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A Deep-learning-based 3D Hand Pose Tracking
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Fan Yang

Abstract

Although the deep-learning-based hand pose estimation has been popular for
quite a while, most of the existing works solely focus on the pose estimation model,
while simply suppose the input, which is the depth image of the hand part, is
given or can be directly acquired by a depth threshold. In a realistic situation,
however, the complex foreground and background of the hand area may exist, and
aforementioned methods may not be applicable. Hence, the goal of this work is to
develop a deep-learning-based 3D hand pose tracking system, which can efficiently
and robustly detect the hand from the raw depth image before estimating the 3D
hand pose. It mainly includes three parts, as the hand detector, the hand verifier
and the pose estimator. The hand detector generates a mask to segment the hand
area from the raw depth image. If the hand verifier confirm the segmented hand
is correct, the pose estimator generates corresponding 3D hand pose using the
depth image covered by the mask. We evaluated our system on the tracking task
of Hands In the Million (HIM2017) challenge and placed second. In addition,
we also applied our modified tracking system on the object-interactive task of
Hands In the Million (HIM2017) challenge and placed first. We find that using
hand detector to segment hand from its interactive objects before performing pose
estimation can make better results than directly performing pose estimation.

Keywords:

3D hand pose estimation, depth video tracking
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1 Introduction

1.1 Research motivation
Hands are essential for human beings to interact with surrounding environment.
From the Human–computer interaction perspective, hand related applications,
such as visual impaired people assistant, robotics control and Virtual Environ-
ments or Augmented Reality systems, are growing rapidly. To make algorithms
that can recognize and respond to the hand command, using the 3D hand pose
is an efficient and accurate approach, as the 3D hand pose can well-represent
geometric information of the hand with less redundancy.
The techniques to acquire the 3D hand poses are broadly divided into two-

types: utilizing electro-mechanical or magnetic sensing gloves, and vision-based
methods. However, vision-based methods have become the dominant trend in ap-
plications as it does not need complex calibration and can be adapted to different
applications conveniently [2].
Within vision-based 3D hand pose estimation approaches, the deep-learning-

based hand pose estimation has been popular for quite a while. Nonetheless,
most of the existing works solely focus on the pose estimation model, while simply
suppose the input, which is the depth image of the hand part, is given or can be
directly acquired by a depth threshold. In this work, we try to focus on a more
realistic situation, where the hand part needs to be detected from the raw depth
image when the complex foreground and background exist. Furthermore, we also
treat the hand interactive objects as a kind of foreground or background. In such
manner, the hand detector could also be exploited.
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1.2 Research contribution
We introduce our 3D hand pose tracking system in this work, and hope some
insights can contribute to the active ongoing research. Our main research contri-
butions include:

• Proposed a hand detector based on the U-net structure, which directly uses
depth image as input and output the corresponding hand mask;

• Proposed a 3D hand tracking system, whose performance is at the second
place in hand pose tracking task of the Hands In the Million (HIM2017)
challenge;

• With the state-of-art result in the hand-object interactive pose estimation
task of the Hands In the Million (HIM2017) challenge, we suggest that,
before performing pose estimation, using hand detector to segment hand
from its interactive objects, can reach better performance than directly
performing pose estimation.

1.3 Thesis overview
There are five chapters in this thesis. Chapter 2 introduces related works. Chap-
ter 3 describes the detail of our 3D hand pose tracking system, including the
model architecture and the training processes. Chapter 4 demonstrates the eval-
uation performance of the tracking system. Chapter 5 describes how we adapted
the tracking system to the hand-object interactive pose estimation. In the end,
Chapter 6 summarizes this work and introduce the feature work.
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2 Related Works

Since our work contains two components, as the 3D hand pose estimator and the
hand detector, we make a simple review for both of their related works. Here,
we would like to appreciate X.H.Chen, who is organizing all kinds of hand pose
estimation works and sharing them on his github [3], which considerably helps
our literature review.

2.1 Related works of depth-based 3D hand pose
estimator

A 3D hand pose estimator is used for generating 3D hand joint position, by giving
the hand depth image.

2.1.1 Problems overview for 3D hand pose estimator

The main challenges of depth-image-based 3D hand pose estimation ( [2, 4–6])
could be summarized as:

• The highly flexible hand pose;

• The self-occlusion or interactive-object occlusion;

• Depth camera noise;

• The diversity of depth image for the same pose, due to the difference of
viewpoint. Hence, the training set could be computationally large but sta-
tistically small.
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Thus, it remains an open problem to improve the accuracy and efficiency of
estimate 3D hand pose estimation based on depth image. Our model design aims
to alleviates the side effects from above challenges.

2.1.2 Generative-model-based approaches

By modeling physical properties of the hand, a simulated 3D hand model can be
used to approximate the real hand. With this approach, to estimate the 3D hand
pose is to optimize an objective function which models the difference between
pre-defined hand model and observed depth image (see Fig.2.1).
In previous studies, optimization algorithms such as iterative closest point

(ICP) [7], particle swarm optimization (PSO) [8] and ICP-PSO [9] were used.
The main advantage of generative-model-based approach is to track 3D interact-
ing hands pose [10], which is not easy for machine-learning-based approaches.
Nonetheless, generative-model-based approaches also hold some drawbacks: the
quality of depth image remarkably affect its estimation performance and the ini-
tialization is slow.

Figure 2.1: A Generative-model-based hand tracking system.
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2.1.3 Machine-leaning-based approaches

As more and more research groups start to work on depth-based 3D hand pose
estimation, the number of available datasets are growing ( [11–16]). Meanwhile,
the size of dataset is also increased significantly, which promotes the development
of machine leaning based approaches.
In the earlier works, hand-crafted features and assemble models are utilized

to estimate 3D hand pose [17–19]. These methods generally can run fast even
on CPUs. Nevertheless, using CNN to automatically extract features from depth
image has reached better performance. Therefore, recently, it becomes popular to
use CNN as front layers to construct a deep-learning model. Many of such kind
of models are able to generate very accurate results [20–26]. A summarization of
for their structures could be demonstrated in Fig.2.2

Figure 2.2: The categories of deep-learning based 3D hand pose estimator.

The design of our 3D hand estimator follows the strategy from previous works [20,
21], its structure could be denoted as Fig.2.2 (d). It takes a 3D depth image as
input and outputs numerical 3D coordinates of all joints.
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2.2 Related works of hand detector
A hand detector is used for segmenting the hand out from the raw depth image,
its output is a binary hand mask.

2.2.1 Hand detectors using RGB image

Although segmenting the hand by RGB image [27,28], or RGB-D image [16] is the
main approach, we argue that a hand detector trained by RGB image is sensitive
to the texture and illumination. Besides, a heavy CNN network is needed to
extract features from the RGB image.

2.2.2 Hand detectors only using depth image

To address these problems, we consider that segmenting hand only using the
depth image is pertinent. In the simplest approach, this can be done by setting a
depth threshold to separate the hand from the background [23, 29], but it is not
suitable when other objects are in front of the hand. From a practical perspective,
we aim to detect hand area when the complex foreground and background exist.
Mainly inspired by the original Kinect body segmentation work [30], hand-

crafted features and random forest have been applied in hand detection [12].
Such kind of models can run very fast in testing, but has a large number of
parameters. To keep a minimum size of hand detector, we suggest to utilize a fully
convolutional network (FCN) [31]. The input is the depth image and the output is
a mask corresponding to the hand area. More specifically, within several kinds of
FCN structures, U-net [32] has a simple structure but outstanding performance.
For this reason, we proposed our hand detector base on U-net structure.
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2.3 Evaluation benchmark
It is natural to use the average error for all joints (or each joint) as the hand pose
evaluation metrics. In order to visualize the proportion of testing samples whose
error falls below a certain threshold, the success rate is also widely used [3].
Using precedent metrics, 3D hand pose estimation models were commonly

evaluated on three datasets: ICVL dataset [11], NYU dataset [12] and MSRA
dataset [13]. These three datasets has greatly promoted the machine-learning-
based 3D hand pose estimation development, however, at the same time, they
suffer problems of either have unrealistic synthetic hand depth image or high bias
in pose annotation, due to the difficulty of annotating 3D hand pose. In addi-
tion, hand pose estimation from the first-person view is important, but it is not
included in these datasets.
In 2017, the Hands In the Million (HIM2017) challenge [1] was launched to train

and evaluate the 3D hand pose estimation performance. In HIM2017 challenge,
samples from BigHand2.2M [15] and First-Person Hand Action dataset [14] are
used for making a large-scale benchmark (see Table.2.1).

Training Single frame test Tracking test Interaction test
No. of samples 957K 295K 294K 2965

Table 2.1: The description of the HIM2017 benchmark

As it is the largest hand depth image dataset, and comes up with accurate
3D pose annotation, many research groups who proposed aforementioned studies
start to evaluate their models on it. Moreover, it is the only platform that offers
depth-based 3D hand tracking evaluation, thus, we use it to evaluate our 3D hand
tracking system.
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3 A Deep-learning-based 3D
Hand Pose Tracking System

3.1 Overview of the proposed system
We developed a deep-learning-based 3D hand pose tracking system as Fig.3.1
shows. It mainly includes three parts, as the hand detector, the hand verifier and
the pose estimator. The hand detector generates a mask to segment the hand
area from the raw depth image, then the hand verifier will check whether the hand
is correctly segmented. If the hand is successfully segmented, the pose estimator
will generate corresponding 3D hand pose using the depth image covered by the
mask, while in the failure case, the 3D hand pose from the previous frame will be
used for the current frame. Other hand pose estimators can be easily integrated
into our system.
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3.2 Pose estimator

3.2.1 The architecture of pose estimator

Extending from previous studies ( [20,21]), we developed our hand pose estimator
(see Fig.3.3). The input is a 3D grid volume of size 50 × 50 × 50. Referenced
to the nearest point of the preprocessed hand area, thickened cloud points of the
hand are fitted into the grid volume. Here, thickened cloud points means we give
decreased values to unseen grids behind the 2.5D visible hand surface, with a
threshold of three grids (see Fig.3.2). It is actually a kind of simplified Truncated
Signed Distance Function (TSDF).

Figure 3.2: An illustration of proposed thickened cloud points.

Following the input, a hierarchical branch structure is used. It includes four
kinds of convolutional blocks (see detail in Fig.3.4), and the 3D convolutional
kennel is applied. Batch normalization and Rectified Linear units (ReLU) acti-
vation are associated with every layer, except for the final output layer, where no
activation function is applied.
During the training stage, there are six outputs involved. Five of them are with

respect to five fingers, and the final one presents the whole hand. All of the out-
puts are simple dense layers, corresponding to flattened 3D joint coordinates (see

10



Fig.3.5 and Table.3.1). Because the regression for each coordinate is independent
in our model, most of the regression loss functions are reasonable to be used. A
current study [24], however, points out that a modified smooth L1 loss [33] (see
Eq.3.1) can help hand pose estimation model to get better performance, as the
effect of outliers will be reduced. Our experiment agrees with this conclusion and
we adapt it to our model.

smoothL1 =

 0.5x2 if |x| < 1
|x| − 0.5 otherwise

(3.1)
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Figure 3.4: The architecture of each blocks.

Figure 3.5: The denotation of hand joints(Image Source: [1]).
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3.2.2 The training of pose estimator

In the HIM2017 challenge, there are totally 957,032 training samples, including
the depth image and the corresponding 3D hand pose.
Due to the variety of distance between hand and camera, the same hand could

be projected to different scale in the depth image. To remedy the scale variance, it
may need to increase model parameters and perform massive data augmentation.
Leveraging the depth information, nonetheless, could reduce the scale invariance
(see Fig.3.6).

Figure 3.6: Geometric relationship between the real hand and its projected depth
image

The focal length of depth camera is given, as f = 475 mm. Using the depth
of hand mass center, which is denoted by d, we can calculate a scale (see Eq.3.2)
to rescale the hand area, making 1 pixel to be identify to 1 mm in the resized
image. Despite a distortion caused by the depth difference of hand existing, for
the sake of simplicity, we ignore it, because the distortion should be within 2%.

Scale = Real hand size

Projected hand size
= d

f
(3.2)
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l = 30 / Scale (3.3)

where the Scale is from Eq.(3.2).
Referring to the 2D pose and adding a margin of 30 mm, which is rescaled

to be l (see Eq.(3.3)), we generated a rectangle to bound each depth image in
the training set. The hand area can be cropped by this rectangle. Afterwards,
we removed all cloud points which are in front of the minimum pose depth and
behind of the maximum pose depth, with a depth margin 30 mm. Through
previous processing, the size of hand area is very close to the real hand. As we
assume the real hand size within the bounding box is less than 250 mm, to unify
the input size, we transform the resized hand area to the center of a blank image
with the size 250 × 250.
Although the training set is computationally large, due to the high flexibility of

hand pose, it could be statistically small. To alleviate such a potential discrepancy
between the distribution of training samples and testing samples, we have to
apply data augmentation. Since storing the augmentation data takes a large
amount of space and the same data will be used more than once, we utilized
an on-line augmentation technique [23]. More concretely, for each input, we
applied a randomly sampled affine transformation matrix to both depth image
and hand pose before feeding them to the model. The randomly sampled affine
transformation matrix can be formulated as Eq.(3.4):

M =


sx cos θ −sy sin θ tx

sx sin θ sy cos θ ty

0 0 1


and

sx ∼ Uniform(0.9, 1.1)
sy ∼ Uniform(0.9, 1.1)
tx ∼ TruncatedNormal(0, 10,−15, 15)
ty ∼ TruncatedNormal(0, 10,−15, 15)
θ ∼ TruncatedNormal(0, 30,−90, 90)

(3.4)

16



where sx and sy are scaling factors, while tx and ty are shifting distance, corre-
sponding to x and y direction respectively, and θ is the rotation angle.
To summarize, from the original depth image, we used given pose and bounding

box to segment the hand area out, then resized it to a real size, followed by
locating it to an image of size 250 × 250. In the end, we did an on-line data
augmentation and transformed the depth image into a 3D volume (50× 50× 50).
The main procedure of preprocessing pipeline is shown in Fig.3.2.2.

For better inspecting how the 3D hand pose estimator was trained, we show
experiment parameters in Table.3.2.

No. of model parameters 58,801,498
Optimizer Adam (default setting of Keras)
Batch size 32
Epoch 20

Training time 160 hours (including online augmentation)
GPU TITAN X ×1
CPU Intel E5-1650 v3 ×1

GPU occupation 99%
CPU occupation 99%

Table 3.2: Experiment parameters for training the pose estimation model

17
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3.3 Hand detector
The detector is developed from the U-net [32]. We modified the U-net to adapt
to our task (see Fig.3.8), by substituting the last layer of each top-down box
to be a dialed convolution, which increases the perception field [34]. For our
model, the depth image is the input, while a binary mask (hand area with value
1, background with value 0) is the output.
To train the hand detector, we generated corresponding hand masks from depth

images of the training set. In the previous section, we already got the hand
area for all samples in the training set. If setting the value of hand area to be
1 while other places to be 0, a mask for hand area is generated. In order to
ensure the computational efficiency, we resized both of depth images and masks
to be of size 240 × 320. Furthermore, we also apply on-line data augmentation
to train the hand detection model, with larger shifting distance but constrain
the transformation of the hand mask within the image window. The randomly
sampled affine transformation matrix can be formulated as Eq.(3.5):

M =


sx cos θ −sy sin θ tx

sx sin θ sy cos θ ty

0 0 1


and

sx ∼ Uniform(0.9, 1.1)
sy ∼ Uniform(0.9, 1.1)
left = poseleft − 20
right = 320− poseright − 20
up = poseup − 20
down = 240− posedown − 20
tx ∼ TruncatedNormal(0, 80,−left, right)
ty ∼ TruncatedNormal(0, 80,−up, down)
θ ∼ TruncatedNormal(0, 30,−45, 45)

(3.5)

where sx and sy are scaling factors, while tx and ty are shifting distance, corre-
sponding to x and y direction respectively, and θ is the rotation angle. Here, we

19



use left, right, up, down to guarantee the hand will not be shifted outside of the
depth image.
For better inspecting how the hand detector was trained, corresponding exper-

iment parameters are shown in Table.3.3

No. of model parameters 2,316,865
Optimizer Adam (default setting of Keras)
Batch size 64
Epoch 5

Training time 25 hours (including online augmentation)
GPU TITAN X ×1
CPU Intel E5-1650 v3 ×1

GPU occupation 99%
CPU occupation 99%

Table 3.3: Experiment parameters for training the hand detection model
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3.4 Hand verifier
Even though the detector can segment the hand area in most of the cases, it might
fail when samples from the training set and testing set are quite different. To
make our tracking model more robust, we used a hand verifier to verify whether
a hand is correctly detected. If not, we use poses from the previous frame for
current frame. What the hand verifier verifies can be described by following two
items:

1. Comparing with the previous frame, whether the center of detected hand
area shift more than 150 mm;

2. Whether the number of pixels for detected hand area is more than 1000.
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4 Evaluating the tracking system
on HIM2017 benchmark

On HIM2017 benchmark, we particularly evaluated our 3D hand pose estima-
tor on the single-frame 3D hand pose estimation task, and evaluated the whole
tracking system on the 3D hand pose tracking task.

4.1 Evaluating the 3D hand pose estimator

4.1.1 Experiment parameters of tracking system

Since experiment parameters are important for fully evaluate a neural network
model, we demonstrate experiment parameters in testing the pose estimator in
Table.4.1.

No. of model parameters 58,801,498
Batch size 1

Execution Speed 18 FPS (including preprocessing depth image)
GPU TITAN X ×1
CPU Intel E5-1650 v3 ×1

GPU occupation 30% - 45%
CPU occupation 80% - 92%

Table 4.1: Experiment parameters for testing the 3D hand pose estimator

From this table, we can see the number of parameters in our model is very
large, as 58, 801, 498, due to we constructed our estimator by beaches structure.
This heavy structure causes the slow running speed. It can process 18 depth
images per second, including the preprocessing.
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4.1.2 The performance of 3D hand pose estimator

The single-frame 3D hand pose estimation task contains 295,510 depth images,
which were collected from objects from the training set. Besides, bounding boxes
for hand area are given in this testing set.
Starting from the nearest point of the image patch, we set all of the depth

values that are 220 mm behind the nearest point to be 0. By doing this, for the
majority of samples, only the hand area remains, nonetheless, we found that the
hand area was also removed for some samples. Because some small noise points
could be in front of the hand area, we may get the incorrect nearest point. To
address this issue, we separated the whole depth image into multiple channels
whenever the depth gap is larger than 5 mm. If the area ratio of point clouds to
the image patch size is less than 0.04 (from our experiments), we delete all point
clouds in this channel. Through this way, the small noise is removed in front of
the hand area. Other preprocessing is the same to the training.
We applied such kind of preprocessing to 295,510 depth images, and used pose

estimator to predict the corresponding pose one by one (i.e., batch size = 1). Six
outputs are used in the training stage, however, for the testing stage, we only
take the output of the whole hand. As the coordinate system of the output is
different from the original image, we have to transform the output pose back
to the original one. This transformation simply reverses the transformation of
preprocessing.
We list the lead-board of HIM2017 single frame task in Table.4.2. Three er-

ror metrics, the average error (AVG ERROR) of all hand joints, visual hand
joints(SEEN ERROR) and occluded hand joints (UNSEEN ERROR), are used
for evaluating the performance.
The average error of our 3D hand pose estimator is 11.90 mm, and qualitative

results can be visualized in Fig.4.1.2. Compare to the Baseline [35], which is the
state-of-the-art method in ECCV2016, we have reduced the average error from
19.71 mm to 11.70 mm, achieving a significant improvement for 40%. However,
we are still have a gap of 1.95mm, referring to the state-of-art model performance.
By inspecting estimated results, we found our model is not generative enough

for testing samples that are considerably different from training samples. Thus,
the data augmentation method needs to be improved. In addition, the low reso-
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Team name AVG ERROR (mm) SEEN ERROR (mm) UNSEEN ERROR (mm)
SNU CVLAB 9.95 6.97 12.43

NVIDIA Research and UMontreal 9.97 7.55 12.00
NTU 11.30 8.86 13.33

THU VCLab 11.70 9.15 13.83
NAIST RVLab 11.90 9.34 14.04

Baseline 19.71 14.58 23.98

Table 4.2: Average error on the leader-board of HIM2017 single frame task. Our
team name is NAIST RVLab

lution of 3D volume limits the performance of our model. However, it remains an
issue as of how to balance the trade-off between computation cost and prediction
accuracy.
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4.2 Evaluating the tracking system

4.2.1 Experiment parameters of tracking system

The tracking system includes two neural network models (the detector and the
pose estimator), we have shown experiment parameters of the hand pose estimator
in Table.4.3. Here, we demonstrate experiment parameters of the hand detector
and their combination, in Table.4.3 and Table.4.4, respectively.
The hand detector has parameters of 2, 316, 865, which is relatively smaller

than the hand estimator, due to using fully-convolutional network. Including
the preprocessing, its execution speed is 50 FPS. By the hand detector itself,
real-time execution is achieved.

No. of model parameters 2,316,865
Batch size 1

Execution Speed 50 FPS (including preprocessing of testing images)
GPU TITAN X ×1
CPU Intel E5-1650 v3 ×1

GPU occupation 20% - 40%
CPU occupation 90% - 96%

Table 4.3: Experiment parameters for testing the hand detection model

Integrating the hand detector, the hand verifier and the hand pose estimator
together, the execution speed of the whole hand pose tracking system drops to
12 FPS. The number of parameters also increased to 61, 118, 363 dramatically.
Therefore, the execution speed and model parameters are two components we
need to optimize in the feature work.

4.2.2 The performance of tracking system

There are 99 videos in the 3D hand pose tracking task, which entirely contain
294,006 depth images. For each video, depth images are organized by sequence,
besides, 3D hand pose of the first frame is given. As a result, the context infor-
mation can be used for pose estimation.

27



No. of model parameters 61,118,363
Batch size 1

Execution Speed 12 FPS (including preprocessing of testing images)
GPU TITAN X ×1
CPU Intel E5-1650 v3 ×1

GPU occupation 30% - 50%
CPU occupation 100%

Table 4.4: Experiment parameters for testing the tracking system

The lead-board of HIM2017 tracking task is described in Table.4.5. The average
error of our 3D hand tracking system is 12.64 mm, and qualitative results can be
visualized in Fig.4.2.2. Comparing to the Baseline [35], we made an improvement
for 39%.

Team name AVG ERROR (mm) SEEN ERROR (mm) UNSEEN ERROR (mm)
NVIDIA Research and UMontreal 10.51 8.21 12.37

NAIST RVLab 12.64 10.20 14.62
THU VCLab 13.65 11.02 15.70

Baseline 20.63 16.04 24.36

Table 4.5: Average error on the leader-board of HIM2017 tracking task. Our team
name is NAIST RVLab

Despite the 3D hand estimator of THU VCLab performs better than ours
in the single-frame estimation task, by involving the hand detector and hand
verifier in our tracking system, we got better results than THU VCLab. For
NVIDIA Research and UMontreal, their 3D hand estimator and tracking system
both perform better than ours, and differences are quite similar, as 1.95 mm and
2.13 mm, respectively. Therefore, in terms of the whole tracking system, our
3D hand estimator could be “the shortest stave” of “Liebig’s barrel”. Our hand
estimator needs to be improved if we want to achieve better performance for the
tracking system.
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5 Extension for hand-object
interactive pose estimation

Although our main focus is the tracking system, we find the applying our tracking
system can be simplify extended for on the hand-object interactive pose estima-
tion, and our result placed first on the HIM2017 benchmark.

5.1 The system for hand-object interactive pose
estimation

In the hand-object interactive pose estimation task of HIM2017 challenge, there
are 2965 samples. We randomly chosen 80 samples from the testing set ( 2.7% of
2965 samples), and manually create 80 masks to train a hand-object segmentation
model, which aims to segment the hand from the background and interactive
objects. In the end, only the segmented hand area is used for pose estimation.
Comparing to the tracking system, we removed the hand verifier. The system is
shown in Fig.5.1.
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5.2 Evaluating the system for hand-object
interactive pose estimation

The lead-board of HIM2017 hand-object interaction task is shown in Table.5.1.
Our qualitative results can be visualized in Fig.5.2.

Team name AVG ERROR (mm)
NAIST RVLab 24.98
THU VCLab 29.19

NVIDIA Research and UMontreal 32.44
Baseline 46.10

Table 5.1: Average error on the leader-board of HIM2017 Hand-object interaction
task. Our team name is NAIST RVLab

Even though we got the largest average error in the hand-object interaction
pose estimation as 24.98 mm, our performance is much better than other groups.
We suppose, the reason for a large error is lacking of training data, since the
correlated samples are not included in the training set. While the reason of our
model performs better than other groups is that we use hand detector to segment
hand from its interactive objects before performing pose estimation.
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6 Conclusion

In conclusion, this paper mainly presents two works: (1) Building a deep-learning-
based 3D hand pose tracking system and evaluate it on the HIM2017 benchmark,
and it ranks the second place. (2) Applying the modified tracking system on
the object-interactive hand pose estimation. We also evaluate it on the HIM2017
benchmark and placed first. Overall, the performance is summarized in Fig.6.1.
Even though our tracking system cannot archive the state-of-art, it is available
to be applied in related applications, with a execution speed of 12 FPS and
average error of 12.64 mm. More importantly, the performance of our modified
tracking system on the object-interactive hand pose estimation indicates, using
hand detector to segment hand from its interactive objects before performing pose
estimation can make better results than directly performing pose estimation. In
the feature work, we may use the similar system to tackle double-hand interactive
pose estimation problem, and a related dataset, which involves the hand mask
and 3D hand pose, will be built.
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Figure 6.1: The evaluation performance of 3D hand pose estimation, 3D hand
pose tracking and Hand-object interaction 3D hand pose estimation.
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