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Abstract
Dynamic hand gesture recognition is a challenging problem in the area of hand-based human-robot 
interaction (HRI), such as issues of a complex environment and dynamic perception. In the context of 
this problem, we learn from the principle of the data-glove-based hand gesture recognition method and 
propose a dynamic hand gesture recognition method based on 3D hand pose estimation. This method 
uses 3D hand pose estimation, data fusion and deep neural network to improve the recognition 
accuracy of dynamic hand gestures. First, a 2D hand pose estimation method based on OpenPose is 
improved to obtain a fast 3D hand pose estimation method. Second, the weighted sum fusion method 
is utilized to combine the RGB, depth and 3D skeleton data of hand gestures. Finally, a 3DCNN + 
ConvLSTM framework is used to identify and classify the combined dynamic hand gesture data. In the 
experiment, the proposed method is verified on a developed dynamic hand gesture database for HRI 
and gets 92.4% accuracy. Comparative experiment results verify the reliability and efficiency of the 
proposed method.



I. INTRODUCTION

V ISION-based hand gesture recognition includes static
hand gesture recognition and dynamic hand gesture

recognition [1]. Compared with static hand gestures, dynamic
hand gestures are more reliable and more natural in human-
robot interaction (HRI) or human-computer interaction (HCI).
However, dynamic hand gestures include temporal features in
addition to spatial features, thus making the recognition of
dynamic hand gestures more difficult. In addition, for online
recognition of dynamic hand gestures, it is necessary to locate
and segment each dynamic hand gesture from streaming video.
Therefore, developing effective dynamic hand gesture localiza-
tion methods is an important research challenge. Looking at
these problems, we study the online detection and recognition
of dynamic hand gestures, develop a new recognition method,
and apply the method to hand-based HRI.

The principal method of hand gesture recognition uses a fea-
ture extractor to extract hand gesture features and then a using
classifier to classify the extracted features for the recognition
of different hand gestures [2], [29]–[32]. At present, notable
achievements have been made in image-based hand gesture
recognition [2]–[5]; however, utilizing data-glove-based hand
gesture recognition methods can yield high hand gesture
recognition accuracies and are thus more reliable hand gesture
recognition strategies [6]. The reasons for this superiority are
as follows. (a) The data gloves interference is small when
they are used to obtain information. This interference mainly
comes from signal noise; the interference associated with
hand images mainly comes from the complex background.
Therefore, the interference caused by data gloves is smaller
and easier to remove (such as by Kalman filtering) than the
interference in images. (b) Data gloves can obtain hand joint
information. Image-based hand gesture recognition mainly
uses information such as the shape, colour, and 3D position
of hand gestures which are common properties of human
observation. This type of method is rough and superficial. The
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Fig. 1. Correspondence between data gloves and hand image.

nature of hand gestures is linked to the spatial positions or
spatial motion relationships of the hand joints. Data gloves
can obtain the position information of the hand joints. By
matching the position information for each hand joint with
a hand joint distribution map (hand skeleton), data gloves can
easily and accurately identify static hand gestures. However,
data gloves do not have motion measurement modules, so
they cannot recognize dynamic hand gestures. In view of
this problem, inspired by the data-glove-based hand gesture
recognition method, we propose a hand gesture recognition
method based on hand pose estimation, as shown in Figure
1, where Figure 1(1) illustrates data-glove-based hand gesture
recognition and Figure 1(2) shows hand gesture recognition
based on hand pose estimation. This method first estimates
the hand pose with a hand skeleton map. Then, the hand pose
map is fused with a hand depth image. Detailed joint features
and 3D space features of hand gestures can be used to improve
the recognition accuracy of vision-based hand gestures.

Based on the above approach,a dynamic hand gesture recog-
nition method based on 3D hand pose estimation and deep
neural network is proposed, it can get 92.4% accuracy on a
developed dynamic hand gesture database. The innovations
and contributions of this method are shown as follows:

• An improved Faster-RCNN with a bi-stream attention
(BAs) module is proposed to detect and cut dynamic hand
gestures online. Using clipped hand images can improve
the accuracy of hand pose estimation.

• By fusing the hand skeleton and depth images, 3D spatial
position estimation of hand gestures can be obtained.

• A data-level fusion method using weighted sum is pro-
posed, which can reduce the number of channels used for
data fusion, thereby reducing the number of calculations.

• A 3DCNN + ConvLSTM framework for dynamic hand
gesture feature extraction is proposed. The short-term
spatiotemporal features of dynamic hand gestures are
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extracted by the 3DCNN, and the long-term spatiotem-
poral features of dynamic hand gestures are extracted by
the ConvLSTM to improve the dynamic hand gesture
recognition accuracy.

• A set of dynamic hand gestures for HRI is created, and a
corresponding dynamic hand gesture database containing
RGB, depth and skeleton information is produced. The
proposed method can be validated based on this database.

The remainder of this paper is organized as follows. Chap-
ter 2 introduces the work related to dynamic hand gesture
recognition based on deep learning and data fusion. Chapter
3 introduces the 3D hand pose estimation method. Chapter
4 introduces the data fusion and 3DCNN+ConvLSTM frame-
work for dynamic hand gesture recognition. Experiments are
introduced in Chapter 5, and they include the hand gesture
database and dynamic hand gesture recognition results, as well
as the subsequent discussion. The conclusions and future work
are introduced in Chapter 6.

II. RELATED WORK

Different illumination intensities, complex backgrounds and
environments, and the non-fixed and non-standard hand ges-
tures of diverse people limit the efficient recognition of
dynamic hand gestures. Dynamic hand gestures include a
series of hand or arm poses. Therefore, learning the spa-
tiotemporal features related to these gestures is essential for
robust dynamic hand gesture recognition. According to [7],
there are four typical characteristics of methods for effective
spatiotemporal feature recognition: they should be (1) generic,
(2) compact, (3) computationally efficient, and (4) simple to
implement. Furthermore, 3D pose estimation of hand joints
can increase the accuracy of dynamic hand gesture recognition.
Because the hand often occupies only a small part of a col-
lected image, the accurate detection of dynamic hand gestures
is the key to dynamic hand gesture recognition.

A. Performance feature-based hand gesture recognition
At present, most of state-of-the-art hand gesture recognition

methods use hand performance features, and deep neural
network frameworks are designed to extract and classify these
features. For example, [8], [9] proposed a multiscale method
to detect and classify dynamic gestures. This approach uses
a variety of data such as depth video, joint poses, and voice
information to classify upper limb gestures and hand gestures.
[10] proposed a CNN-based multisensor system (radar, colour
camera and depth camera) to recognize dynamic hand gestures
during driving. [11] proposed a ResC3D framework that used
RGB, optical flow and depth images to recognize dynamic
hand gestures. In addition, there have been some further
studies of performance feature-based hand gesture recognition
[12]–[15].

B. Skeleton-based hand gesture recognition
There have been also some studies of skeleton-based hand

gesture recognition. For example, [16] designed a dynamic
hand gesture recognition method based on 2D hand skeleton.

[17] designed a 3D dynamic hand gesture recognition method
based on skeleton features. This method uses a Gaussian mix-
ture model to extract features, and then the extracted features
are classified by a support vector machine (SVM) classifier.
The above two methods use hand pose features, but the feature
extractors both use traditional methods. Additionally, some
scholars have introduced deep learning into pose-based hand
gesture recognition. For example, [18] proposed an end-to-end
STA-Res-TCN framework to recognize dynamic hand gestures
based on skeletons. [19] combined CNN and LSTM methods
to solve skeleton-based human motion and gesture recogni-
tion problems and proposed a data augmentation method for
spatiotemporal 3D data sequences.

At present, most hand gesture recognition methods based
on pose estimation still use hand skeleton information alone
for recognition. Skeleton information helps to improve the
accuracy of hand gesture recognition, but it is difficult to
extract skeleton information. One method uses special sensors
such as LeapMotion [20], but this method is not universally
applicable, and the cost of the sensors is high. Another method
involves performing hand pose estimation based on a colour
image to obtain a two-dimensional skeletal structure of the
hand, such as by using OpenPose [21]. However, this method
has two drawbacks: (1) the 2D skeletal structure cannot
express the spatial hand pose and motion well, and (2) hand
pose estimation methods have limited accuracy. If the pose
estimation is not accurate in the early stage, it will greatly
affect the hand gesture recognition effect in later stages.

C. Database for skeleton-based hand gesture recognition
The current public databases of dynamic hand gestures that

contain skeleton information are the DHG-14 /28 Dataset [17]
and SHREC’17 Track Dataset [18]. The DHG-14 /28 Dataset
contains 14 hand gestures. Some of these hand gestures involve
only one-finger movement, and some involve movements of
the entire hand. Each hand gesture acquisition process was
repeated 5 times by 20 volunteers, and a total of 2800
sequences were gathered. Each frame includes a hand gestured
depth image and 22 joint 2D and 3D hand skeletons. However,
the skeleton information in the database was directly obtained
by the sensors, and it is difficult to apply this information to a
system using ordinary cameras. The SHREC’17 Track Dataset
contains 14 dynamic hand gestures, all of which involve the
movement of 5 fingers. There are a total of 2800 videos in the
database, and each frame contains a 3D hand skeleton with
22 joints. However, this database contains only hand skeleton
information.

D. Our method
For the above problems, this paper proposes a dynamic

hand gesture recognition method based on the fusion of 3D
hand skeletal features, colours and depth images. First, the
2D hand pose obtained from a colour image is mapped to the
corresponding depth image to obtain a 3D hand pose. Then,
3D skeleton information is fused with colour and depth images
of the corresponding hand gestures. This approach can easily
and quickly obtain the 3D hand skeleton information, and it
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Fig. 2. 3D hand pose estimation pipeline.

uses various features of hand gestures to reduce the impact of
the hand pose estimation error. The explicit method is detailed
below.

III. HAND POSE ESTIMATION BASED ON HAND DETECTION

This chapter improves on the 2D hand pose estimation
method based on OpenPose [22] and implements 3D hand
pose estimation. This method is illustrated in Figure 2. First,
a Faster-RCNN with BAs is utilized to detect and cut hands
in the RGB original image. Then, OpenPose is utilized for
the segmented RGB hand image to estimate the 2D pose of
the hand. This approach can prevent the influence of a large
number of complex backgrounds and thus improve the speed
and accuracy of hand pose estimation. Next, the estimated
2D coordinates of the hand skeleton joints are mapped to
the corresponding hand depth image. Sparse sampling and
averaging methods are utilized to obtain the 3D coordinates
of hand skeleton joints. This method can obtain 3D hand
pose estimation in a simple and convenient way. Then, each
obtained 3D hand pose is fused with the corresponding hand
RGB and depth images. Fused data can be input into a
deep neural network for feature extraction and classification.
The hand pose features and hand movement features can be
simultaneously used to improve the dynamic hand gesture
recognition accuracy.

A. Faster-RCNN with BAs

Hand detection consists of two important roles in this
research. (1) Hand detection and the segmentation of each
frame of dynamic hand gestures can remove most of the
background and decrease the time of hand pose estimation.
(2) Each dynamic hand gesture from a hand gesture video
can be detected. In this process, the continuous detection of
a hand in three frames is regarded as the starting point of
a dynamic hand gesture, and the absence of a hand is three
subsequent frames is regarded as the end point of the dynamic
hand gesture.

Because hands usually appear as tiny objects in original
images, some classic deep learning methods, such as SSD [23]
and YOLO [24], are not appropriate for tiny object detection.
The Faster-RCNN method [25] is good at tiny object detection.
But its backbone is not good at extracting spatial and channel
features of hand images. Therefore, we introduced a designed
bi-stream attention (BAs) module which is inspired by CBAM

Fig. 3. The structure of Faster-RCNN with BAs.

[26] to the Faster-RCNN to improve the detection speed of the
Faster-RCNN. The structure of the Faster-RCNN with BAs is
illustrated in Figure 3.

Faster-RCNN with BAs uses BAs-ResNet to replace the
original VGG-16 module, which is implemented in the con-
volutional layers of the Faster-RCNN for image feature ex-
traction. The feature extraction, proposal extraction, bounding
box regression, and classification tasks of this method are
all integrated into one network. The overall performance of
this method is significantly improved compared to that of
traditional methods, especially in detection tasks.

Convolutional layers of the traditional Faster-RCNN use
VGG-16 for feature extraction. The model can detect and lo-
cate tiny objects well, but its backbone is not good at extracting
spatial and channel features of hand images. Compared with
VGG-16, the BAs-ResNet use spatial attention and channel
attention modules to increase the ability of feature extraction.
The structure of BAs-ResNet is illustrated in Figure 4. The role
of channel attention is tantamount to extract the relationship
between each channel in a feature map, as it teaches the
network to look ’what’. Channel attention attempts to highlight
local information by aggregating dimensions of the feature
map, as it teaches the network look ’where’. Connecting the
two attention modules in parallel can obtain feature maps
with more hand semantic information and spatial context
information, and the bi-stream structure can reduce the amount
of calculation. In addition, the BAs module is introduced to
the shortcut structure of the ResNet. It can further improve the
effect of feature extraction.

B. OpenPose-based 2D hand pose estimation
The OpenPose-based hand pose estimation method can

achieve 2D hand pose estimation for in RGB images, and it
can ensure the real-time performance of hand pose estimation.
This method uses the Part Conference Map (PCM) and Part
Affinity Fields (PAFs) models to develop a bottom-up (obtain
hand pose points and then obtain the hand skeleton) hand pose
estimation method. First, the positions of the key points of
hand gestures are detected. The detection result is obtained
by generating a hot map of the key hand points. Each key
point of the hand is associated with a Gaussian peak, which
indicates that the neural network believes that the point is a key
point. After obtaining the detection results, some key points
are connected to form a hand. In other words, we must match
specific key points with specific parts of the hand in a given



5

Fig. 4. The structure of BAs-ResNet.

picture. In this way, a 2D skeletal structure diagram of a hand
can be obtained. The framework of this approach is illustrated
in Figure 4.

In Figure 5, the hand pose estimation step first uses the
VGG-19 network to obtain the RGB hand gesture features
and then transmits the features to the PCM and PAFs. The
output of Stage 1 is the corresponding PCM spectrum S

1 and
PAFs spectrum L

1. The inputs of Stage 2 are the outputs S
1

and L
1 of Stage 1 and the feature map of the original image.

The subsequent phases of the network are similar in Stage
2. Notably, the model loss function is the ordinary L2 norm,
which describes the distance between the prediction result and
ground truth:
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is the output PCM spectrum of Stage t, Lt
c is the output PAFs

spectrum of Stage t, S⇤
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L
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c is the ground truth of the PAFs. W is a binary mask and

P is an image position. Then the final error function of the
network is:
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There are 21 key points in the hand structure, of which there
are 4 key points associated with each finger joint and one key
point at the centre of the wrist.

Fig. 5. Hand pose estimation framework.

C. 3D hand pose estimation method

Through the above steps, a 2D hand pose based on a RGB
image is obtained. For a variety of complex hand gesture
recognition tasks, using 2D hand pose features often fails to
yield good hand gesture recognition accuracy, especially for
situations where some hand gestures can block certain finger
joint points. Depth information associated with hand joints is
very important, and the 3D pose information can fully describe
the hand gesture features. Therefore, we designed a method
to transform 2D hand pose estimation results to information
for 3D hand pose estimation. The process uses the method
of mapping hand pose key point coordinates from the RGB
image to the corresponding depth image, and this process is
divided into the following steps.

1) Alignment of the RGB image and depth image: The RGB
images and depth images collected from Kinect are generally
misaligned, which will affect the mapping process. Therefore,
the acquired RGB image needs to be aligned with the depth
image. The alignment formula is shown as follows:

Zrgb ⇤ prgb = R ⇤ Zir ⇤ pir + T (4)

where

R = Krgb ⇤Rir2rgb ⇤K�1
ir (5)

T = Krgb ⇤ Tir2rgb (6)

where Rrgb and Trgb are external parameters of the colour
camera and Rd and Td are external parameters of the depth
camera. Krgb and Kd are internal parameters for the colour
camera and depth camera. The two cameras have the following
rigid body transformation formula:

Rir2rgb = Rrgb ⇤R�1
ir (7)

T = Krgb ⇤ Tir2rgb (8)

where z ⇤ p represents the mapping relationship between
the homogeneous three-dimensional points (P = [XY Z1]T )
in the respective camera coordinate system and the pixel
coordinates (p = [uv1]T ) in the respective pictures.
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Fig. 6. Flow chart of 2D hand pose to 3D hand pose.

2) Coordinate mapping: After the RGB image and the
depth image are aligned, the hand skeleton coordinate points
estimated with the RGB image are mapped to the correspond-
ing depth image, and the depth value of each key point is
determined by the position of the key point on the depth map.

As shown in Figure 6, to reduce calculation redundancies
and obtain smooth depth values for key hand point positions,
we use sparse sampling and averaging methods. That is, the
depth values of the coordinate points of two adjacent pixel
values for each key point in the depth map are extracted, and
then the average depth value of these points (9 coordinate
points) is the depth value of the key point. Finally, the depth
values of all key points are extracted and added to a 3D pose
map of the hand, as shown on the right side of Figure 5.

IV. DYNAMIC HAND GESTURE RECOGNITION

A. Data fusion method based on weighted sums

The data fusion step can reasonably and effectively integrate
the multi-source information representing the same dynamic
hand gesture. So, it will extract the beneficial information
in the respective channels to the greatest extent, and finally
integrate them into high-quality gesture images or videos to
improve the utilization of hand gesture image information and
improve the accuracy of dynamic hand gesture recognition.
Traditional image data fusion methods often use a mounting
process [15], that is, an image with a size of l ⇥ w ⇥ h1 is
mounted on an image with a size of l ⇥ w ⇥ h2 to generate
an image with a size of l ⇥ w ⇥ (h1 + h2). The advantages
of this fusion method are that it does not lose information
and uses all the information from the fused images. However,
the disadvantage is that the image size increases after fusion,
which results in increases in the deep neural network size and
number of parameters and a reduction in the speed of the
network model.

To ensure that the fused image does not affect the volume
of the trained network model, we propose a weighted sum
data fusion method. This approach involves pixel-level fusion,
that is, the RGB and depth images and 3D hand pose images
are multiplied by a weighting factor, and pixel-level addition
is then performed. The corresponding formula is shown as
follows:

P
i
F = ↵1P

i
RGB + ↵2P

i
D + ↵3P

i
P + ↵4 (9)

where P
i
RGB is the RGB hand image in the ith frame, P i

D
is the depth hand image in the ith frame, P i

P is the 3D hand
pose image in the ith frame, and P

i
F is the fusion image in the

ith frame obtained by the weighted sum. This image contains

Fig. 7. Network framework.

Fig. 8. The result sample of data fusion.

information from the RGB hand image, depth hand image and
3D hand pose image without changing the size of the image.
↵1 is the weighting coefficient of the RGB hand image, ↵2 is
the weighting coefficient of the depth hand image, ↵3 is the
weighting coefficient of the 3D hand pose image, and ↵4 is the
brightness adjustment coefficient. To balance the information
from the RGB, depth and 3D hand pose images, we set the
value of ↵1 to 0.3, the value of ↵2 to 0.3, the value of ↵3 to
0.3, and the value of ↵4 to 0.1. Finally, the obtained fusion
image P

i
F is invoked as the data input of the hand gesture

recognition model. A result example of this data fusion step
is indicated by Figure 8.

B. Dynamic hand gesture recognition network framework

For the extraction of spatiotemporal features in dynamic
hand gesture videos, we propose a network framework com-
bining 3DCNN and ConvLSTM, and this framework is shown
in Figure 7.
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As shown in Figure 7, the fused dynamic hand gesture
video is input into the network framework composed of the
3DCNN and ConvLSTM models for feature extraction and
dynamic hand gesture recognition. The proposed framework
is based on the following three factors: (1) the 3DCNN is
a very effective and excellent module for learning short-
term spatiotemporal features; (2) ConvLSTM networks are
highly suitable for learning long-term spatiotemporal features;
and (3) spatiotemporal correlation information plays a very
important role in dynamic hand gesture recognition. Therefore,
we propose using the 3DCNN and ConvLSTM models to
learn the spatiotemporal features of dynamic hand gestures. In
addition, 2DCNNs are used after ConvLSTM to learn high-
level spatiotemporal features. The 2D feature maps output
from ConvLSTM still have large space sizes and require
dimensionality reduction. 2DCNNs can learn more high-level
features while reducing dimensionality. The decision fusion
step used in the final output part can get a better recognition
result.

The structure of the 3DCNN is modelled based on a C3D
method [27]. For video analysis problems, the motion infor-
mation encoded between consecutive frames must be captured.
Therefore, during the convolution operation phase of a CNN,
a 3D convolution operation is carried out to capture features
from both the temporal and spatial dimensions. The 3D con-
volution operation is implemented as follows: a cube formed
by stacking multiple consecutive frames is convolved with a
3D kernel. Through this construction step, the feature map of
the convolutional layer is connected to multiple consecutive
frames of the previous layer to capture motion information.
Formally, the values at point (x, y, z) in the ith and jth feature
maps are given by the following formula:

v
xyz
ij = tanh(bij +

X

m

Pi�1X

p=0

Qi�1X

q=0

Ri�1X

r=0

!
pqr
ijmv

(x+p)(y+q)(z+r)
(i�1)m )

(10)
where Ri represents the size of the 3D kernel in the time
dimension and !

pqr
ijm is the point (p, q, r) value associated with

the kernel of the mth feature map in the previous layer.
In general, for a fully connected LSTM model, vector

features are used as the inputs to learn temporal features. The
subsequent results lack spatial information, and for dynamic
hand gesture recognition, the position changes of hands and
fingers in the spatial range play an important role. Therefore,
the ConvLSTM model is utilized to learn long-term spatiotem-
poral features. The convolution and recursive operations of the
network can take full advantage of spatiotemporal information
in the input-to-state and state-to-state transmission steps.

In the ConvLSTM model, X1, X2, · · · , Xt are the inputs;
the neural unit states are C1, C2, · · · , Ct; the hidden states
are H1, H2, · · · , Ht; and the gates it, ft, ot are all 3D tensors.
Let “⇤” denotes the convolution operation, and “�” denotes the
Hadamard product. The ConvLSTM model can be expressed
by the formula:

it = �(Wxi ⇤Xt +Whi ⇤Ht�1 + bi) (11)

ft = �(Wxf ⇤Xt +Whf ⇤Ht�1 + bf ) (12)

ot = �(Wxo ⇤Xt +Who ⇤Ht�1 + bo) (13)

Ct = ft �Ct�1+ it �tanh(Wxc ⇤Xt+Whc ⇤Ht�1+bc) (14)

Ht = ot � tanh(Ct) (15)

where � is the sigmoid equation and Wx⇠ and Wh⇠ are
2D convolutional kernels. The features output by ConvLSTM
are input into the 2DCNNs for feature extraction and then
classified with Softmax classifiers. Finally, the classification
results are combined based on decision fusion to obtain the
final results of dynamic hand gesture recognition result.

V. EXPERIMENTAL RESULTS AND ANALYSIS

In this section, the proposed dynamic hand gesture recog-
nition method based on pose estimation is verified based on
an author-generated hand gesture database. First, we introduce
the developed dynamic hand gesture database. Then, a detailed
introduction to the training process of the network is provided.
Finally, the experimental results are displayed, and the perfor-
mance of the proposed method is analysed.

A. Dynamic hand gesture database

Because this experiment involves fusing RGB hand images
and depth hand images with 3D hand pose images, there is cur-
rently no publicly available dynamic hand gesture recognition
database that meets the experimental requirements. Thus, we
must create a database that meets the needs of the experiment.
The creation of the database is split into the following steps.

1) Design of HRI dynamic hand gestures: Because the
dynamic hand gestures in this paper are used for HRI, a set
of HRI hand gesture datasets containing 10 types of dynamic
hand gestures is designed, as shown in Table 1.

Among the gestures in Table 1, hand gestures 1-2 control
the start and stop of robots, respectively. Hand gestures 3-6
control the space motion directions of robots. Hand gestures
7-8 are utilized to change the parameters of the robots, such as
the speed of motion. Hand gestures 9-10 are used to control
the gripping and releasing of objects by robot grippers. By
using these 10 types of dynamic gestures, the general operation
control of robots can be achieved.

2) Creating the database: Dynamic hand gesture data were
gathered by a Kinect v2 sensor. There were 20 volunteers
for the experiment, and each volunteer repeated each dynamic
hand gesture 10 times. Each dynamic hand gesture operation
began by moving the hand into the image frame. After
completing the action, the hand was removed from the frame.
All the original RGB and depth videos were captured. From
data collection to fusion, the following steps were carried out.

• Align the acquired RGB image and depth image using
the alignment method described above.



8

TABLE I
HRI DYNAMIC HAND GESTURE DATASET.

Gesture number Dynamic gesture diagram Semantic meaning

Hand gesture 1 Start

Hand gesture 2 Stop

Hand gesture 3 Turn left

Hand gesture 4 Turn right

Hand gesture 5 Upward

Hand gesture 6 Downward

Hand gesture 7 Turn up

Hand gesture 8 Turn down

Hand gesture 9 Grap

Hand gesture 10 Release

• The Faster-RCNN-MobileNet model proposed above is
used to detect and segment hands in RGB images. To
ensure the consistency of the image size of each frame
in the segmented video, each image is cropped with a
bounding box centred on the center of the hand to achieve
a 200⇥ 200 pixel image during spatial segmentation.

• The detection of a hand in three continuous frames
denotes the start of a dynamic hand gesture, and the lack
of a hand in three continuous frames denotes the end
of each dynamic hand gesture. Each segmented video
contains only one dynamic hand gesture.

• The spatially and temporally divided RGB video is
mapped to a depth video to obtain a video with a
consistent segmented depth.

• The OpenPose method is used to perform 2D hand pose
estimation for each frame of the RGB video, and the
abovementioned method is used to obtain a 3D hand pose
map for each frame.

• Data fusion is performed on the corresponding RGB,
depth image and hand pose map by using the weighted
sum method proposed above.

Through the above steps, a total of 2000 videos of RGB
hand gestures, 2000 videos of depth hand gestures, 2000
videos with 3D hand pose maps, and 2000 fused videos can
be obtained. Each of these videos is 200 ⇥ 200 pixels in
size. These data are brought together to form a database for
dynamic hand gesture recognition in this experiment. The data
for subject 1 - subject 12 are used as training data, and the

data for subject 13 and subject 20 are used as testing data.
In addition, in order to avoid over-fitting caused by the small
amount of training data and increase generalization ability, a
left-and-right-mirror operation used to increase the amount of
training data is also added. The corresponding information is
presented in Table 2.

TABLE II
DYNAMIC HAND GESTURE DATABASE INFORMATION.

subset Training data Testing data

RGB videos 2400 800
depth videos 2400 800
3D hand pose videos 2400 800
fusion videos 2400 800

B. Network training process

For sensors, dynamic hand gesture data were collected by
a Kinect v2 sensor. And for network training and testing
hardware, a GeForce TITAN RTX (24G) graphics process-
ing unit (GPU) was used. The above proposed 3DCNN +
ConvLSTM deep network framework was trained and tested
with the TensorFlow platform, and the operating system was
Ubuntu16.04. Two experiments were carried out separately.

Experiment 1: The 3DCNN structure used in our network
framework is selected as C3D, so the C3D model trained
on UCF101 was used as pre-trained model in our training
stage. And other modules like ConvLSTM and 2DCNN are
connected follow the C3D and trained from the primitive
models. Using a batch method can increase the ease and speed
of training. Therefore, we use a high learning rate, which
requires few epochs. We first train the original deep network
model based on the RGB training videos. The initial value of
the learning rate is set to 0.1, and the learning rate decreases by
0.1 every 20,000 steps. This approach can not only ensure the
rapid convergence of errors in the early stage, but also avoid
excessive fluctuations in the later stage. The initial value of
weight decay is set to 0.004, and the weight decay value is
reduced to 0.00004 after 40,000 iterations. The batch size is
set to 16. The total number of training steps is set to 80,000
steps. In this way, we can obtain a model trained on RGB
dynamic hand gesture data. Then, the model is used as a
pretrained model, and adjustment is performed based on the
depth videos of dynamic hand gestures, the 3D hand pose
videos and the fused videos. The training parameters remain
the same as those above. In this way, we can obtain models
used for hand gesture recognition based on depth videos, hand
pose videos and fusion videos.

Experiment 2: To verify the superiority of the proposed
3DCNN + ConvLSTM framework to other method, we trained
some state-of-the-art methods such as C3D [27], two-stream
convolutional network model [12], I3D [28] and MTUT [29]
with the training data from the combined dynamic hand
gesture videos. Each parameter used in training was consistent
with those in the above training process. That is, the initial
value of the learning rate was set to 0.1, and the learning
rate was decreased by 0.1 every 20,000 steps. This approach
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Fig. 9. Hand pose estimation framework.

can not only ensure the rapid convergence of errors in the
early stage, but also avoid excessive fluctuations in the later
stage. The initial value of weight decay was set to 0.004, and
the weight decay value was reduced to 0.00004 after 40,000
iterations. The batch size was set to 16. The total number
of training steps was set to 80,000 steps. After training, two
dynamic hand gesture recognition models based on C3D and
a two-stream convolutional network were obtained.

C. Testing and analysis
The three deep network models for dynamic hand gesture

recognition trained in Experiment 1 were tested based on the
corresponding dynamic hand gesture database, and the test
results are shown in Table 3 and Figure 9.

TABLE III
EXPERIMENTS ON THE DIFFERENT KINDS OF DATASETS.

Network model Data category Accuracy(%)

3DCNN+ConvLSTM RGB only 88.3
3DCNN+ConvLSTM Depth only 88.0
3DCNN+ConvLSTM 3D hand pose only 91.1
3DCNN+ConvLSTM Fusion 92.4

Table 3 shows the dynamic hand gesture recognition test
results obtained by using the 3DCNN+ConvLSTM framework
for RGB, depth, 3D hand pose and fusion videos from the test-
ing database. According to Table 3, the dynamic hand gesture
recognition accuracies for RGB data, depth data and3D hand
pose data are 88.3%, 88.0%, and 91.1%, respectively. The
dynamic hand gesture recognition accuracy for the combined
data is 92.4%. This recognition accuracy is 4.1% higher than
that of the RGB dynamic hand gesture recognition model,
4.4% higher than that of the depth dynamic hand gesture
recognition model and 1.3% higher than that of the 3D hand
pose recognition model. Thus, utilizing 3D hand poses can

describe hand gesture features better than using RGB and
depth features. The data obtained from combining RGB, depth
and 3D hand pose information encompasses more hand gesture
features than do individual data sets, and using this fused
data can yield a higher hand gesture recognition accuracy
than the individual methods. In addition, the hand gesture
recognition confusion matrix for the combined testing data
is shown in Figure 7. The recognition accuracy for each
dynamic hand gesture is higher than 90%. This result verifies
the effectiveness of the proposed method for HRI dynamic
hand gesture recognition.

To study the import of each contribution of the proposed
method, another comparisons of each part of the method are
listed and displayed as follows.

From Table 4 we can see that when the fusion strategy is
used, the accuracy of hand gestures recognition increased by
3.5% compared with that of RGB data using 3DCNN and
increased by 4.1% compared with that of RGB data using
our proposed network. It can prove that the proposed fusion
strategy is useful to increase accuracy of gesture recognition
because of including more useful gesture information. In
addition, the accuracy of hand gesture recognition increased
by 1.6% with our method compared with that of 3DCNN on
RGB data and increased by 2.2% with our method compared
with that of 3DCNN on fusion data. It can prove that the
proposed network framework is helpful to increase accuracy
of gesture recognition because of extracting more effective
gesture spatio-temporal features. In conclusion, each contri-
bution of the proposed method is significant in recognition of
dynamic hand gestures.

The dynamic hand gesture recognition model using fused
data trained in Experiment 1 and the two models trained in
Experiment 2 were tested with the combined dynamic hand
gesture testing data respectively. The experimental results are
shown in Table 5.

TABLE IV
ABLATION EXPERIMENT ON THE DYNAMIC HAND GESTURE DATABASE.

Method Data category Accuracy(%)

3DCNN RGB 86.7
3DCNN Fusion 90.2
3DCNN+ConvLSTM RGB 88.3
3DCNN+ConvLSTM Fusion 92.4

TABLE V
DYNAMIC HAND GESTURE RECOGNITION TEST RESULTS WITH DIFFERENT

MODELS.

Network model Data category Accuracy(%)

3DCNN+ConvLSTM Fusion 92.4
C3D [27] Fusion 90.2
Two-Stream CNNs [12] Fusion 88.8
I3D [28] Fusion 91.3
MTUT [29] Fusion 92.4

According to Table 5, in this test, the average recognition
accuracy of dynamic hand gestures using the C3D, Two-
Stream CNNs, I3D and MTUT models are 90.2%, 88.8%,
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91.3% and 92.4%, respectively, and the recognition accuracy
of dynamic hand gestures using the proposed 3DCNN +
ConvLSTM model is 92.4%. This value is 2.2% higher than
that the C3D, 4.0% higher than that of the two-stream CNN,
1.1% higher than that of the I3D and the same with that
of the MTUT. Compared with other state-of-the-art dynamic
hand gesture recognition methods, the proposed 3DCNN +
ConvLSTM method can obtain better recognition results.

VI. CONCLUSION AND FUTURE WORK

This paper studies hand gesture recognition methods based
on hand pose estimation. The innovations and contributions of
this research are as shown follows. (1) A hand gesture recog-
nition method based on hand pose estimation is proposed; it
combines RGB and depth images with 3D hand pose maps to
increase the dynamic hand gesture recognition accuracy. (2)
A Faster-RCNN with BAs model is developed that utilises the
advantages of the individual Faster-RCNN and BAs-ResNet to
achieve the accurate and fast detection of tiny hand gestures
in images. (3) A 3D hand pose estimation method using depth
images is proposed. This method can accurately and quickly
estimate 3D hand poses. (4) A set of dynamic hand gestures is
designed for HRI, and a corresponding database is created. (5)
A 3DCNN + ConvLSTM framework is proposed to effectively
improve the recognition accuracy of dynamic hand gestures
by at least 2.5% compared with that of other state-of-the-
art methods. In the future, we will focus on developing more
efficient data fusion methods utilizing hand pose features and
more effective networks for dynamic hand gesture recognition.
In addition, we will add on-line learning or incremental
learning to our method for unknown hand gestures.
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