size DOI: 10.7717/peerj-cs.1372/fig-2
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blocks and skip connections. Each up-sampling block is successively composed of feature
map concatenation, convolution function and ReLU activation function to achieve
complete resolution.

The skip connection in the CUP is used to fuse the multi-scale features of the encoder
with the upsampling features. However, in the first stage, the down-sampling only extracts
the shallow features of the image, and it will lose a lot of information if it is directly fused
with the last feature of the up-sampling. Hence, this article adds a dense jump connection
to connect every scale in the horizontal direction. After the two feature maps are spliced by

Figure 3 Transformer coding structure. Full-size DOI: 10.7717/peerj-cs.1372/fig-3

Zhou (2023), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.1372 7/16

http://dx.doi.org/10.7717/peerj-cs.1372/fig-3
http://dx.doi.org/10.7717/peerj-cs.1372
https://peerj.com/computer-science/


the bilinear interpolation upsampling method, the number of channels is halved by 1 × 1
convolution. The specific operation is shown in Fig. 4.

Discriminator
The discriminator is essential for the clothing image generation network. The
discriminator used in this article consists of a simple multi-layer convolution and a fully
connected layer at the tail. It is a discriminator network based on reference (Zhang et al.,
2019). All its batch normalization layers are removed in this article. This modification is
because part of the loss function used in this article is based on the reference (Gulrajani
et al., 2017), and batch normalization in the discriminator may destroy this part of the loss
function. Lipschitz continuity.

Loss function
The total loss items used in the training process are:

‘D ¼ λ fea‘feaþ λ rec‘recþ λ adv‘adv (4)

‘R ¼ λ fea‘feaþ λ rec‘recþ λ adv‘adv (5)

‘T ¼ λR‘Rþ λ fea‘feaþ λ rec‘rec (6)

where ‘D and ‘R are loss items used in the sketch stage and refinement stage, respectively;
‘T and ‘R represent the optimization stage, which is used to limit the loss items of the
sketch model and refinement model, respectively; ‘rec, ‘fea and ‘adv are reconstruction
loss, feature loss, and confrontation loss. The specific calculation method for these losses is
as follows:

(1) Reconstruction loss ‘rec is the loss between the real and generated images Igen.

‘rec ¼ 1
CHW

Igt � Igenk k1 (7)

Figure 4 Feature splicing structure. Full-size DOI: 10.7717/peerj-cs.1372/fig-4

Zhou (2023), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.1372 8/16

http://dx.doi.org/10.7717/peerj-cs.1372/fig-4
http://dx.doi.org/10.7717/peerj-cs.1372
https://peerj.com/computer-science/


where CHW is the size of the image; C,H,W are the number of channels, height and width
of the image.

(2) Feature loss ‘fea has been proven effective in improving visual quality and has been
applied to some image-generation methods (Liu, Luo & Dong, 2019). A pre-trained large-
scale classification network often can image semantic information perception, so
narrowing the distance between the predicted image and the target image in the feature
space can improve the authenticity and accuracy of image generation. The characteristic
loss used in this article is:

‘fea ¼ 1
CiHiWi

fvgg
i ðIgtÞ � fvgg

i ðIgenÞ�� ��2
2

(9)

where fvgg
i represents the i-th characteristic diagram of the ResNet-50 layer; CiHiWi

represents the size of the feature map of the i-th layer.

(3) GAN losses ‘adv restrict the discriminator in the network. The loss term of the
discriminator is calculated by the difference between the false image generated by the
generator and the real image, and the discriminator gives the loss term of the generator. In
order to train more stable and better performance, we use gradient normalization
punishment instead of weight clipping here. The loss item can be written as:

‘Dis ¼ E
~x�Pg

Dð~xÞ½ � � E
~x�Pr

DðxÞ½ � þ λ E
~x�Px̂

ð rx̂Dðx̂Þk k2 � 1Þ2� �
(10)

‘adv ¼ ‘Gen ¼ � E
~x�Pg

Dð~xÞ½ � (11)

where ‘Dis is the loss term of the discriminator, and ‘Gen is the loss item of the generator.

EXPERIMENT AND ANALYSIS
Data set and parameter settings
In this article, 5,000 clothing renderings were collected from the official website of fast
fashion consumer brands such as Uniqlo and Muji, and the OpenCV image processing
library standardized the images. See Table 2 for the training process parameter settings.
After the model training is completed, the line draft of the clothing image is obtained by

Table 2 Model training parameters.

Parameter name Parameter value

Optimizer AdamW

Learning rate 1e−4

Epoch 2,000

CPU E3-1230v2

GPU GTX1660s

Memory 16G

OS Windows10
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PhotoShop batch processing. Then the line draft data set can be generated by inputting it
into the network. All subsequent experiments were conducted on a unified parameter
setting and self built dataset.

Comparison of different methods
Three quantitative evaluation indexes are used to quantitatively evaluate the
authenticity and accuracy of clothing images generated by PSPNet (Aoki et al., 2019), VGG
(Takagi et al., 2017), ResNet (Takagi et al., 2017), UNet (Zhang et al., 2022), Attention-
UNet (Zhu, Shu & Zhang, 2022), GAN (Chen & Han, 2018), Transformer (Liu, Luo &
Dong, 2019) and this method.

(1) Authenticity evaluation: The experiment adopts human perceptual research, (HPR).
Given ten groups of images generated by each method, 20 volunteers must choose the most
accurate method from each group based on their first impressions. If a volunteer selects
each method, one point will be scored, and the final score will be averaged.

(2) Accuracy evaluation: Inception score (IS) and Frechet Inception Distance score (FID)
(Cychnerski et al., 2017), which are widely used in the generation model, are adopted in the
experiment. Lower FID and higher IS represent more accurate realistic images with higher
quality. The specific formula of IS is as follows.

ISðGÞ ¼ expðEx � pgDKLðpðyjxÞ pðyÞk ÞÞ (12)

where, Ex � pg represents traversing all generated samples and averaging them. DKL
represents the approximation between different generated samples. pðyjxÞ represents the
probability distribution that the picture x belongs to all categories. pðyÞ represents an edge
probability of pðyjxÞ.

The specific formula of FID is as follows.

FID ¼ lr � lgk k2 þ Tr
��X

r þ
X

g
�
� 2

�X
r
X

g
�1
2
�

(13)

where, lr represents the feature mean value of a real image. lg represents the feature mean
value of the generated image.

P
r represents the covariance matrix of a real image.

P
g

represents a covariance matrix for generating images. Tr represents the generation
trajectory of the image.

Table 3 lists the quantitative scores of each method. Our method has achieved the best
results in three evaluation indexes compared with other methods.

Ablation experiment
This research also compares the ablation experiment with the pure ResNet-50 network. To
observe and analyze the information processing process of each module, the network in
this article is split and reorganized. The data from relevant comparative experiments are
shown in Table 4.

Compared with the ResNet-50 network, our model combines CUP and Transformer.
The accuracy of the proposed model is much better. During the experiment, although
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Transformer and CUP modules compressed the feature map, the accuracy of the image
generation IS decreased by 8.138%, and the FID increased by 9.437%. Still, the video
memory occupation of 71.696% and the training time of 69.683% are reduced. This shows
that Transformer and CUP modules can effectively reduce the calculation, play a role in
optimizing the model or improve the quality of image generation.

To further verify the effectiveness of the network, the ablation experiments of different
numbers of Transformer layers are continued, and the effects of three other numbers of
Transformer layers are carried out, which are two, eight and 12 layers, respectively. Table 5
shows the detailed results. Other parameters remain unchanged during the experiment
except for the number of Transformer layers.

The experimental results show that with the increase of Transformer layers, the IS score
of the network increases and the FID score decreases, which further verifies the
effectiveness of the Transformer structure.

Robustness experiment
In practical application, due to the limitation of shooting conditions, there are disturbances
such as rotation, low resolution, and illumination in the imaged clothing image. Therefore,

Table 3 Quantitative comparison between this method and other methods.

Methods HPR IS FID

PSPNet 0.0 3.852 5.790

VGG 1.3 4.266 2.340

ResNet 1.0 4.133 2.464

Unet 1.7 4.287 2.191

Attention-UNet 0.8 4.174 2.419

GAN 1.9 4.304 2.085

Transformer 4.4 4.427 1.872

Ours 5.5 4.592 1.506

Table 4 Functions of transformer and CUP module.

Methods Batch Size Training time Memory occupancy IS FID

With CUP and transformer 4 365.2 s 2.223G 4.592 1.506

Without CUP and transformer 4 1,204.6 s 7.854G 4.989 1.367

Table 5 Ablation experiment of transformer layer number.

Number of plies Batch size IS FID

2 4 4.011 1.982

8 4 4.236 1.774

12 4 4.592 1.506
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the robustness of the clothing plane image generation network is one of the requirements
for practical application. The robustness of the proposed network and the traditional
ResNet-50 are tested. Ten images were randomly selected from the data set for rotation
transformation, scaling transformation, and brightness transformation, respectively, and
the random range of each transformation parameter was increased in turn. The 10 images
were tested five times, and the generation accuracy was taken as the average of five tests.
The results of the robustness test are shown in Table 6. Among them, the rotation angle
refers to the included angle between the rotated image and the original image, the image
size refers to the spatial resolution of the image after scale transformation, and the
brightness factor refers to the overall brightness gain of the image after brightness
transformation compared with the original image (Saranya & Geetha, 2022).

From Table 6, the generation accuracy of the network in this article decreases slightly,
which is better than the traditional ResNet-50, indicating that the method in this article has
good robustness against three kinds of disturbances. The accuracy will drop sharply when
the range of random parameters is further expanded. At this time, it is necessary to
improve the robustness of the network by data expansion or disturbance parameter
estimation.

Discussion
Suppose a fashion designer can get one or more corresponding real images of clothing by
drawing a rough sketch of apparel. In that case, it will significantly increase the inspiration
of fashion designers and greatly reduce their workload. This article uses the advantages of
CNN and Transformer to generate clothing images. The model is a generic network that
integrates the ideas of Transformer, ResNet, and CUP. Like other network structures, the
network consists of the encoder, decoder, and hop connection. The encoder is built based
on ResNet-50 and Transformer. After a multi-layer CNN feature extraction structure, the
input clothing image is divided into non-overlapping image blocks. The image blocks are
combined into image block sequences and input to the encoder based on Transformer to
learn global features. Then enter the decoding layer based on CNN to up-sample the

Table 6 Results of robustness experiment.

Top-1 accuracy/%

Parameter range Resnet-50 Ours

Rotation angle (−5 degrees, 5 degrees) 74.1 75.2

(−30 degrees, 30 degrees) 72.7 73.4

(−45 degrees, 45 degrees) 71.1 72.6

Image size (202,204) 72.6 73.4

(179,224) 71.3 72.5

(157,224) 70.6 71.0

Brightness factor (0.9,1.1) 74.0 75.4

(0.8,1.2) 73.3 74.6

(0.7,1.3) 73.1 74.1
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extracted multi-level features, fuse the multi-scale features in the down-sampling process
through jump connection, and restore the feature map to approximate the resolution size
of the input image to complete the clothing image generation at the pixel level. Through a
series of experiments, it can be seen that the work done in this article has a certain degree of
innovation. The combination of ResNet-50 with jump connections and Transformer can
extract more clothing features, and can generate different clothing real images through
simple clothing sketches, which helps improve the design efficiency and design philosophy
of clothing designers.

CONCLUSION
This research proposes a new clothing image generation network, which combines the
advantages of CNN and Transformer to obtain information from different dimensions and
realizes the task of generating realistic clothing renderings through three stages: sketching,
refining, and optimization, which can provide more design inspiration for clothing
designers and complete diversified clothing plan drawing. In the experimental comparison,
this method surpasses similar methods in different evaluation indexes and can generate a
more realistic and clear clothing plan. Future work will consider further improving the
performance and speed of the network, for example, finding a more efficient way to
integrate CNN and Transformer. In addition, the data set needs to be expanded to generate
better results.

ADDITIONAL INFORMATION AND DECLARATIONS

Funding
This work was supported by the Heilongjiang Provincial Office of Philosophy and Social
Sciences “The Practice Research of Public Art in Revitalizing Longjiang Tourism and
Creating Characteristic City IP in the We Media Era”, project number: 21YSE389. This
work was also supported by Key research topics of the 20th National Congress of the
Communist Party of China for Education Science Planning in Heilongjiang Province.
Project: Research on Integrating the Cultivation of Art Talents into the Mass
Entrepreneurship and Innovation Construction System Guided by the Spirit of the 20th
National Congress of the Communist Party of China project number: GJE1422132. The
funders had no role in study design, data collection and analysis, decision to publish, or
preparation of the manuscript.

Grant Disclosures
The following grant information was disclosed by the authors:
Heilongjiang Provincial Office of Philosophy and Social Sciences “The Practice Research of
Public Art in Revitalizing Longjiang Tourism and Creating Characteristic City IP in the
We Media Era”: 21YSE389.
Key research topics of the 20th National Congress of the Communist Party of China for
Education Science Planning in Heilongjiang Province: GJE1422132.

Zhou (2023), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.1372 13/16

http://dx.doi.org/10.7717/peerj-cs.1372
https://peerj.com/computer-science/


Competing Interests
The authors declare that they have no competing interests.

Author Contributions
� Huiying Zhou conceived and designed the experiments, performed the experiments,
analyzed the data, performed the computation work, prepared figures and/or tables,
authored or reviewed drafts of the article, and approved the final draft.

Data Availability
The following information was supplied regarding data availability:

The code is available at the Supplemental File.
The data are available at at Kaggle: https://www.kaggle.com/datasets/agrigorev/

clothing-dataset-full (CC0 license).

Supplemental Information
Supplemental information for this article can be found online at http://dx.doi.org/10.7717/
peerj-cs.1372#supplemental-information.

REFERENCES
Aoki R, Nakajima T, Oki T, Miyamoto R. 2019. Accuracy improvement of fashion style

estimation with attention control of a classifier. In: 2019 IEEE 9th International Conference on
Consumer Electronics (ICCE-Berlin). Piscataway: IEEE, 289–294.

Chen LL, Han RP. 2018. Clothing image classification based on convolutional neural network.
Journal of Beijing Institute of Clothing Technology (Natural Science Edition) 38(4):31–36
DOI 10.16454/j.cnki.issn.1001-0564.2018.04.006.

Cychnerski J, Brzeski A, Boguszewski A, Marmolowski M, Trojanowicz M. 2017. Clothes
detection and classification using convolutional neural networks. In: 2017 22nd IEEE
International Conference on Emerging Technologies and Factory Automation (ETFA).
Piscataway: IEEE, 1–8.

Di W. 2020. A comparative research on clothing images classification based on neural network
models. In: 2020 IEEE 2nd International Conference on Civil Aviation Safety and Information
Technology CCASIT. Piscataway: IEEE, 495–499.

Dosovitskiy A, Beyer L, Kolesnikov A, Weissenborn D, Zhai X, Unterthiner T, Dehghani M,
Minderer M, Heigold G, Gelly S, Uszkoreit J, Houlsby N. 2020. An image is worth 16×16
words: transformers for image recognition at scale. ArXiv preprint
DOI 10.48550/arXiv.2010.11929.

Fang N, Qiu L, Zhang S, Wang Z, Hu K, Wang K. 2023. A novel DAGAN for synthesizing
garment images based on design attribute disentangled representation. Pattern Recognition
136(3):109248 DOI 10.1016/j.patcog.2022.109248.

Gao Z, Han L. 2020. Clothing image classification based on random erasing and residual network.
Journal of Physics: Conference Series 1634(1):012136 DOI 10.1088/1742-6596/1634/1/012136.

Ge Y, Zhang R, Wang X, Tang X, Luo P. 2019.Deepfashion2: a versatile benchmark for detection,
pose estimation, segmentation and re-identification of clothing images. In: Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recognition. 5337–5345.

Gulrajani I, Ahmed F, Arjovsky M, Dumoulin V, Courville AC. 2017. Improved training of
wasserstein gans. Advances in Neural Information Processing Systems 30(2017).

Zhou (2023), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.1372 14/16

http://dx.doi.org/10.7717/peerj-cs.1372#supplemental-information
https://www.kaggle.com/datasets/agrigorev/clothing-dataset-full
https://www.kaggle.com/datasets/agrigorev/clothing-dataset-full
http://dx.doi.org/10.7717/peerj-cs.1372#supplemental-information
http://dx.doi.org/10.7717/peerj-cs.1372#supplemental-information
http://dx.doi.org/10.16454/j.cnki.issn.1001-0564.2018.04.006
http://dx.doi.org/10.48550/arXiv.2010.11929
http://dx.doi.org/10.1016/j.patcog.2022.109248
http://dx.doi.org/10.1088/1742-6596/1634/1/012136
http://dx.doi.org/10.7717/peerj-cs.1372
https://peerj.com/computer-science/


Lin X, Peng L, Wei G, Wang X, Zhao X. 2016. Clothes classification based on deep belief network.
In: 2016 3rd International Conference on Informative and Cybernetics for Computational Social
Systems (ICCSS). Piscataway: IEEE, 87–92.

Liu Y, Luo G, Dong F. 2019. Convolutional network model using hierarchical prediction and its
application in clothing image classification. In: 2019 3rd International Conference on
DataScience and Business Analytics (ICDSBA). Piscataway: IEEE, 157–160.

Liu Z, Luo P, Qiu S, Wang X, Tang X. 2016. Deepfashion: powering robust clothes recognition
and retrieval with rich annotations. In: Proceedings of the IEEE Conference on Computer Vision
and Pattern Recognition. Piscataway: IEEE, 1096–1104.

Mir A, Alldieck T, Ponsmoll G. 2020. Learning to transfer texture from clothing images to 3D
humans. In: Proceedings of the IEEE Computer Society Conference on Computer Vision and
Pattern Recognition. Piscataway: IEEE.

Park KB, Lee JY. 2022. SwinE-Net: hybrid deep learning approach to novel polyp segmentation
using convolutional neural network and Swin Transformer. Journal of Computational Design
and Engineering 2022(2):616–632 DOI 10.1093/jcde/qwac018.

Saranya MS, Geetha P. 2022. Multi-view clothing image segmentation using the iterative triclass
thresholding technique. Wireless Personal Communications 127(4):2743–2759
DOI 10.1007/s11277-022-09893-7.

Takagi M, Simo-Serra E, Iizuka S, Ishikawa H. 2017.What makes a style: experimental analysis of
fashion prediction. In: Proceedings of the IEEE International Conference on Computer Vision
Workshops. Piscataway: IEEE, 2247–2253.

Tan Z, Hu Y, Luo D, Hu M, Liu K. 2020. The clothing image classification algorithm based on the
improved Xception model. International Journal of Computational Science and Engineering
23(3):214–223 DOI 10.1504/IJCSE.2020.111426.

Touvron H, Cord M, Douze M, Massa F, Sablayrolles A, Jégou H. 2021. Training data-efficient
image transformers & distillation through attention. In: International Conference on Machine
Learning. PMLR, 10347–10357.

Wang W, Xu Y, Shen J, Zhu SC. 2018. Attentive fashion grammar network for fashion landmark
detection and clothing category classification. In: Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition. Piscataway: IEEE, 4271–4280.

Xu J, Wei Y, Wang A, Zhao H, Lefloch D. 2022. Analysis of clothing image classification models: a
comparison study between traditional machine learning and deep learning models. Fibres &
Textiles in Eastern Europe 30(5):66–78 DOI 10.2478/ftee-2022-0046.

Xu G, ZhouW, Qian X, Ye L, Lei J, Yu L. 2023. CCFNet: cross-complementary fusion network for
RGB-D scene parsing of clothing images. Journal of Visual Communication and Image
Representation 90(9):103727 DOI 10.1016/j.jvcir.2022.103727.

Yu F, Du C, Hua A, Jiang M, Wei X, Peng T, Hu X. 2021. EnCaps: clothing image classification
based on enhanced capsule network. Applied Sciences 11(22):11024 DOI 10.3390/app112211024.

Zhang B, Li M, Zhou C, Yang Q, Wang L, Yuan B. 2022. Endoscopic image denoising algorithm
based on spatial attention UNet. Journal of Physics: Conference Series 2400(1):012026
DOI 10.1088/1742-6596/2400/1/012026.

Zhang Z, Wang Z, Lin Z, Qi H. 2019. Image super-resolution by neural texture transfer. In:
Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition.
Piscataway: IEEE, 7982–7991.

Zhou Z, Liu M, DengW,Wang Y, Zhu Z. 2022a. Clothing image classification algorithm based on
convolutional neural network and optimized regularized extreme learning machine. Textile
Research Journal 92(23–24):5106–5124 DOI 10.1177/00405175221115472.

Zhou (2023), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.1372 15/16

http://dx.doi.org/10.1093/jcde/qwac018
http://dx.doi.org/10.1007/s11277-022-09893-7
http://dx.doi.org/10.1504/IJCSE.2020.111426
http://dx.doi.org/10.2478/ftee-2022-0046
http://dx.doi.org/10.1016/j.jvcir.2022.103727
http://dx.doi.org/10.3390/app112211024
http://dx.doi.org/10.1088/1742-6596/2400/1/012026
http://dx.doi.org/10.1177/00405175221115472
http://dx.doi.org/10.7717/peerj-cs.1372
https://peerj.com/computer-science/


Zhou Z, Liu M, Deng W, Wang Y, Zhu Z. 2022b. Classification of clothing images based on a
parallel convolutional neural network and random vector functional link optimized by the
grasshopper optimization algorithm. Textile Research Journal 92(9–10):1415–1428
DOI 10.1177/00405175211059207.

Zhu H, Shu S, Zhang P. 2022. FAS-UNet: a novel FAS-driven UNet to learn variational image
segmentation. Mathematics 10(21):4055 DOI 10.3390/math10214055.

Zhou (2023), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.1372 16/16

http://dx.doi.org/10.1177/00405175211059207
http://dx.doi.org/10.3390/math10214055
http://dx.doi.org/10.7717/peerj-cs.1372
https://peerj.com/computer-science/

	An improved image processing algorithm for visual characteristics in graphic design
	Introduction
	Clothing image generation network
	Experiment and analysis
	Conclusion
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile (None)
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth 8
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /FlateEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth 8
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /FlateEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Average
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


