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Existing gesture pose estimation methods commonly exhibit limitations such as singular feature 
extraction for hand characteristics and the neglect of long-range topological relationships between 
joints, thus restricting their prediction accuracy. To address these issues, this study proposes a gesture 
pose estimation method that takes depth images as input. First, rough gesture features are extracted 
using a convolutional network, while a Swin Transformer module captures the topological relationships 
between joints and global features through spatial information. A U-shaped network is used to process 
the features hierarchically, preserving local joint information at various resolutions, which is fused with 
global features. Two-dimensional Gaussian heatmaps are introduced to represent the distribution of 
keypoints, improving network supervision for target feature regression. The backend network outputs 
the final keypoint coordinates. We evaluated the method on a newly constructed dataset, achieving 
a reduced average squared error of 7.012–4.776 mm lower than that of the baseline model. The 
experimental results demonstrate the superior performance of the proposed method, when comparing 
it to state-of-the-art mainstream pose estimation networks.

Natural and intuitive gesture-based interaction is a essential approach for enhancing human–computer 
interaction experiences, with broad applications in areas such as virtual reality (VR), augmented reality (AR), 
smart cockpits, sign language recognition, and remote collaboration1–4. Hand pose estimation refers to the 
process of recovering the three-dimensional spatial positions of hand joints from input visual data, such as 
RGB images or depth maps. Specifically, the goal of pose estimation is to obtain accurate information about 
the position and orientation of the hand using computer vision methods, which is essential for natural human–
computer interaction5. For example, by employing hand pose estimation, users can interact with objects in 
virtual environments through gestures or perform tasks such as sign language recognition6. The key to enabling 
these applications lies in robust and accurate hand pose estimation techniques, whose objective is to recover 
the 3D coordinates of predefined hand keypoints from input visual data (e.g., RGB images and depth maps). 
Such techniques allow users to interact with computers and devices in a natural and intuitive manner, thereby 
achieving a more intelligent, convenient, and user-friendly interaction experience7.

For example, Oikonomidis et al. proposed a multi-view method that employs a particle swarm optimization 
algorithm to minimize the discrepancy between projected 2D hand model features and those extracted from 
input sequences8. This approach effectively incorporates physical constraints as critical reference information, 
significantly improving estimation accuracy under occluded background conditions. Furthermore, with the 
remarkable success of deep learning in human–computer interaction, Tompson et al.applied CNNs to hand 
pose estimation9. By generating 2D heatmaps through convolutional neural networks and leveraging inverse 
kinematics, they predicted the coordinates of hand joints. Ye et al. further introduced a hand pose estimation 
method based on a kinematic hierarchical strategy10. Their approach integrates the proposed strategy into the 
input space of a spatial attention-based discriminative method and the optimization process of a hierarchical 
particle swarm optimization-based generative method, thereby improving the accuracy of pose calibration to 
some extent.

Although significant progress has been made in the field of Hand pose estimation, existing methods still 
face several common challenges: (1) the extracted features are often limited in diversity and lack effective fusion 
of multi-scale gesture information, ranging from global structures to local details; and (2) the intrinsic spatial 
topology of the hand, particularly the long-range dependencies between non-adjacent joints (e.g., collaborative 
motion constraints among fingers), is not fully exploited. These issues directly hinder further improvement in 
pose estimation accuracy.
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To address these challenges, this paper proposes a hand pose estimation method based on Swin transformer 
and CNN, which aims to simultaneously overcome the limitations of single-feature extraction and the neglect of 
topological dependencies. The main contributions are as follows:

•	 Coarse hand gesture features are first extracted using a convolutional network and then passed into the Swin 
Transformer module, which focuses on the topological dependencies of hand joints. This design aims to cap-
ture global features enriched with spatial information under attention computation.

•	 A U-shaped network is designed, where residual structures are employed to propagate hierarchical infor-
mation, enabling the extraction of multi-scale features of local hand joints at different resolutions. These 
local features are fused with global features. In addition, a two-dimensional Gaussian heatmap encoding the 
probabilistic distribution of hand joint locations is introduced to better supervise the network in regressing 
target features.

•	 Finally, high-quality and diverse depth-map-based 3D hand pose data are collected and annotated using 
LiDAR devices. Together with the MSRA dataset11, these data are integrated to construct a new experimental 
dataset.

The remainder of this paper is organized as follows: Sect. ''Related work'' introduces relevant work research. 
Section ''Methods'' provides a detailed description of the proposed model for 3D hand pose estimation. Section 
''Experiments and analysis of results'' presents the experimental setup and analyzes the results. Finally, Sect. 
''Conclusions'' concludes the paper and outlines future research directions.

Related work
At present, from the perspective of gesture modeling, hand pose estimation methods can be categorized into 
three types: generative model-based methods, discriminative model-based methods, and hybrid model-based 
methods12.

Generative model-based estimation methods typically use optimization algorithms to combine the motion 
trajectory of the hand with predictions from a dynamics perspective, followed by the extraction of inputs, 
integrating shape features of the model to minimize matching errors and obtain precise pose parameters13. 
Qian et al. improved this method by constructing a geometric model of the hand14. They adopted the iterative 
closest point (ICP) model to accelerate convergence through local optimization and utilized the particle swarm 
optimization (PSO) algorithm for stochastic optimization. By expanding the search in the parameter space, 
they effectively avoided becoming trapped in invalid local optima. Zhang et al. employed a multi-task learning 
framework to simultaneously estimate a three-dimensional (3D) hand pose, a hand mask, and a mesh-based 
anthropomorphic hand outline (MANO) mesh15. Chen et al. proposed I2UVHandNet, which unfolds the 
low-resolution MANO 3D hand mesh into a 2D UV plane, enhances its resolution through a super-resolution 
network layer, and then reconstructs it into a high-resolution MANO mesh16. However, such generative methods 
require the construction of intricate hand models and combination of deep network models to find the most 
similar pose parameters within a consistent time frame, making real-time performance a challenge.

On the other hand, the core idea of discriminative-based estimation methods is to directly infer the positions 
or poses of hand joints from single-frame images or depth data using machine learning or deep learning models.
These methods do not rely on predefined hand models or templates, instead learning the mapping relationship 
from input to output directly via training on large amounts of annotated data. Ge et al.17 proposed an end-to-
end trainable hand mesh generation method using graph convolutional networks. Zhang et al. proposed an 
end-to-end hand pose estimation method consisting of three parts: the first part estimates the 2D heatmaps of 
hand joints, the second part iteratively regresses the hand model parameters using these heatmaps as input, and 
the third part generates the corresponding hand model based on these parameters18. To address the challenge of 
balancing accuracy and efficiency in hand pose estimation, Fan et al. introduced the adaptive computationally 
efficient (ACE) network, which dynamically switches between lightweight and complex networks using a 
Gaussian kernel-based gating module19. Pavlakos et al. presented HaMeR (hand mesh recovery), a method 
that achieves 3D hand reconstruction from a monocular input. In particular, it employs a Transformer-based 
architecture that significantly enhances the accuracy and robustness of hand analysis compared to existing 
technologies20.

Rezaei21 introduced TriHorn-Net, a novel model that decouples the 3D hand pose estimation task into two 
sub-tasks—namely, estimating the 2D joint positions (UV coordinates) in the depth image space and estimating 
the corresponding depth values aided by two complementary attention maps—significantly improving the 
accuracy of hand pose estimation based on depth images. Wen et al.22 developed a Transformer-based temporal 
modeling framework, constructing a cascaded dual Transformer encoder hierarchical network that utilizes 
short-term temporal cues for effective hand pose estimation in the first encoder and integrates per-frame pose 
information with object interaction features for the recognition of actions over longer time spans.

However, as only 2D positions are predicted, the performance of such methods in scenarios with joint 
occlusion is sub-optimal. Hybrid-based estimation methods primarily treat the constructed hand model as a 
prerequisite for generating hand coordinates or as a discriminative condition for regression targets. For example, 
Keskin et al.23 conducted experiments on synthetic depth images, attempting to use a local mode search algorithm 
to predict hand joint coordinates from different results. Sridhar et al.24 introduced an innovative detection-
guided optimization strategy that enhances the robustness and speed of pose estimation. Later, Sridhar et al.25 
presented a 3D joint Gaussian mixture alignment strategy for hand pose estimation that is suitable for rapid pose 
optimization, employing a regularizer to address occlusion issues arising from hand–object contact. Panteleris 
et al.26 proposed a three-step approach for hand pose estimation: first, an existing and effective hand detector is 

Scientific Reports |        2026 16:11551 2| https://doi.org/10.1038/s41598-026-41974-6

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


used to localize and segment the hand; second, the 2D positions of hand joints are estimated using a pre-trained 
OpenPose discriminative network model; finally, the 2D pose is fitted to a 3D pose using nonlinear least squares.

Although existing methods have made progress, they generally suffer from limited feature representation and 
insufficient global topology modeling. The method proposed in this paper, which integrates Swin transformer 
with CNN, is designed to address these shortcomings.

Methods
The overall design of the proposed model is illustrated in Fig. 1, and the model design involves multiple steps 
for gesture feature extraction. First, the depth image of the hand region is input into a convolutional feature 
extraction network, where rough gesture features are extracted through a 7 × 7 convolution layer and further 
optimized using a pooling unit and bottleneck residual modules. Next, the features are processed in parallel 
through two branches: one branch employs a U-Net to obtain local joint features, while the other branch uses 
a Swin Transformer encoder to capture global features. The output feature maps from both branches are fused, 
and a Gaussian heatmap containing joint distribution information is introduced to supervise and correct the 
extracted features. This process is repeated twice to further refine the extracted gesture features, ultimately 
resulting in accurate three-dimensional joint coordinates.

Global topological information extraction
To better understand the relationships between hand joints in the task of hand pose estimation (i.e., their 
relative positions and connections in space), this study introduces a Swin Transformer to extract the topological 
information of hand joints. Compared to the traditional Vision Transformer mechanism, the Swin Transformer 
incorporates a window-based multi-head self-attention (W-MSA), which divides the input features into smaller 
patches. Through the use of multi-level attention mechanisms and cross-layer fusion, the model can more 
efficiently process long-range dependency information, integrating local hand feature information captured 
at different levels into a global representation. This structure also reduces the computational complexity, to a 
certain extent. The specific architecture of the Swin Transformer encoder is illustrated in Fig. 2.

Figure 2 illustrates the specific structure of the Swin Transformer encoder. The first part is the W-MSA, while 
the second part is the shifted window-based multi-head self-attention (SW-MSA). Each component is composed 
of a layer normalization layer, an attention module, and a multi-layer perceptron (MLP). The overall structure 
includes an input section, a patch partition block, and four stages for extracting hand gesture features. The Swin 
Transformer effectively captures the long-range dependencies among hand joints through its windowed multi-
head self-attention mechanism. Input features are divided into smaller blocks (windows), with self-attention 
calculated within each window, significantly reducing computational costs. The shifted window mechanism 
allows for the transfer of information across layers, facilitating the effective fusion of hand joint features at 
different scales. This multi-scale attention is crucial for accurate gesture pose estimation. The specific process is 
outlined as follows:

First, a feature map of size 48 × 48 is fed into the Swin Transformer Block, with the window size set to 4 × 4. At 
this point, the image is divided into 12 × 12 windows and self-attention computation is performed within each 
window, converting the regional pixels into one-dimensional vectors to be used as the effective input sequences. 
Then, residual connections are introduced through the MLP for linear embedding, aiming to project the features 
according to their dimensions. As shown in Fig. 2, after passing through the W-MSA in the block, the resulting 
hand feature map undergoes another SW-MSA structure, where the window positions are shifted by 2 pixels in 
both the x and y directions to enable the exchange of information between different windows.

The remaining three stages adjust the size and channel count of the feature map through patch merging 
operations, while the Swin Transformer block module performs a series of linear transformations and attention 

Figure 1.  The overall gesture estimation network structure.

 

Scientific Reports |        2026 16:11551 3| https://doi.org/10.1038/s41598-026-41974-6

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


mechanism operations. Each stage modifies the tensor dimensions to capture hand features at different levels, 
aiding the model in globally understanding the feature information. Finally, the output is processed through 
a layer normalization layer to maintain consistency in the feature distribution and obtain the corresponding 
results. Let ẑl and zl+1 represent the window output features, and ẑl and zl+1 represent the MLP output 
features. The computational process of the Swin Transformer block can be expressed by Eqs. (1), (2), (3), and (4):

	 ẑl =W − MSA
(
LN(zl−1)

)
+ zl−1, � (1)

	 zl =MLP
(
LN(ẑl)

)
+ ẑl, � (2)

	 ẑl+1 =SW − MSA
(
LN(zl)

)
+ zl, � (3)

	 zl+1 =MLP
(
LN(ẑl+1)

)
+ ẑl+1. � (4)

Additionally, before the final output layer, the Swin Transformer generates feature maps at different levels, 
encompassing multi-scale features that range from fine- to coarse-grained. In standard Transformers, the 
computational complexity of the self-attention mechanism grows quadratically with increasing sequence length. 
For images, directly treating individual pixels as a sequence can lead to a significant computational burden. 
The Swin Transformer mitigates this issue by partitioning the image into multiple non-overlapping local 
windows and calculating the self-attention within these windows independently, which significantly reduces 
computational costs.

To facilitate information exchange between different windows and capture a broader context, the shifted 
window mechanism is introduced. Between successive layers, the positions of the windows shift, resulting in 
overlapping portions between adjacent layers. This design not only maintains a lower computational load but 
also allows for the effective integration of information across windows. Following these principles, the Swin 
Transformer captures subtle features and spatial dependencies in gesture pose estimation images through 
block-based processing, self-attention mechanisms, and multi-scale hierarchical modeling, providing powerful 
modeling capabilities for gesture pose estimation.

Local joint feature information aggregation
In some image processing tasks, neural networks are stacked to gradually extract feature information. In shallow 
networks, the model primarily learns low-level features. As the network deepens, the information learned by the 
network becomes more abstract as the resolution of the feature maps decreases. However, for tasks such as hand 
pose estimation, which require the extraction of fine-grained features, the key information for different joints 
may exist in feature maps of varying resolutions. Therefore, by aggregating these diverse features distributed 
across different resolutions, more accurate information can be captured to guide the network’s learning process. 
Inspired by the hourglass network proposed by Newell’s team27–29, this study designs a U-shaped encoder–
decoder to capture multi-scale feature information from feature maps with different resolutions through 
progressive down-sampling and up-sampling operations. Figure  3 illustrates the structure of the U-shaped 
encoder–decoder.

Figure 2.  Design of the swin transformer encoder–decoder structure.
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Figure 3 illustrates the structural design of the U-Net, which extracts and aggregates multi-scale features 
from feature maps of varying resolutions through downsampling and upsampling operations. Among the 
components of this network, B-RE represents the bottleneck residual structure, POOL represents the max 
pooling structure, and UP represents the up-sampling structure. The introduction of the bottleneck residual 
module and pooling layer enables the network to learn detailed features of the gestures at different scales. The 
upsampling phase restores the resolution of the feature maps and combines low-level gesture features at the same 
resolution with high-level features resulting from residual processing via skip connections. This multi-resolution 
feature aggregation process is crucial for accurate gesture pose estimation.

In the top-down process, the bottleneck residual structure and the max pooling structure appear in groups. 
The network starts from a high-resolution feature map and reduces the resolution by a factor of 2. At each step, 
the detailed information of the features is enhanced and the number of feature channels doubles accordingly. In 
the bottom-up process, the bottleneck residual structure and the up-sampling structure appear in groups. In this 
part, the output result of each previous layer needs to be up-sampled by a factor of 2, with the aim of restoring the 
original resolution of the feature map. In this step, it is also necessary to add—through a skip connection—the 
low-level gesture features processed by the B-RES module at the same resolution.

At the same time, the network starts from a low-resolution feature map and increases exponentially. The 
number of feature channels also decreases by a factor of 2 until it finally returns to the original state. At this 
point, the obtained features are the gesture feature information aggregated from four different resolutions. 
The up-sampling method adopted in this study is the bilinear interpolation method. Through considering the 
weights of the four adjacent pixels, the value of the target pixel is estimated and each pixel in the input feature 
map is interpolated to generate a feature map with a larger size, thus achieving smooth up-sampling of the image 
and restoring the original information of the feature map to a large extent.

The bottleneck residual module (B-RES) is a type of module used for constructing deep neural networks in 
the field of deep learning, which is an improvement on the basis of the traditional residual network (ResNet) 
structure. By adding a bottleneck layer, it introduces more depth and nonlinear transformations into the 
network, enabling the network to better adapt for the extraction of multi-scale features and endowing it with 
greater flexibility. In the U-shaped network, the number of feature channels also exhibits a U-shaped trend, 
increasing first and then decreasing, and the obtained features also differ. Introducing the bottleneck residual 
structure helps the network to better transmit residual information: it not only preserves and transmits global 
and local information, but also captures and aggregates the hand feature information at different scales. This 
structure can also reduce the computational complexity to a certain extent, making the network lighter and more 
suitable for practical deployment.

Regarding multi-resolution feature maps, the bottleneck residual module can play a more effective role 
in gesture feature extraction when compared to the ordinary residual module. A comparison between the 
bottleneck residual and traditional structures is shown in Fig.  4, where Conv represents the convolution 
operation constructed through 1 × 1, 3 × 3, and 1 × 1 convolution kernels. This effectively reduces the number 
of parameters in the network, making the model lighter and more capable of handling multi-scale features. The 
bottleneck residual structure reduces the number of input feature channels in the first 1 × 1 convolutional layer, 
then conducts more in-depth feature extraction in the second 3 × 3 convolutional layer, and finally restores the 
depth of the features in the third 1 × 1 convolutional layer.

Therefore, it can extract richer and more complex feature information while maintaining the size of the 
feature map. In addition, when considering multi-resolution feature maps, the effect of gradient propagation 
is particularly important. When extracting features at different scales, the stable propagation of gradients can 
help the network to better learn the feature representations at different scales. The bottleneck residual structure 
directly transmits the input to the output end through the residual connection, which helps to alleviate the 
problem of gradient vanishing and makes the network easier to train.

Gesture heatmap supervision
In the task of gesture pose estimation, the three-dimensional information representing the positions of the key 
points of the hand joints ultimately needs to be obtained through the established model. During this process, 

Figure 3.  U-shaped network structure design.

 

Scientific Reports |        2026 16:11551 5| https://doi.org/10.1038/s41598-026-41974-6

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


a fully differentiable model is often used for training. The error between the input data and the target value 
can be directly utilized to optimize the model parameters, which simplifies the training process and improves 
the training efficiency. Due to this end-to-end weight update mode, the forward and backward propagation 
speeds are relatively fast. However, especially for tasks such as gesture pose estimation, there may be significant 
differences in the gesture shapes and postures between different users and in different environments. Therefore, 
the lack of spatial generalization ability may cause the model to perform poorly in practical applications.

Inspired by reference30, in this study, a two-dimensional Gaussian distribution centered on the positions 
of the points representing the hand gesture joints is generated. The variance of the Gaussian distribution is 
usually controlled using pre-set parameters. The pixel with the highest intensity value indicates the position 
of the key point, and the intensity values of the surrounding pixels gradually decrease. By superimposing the 
Gaussian distributions generated for all key points, the heatmap value for each pixel can be obtained. Therefore, 
by finding the position with the highest confidence value in the heatmap, the key points in the hand gesture 
can be more accurately located. At the same time, the topological connections between the joint points are 
also retained according to the peaks in the distribution. In this way, the model can process multiple key points 
simultaneously, enabling the model to better understand the structure and dynamics of the hand gesture and 
make more accurate predictions.

The structural design of the heatmap supervision module is illustrated in Fig. 5. The input is a two-dimensional 
matrix containing the distribution information of keypoints, where the intensity value of each pixel represents 
the confidence of the keypoint. The role of the convolutional kernel is to slide over the keypoint heatmap, using 
a 1 × 1 convolution to increase the number of input feature channels to 256. The learned weights are then used 
to identify and capture the patterns and features of the gesture keypoints. Subsequently, a 3 × 3 convolution 
operation processes the features obtained through the 1 × 1 convolution, outputting a Gaussian heatmap of size 
24 × 24 with a number of channels corresponding to the number of gesture keypoints.

This extracts the patterns and features of the gesture keypoints from the input features. For each key point 
u, there exists a term u ∈ R2. At this time, we can calculate ũ = u

R . All ground-truth keypoints are then 
decomposed into a heatmap, denoted as H ∈ [0, 1]

W
R

× H
R

×c. The mathematical representation of the Gaussian 
heatmap is given by Eq. (5):

	
Hn(u, v) = exp

(
− (u − un)2 + (v − vn)2

2σ2

)
,� (5)

Figure 5.  Example of heatmap-based supervision module operation.

 

Figure 4.  Comparison of residual structures.
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where (un, vn) represents the joint position coordinates, and σ is the standard deviation of the Gaussian 
function. The value is maximal at the joint’s position, and gradually decreases as the distance from the joint 
position increases.

Loss function
The loss function adopted in this study follows a common approach used in gesture pose estimation methods, 
consisting of two parts: heatmap regression loss and joint point regression loss.

Heatmap regression loss: The mean squared error is calculated between the Gaussian heatmap generated 
from the ground-truth information of the image and the Gaussian heatmap produced according to the model’s 
predicted joint points. The calculation formula is shown in Eq. 6:

	
Lht =

M∑
m=1

N∑
n=1

∑
u,v

∥ Hm∗
n (u, v) − Hm

n (u, v)∥2,� (6)

where Hm∗
n (u, v) represents the mth Gaussian heatmap generated by the model at the position of the nth 

joint point, Hm
n (u, v) denotes the mth Gaussian heatmap produced from the ground-truth information at the 

position of the nth joint point, N represents the total number of joint points in the detected hand region, and M 
represents the stacked fused features.

Joint point regression loss: The mean squared error is calculated between the annotated ground truth joint 
point coordinates and the joint point coordinates predicted by the network model. The calculation formula is 
shown in Eq. 7:

	
Lj =

N∑
n=1

∥ J∗
n − Jn ∥2,� (7)

where J∗
n represents the predicted coordinates of the nth joint point and Jn denotes the coordinates of the nth 

joint point in the annotated gesture. The overall loss is obtained by weighting these two loss functions, calculated 
as shown in Eq. 8:

	 L = α × Lht + Lj ,� (8)

where α represents the weight value, Lht represents the heatmap regression loss, and Lj  represents the joint 
point regression loss.

Experiments and analysis of results
This section provides a detailed explanation of the experiments and results analysis conducted to validate 
the proposed method. Specifically, Subsect. Datasets describes the datasets used in the experiments, Subsect. 
Evaluation metrics outlines the evaluation metrics, Subsect. Experimental settings presents the experimental 
environment setup, Subsect. Comparative experiments with existing methods provides a comprehensive analysis 
of the experiments, and Subsect. Ablation experiments details the ablation experiments of the proposed method.

Datasets
The experimental dataset used in this study comprises two parts, as illustrated in Fig. 6. On the right side is the 
MSRA dataset, which was constructed by Microsoft Research Asia. It includes 76,375 depth images generated 
from nine subjects presenting diverse gestures under varying viewpoints and lighting conditions, with each 
image accurately annotated for the 3D coordinates of 21 hand joints.

The scientific design of this dataset is evident in its rigorous collection protocol: all gesture actions encompass 
typical postures used in daily interactions, including gripping, pinching, and spreading, while accounting for 
variations in hand size and skin color to ensure the representativeness and diversity of the data. As shown 

Figure 6.  Examples from the LiDAR and MSRA datasets.
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in the table below, the MSRA dataset is the preferred benchmark for validating the performance of 3D hand 
pose estimation algorithms due to its real-world collection environment (non-synthetic data), high-precision 
annotations (sub-millimeter accuracy), and extensive number of samples.

Additionally, the depth information contained in the dataset makes it particularly well-suited for studying 
challenging issues in real-world scenarios, such as occlusion and lighting changes, providing an important 
experimental platform for developing effective hand interaction systems. These characteristics collectively form 
a solid scientific basis for the use of the MSRA dataset. The results of a comparative analysis between the MSRA 
dataset and other datasets are presented in Table 1.

On the left side of Fig. 6, self-collected LiDAR data are shown, which include data for eight types of gestures 
which we self-captured using a CS30 solid-state LiDAR sensor. Furthermore, a 21-joint labeling method 
was employed to annotate these gestures. The primary goal of including these data was to address the lack 
of long-distance and small-target samples in the standard MSRA dataset, thus improving the robustness and 
generalization performance of the proposed model.

To ensure clarity and simplicity in the subsequent experimental data labels, the 21-joint annotation 
information was simplified as follows. The five fingers of the hand–namely, the little finger, ring finger, middle 
finger, index finger, and thumb–are denoted as P, R, M, I, and T, respectively. Each finger is represented by a 
fingertip (TIP) and three other joints: DIP, PIP, and MCP. The center of the wrist is represented by Wrist. For ease 
of explanation in the experimental charts, TIP, DIP, PIP, and MCP are further simplified to the numbers 1–4, 
while Wrist is represented by C. Figure 7 illustrates the hand annotation information.

Evaluation metrics
This study employs two commonly used evaluation metrics for hand 3D pose estimation: the mean per joint 
position error (MPJPE) and percentage of correct keypoints (PCK), with a threshold range from 0 to 80 mm, in 
order to assess the effectiveness of the proposed method. In particular, PCK refers to the percentage of correctly 
predicted 3D joints.

(1) MPJPE is calculated as the average Euclidean distance between the joint coordinates predicted by the 
model and the ground-truth coordinates, expressed in millimeters (mm). The calculation formula is shown in 
Eq. (9):

	
MPJPE = 1

T
1
N

T∑
t=1

N∑
i=1

||J (t)
i − Ĵ

(t)
i ||2,� (9)

where MPJPE represents the mean per joint position error; T denotes the number of samples; N represents 
the number of joint points; J(t)

i  represents the position information of the ith joint in the annotation of the tth 
image; and Ĵ(t)

i  represents the predicted position information of the ith joint in the tth image.
(2) PCK is defined as the percentage of predicted keypoints that fall within a given distance threshold relative 

to the ground-truth joint coordinates. The calculation formula is shown in Eq. (10):

Figure 7.  Annotation of the 21 joints of the hand and the finger labels.

 

Dataset Data volume Annotation dimension Applicable tasks Features

MSRA 76k 3D Hand pose estimation High-precision depth data

RHD 44k 2D/3D Synthetic data research Synthetic data, no real noise

FreiHAND 130k 3D Real-time hand gesture estimation Contains dynamic sequences

Table 1.  Comparison results between MSRA and other datasets.

 

Scientific Reports |        2026 16:11551 8| https://doi.org/10.1038/s41598-026-41974-6

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


	
PCKk

i =

∑
δ

(
di

ddef ≤ Tk

)
∑

k 1
s,� (10)

where TK  is the threshold, di is the Euclidean distance between the predicted value and the ground-truth of the 
ith joint point, and ddef  is the normalization factor.

Experimental settings
The experiments in this study were conducted on the Ubuntu 16.04 operating system, with a hardware 
environment consisting of an Intel(R) Xeon(R) Platinum 8255C CPU @ 2.50 GHz, 40 GB of GPU memory, 
and an RTX 3080 GPU. The deep learning framework used was PyTorch 1.7.1 with CUDA version 10.2. The 
initial learning rate for the model was set to 0.001 and the momentum was set to 0.9. The total number of 
training epochs was 300, with a batch size of 64. The standard deviation of the Gaussian function σ was set to 
2, and the weight in the loss function α was set to 1. All experiments utilized the Adam optimizer with default 
hyperparameters, and training, validation, and testing were conducted under the same hyperparameter settings.

Comparative experiments with existing methods
To evaluate the performance of the proposed hand pose estimation algorithm, a series of comparative experiments 
were carried out. Five representative mainstream hand pose estimation algorithms—namely, DeepModel31, 
REN32, DeepPrior++33, PoseREN34, and DenseReg35—were selected as benchmarks. These algorithms have 
all demonstrated excellent performance in their respective fields, providing a solid reference basis for this 
comparative experiment. The experiment focused on two key performance indicators: the average error of the 
gesture joint points and the average prediction frame rate. Through comparison in these two dimensions, we can 
intuitively understand the advantages of the algorithm proposed in this paper compared with other mainstream 
methods. The experimental results are presented in Table 2.

Through comparison of the data, it can be observed that: on the dataset used in this paper, compared with the 
DeepModel, REN, DeepPrior++, PoseREN, and DenseReg algorithms, the MPJPE value of the method proposed 
in this paper was significantly lower than that of the other mainstream gesture pose estimation algorithms; 
in particular, compared with the DeepModel, REN, DeepPrior++, PoseREN, and DenseReg algorithms, the 
average joint point error of the proposed algorithm was reduced by 1.655 mm, 0.638 mm, 0.871 mm, 1.605 mm, 
and 0.206 mm, respectively. Moreover, compared with the DenseReg algorithm, the average joint point error of 
the proposed algorithm was reduced by approximately 2.9%.

This result directly proves the high precision of the proposed method in predicting the positions of hand 
joint points, effectively reducing the estimation error. Although the proposed method was slightly inferior to the 
DeepModel and REN models in terms of the average prediction frame rate, this gap remains within a reasonable 
and acceptable range. While ensuring high accuracy, the proposed algorithm does not sacrifice excessive 
computational efficiency and can still meet the requirements of real-time or near-real-time applications. 
Therefore, considering the model performance in terms of both accuracy and real-time capability, the gesture 
pose estimation method proposed in this paper demonstrates significant advantages.

To more fully illustrate the prediction accuracy of our method, Fig.  8 presents a detailed performance 
comparison of our proposed approach with respect to the DeepModel, REN, DeepPrior++, PoseREN, and 
DenseReg algorithms within the 0–80 mm range of PCK. In the graph, the x-axis represents the allowable 
offset error for the estimation of hand key points, while the y-axis indicates the accuracy of the 3D key point 
estimations within the error range, allowing for calculation of the area under the curve to assess the performance 
of each model. As shown in Fig. 8, the overall PCK curve aligns with the data presented in the previous table. 
The proposed method maintains a high PCK value within the 0–80 mm error threshold range, with its advantage 
becoming increasingly pronounced as the threshold expands.

Notably, within the 0–15 mm low-error threshold range, the DenseReg and PoseREN methods exhibit a slight 
advantage over the proposed method in certain areas. This is due to these methods’ more direct optimization 
of local feature regression. However, within the broader and more practically significant 15–80 mm error 
threshold range, the proposed method consistently and significantly outperforms the other baseline methods. 
This phenomenon indicates that the global topological relationships modeled by the Swin Transformer and 
the multi-scale local features fused by the U-Net enable the model to maintain higher accuracy in the face of 
challenges such as gesture variation and partial occlusion, with smaller deviations from the true values. As a 

Algorithm Average joint point error (mm) Average prediction frame rate (fps)

DeepModel31 8.676 215

REN32 7.659 48

DeepPrior++33 7.892 30

PoseREN34 8.626 36.7

DenseReg35 7.227 27.8

Ours 7.021 38

Table 2.  Performance comparison of different algorithms.
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result, the proposed method demonstrates a core competitive advantage in maintaining higher accuracy within 
a more lenient tolerance range.

Ablation experiments
To comprehensively evaluate the contribution of each key module in the proposed method to its hand joint 
point estimation accuracy, a series of ablation experiments were performed. These experiments revolve around 
three core modules: The global feature extraction module (A), the multi-resolution local feature aggregation 
module (B), and the heatmap supervision module (C). Additionally, the baseline mentioned in the experiment 
consists of a basic convolutional network, which includes convolutional layers, max-pooling layers, and several 
bottleneck residual modules for feature extraction. A regression head is subsequently applied to directly output 
the 3D coordinates of the hand keypoints, without incorporating Modules A, B, or C. The proposed method 
was adjusted into different network structures for testing. To ensure the accuracy of the experiments, the same 
parameters were used during the training process, and the experiments were all carried out on the same self-
made dataset. The results of the ablation experiments are shown in Table 3.

It can be seen from the table that each key module in the proposed method significantly contributed to 
improving the accuracy of hand joint point estimation. Specifically, the global feature extraction module and the 
multi-resolution local feature module both reduced the error estimation of hand joint points to a certain extent, 
when compared the benchmark model. Moreover, when both the global feature extraction module and the 
multi-resolution local feature module were used, the resulting error value was the lowest, having been reduced 
by 4.541, thus demonstrating the effectiveness of the proposed model for gesture pose estimation. In addition, 
with the heatmap supervision module, the background in the image compared with the predicted joint points 
becomes clearer, guiding the network to learn autonomously and further reducing the joint point prediction 
error, which demonstrates the effectiveness of this approach.

Figure 9 shows a histogram of the average error of each joint point in the ablation experiment. In this way, the 
differences in the performance of the model under different configurations can be clearly seen.

To more clearly demonstrate the performance advantages of our proposed method in real-world applications, 
we performed a visual comparison of the network prediction results on both the LiDAR dataset and the MSRA 
benchmark dataset. Figure 10 presents the visual results from our custom LiDAR dataset, where green represents 

Number Model scheme Mean squared error of all joints (mm)

1 Baseline 15.698

2 Baseline +A 12.357

3 Baseline +B 13.596

4 Baseline +A+B 11.157

5 Baseline +A+B+C 10.922

Table 3.  Ablation experiment results.

 

Figure 8.  Comparison of PCK curves for different methods.
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the ground truth annotations and blue indicates the predicted results. From the figure, it is evident that the 
proposed network achieves good joint position estimates across different hand gesture poses. For example, in the 
second image of the first row and the fourth image of the first row, there is partial occlusion between the finger 
joints, yet our method is still able to accurately estimate the joint positions.

In the first image of the second row, the grasping gesture causes the remaining three fingers, apart from the 
thumb and index finger, to appear smaller and experience insufficient lighting, but our method still accurately 
estimates the corresponding joint positions. These results show that, even in challenging scenarios where finger 
features are less distinct–such as partial occlusion or poor lighting–our method demonstrates strong robustness 
and accuracy, providing precise predictions of hand joint positions.

Figure 11 further demonstrates the hand gesture pose estimation results of our proposed method on the 
MSRA dataset, where red represents the ground truth annotations and green indicates the predicted results. 
The visual results clearly show that our method is capable of handling severe self-occlusion in hand poses while 
maintaining high accuracy and stability on the MSRA dataset.

For instance, in the third image of the first row, although the joints are not occluded, the pose results in depth 
inaccuracies in the metacarpophalangeal and wrist joints of the thumb and little finger due to lighting issues. 
Nevertheless, our method still accurately estimates the joint positions. In the first image of the second row and 
the second image of the second row, some joints overlap and occlude due to the nature of the hand gestures, 
but our method still provides accurate joint position estimates. Therefore, the MSRA dataset visualization 
experiment further validates the effectiveness of our proposed method in hand gesture pose estimation tasks, 
highlighting its strong generalization ability on publicly available datasets.

Figure 10.  Visualization results of hand joint prediction on the self-collected dataset.

 

Figure 9.  Results of the ablation experiment.
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Conclusions
This study addresses common challenges in hand 3D pose estimation, such as the limited feature extraction 
and insufficient modeling of joint topological relationships. We propose a novel method for hand gesture pose 
estimation based on Swin Transformer and CNN. The method uses depth images of the hand region as input and 
utilizes Swin Transformer and CNN to capture global features and local joint features, respectively. After feature 
fusion, a two-dimensional Gaussian heatmap supervision is applied to refine the feature extraction process, 
significantly improving its accuracy and robustness.

Experimental results show that our method outperforms existing mainstream depth-based hand gesture pose 
estimation algorithms on both our custom dataset and the MSRA dataset. Particularly in more challenging 
scenarios, where finger features are less distinct or the background is more complex, our method demonstrates 
strong robustness and accuracy. Compared to traditional hand pose estimation methods, our approach 
effectively addresses the issue of insufficient modeling of long-range topological relationships between hand 
joints, significantly enhancing the model’s adaptability across various application scenarios.

Although the method performs well in single-hand scenarios, it still faces limitations in complex environments 
involving hand-object interactions and severe occlusions. Future research will focus on improving algorithm 
performance in interactive gestures and hand-object occlusion scenarios, further strengthening the model’s 
robustness and real-time adaptability to address more complex interactive tasks.

Data availability
The datasets analyzed during the current study are not publicly available because they were jointly generated by 
two research teams; however, they are available from the corresponding author on reasonable request.

Code availability
The code version corresponding to the core results of this study has been archived and is available for access 
through the Zenodo repository. The DOI link is: https://doi.org/10.5281/zenodo.18649094..
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