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Abstract: This study builds robust hand shape features from the two modalities of depth and skeletal
data for the dynamic hand gesture recognition problem. For the hand skeleton shape approach,
we use the movement, the rotations of the hand joints with respect to their neighbors, and the skeletal
point-cloud to learn the 3D geometric transformation. For the hand depth shape approach, we use
the feature representation from the hand component segmentation model. Finally, we propose
a multi-level feature LSTM with Conv1D, the Conv2D pyramid, and the LSTM block to deal
with the diversity of hand features. Therefore, we propose a novel method by exploiting robust
skeletal point-cloud features from skeletal data, as well as depth shape features from the hand
component segmentation model in order for the multi-level feature LSTM model to benefit from
both. Our proposed method achieves the best result on the Dynamic Hand Gesture Recognition
(DHG) dataset with 14 and 28 classes for both depth and skeletal data with accuracies of 96.07% and
94.40%, respectively.

Keywords: Dynamic Hand Gesture Recognition; human-computer interaction; hand shape features

1. Introduction

Besides the common language modalities, hand gestures are also often used in our daily lives to
communicate with each other. For example, close friends can greet each other with a wave of their
hands instead of words. Furthermore, hand gestures are the language of communication for deaf
and mute people. In addition, hand gesture recognition is also one of the ways that computers can
interact with humans by translating the human hand gestures into commands. Recently, hand gesture
recognition research has developed rapidly, which is an essential element in the development of new
technologies in the computer vision and pattern recognition fields. Especially, real-time 3D hand
pose estimation combined with depth cameras has contributed to the successful launch of virtual
reality and augmented reality applications such as sign language recognition [1], virtual reality [2],
robotics [3], interaction systems [4], and interactive gaming [5]. Nevertheless, there exist various
challenges hindering the achievement of accurate results due to the complex topology of the hand
skeleton with high similarity among fingers and a small size. In addition, the cultural factors or
personal habits of humans such as position, speed, and style can lead to variations in the hand gesture.
Due to these special features, the hands can have various shapes describing the same pose. Feix et al. [6]
found 17 different hand shapes that humans commonly use in everyday tasks to preform grasping.

Recent studies have suggested a number of solutions for challenges such as using reliable tools to
capture 3D hand gestures and motion or using color gloves with attached sensors to capture real-time
measurements of the hand [7,8]. However, their calibration setup process is complex and expensive.
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In 2013, Shotton et al. [9] presented a concept called the “body skeleton” to accurately predict the 3D
positions of 20 body joints from depth images. The author demonstrated that the position, movement,
and orientation of the joints can be a great description of human action. As such, the hand skeleton
can also process accurate information about the hand shape, and later, Potter et al. [10] proposed
research on Australian Sign Language by using a reliable dataset of the labeled 3D hand skeleton
corresponding to the 22 joints, which was provided by the Leap Motion Controller (LMC) device.
Even so, the result was still inaccurate when the hand was near or perpendicular to the camera or
when the person performed a quick gesture. In 2016, some 3D hand gesture datasets were proposed
by [11], and Smedt et al. [12] gave a promising solution for performing gesture recognition tasks.

In addition to the dataset, the algorithm method also must meet the optimization needs
for gesture recognition. Previously, traditional methods produced the feature descriptors in the
spatial and temporal dimension to encode the statuses of hand motion and hand shape [13,14].
Currently, methods based on deep learning are considered solutions to recognize and classify images
efficiently and reliably. Specifically, dynamic gesture recognition also applies deep learning such
as [15,16]; however, they are limited in real-time execution.

As shown in Figure 1, the diversity of hand features improves the dynamic hand gesture
recognition under the challenges of the complex topology of the hand and hand pose variations
due to cultural factors and personal habits. The inputs of a gesture are the depth data and the hand
skeleton perceived by a depth camera, as shown in the first row of Figure 1. We can focus on the global
hand movement as the hand bounding box in red color and the hand posture in Row 2. We refer to the
hand posture as the hand shape to highlight the local movements among hand components.

There are two kinds of hand shapes based on the input data skeleton or depth data, as in Row
3 and Row 4 in Figure 1, respectively. As the brightness constrains optical flow problems, the hand
shapes are robust features because they not only focus on the local movements of the hand components,
but also track the displacement of every element in the data such as the depth value in the depth data
or the hand joint in the skeletal data between two consecutive times.

With our hypothesis that robust hand shape features impact the learning of local movements
directly and global movements indirectly, our work explores the hand shape approach with the
derivatives from the depth data and skeletal data. For the hand depth feature approach, we exploited
hand component features from the hand segmentation model as shown in Row 5 in Figure 1. This can
capture the shape changes of a gesture based on the hand component labels referring to the local
movement in a hand gesture. For the hand skeleton features, we could exploit the point-cloud data
from the depth data by 3D hand reconstruction; however, due to the time constraints in real-time
hand applications, we focused on the 3D point-cloud under the hand joint coordinates in the 3D
world space from the skeletal data. Our model will be able to learn 3D geometric transformation
features. Simultaneously, we also use the displacement and rotation of the hand joints with respect to
their neighbors for the hand skeletal shape features. Therefore, our model of dynamic hand gesture
recognition addresses the diversity problem in hand features from the two modalities of the hand
depth and hand skeletal data.

To benefit from the various features, we propose multi-level feature LSTM using Conv1D,
the Conv2D pyramid, and the LSTM block to exploit the diversity of the hand features from
handcrafted data to automatically generate data from the deep learning model for the time series
data and depth data. Our proposed method achieves the best accuracy on Dynamic Hand Gesture
Recognition (DHG) [12] on 14 and 28 classes, respectively, with the skeletal data. It is good for real-time
applications requiring low processing costs.

Our paper’s contribution consists of three parts. Firstly, we identify various hand features
from two modalities with depth and skeletal data. We then propose the best features for exploiting
skeletal data and depth data to achieve the best results. Secondly, we build the multi-level feature
LSTM with Conv1D, the Conv2D pyramid, and the LSTM block to use the effective hand features.
Finally, we experimented on DHG 14 and 28 and obtained the best results.
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The rest of this paper is composed of the following sections: Related Work, Proposed Idea,
Hand Posture Feature Extraction, Network Architecture, Experiment, and Discussion and Conclusion.
In Related Work, we discuss the datasets and approaches of 3D hand gestures. In the next two parts,
our proposed method is described in detail. We then analyze the strengths of our method and make
comparisons with the state-of-the-art in the experiments and discussion. The conclusions are given in
the final part.
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Figure 1. Overview of the features of a dynamic hand gesture. Left to right shows the time axis of
the gesture, and top to bottom shows the types of hand data features, consisting of the original data,
hand posture, hand depth, hand skeleton, hand component, and hand point-cloud.

2. Related Works

Hand gesture recognition research has robustly developed with a variety of approaches in recent
years. The advancement in 3D depth sensors with a low cost has been one of the key elements that has
increased the research into 3D hand gestures. With this technology, light variations, background clutter,
and occlusions are major concerns in the detection and segmentation of hands. Furthermore, the depth
sensors can capture 3D information in the scene context, which helps give faster estimation of the hand
skeleton from the hand pose. Hence, there is much information to recognize hand gestures such as the
hand skeleton, depth, and color images [17]. Below are the main categories of the approaches to 3D
hand gesture recognition: static and dynamic hand gesture recognition or hand gesture recognition
using deep images and/or hand skeletal data.
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2.1. Dynamic Hand Gesture Recognition

The first approach is to identify static hand gestures. The 3D depth information and various
traditional methods are utilized to detect hand shadows and hand regions used to extract features.
Namely, Kuznetsova et al. [18] used the hand point cloud to compute invariant features, then they
applied a multi-layered random forest for training to recognize hand signs. In the same way,
Pugeault et al. [19] combined the Gabor filter and random forest for gesture classification to detect
hand shape for the American Sign Language (ASL) finger-spelling system. Dong et al. [20] suggested
a hierarchical mode-seeking method to localize hand joint positions under kinematic constraints
and applied random forest to classify ASL signs based on joint angles. Ohn-Bar et al. [14] leveraged
a modified HOG algorithm, named the spatial-temporal HOG2 descriptor, to extract useful information
from spatial-temporal descriptors.

Ren et al. [21] expressed the hand shape as a time-series curve to facilitate the classification and
clustering of shapes without using HOG, SIFT, and random forest. Furthermore, they proposed
a new distance metric named the finger-earth mover’s distance to discriminate hand gestures.
Recently, Zhang obtained remarkable results using his proposed histogram of 3D facets to encode 3D
hand shape information from the depth map [13]. Furthermore, Oreifej et al. [22] built a histogram of
the normal orientations’ distribution by integrating the time, depth, and spatial coordinates into 4D
space to recognize the activity from depth sequences.

If the static approach handles the hand region and extracts hand features from a single image,
the dynamic methods deem hand gesture recognition as recognizing a sequence of hand shapes by
exploiting the temporal features of motion. Zhang et al. solved the gesture recognition problems by
linking the histogram of 3D facets, the N-gram model, and dynamic programming on depth maps [13].
On the other hand, Monnier et al. [23] used a boosted classifier cascade to detect the gesture. They also
leveraged body skeletal data and the histogram of oriented gradients to obtain the features.

Recently, the significant progress of Convolutional Neural Networks (CNNs) has led to various
groundbreaking studies in the computer vision field, and hand gesture recognition in particular, such as
image classification [24], object detection [25], and image segmentation [26]. Aghbolaghi et al. [27]
performed a survey to demonstrate the effectiveness of deep learning approaches in action and
gesture recognition. In [28], a factorized spatial-temporal convolutional network, which is a cascaded
deep architecture, learned spatio-temporal features and transferred learning from the pre-trained
ImageNet on a 2D CNN, while Varol et al. [29] used a neural network having long-term temporal
convolutions to compute motion features for temporal information. In order to study real-time hand
gesture recognition, Neverova et al. [30] proposed a method that combines both video data and
articulated pose with multi-scale and multi-modal deep learning. Similarly, Molchanov et al. [16]
applied multi-scale 3D-CNN models with depth, color, and stereo-IR sensor data.

2.2. Depth and 3D Skeleton Dynamic Hand Gesture Recognition

In recent works, along with the advances in hand pose estimation and the technology of
depth-based cameras, skeleton-based recognition has gained more traction. In [11], they extracted
the features of the distances, angles, elevations, and adjacent angles of fingertips by employing the
data of direction, normal position, the central location of the palm, and fingertip position. Garcia et al.
built the mo-capsystem to make hand pose annotations and gather 6D object poses from RGB-D video
data for hand recognition [31]. De Smedt et al. [12] published an approach with results better than the
results of depth-based methods. They calculated the shape of connected joints descriptor from the
connected joints of the hand skeleton and used a Fisher vector to encode it. A temporary pyramid was
used to model Fisher vectors and skeleton-based geometric features before extracting the final feature.

There are various methods that are based on deep learning, for dynamic hand gesture
recognition using skeleton-like information. Chen et al. [32] performed training on a bidirectional
Recurrent Neural Network (RNN) using the movement features of fingers and hand and skeleton
sequences. Devineau et al. proposed parallel convolutions to handle sequences of the hand skeleton.
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De Smedt [33] proposed a new way based on CNN and LSTM by fusing two streams of the hand
shape and skeleton model.

Collectively, all the above methods have problems in recognizing gestures at some distance from
the camera, with variable illumination.

3. Proposed Idea

3.1. Problem Definition

A dynamic hand gesture G = (S, D) in this study can be described as a time-series stream of the
3D hand skeletal data S and hand depth data D with the length Nt frames. The goal of our method
is based on S and D to classify whether a dynamic hand gesture belongs to one of the given gesture
types C = {c1, c2, ..., cNc}. The gesture types are determined based on the specific dataset.

Let xt
j =∆

(
xt

j , yt
j, zt

j

)
be the world space coordinate of the 3D hand joint j at time t; the hand

skeleton posture St ∈ RNj×3 at time t is the set J of hand joints with Nj coordinates in 3D space defined
as follows:

St =
{

xt
j

}t

j=1..Nj
(1)

The 3D hand skeletal data S ∈ RNt×Nj×3 are expressed as the set of hand skeleton postures St

as below:
S = {St}t=1..Nt (2)

In the case of the hand depth data, we let Dt ∈ Rw×h be the depth image at time t with the width
w and height h. The 3D hand depth data D ∈ RNt×w×h are represented by the set of hand depth
postures Dt as follows:

D =
{

Dt ∈ Rw×h
}t=1..Nt

(3)

3.2. Problem Overview

The overview of our proposed pipeline is as shown in Figure 2. We first apply the temporal
frame sub-sampling for every dynamic gesture G to the specific length Nt. Then, we split the dynamic
gesture into hand skeletal data S and hand depth data D as the input to the feature extraction step.

G={S,D}

Nt

S
Dt

St

Depth-
Normalize

Skeleton-
Normalize

Multi-
Level 

Feature
LSTM

Gesture

Avg Fusion

+

Hand-crafted
Skeleton

Joint Point-
Cloud

Depth
Shape

Fine-Tune

Fine-Tune

Motion, Skeleton-Shape, Points

Figure 2. Overview of the proposed system for dynamic hand gesture recognition.

In the normalize phase, with hand skeletal data, to deal with the variants in the size and pose
(translation and rotation) of the gestures due to the changes in the performer and the camera pose,
we need to normalize the 3D hand joint coordinates of all frames by the same transformation of rotation
and translation and uniformly scale from the first hand posture in the gesture to the given reference
hand posture in front of the camera with the palm joint at the root coordinate. With the hand depth
data, we apply image processing techniques to eliminate the isolated depth pixels in the hand region
and convert the depth value to the range [0, 1].
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In our proposed framework, the feature extraction phase consists of five feature types to exploit
the robust features for the dynamic hand gesture as follows:

Three first three feature types are the handcrafted skeleton features including the motion,
skeleton shape, and normalized hand skeletal coordinates. The motion feature captures the changes of
the translation and rotation of the overall hand. A new contribution of this study is using the pairwise
joint distance instead of using the Shape of Connected Joints (SoCJ) descriptor as in [34] to reduce the
complex feature space. Moreover, we add more than one feature with the oriented angle of the three
joint tuples to represent the hand skeletal shape with the oriented values among the hand joints.

The next two feature types are the joint point-cloud feature and the hand depth shape feature
automatically extracted by the deep learning models in an end-to-end fashion. With the recent success
of the hand pose regression problem in using 3D reconstruction from depth data to the point-cloud
and voxel [35,36], we opted to use Point-Net [37] to learn the 3D geometric features. Instead of using
all 3D points in the hand depth data reconstructed from the point-cloud, we propose to only use the
3D world space hand joints as the key points for Point-Net. Regarding the hand depth shape feature,
we propose to use the middle layer of the encoder-decoder hand segmentation model as the hand
depth shape feature.

Finally, we propose the multi-level feature LSTM model to train on every hand gesture feature.
Our architecture firstly uses the LSTM filter layer to exploit the long-term dependencies between
the frames and reduce the complexity of the input feature. After the first LSTM layer, we use the
self-attention mechanism and three kinds of blocks, namely, Con1D, Conv2D, and LSTM, to exploit
the spatial and temporal coherency in the feature spaces. The LSTM filter layer will send the encode
states to the feature LSTM layer to help the second LSTM learn better.

Note that for hand gesture feature extracting from deep learning models, they will be integrated
into the hand gesture recognition model to fine-tune again during the training phase of the dynamic
gesture recognition model.

Finally, we use the average pooling layer to integrate the classification probability for all separate
models for every hand gesture feature. Our result will classify the type of gestures.

3.3. Hand Skeleton Normalization

The hand skeletal data are received from various camera sensors, the pose of the camera, as well
as the performer. Therefore, we need to normalize the data to the reference pose and size to prevent
over-fitting of the method with respect to the environmental elements.

First, we choose the reference hand Sre f = [x1, x2, ..., xNj ]
T in the dataset with the status of open

and in front of the camera, as in Figure 3. Then, we transform the reference hand so that the palm joint
is at the root coordinate and scale the hand size to fit in the unit sphere as follows:

Snorm = Sre f − xpalm (4)

scale = max ‖xi‖2 , where xi ∈ Snorm (5)

Snorm =
Snorm

scale
(6)

For every skeletal data sequence, we find the optimal rotation R and translation t using [38]
between the hand skeletal data at the first frame St1 and the reference hand Snorm based on the seven
hand joints corresponding to the 3D points (palm, wrist, from the thumb to pinky base joints) as the
least squares error minimization problem:

E =
Nb

∑
i=1

∥∥∥Rxt1
i + t− xnorm

i

∥∥∥
2
−→ 0 (7)

where xt1
i ∈ base joints (St1), xnorm

i ∈ base joints (Snorm), and Nb = 7 is the number of base joints
(palm, wrist, from the thumb to pinky base joints).
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To solve Equation (7), we find the center of base joints (St1), base joints (Snorm), respectively:

xt1
center =

1
nt1

nt1

∑
i=1

xt1
i (8)

xnorm
center =

1
nnorm

nnorm

∑
i=1

xnorm
i (9)

where nt1 = |base joints (St1)|, and xt1
i ∈ base joints (St1); similarly, nnorm = |base joints (Snorm)|,

and xnorm
i ∈ base joints (Snorm). Then, we calculate the Singular Value Decomposition (SVD) of the

co-variance matrix H to find the rotation transformation R as follows:

H =
(

base joints (St1)− xt1
center

)
(base joints (Snorm)− xnorm

center)
T (10)

U, S, V = SVD (H) (11)

R = VUT (12)

We address the reflection case of the SVD results by checking the determinant |R| < 0 and fixing
again as the equation below:

U, S, V = SVD (R) (13)

V [column3] = −1 ∗ V [column3] (14)

R = VUT (15)

Finally, the translation is calculated as below:

t = xnorm
center − R× xt1

center (16)

hand ref before transform after transform

Frame 1

calculate 
M

apply
M

Frame 2 Frame 3

Step 1 Step 2

Frame 1 Frame 2 Frame 3

Figure 3. Hand skeleton normalization. We will calculate the rotation, translation, and uniform scale of
the first hand skeleton to the reference hand skeleton. Then, the matrix transform will be applied to the
remaining hand skeletons.

3.4. Hand Depth Normalization

Given that Ht = (xt, yt, wt, ht) is the bounding box of the hand region at time t, the hand skeleton
data Dt are extracted from the depth data It by It (Ht). There are many background and noisy pixels,
which are often the isolated depth pixels in the hand depth data Dt. The morphology operator in
image processing is used to eliminate them.

For the background pixel elimination problem, the depth values of pixels in the hand region
gather around the centroid Mcentroid of the hand depth values. Therefore, the depth threshold tdepth is
used to remove the background pixels as follows:

Dt (x, y) =

{
Dt (x, y) |Dt (x, y)−Mcentroid| < tdepth

0 otherwise
(17)

where the centroid Mcentroid = Mode (Dt). All depth values after removing isolated and background
pixels are normalized to [0, 1].
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4. Hand Posture Feature Extraction

A dynamic hand gesture often consists of two components: motion and shape. Motion components
contain the changing information with respect to time of the overall hand for global motions and the
fingertip positions for local motions. The shape components represent the hand shape at the specific time
by the hand joint positions and hand components (palm, wrist, fingers at the base, middle or tip regions)
in the corresponding domains (skeleton or depth).

In this study, we only calculate the global motions of the overall hand. The local motions can be
exploited from the hand shape changes with respect to time. Therefore, the hand shape feature models
sometimes archive better performance than the motion models due to capturing the local motions
from the shape changes.

Furthermore, there are three ways to divide the types of hand posture features. The first group
is based on skeleton and depth data. The second group is based on the means of feature extraction,
such as the handcrafted features and deep learning features. The last group is the components of the
gesture, such as motion and shape.

In this section, we mention three main groups: handcrafted skeleton features (motion, skeleton
shape, and normalized points), joint point-cloud feature (input from normalized points to exploit 3D
geometric characteristic), and depth shape feature (input from the depth data to determine the hand
components).

4.1. Handcrafted Skeleton Features

4.1.1. Motion Feature Extraction

We represent the global motion Smotion of the specific hand by the changes of the palm coordinate
Sdir, the angle between the palm and wrist joint Srot, and the major axis of all hand joints Smaj:

Smotion =
{

Sdir, Srot, Smaj
}

(18)

The translations of the hand that determine Sdir by the direction of the two palm joints at two
consecutive times ti and ti+1 are calculated as below:

St
dir =

xt
palm − xt−1

palm∥∥∥xt
palm − xt−1

palm

∥∥∥
2

(19)

Sdir =
{

St
dir
}

(20)

The rotation of the hand represents the sign of the angles between the wrist and palm joints using
the dot product operator as below:

St
rot =

xt
wrist.x

t
palm∥∥xt

wrist

∥∥ ∥∥∥xt
palm

∥∥∥ (21)

Srot =
{

St
rot
}

(22)

Furthermore, we propose to use the changes in the major axis of all hand joints to more precisely
express the orientation of all hand joints. The major and minor axes of the hand joints correspond to
the eigenvectors of the covariance matrix of the set of hand joints:

Cov
(
St) = 1

Nj

Nj

∑
i=1

(
xt

i − x̄t
i
) (

xt
i − x̄t

i
)T (23)

Ut, St, V t = SVD
(
Cov

(
St)) (24)

Ut =
[
vt

1, vt
2, vt

3
]

(25)
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where x̄t
i is the center of the 3D hand joint coordinates St and {vi} is the eigenvectors forming the

orthogonal basis, as well as the major axes. Hence, the major axis feature Smaj is expressed as:

St
maj =

{
vt

i
}3

i=1 (26)

Smaj =
{

St
maj

}
(27)

4.1.2. Hand Skeleton Shape Extraction

The role of hand shape in the dynamic hand gesture recognition determines the movement of the
joints and components of the local motion. Therefore, we represent the hand skeleton shape Skshape
with two components: the movement of the joints with respect to their neighbors Skmov and the angle
of the joints with respect to two neighboring joints Skrot, as shown in Figure 4:

Skshape = {Skmov, Skrot} (28)

Regarding the shape descriptor of the movement of a hand joint with respect to its neighbors,
we use all displacements at a point with respect to the remaining points with no overlap between the
two points as follows:

St
kmov =

{
xt

j − xt
i
∣∣ i < j and i, j ∈

[
1, Nj

]}
(29)

Skmov =
{

St
kmov

}
(30)

In this study, with Nj = 22, there are in total C2
Nj

= 231 elements in St
kmov. Besides the local

movement features, we also suggest the angles between one joint and two distinct joints as the features
to exploit the local rotation in the dynamic gesture. This is calculated as:

St
krot =


(

xt
j − xt

i

)
.
(

xt
k − xt

j

)
∥∥∥(xt

j − xt
i

)∥∥∥ ∥∥∥(xt
k − xt

j

)∥∥∥
∣∣ i < j < k and i, j, k ∈

[
1, Nj

] (31)

Skrot =
{

St
krot
}

(32)

Similarly, the number of angle features at time t is C3
Nj=22 = 1540.
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Figure 4. Hand skeleton shape calculated by the movement and rotation of joints with respect to their
neighbors. There are 22 joints in the hand skeleton data numbered from 0–21: 0 (wrist), 1 (palm),
2–5 (thumb), 6–9 (index), 10–13 (middle), 14–17 (ring), and 18–21 (pinky).
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4.1.3. Normalized Points

Finally, we directly use the hand joint coordinates at time t normalized St
points to the classification

model for gesture recognition as below:

St
points =

{
xt

i
}

(33)

Spoints =
{

St
points

}
(34)

4.2. Joint Point-Cloud Feature Model

With the success of deep learning networks, various computer vision tasks can extract the features
and automatically classify the object in an end-to-end fashion. Therefore, we aimed to build our
feature models to exploit the 3D geometric transformation features from the point-cloud and the visual
features from the depth data.

The joint point-cloud feature model facilitates the learning of the 3D geometric transformation
features from the 3D point-cloud. In the hand gesture data, there are two ways to construct the
point-cloud. Firstly, we can reconstruct the hand depth data into a set of 3D points. This approach is
hindered by the unordered attributes of the point-cloud, the alignment between the points at different
times, and the processing cost to convert and process. Secondly, the hand joint points of the gesture
can represent the point-cloud. This has the advantages of the order of the set and the alignment of the
joints by time.

Due to the low resolution of the skeletal point-cloud, we chose PointNet [37], as shown in Figure 5,
to learn deep features in the 3D geometric transform in an end-to-end fashion.n x 3 InputT-Net n x 3 MLP n x 6464x64 Feature T-Net n x 64 MLP64x128x1024 n x 1024 Max Pooling 1024 featuresx

Input Transform
x

Feature Transform
x Matrix Multiply

Figure 5. Point-Netarchitecture [37].

Therefore, the joint point-cloud feature model fpoint_cloud is expressed as:

St
point_cloud = fpoint_cloud

(
St

i
)

(35)

Spoint_cloud =
{

St
point_cloud

}
(36)

where St
point_cloud is the point-cloud feature at time t from fpoint_cloud.

Point-Net is comprised of the transform blocks, MLP blocks, and one max-pooling layer.
The transform blocks can be represented as a function f to map a point set (input T-Net) or a feature
point set (feature T-Net) to a feature vector with permutation invariance and geometric transformations
as follow:

f trans
point_cloud

(
St

i
)
= γ

(
max

{
h
(
St

i
)})

(37)

where xt
i is the point-cloud, h is the MLP block to capture the feature of the point set, γ is the symmetric

function as an appropriate rigid or affine transformation with a 3× 3 matrix transform to achieve the
normalization, and the operator max selects highly activated values from the point features. After every
transform block, there are MLP blocks to learn and extend the feature size. Finally, the max-pooling
layer will return the feature values of the point-cloud.
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In this study, the joint point-cloud model was integrated as a child block of the dynamic hand
gesture recognition model to learn point features from scratch while training the gesture classification.

4.3. Depth-Shape Feature Model

The depth shape feature model fdepth_shape plays the role of the feature extraction block to obtain
the feature vector that presents the hand shape in the depth data. The depth shape feature model in
our study is based on the U-Net architecture [39] to learn the hand components from segmenting hand
regions from depth data. It can be expressed as:

Dt
depth_shape = f e

depth_shape
(

Dt) (38)

Ht
mask = f d

depth_shape

(
Dt

depth_shape

)
(39)

Ddepth_shape =
{

Dt
depth_shape

}
(40)

or:
Ht

mask = f d
depth_shape

(
f e
depth_shape

(
Dt)) (41)

where f e
depth_shape is the encoder function to encode the depth data as the depth shape feature

Dt
depth_shape at time t while f d

depth_shape is the decoder function to map the encoder feature to the

hand component masks Ht
mask by one-hot encoding.

U-Net, as shown in Figure 6, consists of the encoder and decoder blocks and the skip connections
between them. The structure of the encoder can be based on the common visual image classification
models such as VGG16 [40], Resnet50 [41], etc. The backbone of the encoder using VGG16, as shown in
Figure 6, has five blocks of two convolution layers, batch-normalization, and max-pooling. The encoder
block converts the depth data input into the encoded features, then the decoder blocks convert the
encoded features into the semantic representation of the input data with the hand component masks in
the background, palm, thumb, index, middle, ring, and finger regions. The role of the skip connections
helps our model to be trained stably and achieve a better result by passing the features from the
encoder to the decoder at the same levels concurrently with the features from the decoders below.
Through the skip connection, the model can keep learning even when the deeper encoder and layer
cannot learn by the dying ReLU problem or the vanishing problem.

Feature
Conv2D
Batch Norm
Max Pool

skip connection

Upsampling

En
co

de
r

D
ec

od
er

Figure 6. Hand component segmentation model to extract depth shape features.
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The middle block between the encoder and decoder blocks is the feature block to return the
feature vector. To enhance the feature vector, the hierarchical depth shape feature combines Blocks 3
and 4 of the encoder, as shown in Figure 6.

For the dataset for training the depth shape, it should focus on the hand components instead of
only the hand pose due to the complex structure of the hand such as the small size and self-occlusions.
In this study, Finger-Paint [42] is a suitable dataset with all the requirements.

For the loss function, the soft Dice loss [43] is a good choice in the unbalanced cases among the
segmentation regions. Since the palm region often has a larger size compared to finger regions in the
hand components, the loss function measures the overlap between the two regions the object region
and the non-object region, in the binary classification. In the multi-class classification problem, the final
score will be averaged with the Dice loss of each class expressed as:

L
(

ytrue, ypred

)
= 1− 1

Nc

Nc

∑
c=1

2 ∑pixels yc
trueyc

pred + ε

∑pixels (yc
true)

2 + ∑pixels

(
yc

pred

)2
+ ε

(42)

where c is the region of the hand components including the Nc regions (background, palm, thumb,
index, middle, ring, pinky); yc

true and yc
pred are the ground-truth and the prediction of the hand

component masks, respectively, in region c.

5. Our Network Architecture

From the hand feature extraction step, the system receives handcrafted skeleton features
(Smotion, Sskeleton_shape, and Spoints), the joint point-cloud feature Spoint_cloud, and the depth shape feature
Ddepth_shape. In general, let χ

{
Gt} be a feature transform of a gesture Gt at time t using one of the

feature extractions mentioned. Our proposed model shown in Figure 7 uses the first LSTM layer [44]
for a time series of features extracted from gesture data to exploit the long-term dependencies and
encode them into a sequence the same as the length of the input gesture with the specific feature size.
The encoder LSTM layer can be expressed as follows:

ht
1, ct

1 = LSTMCell
(

Gt, ht−1
1 , ct−1

1

)
(43)

h1 =
{

ht
1

}
, c1 =

{
ct

1
}
= LSTM (G) (44)

where h1 and c1 are the set of hidden state ht
1 and cell state ct

1 at time t. If the feature transform χ

is the deep learning feature model such as Spoint_cloud and Ddepth_shape, the proposed model can be
straightforward to fine-tune again the feature model integrated in it.

h1 plays the role of the normalized encoding features containing long-term dependencies, and c1

is the cell state in the LSTM used to transfer to the next layer the states for the other LSTM or as an
attention vector.

The encoding feature vector h1 gives the Con1D pyramid block, the Conv2D pyramid block,
as well as the LSTM block to exploit the temporal-spatial coherency, as shown in Figure 8.

The Conv1D pyramid block contains the Conv1D blocks with every block consisting of the
Conv1D layers and the dropout layer with different filter sizes. Global average pooling is in the last
position to capture the feature vector by exploiting h1 on its feature axis.

The Conv2D pyramid block consists of the same Conv2D blocks as the VGG16 block,
which contain the Conv2D layers, dropouts, and max-pooling at the end of the block. It will
exploit features in the time-step and feature axis of the input, select the high values by max-pooling,
and down-sample the input on the time-step axis. Finally, the global average pooling layer will
compress and return the feature vector.
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Figure 7. Multi-level feature LSTM architecture.
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Figure 8. The structure of the LSTM block, Conv1D, and the Conv2D pyramid block.

Unlike Conv1D and the Conv2pyramid block, the input of the LSTM model from h1 and c1 of
the previous LSTM layer c1 will help the model learn h1 better by inheriting the cell state from the
previous LSTM layer.

Finally, all features are concatenated from the building blocks and added to the dense layers to
classify the gestures.

For the loss function, we use the Category Cross-Entropy (CCE) for classification expressed as:

CCE
(

ytrue, ypred

)
= −

C

∑
i=1

ytrue log ypred (45)



Appl. Sci. 2020, 10, 6293 14 of 28

6. Experiments and Discussion

6.1. Training Datasets

6.1.1. Depth-Shape Model

In this work, we selected a suitable dataset for training the depth shape model. The depth
shape model needs to focus on the hand components clearly for the recognition of the various hand
poses including the hard cases with small-sized hands and self-occlusion hand pose. For this reason,
we chose the FingerPaintdataset, as shown in Figure 9, by Sharp et al. [42]. There were five performers,
A, B, C, D, and E, with three hand pose subjects to record in the dataset. Regarding the hand pose
subjects, the “global” subject focused on the large global movements while the hand pose was almost
static; the “pose” subject consisted of gestures with only moving fingers and no hand movement;
finally, the “combined” subject was attributed to two subjects, “pose” and “global”. There is also the
special topic of “penalization”, which was based on the performer.

(a) (b)

Figure 9. Hand depth data (a) and hand component label (b) in the FingerPaint dataset.

There was a total 56,500 hand poses with the statistical number of hand poses based on the
performer per subject shown in Table 1.

Table 1. Number of hand poses of every performer per subject.

Subject A Subject B Subject C Subject D Subject E

Global 3500 3500 3500 3500 3500

Pose 3500 3500 3500 3500 3500

Combined 3500 3500 3500 3500 3500

Personalization 800 800 800 800 800

To enhance the segmentation performance, a survey was conducted on the number of pixels
between hand components only focusing on the hand region. Figure 10a shows the statistic result of
all regions and Figure 10b illustrates on the other regions except the background region.
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(a)

(b)
Figure 10. Number of pixels of the regions in the FingerPaint dataset on all regions (a) and regions
without the background (b).

There was an unbalance between the background and the remaining regions. Without the
background, the number of pixels in the forearm and palm regions was larger than the finger regions.
For training, we did a split of 70%/30% of every subject and performer for training/validation.
Additionally, we used rotation, translation, and scaling by 10% for data augmentation during the
training process.

6.1.2. Dynamic Gesture Recognition

For the dynamic hand gesture recognition, we chose the Dynamic Hand Gesture (DHG) dataset
containing the hand skeleton and hand depth data suitable for our method. There were 20 performers
making up the dataset. Every person performed five gestures in two different ways: using one finger or
the whole hand. The dataset had a total of 2800 sequences with 1960 for training and 840 for validation.
Every sequence was labeled with 14 or 28 gestures depending on one finger or the overall hand for the
ground-truth, as shown in Table 2.

A dynamic hand gesture had a length from 20 to 150 frames. Every frame consisted of a depth
image of size 640 × 480, the skeleton information in the image coordinate, and the world coordinate of
22 hand joints captured by the Intel RealSense camera. Figure 11 shows samples of the gestures in the
DHG dataset.
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Table 2. List of gestures in the Dynamic Hand Gesture (DHG) dataset.

14 Classes 28 Classes Gesture Label

1 1, 2 Grab Fine

2 3, 4 Expand Fine

3 5, 6 Pinch Fine

4 7, 8 Rotation CW Fine

5 9, 10 Rotation CCW Fine

6 11, 12 Tap Coarse

7 13, 14 Swipe Right Coarse

8 15, 16 Swipe Left Coarse

9 17, 18 Swipe Up Coarse

10 19, 20 Swipe Down Coarse

11 21, 22 Swipe X Coarse

12 23, 24 Swipe V Coarse

13 25, 26 Swipe + Coarse

14 27, 28 Shake Coarse

(a) (b)

0
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4
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7

8

9
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11

12

13

14

15

16

17

18

19

20

21

5

1

(c)

Figure 11. A sample hand posture in the DHG dataset: (a) hand depth data with drawing the hand
bounding box and the 22 hand joints; (b) hand regions in zoom mode; (c) 22 hand joints with 0 (wrist),
1 (palm), 2–5 (thumb), 6–9 (index), 10–13 (middle), 14–17 (ring), and 18–21 (pinky).

6.2. Setup Environments, Metrics, and Training Parameters

Environments: Our program was developed with Python 3.5 using the TensorFlow Keras
framework to build the deep learning models. Our program ran on a desktop PC with Intel Corei7
8700k with 32 GB of RAM and one graphic card GeForce GTX 1080 Ti.

Metrics: For the depth shape model in the hand component segmentation, we used the metric
mean IoU to evaluate our segmentation results. This is the intersection over union between the
ground-truth and prediction on every hand region. We used eight hand regions: background, palm,
forearm, thumb, index, middle, ring, and pinky.

MeanIoU =
C

∑
i=1

TPi
(TPi + FPi + FNi)

100 (46)

where C is the number of hand regions and TPi/FPi/FNi the true positive/false positive/false negative
for region i.
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For the dynamic hand gesture recognition, we quantified them based on the accuracy between
the prediction and ground-truth and the time cost for predicting a gesture.

Parameters in training: We performed a temporal augmentation on the sequence length of a hand
gesture by randomizing the position of the first frame and getting 32 frames with equal step sizes.
For the spatial augmentation of the depth data, we used basic transforms, such as random rotation by
45 degrees, translation by 5%, and scaling by 10%, based on the frame size.

For training the model, we used Adam [45] with a learning rate of 0.001 and for the first time
training reducing the learning rate on the plateau. For the fine-tuning step in the previous training,
we used SGD [46] to train with a learning rate ranging from 0.004 to 0.0001 using the cosine annealing
learning rate schedule.

Experimenting with the features and models: We conducted the experiments based on the list of
features shown in Table 3.

Table 3. List of hand features.

No. Name Features Input Description

1 Motion Motion Skeleton
Movement, rotation, and
major axes of the hand

2 Skeleton Shape Hand Shape Skeleton
Movement, rotation of joints
with neighbors

3 Points Raw data Skeleton Normalize hand joint points

4 Joint point-cloud 3D geometric transformation Skeleton Point-Net model

5 Depth shape Hand components Depth Palm, thumb, index, etc., regions

There was a total of five hand features from the two input types, skeleton and depth. We
divided the groups of features as the motion group (learning the global motion of hand gestures) with
feature motion, hand shape (capturing the changes of hand components) with feature skeleton shape,
joint point-cloud, and depth shape, and the others with the feature input by the normalizing points.

For the experiments on our proposed models, we divided our proposed model into with/without
Con1D-2D pyramid blocks, as in Table 4.

Table 4. List of the proposed models.

No. Model Name

1 Multi-Level Feature LSTM without Conv1+2D (MLF LSTM)
2 Multi-Level Feature LSTM with Conv1+2D (MLF LSTM Conv1-2D)

6.3. Results on Hand Component Segmentation

We trained our depth shape models with three types of backbones: VGG16 [40], MobinetV2 [47],
and Seresnext [48]. Our results are shown in Table 5.

Table 5. Results of hand component segmentation.

Backbone Mean IoU

VGG16 82.30%
MobilenetV2 84.00%

Seresnext 86.40%

We achieved the highest mean IoU with the backbone Seresnext and, therefore, chose this backbone
for our depth shape model. Figure 12 shows the quality of the depth shape model with the backbone
Seresnext compared to the ground-truth.
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(a) (b) (c)

Figure 12. Results of hand component segmentation using the Seresnext backbone with the
ground-truth depth (a), ground-truth labels (b), and Seresnext (c).

6.4. Results Using the Single Hand Features

We conducted the experiments on two models, MLF LSTM and MLF LSTM with Conv1D and the
Conv2D pyramid block, to analyze the influence of single hand features on the DHG dataset with 14
and 28 classes. The results are shown in Table 6.

Table 6. Performance results of the two models using the separate hand features.

14 Classes 28 Classes

No. Features MLF LSTM MLF LSTM
Conv1-2D MLF LSTM MLF LSTM

Conv1-2D

1 Motion 80.23 82.5 72.85 70.23
2 Skeleton shape 74.76 74.16 70.83 69.4
3 Joint point-cloud 68.92 85.11 56.07 70.23
4 Points 88.33 88.09 82.97 83.09
5 Depth shape 92.26 90.71 87.61 88.33

Motion features are better with the gestures focusing on global movement. However, when
performing the complex gestures using from one finger (14 classes) to all fingers (28 classes), the motion
features decrease significantly from 82.5% to 70.23%.

The performance of the models using the depth shape feature only was reduced slightly from
92.26% and 90.71% down to 87.61% and 88.33%. Depth shape features also give the best accuracy of
all the features, because they help the model recognize the local motion and also capture the changes
of the depth values between two consecutive frames, enabling the model to learn the optical flow
features; therefore, the model can recognize global motion.

Upon comparison of the performance between the two models, MLF LSTM Conv1-2D gives better
results when using joint point-cloud features with 85.11%/68.92% on 14 classes and 70.23%/56.07% on
28 classes. In contrast, MLF LSTM shows better results of 92.26% and 87.61% on 14 and 28 classes as
compared to MLF LSTM Conv1-2D with 90.71% and 88.3%. The different between the two models is
the training from scratch and the training from the pre-trained weight.

Figure 13 shows the false cases using the depth shape on DHG 14 and 28. For the 14 classes,
the gestures grab and pinch are greatly confused. From 14 to 28 classes, the confusion occurred
between grab and pinch in both the one finger gesture and all-finger gesture. Rotation CW(1) and (2)
are nearly confused the same between the one finger gesture and the all-finger gesture.
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(a)

(b)
Figure 13. Confusion matrix of the best models using the singleshape feature on DHG 14 (accuracy
of 92.26%) (a) and DHG 28 (accuracy of 88.33%) (b). The red circles are the false cases causing the
confusion in recognition.

6.5. Experiment 2: Effects of Hand Features in the Skeleton Data

This experiment shows the influences among hand features from skeletons, as shown in Table 7.
It has an important role in real-time applications with high requirements for the processing time.

The model using motion features achieved 82.50% on the 14 classes and 72.85% on the 28 classes.
When we added hand shape skeletons, our model could capture the local motion between the fingers,
increasing our accuracy from 82.50% to 84.52% on the 14 classes and from 72.85% to 82.02% on the
28 classes.
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Moreover, the joint point-cloud model could learn good features in 3D geometry and improve the
performance of our model by 5.07% (14 classes) and 2.98% (28 classes). Finally, when we integrated
normalized point features, we achieved good accuracy on the skeleton data, 93.45% (14 classed) and
90.11% (28 classes).

In Figure 14, the red circle on the left confusion matrix points out the weakness of the model
using the motion + skeleton shape feature. The model confused the grab and pinch gestures with
the false cases being 27%. In contrast, the joint point-cloud was better with the false cases being
13%. Therefore, the combined results of the two models increased the accuracy from 84.52% to 90.59%
(6.07% increase).

(a)

(b)
Figure 14. Confusion matrix of prediction results using the MLF LSTM Conv1-2D model with the
features motion + skeleton shape (accuracy of 84.52%) (a) and joint point-cloud (accuracy of 85.11%)
(b) on DHG-14.
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Table 7. Performance results on the skeleton data.

14 Classes 28 Classes

No. Features MLF LSTM MLF LSTM
Conv1-2D MLF LSTM MLF LSTM

Conv1-2D

1 Motion 80.23 82.50 72.85 70.23

2 Motion + Skeleton-Shape 86.07 84.52 82.02 81.19

3
Motion + skeleton shape

+ joint point-cloud 89.52 90.59 85.47 86.78

4
Motion + skeleton shape

+ joint point-cloud + points 93.45 93.69 89.40 90.11

6.6. Experiment 3: Comparison of Input Data

Table 8 shows that our model achieved the best result on the 14 and 24 classes with 96% and 94.4%
combining the skeleton and depth data. Our confusion matrices are as shown in Figures 15 and 16.

Table 8. Overall performance results.

14 Classes 28 Classes

No. Input MLF LSTM MLF LSTM
Conv1-2D MLF LSTM MLF LSTM

Conv1-2D

1 Skeleton 93.45 93.69 89.4 90.11
2 Depth2D 92.26 90.71 87.61 88.33
3 All 96.07 94.28 94.4 92.38

Moreover, the model with skeleton input performed better than that with depth data. Because it
uses much GPU resource, the model using depth data addresses the performance problem in
real-time applications.

6.7. Experiment 4: Comparison with Related Works

We made a comparative survey of the previous works on the dynamic hand gesture recognition,
as shown in Table 9. Smedt et al. [12] built the DHG dataset and conducted their experiments based on
the Fisher vector to extract features from the Shape of Connected Joints (SoCJ), built temporal pyramid
features, and classified by SVM. Their works achieved state-of-the-art performances of 86.86% and
84.22% on DHG 14 and 28, respectively, with the traditional approach. Using deep learning with the
dynamic graph and attention mechanism, Chen at al. successfully achieved the highest accuracy of
91.9% and 88% on DHG 14 and 28 by the deep learning approach.

Due to the multi-modal features between enhancing traditional features and integrating the joint
point-cloud model for exploiting the 3D geometric transform, our method gave better results than the
other two. The proposed method gave 93.69% and 90.11% on DHG 14 and 28 using skeleton data,
as well as 96.07% as 90.11% using both depth and skeleton data.
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Table 9. Comparison with the related works. SoCJ, Shape of Connected Joints.

Method Input Year DHG 14 DHG 28

HOG2 [14] Depth 2013 81.85 76.53

HON4D [22] Depth 2013 75.53 74.03

MotionManifold [49] Skeleton 2015 76.61 62

SkeletalQuads [50] Skeleton 2014 84.5 79.43

Fea-SVM [51] Skeleton 2014 50.32 30.85

3D Key Frame [52] Depth 2017 82.9 71.9

MotionFeature+RNN [32] Skeleton 2017 84.68 80.32

CNN+LSTM [53] Skeleton 2017 85.6 81.1

STA-Res-TCN [54] Skeleton 2018 89.2 85

Parallel CNN [55] Skeleton 2018 91.28 84.35

NIUKF-LSTM [56] Skeleton 2018 84.92 80.44

ST-GCN [57] Skeleton 2018 91.2 81.7

SoCJ+HoHD+HoWR [34] Skeleton 2019 86.86 84.22

DG-STA [58] Skeleton 2019 91.9 88

GREN [59] Skeleton 2020 82.29 82.03

Our proposed method Skeleton 93.69 90.11

Our proposed method Depth 92.26 88.33

Our proposed method Overall 96.07 94.4

Our confusion matrices for the proposed methods are as shown in Figures 15 and 16.

(a)
Figure 15. Cont.
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(b)
Figure 15. Confusion matrix of the best prediction results on the skeleton data: MLF LSTM Con1-2D
with skeleton data (accuracy of 93.69%) (a) on DHG-14 and MLF LSTM Conv1-2D with skeleton data
(accuracy of 90.11%) (b) on DHG-28.

(a)

Figure 16. Cont.
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(b)
Figure 16. Confusion matrix of the best prediction results using depth + skeleton data: MLF LSTM
(accuracy of 96.07%) (a) on DHG-14 and (accuracy 92.38%) (b) on DHG-28.

7. Conclusions

In this study, we build a novel method for benefiting from the MLF LSTM model from the 3D
geometric transformation and displacement features in hand skeleton data, as well as the hand shape
features in depth data from the hand component segmentation model. For the hand skeleton feature
approach, we improve the handcrafted features in the motion features by adding the major axes and
the skeleton shape through the displacement and rotation of the hand joints with respect to their
neighbors. We propose using PointNet in the joint point-cloud model to exploit the 3D geometric
transformation on the skeletal data. Our skeleton features improve the performance of our model over
the state-of-the-art accuracy with 93.69% and 90.11% on DHG 14 and 28.

For the hand depth feature approach, we also propose using the hand component segmentation
features from the depth shape model to recognize the hand shape. Our pre-trained depth shape
model was based on U-Net with the Seresnext backbone. Our model using depth shape features gives
improved performance with accuracies of 92.26% and 88.33% on DHG 14 and 28.

To learn from the two features, we propose MLF LSTM using Conv1D, the Conv2D pyramid
block, and the LSTM block to exploit the hand features. Our model, using depth and skeleton data,
gave the best performance with an accuracy of 96.07% and 94.4%. Upon comparison of our model
with related works, our model achieves the best results.

In the future, we need to exploit the point-cloud features in the whole hand and enhance the LSTM
model to natively integrate the diversity of features from the handcrafted features in the time-series
the feature vector from the visual deep learning model and the point-cloud model.
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