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The recognition of Yi characters is challenged by considerable variability in their morphological 
structures and complex semantic relationships, leading to decreased recognition accuracy. This paper 
presents a multimodal Yi character recognition method comprehensively incorporating linguistic and 
visual features. The visual transformer, integrated with deformable convolution, effectively captures 
key features during the visual modeling phase. It effectively adapts to variations in Yi character images, 
improving recognition accuracy, particularly for images with deformations and complex backgrounds. 
In the linguistic modeling phase, a Pyramid Pooling Transformer incorporates semantic contextual 
information across multiple scales, enhancing feature representation and capturing the detailed 
linguistic structure. Finally, a fusion strategy utilizing the cross-attention mechanism is employed 
to refine the relationships between feature regions and combine features from different modalities, 
thereby achieving high-precision character recognition. Experimental results demonstrate that the 
proposed method achieves a recognition accuracy of 99.5%, surpassing baseline methods by 3.4%, 
thereby validating its effectiveness.

Keywords  Deep learning, Character recognition, Transformer, Linguistic-visual model

The Yi ethnic group is among the oldest in China, possessing a rich literary heritage encompassing diverse 
fields, including medicine, astronomy, and religion. The study of Yi character recognition is of significant 
importance. Unlike the extensive research on Chinese and English text recognition1,2, research on Yi character 
recognition remains relatively scarce. The Yi language boasts a rich and diverse vocabulary, comprising primarily 
monosyllabic and polysyllabic words, and consists of 1,165 distinct characters. The variability in character forms 
poses significant challenges for Yi character recognition.

The Yi character recognition task originates from a profound understanding of the challenges inherent in 
text recognition and the urgent demand for more advanced algorithms. Yi characters exhibit highly complex 
morphological structures, which hinder the ability of traditional manual feature definition methods to capture 
their deep semantic information adequately3. Consequently, advanced technologies, such as deep learning, are 
crucial for enabling automatic feature extraction. Additionally, single-character-based recognition methods 
frequently neglect the intrinsic relationships between characters, leading to a loss of contextual information 
and potential ambiguities. This emphasizes the necessity of considering character relationships throughout the 
recognition process. Furthermore, the complex structure and variable semantics of Yi characters pose significant 
challenges for character segmentation and localization, requiring meticulous preservation of character integrity 
to prevent forced segmentation4–6.

In recent years, the outstanding performance of Transformer models in computer vision and natural language 
processing has led to novel insights and inspired innovative approaches7,8. Researchers recognize that integrating 
Transformer models into text recognition tasks has considerable potential to enhance performance significantly. 
Despite advancements in Yi character recognition technology, challenges persist, such as the complexity of 
character shapes, the high similarity between characters, and significant variation in inter-character spacing. 
Relying exclusively on the linguistic module may overlook crucial visual features, reducing recognition accuracy. 
Therefore, adopting an approach that integrates visual and linguistic information is essential for effectively 
addressing these challenges and enhancing the performance of Yi character recognition. The contributions of 
this paper are summarized as follows: 
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	(1)	 This paper proposes a multimodal method for Yi character recognition based on linguistic and visual fea-
tures. This method effectively addresses the challenges in Yi character recognition by integrating visual and 
linguistic models to extract visual features and contextual information.

	(2)	 To improve recognition accuracy, Deformable DETR9 is employed to enhance multi-scale visual feature 
extraction, while the Pyramid Pooling Transformer10 captures richer linguistic contextual features. Subse-
quently, a Cross Attention11-based fusion strategy is used to integrate multimodal information effectively.

	(3)	 The experimental results confirm that the proposed method outperforms existing text recognition ap-
proaches in terms of accuracy, highlighting its robustness and effectiveness in addressing recognition chal-
lenges.

Related works
Recent advancements in deep learning techniques have significantly enhanced text recognition tasks across 
diverse application contexts12,13. Text recognition algorithms that leverage deep learning are generally classified 
into two categories: those based on connectionist temporal classification and those employing attention 
mechanisms.

Text recognition based on connectionist temporal classification
Graves et al.14 proposed a text recognition algorithm based on Connectionist Temporal Classification (CTC) 
for training recurrent neural networks, thus enabling the direct annotation of unsegmented sequences.CTC 
algorithms have performed outstandingly in various domains, including speech and handwriting recognition. 
Building on the success of CTC algorithms in speech recognition, researchers have made significant strides in 
integrating these methods into text recognition to improve decoding performance. For instance, Shi et al.15 
proposed that recognizing natural scene text constitutes a sequence recognition task. They introduced an end-
to-end trainable Convolutional Recurrent Neural Network (CRNN), eliminating the need for complex character 
segmentation. Instead, their approach leverages the strengths of deep Convolutional Neural Networks (CNNs) 
and Recurrent Neural Networks (RNNs), thereby significantly enhancing the effectiveness of natural scene text 
recognition algorithms. Subsequently, several text recognition algorithms16–18 that utilize CTC decoding have 
shown enhanced recognition performance. However, some researchers have argued that CTC algorithms tend 
to produce overly precise prediction distributions, which could lead to overfitting.

To address these challenges, Liu et al.19 incorporated a regularization term within maximum entropy and 
conditional probability, improving generalization and guiding the CTC algorithm to explore feasible and 
effective pathways. Feng et al.20 integrated the CTC algorithm with a focal loss function, effectively addressing 
the challenge of text recognition affected by significant disparities among sample categories. Hu et al.21 employed 
graph CNNs to enhance the precision and robustness of a text recognition algorithm based on CTC decoding. 
Although the CTC algorithm has shown promise and contributed significantly to advancements in text 
recognition, it still faces several limitations: (1) The theoretical foundation of the CTC algorithm is intricate, 
and its direct application in decoding incurs substantial computational overhead; (2) The CTC algorithm 
tends to generate overly precise and excessively confident prediction distributions22, leading to degraded 
decoding performance, particularly in the case of character duplication; (3) Due to inherent structural and 
implementation limitations, the application of the CTC algorithm to 2D prediction tasks, such as irregular 
scene text recognition, presents significant challenges. Wan et al.23 extended the foundational CTC algorithm by 
incorporating additional dimensions along the vertical axis, addressing its limitations in handling irregular text 
recognition tasks. Although this approach somewhat improves recognition performance, it does not fully resolve 
the core challenges associated with applying CTC algorithms to 2D prediction tasks. As a result, text recognition 
algorithms based on the CTC methodology have limitations in their applicability to diverse scenarios. Exploring 
the application of CTC algorithms to 2D prediction challenges presents a promising avenue for future research 
in this field.

Text recognition based on attention mechanism
Text recognition algorithms leveraging the attention mechanism have gained significant prominence in deep 
learning, particularly within Sequence-to-Sequence (Seq2Seq) frameworks. The core concept entails allowing 
the model to dynamically allocate attention to various segments of the input sequence during output generation, 
thereby enhancing its ability to focus on critical information during inference. To address challenges such as 
reduced recognition accuracy caused by text box irregularity, perspective distortion, and text deformation, Shi et 
al.24 proposed the Robust Text Recognizer with Automatic Rectification (RARE). The model integrates a Spatial 
Transformer Network (STN) and a Sequence Recognition Network (SRN). During the training phase, image 
rectification is performed using the predictive Thin Plate Spline (TPS), ensuring that the images are suitable 
for SRN processing. To address these challenges, Wang et al.25 introduced the Decoupled Attention Network 
(DAN), an end-to-end text recognition model that utilizes the attention mechanism. DAN aims to decouple 
the historical decoding outputs from the alignment process. The model uses a feature encoder to extract visual 
attributes from input images, applies a convolutional rectification phase to align visual features, and implements 
a decoupled text decoding phase that leverages feature maps and attention maps for prediction. The Transformer-
based text recognition algorithm is inspired by its counterpart models in natural language processing and 
sequence modeling. Central to its design is the self-attention mechanism, which enables the model to assign 
varying degrees of importance to different elements within the input sequence, thereby enhancing contextual 
understanding. Yu et al.26 enhanced the Semantic Reasoning Network (SRN) by incorporating the Global 
Semantic Reasoning Module (GSRM). This module operates through parallel pathways to capture comprehensive 
global contextual information, enhancing the overall model’s effectiveness. To overcome limitations such as the 
slow training speeds of RNNs and the complexity of convolutional layers, Sheng et al.27 introduced the No-
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Recurrence Sequence-to-Sequence Text Recognizer (NRTR). This approach exclusively utilizes self-attention 
mechanisms in both the encoder and decoder stages, improving trainability through enhanced parallelization 
and reduced complexity. Given the challenges posed by complex backgrounds and noisy environments in scene 
text recognition, Atienza et al.38 introduced the ViTSTR model, which leverages the Vision Transformer (ViT) 
architecture to achieve high accuracy while maintaining computational efficiency. The model processes images 
by dividing them into patches and utilizing transformer layers to capture global context, thereby enhancing 
its effectiveness for text recognition in challenging environments. To address the challenge of improving both 
recognition accuracy and efficiency in text recognition tasks, Jiang et al.39 propose the Reciprocal Feature 
Learning (RFL) model. This model incorporates character counting as an auxiliary task, aiming to enhance the 
performance of the recognition process. Despite the advantages of linguistic expertise in scene text recognition, 
effectively integrating linguistic information into end-to-end deep networks remains a significant technical 
challenge. Fang et al.28 proposed the Autonomous Bidirectional Iterative Network (ABINet) to address this 
challenge. It introduces an autonomous gradient-blocking mechanism between the visual and linguistic models 
to enhance linguistic modeling, a Bidirectional Cloze Network (BCN) for comprehensive linguistic modeling, 
and an iterative correction method to mitigate input noise. To address the challenges of improving both accuracy 
and efficiency in scene text recognition, Du et al.40 proposed the SVTR model, simplifying the conventional 
hybrid architecture by removing sequential modeling. SVTR decomposes text images into small patches, 
referred to as character components, and processes them through hierarchical stages, which include mixing 
and merging at the component level. This approach enables the model to effectively capture intra-character and 
inter-character patterns, facilitating character recognition through a straightforward linear prediction.

In Yi character recognition, CNNs have been widely explored for their application in optical character 
recognition. However, two significant challenges remain: the manual annotation of training datasets, which is 
both time-consuming and labor-intensive, and the reliance on empirical experience for CNN architecture design 
and parameter tuning due to the absence of established theoretical frameworks. To address these challenges, Jia 
et al.29 applied entropy theory to enhance a density-based clustering algorithm. Additionally, Jiejue30 developed 
a deep learning-based Yi character recognition method. However, it suffers from low accuracy and limited 
robustness compared to traditional Yi character recognition algorithms, such as structural pattern recognition 
and artificial neural networks. Despite these efforts, challenges persist in improving both the efficiency and 
accuracy of Yi character recognition, highlighting the need for more advanced methods and the development of 
robust theoretical frameworks.

Methodology
The proposed method comprises three key components: a visual model, a linguistic model, and a fusion model. 
The visual model employs a CNN to extract features from Yi character images. In contrast, the linguistic model 
utilizes a transformer architecture to process the Yi character sequence and capture semantic relationships. The 
fusion model employs a cross-attention mechanism to integrate these modalities, aligning visual features with 
the linguistic context derived from the linguistic model. This approach integrates the spatial characteristics 
of the images with the semantic understanding of the text, thereby improving recognition performance. The 
architecture is shown in Fig. 1, and the workflow is described as follows:

•	 Firstly, the visual model employs the ResNet-45 network as the backbone to extract features from Yi character 
images. Composed of convolutional layers and residual connections, ResNet-45 effectively learns hierarchical 
visual representations. These features are subsequently passed to the Deformable DETR module, which ad-
dresses spatial variations in Yi characters, including size, position, and orientation. The visual model gener-
ates feature maps that depict the spatial distribution of the characters, which are utilized in subsequent stages 
for further processing.

•	 Secondly, the visual prediction results generated by the visual module are passed into the linguistic model. 
The linguistic model utilizes a Pyramid Pooling Transformer to process the Yi character sequence, capturing 
local and global contextual information by aggregating multi-scale features. The Pyramid Pooling mechanism 
extracts multi-scale features to capture diverse spatial patterns, while the transformer’s self-attention mecha-
nism models inter-part relationships, capturing the hierarchical structure of Yi characters.

•	 Finally, the fusion model utilizes a cross-attention mechanism to integrate feature information from the visual 
and linguistic models. Cross-attention integrates the stroke patterns and character shape features extracted by 
the visual model with the semantic context from the linguistic model, enabling more precise alignment and 
improving the accuracy of Yi character recognition. The mechanism computes attention scores to match the 
relevant visual and linguistic features, ensuring that spatial and semantic dimensions are thoroughly consid-
ered. This integration enables the model to effectively combine complementary visual and linguistic infor-
mation, thereby improving the accuracy of Yi character recognition by capturing the intricate relationship 
between visual details and semantic context.

Visual model
Figure 2 illustrates the overall structure of the proposed visual model, consisting of the ResNet-45 backbone, 
Transformer encoder and decoder, a linear layer, and a softmax layer. ResNet-45 is adapted by modifying its 
depth and feature extraction capabilities to capture better the intricate, high-frequency features specific to 
Yi characters. To overcome the limitations of conventional Transformer attention, a deformable transformer 
structure is integrated into the encoder, enabling adaptive focus on spatial distortions and variability in Yi 
characters. Multi-scale deformable convolutions31 are introduced to handle varying sizes and distortions, 
ensuring accurate recognition across both small and large characters. This deformable convolution approach 
replaces the standard Transformer in DETR with a multi-scale deformable attention module, which adapts to 
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Figure 2.  Overall structure of the visual model.

 

Figure 1.  The overall architecture of the proposed method (the input image is processed through the 
visual module, where ResNet-45 extracts features related to the structure and strokes of Yi characters, while 
Deformable DETR captures spatial relationships and deformations, effectively addressing the distinctive 
characteristics of Yi characters. These features are passed through a Linear layer and a softmax layer to generate 
the visual prediction map, which is then input into the linguistic model. The Pyramid Pooling Transformer 
reduces sequence length and enhances feature representation. The linguistic features are then processed 
through feed-forward layers to generate the linguistic prediction map. Although the linguistic prediction map 
does not contribute to the final output, it is crucial for training the linguistic model, improving its ability to 
extract accurate features for Yi character recognition. Finally, Cross Attention aligns the visual and linguistic 
features, and linear and softmax operations generate the final prediction result).
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the varying scales and shapes of Yi characters. This approach reduces computational complexity and improves 
efficiency by eliminating the need for separate multi-scale feature fusion. Furthermore, the deformable attention 
module aggregates attention outputs across feature maps at multiple scales, enhancing detection performance by 
prioritizing relevant spatial patterns, such as stroke direction and character orientation.

The distinctive feature of the deformable attention Transformer lies in its focus on a designated set of key 
sampling locations, confined to the perimeter of reference points and independent of the dimensionality of the 
domain feature mapping. Additionally, assigning a fixed number of key points to each query effectively mitigates 
challenges related to convergence speed and low feature space resolution. The architecture of Deformable DETR 
is depicted in Fig. 3.

Given an input feature map x ∈ RC×H×W, let q index a query element with content feature zq  and a 2-d 
reference point pq . The deformable attention feature is then calculated as follows:

	
DeformAttn(zq, pq, x) =

M∑
m=1

Wm × φ(z)� (1)

where m signifies the index of attention heads, and φ(z) =
∑K

k=1 Amqk · W
′
mx(pq + ∆pmqk) in which k 

indexes the sampled keys, and K is the total sampled key number (K ≪ HW ). ∆pmqk  and Amqk  denote the 
sampling offset and attention weight of the kth sampling point in the mth attention head, respectively. The scalar 
attention weight Amqklies in the range [0, 1], normalized by 

∑K

k=1 Amqk = 1. ∆pmqk ∈ R2 are of 2-d real 
numbers with unconstrained range. As pq + ∆pmqk  is fractional, bilinear interpolation is applied as in Dai et 
al. in computing x(pq + ∆pmqk). Both ∆pmqk  and ∆Amqk  are obtained via linear projection over the query 
feature zq . In an implementation, the query feature zq  is fed to a linear projection operator of 3MK channels, 
where the first 2MK channels encode the sampling offsets ∆pmqk  and the remaining MK channels are fed to a 
softmax operator to obtain the attention weights Amqk .

Most modern object detection frameworks benefit from multi-scale feature maps32. Our proposed deformable 
attention module can be naturally extended for multi-scale feature maps. Let {xl}L

l=1 be the input multi-scale 
feature maps, where xl ∈ RC×Hl×Wl . Let p̂q ∈ [0, 1]2 be the normalized coordinates of the reference point for 
each query element q. then the multi-scale deformable attention module is applied as:

	
MSDeformAttn(zq, p̂q, {xl}L

l=1) =
M∑

m=1

Wm × Γ(z) � (2)

where m indexes the attention head, and Γ(z) =
∑L

l=1

∑K

k=1 Amlqk · W ′
mxl(ϕl(p̂q) + ∆pmlqk), where l 

indexes the input feature level, and K indexes the sampling point. ∆pmlqk  and Amlqk  denote the sampling offset 
and attention weight of the kth sampling point in the lth feature level and the mth attention head, respectively. 

Figure 3.  Architecture of the deformable DETR.
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The scalar attention weight Amlqk  is normalized such that 
∑L

l=1

∑K

k=1 Amlqk = 1. Here, we use normalized 
coordinates p̂q ∈ [0, 1]2 to clarify the scale formulation, where the normalized coordinates (0,  0) and (1,  1) 
indicate the top-left and bottom-right corners of the image, respectively. The function ϕl(p̂q) in Eq. (2) re-scales 
the normalized coordinates p̂q  to the input feature map of the l-th level. The multi-scale deformable attention is 
similar to the previous single-scale version, except it samples LK points from multi-scale feature maps instead of 
K points from single-scale feature maps.

Linguistic model
When processing linguistic features, Recurrent Neural Networks (RNNs) and their variants, such as Long Short-
Term Memory (LSTM) and Bidirectional LSTM (BiLSTM) networks, are often considered adequate due to 
their strong sequential modeling capabilities. These networks excel at capturing long-range dependencies in 
sequential data, which is crucial for understanding contextual information in language tasks. However, these 
methods may face limitations when applied to text recognition tasks involving complex spatial structures, such 
as Yi characters.

In contrast, Pyramid Pooling offers significant advantages for Yi character recognition, particularly in 
addressing multi-scale and spatial variability33,34. Unlike RNNs35, LSTMs36, and BiLSTMs37, which may struggle 
with the complex spatial variations and multi-scale features inherent in Yi characters, The Pyramid Pooling 
mechanism aggregates information across multiple scales, enabling the model to capture fine-grained and 
broader structural features of Yi characters, such as stroke density, direction, and size variations. By enhancing 
spatial feature resolution and overcoming the limitations of traditional sequential methods, Pyramid Pooling 
improves recognition performance, especially under distortions and rotations. This approach reduces reliance 
on conventional methods, increasing the model’s robustness against diverse writing styles and font variations. 
As a result, it significantly boosts both recognition accuracy and efficiency. This design, incorporating Pyramid 
Pooling, further optimizes the proposed linguistic model, as shown in Fig. 4.

Initially, the input features undergo processing through a pyramid pooling-based Multi-Head Self-Attention 
(P-MHSA) mechanism, then integrating the resulting attributes with the original input via a residual connection. 
This process facilitates the fusion of enhanced feature information with the original input. Subsequently, the 
features undergo normalization via a LayerNorm (LN) layer, aiding in model convergence. The features are 
subsequently subjected to linear transformation and non-linear mapping through a Feed-Forward Neural 
Network (FFN). Additionally, the residual fusion of FFN output features with their corresponding mappings, 
followed by normalization through the LN layer, further captures the relationships among Yi characters, 
enhancing overall model performance. The procedure described above can be summarized as follows:

	 Xatt = LN(X + P-MHSA(X)) � (3)

	 Xout = LN(Xatt + FFN(Xatt)) � (4)

In this context, X, Xatt, and Xout represent the inputs, the outputs of the MHSA, and the outcome of the 
transformer, respectively. Furthermore, P-MHSA denotes pooling-based multi-head attention.

The conventional transformer encounters limitations in processing Yi character images, including 
restricted sequence length, high computational overhead, and insufficient dynamic management of positional 
relationships within the input data. Therefore, we employ the Pyramid Pooling Transformer architecture, which 
processes multiple feature map scales and captures hierarchical contextual nuances specific to Yi characters. 
enhancing recognition accuracy. This innovation also reduces the input sequence length, thereby lightening 
the computational burden and improving performance and adaptability across various multimodal tasks. The 
configuration of the Pyramid Pooling Transformer is depicted in Fig. 5.

Firstly, the input variable X undergoes a dimensional transformation to conform to a 2-d spatial framework. 
Secondly, X undergoes several average pooling layers, resulting in a pyramidal feature map, as shown in Eq. (5):

	 Pi = Avgpooli(X), i ∈ (1, 2, ..., n)� (5)

Figure 4.  Overall structure of linguistic model.
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In this context, P1, P2, . . . , Pn represents the pyramid feature maps, while n denotes the number of pooling 
layers. Subsequently, these pyramid feature maps are passed through the depth-wise convolution layer, where 
relative position encoding is applied, as shown in Eq. (6):

	 P enc
i = DWConv(Pi) + Pi, i ∈ 1, 2, ..., n� (6)

where DWConv(·) represents the depth-wise convolution kernel of size 3 × 3, while P enc
i  denotes the encoding 

of relative positional information within Pi. Since Pi represents a collection of ensemble features, it is essential 
to note that the computational cost for the operation defined in Eq. (6) is minimal. Subsequently, these pyramid 
feature maps undergo expansion and interconnection, as described in Eq. (7):

	 P = LN(Concat(ζ))� (7)

where ζ = P enc
1 , P enc

2 , P enc
3 .

The flattening operation is omitted for simplicity. Therefore, if the pooling ratio is sufficiently large, P can be 
a shorter sequence than the input X. Furthermore, P encapsulates the contextual abstraction features of input X 
and, as a result, can serve as a strong alternative to X when computing the MHSA.

Within the framework of MHSA, the tensors denoted as Q, K, and V represent the query, key, and value 
components, respectively. The approach outlined is presented in Eq. (8):

	 (Q, K, V ) = (XW q, P W k, P W v)� (8)

where W q , W k , and W v  represent the weight matrices involved in the linear transformations for the query, 
key, and value tensors, respectively. Subsequently, Q, K, and V are input into the attention module; thus, the 
calculation of the attention tensor A is represented as follows:

	
A = Softmax(Q × KT

√
dk

) × V � (9)

In this context, dk  represents the channel dimension of K, while 
√

dk  serves a dual purpose: facilitating 
approximate normalization and performing softmax operations across each matrix row.

Fusion model
In Yi character recognition tasks, the seamless integration of visual and linguistic models, which combines image 
and textual information, is crucial for enhancing model performance. Traditional multimodal fusion methods, 
such as feature concatenation or weighted summation, often fail to capture the intricate interdependencies 
between modalities, leading to suboptimal outcomes. These methods combine visual and linguistic features 
without adaptively considering their interrelationships, which is inefficient, especially for Yi characters’ 
complex, spatially varied structures. To address this, we introduce a cross-attention mechanism that captures 
the interactions between visual features-such as stroke patterns and spatial arrangements-and linguistic features, 
encompassing Yi characters’ structural and semantic properties. Unlike traditional methods, the cross-attention 
mechanism dynamically computes the relevance between modalities, adjusting each modality’s contribution 
based on contextual importance. This enables efficient information transfer and aligns visual patterns with 
corresponding textual properties. Specifically, the CLS token from each branch mediates communication 
between the visual and linguistic components, enhancing the model’s understanding of both. The exchanged 
information is then reintegrated into the original branches, enriching the token representation. Thus, the cross-

Figure 5.  Architecture of the pyramid pooling transformer.
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attention mechanism significantly improves multimodal integration by enabling dynamic, context-aware fusion, 
which is particularly beneficial for tasks like Yi character recognition involving complex, multi-scale structures 
and contextual dependencies.

Since the CLS token captures the abstract content of all patch tokens within its branch, its interaction with 
tokens from other branches facilitates the extraction of insights across multiple scales. This interaction is crucial 
for Yi character recognition, as the characters frequently display varying scales and intricate visual patterns. The 
CLS token learns to contextualize these variations through interaction with linguistic tokens that capture the 
structural properties of Yi characters. After assimilating with CLS tokens from other branches, each CLS token 
re-engages with patch tokens in its native branch in subsequent Transformer encoders. This step ensures that 
the model can refine the local visual context-such as stroke orientation and character size-using the broader 
linguistic understanding of character structure, thereby enhancing recognition accuracy. Consequently, this 
cross-attention mechanism enhances the model’s ability to capture both local and global features of Yi characters, 
enabling the recognition of characters despite variations in stroke density, distortion, or rotation. By fostering 
collaboration across different branches, this mechanism enhances the model’s robustness and enables it to adapt 
more efficiently to various challenging text scenarios. The cross-attention framework is illustrated in Fig. 6.

The CLS token from the expansive branch, represented by a circle, serves as a query and interacts with the 
patch token from the smaller branch through the attention mechanism. f l(·) and gl(·) represent projections 
that maintain consistent dimensions. The smaller branch follows the same procedure, with the exchange of CLS 
tokens and patch tokens forming an integral part of the process.

	 x′l = [f l(xl
cls)||xs

patch]� (10)

where f l(·) represents the projection function for dimensional alignment. Subsequently, the module performs a 
Cross Attention (CA) operation between xl

cls and x′l. Here, the CLS token serves as a unique query, facilitating 
information integration from the image block tokens into the CLS token. Mathematically, the CA operation can 
be expressed as follows:

	 q = x′l
clsWq, k = x′lWk, v = x′lWv � (11)

	 A = Softmax(qkT /
√

C/h), CA(x′l) = Av � (12)

where Wq , Wk , and Wv  ∈ RC×(C/h) are learnable parameters, with C and h representing the number of 
embedded dimensions and attention heads, respectively.

Furthermore, like self-attention, CA employs multi-head attention, referred to as MCA. Specifically, for a 
given xl, whose output from cross-attention is zl, layer normalization and a residual connection are applied, as 
shown in Eqs. (13) and (14):

	 yl
cls = f l(xl

cls) + MCA(LN(ξ)) � (13)

	 zl = [gl(yl
cls||xl

patch)] � (14)

Figure 6.  Architecture of the cross attention.
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In this context, ξ = [f ]l(xl
cls)||xs

patch, where f l(·) and gl(·) represent the dimensional alignment projection 
and inverse projection functions, respectively.

Experiments
Datasets
The limited availability of publicly available datasets for Yi character images hinders research and practical 
applications in Yi character recognition tasks. Yi characters represent a significant aspect of cultural heritage; 
however, data scarcity hampers the effective processing of these characters by deep learning models. To address 
this challenge, we used image data from scanned copies of traditional Yi scriptures, including the ancient texts 
Mamteyi, Leoteyi, and Guiding Meridian, totaling 200 raw images. We employed several data augmentation 
techniques to enrich the dataset, simulating real-world variations and enhancing the model’s ability to perform 
effectively across diverse conditions.

Specifically, this approach employs a multi-step background removal technique on the original Yi character 
images. It begins with contrast adjustment using Retinex, followed by fine-tuning with adaptive contrast 
enhancement. Subsequently, adaptive thresholding segments the foreground, and geometric features filter out 
the desired foreground, resulting in transparent backgrounds. This process isolates the characters, removes 
background noise, and effectively highlights their features. In the following step, patch-based synthesis and 
image quilting techniques merge the transparent Yi character images with various backgrounds, creating three 
augmented datasets: Dataset_A, Dataset_B, and Dataset_C. These synthetic backgrounds simulate different real-
world scenarios, enhancing the dataset’s diversity. Finally, Gaussian filtering is applied to both the original and 
augmented datasets to reduce noise and smooth the Yi character images, improving overall quality. Table 1 
provides the dataset descriptions and sizes.

Experimental environment and training strategies
The Paddle deep learning framework is utilized to evaluate the effectiveness of the proposed method. Model 
training uses an NVIDIA GeForce GPU 3090 Ti paired with an Intel(R) Xeon(R) Silver 4210R CPU @ 2.40 GHz. 
A detailed configuration of the experimental setup is provided in Table 2. The Adam optimizer was employed 
during training with a momentum parameter of 0.9. The learning rate was subjected to exponential decay, 
starting at 0.0001. Each batch consisted of 16 samples, and training lasted for 500 epochs.

Performance metrics
In this study, recognition accuracy (ACC) is the primary metric to evaluate the performance of Yi character 
image recognition. It is calculated as follows:

	
ACC = T P + T N

T P + T N + F N + F P
� (15)

TP (True Positive) refers to instances where the classifier correctly identifies a positive case; FP (False Positive) 
refers to instances where the classifier incorrectly classifies a negative example as positive; FN (False Negative) 
refers to instances where the classifier incorrectly classifies a positive example as unfavorable; and TN (True 
Negative) refers to instances where the classifier correctly identifies a negative case.

Parameter Version information

OS Linux

CPU Intel(R) Xeon(R) Silver 4210R CPU @ 2.40GHz

Memory 64.0GB

GPU NVIDIA GeForce GPU 3090Ti

Language Python 3.8.0

Framework Paddle 2.7.1

Table 2.  Experimental environment.

 

Datasets Total size Train size Test size Validation size

Original 200 160 20 20

Dataset_A 300 240 30 30

Dataset_B 300 240 30 30

Dataset_C 300 240 30 30

Table 1.  Dataset description and sizes. Note: All sizes are in pages
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Experimental results analysis
Ablation experiment
We performed ablation experiments on the modified module to validate the effectiveness of the proposed 
technique for Yi character image recognition. These experiments were carried out on the Yi character recognition 
dataset, with the results in Table 3.

As shown in Table 3, the entries labeled +Deformable DETR, +Pyramid Pooling Transformer, and +Cross 
Attention integrate the deformable attention, Pyramid Pooling Transformer, and Cross Attention modules, 
respectively, into the base ABINet method. The original ABINet achieves a recognition accuracy of 96.1% on 
the Yi character recognition dataset. When implemented individually, these modules contribute substantial 
improvements of 1.1%, 2.2%, and 1.9% to the overall accuracy, respectively. This underscores the significant 
contribution of the three aforementioned modules to Yi character recognition. Additionally, these modules 
tackle challenges such as unclear backgrounds, varied font styles, and complex relationships between adjacent 
characters with similar semantics. Integrating Deformable DETR and the Pyramid Pooling Transformer 
increases recognition accuracy to 98.9%. Furthermore, combining the Pyramid Pooling Transformer and Cross 
Attention modules improves accuracy by two percentage points over the baseline. Integrating all three modules 
into ABINet’s visual, linguistic, and fusion models results in a recognition accuracy of 99.5%. This reflects a 3.4% 
improvement over the original ABINet, confirming the effectiveness of the proposed enhancements.

As shown in Table 4, the proposed method utilizes different backbone networks in the visual model for 
Yi character recognition, yielding varied results. Specifically, ResNet-45 is employed as the backbone for 
comparison with other feature extraction networks. The results demonstrate a 1.5% increase in recognition 
accuracy compared to the following best-performing network. Additionally, the proposed method exhibits 
significantly improved feature extraction capabilities with ResNet-45.

To evaluate the effectiveness of the Deformable DETR module, we conducted ablation experiments with 
DETR41 and Dynamic DETR42. The experimental results are shown in Table 5. DETR, using global self-attention, 
achieved an accuracy of 98.3%. Dynamic DETR, incorporating dynamic attention, improved the accuracy to 
98.9%. In contrast, Deformable DETR, with a deformable attention mechanism, achieved the highest accuracy 
of 99.5%. These results highlight Deformable DETR’s superior performance in recognition accuracy.

Comparison experiment
To validate the effectiveness of the proposed method, we compared it with several state-of-the-art text recognition 
approaches, including CRNN15, SRN26, ViTSTR38, RFL39, ABINet28, and SVTR40, all selected for their relevance 

Method Module ACC /%

DETR 0.983

Proposed Dynamic DETR 0.989

Deformable DETR 0.995

Table 5.  Experimental results with different DETR variants.

 

Method Backbone ACC /%

ResNet-18 0.976

ResNet-34 0.980

Proposed ResNet-45 0.995

ResNet-50 0.973

ResNet-101 0.971

Table 4.  Experimental results under different feature extraction networks.

 

Method +Deformable DETR +Pyramid Pooling Transformer +Cross Attention ACC /%

0.961

✓ 0.972

✓ 0.983

Proposed ✓ 0.980

✓ ✓ 0.985

✓ ✓ 0.989

✓ ✓ 0.981

✓ ✓ ✓ 0.995

Table 3.  Ablation experiment results.
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and distinct advantages in Yi character recognition. CRNN combines CNNs for feature extraction and RNNs 
for sequence modeling, making capturing complex stroke patterns practical. SRN captures local and global 
contextual relationships essential for Yi characters’ context-dependent meaning. ViTSTR, leveraging a vision 
transformer architecture, excels at handling fine-grained structures. At the same time, RFL focuses on dense 
feature extraction, which is particularly useful for Yi characters’ overlapping strokes and intricate components. 
ABINet, chosen as the baseline model, uses an attention-based mechanism to focus on relevant image regions 
and enhances Yi character recognition by integrating visual and linguistic models. Lastly, SVTR employs 
a patch-based approach that eliminates sequential modeling, making it well-suited for Yi script’s complex, 
multi-component characters. As shown in Table 6, the proposed method outperforms these models, achieving 
accuracy improvements of 5.6%, 4.7%, 7.9%, 7.5%, 3.4%, and 4.3% over CRNN, SRN, ViTSTR, RFL, ABINet, 
and SVTR, respectively.

As shown in Table 6, the results highlight the superior performance of the proposed method on the 
proprietary Yi character recognition dataset. When compared to CRNN, SRN, ViTSTR, RFL, ABINet, and 
SVTR, the proposed approach achieves substantial accuracy improvements of 5.6%, 4.7%, 7.9%, 7.5%, 3.4%, and 
4.3%, respectively.

Visualization and analysis
Figure 7 presents visualizations of the text recognition results on the Yi character datasets, comparing the baseline 
method with the proposed approach. The baseline method fails to capture finer details of the Yi characters, as 
evidenced by the red-marked areas indicating discrepancies with the original images. In contrast, our approach 
more effectively captures these details. The results demonstrate the stability and effectiveness of the proposed 
method across the datasets.

Figure 7.  Visualization of text recognition results.

 

Method ACC /% Training time/h Year

CRNN15 0.939 28 2016

SRN26 0.948 42 2020

ViTSTR38 0.916 45 2021

RFL39 0.920 30 2021

ABINet28 0.961 48 2021

SVTR40 0.952 52 2022

Proposed 0.995 50

Table 6.  Comparison experiment results.
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Conclusions
Recognizing Yi characters presents significant challenges due to their complex morphology and the intricate 
semantic relationships between characters, contributing to reduced recognition accuracy. We propose a 
multimodal approach that combines linguistic and visual information to address these challenges. In the visual 
modeling phase, we enhance the recognition model by incorporating Deformable DETR, which combines 
deformable attention and Transformer mechanisms to improve performance, particularly for images with 
deformations or complex backgrounds. The linguistic modeling phase employs a Pyramid Pooling Transformer 
that captures multi-scale contextual features, enhancing the representation of semantic information. In the 
fusion modeling phase, a cross-attention mechanism is used to refine the integration of visual and linguistic 
features, optimizing the overall recognition process. Experimental results demonstrate that the proposed 
method achieves a recognition accuracy of 99.5%, surpassing the baseline method by 3.4%, highlighting the 
effectiveness and precision of the approach.

Although our approach effectively improves accuracy, it still faces limitations, particularly regarding 
computational complexity. Deformable DETR introduces higher computational demands when processing 
high-resolution images, which may limit scalability in specific applications. Similarly, the Pyramid Pooling 
Transformer incurs significant computational costs as additional scales are introduced, potentially affecting 
efficiency in resource-constrained scenarios. To address these issues, future work will focus on developing 
lightweight architectures for Deformable DETR to reduce computational complexity without compromising 
performance. The Pyramid Pooling Transformer will also be optimized by implementing more efficient 
mechanisms for capturing multi-scale contextual features, ensuring its applicability in resource-limited 
environments. Additionally, we will conduct comprehensive cross-linguistic evaluations to assess the scalability 
and robustness of our method across a wide range of languages, testing its ability to handle larger datasets and 
perform effectively in real-world scenarios.

Data availability
The algorithm in this study has been implemented based on the PaddlePaddle framework, which is publicly and 
freely available at ​h​t​t​p​s​:​​​/​​/​g​i​t​h​u​​b​.​c​o​​m​/​P​a​d​d​​l​e​P​a​d​​d​​l​e​/​P​a​​d​d​l​e​O​​​C​R​/​t​​r​​e​e​/​r​e​l​e​​a​​s​e​​/​2​.​7​.​1.
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