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ABSTRACT

Dynamic sign language recognition holds significant importance, particularly with the application of deep learning
to address its complexity. However, existing methods face several challenges. Firstly, recognizing dynamic sign
language requires identifying keyframes that best represent the signs, and missing these keyframes reduces
accuracy. Secondly, some methods do not focus enough on hand regions, which are small within the overall
frame, leading to information loss. To address these challenges, we propose a novel Video Transformer Attention-
based Network (VTAN) for dynamic sign language recognition. Our approach prioritizes informative frames
and hand regions effectively. To tackle the first issue, we designed a keyframe extraction module enhanced by
a convolutional autoencoder, which focuses on selecting information-rich frames and eliminating redundant
ones from the video sequences. For the second issue, we developed a soft attention-based transformer module
that emphasizes extracting features from hand regions, ensuring that the network pays more attention to hand
information within sequences. This dual-focus approach improves effective dynamic sign language recognition by
addressing the key challenges of identifying critical frames and emphasizing hand regions. Experimental results on
two public benchmark datasets demonstrate the effectiveness of our network, outperforming most of the typical
methods in sign language recognition tasks.

KEYWORDS
Dynamic sign language recognition; transformer; soft attention; attention-based; visual feature aggregation

1 Introduction

Sign language recognition technology bridges the communication gap between deaf and mute
individuals and the general population [1]. This technology converts sign language into text or speech
[2], enabling novel human-computer interactions [3]. This technology has made significant progress
in areas such as sign language translation [4], sign language tutoring [5], and special education [6],
facilitating smoother communication between deaf individuals and others.

Initial sign language recognition algorithms focused on hand shapes and limb trajectories using
sensor-based motion capture and traditional analytical methods [7,8]. The advent of deep learning

https://www.techscience.com/journal/CMC
https://www.techscience.com/
http://dx.doi.org/10.32604/cmc.2024.057456
https://www.techscience.com/doi/10.32604/cmc.2024.057456
mailto:minweidong@ncu.edu.cn


2794 CMC, 2025, vol.82, no.2

[9–11] has popularized computer vision-based approaches [12,13], which better address the complexi-
ties of dynamic sign recognition. Despite these advancements, current methods still face challenges in
achieving both high accuracy and fast computation, especially when dealing with the intricate nature
of dynamic sign language.

One primary issue with existing approaches is that they often fail to highlight the critical features
needed for accurate sign language recognition when directly processing entire video frames. Fig. 1
demonstrates the presence of redundant frames prior to effective sign language recognition. Directly
inputting the entire video sequence into the network results in unnecessary interference and redun-
dancy. In sign language, the hand is the most critical element for conveying information. However,
within the overall frame, the hand often occupies a small part of the frame, leading to insufficient
attention from the network and resulting in recognition errors. Extraneous frame information impedes
inference speed and computational efficiency.

Figure 1: An example of the redundant frames in the video on the SLR500 dataset

To address these limitations, we propose a Video Transformer Attention-based Network (VTAN):
A Novel Video Transformer Attention-based Network for Dynamic Sign Language Recognition. Our
network optimizes feature extraction by prioritizing informative frames and hand regions, ensuring
efficient capture of critical features. This is accomplished through two key modules: the visual feature
aggregation for the keyframe extraction module and the spatio-temporal hand feature enhancement
module based on the transformer. The keyframe extraction module aggregates visual features by
selecting information-rich frames while filtering redundant video content. This process not only
enhances the relevance of the input data but also significantly improves computational efficiency. The
spatio-temporal hand feature enhancement module, on the other hand, is designed to emphasize the
extraction of features from the hand regions, ensuring that the network allocates sufficient attention
to these areas, which are essential for accurate sign language recognition.

Our approach is validated through experiments on two benchmark datasets: one for Turkish Sign
Language and one for Chinese Sign Language. VTAN demonstrates improved performance compared
to existing methods, highlighting its effectiveness in recognizing dynamic sign language. Although the
improvement in accuracy is modest, the results underscore the potential of our network as a robust
solution for this challenging task.

In summary, the main contributions of this paper are as follows:

(1) We propose VTAN, a novel Video Transformer Attention-based Network for dynamic sign
language recognition. VTAN effectively addresses key challenges by enhancing focus on informative
frames and hand regions, generating more accurate recognition results.
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(2) The Visual Feature Aggregation Module is introduced to tackle the issue of redundant frames
by selecting only the most informative frames, thereby improving data relevance and computational
efficiency for dynamic sign language videos.

(3) The Spatio-temporal Hand Feature Enhancement Module is designed to focus specifically
on hand regions, which are crucial for sign language. This module ensures that the network extracts
meaningful features from these regions, improving recognition accuracy by emphasizing the most
critical elements of sign language.

2 Related Work

The importance of dynamic sign language recognition has been widely recognized. Most of
the early work on isolated word recognition in sign language relied on traditional model methods.
Classic methodologies often revolved around handcrafted features and conventional machine learning
algorithms such as Hidden Markov Models (HMMs) [14–16] and Support Vector Machines (SVMs)
[17,18]. However, these approaches, while effective to a certain extent, struggled to capture the intricate
nuances and dynamic variations inherent in sign language gestures, and were limited in scalability and
adaptability to different sign languages and signer variations. With advancements in deep learning,
traditional models gradually gave way to more sophisticated, data-driven approaches.

Building upon the principles of traditional methods, Neural network architectures, such as
Convolutional Neural Networks (CNNs) [19] and Recurrent Neural Networks (RNNs) [20], demon-
strated remarkable success in extracting spatial and temporal patterns from sign language videos
and sequences. CNNs have demonstrated remarkable success in extracting spatial patterns from
sign language images, facilitating tasks such as hand shape and motion recognition. For instance,
Wadhawan et al. [21] proposed a robust modeling approach for Indian Sign Language (ISL) recog-
nition using deep learning-based CNNs, achieving high training accuracy on colored and grayscale
images and surpassing previous methodologies by encompassing a broader spectrum of hand signs.
Similarly, Han et al. [22] utilized an R(2+1)D model with spatial-temporal-channel attention, while
Sharma et al. [23] proposed a 3D Convolutional Neural Network (ASL-3DCNN), both aiming to
effectively model spatio-temporal dependencies in sign language sequences. Additionally, Liu et al. [24]
introduce a novel wearable sign language recognition system, integrating a CNN with stretchable strain
sensors and inertial measurement units to capture hand postures and movement trajectories. RNNs
and variants like Long Short-Term Memory (LSTM) networks have played a crucial role in modeling
temporal dependencies in sign language sequences, enhancing understanding of sequential gestures
over time. For instance, Zuo et al. [25] proposed auxiliary tasks to enhance continuous sign language
recognition (CSLR) models by improving spatial attention consistency and feature representation.
Moreover, recent studies [26] have leveraged Bidirectional LSTMs (Bi-LSTMs) for temporal and
sequential feature extraction, further advancing the capabilities of sign language recognition systems.
In line with this innovation, researchers have explored methods to enhance sign language recognition
systems through model fusion. For instance, some studies have investigated novel approaches to weakly
supervised learning in the video domain, leveraging sequence constraints within each independent
stream and combining them with multi-stream Hidden Markov Models (HMM). By embedding pow-
erful CNN-LSTM models in each HMM stream, researchers aim to exploit sequential parallelism for
learning sign language, mouth shape, and hand shape classifiers [27]. Abdullahi et al. [28] highlighted
the importance of optimizing spatio-temporal feature selection to improve model performance in
dynamic sign language recognition, furthering the exploration of feature-based methods. Additionally,
recent advances in sign language recognition have introduced hybrid deep learning models, such as
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the CNNSa-LSTM, which combines CNNs, self-attention mechanisms, and LSTMs to better model
the spatial, temporal, and sequential complexities of sign language data [29]. These neural network
architectures, with their ability to learn complex patterns and relationships, have significantly advanced
the state-of-the-art in sign language recognition.

As sign language recognition has evolved, attention mechanisms have emerged as pivotal for
enhancing the interpretability and performance of neural network models. By dynamically weighting
the importance of different parts of the input sequence, attention mechanisms enable models to
focus on relevant information while filtering out noise and irrelevant details. Transformer-based
architectures, equipped with self-attention mechanisms, have become powerful for sign language
recognition tasks. Kothadiya et al. [30] introduced a vision transformer approach for recognizing
static Indian sign language, utilizing positional embedding patches and a transformer block with self-
attention layers and a multilayer perceptron network. Alnabih et al. [31] pioneered the use of Vision
Transformers in identifying Arabic sign language letters, surpassing previous CNN-based models with
remarkable accuracy, and showcasing its real-world potential. These models excel in capturing long-
range dependencies and contextual information, thereby enhancing recognition system accuracy and
robustness.

While these mentioned models have made significant strides in sign language recognition, they
still face challenges related to redundant frames and insufficient focus on hand regions, leading to
information loss and low accuracy. To address these limitations, our proposed Video Transformer
Attention-based Network aims to prioritize informative frames and hand regions using a novel
approach. By integrating visual feature aggregation for keyframe extraction and spatio-temporal
hand feature enhancement modules, VTAN aims to optimize the accuracy of sign language gesture
recognition.

3 Method
3.1 Overview of the Proposed Method

Fig. 2 illustrates the proposed framework’s two main components. Our framework comprises two
modules: (1) a visual feature aggregation module for keyframe extraction and (2) a spatio-temporal
hand feature enhancement module utilizing soft attention.

The first component, the visual feature aggregation for keyframe extraction module, is designed
to select frames rich in information and eliminate redundant frames from video sequences. The
process begins with converting color videos to grayscale, followed by applying convolutional and
pooling operations through a pre-trained convolutional autoencoder. A K-means clustering algorithm
processes the subsampled two-dimensional feature vectors to generate keyframe sequences.

The transformer-based spatio-temporal hand feature enhancement module optimizes hand region
feature extraction. This module processes keyframe sequences from the previous component, perform-
ing spatio-temporal feature extraction and classification while prioritizing hand-related information.
The process involves passing the keyframe image sequence through an encoder based on a convolu-
tional neural network to obtain frame embeddings via global merging. A decoder with multi-head
residual attention blocks analyzes features for dynamic sign language gesture classification.
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Figure 2: Overview of the method

3.2 Visual Feature Aggregation for Keyframe Extraction

Sign language datasets frequently contain redundant frames with minimal gesture variations.
Including these redundant frames in network computations leads to inefficiencies and can reduce
recognition accuracy. Keyframe extraction optimizes video analysis by preserving only essential
gesture-defining frames. This optimization reduces computational overhead while enhancing system
performance through concentrated video representation. Without keyframe extraction, redundant
frames can dilute the effectiveness of gesture classification, negatively impacting the accuracy of the
system.

To address this challenge, we propose a novel keyframe extraction algorithm predicated on
convolutional autoencoder optimized clustering. Our convolutional autoencoder approach surpasses
traditional pixel-level methods by efficiently extracting deep features while minimizing computational
overhead and noise. Our method presents distinct advantages over conventional deep learning
approaches (CNNs, RNNs) for keyframe extraction. CNN-based approaches often require large
amounts of labeled data for effective training, and RNNs can be computationally expensive due
to their sequential nature. In contrast, our method utilizes unsupervised learning through convolu-
tional autoencoders and K-means clustering, eliminating the need for labeled datasets and reducing
computational complexity. This combination allows for the efficient extraction of representative
frames, improving the balance between accuracy and computational cost without overfitting to specific
patterns or requiring extensive training resources.

Fig. 3 illustrates the convolutional autoencoder architecture, consisting of encoder and decoder
components. The encoder compresses input image sequences into lower-dimensional latent feature
representations, while the decoder reconstructs the compressed features, ensuring fidelity to the
original input.
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Figure 3: The convolutional autoencoder network structure

In our experiments, color images from both the AUTSL_Dataset and SLR500 are resized to
252 × 252 grayscale images. A subset of randomly sampled images from the SLR500 serves as the
training set for the Convolutional Autoencoder (CAE) model. The preprocessed video frame images
from both datasets are then processed through the trained CAE model. The CAE encoder gener-
ates two-dimensional feature vectors capturing essential frame attributes for subsequent K-means
clustering-based keyframe extraction. The video feature input sequence is represented as F =
{x0, x1, x2, . . . , xn}, xi ∈ RN, where n denotes the total number of frames in the video sequence, and
xi represents the feature vector of the i-th frame in the video sequence.

K-means clustering groups similar samples based on distance metrics for efficient keyframe
extraction. In our study, the K-means clustering algorithm operates on the 56×56 dimensional feature
vectors generated by the CAE encoder, yielding distinct clusters. Subsequently, one representative
image frame is selected from each cluster to compose the keyframe sequence, succinctly encapsulating
the content of the original video sequence. The number of clusters, K, is determined based on the
number of feature vectors, ensuring optimal representation of gesture dynamics within the dataset.
Empirical analysis shows that dynamic isolated signs typically require no more than 11 frames to
convey meaningful hand gestures. Therefore, the number of clusters K is chosen as K = len(F)/11,
where len(F) represents the number of feature vectors in F . The specific steps are as the Algorithm 1
below:

Algorithm 1: Keyframe extraction algorithm based on convolutional autoencoder optimal clustering
Input: Original Sign Language Video Sequences
Output: Sign Language Keyframe Sequence
1: Perform the grayscale operation on the sign language image sequence to obtain a unified

grayscale image;
2: Input the grayscale image into the convolutional autoencoder to obtain a 56 × 56 two-

dimensional feature vector, denoted as F = {x0, x1, x2, . . . , xn} , xiεRN;
3: Randomly select K cluster centroids from F , denoted as U = {U1, U2, U3, . . . , UJ}, where 0 < J <

k, Uj is the cluster centroid of the j-th clust;
repeat:
Define the Euclidean distance from input sample xi to centroid Uj, denoted as Di ={

Di1, Di2, . . . , Dij

}
;

Select the minimum value from Di, and assign the corresponding input sample xi to the j-th cluster;
Take the mean of the samples in updated j-th cluster and recalculate the cluster centroid of this

cluster;
(Continued)
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Algorithm 1 (continued)
Until
The calculated centroid has the smallest difference from the previous centroid;
4: Select the video frame closest to the cluster center as the key frame.

3.3 Spatio-Temporal Hand Feature Enhancement Module

The spatio-temporal hand feature enhancement module (STHE) enhances dynamic sign language
gesture recognition accuracy. STHE differs from conventional methods by prioritizing hand-centric
feature extraction from preprocessed keyframes, improving isolated sign word recognition. STHE’s
attention mechanism dynamically weights hand regions across sequential frames. This selective
attention mechanism assigns higher weights to the hand regions, ensuring that the most relevant parts
of the gestures are prioritized. As a result, the model can effectively capture subtle hand movements
and spatial positions while filtering out less relevant information, such as background noise or non-
hand body movements. By concentrating on these hand-centric features, the STHE significantly
improves the model’s ability to accurately recognize dynamic sign language gestures.

Fig. 4 shows STHE’s dual-component architecture: a CNN-based encoder for spatial feature
extraction and frame embedding, and a multi-block decoder. Each block in the decoder includes a
multi-head attention layer and a feed-forward network, with normalization conducted midway and at
the end of the decoder. The STHE encoder processes preprocessed keyframes to extract and encode
spatial features. Subsequent decoding and analysis employing self-attention facilitate the recognition
and classification of sign language gestures.

STHE integrates a modified ResNet-34 CNN encoder with soft attention in its ResiBlock structure
to enhance channel and spatial feature sensitivity. This enhancement intensifies the model’s focus on
hand features while maintaining computational efficiency. The encoder configuration incorporates
weighted channel and spatial attention, denoted as Mc and Ms in Fig. 5, respectively.

Fig. 6 illustrates the decoder architecture, featuring four multi-head self-attention blocks with
residual connections and feedforward networks. Layer normalization is applied mid-process and at
the conclusion of the decoder. STHE incorporates sequence ordering through position encoding of
feature vectors prior to the decoder’s initial residual multi-head attention layer.

The multi-head self-attention block adeptly models temporal relationships between video frames
through a series of sequential operations. Input feature vectors extracted by the encoder, denoted as X ,
undergo transformation into queries Q, keys K, and values V through trainable linear transformations
Q = XW Q, K = XW K , and V = XW V . Each head operates on a subspace of the input size dk =
dmodel/n, with the outputs concatenated and processed through a 1 × 1 convolution block. Subsequently,
a fully connected layer analyzes all elements in the sequence, with resultant scores averaged prior to
applying the softmax function for layer normalization and generating the final prediction.
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Figure 4: The spatio-temporal hand feature enhancement module

Figure 5: The improvements of the ResiBlock structure
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Figure 6: The decoder structure

3.4 Interaction between Keyframe Extraction and Spatio-Temporal Feature Enhancement

In the proposed method, the interaction between the keyframe extraction module and the spatio-
temporal hand feature enhancement module plays a crucial role in improving model performance. The
keyframe extraction module selects representative frames capturing essential hand movements while
eliminating redundant data. This frame selection reduces input complexity, providing the enhancement
module with concentrated, informative data.

Keyframes are sequentially processed by the enhancement module for detailed spatio-temporal
feature extraction. The enhancement module extracts precise temporal dynamics and spatial structures
from the selected keyframes. This focused approach enables robust feature learning, enhancing
complex gesture recognition performance. Furthermore, keyframe extraction optimizes computa-
tional efficiency while maintaining recognition accuracy through reduced data redundancy. The
modular interaction achieves dual benefits: improved computational efficiency and enhanced gesture
recognition accuracy.

4 Experiments
4.1 Datasets and Evaluation Metrics

We conducted experiments using two prominent datasets, the AUTSL dataset [32] and the SLR500
dataset [33], to evaluate the effectiveness of our proposed method. The AUTSL dataset, a publicly
available repository, contains a diverse collection of isolated sign language words performed by 43
signers, comprising a total of 38,336 video samples recorded in RGB, depth, and skeleton formats using
Microsoft Kinect v2. The RGB and depth data are preprocessed to a resolution of 512 × 512, while
the skeleton data provides spatial coordinates of 25 connection points on the signer’s body, aligned
with the RGB and depth data. Fig. 7 shows some examples of AUTSL dataset. On the other hand, the
SLR500 dataset, established by Huang et al. [33], consists of 25,000 videos of Chinese isolated sign
language words recorded in multiple formats, including RGB, depth, and skeleton.

To evaluate the performance of our proposed method, we adopted the accuracy metric, which
is widely used in the assessment of dynamic isolated sign language word recognition systems. The
accuracy metric, calculated using the formula:

Accuracy = Nc + Ne

Nall

, (1)
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where Nc represents the number of correctly classified samples, Ne represents the number of incorrectly
classified samples, and Nall represents the total number of samples, provides a comprehensive measure
of the model’s recognition and classification capabilities. A higher accuracy score indicates superior
performance in accurately classifying sign language gestures, thus demonstrating the effectiveness of
the proposed method in dynamic sign language recognition tasks.

Figure 7: An example of AUTSL dataset

4.2 Implementation Details

The experiment was carried out on a Linux operating system Ubuntu utilizing the Pytorch
framework. The computer system employed in the experiment had an Intel(R) Core (TM) i7-8700CPU
@ 3.20 GHz 3.19 GHz processor, 16 GB of RAM, and an NVIDIA Quadro P4000 graphics card.
The model was trained with a batch size of 16, and the learning rate was initially set to 0.1, with
a decay factor of 10 applied every 5 epochs. The Adam optimizer was used to minimize the loss
function. We used a 7:3 split of training and validation sets for model evaluation. Early stopping
was applied based on the validation loss to avoid overfitting. The network model’s parameter settings
used during the training process are presented in Table 1. To further enhance the model’s performance
and robustness, we applied several data augmentation techniques during the preprocessing stage.
Specifically, all color images from the AUTSL_Dataset and SLR_Dataset were resized to 252 × 252
pixels and converted to grayscale. This transformation not only standardizes the input data but also
acts as an augmentation technique by focusing on spatial gesture features and minimizing variations
caused by color. Furthermore, additional augmentations such as random cropping, flipping, and
rotation were performed on randomly selected images from the SLR_Dataset, increasing the diversity
of the training data and improving the model’s generalization ability on unseen data.
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Table 1: Network training parameter settings

Head Header 3

Batch 16
Learning rate 0.1
Momentum 0.9
Training mode Batch standardization

4.3 Visual Feature Aggregation for Keyframe Extraction Results and Analysis

This experiment evaluates the visual feature aggregation module’s keyframe extraction effec-
tiveness. The convolutional autoencoder extracts video sequence features for subsequent clustering-
based keyframe identification. This method reduces background interference while accelerating algo-
rithm convergence. Fig. 8 compares the original video sequence (top row) with extracted keyframes
(bottom row).

Figure 8: Effect of keyframe extraction algorithm on SLR500 dataset

VTAN achieves computational efficiency through its visual feature aggregation module for
keyframe extraction. This module carefully selects only the most informative frames from the
video sequence, effectively reducing the number of frames processed by the Transformer module.
VTAN minimizes computational overhead by reducing input data redundancy. Unlike full-sequence
processing models, VTAN’s selective frame analysis improves processing efficiency and resource
utilization. As shown in Fig. 8, a video sequence with numerous frames is reduced to 11 keyframes,
significantly lowering the amount of data that needs to be processed, while maintaining essential
gesture information.

While transformers typically involve significant computational overhead, especially when applied
to video data, VTAN addresses this challenge by leveraging keyframe extraction to reduce the number
of frames processed. This method ensures that the model focuses on the most critical parts of the video,
thereby optimizing computational efficiency. Although there may be trade-offs in processing fewer
frames, VTAN is designed to balance accuracy and computational complexity, making it a practical
solution for real-world applications where resource constraints are a concern.
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To investigate whether keyframe extraction can enhance the recognition accuracy of the exper-
iment, this study conducted experiments both with and without keyframe extraction module on
different datasets. The specific results are presented in Table 2. By integrating the visual feature
aggregation for keyframe extraction module, our method increased the recognition accuracy from
78.4% to 93.6% on the AUTSL dataset, representing a substantial improvement of 15.2%. Similarly,
on the SLR500 dataset, the accuracy increased from 73.7% to 91.3%, an improvement of 17.6%. These
results demonstrate that the keyframe extraction module effectively improves the recognition accuracy
of dynamic sign language gestures across diverse datasets. The significant improvement of 15.2% on
the AUTSL Dataset and 17.6% on the SLR500 dataset highlights the crucial role of the keyframe
extraction module in enhancing the performance of the recognition system. This result underscores
the importance of selecting informative frames and eliminating redundant frames in improving the
efficiency and accuracy of dynamic sign language recognition.

Table 2: Keyframe extraction results on AUTSL and SLR500 dataset

Method Dataset Accuracy

With keyframe extraction AUTSL 93.6%
SLR500 91.3%

Without keyframe extraction AUTSL 78.4%
SLR500 73.7%

4.4 Comparison with State-of-the-Arts

We evaluated VTAN against standard methods in dynamic sign language recognition using
consistent datasets and metrics. Uniform implementation and evaluation protocols ensured objective
comparison across all methods.

Table 3 summarizes the performance comparison on the AUTSL dataset. Our proposed method
achieved an accuracy of 93.6%. While this result is strong and competitive, it is important to
acknowledge that our method is not the best-performing approach. In addition, the accuracy curve
in Fig. 9 illustrates the training and validation accuracy progression for VTAN, showing a steady
improvement and eventual convergence for both metrics. This demonstrates the model’s ability to
generalize well across the training and validation datasets. Furthermore, VTAN offers a significant
advantage in terms of computational efficiency, largely due to the Visual Feature Aggregation for
Keyframe Extraction module, which is specifically designed to select frames rich in information while
eliminating redundant frames. This approach enhances the relevance of the input data and significantly
reduces the computational load, making VTAN more efficient without sacrificing performance. We
also show the confusion matrix of the VTAN model and [34] on the AUTSL dataset (Fig. 10). It can
be observed that VTAN (a) demonstrates a strong diagonal pattern and few misclassifications. In
contrast, the model (b) shows more scattered values off the diagonal, highlighting a greater number of
misclassifications across various classes. This comparison underscores the effectiveness of VTAN on
the AUTSL dataset. On the CSL500 dataset (Table 4), VTAN achieved 91.3% accuracy, exceeding
previous methods by 1%. Beyond its accuracy, VTAN’s strength lies in its Transformer module,
which emphasizes the extraction of features from hand regions, ensuring that the network allocates
sufficient attention to these critical areas for sign language recognition. This focus on hand movement
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enables VTAN to capture fine-grained spatio-temporal features, contributing to its robust recognition
performance.

Table 3: Comparison with State-of-the-Arts on AUTSL dataset

Method Accuracy

DNN [35] 71.2%
BLSTM-NN [36] 60.1%
HMM-DTC [37] 74.2%
B3D ResNet [34] 89.6%
BLSTM [32] 49.2%
VTN-HC [38] 90.1%
VTN-PF [38] 92.9%
FE+LSTM [39] 93.3%
I3D+RGB-MHI [40] 93.5%
STF+LSTM [41] 98.56%
VTAN (Ours) 93.6%

Figure 9: Train vs. validation graph for VTAN on AUTSL dataset
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Figure 10: Confusion matrix showing performance of models on AUTSL dataset. Please see
Appendix A for category details
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Table 4: Comparison with State-of-the-Arts on SLR500 dataset

Method Accuracy

DNN [34] 65.8%
BLSTM-NN [35] 56.2%
HMM-DTC [36] 65.6%
B3D ResNet [37] 86.9%
VTN-HC [38] 87.2%
VTN-PF [38] 90.3%
VTAN (Ours) 91.3%

Overall, while VTAN may not achieve the highest accuracy in all scenarios, it consistently delivers
competitive results and offers key advantages in terms of computational efficiency and targeted
feature extraction. The combination of the Visual Feature Aggregation for Keyframe Extraction
module and the Transformer module ensures that VTAN strikes a balance between accuracy and
efficiency, making it a viable option for real-world dynamic sign language recognition tasks where
computational resources may be limited. Future work may explore additional visualizations to further
analyze misclassification patterns and provide more detailed insights into the model’s behavior.

4.5 Discussion

VTAN’s superior performance stems from its efficient keyframe selection mechanism, which
minimizes redundant data processing. The visual feature aggregation module optimizes computational
efficiency while prioritizing crucial gesture moments. VTAN’s selective frame extraction enhances
recognition accuracy by focusing on high-quality, informative data. VTAN’s Transformer-based
spatio-temporal module significantly enhances feature extraction capabilities. The dynamic attention
mechanism prioritizes hand regions, capturing subtle movements and spatial features, which are
essential for recognizing complex sign language gestures. This ability to focus on the most critical
parts of the input sequence, particularly the hands, allows VTAN to outperform other methods
that may not employ such targeted attention mechanisms. VTAN preserves and efficiently utilizes
temporal context in hand movement sequences. The Transformer module effectively models long-term
dependencies, accommodating variations in gesture speed and transitions. This capability particularly
benefits dynamic sign language recognition with varying gesture patterns. VTAN’s comprehensive
spatial-temporal modeling outperforms traditional approaches in handling gesture complexities.

5 Conclusion

In conclusion, our study introduces a novel approach to dynamic sign language recognition,
VTAN, leveraging two pivotal modules: visual feature aggregation for keyframe extraction and spatio-
temporal hand feature enhancement module. Through experimentation on the AUTSL and SLR500
datasets, we have demonstrated VTAN’s significant performance advantages in recognizing dynamic
sign language gestures. Compared to typical methods, our approach, facilitated by keyframe extraction
and hand feature enhancement, yields superior recognition results, underscoring the importance and
efficacy of these modules in dynamic sign language recognition tasks. Overall, our work offers novel
insights and methods for advancing the field of dynamic sign language recognition and provides
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valuable implications for the improvement and development of sign language communication systems
in practical applications. In future work, we plan to explore computational costs, such as inference time
and resource consumption, to optimize VTAN’s efficiency. We will also investigate handling occlusion
to improve robustness, and conduct further research on attention map visualizations and additional
evaluation metrics to provide a deeper understanding of model performance.
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Appendix A

The following table enumerates all 226 categories of sign language gestures used in the confusion
matrix analysis (Fig. 10). Each number corresponds to its respective position in the confusion matrix
axes.

Id EN Id EN Id EN Id EN

0 sister 57 wall 114 book 171 war
1 hurry 58 pharmacy 115 mince 172 sugar
2 hungry 59 glove 116 female 173 hi
3 enjoy_your_meal 60 labor 117 smell 174 umbrella
4 brother 61 retired 118 cologne 175 you
5 tree 62 male 119 coal 176 bill
6 heavy 63 meal 120 dog 177 free
7 cry 64 house 121 bridge 178 voice
8 family 65 yes 122 bad 179 love
9 wise 66 married 123 lap 180 evil
10 unwise 67 memorize 124 stain 181 border
11 kin 68 elephant 125 salary 182 you
12 shopping 69 photograph 126 scissors 183 say
13 key 70 football 127 tongs 184 promise
14 mother 71 past 128 god_preserve 185 milk
15 friend 72 get_well 129 angel 186 okay
16 ataturk 73 bring 130 be_pleased 187 comb
17 shoe 74 lake 131 napkin 188 date
18 mirror 75 shirt 132 stairs 189 holiday
19 same 76 see 133 guest 190 sweet
20 father 77 show 134 manager 191 ceiling
21 garden 78 laugh 135 tap 192 danger
22 look 79 lightweight 136 how 193 telephone
23 honey 80 right 137 why 194 scales
24 glass 81 carpet 138 where 195 tailor
25 flag 82 ill 139 grandmother 196 thanks
26 feast 83 hospital 140 oven 197 screwdriver
27 baby 84 fault 141 room 198 turkey
28 single 85 towel 142 wood 199 orange
29 wait 86 no 143 teacher 200 toilet
30 I 87 congratulations 144 school 201 flour
31 petrol 88 animal 145 olympiad 202 far
32 together 89 gift 146 nope 203 sad
33 inform 90 halal 147 allright 204 existing
34 we 91 always 148 they 205 tax
35 work 92 never 149 forest 206 near
36 wednesday 93 goodbye 150 fasting 207 alone

(Continued)
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(continued)

Id EN Id EN Id EN Id EN

37 fork 94 drink 151 apologize 208 wrong
38 tea 95 needle 152 cotton 209 do
39 teapot 96 medicine 153 trousers 210 band-aid
40 hammer 97 not_interested 154 money 211 help
41 ugly 98 light 155 pastrami 212 tomorrow
42 child 99 push 156 potato 213 forbidden
43 soup 100 good 157 sunday 214 pillow
44 friday 101 escape 158 monday 215 bed
45 saturday 102 breakfast 159 window 216 slow
46 wallet 103 pencil 160 thursday 217 eat
47 minute 104 radiator 161 picnic 218 cook
48 grandfather 105 door 162 police 219 star
49 change 106 sibling 163 psychology 220 absent
50 topple 107 crossroads 164 request 221 road
51 government 108 accident 165 hour 222 tired
52 doctor 109 belt 166 soap 223 egg
53 full 110 if_only 167 sauce 224 time
54 wedding 111 who 168 tuesday 225 difficult
55 yesterday 112 identity 169 champion
56 enemy 113 rent 170 hat
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