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Abstract. Vision-based 3D hand pose estimation plays an important
role in the field of human-computer interaction. In recent years, with the
development of convolutional neural networks (CNN), the field of 3D
hand pose estimation has made a great progress, but there is still a long
way to go before the problem is solved. Although recent studies based
on CNN networks have greatly improved the recognition accuracy, they
usually only pay attention on the regression ability of the network itself,
and ignore the structural information of the hands, thus leads to a low
accuracy in contrast. In this paper we proposed a new hand pose estima-
tion network, which can fully learn the structural information of hands
through an adaptive graph convolutional neural network. The experi-
ment on the public dataset shows the accuracy of our graph convolution
network exceeds the SOTA methods in 3D hand pose estimation.
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1 Introduction

In natural society, hand pose plays an important role when we communicate 
with each other. It is widely used in the field of AR/VR and human-computer 
interaction due to its rich expressive ability and comfortable and convenient 
expression [5,18,25]. With the popularity of depth cameras, depth-image-based 
hand pose estimation gains more attention and is one of the hottest topic in hand 
pose estimation [9,22]. Recently, with the development of convolutional neural 
networks, great progress has been made in this field, but it is still a changeling 
problem because of the large variations in hand orientations, high flexibility, and 
severe self-occlusion.

In previous researches, convolution neural network is usually used to regress 
the 3D coordinates of hand pose joints directly, thus the dependencies between 
the joints was ignored, which will result in low accuracy and deformed gestures.
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CNN has been proved successful in tackling grid-like structure data and RNN
in sequence data, but many tasks, e.g. social networks, molecular structures, can
only be represented in a form of graph-structure data. To overcome their limita-
tions, recently graph convolution neural networks were introduced to process the
graph-structure data due to its effective representations. In this paper we pro-
posed a GCN to regress the 3D co-ordinates of hand joints from a depth image
in an end-to-end way. Our main contributions can be summarized as follow:

– We proposed a Graph Convolution Network (GCN) for 3D hand pose esti-
mation, GHand, which can regress the 3D coordinates from a depth image in
an end-to-end way.

– For the first time we recommend an adaptive adjacent matrix to learn the
structural information of the hands, thus the dependencies between the dif-
ferent joints can be fully exploited.

– Through self-comparison experiment in public dataset, we show that the GCN
can significantly improve the accuracy of the network. We also compared our
approach with other state-of-the-art models and our approach has a better
performance.

2 Related Work

3D hand pose estimation is a hot topic in computer vision, because of its wide
use in many scenes. We refer to [3] for an overview of the previous works, and
they can be divided into two types of approach. One is based on RGB images
and another is based on depth image. With the popularity of depth cameras,
depth-image based methods gain more attention. In this paper, we focus on the
3D coordinates regression from a single depth image.

2.1 3D Hand Pose Estimation

Structure information of the hand has proven helpful when predicting the 3D
position of the hand joints [22]. In order to utilize the structural properties of
hands, many methods have been proposed [10,11]. The main ideas of them can
be divided into two types. One way is to treat the structure information as a prior
[14,16]. Calculate a prior through the PCA method and directly add it to the
convolutional neural network model. [23] designed some handcraft constraints
and put them into the loss function. Although these methods can improve the
recognition accuracy to a certain extent, handcraft prior of the structure infor-
mation will also damage the learning ability of the model and thus will reduce the
representation ability of the model. Another way is to design a branch network
which is similar with the hand structure. [24] designed a three-branch network,
where the three branches correspond to the thumb, index finger, and the three
other fingers, according to the differences in the functional importance of dif-
ferent fingers. These studies have demonstrated that handling different parts of
the hand via a multi-branch CNN can improve the accuracy of 3D hand pose
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estimation. However, not all dependencies between joints are taken into account.
To capture the better structure information of hands, we adopt a GCN to model
the hand structure in a learnable way.

2.2 Graph Convolution Method

Graph convolution networks allow learning high-level representations of the rela-
tionships between the nodes of graph-based data. [8] used graph convolutional
networks for skeleton-based action recognition. [4] designed an adaptive graph
convolution network to regress the 3D position of the gesture-object key-points
from an RGB image. In this paper we adopt an adaptive convolutional network
to model the structural information of hands, and regress the 3D coordinates of
the hand joints in an end-to-end way.

The model starts with 4 Residual Blocks as the backbone network to extract
the image feature vector and predict the initial 3D coordinates. The coordinates
concatenated with the image features vector used as the features of the input
graph of a 2-layered graph convolution to exploit the structure information of
hands to estimate the better 3D pose.

3 Methodology

3.1 Overall Network Architecture

Figure 1 illustrates the overall architecture of the proposed GCN-based 3D hand
pose estimation methods. The proposed network mainly consists of two parts: a
backbone convolution neural network to extract the features from an input depth
image; a joint regression Graph Convolution Network, which consists two graph
convolution layers, to regress the 3D coordinates of the hand pose joints. The
input depth image is firstly fed into backbone network for features extraction
and initial 3D coordinates regression of the hand pose joints. Then, the GCN
take the obtained features and the initial 3D coordinates from the backbone
network as an input graph and predict the final 3D coordinates of the hand pose
joints.

3.2 Backbone Network

The backbone network of the proposed 3D hand pose estimation method refers to
[21], as described in Table 1. Different with [21], our backbone network has only
four residual blocks to extract the feature maps from the input depth image. Each
of the residual blocks consists of two 3×3 convolutional layer and a 1×1 convo-
lutional layer instead of the identity skip connection when the output dimension
of the residual block is increased. Max-pooling layers for down-sampling are
appended after each residual block except for the last one block. Following the
last block, a global max pooling layer is used to convert the feature maps to
a 256D feature vector. Then a fully connection layer regresses the initial 3D
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coordinates of the hand pose joints. Inspired by the architecture of [12], we con-
catenate these features with the initial 3D predictions of each joint, yielding a
graph with 259 features (256 image features plus initial estimates of x, y and z)
for each node in sub-net GCN.

Fig. 1. The overall architecture of the proposed method for 3D hand pose estimation.

Table 1. Detailed architecture of the backbone network for feature vector extraction.

Layers Kernel size Channels Output size

Residual block 3 × 3 64 96 × 96

Max pooling 2 × 2 64 48 × 48

Residual block 3 × 3 64 48 × 48

Max pooling 2 × 2 64 24 × 24

Residual block 3 × 3 128 24 × 24

Max pooling 2 × 2 128 12 × 12

Residual block 3 × 3 256 12 × 12

Global average pooling – – 256

Fully connection – – 42

3.3 GCN Network

Our GCN network consist of two layers graph convolution, which is inspired by
[4]: the output features of a graph convolution layer for an input graph with N
nodes, k input features, and l output features for each node is computed as,

Y = σ( ˜AXW) (1)
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where σ is the activation function, W ∈ Rk×l is the trainable weights matrix,
X ∈ RN×k is the matrix of input features, and A ∈ RN×N is the row-normalized
adjacency matrix of the graph,

˜A = D̂− 1
2 ÂD̂− 1

2 (2)

where Â = A+ I and D̂ is the diagonal node degree matrix. Â simply defines
the extent to which each node uses other nodes’ features. So ÂX is the new
feature matrix in which each node’s features are the averaged features of the
node itself and its adjacent nodes.

In order to learn the structure info between each joint, inspired by [4], we
also use a learnable adjacency matrix (A) in our graph convolution layer. This
approach allows us to fully exploit the dependencies between different joints on
different fingers or on same finger.

3.4 Loss Function

Our loss function for training the model has two parts. The first part is the loss
for the initial 3D coordinates predicted by Backbone network (Linit3D). The
other is the loss that calculated from the final 3D coordinates (L3D),

L = αLinit3D + L3D (3)

4 Experiment Results

4.1 Dataset and Evaluate Metrics

We implemented our experiment on the popular public dataset: NYU dataset
[20], which was captured with three Microsoft Kinects and contains 72k training
and 8k testing images from three different views. The training set was collected
from one subject, while the testing set was collected from two subjects. To eval-
uate the performance of the different 3D hand pose estimation methods, we used
two metrics. The first metric is the average 3D distance error between the ground
truth and predicted 3D position for each joint. The second one is the percent-age
of succeeded frames whose errors for all joints are within a threshold which is
the same as [19].

4.2 Self-comparisons

To analyze the function of the GCN, we trained a network without the GCN. The
3D coordinates are directly regressed from the feature vector which extracted by
the backbone network from the input of a single depth image. As shown in Fig. 2,
the proposal GCN can significantly improve the performance of the network.
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Fig. 2. Self-comparison results. Left: 3D distance errors (mm) per hand joint. Right:
percentage of success frames over different error thresholds.

4.3 Comparison with State-of-the-Art Methods

We compared our proposed network on NYU datasets with the most recently
proposed methods, including DeepPrior [14], its improved version Deep Prior++
[16], Feed-back [15], REN-9 × 6 × 6 [7], Pose-REN [2], Generalized [17] and
DeepModel [23], as well as methods using 3D inputs, includes 3D CNN [6],
SHPR-Net [1]. As show in Table 2 and Fig. 3, our results outperform the results
of all the state-of-the-art methods no matter whose input is 2D depth map or
3D points cloud.

Fig. 3. Compare with other state-of-the-art methods.

Table 2. Comparison with state-of-the-art methods on NYU dataset.

Method Mean error(mm) Inputs

DeepPrior [14] 20.75 2D

Deep Prior++ [16] 12.23 2D

Feedback [15] 15.97 2D

REN − 9 × 6 × 6 [7] 12.69 2D

Pose-REN [2] 11.81 2D

Generalized [17] 10.89 2D

DeepModel [16] 17.03 2D

GHand (ours) 10.33 2D

3D CNN [6] 14.11 3D

SHPR-Net [1] 10.77 3D



7 P. Wang et al.

5 Conclusion

In this paper, we introduced a Graph Convolution Network for the 3D hand pose
estimation from a single depth image. We have experimentally shown that the
pro-posed approach outperforms the state-of-the art on the publicly available
dataset: NYU hand dataset.

Through experiments on the public dataset, it is shown that Graph Convo-
lution Network works effectively to exploit the structure information of hands
and can improve the accuracy of the prediction. For the future work, GCN based
classification can be integrated into this network for the classification of the ges-
tures, thus the whole framework can be used for the applications, such as driving
control, UAV control.
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