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ABSTRACT

Hand pose estimation aims to detect and reconstruct 3D hand skeletons or mesh models from information media such as
RGB images, depth maps, point clouds, and voxels. The relevant technologies are mainly applied in fields like human-
computer interaction, motion analysis, augmented reality, and virtual reality. In recent years, with the rapid development
of deep learning technology and the widespread application of depth cameras, hand pose estimation has attracted more
and more attention. The current state-of-the-art has achieved good performance, but there are still great challenges when
facing hand-object interactions, two-handed interactions, and occlusions in outdoor situations. This paper will classify
and introduce the characteristics and advantages and disadvantages of various hand pose estimation algorithms
according to the type of information media, collect the main datasets and benchmarks used in hand pose estimation, and
finally discuss the main challenges and prospects in the field of hand pose estimation.
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1. INTRODUCTION

The task of hand pose estimation has different requirements for different application scenarios: in human-computer
interaction?, facing single/multiple RGB cameras or depth cameras, it is necessary to accurately capture the main hand in
the scene and infer the meaning of gestures. Background interference, self-occlusion, and dimension loss are the main
challenges. In wearable VR/AR?®#, joint magnetic sensors map the positions of hand joints to virtual 3D space, and
more precise fingertip positioning is required to determine the hand-object interaction relationship in space. With the
promotion and popularization of home wearable VR/AR devices by large technology companies such as Google,
Microsoft, and Facebook, as well as the wide application of human-computer interaction verification technology in
various fields, hand pose estimation has become a research hotspot in the field of computer vision. With the rapid
iteration of deep learning solutions, challenges such as self-occlusion, environmental interference, depth blur, and hand-
object interaction in recent years' 3D hand pose estimation have been solved in a series.

This paper uses the introduction of deep learning models as a dividing line. It first introduces human hand pose
estimation based on traditional vision schemes (Section 2), and then details the development and latest progress of
human hand pose estimation based on deep learning schemes, classified according to the medium of information
transmission (Sections 3), followed by collecting widely used datasets in hand pose estimation (Section 4), and finally
summarize the main challenges and development prospects of hand pose estimation technology (Section 5), aiming to
provide ideas and inspiration for researchers in this direction. The detailed orgnization is shown in Figure 1. The main
contributions of this paper are as follows:

1) Classify and summarize hand pose estimation methods from 2017 to 2024 according to single-view/multi-view, and
depth estimation/deep learning.

2) Organize the mainstream datasets and performance evaluation standards of hand pose estimation methods and
compare and discuss the advantages and disadvantages of various standards according to the timeline.

3) Discuss the key challenges currently faced by hand pose estimation and point out possible future research directions.
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Figure 1. Classification of Hand Pose Estimation (HPE) Methods

2. TRADITIONAL VISION METHOD

Twenty years ago, in human-computer interaction applications, computer vision solutions for obtaining hand poses were
more convenient and rapid compared to contact sensors. However, when dealing with high-dimensional hand motion
data, traditional vision solutions have certain limitations. It is difficult to balance real-time performance and robustness
under limited hardware conditions, and the image conditions are demanding (such as clean backgrounds, static
movements, and reduced occlusions). Therefore, traditional vision solutions could only perform limited human-computer
interactions. This section, starting from the perspective of performance and based on the types of mainstream methods,
categorizes the traditional vision-based approaches for human hand pose estimation into partial pose estimation and
tracking-based limited complete pose estimation.

2.1 Partial Pose Estimation

The development of virtual reality VR and augmented reality AR applications is often accompanied by limited resource
allocation and real-time requirements. Based on limited computing power, it is necessary to process the high-
dimensional problem of hand movement in real time. However, not all application scenarios need to obtain all the
information of the hand. In some scenarios (such as when the finger points in a direction), it is only necessary to obtain a
rough model of the hand to judge information such as the position of the fingertip, the direction of the finger, or the palm.
As shown in Figure 2, only the partial contour of the hand is detected to determine the meaning of the gesture. It can be
further divided into hand positioning and gesture classification tasks.

Figure 2. Detecting the meaning of hand pose in a static background®
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In the hand positioning task, people usually rely on graphics solutions, such as skin color segmentation using lookup
tables®’8, static background cropping®, and particle filtering®. These methods generally have strict environmental
requirements, such as images with pure color backgrounds, uniform lighting, and single main hands that are easy to
segment, or using infrared cameras to crop hand shadows according to body temperature. Another category is object
detection methods based on classification, but classifiers are difficult to quickly traverse the entire list of assumptions, so
the main work of scholars is concentrated on how to quickly reduce the number of incorrect assumptions®L, thereby
reducing the load of training classifiers.

In the gesture classification task, the position of the hand, the position of the fingertip, and the direction of the finger are
the main features. Generally, the position of the hand is determined through the hand silhouette, and the center of gravity
or the nearest point farthest from the hand contour!?is regarded as the position of the hand. The position of the fingertip
is processed using circular mask-related technologies!>!3, and the connection between the finger and the palm is
determined according to the local maximum curvature of the contour boundary™3®. On the basis of determining the
position of the hand and the fingertip, the direction of the finger can be determined by calculating the main axis of the
contour®*, It should be noted that the hand classification task depends on the high-quality hand contour, so it is difficult
to ensure the accuracy of the hand classification results in complex image backgrounds.

2.2 Complete Pose Estimation

For hand pose estimation facing full degrees of freedom, model-based tracking methods are generally adopted: in the
first frame of the image sequence, search for the template with the smallest matching error in the template library,
thereby obtaining a set of parameters closest to the true value. Subsequently, in each frame of the image sequence, the
model is calibrated on the basis of the previous frame to minimize the matching error. The matching error is defined as
the similarity measurement between model feature groups, and the template library is mainly generated by 3D model
projection. During the analysis process, model parameters can be calibrated for feature subsets or specific areas.
Complete pose estimation is divided into two main directions based on the model-based tracking architecture. One is to
adopt local search, only tracking the best estimation value of each frame. This type of method is difficult to maintain
good performance in long-time sequences because the appearance of local minima and frame discontinuities>!® in long-
time sequences is inevitable. The other is to adopt multiple hypothesis tracking®’, retaining multiple pose estimation
results for each frame. There are alternative solutions to compensate when the best estimation value is not ideal.

The reliability of model-based tracking methods depends on the temporal correlation of the input image sequence. The
estimation result of the current frame is determined by the result of the previous frame. When a certain frame is
disconnected (such as self-occlusion or rapid movement), the quality of subsequent estimates will be difficult to
guarantee. In this regard, it is possible to try to estimate the hand pose of only a single frame, which is similar to the
hand positioning task in Section 2.1.

3. DEEP LEARNING METHOD
3.1 Hand Pose Estimation of RGB Images

As the most common and easily accessible visual data, RGB images have attracted widespread attention in the field of
hand pose estimation. However, due to the relatively sparse information in RGB images, hand pose estimation based on
RGB images faces significant challenges. This section categorizes RGB image inputs into three types according to the
scenario: single-view, multi-view, and consecutive frames. Single-view methods are designed for single RGB images
and are suitable for pose estimation of data that are easy to obtain, such as outdoor images and images captured by
handheld cameras. Multi-view methods integrate information from multiple perspectives at the same time frame in space,
mainly used in experimental settings for precise 3D pose capture and recording. Compared with the first two types,
methods based on consecutive frames rely on the temporal correlation between frames in motion videos for inference
and pose prediction. In addition to the traditional task of 3D spatial position estimation, some methods also demonstrate
the ability for model reconstruction (as shown in Figure 3).

3.1.1 Single-View Method

Hand pose estimation and reconstruction methods based on a single RGB image are commonly used in deep learning-
based hand pose estimation. Compared with other methods, this method has lower hardware requirements and fewer
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restrictions on the implementation scene and has received extensive research and rapid development in the past.
However, despite the great success achieved in recent years, estimating and reconstructing hand poses from a single
view is still a challenging task due to severe self-occlusion, depth blur, and scarce annotation data.

Ge et al.®® proposed a method based on Graph CNN®® without relying on parametric hand models. This method predicts
the 3D coordinates of 1280 hand mesh vertices from a monocular RGB image, simultaneously estimating the spatial
positions of hand joints and reconstructing the hand mesh. This approach compensates for the lack of hand shape
information reconstruction in previous methods. By creating a large-scale synthetic dataset for fully supervised training
and performing weakly supervised fine-tuning on real-world datasets, the method can accurately estimate hand pose and
shape without 3D ground truth data.

To break through the bottleneck of 3D hand pose estimation's heavy reliance on annotated data, some works have
explored in the direction of self-supervision. Spurr et al.% inspired by the successful application of contrastive learning
in image classification tasks, proposed a new self-supervised 3D hand pose estimation method called PeCLR, which
estimates hand pose from monocular RGB images using Equivariant Contrastive Learning. The PeCLR method
encourages the learned feature representations to remain invariant under appearance transformations and equivariant
under geometric transformations through a contrastive learning objective function, enabling the model to effectively
learn feature representations from a large amount of unlabeled data.

RGB image 2D pose 3D pose Projected mask Hand mesh Other view
TR AT < 3 3

Figure 3. Hand pose estimation and mesh recovery from single-view RGB image?!

Zhang et al.? introduced an end-to-end hand mesh recovery framework (HAMR) that achieves richer mesh
representations through the parametric MANO model?2. Specifically, the hand mesh calculates 3D joint positions
through linear interpolation and obtains 2D joint positions through the projection of 2D joints. Additionally, a
differentiable reprojection loss is defined based on the difference between the defined representation and the ground
truth labels, enabling end-to-end training of the framework.

Although the aforementioned methods can provide relatively accurate hand estimates, they perform poorly in complex
scenes, especially under strong interactions and occlusions, often leading to optimization failures or local optimal
solutions, thereby affecting the accuracy and stability of the estimates.

Reducing annotation information and lowering the difficulty of data acquisition has always been an important and
challenging direction in 3D hand pose estimation. Kulon et al.Z proposed a weakly supervised mesh convolution method
for estimating 3D hand poses from monocular RGB images. This method collects a large-scale hand motion YouTube
video dataset and uses these data as weak supervision signals. Specifically, OpenPose is first used to detect 2D keypoints,
and then the MANO model is iteratively fitted to generate 3D hand meshes. In this way, the method not only improves
the model's generalization ability but also significantly outperforms existing methods in public benchmark tests.

The work of Potamias et al.?* represents the current state-of-the-art (SOTA). The paper proposes an end-to-end method
for wild 3D hand localization and reconstruction called WiLoR. The framework consists of two parts: real-time fully
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convolutional hand localization and a high-fidelity 3D hand reconstruction model based on Transformer. By introducing
a large-scale wild hand image dataset WHIM, a lightweight and high-precision hand detection model is trained, which
can robustly detect hands at a speed of over 110 FPS under various occlusions and lighting conditions. WiLoR first
localizes and defines the orientation of the detected hand and then uses a Transformer-based hand pose estimation
module to elevate it to 3D. To assist high-fidelity reconstruction and promote image alignment, a refinement module is
introduced to extract local features to correct misaligned poses. WiLoR achieves the most advanced performance on
different benchmark datasets and improves the temporal coherence of image-based 3D hand pose estimation methods.

3.1.2 Multi-view Method

Multi-view methods enhance the accuracy of pose estimation by integrating images from multiple perspectives,
overcoming issues such as viewpoint limitations and depth ambiguity present in single-view scenarios. The following
sections introduce several representative methods:

Zheng et al.? introduced the HaMuCo framework, a significant advancement in the field of multi-view 3D hand pose
estimation. This framework employs self-supervised learning to train a monocular hand pose estimator from pseudo 2D
labels derived from multi-view images. The core of HaMuCo is the introduction of a cross-view interaction network,
which leverages cross-view correlated features and enforces multi-view consistency to facilitate collaborative learning.
This approach addresses the issues of noisy labels and "groupthink™ effects inherent in self-supervised learning.
HaMuCo not only achieves state-of-the-art performance in multi-view self-supervised hand pose estimation but also
demonstrates superior performance when applied to multi-view input hand pose estimation compared to previous
methods.

However, HaMuCo faces certain limitations when dealing with more challenging scenarios such as hand-object
interactions or relaxed synchronization constraints for multi-view inputs. Liu et al.?® proposed a novel solution called
S2DHand, which adapts pre-trained monocular estimators to a bi-view setup without the need for multi-view annotations
or camera parameters. Unlike HaMuCo, S2DHand does not require expensive multi-view annotations and can handle
arbitrary bi-view pairs with unknown camera parameters, making the model adaptable to a diverse range of camera
settings. S2DHand is based on stereo constraints, including view consensus and transformation invariance, and generates
pseudo labels in a complementary manner to achieve reliable adaptation.

3.1.3 Video-Based Method

Video-based 3D hand pose estimation involves estimating the 3D joint positions and poses of the hand from consecutive
video frames. Compared to pose estimation from single images, video data provides rich spatiotemporal information that
can effectively address issues such as self-occlusion and depth uncertainty present in single frames, thereby enhancing
the accuracy and robustness of pose estimation.

Cai et al.?” proposed a method based on graph convolutional networks!® that combines spatial dependencies and
temporal consistency to improve the accuracy of 3D pose estimation. This method effectively embeds spatial and
temporal relationships into the framework for learning. The paper explicitly incorporates domain knowledge of human
hand configurations into graph convolution operations and designs a local-to-global network architecture capable of
learning multi-scale feature representations.

To handle large-scale unlabeled data, Liu et al.?® introduced a semi-supervised learning framework that uses Transformer
for explicit contextual reasoning. This approach transcends the limited 3D annotations within individual images by
leveraging spatiotemporal consistency in large-scale hand-object videos as a constraint to generate pseudo labels for
semi-supervised learning. The authors first train an initial model and then deploy it on a large-scale video dataset to
collect pseudo labels. In this way, the method not only improves the performance of hand pose estimation on challenging
real-world datasets but also significantly enhances the accuracy of object pose estimation, especially when there are
fewer ground truth values per instance.

Wen et al.?° proposed a hierarchical framework based on Transformer for simultaneously addressing 3D hand pose
estimation and action recognition tasks from first-person RGB videos. The framework consists of two cascaded
Transformer encoders, with the first encoder utilizing short-term temporal cues for hand pose estimation and the second
encoder leveraging long-term temporal cues for action recognition. This design fully exploits the different temporal
granularities of the tasks, thereby improving the performance of the model.
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3.2 Hand Pose Estimation of Depth Information

Compared to 2D RGB images, depth maps, point clouds, and voxels possess higher-dimensional information, which
results in smaller errors during the 3D reconstruction process in hand pose estimation (for example, it is difficult to
determine whether a hand is interacting with other objects without depth information). Among these three types of
information media, depth images have the lowest acquisition cost, but they can be either single-view or multi-view; point
clouds can be understood as 3D pixels, which are the smallest units of spatial partitioning; point clouds are captured by
3D scanners, and each point contains data such as 3D coordinates, color, and reflectance.

This section will introduce the overview of hand pose estimation methods based on depth information using several
representative works as examples. Additionally, since the datasets used for hand pose estimation based on depth
information are relatively uniform, Table 1 compares the performance of various methods on four datasets (NYUZ°,

ICVL3! and MSRA®).

Ge et al.* based their work on point cloud data to regress the 3D coordinates of hand joints. By normalizing the point
cloud data, they obtained the global orientation of the hand. On the basis of the originally estimated fingertip coordinates,
they refined the coordinates using the PointNet network®*, taking the neighboring points of the fingertip coordinates as
input to obtain more accurate fingertip coordinates.

Moon et al.* proposed a voxel-to-voxel network that uses a Transformer-based encoder-decoder model to directly
predict the 3D positions of hand joints. They employed a two-stage reasoning method to achieve smooth context
translation and introduced a new loss term to improve the accuracy of training and inference.

Xiong et al.* introduced the Anchor-to-Joint regression network (A2J) for 3D hand and body pose estimation from
depth images. As shown in Figure 3, A2J captures global-local spatial context information by setting dense anchors on
the depth image and predicts joint positions in an integrated manner to enhance generalization ability. Through
background segmentation, hand localization, voxelization of depth images, and data augmentation, the training and
computational requirements were significantly reduced.

Index tip

bt
Depth image
Anchor point @ Informative anchor point
Predicted offset Ground-truth joint

Figure 4. Xiong et al.®® set dense anchors on the hand mesh.

Huang et al.®” combined the advantages of detection-based and regression-based methods, estimating hand joint
coordinates through discrete integration of all pixels' dense representations guided by an adaptive weight map. This
method achieves fast and robust 3D hand pose estimation from a single depth image and has achieved state-of-the-art
performance on multiple datasets, with advantages in practical applications.

Ren et al.*® proposed a strongly self-supervised framework for 3D hand pose and mesh estimation based on depth images.
The network aggregate’s multi-view information, encoding diverse semantic information from each view into multiple
compact nodes and modeling dependencies between different views. Additionally, they introduced a pseudo multi-view
training strategy that can extend the framework to more general scenarios using only single-view training data.

Cheng et al.* proposed an effective virtual view selection and fusion framework to improve the accuracy and robustness
of 3D hand pose estimation from a single depth image. Through virtual multi-view rendering and 3D pose fusion of each
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view, accuracy is enhanced. Moreover, a confidence network built using multi-head attention mechanisms is used to
improve the accuracy of 3D reconstruction during fusion and view selection. To efficiently obtain confidence in each
view, Cheng also proposed a lightweight confidence network obtained through network distillation.

Table 1. Comparison of hand pose estimation algorithms based on depth information across three datasets, using average

error as the metric.

Methods Year NYU# ICVL™ MSRA%
HandPointNet®? 2018 10.5 6.935 8.5
\YZAVAS 2018 8.42 6.28 7.49
A2J36 2019 8.61 6.46 -
AWR® 2020 7.37 5.98 7.2
MMV 2022 12.91 14.44 12.97-
(self-supervised)
VVS® 2022 6.4 4.79 -

4. DATASETS

This section will introduce 17 influential datasets in the field of human hand pose estimation, including data from
various dimensions such as multi-view, depth cameras, interactions between two hands, interactions between hands and
objects, and challenging environments. The publication dates, data types, frame counts, and relevant link information for
each dataset are presented in Table 2.

4.1 InterHand2.6M

InterHand2.6M* is a large-scale dataset containing approximately 2.6 million annotated single-hand and two-hand
interaction frames from multiple subjects in various poses. Due to its high-quality captured images and accurate 3D
interaction annotations, the InterHand2.6M dataset is widely used in hand pose estimation.

4.2 ICVL

The Imperial College Vision Lab (ICVL)% dataset is one of the oldest in the field of hand pose estimation, comprising
180,000 annotated hand depth image frames with 10 subjects performing 26 different poses. The annotations use a hand
model with 16 joints.

4.3 3D Hand Pose

3D Hand Pose* is a multi-view RGB image dataset for hand poses, where each image is annotated with hand bounding
boxes, 2D and 3D joint positions. The dataset contains 20,500 frames distributed across 21 sequences, with each frame
including four RGB images from different viewpoints and nine different annotations.

4.4 NYU Hand

The New York University“® hand dataset includes 8,252 test sets with a total of 72,757 RGB-D images and ground truth
annotations. The annotations are derived from three different views of the Kinect RGB-D images and synthetic models
of hand poses from different views.

45 ARCTIC

Articulated Objects in Free-form Hand Interaction®*® dataset contains 2.1 million video frames, with each frame
corresponding to precise 3D hand and object mesh model information.
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4.6 First-Person Hand Action Benchmark

Garcia-Hernando et al.** provides a first-person RGB-D dynamic hand action dataset, consisting of over 100,000 frames
of 45 common hand actions and 26 different hand objects. Garcia-Hernando used six magnetic sensors to capture real
movements and combined inverse kinematics algorithms to infer the 3D positions of 21 joints in the hand model, while
also recording 6D object poses.

4.7 MSRA Hands

Microsoft Research Asia Hands®? is a hand tracking dataset constructed by the Intel Creative Interactive Hand Camera,
capturing the right hands of six subjects. Each subject performs various actions in a sequence of 400 frames, with
annotations for the 3D positions of 21 hand joints.

4.8 EgoDexter

EgoDexter® includes 3,190 video sequences and corresponding 2D and 3D pose annotations from four test sequences.
The videos were recorded from an egocentric perspective using an RGB-D onboard camera, with factors such as
cluttered backgrounds, rapid camera movements, and object interactions. The annotations include 3D position
information for 21 keypoints.

4,9 ContactArt

ContactArt* hand-object interaction dataset provides a more convenient system, allowing operators to record motion
data using smartphones. The dataset records over 550,000 RGB images, with annotations including hand poses, hand
bounding boxes, multi-view images, and hand-object interaction labels.

4.10BigHand2.2M

BigHand2.2M* dataset contains 2.2 million depth images. Yuan et al. installed six magnetic sensors on the hand (one on
each finger and one on the back of the hand) to capture precise 6D information, and then used inverse kinematics to
reconstruct a human hand model with 31 degrees of freedom.

4.11DexYCB

The hand grasping dataset DexYCB#*" was recorded by eight RealSense cameras from eight viewpoints, capturing depth
images of ten subjects interacting with 20 objects. The dataset includes over 1,000 sequences and 580,000 frames.

4.12HOI4D

Human-Object Interaction®® dataset contains 2.4 million frames of egocentric RGB-D video data, with over 4,000
sequences recorded by four subjects interacting with 800 different object instances from 610 different indoor rooms
across 16 categories. It also provides full-view segmentation, motion segmentation, 3D hand poses, category-level object
poses, and hand action frame annotations, as well as reconstructed object meshes and scene point clouds.

4.13HO-3D

Hand and Object Poses* is an unlabelled RGB hand-object interaction image dataset with 3D annotations for hands and
objects. It contains 68 sequences with a total of 77,558 frames (66,034 training set and 11,524 test set), involving 10
people and 10 categories of objects.

Table 2. Statistical information of the thirteen datasets

Dataset Release | Data Type | Frames Link
Date
InterHand2.6M*! | 2020 RGB 2.6M https://mks0601.github.io/InterHand2.6M/
ICVL™ 2014 Depth 18K https://labicvl.github.io/Datasets_Code.html
3D Hand Pose*? | 2019 RGB 20K https://www.rovit.ua.es/dataset/mhpdataset/
NYU# 2014 Depth 243K https://jonathantompson.github.io/
NYU_Hand_Pose_Dataset.htm
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ARCTIC* 2023 RGB 2.1M https://arctic.is.tue.mpg.de/

First-Person 2018 RGB 100K https://kcvl-kaist.github.io/FPHA/

Hand Action*

MSRA? 2015 Depth 76K https://jimmysuen.github.io/

EgoDexter® 2017 RGB+Depth | 3K https://handtracker.mpi-
inf.mpg.de/projects/OccludedHands/EgoDexter.htm

ContactArt® 2024 RGB 550K https://zehaozhu.github.io/ContactArt/

BigHand2.2M% | 2017 Depth 2.2M https://kcvl-kaist.github.io/bighand2.2M/

DexYCB* 2021 Depth 580K https://dex-ycb.github.io/

HOI4D% 2022 RGB+Depth | 2.4M https://hoi4d.github.io/

HO-3D* 2020 RGB 76K https://www.tugraz.at/index.php?id=40231

5. CONCLUSION

The advent of deep learning has revolutionized the approach to hand pose estimation, enabling more accurate and robust
methods that can handle complex scenarios such as occlusions, varying lighting conditions, and dynamic backgrounds.
The development of large-scale datasets has further fueled progress by providing the necessary data for training in
sophisticated models. These datasets, combined with advances in multi-view and depth-based techniques, have led to
significant improvements in the accuracy and generalization of hand pose estimation algorithms.

Despite these advancements, several challenges remain. Handling occlusions, ensuring real-time performance, and
enhancing the generalization capabilities of models to new environments and unseen data are areas that require further
research. Additionally, the estimation of poses for multiple interacting hands and the integration of cross-modal data
present opportunities for future work.

As we look ahead, the continued development of more efficient and accurate hand pose estimation methods will play a
crucial role in the advancement of human-computer interaction, virtual and augmented reality, and robotics. By
addressing the current challenges and leveraging the potential of emerging technologies, researchers can pave the way
for more natural, intuitive, and immersive interactive experiences. The future of hand pose estimation holds great
promise, and we anticipate that ongoing research will lead to breakthroughs that will further bridge the gap between
human and machine interactions.
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