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Abstract Aiming at the problems of accurate and fast hand
gesture detection and teleoperation mapping in the hand-based
visual teleoperation of dexterous robots, an ef cient hand gesture
detection framework based on deep learning is proposed in this
article. It can achieve an accurate and fast hand gesture detection
and teleoperation of dexterous robots based on an anchor-free
network architecture by using an RGB-D camera. First,an RGB-D
early-fusion method based on the HSV space is proposed, effectively
reducing background interference and enhancing hand informa-
tion. Second, a hand gesture classi cation network (HandClasNet)
is proposed to realize hand detection and localization by detecting
the center and corner points of hands, and a HandClasNet is
proposed to realize gesture recognition by using a parallel Ef -
cientNet structure. Then, a dexterous robot hand-arm teleoper-
ation system based on the hand gesture detection framework is
designed to realize the hand-based teleoperation of a dexterous
robot. Our method achieves high accuracy with fast speed on public
and custom hand datasets and outperforms some state-of-the-art
methods. In addition, the application of the proposed method in
the hand-based teleoperation system can control the grasping of
various objects by a dexterous hand-arm system in real time and
accurately, which veri es the ef ciency of our method.
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. INTRODUCTION

OBOT teleoperation technology can be applied in many

fields, such as industry teaching programming, warehous-
ing and logistics, medical treatment, aerospace, and home ser-
vice. It mainly combines human decision-making ability with
the operational performance of robots to solve limited robot au-
tonomy. By doing so, robots can use humans’ cognition, creativ-
ity, and reactivity to complete complex operational tasks. Tra-
ditional robot teleoperation technology has made breakthrough
progress [1]. However, owing to the characteristics of dexterous
robots with multiple degrees of freedom, multiple drives, and
dexterity, teleoperation for dexterous robots, such as multifinger
dexterous hands, still has many shortcomings in research. In the
last decade, great progress has been made in teleoperation for
dexterous hands [2]. However, most of the current methods use
invasive devices, such as data gloves [3], SEMG sleeves [4], and
markers [5], to detect hand positions and gestures of humans.
The main difficulties are shown as follows: 1) the similarity,
occlusion, and diversity of hand gestures bring huge challenges
to hand detection [6] and 2) owing to the inconsistency of
operating spaces, coordinate systems, and structures of human
hands and the dexterous hand robots, how to transfer the gestures
and positions of the human hands to the dexterous hand robots
effectively is a difficult problem in current research.

Hand detection is a key technology for hand-based visual tele-
operation, and its detection accuracy and speed play an impor-
tant role in the subsequent gesture recognition and information
transmission. Thisarticle also focuses on this technology. For the
visual detection of hands, since the current public datasets, such
as Egohands [7] and Oxford hands [8], are all RGB image data.
RGB images have problems such as complex background, insuf-
ficient lighting, and overexposure. These interferences seriously
affect the accuracy of hand detection and localization. With the
development of depth cameras in recent years, some commer-
cialized cheap depth cameras have appeared, such as Kinect,
RealSense, and Xtion PRO. Based on these depth cameras, a
series of 3-D hand detection methods are proposed, which can
help to improve hand detection accuracy [9]. However, these
3-D hand detection methods are mainly based on 3-D point
cloud data, which often cannot achieve high-speed performance.
Related methods are not suitable for application in hand-based
visual teleoperation. How to effectively fuse RGB and depth
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images and achieve a high speed of hand gesture detection is
difficult in current research.

A novel method for accurate and fast hand gesture detection
using an RGB-D camera is proposed in this article. It is a
deep-learning-based method that can significantly improve hand
gesture detection accuracy and real-time performance. To begin,
an RGB-D early-fusion method based on the HSV space is
proposed to solve the problem of slow hand detection speed
caused by using a large amount of 3-D point cloud data, which
can enhance hand information without increasing the amount of
data. Second, the fused data are input to a designed anchor-free
hand detection network (HandDetNet) based on keypoint detec-
tion, realizing fast and accurate hand detection and obtaining
3-D positions of hands. Then, for the problem of teleoperation
mapping from a human hand to the robot hand-arm system, a
simple method is proposed by directly transmitting the semantic
information of hand gestures. Hand images after cropping and
removing the background are input to a lightweight hand gesture
classification network (HandClasNet) to obtain hand gesture
information for teleoperation. After that, the above two networks
are trained and verified on a custom and two public datasets,
which proved the efficiency and superiority of our proposed
hand gesture detection and recognition methods. Finally, the
proposed hand gesture detection method is applied to a designed
gesture-based robot hand-arm teleoperation system to realize
efficient teleoperation.

More specifically, the main contributions of this article are
listed as follows.

1) An RGB-D early-fusion method based on the HSV space
is proposed, which combines RGB and depth images into
anew 2-D image, which maximizes the fusion of effective
information and reduces cost time without increasing the
amount of data.

2) A hand gesture detection network based on the anchor-
free structure is proposed. The framework consists of a
HandDetNetand a HandClasNet. The HandDetNet detects
the range of the hand by detecting the center and corner
points of hands to realize fast and accurate hand detection
and localization. And the HandClasNet uses a parallel
EfficientNet structure to classify the detected and cropped
hand gesture images.

3) A custom multigesture multiscale multiview hand detec-
tion (3MHand) dataset is made, which is mainly used for
human-robot interaction (HRI), human—computer inter-
action (HCI), and robot teleoperation.

4) A hand-based visual teleoperation system is designed for
hand-arm robot control, which includes a hand operation
space and a robot hand-arm movement space. And a
teleoperation method based on human-robot collaboration
control is designed, which can realize complex teleopera-
tion grasping tasks.

The rest of this article is structured as follows. Section Il
introduces related works, including hand-based visual robot
teleoperation, deep-learning-based hand detection algorithm,
and hand detection datasets. Section Il introduces the pro-
posed hand gesture detection method, including the data fusion
method, the hand gesture detection method, and the 3MHand

dataset. Section IV introduces the dexterous robot hand-arm
teleoperation system. The experiment is introduced in Section V.
Finally, Section VI concludes this article.

Il. RELATED WORK
A. Hand-Based Visual Robot Teleoperation

There are currently few studies on hand-based visual robot
teleoperation, but some scholars have investigated this field.
Li et al. [10] from Tsinghua University proposed TeachNet, an
end-to-end neural network that uses a consistent error formula
to control a Shadow robot, a five-finger dexterous hand robot.
After that, this team proposed a multimode mobile hand-arm
robot teleoperation system, which consists of a novel vision-
based hand gesture regression network (Transteleop) and an
inertial-measurement-unit-based arm tracking method [11]. The
proposed wearable camera bracket can realize the simultaneous
control of the hand-arm robot and promote the mobility of the
teleoperation system. Sivakumar et al. [13] from Carnegie Mel-
lon University designed a low-cost, markerless, and no-glove
teleoperation program [12]. The system can capture and transfer
the dexterous operation of five fingers to drive a high-drive
robot system to complete various grasping and operating tasks.
Gomez-Donoso et al. [14] proposed a real-time and accurate
3-D hand pose estimation using a monocular RGB camera. This
method is used for the teleoperation of an AR10 and a Shandow
hands in a virtual environment.

There are two problems with the above methods.

1) The importance of hand detection and localization are
often overlooked. The position information of the hand
is the key to the trajectory of the manipulator’s end.

2) Owing to the difference between the structures of the
human hands and dexterous robots, the mapping from the
hand pose to the robot pose becomes very complicated.

So, the hand-based visual teleoperation method proposed in
this article focused on hand detection and localization, and the
mapping problem from human hands to dexterous robots is
simplified through a hand gesture mapping method.

B. Deep-Learning-Based Hand Detection

Traditional methods for visual hand detection and localization
rely heavily on skin color, motion flow information, and shape
models [8]. The traditional method only extracts shallow infor-
mation from the hand, which is subject to numerous constraints.
Skin-color-based hand detection, for example, is heavily reliant
on skin color information. Suppose that there are objects in the
background with colors that are similar to skin color. In that case,
it is easy to cause false detection, and this method is greatly
affected by changes in illumination. Hand detection based on
motion flow information cannot detect static hands. Complex
backgrounds have a significant impact on shape-model-based
hand detection.

With the application and development of deep learning in
the image field, some methods based on deep learning hand
detection and localization have appeared and achieved certain
results. These methods are mainly divided into two categories.
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Fig. 1.  Pipeline of the hand gesture detection method.

One is to directly use the current popular deep-learning-based
object detection networks for hand detection, such as Faster
R-CNN [15], SSD [16], YOLO [17], [18], and RetinaNet [19].
These methods treat the human hand as a common object for
detection and localization, which have certain limitations. The
other is to design special hand detectors based on the char-
acteristics of hands. Huang et al. [20] proposed a dynamic
region-growing method to detect egocentric hand regions by
jointly considering hand-related movement and self-centering.
Zhang et al. [21] proposed a method based on saliency and skin
color for human hand segmentation in complex environments. A
convolutional neural network (CNN) based on the hand in-plane
rotation is proposed, which can realize effective hand detection
and achieved state-of-the-art performance on the Oxford [8] and
Egohands [7] databases. Based on the above methods and our
previous work [22], [23], [24], [38] on hand detection, a Hand-
DetNet based on the center and corner points of hand is proposed,
which can fully obtain the global and local information of the
hand and effectively improve the accuracy of hand detection
and localization. In addition, RGB and depth images are fused
to reduce the interference of complex backgrounds.

I1l. RGB-D HAND GESTURE DETECTION FRAMEWORK

Hand gesture detection includes hand detection and gesture
classification. Between them, hand detection is a key technology,
which determines the real time and accuracy of subsequent ges-
ture classification and hand teleoperation. Thus, it is a scientific
problem that this article focuses on. Specifically, our hand ges-
ture detection method includes a hand detection dataset module,
a data fusion module, a hand detection module, and a gesture
classification module. As shown in Fig. 1, first, the collected
RGB and depth images containing hand information are fused
in the data fusion module using the HSV-based early-fusion
method. Then, the fused images are input to the hand detection
module for hand detection and localization. The HandDetNet
designed in this article is used as a hand detection model, and
the custom 3MHand is used for training. The hand images are
cropped, and the background is removed based on hand location
and depth information. Then, the processed images are input to

Dexterous Robot

Localization -

Training

7T
seddd B &
ASL Alphabet hands

the hand gesture classification module for gesture classification.
This module uses the designed HandClasNet and is trained on
the American Sign Language (ASL) alphabet dataset. Finally,
the hand 3-D locations output from the HandDetNet and the
hand gestures output from the HandClasNet are passed to the
teleoperation module to realize the hand-arm teleoperation of
the dexterous robot. Each module of the hand gesture detection
method is described in detail below.

A. RGB-D Data Fusion

Image fusion is the process of fusing two or more images
into a new image using a specific algorithm [25]. Hand image
data fusion primarily employs RGB and depth images to obtain
more effective information about hands and remove or reduce
invalid information interference. Image fusion can be classified
into three levels based on the stage of the fusion operation: pixel
level [26], feature level [27], and decision level [28]. Among
them, pixel-level fusion is also called early fusion. Compared
with the feature-level and decision-level fusion, it has the fol-
lowing advantages: 1) there is no need for the parallel network
to extract features on the data, and it can train a single network;
and 2) pixelwise correspondence between different modalities
can be established automatically.

The RGB hand images contain the color information, texture
information, shape information, and posture information of the
human hands, but there are a lot of complex backgrounds.
The depth hand images contain the spatial 3-D information of
the human hands, which can well separate the hand from the
background. But they lack detailed information and have void
interference.

In this article, pixel-level fusion is used to fuse the RGB and
depth hand images, and a fusion method based on the HSV space
is proposed. This method is a simple and efficient fusion strategy,
which can make full use of the hand information contained in the
RGB and depth images and use the spatial information of depth
images to reduce the interference caused by the background of
RGB images.

Specifically, for the hand image information collected at a
certain moment, let the collected RGB image as 1 (R, G, B) and
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the depth image as 1 (D). First, I (R, G, B) from the RGB space
is converted to the HSV space using the following equation:

I(H,S,V) =free nsv(I(R,G,B)) ()

where frgs Hsv IS the conversion function from image RGB
space to the HSV space. H represents the hue of the image and
S represents the saturation of the image. When S = 0, there is
only grayscale. V stands for value, which is the brightness of
the image.

The value of V sometimes interferes with hand detection. We
hope that the area containing the hand can be brighter and the
background can be darker, which will benefit the hand detection.
Because the hand belongs to the foreground object, we consider
changing the image’s brightness through depth information. The
smaller the depth value, the brighter the pixel, and the larger the
depth value, the darker the pixel. To achieve the above functions,
the depth map is transformed first

I(D)=1(255 D). )

Then, the transformed 1(D) is fused with the image
I(H,S,V) in the HSV space to obtain the fused image I nsv.
The equation is

lf sy =1(H,S,D). 3)

After that, the fused image in the HSV space is converted to
the RGB space to obtain the fused image I+ rcg. The equation is

It reg = Tusv ree(lf_Hsv)- 4

To preliminarily prove the effectiveness of the proposed fu-
sion method, the fusion images are visualized and compared
with two general pixel-level fusion methods. The three methods
of comparison are shown as follows.

1) Fusion 1: First, a depth image 1(D) with one channel is

converted into a three-channel map 1(D3). Then, 1(D3)
is fused with the corresponding RGB image I (R, G, B)
through the weighted sum method. The equations are
shown as follows:

1(D3) =1(D,D,D) ®)
Fl=a I(R,G,B)+(1 a) I(D)+b (6)

wherea =0.5and b = 0.

2) Fusion2:ForanRGBimage I (R, G, B), first, the R chan-
nel is removed from the RGB image I (R, G, B) to form a
two-channel map 1 (G, B). Then, the corresponding depth
map 1 (D) is combined with 1(G, B) to generate a new
three-channel map 1 (D, G, B)

F2=1(D,G,B). )

3) Fusion 3: Use the HSV-based fusion method proposed

above.

The three fusion methods are visualized and shown in Fig. 2.
For image 1, the depth values of the hands and the background
are relatively small, and the fusion 2 method will reduce the
difference between the hands and the background. For image
2, there is a large gap of depth value between the hands and
the background, and the fusion 1 method cannot remove the

Depth image

Fusion 1 Fusion 2

Fig. 2. Visualization of the fusion methods.

interference information of the complex background. The fusion
3 method designed in this article can be distinguished from the
background by the difference of the color and shape information
of the hands in image 1, and the interference caused by the
background can be removed well in image 2. Fig. 2 can prelimi-
narily prove the effectiveness of the HSV-based method. And the
effect of this HSV-based fusion method on the accuracy of hand
detection will be further verified in subsequent experiments.

B. HandDetNet

The hand detection method in this article is built on an anchor-
free framework. This method can omit the bounding boxes
of candidate anchors and intersection over union (loU)-based
nonmaximum suppression involved in anchor-based detectors to
achieve fast and accurate object detection. Hand detection must
detect a wide range of gestures and hands at multiple scales and
achieve a precise localization of the hand boundary. The current
anchor-free methods mainly include edge-keypoint-based de-
tectors, such as CornerNet [29]. These methods lack the overall
perception ability and cannot model the global information of
hands. Some edge-keypoint-based detectors still need central
features to integrate the corner points. And such methods have
limited accuracy in detecting small-scale hands. The other type is
center-keypoint-based detectors, such as CenterNet [30]. These
methods lack local detail information. For large-scale hands or
gestures with a single finger protruding, the center points of the
detectors will be far away from the boundaries of the hands,
which may fail to estimate the precise boundaries.

1) Network Structure: A HandDetNet is designed, which is
improved based on the CenterNet structure. In response to the
lack of detailed information on the edge of the hand in CenterNet,
the corner detection of the hand is increased. The corner points
are near the boundary of the hand, which can encode more
local information and realize more accurate hand localization.
Its network structure is shown in Fig. 3.

The HandDetNet has four head modules: the center detection
module, the offset detection module, the size detection module,
and the corner detection module. The center detection mod-
ule is used to predict the position of the hand center (Xx,y).
The size detection module is used to predict the length and
width of the hand size (w, h), that is, the rough position of
the hand bounding box, for each predicted hand center point.
The center and corner detection modules force the backbone
of the network to learn more detailed features around the
center and corner points. Then, the offset detection module
uses the offset (ox,o0y) to fine-tune the hand position. The
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Fig. 3. Structure of the HandDetNet.

corner detection module is used to predict the positions of hand
corners (x1,y1,x2,y2,x3,y3, x4,y4). In addition, the corner
detection module is only used in the training process to provide
more corner information features, thereby improving the detec-
tion performance without increasing the amount of calculation.
Then, the coordinates of the detected hand bounding box are
(x+ox w/2,y+oy h/2,x+ox+w/2,y+oy+h/2).

2) Training: Fortheimagel RW " 3whose widthis W
and height is H, when it is input to the network, first go through
the backbone consist of deep layer aggregation (DLA) [31] to
achieve the downsampling of stride S = 4 and get the feature
mapl RS § 3

The center detection module uses the backbone output feature
I as input to predict the hand center heat map. It contains two
convolution layers and uses Gaussian heat map as ground truth.
The focal loss is used as the error function of the center detection
module; the equation is shown as follows:

Lew= 1 (1 Yi,j) IOg(Yi,j), if Yi’j =1

C N -

° N ij @ Yij (Yij) log(1 Yij), otherwise
©)

where Y;j is the score at position (i, ) in the output heat

map, Y;j is the corresponding ground-truth value at position

(i,j) in the heat map obtained by Gaussian transformation,

N is the number of hands in the image, and and are the

hyperparameters of focal loss; according to CenterNet [30], set
=2and =4.

The corner detection module uses a head module to process
features and output four-channel heat maps, including the upper
left corner, upper right corner, lower left corner, and lower right
corner of the hand. The training of corner detection module is
also based on focal loss and Gaussian heat map. The equation

(O] 2)

RGB RGB
| gesture predicti

_ images results ; & @D S 8

RGB-EfficientNet Gesture \.'/( - G0 =E

icti <P A=

e O UdeeOFm

£ e A MW 5\, 58
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images . results 1\l s g

w Depth-EfficientNet (AT AR R4 4

Fig. 4. (a) Architecture of the HandClasNet. (b) ASL hand gestures.

of focal loss is

Lo = 1 (l Yi,j) |Og(Yi,j), iin’j:l
Co~ 77 L
°UAN (@ Yig) (Yig) log(L Yig), otherwise

©)

The output dimension of the size detection module is 2, which
represents the width and height of the hand. In training, L1
regression loss is used

Lsize = L i gl + hij  hij (10)
ij

Among them, ;j and h; j represent the predicted values of the

length and width of the hand with position (i, j) as the center

point, respectively. ;; and h;j represent the corresponding

ground-truth values.

The offset detection module outputs the deviation generated
by detecting the keypoints of the hand center and predicts the
localoffsetO RS S 2foreachhand center point. The offset
is also trained using L1 regression loss

_1 p
I—off - OI,J S

N p (11)

ij
where p is the predicted hand center point and p is the corre-
sponding ground-truth position.
Finally, the total error equation of training is

L = Lce + Lco + Lsize + Lot (12)

C. HandClasNet

To realize the control of the five-finger dexterous hand by hand
gestures, this article adopts the method of directly mapping the
semantic information of gestures to the five-finger dexterous
hand, which needs to classify hand gesture categories after de-
tection and localization. Therefore, a HandClasNet is proposed
for hand gesture classification. The HandClasNet is designed
based on the structure of EfficientNet [32]. EfficientNets rely on
AutoML and compound scaling to achieve superior performance
without compromising resource efficiency. The HandClasNet
uses the EfficientNet-B5, which can achieve a good balance
between runtime and accuracy.

From previous works [34], [35], it can be proved that fusing
RGB and depth maps can improve the accuracy of hand gesture
recognition. For better performance, the architecture of the
HandClasNet is designed based on our previous work [33]. The
HandClasNet uses a parallel CNN architecture, which is shown
in Fig. 4(a). It includes two subnetworks and a fusion module.
The RGB-EfficientNet is used for feature extraction and gesture
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prediction of RGB hand images, and the Depth-EfficientNet is
used for the feature extraction and gesture prediction of Depth
hand images. The two subnetworks run in parallel. Then, the
prediction results are fused to obtain the final prediction hand
gestures. The fusion method is based on the following equation:

P(CIx) =P(C|x,Wres) P(CIx,Wp) (13)

where X is the observation of hand gestures and C is the class
of the hand gesture. P (C|x, Wggg) is the prediction probability
of hand gestures from the RGB-EfficientNet subnetwork, and
P (C|x,Wp) is the prediction probability of hand gestures
from the Depth-EfficientNet subnetwork. P (C|x) is the final
prediction probability of hand gestures.

In addition, to define classified hand gestures, the ASL hand
gestures are used, as shown in Fig. 4(b). It contains 33 hand
gestures, corresponding to the 24 letters of the alphabet and
numbers 1-9, of which Jand Z are dynamic gestures, and the rest
are static gestures. In the follow-up hand-based teleoperation,
several gestures are selected for the posture control of the five-
finger dexterous hand.

The following describes the specific implementation process
of gesture classification.

1) Hands are cropped on RGB images based on the Hand-
DetNet hand localization result. Cropping increases the
length and width by 5 pixels to avoid the decline in gesture
recognition accuracy caused by incomplete hand images.

2) The cropped hand images are segmented, and the back-
ground removed according to the corresponding depth
images.

3) The processed hand images are input into the HandClas-
Net to classify gestures.

4) The predicted gesture semantic information is transmitted
to the robot system to control the posture of the five-finger
dexterous hand.

D. 3MHand Dataset

Considering that there is no public hand dataset suitable for
the hand-based teleoperation in this article, a 3MHand dataset
used for hand detection is made by us. The dataset has the fol-
lowing features: 1) hand data from eight subjects are collected;
2) multiple hand gestures in ASL are collected; 3) multiple
hand images of different scales (different collection distances)
are collected; 4) hand images collected from visuospatial other
(VO) and visuospatial self (VS); 5) RGB and depth images
are collected; and 6) images include complex backgrounds and
different illumination intensities.

The 3MHand dataset includes 10 000 different frames. For
each frame, one RGB image, one depth image, and two anno-
tations are provided. Thus, over 10 000 RGB images, 10 000
depth images, and 20 000 annotations in total are provided.

In addition, the custom 3MHand is compared with some
public hand detection datasets, and some parameters of these
datasets are shown in Table I.

From the comparison in Table I, we can see that our 3MHand
dataset has advantages over the two public datasets in terms
of data form, data size, gesture diversity, scale diversity, and

TABLE |
COMPARISON OF HAND DETECTION DATASETS
Dataset Oxfordhands [8] | Egohands [7] 3MHand
Data form RGB RGB RGB+depth
Data size 5628 4784 20000
Scene Table Games Daily life Teleoperation
Multigesture No No Yes
Multiscale No No Yes
Perspective VO VS VO+VS
Hand teleoperation Hand-arm robot - Hand-arm robot
space motion space
RealSense
"%
: }§
five-finger
Interactive objects dexterous hand > URS

manipulator

hand-arm robot

Fig. 5. (a) Hand-based dexterous robot hand-arm teleoperation system in-
cludes hand teleoperation space and hand-arm robot motion space. (b) Hand-arm
robot includes a five-finger dexterous hand, a UR5 robotic arm, and a RealSense
camera.

perspective diversity. So, it is very suitable for the training of
hand detectors. In addition, 3MHand contains as many scenes
and gestures as possible. It is expected that this dataset can
be used not only in the hand-based teleoperation system of
this article but also in other HRI and HCI systems. In the
experiments, the training and verification of hand detection will
be conducted based on the 3MHand.

IV. DEXTEROUS ROBOT HAND-ARM TELEOPERATION SYSTEM
A. System Components

The hand-based dexterous robot hand-arm teleoperation sys-
tem consists of a hand-arm robot movement space and a pilot
hand teleoperation space, as shown in Fig. 5(a). The hand-arm
robot movement space comprises a UR5 robotic arm, a five-
finger dexterous hand, and a RealSense camera, as shown in
Fig. 5(b). The robotic arm is used for global path planning
and movement. The end of the robotic arm is equipped with
a five-finger dexterous hand for grasping or operating objects
with various gestures. In addition, at the end of the robotic
arm, a RealSense camera detects the positions and poses of
interactive objects. The pilot hand teleoperation space comprises
a RealSense RGB-D camera, a hand motion analysis module,
and the hand gestures of pilots. The RealSense camera is used
to collect images of human hands. The hand motion analysis
module includes the HandDetNet and HandClasNet proposed
above, which performs hand 3-D detection and gesture classifi-
cation on the collected hand images.

In the process of teleoperation, the pilot’s hand image is col-
lected through the RealSense camera in the hand teleoperation
space. And then, the image is input to the HandDetNet and the
HandClasNet. The HandDetNet detects the 3-D position of the
pilot’s hand, and the HandClasNet classifies the pilot’s gesture.
Then, the 3-D position and gesture of the pilot’s hand are mapped
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TABLE Il
CORRESPONDING RELATIONSHIP BETWEEN THE INTERACTIVE HAND
GESTURES AND THE POSTURES OF THE FIVE-FINGER DEXTEROUS HAND

Interactive ges- | ASL meaning Dexterous Semantic
tures hand posture meaning
N 5 f". ! relax

( C w hold

.‘\: S 7 pinch

( P F /V nipl

( }1 O p nip2

C“v R w bucklel

| »

(7 D 8 buckle2

to the hand-arm robot system to control the movement of the
URS5 robotic arm and the posture of the five-finger dexterous
hand. In addition, the mapping information can be combined
with the robot’s visual perception and autonomous control
abilities to realize the grasping or operation of human-robot
collaboration.

B. Control Strategy

Because vision-based teleoperation does not provide force
feedback in the same way that a force feedback lever does, the
pilot cannot perceive the force of the grasped object. As a result,
efficient hand-based teleoperation based solely on human hand
movement and gesture is impossible. Based on this, a human—
robot collaboration strategy based on shared control is proposed.

The shared control strategy is divided into two components: 1)
position and angle control and 2) gesture control. The equation
is shown as follows:

PR = PH

AR = Ao (14)

where Pg is the position increment of the robotic arm’s end,
determined by the 3-D position increment of the pilot’s hand,

is its scaling factor, Ag is the angle of the end of the robotic
arm, which is determined by the pose information of the grasped
object, and s the relationship coefficient between the two
poses.

In addition, the shared control strategy is also adopted for the
control of the five-finger dexterous hand. The recognized pilot’s
gesture determines its posture.

The recognized gesture is mapped to the five-finger dex-
terous hand, and the dexterous hand is controlled to move to
the corresponding posture. Some appropriate gestures from the
ASL hand gesture set are selected as interactive hand gestures.
The corresponding relationship between the interactive hand
gestures and the postures of the five-finger dexterous hand is
shown in Table II.

The grasping force of the dexterous hand is obtained through
the force sensors installed on the dexterous hand. The grasped
objects are identified, and the constant force control is used to
grasp different objects. Inthis way, the pilot only needs to operate

TABLE 11
EVALUATION RESULTS ON THE EGOHANDS EVALUATION DATASET
network Backbone AP[ToU= Speed (frames/s)
0.50:0.95]

Faster R-cnn [16] Resnet-50 0.730 6

SSD [17] VGG-16 0.716 67
RetinaNet [20] ResNet101-FPN 0.768 14

YOLO v3 [18] DarkNet-53 0.730 77

YOLO v4 [19] CSPDarkNet-53 0.732 46
CornerNet [30] DLA-34 0.774 73
CenterNet [31] DLA-34 0.781 94
HandDetNet DLA-34 0.798 92

different hand gestures, and the dexterous hand can successfully
grasp different objects through the corresponding postures.

V. EXPERIMENTS

This section describes the contents of the experiments we
conducted to verify the effectiveness of our method. The pipeline
consists of three parts. First, the HandDetNet is verified, which
includes the comparison experiment on the public datasets
(Egohands [7] and Oxford hands [8]) and 3MHand with some
start-of-the-art methods. Second, the HandClasNet is verified on
the asl_alphabet dataset. Finally, the application performances
of the HandDetNet and HandClasNet in the dexterous robot
hand-arm teleoperation system are verified.

A. Hand Detection Evaluation

1) Training and Evaluation on Egohands and Oxford Hands:
The proposed HandDetNet is trained and evaluated on the Ego-
hands and Oxford hands datasets separately. Egohands contains
a total of 4784 hand—object interaction images: 3830 images are
set as the training dataset, and the remaining 954 images are
set as the evaluation dataset. Oxford hands contain a total of
5628 images in daily life: 4807 images are set as the training
dataset, and the remaining 821 images are set as the evaluation
dataset. The DLA-34 is chosen as the backbone of HandDetNet.
Taking into account the small amount of data in Egohands and
Oxford hands, HandDetNet is first trained on the COCO dataset,
and the obtained model is used as a pretraining model. Then,
the pretraining model is fine-tuning on Egohands and Oxford
hand training datasets using transfer learning. The Pytorch that
is a deep learning platform is used to implement the network
structure. Following the training strategy of CenterNet, a data
enhancement method is used to increase the amount of training
data. For the training parameters, the batch size is set to 32, the
initial learning rate is set to 1.25e-4, the total training epochs are
set to 140, and the learning rate is dropped by 10 at 90 and 120
epochs, respectively. All the experiments are carried out on two
TITAN RTX-24G graphics cards.

The trained HandDetNet models are evaluated for accuracy
and speed on the evaluation datasets of Egohands and Oxford
hands. To better prove the effectiveness of HandDetNet, the
experimental results are compared with some state-of-the-art
methods. The results are shown in Tables 11 and 1V.

It can be seen from Tables 111 and 1V that the HandDetNet can
achieve good performances of accuracy precision (AP) both on
the Egohands (0.798) and Oxford hands (0.446). The speed is
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TABLE IV
EVALUATION RESULTS ON OXFORD HANDS EVALUATION DATASET
network Backbone AP[IoU= Speed (frames/s)

0.50:0.95]

Faster R-cnn [16] Resnet-50 0.426 5
SSD [17] VGG-16 0.392 63
RetinaNet [20] ResNet101-FPN 0.421 14
YOLO v3 [18] DarkNet-53 0.437 71
YOLO v4 [19] CSPDarkNet-53 0.402 43
CornerNet [30] DLA-34 0.437 69
CenterNet [31] DLA-34 0.445 88
HandDetNet DLA-34 0.446 87

TABLE V

COMPARED RESULTS OF DIFFERENT FUSION METHODS

data form AP [IoU = AP [IoU=0.50] | AP [IoU=0.75]
0.50:0.95]

RGB 0.736 0.976 0.887

Depth 0.653 0.956 0.722

Fusionl 0.731 0.974 0.866

Fusion2 0.708 0.954 0.836

Fusion3 0.745 0.977 0.879

92 frames/s on Egohands and 87 frames/s on Oxford hands. Both
of them can achieve great real-time performance. Compared
with some state-of-the-art methods, the HandDetNet can first
place on the Egohands and Oxford hands datasets. And its speed
can achieve second place and only a little lower (1-2 frames/s)
than the speed of CenterNet.

2) Training and Evaluation on the 3MHands Dataset: The
3MHands dataset is divided into a training dataset and a valida-
tion dataset at a ratio of 1:1. Thus, for each kind of image, there
are 5000 training images and 50 000 validation images. For the
training parameters, the batch size is set to 32, the initial learning
rate is set to 1.25e-4, the number of total training epochs is set
to 140, and the learning rate is dropped by 10 at 90 and 120
epochs, respectively.

First, to prove the effectiveness of the HSV-based fusion
algorithm proposed above, the three different fusion algorithms
mentioned above are verified separately. And the results are
also compared with that of using single RGB and single depth
images. The compared results are shown in Table V.

As shown in Table V, the effect of using depth images for
hand detection is significantly worse than that of using RGB
images. The reason for this is that the depth image contains less
detailed information and contains more noise. It is impossible
to achieve good hand detection performance solely based on
3-D depth and shape information. Furthermore, the fusion 1 and
fusion 2 methods cannot improve hand detection accuracy. This
is because these two fusion methods fuse the effective hand
detection information of RGB and depth images and introduce a
large amount of noise, which seriously affects the performance
of hand detection. And our HSV-based fusion method (fusion
3) can increase the hand detection accuracy when the AP is at
loU =[0.50:0.95] and loU = 0.50. It can prove that our proposed
fusion method can effectively fuse the useful information of hand
detection and remove unnecessary noise interference. Maybe
the performance of this fusion method is not better than some
deep-learning-based feature fusion methods, but it can minimize
the cost of calculations while improving accuracy.

TABLE VI
COMPARED RESULTS OF HAND GESTURE RECOGNITION MODELS

network AP speed (frames/s)
RGB-EfficientNet 93.6 681
Depth-EfficientNet 87.9 681
HandClasNet 95.1 603

TABLE VII

COMPARED RESULTS OF HAND GESTURE RECOGNITION MODELS WITH
STATE-OF-THE-ART METHODS

network accuracy (%)
Wenjin Tao [35] 92.7
Qing Gao [34] 93.3
Yong Hu [37] 93.6
Shih-Hung Yang [38] 94.1
HandClasNet 95.1

B. Hand Classification Evaluation

To verify the HandClasNet, the fingerspelling5 [33], a public
hand gesture classification dataset, is chosen to train and verify.
The fingerspelling5 dataset contains 24 ASL hand gestures ex-
cept for Jand Z because J and Z are dynamic hand gestures. Each
hand gesture contains 5000 hand images collected from five
subjects, which are 2500 RGB images and 2500 depth images
with complex background and different illumination. Among
them, images from three subjects are used as training datasets,
and the other images from the other two subjects are used as
evaluation datasets. For the training parameters, the input size is
setto 112  112. The batch size is set to 64. The initial learning
rate is set to 0.01. The total training epochs are set to 50, and
the learning rate is dropped by ten at every ten epochs. The
experiments are carried out on two TITAN RTX-24G graphics
cards.

First, the EfficientNet-B5 is used to train and verify on single
RGB and single depth dataset to get the RGB-EfficientNet and
Depth-EfficientNet models for hand gesture recognition. Then,
the parallel CNN architecture proposed in Fig. 4 is used to train
and verify RGB and depth images to get the HandClasNet model.
The results of these three models are shown and compared in
Table VI.

It can be seen from Table VI that the HandClasNet can reach
95.1% for hand gesture classification on the fingerspelling5
dataset, which has excellent performance. And compared with
the APs of RGB-EfficientNet and Depth-EfficientNet, the Hand-
ClasNet can improve accuracy by 1.5% and 7.2%, respectively,
with only a 78 frames/s decrease of speed. It is proved that
the parallel CNN architecture used by the HandClasNet can
effectively improve hand gesture recognition accuracy with less
speed loss. In addition, the confusion matrix of HandClasNet for
hand gesture classification on the ASL fingerspelling5 dataset is
shown in Fig. 6. It can be seen from Fig. 6 that the proposed
HandClasNet can classify all the ASL hand gestures well.
Among them, the highest recognition accuracy reached 99%
(gestures d, m, u, and y), and the lowest recognition accuracy
reached 85% (gesture v).

To better verify the performance of the proposed HandClas-
Net, a comparison experiment with some state-of-the-art hand
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Fig. 6. Confusion matrix of the HandClasNet on the ASL fingerspelling5
dataset.

Fig. 7. Some samples of outputs through the HandDetNet and the
HandClasNet.

gesture classification methods is also conducted, and the results
are shown in Table VII.

Table V11 lists the average classification accuracy on the ASL
fingerspelling dataset. The proposed HandClasNet outperforms
the other state-of-the-art methods in terms of accuracy (95.1%),
demonstrating the superior performance of the parallel Efficient-
Net structure in hand gesture recognition.

To better highlight the performance of our hand detection and
gesture recognition methods, the results of some 3MHand sam-
ple images through HandDetNet and HandClasNet are displayed
in Fig. 7. The three pictures in the upper row show the effect of
different hand gesture detection under the VS perspective. And
the three pictures in the bottom row show the effect of hand
gesture detection at different scales under VO perspective. So,
Fig. 7 proves that our proposed method can achieve great hand
gesture detection performance under different perspectives, dif-
ferent scales, and different gestures.

C. Dexterous Robot Hand-Arm Teleoperation Evaluation

1) Grab Teleoperation: The designed HandClasNet is used
to verify the several grasping hand gestures in Table Il on the
fingerspelling5 dataset. The accuracies of the grasping hand
gestures are shown in Fig. 8. From Fig. 8, it can be seen that
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Fig. 8. Grab teleoperation.
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Fig. 9.

Two trajectories of robot and hand positions.

the HandClasNet can get high gesture recognition accuracies on
all the grasping hand gestures. The lowest accuracy is gesture D,
which is 95.1%, and the highest accuracy is gesture 5, which is
99.4%. Fig. 8 shows the hand gesture input and the motion state
corresponding to the dexterous hand. Thanks to high detection
and classification accuracy, each posture of the dexterous hand
could be executed accurately according to the input of grab
teleoperation.

2) Move Teleoperation: In move teleoperation, the robot is
controlled by the pilot’s hand position. The hand teleoperation
space is the field of view of the camera, where the pilot moved
his hand to control the movement of the robot in Cartesian space.
The inverse mapping (f; 1) is

xP=xf o+ X x4l
yR=yRo+ v vl
=7+ [ 7]

(15)

where (xI ,yI ,zR) is defined in the robot coordinate system
and (x{,yy,z) is defined in the camera coordinate system.
XY is the latest hand position, xY ; is the last hand position, and
the vector is refer to the scaling factors.

Inthisarticle, is 1; the robot moves in a circle through move
teleoperation, and both the coordinates of the manipulator arm
in Cartesian space and the hand position in hand teleoperation
space are recorded as well as the corresponding time. Two
trajectories of robot and hand positions are drawn by MATLAB,
which is shown in Fig. 9, the mean tracking error is 9.3 mm, and
the teleoperation delay is about 0.68 s. These low control error
and time delay are satisfied with the requirements of gesture
teleoperation to complete complex and delicate tasks.

In addition, a table is made to summarize the performance of
the teleoperation system, which is shown in Table VIII.
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Fig. 10.
insertion: Inserting concentric cups inside each other.

Fig. 11. Compared results of time.

TABLE VIII
PERFORMANCE INDEXES OF THE ROBOT TELEOPERATION METHOD

Index Performance
Number of hand gestures 7

mAP of the hand gesture detection 96.9%
Mean tracking error 9.3mm
Teleoperation delay time 0.68s

3) Physical Tasks: Furthermore, the HandDetNet and the
HandClasNet were systematically tested across various physical
tasks (see Fig. 10(a) for Lay’s can grasp, Fig. 10(b) for block
staking, and Fig. 10(c) for cup insertion). Cup insertion requires
high accuracy of teleoperation movements. Block staking brings
the challenge of precision grasping. Can grasp has difficulty in
complexity gesture recognition. Differences in the mean time
across tasks indicate the effects of task challenge. These tasks
combine the gesture teleoperation and move teleoperation. If the
object falls out of the workspace volume, the trial is considered

t=60s

P,

Physical task experiments. 1) Can grasp: pick Lay’s can on the table and place it in a bowl. 2) Block staking: stake the blocks (4 cm) one by one. 3) Cup

mPilotl  ®Pilot2 Pilot1[12] Pilot2[12]

100
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Block Cup

Fig. 12. Compared results of success accuracy.

afailure. The time cost and success rate of each trial are reported
accordingly. Two pilots went through a warm-up training phase
at the beginning of this experiment. Later, each pilot conducted
five consecutive test trials for each task. Figs. 11 and 12 represent
the experimental results. In Fig. 11, compared with [12], our
method takes about 40% less time in same task on average.
Moreover, Fig. 12 shows our proposal’s 100% success accuracy,
which is higher than [12]. The HandDetNet and HandClasNet
make progress in recognition and segmentation accuracy, tele-
operation efficiency, and stability.

VI. CONCLUSION

This article proposed an accurate and fast hand gesture detec-
tion for dexterous robot hand-arm teleoperation using an RGB-
D Camera. For RGB and depth image fusion, an HSV-based
early-fusion method was designed. For hand gesture detection,
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