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3D hand pose estimation can provide basic information about gestures, which has an important significance in the fields of
Human-Machine Interaction (HMI) and Virtual Reality (VR). In recent years, 3D hand pose estimation from a single depth image
has made great research achievements due to the development of depth cameras. However, 3D hand pose estimation from a single
RGB image is still a highly challenging problem. In this work, we propose a novel four-stage cascaded hierarchical CNN
(4CHNet), which leverages hierarchical network to decompose hand pose estimation into finger pose estimation and palm pose
estimation, extracts separately finger features and palm features, and finally fuses them to estimate 3D hand pose. Compared with
direct estimation methods, the hand feature information extracted by the hierarchical network is more representative. Fur-
thermore, concatenating various stages of the network for end-to-end training can make each stage mutually beneficial and
progress. .e experimental results on two public datasets demonstrate that our 4CHNet can significantly improve the accuracy of
3D hand pose estimation from a single RGB image.

1. Introduction

.e hand is the most active organ for humans..erefore, the
gesture is one of the main expressions of human beings,
which accounts for the largest proportion of all human
posture. With the rapid development of computer vision
technology, 3D hand pose estimation is gradually applied to
the fields of Human-Machine Interaction (HMI), Virtual
Reality (VR), and Augmented Reality (AR) [1–3], which
makes vision-based 3D hand pose estimation become an
active research area [4], and has achieved great progress after
years of research [5–13]. However, this research is still very
challenging due to the diversity of gestures, the significant
flexibility of finger joints, the high similarity between fingers
and severe self-occlusion. In recent years, research on 3D
hand pose estimation based on depth images is progressing
rapidly with the development of the depth cameras [14–16].

Firstly, the depth information from the depth image is
beneficial for 3D hand pose estimation. Secondly, the
emergence of cheap depth cameras significantly reduces the
difficulty of obtaining depth data, which greatly reduces the
production cost of depth data. As a result, 3D hand pose
estimation based on depth images has achieved a great many
of results [17–21] during this period. Compared with depth
images, RGB images lack depth information, which makes it
difficult to estimate 3D hand pose directly from 2D RGB
images. .erefore, the result of current 3D hand pose es-
timation based on RGB images is not ideal enough. But 3D
hand pose estimation based on RGB images is more realistic
because the application based on RGB images is more
widespread and the number of users using RGB images is
larger. In this paper, we present a four-stage cascaded hi-
erarchical CNN (4CHNet) for RGB-based 3D hand pose
estimation. We cascade four stages of the network for end-
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to-end training. .e four stages include hand mask esti-
mation stage, 2D hand pose estimation stage, hierarchical
estimation stage, and 3D hand pose estimation stage.
According to the back-propagation mechanism of the neural
network, the mutual promotion and common progress can
be achieved by each stage. .e hierarchical estimation stage
processes hand feature extracted hierarchically to extract
more effective, deeper, and more representative feature
information and finally fuses the feature information of all
layers to estimate the 3D hand pose to improve the esti-
mation accuracy of the 3D gesture. Our contributions can be
summarized as follows:

(1) We propose a 4CHNet for RGB-based 3D hand pose
estimation in which hand pose estimation is divided
into two subtasks by using hierarchical thinking,
namely, finger pose estimation and palm pose esti-
mation. More representative finger features and pam
features are extracted, respectively, and finally fused
to estimate the 3D hand pose, which can improve
estimation accuracy of 3D gestures.

(2) Four-stage cascaded training, which cascades four
stages including handmask estimation stage, 2D hand
pose estimation stage, hierarchical estimation stage,
and 3D hand pose estimation stage for end-to-end
training, is proposed. According to the back-propa-
gation mechanism, each stage is mutually beneficial
and progressive together in the training process to
achieve the global optimization and refine the models.

(3) Based on the hierarchical network, 2D finger heat-
maps and 2D palm heatmaps are estimated. .ese
two constraints enable the hierarchical network to
conduct feature stratification and further estimate
3D finger pose and 3D palm pose. .e network can
perform better in feature extraction and 3D hand
pose estimation by introducing four new constraints.

(4) We conduct experiments on two public datasets, and
the results show that our 4CHNet can achieve better 3D
hand pose estimation accuracy than previous works.

2. Related Work

Following recent trends in computer vision, methods for 3D
hand pose estimation from different input images can be
categorized into RGB-based estimation methods [22–30],
depth-based estimation methods [17–21], or RGB-D based
estimation methods [9, 31, 32]. Because depth information is
helpful for 3D estimation, most of previous works are based
on the depth image. However, it still has certain practical
application limitations. Currently, the research focus is
gradually shifting to the RGB-based 3D hand pose estimation.

2.1. Estimation Method Based on RGB Images. Estimating
3D hand pose directly from a single RGB image is far more
challenging due to the absence of depth information. Sub-
sequently, researchers have presented different estimation
methods. Zimmermann and Brox [23] firstly applied a deep
neural network to 3D hand pose estimation based on single

RGB images. .ey used three deep networks to cover im-
portant subtasks on the way to the 3D pose. .e three
networks are hand localization segmentation network, 2D
hand pose estimation network, and 3D hand pose estimation
network. Spurr et al. [33] extended VAE framework via
training several pairs of encoder and decoder to form a joint
cross-modal latent space representation and estimated 3D
hand pose of the input depth images and RGB images. Since
full 3D meshes of hand surface can determine the shape of
hands, it is of great help for 3D hand pose estimation. Using
3D meshes to estimate 3D hand pose has been extensively
studied recently. Ge et al. [28] added a 3D hand mesh es-
timation stage in which the Graph CNN [34] uses heatmaps
and hand features as input and estimates the full 3D mesh of
hand surface which is further used to regress the 3D gesture.
Boukhayma et al. [30] leveraged a deep convolution encoder
to estimate hand shape parameters and gesture parameters
and then fed these parameters to a pretrained hand mesh
model to estimate the mesh of hand surface and further
estimate 3D hand pose after obtaining hand shapes. Al-
though accurate hand mesh greatly improves the estimation
accuracy of 3D gesture, it is hard to generalize estimation
methods from handmeshes due to the difficulty of obtaining
the hand surface mesh labels. Our early work [35] proposed
a three-stage cascaded CNN mask-2d-3d, which cascaded
mask estimation stage, 2D hand pose estimation stage, and
3D hand pose estimation stage to estimate 3D hand pose.
Here we need to emphasize the difference between our
proposed method and the earlier work of mask-2d-3d.
Firstly, we add a hierarchical network to form a four-stage
cascaded network, which divides 21 key points into 15 key
points of finger layer and 6 key points of the palm layer to
extract deeper finger features and palm features and then
fuses them to estimate more accurate 3D gestures. Secondly,
we add 2D palm heatmaps, 2D finger heatmaps, 3D palm
poses, and 3D finger poses constraints to train the network
effectively. Here, we need to emphasize the differences be-
tween us and Zimmermann and Brox [23]; their method was
proposed earlier and also has some defects. .ey trained
their networks separately in each estimation stage, which
makes estimation effect of each stage reach the local opti-
mum rather than the global optimum. To overcome this
shortcoming, we use a 4CHNet, which affects mutually and
progresses together to achieve global optimization of 3D
hand pose estimation. .e second difference is that Zim-
mermann and Brox [23] only used two simple constraints:
2D hand heatmaps and 3D gestures. However, the two
constraints are really difficult to extract deeper features.
Differently, we address that the estimation accuracy would
be dramatically improved by adding 2D finger heatmaps, 2D
palm heatmaps, 3D finger poses, and 3D palm poses con-
straints via using a hierarchical network, while introducing
hand masks and employing hand masks and 2D heatmaps to
further guide feature extraction.

2.2. Estimation Method Based on Hierarchical 8inking.
Hierarchical network is spurred by the multitask sharing
mechanism. In machine learning, multitask sharing has the
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advantages of reserving more intrinsic information than
single-task learning [36]. .e hierarchical network divides
hand pose estimation task into several subtasks according to
the structure of hand, which extracts more intrinsic infor-
mation through multiple subtasks and finally shares infor-
mation to estimate 3D hand pose. Guo et al. [37] proposed a
region ensemble network, which simply divided the
extracted feature maps into four grid regions of 2 × 2, and
features of each region were fed into FC layers for the
ensemble. .e method can effectively improve performance
without extra heavy computational cost. Madadi et al. [38]
firstly divided the hand features into six layers, of which five
layers were used to model each finger, and the remaining
layer was used to model palm orientation features. .en, the
six layers were combined to estimate all joint positions. Zhou
et al. [39] divided five fingers into three layers according to
the sensitivity and function of fingers, where one layer was
correlated with thumb finger, one layer modeled the index
finger, and the final layer represented the remaining three
fingers. Finally, three layers were combined to estimate the
hand pose. Du et al. [40] divided the features of the hand into
two layers, that is, finger feature and palm feature, and used a
cross-connected network to refine the two-layer features and
finally fused them to estimate the hand pose. Our 4CHNet is
the closest to Du et al. [40]. Here, we also need to emphasize
the difference. Firstly, our method is based on 3D hand pose
estimation of RGB images. However, the method proposed
by Du et al. [40] is based on depth images. Secondly, we use a
4CHNet, exploiting the hand mask estimation, 2D hand
pose estimation, hierarchical estimation and 3D hand pose
estimation to estimate 3D gesture jointly, which is essentially
different from the network architecture of Du et al. [40].

3. Four-Stage Cascaded Hierarchical CNN

3.1. Overview. We propose a 4CHNet for estimating
3D hand pose from a single RGB image, as illustrated in
Figure 1. Firstly, we use a localization segmentation network
to localize and crop the hand of the RGB image for pre-
processing RGB images. .e cropped RGB image is used as
the input of 4CHNet to estimate hand masks, 2D hand
heatmaps, 2D finger heatmaps, 2D palm heatmaps, 3D finger
poses, and 3D palm poses and then to estimate the full 3D
hand poses through fusing 3D poses of fingers and palms.

3.2. Localization and Segmentation Network. .e localiza-
tion segmentation network is used to determine the location
of hand, and then the low-resolution hand is obtained and
enlarged, which is the basis for subsequent gesture esti-
mation. If there is no appropriate localization segmentation
network, the accurate 3D hand pose estimation will also lack
practical significance. We use a simplified version of Con-
volutional Pose Machines [41] as the localization segmen-
tation network and extract the spatial features of hand by
estimating two-channel handmasks. Furthermore, the loss is
calculated by hand mask labels to feedback the network to
achieve the goal of training a localization segmentation
network. .rough the estimated hand mask, we can locate

the hand in RGB image and then crop and resize the hand to
256 × 256 size.

3.3. 4CHNet. We intend to use the principle of the cascade
into our overall network, cascading four stages for end-to-
end training. .e four stages include hand mask estimation
stage, 2D hand pose estimation stage, hierarchical estimation
stage, and pose estimation stage, respectively. Furthermore,
four stages can benefit mutually and progress together,
thereby achieving global optimization and the goal of im-
proving the accuracy of 3D hand pose estimation.

3.3.1. Hand Mask Estimation Stage. In the hand mask es-
timation stage, we use a simplified version of VGG-19
network [42]. Both 128-channel image feature F1 and 2-
channel spatial feature, namely, hand mask M, are extracted
by convolution, and mask labels of dataset are used to train
the network. Hands can be better tracked through the spatial
feature, which is helpful for subsequent hand pose
estimation.

3.3.2. 2D Hand Pose Estimation Stage. 2D hand pose esti-
mation stage consists of five substages. In the first substage, it
takes 130-channel features S as input, which consisted of
128-channel image features F1 and 2-channel spatial fea-
tures M extracted from mask estimation stage and then
outputs 21-channel heatmaps. In the last four substages, 21-
channel hand heatmaps estimated from the previous stage
and 130-channel image feature S are connected to form 151-
channel feature which is taken as the input to estimate five
substages 2D hand heatmaps.We use the final substage hand
heatmaps as the final output and then use 2D labels of
datasets to train the network.

3.3.3. Hierarchical Estimation Stage. .e hierarchical esti-
mation stage is similar to the 2D hand pose estimation stage,
both of which estimate 2D heatmaps, but the hierarchical
estimation stage divides features of hands into two layers:
finger features and palm features. .e 21 key points of hands
are shown in Figure 2(a). We divide 6 key points into palm
key points and the remaining 15 key points into finger key
points. .e key points division demonstration of the real
dataset STB is shown in Figure 2(b). And the key points
division demonstration of the synthetic dataset RHD is
shown in Figure 2(c)..e left side of the demonstration is an
example of finger key points, and the right is an example of
palm key points.

.e hierarchical network estimates 2D finger heatmaps
and 2D palm heatmaps independently and helps to further
estimate 3D finger pose and 3D palm pose (see Figure 3).
.ere are three substages in each layer of this stage. Taking
the finger layer as an example, firstly, the first substage
connects 130-channel feature S and 21-channel hand
heatmaps outputted from the previous stage to form 151-
channel full hand feature F, which is as the input to estimate
15-channel finger heatmaps Ff1..en, the last two substages
connect the 15-channel finger heatmaps obtained from the
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previous stage with 151-channel full hand feature F as input.
Finally, a total of three substages finger heatmaps are esti-
mated, and the final substage estimated finger heatmaps Ff3

are as the output. .e principles employed for the finger
layer is the same as the palm layer. Here, we use 2D finger
and 2D palm labels of datasets to train the hierarchical
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Figure 1: Basic framework diagram of 4CHNet. .e cropped color images are used as the input of 4CHNet to, respectively, estimate masks
of hands and heatmaps of hand through the mask estimation stage and the 2D hand pose estimation stage, then to estimate the 2D heatmaps
of fingers and palms through the hierarchical estimation stage, and finally to estimate 3D hand poses, 3D finger poses, and 3D palm poses
through the 3D hand pose estimation stage, respectively.

(a) (b)

(c)

Figure 2:.e diagram and examples of hand key points division. (a) Skeleton graph of 21 key points of the hand, in which squares represent
key points of the palm and circles represent key points of fingers. (b) An example diagram of finger key points and palm key points from the
real dataset STB. (c) An example diagram of finger key points and palm key points from the synthetic dataset RHD.
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network. F represents full hand features, Ff represents
finger features, Fp represents palm features, C15 and C6
represent the convolutional neural network which is
employed to extract features of fingers and palms,
respectively:

Ff � C15(F),

Fp � C6(F).
(1)

3.3.4. 3D Hand Pose Estimation Stage. .e 3D hand pose
estimation stage takes 2D finger heatmaps and 2D palm
heatmaps outputs of the hierarchical network as inputs to
estimate 3D finger poses and 3D palm poses and fuses them
to estimate the 3D hand pose. We employ the method
proposed by Zimmermann and Brox [23] to represent the
3D pose. In order to estimate the relative normalized co-
ordinates xrel of key points, the first bone’s length of index
finger ‖xk+1 − xk‖ is selected as the standard length. xk+1 and
xk represent the two endpoints of the first bone of the index
finger and palm point xr as origin:

x
rel
i �

xi − xr

xk+1 − xk

����
����
. (2)

In order to facilitate the estimation of hands with dif-
ferent poses, the relative normalized coordinates xrel are
rotated by using a 3D rotation matrix R to obtain the ca-
nonical coordinates xc. .e gesture directions of these ca-
nonical coordinates are consistent, which is convenient for
3D hand pose estimation. We estimate the canonical co-
ordinates xc and 3D rotation matrix R to indirectly estimate
the relative normalized 3D coordinates xrel of the 21 key
points:

x
rel

� x
c

· R
T
. (3)

3.4. Design of Loss Function

3.4.1. Estimation Loss of Mask. .e mask estimation loss
lossmask uses standard softmax cross-entropy loss, where y

is its label, su is output score of the uth label in the mask
estimation stage, and the mask is a binary map, u ∈ 0, 1{ }:

loss of mask � −  log
esy

ueSu
 . (4)

3.4.2. Estimation Loss of Mask. A squared L2 loss is imposed
on the 2D heatmaps loss of 21 key points to calculate the
estimation loss of 2D hand pose loss 2d, where prej is es-
timated 2D hand heatmaps and gtj is its corresponding label,
and j represents the index of key point:

loss 2d � prej − gtj
�����

�����2
. (5)

3.4.3. Estimation Loss of Hierarchical. .e estimation loss of
hierarchical loss L is sum of the loss of 2D finger heatmaps
loss 2d finger and the loss of 2D palm heatmaps
loss 2d palm, which is calculated by using L2 loss, where
prej f and prej p are estimated 2D finger heatmaps and 2D
palm heatmaps respectively, and gtj f and gtj p are their
corresponding 2D key points label of finger and palm
separately, j f represents finger key points, and j p rep-
resents palm key points:

loss 2d finger � prej f − gtj f

�����

�����2
,

loss 2d palm � prej p − gtj p

�����

�����2
,

loss L � loss 2d finger + loss 2d palm.

(6)

3.4.4. Estimation Loss of 3D Hand Pose. .e estimation loss
of 3D hand pose loss 3d includes estimation loss of 3D finger
pose loss 3d f, 3D palm pose loss 3d p, and full hand pose
loss 3d h, which is computed by using the squared L2 loss for
canonical coordinate xc and 3D rotation matrix R, re-
spectively. .e estimation loss of 3D finger pose is

loss 3d f � x
c
pre f − x

c
gt f

�����

�����
2

2
+ Rpre f − Rgt f

�����

�����
2

2
. (7)

.e estimation loss of 3D palm pose is

loss 3d p � x
c
pre p − x

c
gt p

�����

�����
2

2
+ Rpre p − Rgt p

�����

�����
2

2
. (8)

.e estimation loss of full hand pose is
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Figure 3: Hierarchical network structure diagram. Finger features and palm features are extracted by the hierarchical network.
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loss 3d h � x
c
pre h − x

c
gt h

�����

�����
2

2
+ Rpre h − Rgt h

�����

�����
2

2
. (9)

.e sum of 3D estimated loss is

loss 3d � loss 3d f + loss 3d p + loss 3d h. (10)

.e total loss of 3D hand pose estimation is

loss � v
∗lossmask + loss 2d + Loss L + Loss 3d. (11)

Because the loss value of lossmask is large, we add a
weight ratio v to this item to reduce its loss value. It is found
that v � 0.05 can achieve a best result via a large number of
experiments.

4. Experiments

4.1. Datasets

4.1.1. OneHand10K. OneHand10K dataset [27] is one
single-handed RGB-based dataset, hereinafter, referred to as
OHK. Images in OHK are real images, including 10000
images for training, and the remaining 1703 images are used
for testing, which are captured under different backgrounds
and lighting conditions. Each RGB image has a corre-
sponding mask label and 2D labels for 21 key points. In this
work, we use hand mask labels of real dataset OHK to train
localization segmentation network for the purpose of en-
hancing adaptability of the network in a real world and then
employ localization segmentation network to localize the
hand of RGB image and crop and enlarge hand size to get
cropped RGB image for facilitating subsequent accurate 3D
hand pose estimation. Because image resolution of this
dataset is not uniform, we have adjusted and filled the OHK
data. .e size of unified OHK image is 320 × 320, and the
adjustment ratio is m, where w and h are original width and
height of the image. After the ratio is adjusted, we fill the
lower right corner of the RGB image with gray value
(128,128,128), zero-fill the lower right corner of the mask,
and finally output the RGB image with a resolution of 320 ×

320 and its corresponding mask:

m � min
320
w

,
320
h

 . (12)

4.1.2. RHD. Rendered Hand Pose Dataset (RHD) [23] is a
synthetic RGB image based hand dataset, which is composed
of 41258 images for training and 2728 images for testing with
a resolution of 320 × 320, and it is obtained by requiring 20
different human models randomly to perform 39 different
actions and randomly generate arbitrary backgrounds. .e
dataset is considerably challenging due to large variations in
viewpoints and hand proportion, as well as large visual
diversity induced by random noise and ambiguity of the
images. For each RGB image, it provides corresponding
depth image, mask label, 2D label, and 3D label of 21 key
points of the hand.We use themask labels, 2D labels, and 3D
labels to train the entire network. However, due to a certain
gap between the synthetic data and real data, it is difficult for
a network trained by synthetic data to adapt directly to the

real world, so it is necessary to use real data for adaptive
adjustment later.

4.1.3. STB. Stereo Hand Pose Tracking Benchmark (STB)
[43] is a real RGB image hand dataset containing two
subsets: the stereo subset STB-BB captured from the stereo
vision camera and the color-depth subset STB-SK captured
from the Intel active depth camera. Since no deep data is
used in our method, we only use the subset STB-BB. STB-BB
has a total of 36000 images which is divided into 12 pairs.
Following the same condition used in [23], we use 10 parts of
30000 images as training set and the remaining 2 parts of
6000 images as testing set. Each RGB image of this dataset
has 2D and 3D labels of 21 key points of the hand and
corresponding depth map, but we only use its 2D and 3D
labels. On the basis of RHD training using synthetic dataset,
we use real dataset STB to refine model and make the model
adapt to the real world.

4.2. Evaluation Metric. We evaluate our proposed 4CHNet
on two public datasets, RHD and STB, by using two eval-
uation metrics:

(1) Endpoint error (EPE), which includes the average
endpoint error (EPE mean) and median endpoint
error (EPE median)

(2) .e area under the curve (AUC) on the percent of
correct key points (PCK). Our evaluation fully
adopts the same metrics as [23]

4.3. Experimental Details. Our 4CHNet is implemented by
Tensorflow [44] on a single server with single GPU of Nvidia
RTX2080Ti for training and testing.

4.3.1. Localization Segmentation Network Training Details.
We use real dataset OHK with mask label to train the lo-
calization segmentation network. A batch size of 8 and an
initial learning rate of 1× 10−5 are employed for training
40K iterations. To prevent overfitting, we have set decay
ratio as 0.1. Learning rate is 1× 10−6 for the first 20K it-
erations and then decays every 10K iterations.

4.3.2. Training Details of 4CHNet

(1). Pretraining on Synthetic Dataset RHD. We adopt syn-
thetic dataset RHD to pretrain the 4CHNet and use mask
labels and 2D and 3D labels of dataset to supervise the
training. .e training batch size is 8 and an initial learning
rate is 5×10−5 for training 300K iterations, while the decay
ratio of learning rate is 0.3, which decays every 50K
iterations.

(2). Refinement on the Real Dataset. Based on the RHD
pretrained network, in order to adapt the model to the real
world, we use a real dataset STB to refine the model by using
its 2D and 3D label to train the network for training 250K
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iterations. .e remaining training parameters are consistent
with that of the pretraining stage.

4.4. Self-Comparison Experiment. Our early work [35] has
experimented on a three-stage cascaded network and
compared ablation experiments with other methods, which
has demonstrated the effectiveness of newly added mask
estimation stage and cascaded network. On this basis, we
propose a four-stage cascaded network and compare it with
the three-stage cascaded network to demonstrate the ef-
fectiveness of the newly added hierarchical network. In this
experiment, we also designed the other four network
training methods, where 2d means that 2D and 3D networks
are trained separately without a mask estimation stage, and
mask-2d means mask estimation and 2D hand pose esti-
mation are trained jointly, while 3D estimation stage is
trained alone; 2d-3d represents the cascaded training of 2D
and 3D estimation without mask estimation stage,mask-2d-
3d represents a three-stage cascaded network, and Ours is
4CHNet we have proposed. Previous work [35] has verified
the superiority of OHK for training segmentation networks,
so our experiment uses localization segmentation network
trained by OHK, fuses RHD and STB to train networks, and
keeps the parameters consistent. Figure 4 and Table 1 show
the experimental results. .e experimental results show that
the AUC of four-stage cascaded network denoted by Ours
reaches 0.720 and 0.822 within the error threshold of
0–30mm and 0–50mm, which is higher than 0.706 and
0.811 of three-stage cascaded network mask-2d-3d and far
higher than that of other network structures. .e average
endpoint error of our four-stage cascaded network is re-
duced to 8.878mm, which is reduced by 5.53% compared
with 9.398mm of three-stage cascaded network and the
median endpoint error of the two networks is similar. .is
self-comparison experiment verifies the superiority of
proposed 4CHNet over the three-stage cascaded network.
Because of newly added hierarchical network, 2D finger

heatmaps constraint, 2D palm heatmaps constraint, 3D
finger poses constraint, 3D palm poses constraint and four-
stage cascaded, and estimation accuracy of 3D key points
have greatly been improved.

4.5. Comparison with Other Methods. We compare our
4CHNet on two public datasets with most of state-of-the-art
methods [23, 35] on RHD and state-of-the-art methods
[23, 25, 33, 35, 43, 45] on STB and the comparison adopts the
same evaluated metrics in [23]. Particularly, we use a lo-
calization segmentation network to locate the hand in the
image instead of directly processing the original image;
therefore, in addition to the pose estimation error, a part of
our total error also comes from hand positioning. .e
methods involved in the comparison also need to add lo-
calizing errors if they also have a localization segmentation
network. .e comparison experiment results on the syn-
thetic dataset RHD are shown in Figure 5. .e results show
that the 4CHNet achieves an AUC of 0.770 within the error
threshold 20–50mm, which is significantly better than that
of the state-of-the-art method.

Figure 6 shows a comparison test on the STB dataset.
Ours and Ours (without OHK) both represent 4CHNet, and
both fuse the synthetic dataset RHD and the real dataset STB
for training, of which Ours uses OHK to train localization
segmentation network to achieve a more accurate hand
localization in a real world, while Ours (without OHK) uses
the localization segmentation network model of [23], which
only uses synthetic dataset RHD for training the localization
segmentation network. .e mask-2d-3d and mask-2d-3d
(without OHK) represent three-stage cascaded network; the
latter one uses a localization segmentation network model of
[23]. .e experimental results show that the AUC of Ours
reaches 0.988, which is a significant improvement over 0.948
in Zimmermann and Brox [23] and 0.977 in the three-stage
cascaded network. At the same time, it is also better than the
state-of-the-art result on STB dataset, which verifies the
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Figure 4: Self-comparison experiment.
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Table 1: .e error analysis of self-comparison experiment.

Network AUC (0–30mm) AUC (0–50mm) EPE mean (mm) EPE median (mm)
2d 0.646 0.768 11.653 9.619
2d-3d 0.654 0.777 11.134 9.773
mask-2d 0.658 0.777 11.189 9.298
mask-2d-3d 0.706 0.811 9.398 7.821
Ours 0.720 0.822 8.878 7.830

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1.0
PC

K
RHD dataset

20 25 30 35 40 45
Threshold in mm

50

Z&B (2017 ICCV) (AUC = 0.675)
Mask–2d–3d (AUC = 0.742)
Ours (AUC = 0.770)

Figure 5: Comparative experiment on synthetic dataset RHD.
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Figure 7: .e qualitative results on STB.
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superiority of 4CHNet. Furthermore, the AUC of 4CHNet
Ours (without OHK) also reaches 0.969, which is superior to
most existing methods; there is no doubt that it further
validates the superiority of four-stage cascaded network.

4.6. Display and Comparison of Estimated Results. In this
section, we make a qualitative analysis of the proposed
4CHNet by visualizing the hand pose estimation results and
comparing them with their corresponding labels. Figures 7
and 8 are the estimation results of 4CHNet on STB and
RHD, respectively. And their first, second, and third rows
represent full hand pose, finger pose, and palm pose esti-
mation, respectively. .e first and third columns represent
the estimation results, while the second and fourth columns

represent their corresponding labels. As shown in Figures 7
and 8, the full hand pose, finger pose, and palm pose esti-
mated by 4CHNet have obtained good results, which reflects
the effectiveness of the hierarchical estimation. Furthermore,
we present more results of the full hand pose estimation, as
shown in Figures 9 and 10, respectively, representing the
qualitative results on STB and RHD. .e first column
represents original RGB images, and the second and fourth
columns represent the full hand pose estimation of 2D and
3D, respectively; the third and fifth columns are their cor-
responding labels. As can be seen from Figure 9, our 2D and
3D estimated results of 4CHNet are basically consistent with
the labels on the real dataset STB. Only in a few gestures with
complex motions and severe occlusions, the estimation
results are slightly biased, which indicates that 4CHNet can
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Figure 9: Full-hand pose estimation results on STB.
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be well promoted in the real world. From Figure 10, we can
find that, on the synthetic dataset RHD, the estimated results
are close to the labels but still have a gap. .is is because
synthetic dataset RHD has a lot of noise and ambiguity, and
the proportion of hands is small, which results in highly
difficult estimation.

5. Conclusions

Based on the cascaded CNN and hierarchical CNN, we have
proposed a novel four-stage cascaded hierarchical CNN
(4CHNet) for estimating 3D hand pose of a single RGB
image. Four stages include mask estimation stage, 2D hand
pose estimation stage, hierarchical estimation stage, and 3D
hand pose estimation stage. .e four stages are cascaded for
end-to-end training to achieve mutually beneficial progress.
At the same time, the extracted hand features are divided
into the finger layer and palm layer in hierarchical esti-
mation stage to estimate corresponding finger pose and
palm pose respectively. Finally, we concatenate them to
estimate full 3D hand pose. .is hierarchical network le-
verages finger and palm constraints to extract deeper and
more representative feature information to improve accu-
racy of 3D hand pose estimation. In this work, we have

experimented on two public datasets and compared 4CHNet
with the state-of-art methods on two datasets. .e experi-
mental results verify the significant promotion and con-
spicuous advantages of our proposed method.
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iccv.2017.525 (https://arxiv.org/abs/1610.07214)..ese prior
studies and datasets are cited at relevant places within the
text as references.

Conflicts of Interest

.e authors declare that they have no conflicts of interest.

Acknowledgments

.is work was supported in part by the National Natural
Science Foundation of China under Grant nos. 61462038,
61562039, and 61502213, in part by the Science and Tech-
nology Planning Project of Jiangxi Provincial Department of
Education under Grant GJJ190217, and in part by the Open

3
2
1
0

–1
–2
–3

1.0
0.5

0.0
–0.5

–1.0
–1.5

–2.0
–2.5

–3.0

–3
–2

–1
0

1
2

3

3
2
1
0

–1
–2
–3

1.00.50.0
–0.5

–1.0
–1.5

–2.0
–2.5

–3.0

–3
–2

–1
0

1
2

3

3
2
1
0

–1
–2
–3

1.0
0.5

0.0
–0.5

–1.0
–1.5

–2.0
–2.5

–3.0

–3
–2

–1
0

1
2

3

3
2
1
0
–1
–2
–3

1.00.50.0
–0.5

–1.0
–1.5

–2.0
–2.5

–3.0

–3
–2

–1
0

1
2

3

3
2
1
0

–1
–2
–3

1.0
0.5

0.0
–0.5

–1.0
–1.5

–2.0
–2.5

–3.0

–3
–2

–1
0

1
2

3

3
2
1
0
–1
–2
–3

1.00.50.0
–0.5

–1.0
–1.5

–2.0
–2.5

–3.0

–3
–2

–1
0

1
2

3

3
2
1
0

–1
–2
–3
1.0

0.5
0.0

–0.5
–1.0

–1.5
–2.0

–2.5
–3.0

–3 –2
–1

0
1

2
3

3
2
1
0
–1
–2
–3

1.00.50.0
–0.5

–1.0
–1.5

–2.0
–2.5

–3.0

–3
–2

–1
0

1
2

3

Figure 10: Full-hand pose estimation results on RHD.

Mathematical Problems in Engineering 11

https://arxiv.org/abs/1610.07214


Project Program of the State Key Lab of CAD & CG of
Zhejiang University under Grant A2029.

References

[1] W. Hürst and C. Van Wezel, “Gesture-based interaction via
finger tracking for mobile augmented reality,” Multimedia
Tools and Applications, vol. 62, no. 1, pp. 233–258, 2013.

[2] J. Song, G. Sörös, F. Pece et al., “In-air gestures around un-
modified mobile devices,” in Proceedings of the 27th Annual
ACM Symposium on User Interface Software and Technology,
pp. 319–329, Honolulu, HI, USA, October 2014.

[3] Y. Jang, S.-T. Noh, H. J. Chang, T.-K. Kim, and W. Woo, “3d
finger cape: clicking action and position estimation under self-
occlusions in egocentric viewpoint,” IEEE Transactions on
Visualization and Computer Graphics, vol. 21, no. 4,
pp. 501–510, Apr. 2015.

[4] A. Erol, G. Bebis, M. Nicolescu, R. D. Boyle, and X. Twombly,
“Vision-based hand pose estimation: a review,” Computer
Vision and. Image Understanding, vol. 108, no. 1–2, pp. 52–73,
2007.

[5] B. Stenger, A. .ayananthan, P. H. S. Torr, and R. Cipolla,
“Model-based hand tracking using a hierarchical Bayesian
filter,” IEEE Transactions on Pattern Analysis and Machine
Intelligence, vol. 28, no. 9, pp. 1372–1384, 2006.

[6] D. Tang, H. J. Chang, A. Tejani, and T. Kim, “Latent regression
forest: structured estimation of 3d articulated hand posture,”
in Proceedings of the IEEE Conference on Computer Vision and
Pattern Recognition (CVPR), pp. 3786–3793, Columbus, OH,
USA, June 2014.

[7] J. Tompson, M. Stein, Y. Lecun, and K. Perlin, “Real-time
continuous pose recovery of human hands using convolu-
tional networks,” ACM Transactions on Graphics, vol. 33,
no. 5, pp. 1–10, 2014.

[8] X. Sun, Y. Wei, S. Liang, X. Tang, and J. Sun, “Cascaded hand
pose regression,” in Proceddings of the IEEE Conference on
Computer Vision and Pattern Recognit (CVPR), pp. 824–832,
Boston, MA, USA, June 2015.

[9] S. Sridhar, F. Mueller, M. Zollhöfer, D. Casas, A. Oulasvirta,
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