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ABSTRACT 

Intangible cultural heritage is an important part of  national culture, carrying rich historical information 

and cultural value. This paper mainly generates digital media art based on the characteristics of  intangible 

cultural symbols through fractal geometry, and builds a digital media communication mode of  intangible 

cultural art on the basis of  dynamic texture, so as to realize the digital protection and inheritance of  

intangible cultural heritage. On the basis of  Transformer network model, further combined with fractal 

geometry technology, inductive bias lacking in Transformer is introduced from the perspective of  

translation invariance and locality, and the dynamic texture generation method of  digital media art 

combined with fractal geometry and Transformer model is formed in this paper. Experimental results show 

that the application of  translation invariance and locality can increase the ODS, OIS and AP indexes by 

17.17%, 27.72% and 25.38%, respectively. In the self-built Miao pattern data set, this method can generate 

dynamic texture features of  Miao culture and art more completely and clearly. At the same time, this paper 

can create digital media art for Miao embroidery patterns through the generated results of  this method, 

and improve the audience influence and satisfaction of  intangible cultural heritage. 

Keywords: Fractal geometry; Convolutional neural network; Transofrmer; Dynamic texture; Intangible 

cultural heritage 

 

1. Introduction 

Intangible cultural heritage, as the distinctive mark of national culture and the brilliant crystallization of 

human wisdom, contains inestimable historical depth, educational enlightenment and inheritance value, 

and it is an important window to show the unique elegance and cultural heritage of various nationalities 

and regions [1]. In today's context, in order to deepen the cultivation of humanistic spirit and enhance the 

                             
✉Corresponding author. 

 E-mail address: 19959172134@163.com (X. Zeng). 

Received 03 December 2024; Revised 16 January 2025; Accepted 09 March 2025; Published Online 15 April 2025. 

DOI: 10.61091/jcmcc127a-111 

© 2025 The Author(s). Published by Combinatorial Press. This is an open access article under the CC BY license 

(https://creativecommons.org/licenses/by/4.0/). 

https://doi.org/10.61091/jcmcc125-28
https://www.combinatorialpress.com/jcmcc
mailto:19959172134@163.com
https://creativecommons.org/licenses/by/4.0/


1918 LIN ET AL. 

core competitiveness of national cultural soft power, all walks of life pay more and more attention to the 

effective inheritance and wide dissemination of non-heritage culture [2]. 

However, the changes of the times have brought brand-new challenges to the inheritance of non-heritage 

culture. As the original display technology is not mature enough to fully demonstrate the unique charm of 

the non-heritage, it is necessary to display the non-heritage culture with the help of new technical means 

[3-4]. 

In recent years, the protection and inheritance path of non-heritage culture is experiencing 

unprecedented changes, in which the rapid development of digital technology has become a key driving 

force. This technological innovation not only provides a more efficient and precise means for the recording 

and preservation of non-heritage culture, but also breaks the limitation of time and space through 

innovative forms such as digital display, virtual reality experience, online interactive learning, etc., so that 

the non-heritage culture comes into the public's life in a more vivid and approachable way [5-6]. 

The traditional ways of disseminating non-heritage culture, such as paper documentation and oral 

transmission of masters and apprentices, although carrying a deep historical heritage and cultural essence, 

inevitably face many challenges. In contrast, digital collection has illuminated a new path for the protection 

of non-heritage culture with the light of science and technology. Jing, X et al. explored the digitization 

practice of non-heritage based on cultural ecology perspective, combined user requirement analysis and 

corpus analysis strategy, and drew on CIDOC CRM creation rules to build a non-heritage technical 

knowledge base, and constructed a non-heritage semantic network model based on the MediaWiki 

platform and Semantic MediaWiki to promote non-heritage practice, and also designed a a set of NRM 

digital application models to expand the digital application of cultural ecology theory [7]. Giovannini, E. 

C et al. illustrate the progress and results of the project of reconstruction of historical landscapes based on 

digital technologies, which facilitates the digitization of NRM heritage and conservation, and also 

promotes the innovation of NRM cultural content in NRM museums [8]. Wijesundara, C et al. 

conceptualized a digital archive creation model for NRM adapted to digital environments, which can 

effectively differentiate between NRM entities and instances and archive NRM and tangible cultural 

heritage, which effectively reduces the management and storage costs of NRM and tangible cultural 

heritage management organizations [9]. Li, X et al. centered on the main theme of non-heritage protection 

and proposed the innovation of using digital media technology with non-heritage inheritance and 

protection, such as enhancing the user experience and interactivity of non-heritage products, and 

introducing Chinese traditional elements into the design of non-heritage cultural and creative products 

[10]. Shen, Y et al. used qualitative and quantitative research methods to study the user experience and 

factors affecting user acceptance of the Zhuhai NRL digital resource library, and targeted optimization and 

improvement suggestions to promote the protection and sustainable development of NRL digitization 

[11]. Digital technology empowerment has given new vitality to non-heritage, and relevant scholars have 

carried out a large number of researches on the method of non-heritage digital inheritance, as well as the 

effect through empirical analysis, theoretical analysis, and practical evaluation, which can help the digital 

inheritance and protection of non-heritage. 

The research on the dissemination of non-heritage mainly includes analyzing the path of non-heritage 

dissemination from the technical point of view, and the mainstream of the research technology in this 

direction is the new media technology, three-dimensional reconstruction technology and so on, and there 

is also the effect of non-heritage dissemination from the form of non-heritage investigation. Bercigli, M 

explored the use of 3D measurement reconstruction technology to restore cultural heritage, and then 

promote the acquisition and dissemination of cultural heritage knowledge, and based on the analysis of 

actual cases for a detailed discussion, that the above program effectively improves the interaction between 

the user and the cultural heritage, and stimulates the interest of the user [12]. Zihao, Z used the 

questionnaire survey method and in-depth interview method to examine the barriers to the dissemination 

and transmission of Yugu NGLs, and concluded that new media technology can be scientifically and 

rationally utilized to promote the inheritance and dissemination of Yugu NGLs [13]. Chen, F based on 
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literature reading, audience interviews, research and other survey research methods, reveals the artistic 

aesthetics, cognitive intuition and other characteristics possessed by artistic non-heritage, which helps 

cross-cultural understanding and communication, and has a positive significance for the dissemination of 

non-heritage culture [14]. 

In this paper, fractal geometry is combined with Transformer model, induction bias is introduced, and 

translation invariance and locality of deep convolution are introduced while retaining the global field of 

sensitivity and adaptive input weights that are unique to efficient self-attention mechanisms. Miao costume 

embroidery pattern is taken as the object of digital media art dynamic texture generation, and Miao 

embroidery pattern data set is constructed through field investigation. Ablation experiments are carried 

out on the data set to verify the effect of translation invariance and locality on the performance 

improvement of Transformer model. Through the comparative analysis of rows, we explore the significant 

advantages of the proposed model in ODS, OIS, AP and other evaluation indexes, and its good performance 

in dynamic texture generation tasks. According to the dynamic texture generation results of digital media 

art of intangible cultural heritage, the digital media communication mode of intangible cultural heritage is 

constructed from three aspects: content customization, audience portrait optimization and technological 

innovation, so as to promote the transmission and inheritance of intangible cultural heritage. 

2. Dynamic texture generation of intangible cultural symbols 

2.1. Fractal geometry techniques 

Fractal geometry is a machine learning model widely used in computer vision fields such as feature 

generation, object detection and image segmentation [15]. The algorithms used in this technology include 

convolutional neural network, BP neural network and deep learning. In this paper, Convolutional neural 

network (CNN) is used as the basic algorithm of fractal geometry to build a dynamic texture generation 

method for digital media art. CNN processes image data by mimicking the mechanism of biological vision 

system, and is able to efficiently learn complex feature representations from images. CNN consists of 

multiple convolutional layers, pooling layer, activation function, and fully connected layer. Among them, 

the convolutional layer is responsible for extracting local features in the image, the pooling layer is used 

to reduce the feature dimensions and enhance the generalization ability of the model, the activation function 

is responsible for introducing nonlinearities to enable the network to learn and simulate complex data 

patterns, and the full connectivity layer is responsible for mapping the learned features to the final output. 

CNNs efficiently capture features from simple to complex in this hierarchical way to achieve efficient 

extraction of image content features. 

2.1.1. Convolutional layers. The convolutional layer is one of the core components in CNN and is mainly 

responsible for extracting features from the input data. It is implemented by sliding a convolutional kernel 

over the input data and performing a convolutional operation with the aim of capturing localized features 

in the data. Each convolution kernel focuses on capturing specific types of features such as edges, textures 

or color variations. The output generated by the convolution operation is a feature map, which reflects the 

spatial distribution of different features in the input data.The operation involves one or more convolution 

kernels with learnable parameters. Figure 1 shows an example of the convolutional computation process. 

In the figure, Input represents the input feature map of size 5×5, Conv represents the convolution kernel 

of size 3×3, and Output is the output feature map of size 3×3 after the convolution operation. 
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Fig. 1. Convolution calculation process 

In the input feature map, the selected yellow region indicates the first sliding window of the convolution 

operation. In this process, the convolution kernel performs a position-corresponding multiplication 

operation with each element in the sliding window and then sums them up to generate the first pixel value 

in the output feature map, 3. Subsequently, the convolution kernel traverses the entire input feature map 

by sliding it in a step size of 1 to compute the final 3 × 3 output feature map. In order to keep the size of 

the input feature map unchanged and to help the model capture edge information, the periphery of the 

input feature map is usually filled, generally with 0 to fill. The exact calculation process can be described 

by the following equation: 
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where O  represents the output feature map (square map by default), I  represents the input feature map, 

i   and j   are the horizontal and vertical coordinates, w   is the weight parameter of the convolution 

kernel, b  is the bias term, C  is the number of channels, and 0L  is the width and height of the output. 

k  , 0s   and p   are the convolution kernel size, convolution step size and padding respectively. The 

number of parameters of the convolutional layer does not depend on the number of neurons but is 

determined by the size of the convolutional kernel, the number of channels of the input data and the number 

of convolutional kernels. Its parametric quantity is calculated as described below: 

  1o w h iParams C k k C      (2) 

where oC  is the number of output channels, iC  denotes the number of input channels, and wk  and hk  

denote the width and height of the convolution kernel. w h ik k C   in parentheses denotes the number of 

weights in a convolution kernel, and +1 denotes the bias term. 

2.1.2. Pooling layer. The pooling layer is also an important component in CNNs that reduces the 

computational effort and risk of overfitting in the model mainly by reducing the height and width of the 

feature map. By performing pooling operations (e.g., maximum pooling or average pooling) on neighboring 

pixels, the pooling layer is able to extract important features and capture the spatial hierarchy of features. 

Maximum pooling selects the maximum value within a specified window, while average pooling calculates 

the average value of all pixels within a specified window, both of which help to enhance the robustness of 

the model to changes in the input data. Fig. 2 shows an example of the computation process of the two 

pooling operations, (a) the computation process of the maximum pooling operation and (b) the computation 

process of the average pooling operation. 
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Fig. 2. Pooling operation calculation process 

The calculation process for the two pooling operations can be described by the following equations. 

Maximum Pooling Operation: 

 , ,
,
max

d

d

m n i j
i j W

y x


  (3) 

Average pooling operation: 
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,
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d

d

m n i jd
i j W

y x
W 
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where ,

d

m ny  denotes a value at position ( , )m n  on the output feature map d -dimensional channel. ,i jx  

denotes a pixel value at a ( , )i j   position within a specified window on the input feature map d  -

dimensional channel. dW  denotes a window specified on the input feature map d -dimensional channel. 
dW  indicates the number of pixels within the specified window on the input feature map d -dimensional 

channel. 

2.1.3. Activation function. Activation functions are a key part of neural networks that give the network 

the ability to learn complex data patterns by introducing nonlinear transformations between the layers of 

the neural network. Common activation functions include Sigmoid, Tanh, ReLU and GELU. 

The main feature of the Sigmoid activation function is that it maps the output values between 0 and 1 

and hence is commonly used to deal with binary classification problems as well as to represent 

probabilities.The expression of the Sigmoid activation function is given below: 

  
1

1 x
Sigmoid x

e



 (5) 

The Tanh function, as a hyperbolic tangent function, has an output value between -1 and 1 and is 

centered at 0. This helps in normalizing the data and thus can speed up the learning process.The expression 

for the Tanh activation function is given below: 

  Tanh
x x
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e e
x

e e
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


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
 (6) 

The ReLU activation function is popular for its simplicity and efficiency, which accelerates the closing 

of neural networks and mitigates the gradient vanishing problem, and its expression is as follows: 

    Re max 0,LU x x  (7) 

The GeLU activation function is a commonly used activation function that is smooth over the entire 

range of real numbers compared to activation functions such as ReLU, making it easier to optimize in 

optimization algorithms such as gradient descent. In addition, the GeLU function has zero centrality over 

a range of inputs close to zero, which helps to reduce the gradient vanishing problem and improve the 

convergence speed of the network. Since the GeLU function is relatively fast and can be computed by 
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efficient numerical libraries, the GeLU activation function is widely used in many deep learning models, 

such as ViT, etc. The approximate expression of the GeLU activation function is as follows: 

  32
( ) 0.5 1 tanh 0.044715GeLU x x x x



  
      

  

 (8) 

2.1.4. Full connectivity layer. The fully connected layer is a key component in a machine learning 

network and is usually located at the end of the network. Its main function is to integrate the features 

extracted from the previous layers (e.g., convolutional and pooling layers) to generate a fixed-length output 

vector. This output vector can be used for tasks such as classification and regression. 
Each node in the fully connected layer receives the outputs of all the nodes in the previous layer as inputs 

and performs a weighted summation of these inputs, followed by a bias term. The result of the weighted 

summation is usually transformed nonlinearly through an activation function to introduce nonlinear 

properties of the network, allowing the model to learn complex data patterns. 

In the fully connected layer, each input node is connected to each node in the next layer, enabling a 

comprehensive integration of features extracted from the previous layers to capture global information. 

However, this design leads to a large number of parameters and is prone to model overfitting. Therefore, 

convolutional networks are commonly used in practice instead of fully connected layers to reduce the 

number of parameters and improve the accuracy of the model. 

2.2. Transformer network model 

Transformer is a neural network model based on the mechanism of self-attention, it has achieved great 

success in the field of Natural Language Processing (NLP) at the beginning, especially in the machine 

translation task, and has been widely used in a variety of NLP tasks, and currently Transformer is applied 

to the field of feature extraction has a very good performance [16]. 

Unlike traditional CNNs, the Transformer network has no looping and convolutional structure, and is 

therefore able to process each element of the sequence in parallel, speeding up training and inference. The 

Transformer consists of two parts, an encoder and a decoder, where the encoder transforms the input 

sequence into a series of high-dimensional vectors, and the decoder progressively generates the target 

sequence. Each encoder and decoder consists of a multilayer Transformer block, and each block consists of 

two sub-layers, a multi-head self-attention mechanism and a feed-forward neural network. The important 

blocks of the Transformer are described below. 

2.2.1. Location coding. Position encoding is a very important step in the Transformer that assigns a 

kind of positional information to each element in the input sequence, thus enabling the Transformer to 

process the positional information of the elements in the sequence. Position encoding can be achieved by 

adding some specific combination of sine and cosine functions to the input vector: 

  mod2 /
( , 2 ) sin /10000 eli d

PE pos i pos  (9) 

  mod2 /
( , 2 1) cos /10000 eli d

PE pos i pos   (10) 

          cos cos cos sin sin         (11) 

          sin sin cos cos sin         (12) 

where pos   represents the location of the element, i   represents the dimensional information, and 

according to the cosine formula, the encoding of any i k  position can be represented by the encoding of 

position i  by a linear function. 
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2.2.2. Multi-pronged self-attention mechanisms. The multi-head attention mechanism can be 

understood as a mechanism that maps a collection of raw vectors into multiple subspaces and computes the 

attention weights independently in each subspace. Specifically, the input Query, Key, and Value vectors are 

linearly transformed into vectors in the plurality of subspaces, respectively, and then dot product attention 

weights are computed in each subspace separately. Finally, the attention information obtained in each 

subspace is stitched together and again undergoes a linear transformation to obtain the final output vector. 
The self-attention mechanism is a mechanism that is able to learn the relationship between different 

positions in the input sequence. In the Transformer block of each encoder and decoder, the multi-head self-

attention mechanism maps the input sequence into a triple of a key, a query, and a value, and computes the 

dot product of the query and the key to obtain a vector of attention scores, and then multiplies the vector 

of attention scores with the vector of values to obtain the self-attention vector. The multi-head self-

attention mechanism, on the other hand, divides the attention mechanism into multiple heads in this 

process, calculates the attention score vector separately, and stitches multiple self-attention vectors 

together, and then performs dimensionality reduction through the fully connected layer. The specific 

calculation formula is as follows: 

  , , max
T

k

QK
Attention Q K V soft V

d

 
  

 
 

 (13) 

  , ,Q K V

i i i ihead Attention QW KW VW  (14) 

    1 2, , , , , O

hMultiHead Q K V Concat head head head W  (15) 

where Q , K , and V  represent the data vectors of the input sequences mapped to Query , Key , and 

Value  , respectively, Q

iW  , K

iW  , V

iW  , and OW   represent the different weight matrices, and ihead  

represents the score vector computed by the i th head-attention module. 

2.2.3. Feedforward Neural Networks. The feedforward neural network is another important component 

in Transformer. In each Transformer block, the feedforward neural network accepts the output from the 

multi-head self-attention mechanism as input and maps it into a new representation vector by two linear 

transformations and a nonlinear activation function. Specifically, it can be represented as: 

    1 1 2 2max 0,FFN x xW b W b    (16) 

where 1W  and 2W  represent two different linear functions, and 1b  and 2b  are two bias constants. The 

activation function used is the ReLU function. 

2.2.4. Residual linking and normalization. Residual concatenation is the process of adding the inputs and 

outputs so as to pass information from the previous layer to the next. Layer normalization, on the other 

hand, is the process of normalizing the output of each sublayer before it is output to prevent the problem 

of vanishing gradient and gradient explosion. The specific formula is shown below: 

   _  Out layer LaterNorm x Sublayer x   (17) 

where Later Norm is the layer normalization function and ( )Sublayer x  denotes the function implemented 

by each sublayer itself. 

2.3. CNN-Transformer feature extraction network 

2.3.1. Convolution-based induction bias introduction. When using the self-attention mechanism in the 

Transformer model to process an image, a pixel at a certain position generates a query and every other 

pixel generates a key, and when doing the inner product, it is not a small area that is considered, but the 

whole image. However, when the same image is input to the CNN model, the pixel at this position does 
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not need to consider the global information of the input image, but only the information in the sensory 

field. Therefore, the self-attention mechanism can be regarded as a generalized version of the CNN, in 

which only the information in the receptive field is considered, and the range and size of the receptive field 

are given in advance. However, for the self-attention mechanism, the range and size of the receptive field 

are learned as if they were automatically learned, and thus CNNs can be seen as a special case of the self-

attention mechanism. Neighboring pixels in an image are usually highly correlated with each other and 

have a distinct 2D local structure, which can be captured by CNNs by using local receptive fields, spatial 

downsampling, and other operations. In addition, the hierarchical structure of the convolutional kernel 

learns the local spatial context at different levels and from different perspectives, from the simplest low-

level edge and texture features to higher-order semantic information. These are all attributes that CNNs 

possess that are applicable to visual tasks. It is thus possible to combine CNN and Transformer to introduce 

an inductive bias. In this subsection, we choose to introduce deep convolution. 
Depth separable convolution involves depth dimension (i.e. channel dimension) in addition to spatial 

dimension [17]. Typically, the input image will have three channels, and after a series of convolution 

operations, the input feature map will become multiple channels, each of which can be viewed as an 

explanation of a particular feature of the input image. Depth separable convolution consists of two separate 

small convolution kernels, depth convolution and point-by-point convolution, each of which performs a 

depth convolution operation and a point-by-point convolution operation. 

The deep convolution operation is explained first. Deep convolution is actually a channel-by-channel 

convolution of the input feature map. Deep convolution is performed on one channel only, not on each 

channel as in normal convolution, which also results in deep convolution not affecting the number of 

channels of the input feature map. Taking an input image with a resolution of 12×12×3 as an example, a 

deep convolution kernel of size 5×5 is used to perform the channel-by-channel computation, which is 

shown in Fig. 3. Here is actually the use of three 5 × 5 × 1 convolution kernels to extract the features of 

the three channels in the input image, each convolution kernel calculation is completed, it will get three 8 

× 8 × 1 output feature maps, these feature maps can be stacked together to get the final output feature 

maps with a size of 8 × 8 × 3. 

12

12
3 1

1
1

5

5

8
3

 

Fig. 3. Deep convolution calculation 

However, the deep convolution operation has a drawback, that is, for the input feature map, it will only 

calculate one channel individually, ignoring the information interaction between individual channels, 

resulting in the lack of information between channels in the subsequent information flow. Therefore a 

point-by-point convolution needs to be connected to compensate for its shortcomings. A point-by-point 

convolution is a 1×1 convolution, which is called point-by-point convolution because it traverses each 

position of the input feature map. Unlike deep convolution, which ignores the interaction of the information 

of each channel, point-by-point convolution can further fuse the information between the channels and 

deflate the dimensionality of the input feature map. As shown in Fig. 4, the 8 × 8 × 3 feature map obtained 

in Fig. 3 can be operated using a 3-channel 1 × 1 convolution, so that an 8 × 8 × 1 output feature map can 

be obtained. At this point, the use of point-by-point convolution realizes the function of fusing the features 

among the 3 channels, which plays the role of information interaction. 
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Fig. 4. Point wise convolution with output channel 1 

2.3.2. Translation invariance. The reason for choosing to combine deep convolution with efficient 

attention is that both deep convolution and efficient attention can be expressed as a weighted sum of values 

in a predefined receptive field. Deep convolution relies on a single-layer convolution kernel of fixed size to 

collect information from the local receptive field, as shown in (18): 

 
( )

i ij j

j L i

y w x


   (18) 

where ix   and iy   are the input and output of position i  , respectively, and ( )L i   denotes the local 

receptive field of position i . 

The efficient attention mechanism can be written in the form of a similar equation (18), which is shown 

in (19): 
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i i j j

j G
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y x x x

n





  
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 
  (19) 

where  i ix f x  , G  denote the global space, and , 1, ,i j n  . 

Deep convolution has a unique translation invariance, while both the global receptive field and the 

weights of the adaptive inputs are specific to efficient self-attention mechanisms. Therefore, combining 

these three properties, specifically, is to introduce the translation invariance unique to deep convolution 

while retaining these two properties of efficient self-attention mechanisms. A simple way to do this is to 

add the weights of deep convolution to the efficient attention mechanism, as shown in Eq. (20): 

   
( )

sin
2

T

i i ij j ij j

j G

i n j
y x w x w x

n





  
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 
  (20) 

Up to this point, the deep convolution is fused with an efficient attention mechanism so as to have the 

above three properties, with the additional introduction of translation invariance. 

2.3.3. Localization. This subsection introduces localization by combining deep convolution in a 

feedforward neural network. Firstly, the feedforward neural network contains two fully connected layers, 

between which the hidden dimension is extended to extract richer features [18]. From a convolutional 

point of view, this operation is equivalent to a 1×1 point convolution used to lift and lower the 

dimensionality of the feature map, similar to the inverse residual structure in the MobileNet family of 

lightweight models, where the two 1×1 point convolutions are also extended in the inverse residual block. 

In general, if the two fully connected layers are regarded as two 1×1 dot convolutions, then the feedforward 

neural network in the Transformer model is compared with the inverse residual structure, and the inverse 

residual structure only has an additional deep convolution that can aggregate the local information. 

Inspired by this, this subsection attempts to introduce deep convolution into the feedforward neural 

network of the encoder module of the Transformer model, and directly replaces the two fully connected 

layers with two 1×1 dot convolutions. 
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Since the input and output of each block in the Transformer model is a sequence of tokens, the sequence 

of tokens needs to be rearranged into a feature map before the whole operation, and the feature map needs 

to be flattened into the original sequence of tokens after the convolution operation. 

3. Experiment on dynamic texture generation in digital media art 

Based on fractal geometry, this paper adopts the combination of convolutional neural network and 

Transformer network model to construct a digitized feature extraction method for non-heritage cultural 

symbols. In order to ensure the effectiveness of the proposed method, this section will carry out feature 

extraction experiments through the selected dataset. Firstly, the superiority of the combination of CNN 

and Transformer in this paper is examined through ablation experiments. Secondly, the experiments are 

carried out on the self-constructed dataset of non-heritage Miao embroidery patterns in this paper and 

compared with other methods such as EDTER to analyze the enhancement effect of this paper's method 

on the performance of non-heritage Miao embroidery pattern feature extraction in terms of evaluation 

indexes, such as ODS, OIS, and AP. The experiments of the study are carried out in the same environment 

to ensure the fairness and reliability of the results. 

3.1. Data sets 

In this paper, we take the non-heritage Miao embroidery pattern texture as an example to carry out the 

experiment of digitized feature extraction of non-heritage cultural symbols. In order to study the Miao 

embroidery piece texture in depth and further protect the intangible cultural heritage, the database of the 

collected images is constructed through field investigation. In the process of collecting image samples, 

samples of Miao embroidery patterns were obtained from local museums, handicraft workshops and pattern 

design companies, and a total of 4000 Miao embroidery piece patterns were collected based on relevant 

data and knowledge to build a database for different types of research. The classification criteria are mainly 

based on line type, pattern size and object type, and each image is labeled with categories and outlines for 

feature extraction. 

The self-constructed Miao embroidery pattern database contains a total of 4000 Miao embroidery piece 

patterns, which were expanded using data enhancement. However, due to the insufficient volume of self-

constructed base data, the training embracing test cases are only divided according to 8:2, and no validation 

cases are used, which is a strategy mainly for the careful dataset, and its purpose is to ensure sufficient 

training cases. 

3.2. Experimental setup and evaluation indicators 

3.2.1. Experimental setup. The device CPU selected for this experiment is Intel(R)Core(TM)i5-9300H 

CPU@2.40GHz and the GPU is NVIDIA Geforce GTX 2080Ti.The operating system used is UBUNTU 

and the network framework is Pythorch 1.7.The pre-trained weights are used to initialize the model's 

Transformer module. The threshold η was set to 0.5 to select positive samples from the dataset. 
The optimizer uses SGD, momentum is set to 0.8, weightdecay is set to 0.05, and the learning rate is 

updated by applying polynomial decay on all the datasets.The initial learning rate is set to 0.001.During 

the training process, the two phases are set to the same number of iterations of 1000, and each image is 

randomly cropped to 512×512. To prevent overfitting, the batch-size was set to 5. 

3.2.2. Evaluation indicators. During the evaluation process, three metrics were recorded for all the 

datasets: fixed outline threshold (ODS), optimal threshold for each image (OIS) and average precision (AP). 

Among them, ODS is to select a fixed threshold value to be applied to all images, so that the F-value of the 

whole dataset is maximized, OIS is also known as single-image optimal, and different thresholds are 

selected for each image to maximize the F-value of the image, and AP refers to the average precision, and 

the precision and recall of the output results of the network are different under different thresholds. From 
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this, a curve can be plotted, and the result of curve integration is the AP of the algorithm's output. The F-

value is calculated as follows: 
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Where: Precision indicates the proportion of samples with positive predictions that are truly positive, 

TP   indicates positive samples predicted by the model to be positive; FP   indicates negative samples 

predicted by the model to be in the positive category; Recall refers to the proportion of positive samples 

that are correctly identified as positive, and FN  indicates positive samples predicted by the model to be 

in the negative category; and the score of F  is a combination of both Precision and Recall. Recall. 

3.3. Ablation experiments 

The ablation experiment is based on the principle of control variables to compare the contribution of each 

module to the performance improvement of the model in this paper. In this paper, by comparing with the 

existing feature extraction algorithms, we found that the translation invariance and localization in the 

Transformer model can significantly improve the model feature extraction effect. In order to verify the 

validity of the above properties, ablation experiments are carried out on the feature extraction dataset of 

Miao embroidery pattern, and the results are shown in Table 1, where C1 denotes translation invariance 

and C2 denotes localization. From the table, it can be seen that both translation invariance and localization 

are useful for the model performance enhancement, and the three indexes of ODS, OIS, and AP are 

enhanced by 17.17%, 27.72%, and 25.38%, respectively, compared with the Transformer model without 

adding these two features. This paper fully demonstrates the rationality of introducing the two features of 

translation invariance and localization in the Transformer model. 

Table 1. Ablation experiments 

C1 C2 ODS OIS AP 

× × 0.763 0.724 0.733 

× √ 0.807 0.812 0.817 

√ × 0.813 0.818 0.821 

√ √ 0.894 0.903 0.919 

3.4. Experimental analysis 

The results of this paper's algorithm tested on the self-established Miao embroidery pattern feature 

extraction dataset are shown in Figure 5. In this paper, six algorithms were selected from traditional 

feature extraction algorithms and CNN-based feature extraction algorithms and Transformer-based 

feature extraction algorithms respectively, and the algorithm of this paper was compared with the 

extraction effect. From the evaluation results in Fig. 5, it can be seen that the evaluation of this paper's 

algorithm in the dataset of Miao embroidery pattern feature extraction belongs to the best level, and the 

ODS score reaches 0.894, the OIS score reaches 0.903, and the AP score reaches 0.919. Compared with the 

current higher-ranking EDTER in the three evaluation indexes of ODS, OIS, and AP, it has been improved 

by 10.10%, 9.32%, and 11.80%, respectively, 11.80%. 
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Fig. 5. Evaluation results of algorithms on the dataset 

The precision and recall of various algorithms on the Miao embroidery dataset are shown in Figure 6. 

According to the calculation of precision and recall, it can be concluded that the F-value of this paper's 

algorithm maintains the highest of all algorithms at 0.892, which is 6.70% higher than the current better 

performing feature extraction algorithm EDTER, further illustrating the improvement of this paper's 

algorithm's performance for digitized feature extraction of non-heritage Miao embroidery patterns. 

 

Fig. 6. Precision and recall curves of various algorithms on the dataset 

Fig. 7 shows the feature extraction effect comparison between six algorithms and this paper's algorithm 

on the homemade Miao embroidery pattern extraction dataset, (a) is the original image, (b) the feature 

contour labeled image, and (c)-(i) denote the feature extraction effect of the six algorithms such as HED 

and this paper's algorithm, respectively. The edge features extracted by the HED algorithm are not 

thoroughly processed by the network to deal with the background noise, resulting in the loss of some 

information, and the whole Miao embroidery pattern is blended together to make a mess, which is lacking 

in the fineness of the extracted features. The features extracted by the RCF algorithm are not well 

extracted in terms of details. These two algorithms make the subsequent design work for Miao embroidery 

patterns can not provide the use of value.LPCB, BDCN, DRC and EDTER in the image feature extraction, 
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the extracted edges receive the influence of the background fabric to produce some non-essential lines, of 

which the edge lines of the LPCB algorithm and the background is almost integrated. The other three 

existing algorithms and EDTER algorithm is the most effective. However, there is still a problem 

regarding the screening of background and foreground objects, and its extracted features still contain some 

background lines. The algorithm in this paper achieves better feature extraction results compared to 

EDTER because it adopts a combination of CNN and Transformer, and adds the properties of translation 

invariance and localization to the Transformer network model, which makes the generated feature maps 

free of fuzzy backgrounds, and the extracted features are richer and clearer. The two features have greatly 

improved the feature extraction ability of complex patterns, which can extract a clearer outline of the 

subject and can largely suppress the non-subject lines generated by the background. 

  

(a) Primary image   (b) Label chart   (c) HED 

 

(d) RCF     (e) LPCB     (f) BDCN 

 

(g) DRC     (h)EDTER   (i) CNN+Transformer 

Fig. 7. Comparison of results of each algorithms on the dataset 

4. Digital media communication mode of intangible cultural heritage 

4.1. Customization of communication content based on feature fusion 

4.1.1. Feature Integration and Resolution. Firstly, the digital features of the non-heritage cultural 

symbols extracted by using CNN+Transformer algorithm are integrated and analyzed. These features 

cover multiple dimensions such as visual elements (e.g., colors, patterns, shapes), auditory elements (e.g., 

music, singing), and cultural connotations (e.g., historical stories, traditional skills). Through the 

integration of features, a comprehensive understanding of the non-heritage cultural symbols can be formed. 

4.1.2. Customized content creation. Based on the integrated features, the customized creation of 

communication content is carried out, including the design of visual artworks loaded with the symbolic 

features of NRH culture, audio content and interactive experiences. The customized content can accurately 

convey the essence of NRL culture while attracting the attention and interest of the target audience. 

Take the Miao embroidery pattern data constructed in the previous paper as an example, this paper 

chooses a Miao embroidery piece with simple pattern but with interfering lines such as background fabric, 

firstly, using CNN+Transformer feature extraction algorithm to digitize feature extraction of Miao 

embroidery pattern with typical characteristics, taking the extracted Miao embroidery pattern as a design 
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element, integrating the visual effect presented by the typical Miao embroidery hair and adopting different 

Miao embroidery The classical color matching was used to create the secondary creation of the Miao 

embroidery pattern, and the results are shown in Fig. 8, where (a), (b), and (c) represent the original picture, 

the feature extraction results, and the secondary creation results, respectively. While verifying the 

effectiveness and usability of this paper's algorithm for digitized feature extraction of Miao embroidery 

patterns, it provides a reference for the dissemination and inheritance of non-heritage cultural symbols 

represented by Miao embroidery patterns. 

 

(a) Primary image   (b) Feature extraction  (c) Secondary creation 

Fig. 8. Customizing content production 

4.1.3. Cross-media convergent communication. Converge the distribution of customized content 

through different social platforms. This includes social media, online video platforms, mobile applications, 

etc. to reach a wider audience. Cross-media convergent communication helps to enhance the visibility and 

influence of NRM cultural symbols. 

4.2. Optimization of communication strategies based on audience profiling 

4.2.1. Audience characterization. Machine learning algorithms are used to deeply mine audience data to 

form a detailed audience portrait, including the audience's age, gender, lower than, interests, cultural 

background and other characteristics. Through the audience portrait, the needs and preferences of the 

audience can be more accurately understood. 

4.2.2. Communication strategy development. Based on the audience profile, a targeted communication 

strategy is formulated, including the selection of appropriate communication channels, the formulation of 

personalized communication content, and the setting of a reasonable time and frequency of communication. 

By optimizing the communication strategy, the target audience can be reached more effectively and the 

communication effect can be enhanced. 

4.2.3. Audience Feedback and Adjustments. (c) Establishing an audience feedback mechanism to collect 

and analyze feedback from the audience on the content of communication. Based on the results of the 

feedback, adjustments and optimizations are made to the communication strategy, including improvement 

of the content, optimization of the communication channels, and adjustment of the time and frequency of 

communication. Through continuous feedback and adjustment, the communication effect can be 

continuously improved to meet the needs of the audience. 

4.3. Innovation in communication models based on technological innovation 

4.3.1. Digital technology applications. Utilize digital technologies, such as virtual reality technology, 

augmented reality technology and artificial intelligence, to innovate the mode of communication of non-

heritage cultural symbols. These technologies can provide audiences with an immersive experience, 

enabling them to experience the charm of non-heritage culture in an immersive way. 
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4.3.2. Cross-cutting cooperation. Cross-border cooperation with other fields, such as tourism, education, 

entertainment, etc., to jointly promote the dissemination of non-heritage cultural symbols. Through cross-

field cooperation, the dissemination channels of non-heritage cultural symbols can be expanded to attract 

the attention and participation of more audiences. 

4.3.3. Continuous optimization of communication modalities. With the development of technology and 

changes in audience needs, the communication mode of non-heritage cultural symbols should be 

continuously optimized and innovated, including the introduction of new communication technology, the 

expansion of new communication channels, and the innovation of communication content and forms. By 

continuously optimizing the communication mode, the communication vitality and influence of non-

heritage cultural symbols can be maintained. 
To sum up, to build the communication mode of NRH cultural symbols according to the extracted digital 

features of NRH cultural symbols, it is necessary to start from the three aspects of content customization, 

audience portrait optimization and technological innovation. These three aspects are interrelated and 

mutually reinforcing, and together they constitute a complete framework for the communication model of 

non-heritage cultural symbols. Through the implementation of this framework, the dissemination of non-

heritage cultural symbols can be more effective, and the popularity and influence of non-heritage culture 

can be enhanced. 

5. Conclusion 

This paper combines the fractal geometry with the Transformer model to construct a digital feature 

extraction model for non-heritage cultural symbols, and builds a framework of non-heritage cultural 

symbols communication model based on the feature extraction results in terms of content customization, 

audience portrait optimization and technological innovation. In the ablation experiment, this paper focuses 

on exploring the performance enhancement effect of the introduction of translation invariance and 

localization on the Transformer model. The results show that compared with the Transformer model 

without adding translation invariance and localization, the introduction of the two features improves the 

model's values on ODS, OIS and AP by 17.17%, 27.72% and 25.38%, respectively. It is fully illustrated that 

the introduction of translation invariance and localization in the Transformer model in this paper will 

significantly enhance the ability of the final model for digitized feature extraction of non-heritage cultural 

symbols. The scores of this paper's CNN+Transformer feature extraction model on ODS, OIS, and AP are 

0.894, 0.903, and 0.919, respectively, which are improved by 10.10%, 9.32%, and 11.80% compared with 

the EDTER model, respectively. Meanwhile, in the actual feature extraction task, this paper's model 

overcomes the various problems of other feature extraction models, and is able to clearly extract the rich 

features of the embroidered pieces of Miao embroidery in the Miao embroidery pattern dataset, which 

highlights the practical operability and usefulness of this paper's model. 

Based on the digitized features of the non-heritage cultural symbols extracted by the model, this paper 

further investigates the communication mode of the non-heritage cultural symbols. In content 

customization, this paper uses the model to extract data features from the non-heritage Miao embroidery 

pattern, and uses the extracted features to create secondary customization of this non-heritage cultural 

symbol. Demonstrate the feasibility of this paper to build a communication model of non-heritage cultural 

symbols based on the results of digitized feature extraction. In addition, this paper digs deeper into the 

communication path of NRH cultural symbols from the perspectives of audience and technology, and builds 

a general framework of NRH cultural symbols communication model. It provides a direction for the 

dissemination of non-heritage cultural symbols and the inheritance and protection of intangible cultural 

heritage. 
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