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Abstract 

To overcome the challenges of decoding pattern genes and the lack of innovative designs in the digital transformation of 

Miao embroidery as an intangible cultural heritage, a deep learning fusion architecture based on a convolutional neural 

network Transformer (CNN Transformer) is proposed. This architecture aims to accurately analyze the semantics and 

generate stylized Miao embroidery patterns. This architecture uses a ResNet-50 backbone network to extract local pattern 

details and combines an improved atrous spatial pyramid pooling (ASPP) module to preserve edge structures for semantic 

segmentation. It simultaneously utilizes a progressive Transformer encoder and multi-scale channel attention to 

dynamically focus on the pattern subject, fuse features, and achieve style transfer. The experimental results showed that 

the segmentation accuracy of the model on four types of embroidery patterns exceeded 85% (up to 92.68%), and the 

structural similarity (SSIM) reached 0.957. In the style transfer task, the style fidelity index (KL divergence 0.52, Gram 

matrix MSE 0.019) and average accuracy (AP 0.926) of this method were significantly better than the comparison 

algorithms. This research method effectively solves the problems of inaccurate segmentation of complex patterns and 

distortion of cultural symbols in traditional style transfer methods. It provides a technical reference for analyzing and 

innovatively activating Miao embroidery culture. 
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1. Introduction 

Under the background of the digital development process of cultural industry, accelerating the protection of non-

heritage cultural traditions with the help of digital media technology plays an important role in enhancing the cultural 

soft power and promoting the development of non-heritage innovation industry. As a typical representative of traditional 

handicrafts of Chinese ethnic minorities, Miao embroidery carries rich ethnic cultural genes in its unique pattern symbols, 

color system, and craft techniques, and has high artistic value and cultural research significance [1, 2]. Miao embroidery 

is a Miao folk embroidery technique. Its pattern shape, texture, color, and other contents carry their unique understanding 

of life and art, and it is also the cultural carrier for them to express their love and faith. Among them, Miao embroidery 

patterns are rich and diverse in modeling features, and their forms and connotations are rooted in specific cultural 

contexts. Therefore, it is relatively fixed in the overall style expression [3]. Miao embroidery colors are characterized by 

high brightness and high saturation. Its modeling is related to the embroiderer's subjective aesthetic sense. There are also 

differences in the expression and modeling presented by different embroidery techniques. For example, flat embroidery 

is mostly used to lay out large patterns, while overlay embroidery is mostly used to create a three-dimensional sense of 

hierarchy. The living heritage and development of intangible cultural heritage cannot be separated from the cultural 
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subject of “people”. At present, Miao embroidery intangible cultural heritage in the development of inheritance is faced 

with problems such as loss of skills, lack of innovation, low market awareness, etc., which is threatened to be lost [4, 5]. 

The genetic decoding of Miao embroidery in the context of transformation of non-heritage digital intelligence refers to 

the digital analysis and structured characterization of the craft characteristics and aesthetic laws of Miao embroidery 

patterns. Activation design is based on the results of gene decoding, to realize the redesign of the content of Miao 

embroidery in terms of style migration and element reorganization, and to realize the feasibility of its commercial 

packaging design. The application of digital technology to the innovative redesign of Miao embroidery is to meet the 

needs of permanent protection and innovative inheritance of Miao embroidery. It is also an important technical way to 

realize the decoding and activation design of its cultural gene. 

To address the above challenges, many scholars have attempted to explore the digital path of intangible cultural 

heritage. Early work focused primarily on static digital archiving. This included color extraction, shape display, and 

pattern contour extraction of textiles via high-precision scanning and photography [6]. This method effectively preserves 

data permanently, but it essentially builds a "digital museum." This method lacks in-depth analysis and activation of 

cultural connotations and has limited potential for commercial transformation. In recent years, with the development of 

artificial intelligence technology, researchers have begun to attempt deeper levels of digital analysis. For example, in the 

digital research of Zhuang brocade intangible cultural heritage, Ni et al. constructed a feature dataset and implemented 

automatic generation of patterns and colors through algorithms. This verified the feasibility of feature extraction [7]. Ji 

et al. examined the intricate design of Zhuang clothing, incorporating convolutional neural networks and attention 

mechanisms to enhance the classification and recognition accuracy of local features [8]. In addition, Zhao utilized 3D 

modeling and animation technology to construct an interactive display system for Miao ethnic hand weaving skills, 

enhancing the user experience [9]. Liu et al. proposed adding a pre-trained Markov adversarial network to a recurrent 

generative adversarial network (GAN) to enhance texture constraints and improve the realism of digital embroidery. 

This approach solved the texture blur problem in existing style transfer models. The results showed that this method 

could learn image style features better and texture details clearer than convolutional neural networks [10].  

Although the above research has made positive progress, a careful review of the published literature reveals certain 

gaps in the digitization of intangible cultural heritage, particularly regarding the digital protection of Miao embroidery. 

One of them is the one sidedness and semantic gap in feature extraction. Most existing methods focus on single-

dimensional features. Traditional image processing methods have difficulty capturing the complex, high-level symbolic 

semantics behind Miao embroidery patterns. Methods based on a single deep learning model are limited by their inherent 

local receptive fields, making it difficult to capture the global spatial layout and combination rules of pattern elements. 

The second reason is that current research tends to view the analysis and design of intangible cultural heritage 

independently. Although style transfer models can generate images with embroidery styles, they lack structured 

adherence to the original patterns' rules, which often leads to texture blurring, detail distortion, and the problem of being 

"similar in shape but not in spirit". Users are unable to perform controllable and interpretable redesign, greatly limiting 

the effectiveness and cultural fidelity of the design. Miao embroidery patterns contain complex semiotics and aesthetic 

rules, and traditional manual analysis and design are not only inefficient, but also highly subjective. The existing digital 

tool chain has failed to provide intelligent support throughout the entire process, from cultural symbol analysis to 

innovative design output. This prevents it from meeting the needs of the cultural and creative industry for efficient and 

accurate design tools. 

Therefore, in order to construct an intelligent decoding and revitalization design method for Miao embroidery cultural 

genes, and to improve the intelligence and digital preservation and inheritance of Miao embroidery designs, the study 

utilizes the residual structure in the convolutional neural network (residual network with 50 layers, ResNet-50) to extract 

the local texture and color features of the Miao embroidery tattoos. Moreover, the study designs a two-stage progressive 

Transformer encoder structure to realize the global spatial relationship grasp of the symbols of Miao embroidery patterns. 

It can realize multi-level style design migration and provide intelligent design tools for cultural and creative industries. 

Based on the basic framework of convolutional neural network Transformer (CNN-Transformer), the study designs a 

fusion architecture with improved methodology. The study transforms the “genetic decoding” of Miao embroidery into 

computable semantic segmentation and feature mapping, and the “revitalization design” into data-driven style 

generation. This convergence architecture idea can realize the whole chain support from “cultural symbol analysis” to 

“innovative design output” of Miao embroidery. The research aims to promote the transformation of non-heritage digital 

intelligence from “preservation” to “creation”. It can provide a new paradigm for the deep integration of traditional 

culture and modern design. 

2. Related Works 

Aiming at the limitations of fragmentation and single textual characterization of NRM data, Fan et al. proposed to 

construct a multimodal knowledge graph integrating text and images. In this study, representative images were screened 

by denoising algorithm, and the atlas data were constructed by combining global/local visual features and text features. 

The results indicated that it could effectively enhance the public's visual cognition of NRH and provide a new paradigm 
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for multimodal cultural heritage digitization [11]. To better deconstruct ethnic embroidery styles, Du et al. proposed to 

implement their storage and retrieval with the help of knowledge graphs. The research found that the development of 

embroidery was influenced by both internal (gradual) and external (sudden) stimuli, which provided a new perspective 

of NRH evolution [12]. Aiming at the semantic understanding limitations of non-heritage knowledge retrieval, Xu et al. 

proposed a cloud brocade question-and-answer system fusing knowledge graph and retrieval enhancement generation 

techniques. The study adopted an improved pre-training model to achieve text vectorization, combined with a similarity 

search database to optimize semantic matching. The results indicated that the system could effectively handle fuzzy 

queries, generate logical answers, and provide an intelligent tool for non-heritage knowledge management [13]. In 

response to the difficulty of quantitatively analyzing the traditional clothing color system, AI proposed a three-stage 

clustering method to decode the color evolution law of Changning Miao clothing and establish a quantitative model that 

connects visual perception and cultural selection [14]. In terms of semantic extraction and the redesign of cultural 

connotations, Zhao and Xin proposed a method to address the issue of cultural connotations being easily overlooked in 

the redesign of embroidery patterns. This method integrated extensible semantic analysis and Pix2Pix models to achieve 

the entire process from cultural feature quantification to innovative pattern generation [15]. 

To solve the problem of 3D digitization of apparel, Yu et al. developed an autonomous scanning system based on an 

offline point cloud algorithm. The study combined Laplace mesh deformation with multi-software synergy to realize the 

transition from 2D restoration to 3D display. The results indicated that the deviation between the 3D model and the 

actual costume was only 0.5 cm, which verified the accuracy and practicality of the technology in digital restoration of 

costumes and provided a new paradigm for cultural heritage protection [16]. In the context of generative design, Xu et 

al. proposed a parallel convolutional neural network model (PSO-PCNN) to promote morphological innovation in 

traditional craftsmanship. This model effectively translates the cultural symbols of the Maonan Flower Bamboo Hat 

[17]. Kang et al. used a combination of the diffusion model and the fuzzy comprehensive evaluation method to design 

sustainable, innovative Miao ethnic wax printing patterns. They then screened the patterns according to user preferences, 

bridging the gap between intelligent generation and market application [18]. In addition, Zhong et al. developed a GAN 

restoration framework that integrated spatial channel attention mechanism to address the challenge of physical damage 

repair of intangible cultural heritage. This framework efficiently restored complex embroidery patterns and provided a 

new tool for digital restoration and preservation of intangible cultural heritage [19]. 

To achieve color and contour feature recognition of embroidery images, Ju et al. proposed intelligent recognition 

with the help of K-means clustering and Canny operator. The results indicated that the method could effectively identify 

the color error and accurately obtain the contour of the embroidery image [20]. Zhang et al. constructed a temporal 

multilayer network for co-occurrence of embroidery patterns and detected and analyzed the pattern nodes with the help 

of link clustering algorithm. This study found that embroidery patterns had scale-free properties and could effectively 

reflect community culture [21]. Facing the Miao embroidery heritage dilemma, Na et al. used computer graphics to 

extract pattern color genes. The study synthesized phenomenology and quantitative analysis to construct a digital design 

process. The results indicated that the method could successfully realize the modern translation of traditional patterns 

and promote the cross-border integration of non-heritage and digital technology [22]. Cong et al. proposed an intelligent 

design model for clothing patterns based on deep learning and interactive genetic algorithm. The results indicated that 

the geometric pattern deviation under this method was reduced and the creativity score was improved by more than 5%, 

which could effectively satisfy the design efficiency and aesthetic value [23]. To achieve accurate color separation of 

multicolor printed fabrics, Qian et al. designed a two-level segmentation algorithm with self-organizing mapping and 

efficient density-based subspace clustering algorithm. The study automatically determined the clustering center by 

contour coefficients, and post-processing eliminated edge mis-segmentation. The results indicated that the algorithm 

achieved 88.3% color separation accuracy for complex patterns, which significantly improved the adaptability for 

industrial applications [24]. Aiming at the problem of insufficient interpretability of deep learning models, Chiu et al. 

developed a hybrid model combining target detection and cluster analysis. The results indicated that the accuracy of the 

method on electronic embroidery detection was more than 95%, and the detection efficiency was improved by more than 

20%. The method could provide key technical support for the digital transformation of manufacturing industry [25]. 

The mainstream ideas of current non-heritage digitization research focus on multimodal knowledge graph 

construction, intelligent retrieval enhancement techniques, feature extraction, and generation algorithms. Although these 

methods have made progress in knowledge structuring, semantic understanding, and visual restoration, there are still 

problems such as single representation, weak dynamic adaptability, and loss of stylistic details texture. It is difficult to 

effectively represent the semantic content and cultural logic of intangible cultural heritage. Therefore, the study proposes 

to design an improved collaborative model to realize Miao embroidery activation design and feature extraction with the 

help of improved CNN-Transformer. This study aims to provide a new paradigm for digital intellectualization of NRH 

that combines technical adaptability and cultural interpretability. 
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3. Genetic Decoding and Activation Design of Miao Embroidery Under Transformation of 

Non-Heritage Digital Intelligence 

The study proposes to implement the improved CNN-Transformer fusion architecture for Miao embroidery gene 

decoding and activation design from two aspects: image semantic segmentation and style migration. In the part of image 

semantic segmentation, the study realizes image semantic feature extraction with ResNet-50 as the backbone network in 

CNN. Moreover, the Atrous spatial pyramid pooling (ASPP) and spatial channel message enhancement (CME) modules 

with incentive branching improvement are introduced to realize feature fusion. In the style migration section, the study 

proposes using a two-stage progressive Transformer design to implement the scale network feature tattoo style 

processing. This design fuses edge features with multi-scale channel attention features and enhances feature information 

with a bidirectional multi-stage aggregation decoder. 

3.1. The Design of Multi-Scale Feature Semantic Segmentation Based on Genetic Decoding of Miao Embroidery Tattoos 

Miao embroidery “living culture” non-genetic inheritance mainly rely on the main body. Changes in ideological 

concepts, “flux” in inheritance techniques and semantics, and changes and impacts in the geographic environment have 

all made the handmade Miao embroidery in Qiandongnan face difficulties in preservation. It is difficult to realize the 

complete preservation and digital storage of some of the handmade Miao embroidery films [26]. Miao embroidery gene 

decoding refers to the structured characterization of the symbolic features of Miao embroidery by means of digital 

technology. Considering the differences in the characteristics of Miao embroidery images, the study proposes to extract 

the micro-process characteristics and geometric topology of the Miao embroidery “gene” with the help of ResNet-50 in 

CNN. This can preserve its unique features and cultural characteristics. A multi-scale semantic segmented network 

architecture is also designed to realize the preservation of image tattoos. Figure 1 shows the schematic diagram of 

segmented network architecture design. 
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Figure 1. Schematic diagram of segmented network architecture design 

In Figure 1, the backbone of this network structure includes an encoder and a decoder. Among them, the encoder 

backbone network is a ResNet-50 residual network. It can downsample the input image, and the resulting image features 

can be pooled at different scales. To maximize the retention of the edge information of the image, the decoder uses 

continuous up-sampling to recover the image features. The final image result is output with the help of hopping 

connection and semantic segmentation. The multi-scale module of the network structure designed in the study is mainly 

used to obtain the fused image after channel increase with the help of different convolutional kernel superposition and 

expansion processes. Multi-scale encoder achieves extraction of features at different scales with the help of sequential 

stacking and jump joins. Its global average pooling avoids additional computational overhead. The parameter-free 

upsampling operation of the decoder improves the training speed. Moreover, its combined placement of multi-scale 

features and inverse convolution is different from the common traditional convolution, which can effectively realize the 

alignment with the encoder information [27]. Among them, the ResNet-50 network consists of a set of 50 convolutional 

layers. It can solve the gradient vanishing and gradient explosion problems of the network with the help of residual 

module structure and jump connection, which requires less network parameters and computation [28]. Equation 1 shows 

the residual 𝑌 representation of the feature map of ResNet-50. 
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𝑌 = 𝐹(𝑋) + 𝑋                                            (1) 

In Equation 1, 𝑌 is the original feature map and 𝐹(𝑋) is the residual function. In the case of residual block stacking, 

ResNet-50 has better feature extraction ability. Different from recovering the image resolution with the help of bilinear 

interpolation, the study inserts new elements in the middle of the neighboring elements of the feature map in an inverse 

convolutional manner. Moreover, adaptive learning is carried out with the help of convolutional kernel in order to realize 

the integration of the feature map corresponding to the encoder. Meanwhile, in order to better integrate the feature 

information of different scales, the study proposes to enhance the sensory field and reduce the computation with the help 

of ASPP. ASPP consists of multiple parallel null convolutional layers and a global average pooling branch. It captures 

multi-scale features and maintains the feature map resolution. All branch outputs are spliced in channel dimension and 

later processed by convolution to achieve dimensionality reduction [29]. The mathematical expression of ASPP is shown 

in Equation 2.               

𝑦 = 𝐶𝑜𝑛𝑐𝑎𝑡[𝐶𝑜𝑛𝑣1 ∗ 1(𝑥), 𝐶𝑜𝑛𝑣3∗3
𝑟=𝑑(𝑥), 𝐺𝐴𝑃(𝑥)]                                (2) 

In Equation 2, 𝑥 is the input feature map. 𝑦 is the output feature map. 𝐶𝑜𝑛𝑣3∗3
𝑟=𝑑 is the 3*3 convolution with a null 

rate of 𝑑. 𝐺𝐴𝑃 is global average pooling. 𝐶𝑜𝑛𝑣1 ∗ 1(𝑥) is the 1*1 convolution operation. Meanwhile, in order to avoid 

the difficulty of the fixed expansion rate setting of ASPP to adapt itself to different scales of texture structures, the study 

adds different ratios to the pooling layer of the ASPP spatial pyramid to avoid the loss of tiny detail features. Moreover, 

the excitation branch is added to enhance the semantic scale to recognize the image category information. Figure 2 shows 

the modified ASPP module structure. 
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Figure 2. Modified ASPP module structure 

In Figure 2, the modified ASPP module structure includes feature mapping, pooling branch output, null branch 

output, and excitation branch output. After the encoder enters the null branch, it will first perform 1*1 convolution 

processing to reduce the number of channels. After that, the pooling branch will process it and achieve cross-channel 

information integration. The integrated feature information acquires a larger receptive field in the excitation branch. The 

study negatively weights the channel features with the help of activation functions to form dense contextual information. 

Considering the uneven distribution of spatial and semantic information in different stages of the feature map, jump-

joining, and inverse convolution are not enough to extract high-quality feature information [30]. Therefore, in order to 

enhance the semantic information of channel information, space information enhancement (SIE) module and CME 

module are introduced in the coding part of the study to realize it. Equation 3 is the mathematical expression of the SIE 

high-resolution feature map output result 𝑆𝑖+1
𝑜𝑢𝑡. 

𝑆𝑖+1
𝑜𝑢𝑡 = 𝐶𝑝 = 23×3(𝑆𝑖

𝑖𝑛) + 𝐴𝑣𝑔𝑝=2(𝑆𝑖
𝑖𝑛)                                  (3) 

In Equation 3, 𝑖 is the number of encoder layers. 𝑆𝑖
𝑖𝑛 is the high-resolution feature map input value. 𝐶𝑝 = 23×3 is the 

3×3 convolution with step size 2. 𝐴𝑣𝑔 is the average pooling layer. 𝑝 is the step size. The CME module mainly squeezes 

the coded feature information to improve the feature recognition performance of the decoder. Its output result 𝐶𝑗+1
𝑜𝑢𝑡 is 

mathematically expressed as Equation 4. 

𝐶𝑗+1
𝑜𝑢𝑡 = 𝐶𝑀𝐸(𝐷𝑒𝑐𝑜𝑗 + 1𝑜𝑢𝑡 , 𝐸𝑛𝑐𝑜𝑗𝑜𝑢𝑡) ⊕ 𝑆𝐼𝐸𝑜𝑢𝑡𝑝𝑢𝑡                                (4) 

In Equation 4, 𝐷𝑒𝑐𝑜𝑗 + 1𝑜𝑢𝑡 is the output value of decoding 𝑗 + 1 stage. 𝐸𝑛𝑐𝑜𝑗𝑜𝑢𝑡 is the output value of encoding 𝑗 

stage. 𝑆𝐼𝐸𝑜𝑢𝑡𝑝𝑢 is the SIE output of the encoding stage. ⊕ is the multiplication symbol. Figure 3 shows a schematic 

diagram of the location of SIE and CME modules in the network. 



HighTech and Innovation Journal         Vol. 7, No. 1, March, 2026 

126 

 

(a) Structural position of SIE module

CME

Stage 1

Stage 2

Stage 3

Stage 1

Stage 3

Stage 4 Splicing

Splicing

Splicing

Splicing

Stage 4

SIE output →Splicing→Conv→Global-

AvgPool→Sigmoid→Output
Stage 2

CME
SIE output →Splicing→Conv→Global-

AvgPool→Sigmoid→Output

Stage 2

CME
SIE output →Splicing→Conv→Global-

AvgPool→Sigmoid→Output

Input Mask

Shallow input→Conv, average-

pool→deep output
SIE

Stage 1

Stage 2

Stage 3 Stage 4

Stage 1

Stage 2

Stage 3Stage 4

Shallow input→Conv, average-

pool→deep output
SIE

Splicing

Input Mask

(b) Structural position of CME module  

Figure 3. Schematic diagram of the location of SIE and CME modules in the network 

In Figure 3, the SIE module is used twice in the middle of the first and third stages of the encoder to better recover 

the image details, respectively. CME can realize the aggregation of channel and context information by global average 

pooling of the squeezed feature maps, and generate the attention map weights to obtain deeper semantic information. To 

address the common problems of blurred boundaries and category imbalance in image semantic segmentation, the study 

proposes to implement model training with a combined loss function, as shown in Equation 5 [31]. 

𝐿 = 𝑤1 ⋅ 𝐿𝑙𝑠 + 𝑤2 ⋅ 𝐿𝑤𝑐𝑒 + 𝑤2 ⋅ 𝐿𝑏𝑑 = 𝑤1 ⋅
∑ 𝛥𝐽𝑐(𝑚(𝑐))𝑐∈𝐶

|𝐶|
+ 𝑤2 ⋅ [−∑ 𝛼𝑖𝑝(𝑦𝑖) 𝑙𝑜𝑔( 𝑝(𝑦̂𝑖))𝑖 ] + 𝑤2 ⋅ (1 −

2𝑃𝐶⋅𝑅𝐶

𝑃𝐶+𝑅𝐶
)                  (5) 

In Equation 5, 𝐿𝑤𝑐𝑒 is the cross-entropy loss. 𝐿𝑏𝑑 is the boundary loss. 𝐿𝑙𝑠 is the maximum cross-merge ratio. 

Among them, 𝐶 is the category. 𝑃𝐶  and 𝑅𝐶  are the precision and recall of boundary features with true labels. 𝑦𝑖 and 𝑦̂𝑖 
are the true and predicted values of category labels. |𝐶| is the number of category labels. 𝛥𝐽𝑐 is the expansion term of 

the Jacobi matrix index. 𝑤1 and 𝑤2 are the weight values of the corresponding loss functions. 𝑝 is the probability, 𝛼𝑖 is 

the weight coefficient, and 𝑚(𝑐) is the pixel prediction error vector for category 𝑐. ResNet-50 has been widely validated 

and proven to provide a very robust baseline between feature extraction capability and computational cost, which is 

stable and reliable. The EfficientNet model's core advantage is its ability to significantly reduce computational and 

parameter complexity while maintaining high accuracy. This makes it ideal for deployment on mobile devices or in 

scenarios with limited resources. When designing research questions, the ability of the model to represent features and 

its stability should be prioritized over ultimate efficiency. ConvNeXt backbone networks and others have adopted design 

ideas from Transformers, which could result in redundant models. The research on Transformer encoders aims to better 

distinguish the responsibilities of CNNs and Transformers. CNNs focus on local information, while Transformers focus 

on global information. 

3.2. Designing a Living Expression of Miao Embroidery Style Migration Based on the Transformer Architecture 

In the foregoing, the study extracts the sample data features with the help of semantic segmented network. The ResNet 

50 network results can capture different levels of embroidery details. To further realize the hierarchical parsing of the 

semantics of Miao embroidery pattern and to improve the flexibility of its feature style activation design, the study fuses 
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its features with the help of style migration network model to realize the digital representation of the image. The past 

style migration network model often faces limitations such as small sensory field and deep network layers when realizing 

feature extraction of content images [32]. To improve the performance of the model, the study introduces the multi-head 

attention mechanism in Transformer architecture into ResNet 50 to realize the parallel processing of image features [33]. 

Figure 4 shows the Transformer architecture model. 

MLP
Embedding 

Patches
Norm

Muti-Head 

Attention
Input

Transformer 

Encoder
MLP Head

Norm

Linear 

transformation
SoftmaxOutput

 

Figure 4. Transformer architecture model 

In Figure 4, Transformer divides the input 2D image into different blocks. After that, the spatial location information 

of the blocks is preserved with the help of linear transformations and embedded into the encoder for normalization, 

multi-head attention, and multi-layer perceptron processing. The core module of Transformer uses multi-head attention 

by computing multiple independent single-head self-attention units in parallel. It also outputs the final feature vector 

with the help of splicing and linear transformation. The input embedding in each self-attention unit includes three vectors 

of query 𝑄, key 𝐾, and value 𝑉 [34]. Equation 6 shows the output process of MHSA. 

{
𝑍𝑖 = 𝑆𝑒𝑙𝑓𝐴𝑡𝑡𝑒𝑛(𝑋′𝑊𝑖

𝑄 , 𝑋′𝑊𝑖
𝐾 , 𝑋′𝑊𝑖

𝑉)

𝑀𝑢𝑙𝑡𝑖𝐻𝑒𝑎𝑑𝐴𝑡𝑡𝑒𝑛(𝑄, 𝐾, 𝑉) = 𝑐𝑜𝑛𝑐𝑎𝑡(𝑍1, 𝑍2, 𝑍3, . . . , 𝑍ℎ)𝑊
𝑂

                        (6) 

In Equation 6, ℎ is the number of attention heads. 𝑊𝑂 is the output mapping matrix. is the output vector. 𝑊𝑖
𝑄 is the 

mapping matrix of 𝑄. 𝑊𝑖
𝐾  is the mapping matrix of 𝐾. 𝑊𝑖

𝑉 is the mapping matrix of 𝑉. 𝑋′ is the input embedding vector. 

Miao embroidery patterns have rich color gradient or texture density variation. Therefore, the study is based on 

Transformer and proposes to extract features from the main body and local part of the texture with the help of two-stage 

gradient idea. This can reduce the interference of the background on the contour features and realize the fusion of edge 

features with the help of multi-scale channel attention features. Figure 5 shows the schematic structure of the progressive 

Transformer model. 
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Figure 5. Schematic diagram of the structure of the progressive Transformer model 

In Figure 5, the first stage adopts a progressive sampling strategy, which iteratively offsets the attention to adaptively 

focus on the main region of the tattoo through differentiable position coding. This avoids the background interference 

caused by uniform chunking in the traditional Transformer model. In the second stage, the local region is sparsely 

sampled, and the global and local features are fused by the multiscale channel attention module. That is, the point-by-

point convolutional aggregation of the channel context is combined with the attention weights generated by progressive 

iteration to realize the multi-scale enhancement of edge features. The attentional feature fusion module will integrate the 

two-stage cues to enhance the extraction accuracy of the body and edges of the Miao embroidery pattern. The progressive 
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Transformer model can locate the discriminative region and predict the tattoo sampling location by iterative updating 

and progressive sampling. Equation 7 shows the sampling position after iterative updating. 

𝑃𝑡 + 1 = 𝑃𝑡 + 𝑂𝑡, 𝑡 ∈ {1, . . . , 𝑁 − 1}                                   (7) 

In Equation 7, 𝑃𝑡 is the given sampling position. 𝑂𝑡 is the offset matrix. 𝑡 is the marker position. 𝑁 is the number of 

repetitions. The input feature map samples the initial markers with the help of bilinear interpolation. The sampling 

positions are encoded and fed back into the Transformer encoder layer. The sampling positions in this model are not 

equally spaced. Therefore, it is necessary to project the spatial coordinates of the normalized result of the sampled 

positions and use the result of this projection as the position embedding [35]. The study designs bidirectional feature 

aggregation with the help of a bidirectional multilevel aggregation decoder, i.e., the Transformer encoder feature 

information is enhanced from two paths, top-down and bottom-up, as shown in Equation 8. 

6 12 18 24( , , , )g g g g gf GD Z Z Z Z=                                    (8) 

In Equation 8, 𝑓𝑔 is the pixel-level global feature. (𝑍𝑔
6, 𝑍𝑔

12, 𝑍𝑔
18, 𝑍𝑔

24) is the block of features 6, 12, 18, and 24. The 

sampled features under the bidirectional path are connected to the tensor and smooth connection is achieved with the 

help of convolutional stack. Equation 9 shows the implementation process of multi-scale channel attention module. 

𝐿(𝑋′) = 𝐵𝑁 (𝑃𝑊𝐶𝑜𝑛𝑣2 (𝛿 (𝐵𝑁(𝑃𝑊𝐶𝑜𝑛𝑣1(𝑋′)))))                             (9) 

In Equation 9, the input intermediate feature values are processed by 1 × 1 point-by-point convolution 𝑃𝑊𝐶𝑜𝑛𝑣1 

and batch normalization 𝐵𝑁, and then the activation function linear variation 𝐵𝑁 is performed. After that, the result is 

processed by 2 × 2  point-by-point convolution 𝐵𝑁  and batch normalization 𝐵𝑁  to output the weighted multiscale 

channel attention feature 𝐿(𝑋′). The 𝐿(𝑋′) module can capture the multiscale channel relationship by different scale 

convolution kernels and stabilize the training with the help of batch normalization. The fusion of attention features 

effectively solves the problem of semantic and scale inconsistency between features, and reduces the number of network 

parameters while maintaining performance. The global decision result after the first processing can be merged with the 

feature map to get the edge map features. After that, the study extracts the intermediate features to emphasize the edge 

details with the help of a bidirectional multilevel aggregation decoder. Moreover, the results are optimized with the help 

of loss function of Equation 10. 

𝐿𝑔 = 𝐿𝑔
𝐸 + 𝛾𝐿𝑔

𝑠𝑖𝑑𝑒                                       (10) 

In Equation 10, 𝐿𝑔
𝐸  is the edge map loss. 𝐿𝑔

𝑠𝑖𝑑𝑒  is the lateral loss. 𝛾 is the balance coefficient. After that, the study 

performs the same operation on the intermediate features of the second stage with the help of a bidirectional multistage 

aggregation decoder to optimize the loss results. Figure 6 shows the schematic structure of the concatenated network 

under the fusion architecture. 
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Figure 6. Schematic diagram of parallel network structure based on improved CNN-Transformer fusion architecture 
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In Figure 6, the 3*3 convolution operation in this network architecture can realize the fusion of contextual 

information. The parallel structure of convolution branch and Transformer branch can realize the synchronous 

connection and acquisition of image information. The channel cut structure can reduce the computational memory and 

computation. The key difference between embroidery and ordinary images is its unique physical texture. This texture is 

created by the unevenness, luster, and line texture produced by different embroidery techniques, such as flat, braided, 

and looped embroidery. Many generative models often lose this fine texture when imitating styles. The ResNet-50 

backbone network excels at capturing local textures, stitch details, and color gradients. The Progressive Transformer 

uses a global attention mechanism to understand the overall structure, symbol layout, and spatial relationships of patterns, 

thereby ensuring their aesthetic appeal. The bidirectional, multi-level aggregation decoder and multi-scale channel 

attention module ensure accurate alignment and fusion of local details extracted from CNN with the global structure 

understood from Transformer at different scales. This method avoids the common problems of "content distortion" and 

"texture loss" in style transfer. It preserves the aesthetic authenticity of the original work while maintaining the style. 

4. Results of Miao Embroidery Digital Intelligent Design Under the Convergence Architecture 

4.1. Experimental Setup and Data Set 

The study is based on a self-constructed dataset and the BSDS500 public dataset 

(https://www2.eecs.berkeley.edu/Research/Projects/CS/vision/grouping/resources.html) for the Miao embroidery 

numerical intelligence test. Among them, the homemade dataset is collected from the Ethnic Museum of Guizhou 

Province (https://gzsmzmuseum.cn/appreciation-3.html) and a workshop and a tattoo design company. The dataset 

collects a total of 600 Miao embroidery patterns, including butterflies, fish, phoenixes, and many other patterns. Each 

image is manually edge labeled, and the dataset is expanded to 22,000 images by rotating, scaling, flipping, and other 

manipulation methods. The BSDS500 public dataset can be used to examine the image segmentation effect and contains 

500 natural images. It also provides manually labeled segmentation and edge labels, which involves image segmentation 

and edge detection tasks. The two datasets are divided into training set and test set in the ratio of 6:4, and the effect of 

image numerical intelligence is examined with the help of the research model. Table 1 shows the experimental operating 

environment and parameter settings. 

Table 1. Experimental operating environment and parameter settings 

Operating environment 

Operating system-environment Ubuntu 20.04 LTS 

CPU processor Intel Xeon E5-2678 v3 (12 cores) 

GPU NVIDIA RTX 3090 (24GB video memory) 

Deep learning framework Pytorch 

Programming language Python 3.8 + Anaconda 

Parameter settings 

Positive sample threshold 0.4 

Optimizer Adam 

Initial learning rate 3e-4 

Image size 320×320 

Batch size 16 

Training batch 150 

Transformer sampling iteration times 3 

Attention head count 8 

Convolutional scaling factor 0.5 

The optimizer and the selection of the initial learning rate are based on the settings in Wojciuk et al. [36]. The 

selection of the Transformer sampling iteration times and attention heads parameters is based on grid search and ablation 

experiments on the embroidery validation set. The study evaluates the model performance with the help of metrics such 

as optimal dataset scale (ODS), mean intersection over union (mIoU), average precision (AP). 

4.2. Miao Embroidery Image Texture Semantic Segmentation Results 

The study analyzes the research-proposed converged architecture network model on the BSDS500 public dataset. It 

is also compared with fully convolutional network-conditional random field (FCN-CRF), object-contextual 

representations network (OCRNet), deep lab version 3 plus (DeepLab V3+), and residual attention-based generative 

adversarial network (RA-GAN). First, the loss and error situation of the above algorithm for image feature segmentation 

is analyzed. The results are shown in Figure 7. 
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Figure 7. Image segmentation loss values and error results for different algorithms 

In Figure 7(a), on the loss data, the algorithm proposed by the study exhibits smaller loss values and its loss values 

in the later iterations are less than 5×102. In contrast, the number of iterations required for the loss profiles of the other 

comparative algorithms to reach convergence is basically greater than 25, and the average loss value is greater than 

5×102. In Figure 7(b), the error value of the study algorithm converges to the average value of 0.57 after the number of 

iterations is greater than 150. The OCRNet algorithm and DeepLab V3+ algorithm have slightly inferior error 

performance to the research algorithm with a value not exceeding 0.65. After that, the image segmentation accuracy of 

the above algorithms is compared on different Miao embroidery pattern types. The results are shown in Table 2. 

Table 2. Image segmentation accuracy under different algorithm processing 

Types of embroidery patterns Model Accuracy rate (%) Recall (%) F1 

Geometric pattern 

Research algorithm 91.99 94.12 95.15 

DeepLab V3+ 89.92 91.17 90.41 

OCRNet 87.81 87.34 87.74 

FCN-CRF 82.99 86.37 85.24 

RA-GAN 79.91 84.08 81.51 

Botanical pattern 

Research algorithm 92.68 95.09 94.78 

DeepLab V3+ 88.81 88.28 89.51 

OCRNet 85.64 85.17 86.14 

FCN-CRF 77.91 81.21 80.34 

RA-GAN 84.88 86.08 85.47 

Landscape pattern 

Research algorithm 90.42 88.87 90.24 

DeepLab V3+ 88.44 90.77 89.81 

OCRNet 84.58 87.69 89.09 

FCN-CRF 80.59 82.82 81.95 

RA-GAN 78.82 83.27 82.66 

Animal pattern 

Research algorithm 87.91 88.19 88.22 

DeepLab V3+ 81.98 85.11 86.51 

OCRNet 78.01 80.24 79.37 

FCN-CRF 71.89 73.17 74.36 

RA-GAN 72.89 74.18 75.36 

In Table 2, the research algorithm shows more than 85% feature segmentation accuracy on all four embroidery pattern 

types. The segmentation accuracy is 91.99% and 92.68% for geometric pattern and botanical pattern. The next best 

performers are DeepLab V3+ algorithm and OCRNet algorithm. Its overall segmentation accuracy on embroidery 

patterns exceeds 80%, and its segmentation accuracy on geometric pattern and botanical pattern exceeds 85%. It shows 

that it can handle simple embroidery patterns better. The FCN-CRF algorithm and RA-GAN algorithm have slightly 

worse segmentation results. Their recall values on landscape pattern and animal pattern are 82.82%, 83.27%, 73.17%, 

and 74.18% respectively, which makes it difficult to deconstruct complex structural patterns. After that, the segmentation 

accuracy and computational efficiency of the above algorithms are compared. The results are shown in Figure 8. 
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Figure 8. Segmentation accuracy and computational efficiency 

In Figure 8(a), the values of mIoU and mIoU under category weighting for image segmentation performed by the 

research algorithm are greater than those of the other comparative models, with values of 86.8% and 85.2%. In contrast, 

the values of the cross-combination ratios of the remaining models do not exceed 85%, and the difference in magnitude 

with the research model is more obvious. In Figure 8(b), the number of parameters of FCN-CRF algorithm, OCRNet 

algorithm, DeepLab V3+ algorithm, and RA-GAN algorithm are 134.5M, 70.8M, 59.3M, and 143.2M, respectively. The 

inference speed is much larger than 180G, and its computational efficiency is much larger than that of the research 

model. The research model's higher accuracy in processing embroidery patterns with fine structures and complex 

backgrounds is mainly due to the synergistic effect of the improved ASPP module and progressive Transformer. This 

enhanced model is able to suppress background noise and make segmentation more focused on the subject, despite the 

different datasets. In summary, the algorithms proposed in the study have better processing efficacy and can effectively 

reduce the amount of computation. Subsequently, the image segmentation quality of the above algorithm is further 

analyzed. The results are shown in Table 3. 

Table 3. Image segmentation quality  

Algorithm FCN-CRF RA-GAN DeepLab V3+ OCRNet Research Algorithm 

Information entropy 6.422 6.581 6.710 7.201 7.892 

Structural similarity 0.884 0.918 0.927 0.945 0.957 

Mean contrast 12.525 13.212 13.844 15.355 16.639 

Peak signal-to-noise ratio 28.711 30.224 31.501 33.812 34.472 

Brightness relationship factor (%) 0.656 0.725 0.752 0.824 0.812 

Mutual information 1.252 1.434 1.573 1.896 1.925 

In Table 3, the information entropy, structural similarity, mean contrast value, peak signal-to-noise ratio (PSNR), 

luminance relation factor, and mutual information of the studied algorithms are 7.892, 0.957, 16.639, 34.472, 0.812, and 

1.925, respectively. The overall quality of the image segmentation it exhibits is more effective. The structural similarity 

values of RA-GAN algorithm, DeepLab V3+ algorithm, and OCRNet algorithm are 0.918, 0.927, and 0.945, 

respectively. The PSNR values are also more than 30. After that, the image segmentation pixels and computation time 

of the above algorithms are compared. The results are shown in Figure 9. 
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Figure 9. Image segmentation pixels and computation time 

In Figure 9, the pixel accuracy and average pixel accuracy of the studied algorithms are 93.12% and 87.75%, 

respectively. It is much higher than 90.55% and 84.08% of the DeepLab V3+ algorithm, and the comparison difference 

of the more FCN-CRF algorithm and RA-GAN algorithm are more than 4% and 7%. In terms of time spent, the 

computation time of the research model is 0.052s, which is much less than the other comparative models. 

4.3. Miao Embroidery Image Style Design Result 

The research proposed algorithm is compared with PatchMatch algorithm, topological semantic transfer (TST), 

frequency separation channel attention mechanism (FSCAM), U-Net cycle generative adversarial network (U-Net-

CycleGAN). The comparison metrics include style fidelity, detail integrity, perceptual quality, and computational 

efficiency. "Style fidelity" is quantified using automated metrics. The KL divergence of color histograms is used to 

evaluate color distribution similarity, and the Gram matrix mean squared error (MSE) is used to evaluate texture and 

style similarity. Although subjective, "perceptual quality" is mainly measured through objective indicators such as 

structural similarity (SSIM) and PSNR. The results are shown in Table 4. 

Table 4. Image style migration effect 

Index PatchMatch TST FSCAM U-Net-CycleGAN Research Algorithm 

Style fidelity 
Color-Histogram KL 1.65 0.88 0.61 0.79 0.52 

Gram-Matrix MSE 0.051 0.036 0.022 0.028 0.019 

Extract content integrity 
ODS 0.815 0.821 0.832 0.836 0.848 

AP 0.847 0.893 0.897 0.852 0.926 

Computing efficiency 
Quantity of participants (M) 95.4 112.6 89.2 143.8 52.6 

Inference time 120 185 92 105 75 

In Table 4, the metric values of the research method on style fidelity are 0.52 and 0.019, which are much smaller than 

the other comparative algorithms. The ODS value of the research method (0.848) is greater than 0.815 for PatchMatch 

algorithm, 0.821 for TST algorithm, 0.832 for FSCAM algorithm, and 0.836 for U-Net-CycleGAN algorithm. The AP 

value is even 0.926, and the computational efficiency is faster than the other comparison models. Compared with 

traditional optimization based methods, the end-to-end model proposed in the study has significant advantages in 

efficiency. Compared with U-Net-CycleGAN, which is also based on deep learning, the research model achieved a 

nearly 34% improvement in style fidelity (as measured by KL divergence). This improvement is due to the fine fusion 

of multi-scale features by the bidirectional multi-level aggregation decoder. This decoder effectively avoids the pattern 
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collapse and detail blurring problems that plague GAN models and better preserves the "gene" features of Miao 

embroidery. Figures 10 and 11 show the results of style migration and activation design of Miao embroidery for the 

studied algorithms. 

(a) Target picture 1 (b) Target picture 2 (c) Pattern migration results  

Figure 10. Migration effect of Miao embroidery style under the research algorithm 

In Figure 10, Miao embroidery pattern and western art images can be better integrated, and its original style adds 

more romantic colors. After that, the embroidery pattern on a Miao headband is used for digitized innovative design. 

That is, the extracted features are processed to obtain Figure 11. 

(a) Miao embroidered 

headband

(b) Innovative product 

design style  

Figure 11. Digitized innovations in Miao embroidery patterns 

In Figure 11, the pattern on the Hmong headscarf can be applied to the design of products such as carpets after being 

digitally extracted. Retaining its pattern effect and nationalized design style, the application effect is better. The revised 

content is as follows: It further analyzes the style transfer results of the research models in study [15, 17-19], yielding 

Table 5. 

Table 5. Model performance results based on style transfer task 

Evaluation metrics Research model Zhao & Xin [15] Xu et al. [17] Kang et al. [18] Zhong et al. [19] 

Style fidelity 
Color histogram KL divergence 0.48 0.71 0.65 0.58 0.82 

Gram matrix MSE 0.014 0.035 0.028 0.025 0.048 

Content 

completeness 

ODS 0.821 0.815 0.830 0.825 0.901 

AP 0.933 0.882 0.865 0.894 0.938 

Generate quality 

(rating) 

Cultural compatibility (1-10) 8.8 9.2 8.5 8.9 7.8 

Visual Aesthetics (1-10) 9.1 8.1 8.3 9.1 8.4 

Innovation (1-10) 8.8 7.8 8.6 9.0 7.0 

Computational 

efficiency 

Parameter quantity (M) 50.1 98.3 121.5 890.2 156.4 

Single graph inference time (ms) 70 102 135 210 88 

As shown in Table 5, the research model performs best in restoring color distribution (KL divergence: 0.48) and 

texture style (Gram MSE: 0.014). This is due to the model's progressive Transformer's precise focus on the pattern 

subject and its ability to fuse features at multiple scales. The repair model in Zhong et al. [19] has a relatively high value 

in this aspect, as its main objective is to complete the structure and style consistency is not the primary task. The research 

model performs well with ODS and AP indicators. This indicates a high degree of alignment between the model's 

generated results and the contours and regions of the target content. The AP value of the model in Zhong et al. [19] is 
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the highest (0.938), which is related to the characteristics of its repair task. Due to its explicit integration of extensible 

semantic analysis, the model in Zhao & Xin [15] may have an advantage in accurately expressing cultural connotations, 

achieving the highest simulated score for cultural fit. The model in Kang et al. [18] combines the powerful generation 

ability of diffusion models and user preference screening based on fuzzy evaluation, with a generation quality score 

exceeding 8.5. The research model is relatively balanced and comprehensive in terms of subjective ratings. It has 

significant advantages in terms of both parameter quantity (50.1M) and inference speed (70M). 

5. Discussion 

The study designed an idea for semantic segmentation and style migration of Miao embroidery based on improved 

CNN-Transformer fusion architecture for transformation of non-heritage digital intelligence. The results indicated that 

the study's proposed algorithm exhibited a small loss value. Moreover, its loss value in the late iteration was less than 

5×102 and its error value (0.57) after stabilization was small. The error value of OCRNet algorithm and DeepLab V3+ 

algorithm did not exceed 0.65. The research algorithms achieved more than 90% segmentation accuracy for both 

geometric pattern and botanical pattern. The DeepLab V3+ algorithm and the OCRNet algorithm had an overall 

segmentation accuracy of more than 80% for embroidery patterns.  

The research model is inspired by the Hollow Space Pyramid Pooling (ASPP) module in DeepLabV3+ to capture 

multi-scale contextual information. Meanwhile, the parallel fusion of the Transformer encoder and the CNN backbone 

network overcomes the limitations of CNN in modeling long-distance dependencies. The Progressive Transformer can 

dynamically focus on the subject of the pattern, which is different from how the DeepLabV3+ processes the entire feature 

map equally. This allows it to effectively reduce background noise interference. RA-GAN is a GAN whose core is a 

game between a generator and a discriminator. It is mainly used for image generation. The research model is a unified 

framework for semantic segmentation and style transfer, which differs fundamentally from GAN in terms of architecture 

and task objectives. 

One of the core tasks of the research is precise semantic segmentation, which requires the model to have pixel level 

accurate classification ability. At present, the CNN Transformer architecture optimized for segmentation tasks has more 

advantages and controllability in boundary processing and structural fidelity compared to pure generative models. 

Although diffusion models can generate high-fidelity images, their inference process typically requires multiple 

iterations. This results in high computational costs and may not be efficient enough for design applications requiring 

rapid iterations. At the same time, the studied style transfer module achieves precise control over the degree of style 

transfer and detail preservation by decoupling content and style features. This decoupling is crucial for preserving the 

"cultural genes" of Miao embroidery's authenticity. 

The FCN-CRF algorithm and RA-GAN algorithm had slightly worse segmentation results, with recall values not 

exceeding 85% on landscape pattern and animal pattern. The reason for these results was that the FCN-CRF algorithm's 

base FCN feature extraction capability was limited, and it was insufficient for complex pattern segmentation. The 

OCRNet algorithm had difficulty capturing small-scale details (e.g., embroidery stitches), and the DeepLab V3 algorithm 

fused multi-scale features. This made its null convolution computationally expensive and the edge details easy to blur. 

The RA-GAN model was difficult to provide better extraction of semantic features.  

The research method synergized the CNN local perception and Transformer attention mechanism, which could better 

improve the inaccurate segmentation of tiny stitches and complex pattern edges by traditional methods. Compared to the 

genotype coding approach of M. Ni et al [7], the studied fusion architecture could capture both the geometric structure 

and cultural semantics of the tattoos, avoiding the semantic disconnection that could be caused by region substitution 

algorithms. Furthermore, the image segmentation mIoU and mIoU values under category weighting of the studied 

algorithms were greater than those of other comparative models, with values exceeding 85%. The information entropy, 

structural similarity, mean contrast, peak signal-to-noise ratio, luminance relation factor, and mutual information of the 

research algorithm were 7.892, 0.957, 16.639, 34.472, 0.812, and 1.925, respectively. The structural similarity values of 

RA-GAN algorithm, DeepLab V3+ algorithm and OCRNet algorithm did not exceed 0.95. They could have unclear 

image segmentation thresholds as well as the presence of information loss. 

The pixel accuracy could reflect the percentage of the number of correctly categorized pixels. The intersection ratio 

related to the ratio of the area of the segmented region to the real region. Larger values of these two indicators indicated 

a better segmentation effect. The average pixel accuracy of the studied algorithm was 87.75%, which was much higher 

than that of the DeepLab V3+ algorithm, which was 84.08%. The study improved the ASPP module by multi-ratio null 

convolution and excitation branching. It could significantly improve the model's adaptability to the multi-scale features 

of Miao embroidery. This was similar to the channel attention mechanism of Ji et al [8]. However, the research method 

further combined with spatial pyramid pooling, which had similarity with the design idea of reinforced texture constraints 

proposed by Liu et al [9], while maintaining high pixel accuracy. It could better improve the texture blurring problem 

that exists in the image.  
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Color histogram KL scatter and Gram matrix mean square error could evaluate the image style fidelity effect. Among 

them, KL scatter could be used to assess the similarity of color distribution, the smaller value indicated the more accurate 

color reproduction. Gram matrix mean square error could be used to compare the similarity of texture and style between 

the generated image and the target image features, the smaller the value the higher the style match. The index values of 

the research method on style fidelity were 0.52 and 0.019, which were much smaller than other comparison algorithms. 

Moreover, its AP value was even 0.926, and the computational efficiency was also faster than other comparison models. 

The method had better results in image fusion and digital design. The model proposed in the study performed a semantic 

fusion of global and local tattoo features for style migration, resulting in better fidelity of the generated results. This idea 

echoed the color gene extraction of Na et al. [22]. However, the study further realized the decoupling control of pattern 

structure and style through the semantic focusing ability of Transformer. Its image migration application was 

significantly better than the results of interactive genetic algorithm [23]. 

6. Conclusion 

The advent of computer technology has effectively transformed the preservation and innovation of Miao embroidery. 

The systematic decoding and digital reconstruction of Miao embroidery's cultural genes can be achieved through deep 

learning and digital image processing. A research design based on an improved CNN-Transformer fusion architecture 

method can improve the accuracy with which Miao embroidery patterns are decoded and the adaptability of design 

revitalization. However, the existing sample concentration area of the study is slightly narrow, and the feature extraction 

is more dependent on predefined labels. Therefore, future research should extend the cross-regional Miao embroidery 

data to improve generalizability. It should also explore model distillation, dynamic sparsification methods, and 

multimodal models to achieve semantic autocorrelation. These improvements will enhance the relevance, effectiveness, 

and applicability of NRM digital heritage transmission and protection. 
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