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Abstract With the development of virtual reality (VR) and human-computer interaction technology, how
to use natural and efficient interaction methods in the virtual environment has become a hot topic of
research. Gesture is one of the most important communication methods of human beings, which can
effectively express users' demands. In the past few decades, gesture-based interaction has made significant
progress. This article focuses on the gesture interaction technology and discusses the definition and
classification of gestures, input devices for gesture interaction, and gesture interaction recognition
technology. The application of gesture interaction technology in virtual reality is studied, the existing

problems in the current gesture interaction are summarized, and the future development is prospected.
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1 Introduction

1.1 Virtual reality

Virtual reality (VR), also known as virtual environment, is a computer simulation system that can create
and simulate virtual worlds. It provides an immersive experience to the users by generating various types
of interactive activitics related to visual, auditory, and tactile perceptions. The virtual environment can be a
scenery conceived by a designer or a reproduction of the live scene. Professional equipment such as VR
headsets and data gloves allow users to sense and control various virtual objects in real time, creating an
experience that users cannot obtain in the real world and generating real response or feedback.

VR has three distinct characteristics: interaction, immersion, and imagination. Interaction refers to the
natural interaction between the user and the virtual scene. It provides the users with the same feeling as the
real world through feedback. Immersion means that the users feel that they are part of the virtual world in
the VR scene, as if they are immersed; Imagination refers to the use of multi-dimensional perception
information provided by VR scenes to acquire the same feelings as the real world while acquiring the

feelings that are not available in the real world.
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1.2 Human-computer interaction

Human-computer interaction refers to the research in design, utilization, and implementation of computer
systems by human. It is a technology to study about humans, computers, and the interaction between the
two. With the development of computing devices and related technologies, the interaction between humans
and computers has become a part of daily life including work, shopping, and communication™. The
graphical user interface based on mouse and keyboard is the commonly used user interface; however, the
user interface based on the Window, Icon, Menu, Pointer (WIMP) interface paradigm is limited to two-
dimensional (2D) planar objects, which cannot interact with the objects in the three-dimensional (3D)
space, reducing the naturalness of the interaction. The interaction between humans communicates through
many different aspects including language expression, body movements, and emotional interactions. The
new generation of human-computer interaction should have many characteristics such as human-centered,
multimodal, and intelligent, Therefore, it is necessary to propose a new interface paradigm, establish a new
user interface, and adopt a new interaction method.

In real life, people use their hands to perform operations such as grasp, move, and rotate, In the process
of communication, people spontaneously attract the attention of others by hand movements. Gesture is the
way people express their will under the influence of consciousness. Therefore, gesture interaction has two
functions: one is the movement of the hand, and the other is the specific meaning of the gesture. The study
by Karam showed that compared with other parts of the body, the hand as a common communication
device is most suitable for application of human-computer interaction™, Gesture interaction is intuitive,
natural, and flexible. Therefore, it is also very important for some users with physical disabilities, such as
visual impairment and hearing impairment, to interact through gestures.

1.3 Gesture interaction technology in virtual reality

Human-computer interaction, as an important supporting technology of VR, provides a variety of
interactive modes based on different functions and purposes, enabling people to obtain immersive feelings
in 3D virtual scenes. As an emerging technology, VR is a new interactive human-computer interaction
interface. Therefore, a new generation interface paradigm Post-WIMP® and Non-WIMP™ has been
defined, and the interaction also extends from a mouse- and keyboard-based 2D graphical user interface to
a natural user interface or supernatural user interface. Unlike traditional WIMP, in a natural user interface
or a supernatural user interface scenario, the user interacts in a 3D environment simply by VR simulation
or interactive scenario design, which eliminates waste of resources generated by repetitive manufacturing
and controls production costs. With the continuous development of interactive technology, VR has been
widely used in many fields such as game entertainment, medical care, and education. In the future,
interaction could be like the movie "Player One" in that users could capture people’'s movements through
wearable devices, become avatars, and interact with other people in the virtual world. As an increasing
number of companies and scholars invest in the research of gesture interaction technology and related
applications, gesture interactions have engaged a large proportion of the field of natural interaction. To
simulate daily life operations in a virtual environment, it is necessary to track and recognize the hand
movements, to make the computer understand the true intention expressed by gestures, and to perform
related tasks. At the same time, in order to make people have a natural interactive experience in the VR
process, relevant feedback must be provided to the user.

Gesture is a conscious or unconscious movement of the hand, arm, or limb. The gestures in the
interaction process can be distinguished according to different spatiotemporal operation behaviors,
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different semantics, different interaction modes, and different interaction ranges. In the early interaction
scenarios, the acquisition of gesture signals was mainly based on wearable sensor devices such as data
gloves; with the development of mobile devices such as mobile phones and tablets, touch screens became
popular; consequently, the acquisition of gesture signals has developed into visual signal acquisition from
computer cameras. In recent years, information acquisition based on high-tech equipment such as
electromyographic signal acquisition has gradually become a research focus. Owing to the variability and
complexity of the gesture, how to use the existing technology to process the input signal collected by the
device, how to determine the spatial position and posture of the hand, and how to obtain an accurate
recognition result have great impact on the effect of subsequent gesture interactions. Gesture recognition
technology is mainly categorized into gesture recognition based on wearable sensor devices, gesture
recognition based on touch devices, and gesture recognition based on computer vision. With the
development of gesture recognition technology, it has been applied to many aspects of VR. The following
sections of this article will discuss the above content in detail.

2 Gesture definition and gesture classification

Gesture is a posture or movement of the user's upper limbs. Through gestures, people can express their
interaction intentions and send out corresponding interactive information™. Generally, gestures convey
information or intentions through physical movements of the face, limbs, or body™. In the VR
environment, the posture or movement of the users' body is used as input, and the posture information of
the user through the interaction device in the physical world is used as system input. In the interaction
process, users can not only generate gestures using hand, finger, and palm, but also generate gestures as an
extension of the body through tocls such as a mouse, pen, and glove. Users can send simple commands to
the system through gestures, such as selecting, moving, and deleting, and can also express more complex
intents, such as switching the current interactive scene, controlling virtual objects, and performing virtual
actions. In different situations, the same gestures may have different meanings due to factors such as
culture or geography. The understanding of gesture semantics is closely related to the cultural background,
and the gestures can be classified and summarized according to different situations.

2.1 Classification based on spatiotemporal status

According to the spatiotemporal operating state, gestures are generally classified into static gestures and
dynamic gestures. A static gesture is a static spatial posture of a finger, palm, or arm at a certain moment. It
usually only represents one interactive command and does not contain time series information. A dynamic
gesture refers to the posture changes in a finger, palm, or arm over a period of time. Accordingly, it also
contains time information™. The difference between the two is that static gestures only include spatial
gestures without causing changes in spatial position, whereas dynamic gestures are characterized by
movements in spatial locations over time, such as waving gestures, which are typical dynamic gestures.
Dynamic gestures also include conscious dynamic gestures and unconscious dynamic gestures, in which
unconscious movements during physical activity are called unconscious dynamic gestures, and gestures for
communication putposes are called conscious dynamic gestures”..

2.2 Classification based on gesture semantics

According to behavioral and cognitive psychology, Pavlocvic et al. categorized gestures into unintentional
movements and intentional movements"”. Unintentional movements mean that the movement of the hand/
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arm does not convey any meaningful information, whereas intentional movement is referred to as the
gesture. Gestures are divided into manipulative gestures and communicative gestures according to whether
they contain communication characters. Manipulative gestures is the action of control the state of the
objects through the hand/arm movement, such as moving and rotating objects through the movement of the
arm. The communicative gestures can be customized gestures with a specific information function. In a
natural interaction situation, they are usually accompanied by verbal communication, mainly including
symbol gestures and action gestures. Symbol gestures have a fixed-constraint meaning and can be further
divided into referential gestures and modalizing gestures. Action gestures include mimetic gestures that
mimics the actual interaction behavior and an deictic gestures with a direction-indicating function.
Similarly, Ottenheimer believes that gestures can be divided into conscious gestures and unconscious
gestures, and the conscious gestures are further categorized"”, Conscious gestures are sub-divided into
emblem gestures, affect display gestures, regulator gestures, and illustrator gestures. Emblem gestures are
also referred to as quoted gestures. It is a direct conversion of short language communication and the
meanings are related to cultural background, such as a waving hand means goodbye. Affect display
gestures are gestures that express emotions or a user's intent and are less relevant to cultural contexts.
Regulator gestures control the progress of an interaction. Illustrator gestures are a description of the user's
language communication state, emphasizing the key parts of the expression, and are related to the
communicator's cognition and language skills. McNeill further classified the illustrator gestures into five
categories: beat gestures, iconic gestures, deictic gestures, metaphoric gestures, and cohesive gestures.
Beat gestures are usually a repetitive action, which have the characteristics of short time and fast speed;
iconic gestures describe the image or action through the movement of the hand; deictic gestures indicate
the real position or abstract position of the target; metaphoric gestures describe abstract things through
simple but meaningful expressions; cohesive gestures transfer interactive tasks™. Unconscious gestures,
also known as adaptor gestures, mainly refer to unconscious communication habits generated during

communication™?,
2.3 Classification based on interaction mode

According to different interaction methods, gestures can be classified into media gestures, direct contact
gestures, and non-direct contact gestures depending on the interaction mode. Media gestures are a single-
point input device through physical contact, such as a mouse, a joystick, or a trackball, to transmit the
obtained data series into the computing system. Direct contact gestures are gesture operations directly on
the input device through part of the body or a physical object tool. When the user touches a device such as
a screen, the gesture interaction is turned on, and the touch movement is an intermediate state of
interaction. Direct contact gestures also include a single touch gesture and a multi-touch gesture. The
single touch gesture is a gesture operation provided by the user through a single point of interest using a
pointing input device (such as a mouse or pen) or a body part (such as a hand). A pen gesture is a typical
single-touch gesture that records the movement trajectory of a pen and uses a symbol or logo for intention
expression. Compared to a single touch gesture, a multi-touch gesture is a gesture operation through input
devices and multiple regions of interest of the body. Non-direct contact gestures refer to an operation of
conducting an interactive command through a body part or a physical object without physical contact with
the system. Unlike the direct contact gestures, the non-direct contact gestures do not directly touch any
input device or surface during operation, for example vision camera-based gesture interaction™?,
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2.4 Classification based on the scope of interaction

According to the different scope of interaction, gestures can be classified into "stroke"gestures and "mid-
air" gestures. The former is used mainly on a support surface based on a handwriting gesture of the upper
part of the wrist. That is, the user directly uses the hand or tool to move on the support surface and
communicate with the computer for information exchange, such as touch screen interactions. The mid-air
gesture is based on the user's limbs or interactive devices moving in a space without a supported surface.
That is, the user's limbs or interactive tools are not in contact with the computer while interacting in a 3D
space. The stroke gesture has a relatively simple interaction mode and low flexibility whereas the mid-air
gesture has higher degree of freedom of interaction and more representation modes. Compared with the
former, the interaction range of the latter is usually larger, but it lacks capture ability for action details, and
as a result, the recognition accuracy of detailed action is insufficient. According to different display modes,
mid-air gesture interaction scenes can be divided into 3D virtual scenes based on a traditional desktop
display and VR scenes based on a helmet-like device. Although the traditional desktop display can present
a 3D virtual scene, the user usually needs to conduct the gesture interaction within a certain distance of the
fixed display. Display environments based on helmets or other off-the-table environments allow the user to
stay free from the limitations of the device and the environment, which further increases the range of
gesture interaction. Of course, when using the helmet display, although the spatial range is increased for
user's activity, the user cannot interact on a fixed surface. In this situation, it is an effective choice to use

non-contact 3D gestures for interaction.

3 Gesture interaction device in virtual reality

There are a variety of gesture interaction devices used for VR interaction, which enable users to interact
more realistically with objects in the virtual world. For different devices, the gesture information input can
be classified into wearable-sensor device-based input, touch device-based input, and computer vision
interaction device-based input. Wearable sensor-based user interaction devices mainly include data gloves
and accelerometers. Touch-based interactive devices mainly include capacitive touch-screen and resistive
touch-screen. It is worth mentioning that some devices which have direct contact with the user could have
a certain degree of impact on the user's health. For example, mechanical sensor materials may cause
allergic symptoms in some users””. Computer vision device-based interaction mainly refers to input
through the camera, including single camera, binocular camera, and depth camera. This method does not
require direct contact, and is more user-friendly, but the configuration and processing method of the device
is relatively complicated. There are also many gesture interaction output display devices in VR, such as
computer monitors, VR glasses and VR helmets. Users can select appropriate input and output devices
according to different interaction scenarios in order to build a gesture inferaction system in a VR

environment. The following introduces different types of gesture interactive input devices.'

3.1 Wearable sensor-based device
3.1.1 Data gloves
As an important collection device for VR gesture interaction, data gloves can collect the posture and

motion of the human hand in real time. The device directly detects the activity signal of each joint of the
hand through various sensor arrays. It uses the coupling relationship between the data vector of each part

! The trademarks of the following products are owned by their respective companics
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of the hand, measured by the corresponding sensor, and the data vector of each bending angle of the hand,
to obtain the degree of bending or stretching of each part, and to locate the 3D position of the hand. Data
gloves can be classified into VR data gloves and force feedback data gloves. The VR data gloves can
collect the posture and motion information of the hand, and force feedback data gloves add a force
feedback function based on the VR gloves"?. In the interactive system of VR, the data gloves can achieve
two functions. On the one hand, the data glove acts as an input device, and can collect the gesture
movements of the user in real time and convert the collected signal into a virtual hand motion. The user
can observe the activity of the real hand in the virtual space through the movement of the virtual hand and
can operate a virtual target by using various gestures. On the other hand, when using the feedback data
glove in the virtual space, the output control of the feedback device enables the user to feel the physical
property of the target during the operation and increases the realism for the user. The advantage of the data
gloves is that they are not affected by the environment, the amount of data and calculation is small, the
recognition accuracy is high, and the 3D information and the movement information of the fingers can be
directly collected. The disadvantage is that the manufacturing process of such equipment is relatively
complicated, the cost is high, the flexibility is low, and calibration is required frequently.

There are a variety of data gloves available on the market. This article will briefly introduce several
classic data gloves"”. In 1987, VPL produced the first commercial "Data Glove", which uses fiber optic
sensors to detect the degree of bending of the fingers. NASA Research Center developed a VIEW system
using VPL data gloves and other technologies™. 5DT developed a variety of data gloves based on a
different number of sensors, mainly divided into five contacts and 14 contacts, both of which use a
photoelectric bending sensor and position tracker to detect the spatial motion trajectory of the gesture. The
five contacts type has one measuring point for each finger, but two for the 14 contacts type. The advantage
of both gloves with five and 14 contacts is that the anti-interference ability is strong, the data quality is
high, and the disadvantage is that the force feedback cannot be provided; The "Cyber Touch" developed by
Virtual Technology has motion perception and vibration tactile feedback. By installing a small vibrator in
the finger and palm area, the precision can reach up to 1°. The "Dexmo” developed by Dexta Robotics uses
an exoskeleton link to mimic the bone structure. It collects the hand data through the sensor between the
finger joints, and calculates the change of the

movement between the joints to estimate the S DU
‘h{""

Y :
real feelings in a virtual scene. Figure 1 shows

two different types of data gloves, Cyber Touch Figure1 Data gloves. (s) Cyber Touch I, (b) Dexmo’,
and Dexmo.

position and posture of the finger. The core
benefit is to provide different feedback power to
each finger according to the shape and softness of
the virtual item, so that the user can experience

3.1.2 Inertial sensor

The micro-electro-mechanical system (MEMS) is an important branch of miniaturized inertial sensing. It is
an independent intelligent system, mainly composed of three parts: sensor, actuator, and micro energy,

which can effectively collect information about gestures. Common MEMS systems include MEMS

2 hitp:/fwww.cyberglovesystems,.com/, product name: Cyber Touch I1, company: Virtual Technology
% hitp://dextarobotics.net?, product name: Dexmo, company: Dexta Robotics

89



BB 5 EEEEM:  Virtual Reality & Intelligent Hardware 20194F #5133 #1350, 84—112

accelerometers, MEMS gyroscope sensors, and MEMS pressure sensors. The sensors have high sensitivity
and are usually fixed to the wrist, arm, or other positions to obtain gesture data, bringing new tools for
gesture interaction, These devices are not affected by the external environment when collecting data and
can be nicely applied to scene control in VR. MEMS accelerometers provide acceleration information of
object motion, which is widely used in business and scientific research. Rekimoto J. invented the wrist-
worn device GestureWrist, which looks like a watch and captures the movement of the hand through an
acceleration sensor on the wrist™. Baek et al. analyzed the motion of the mobile phone through the amount
of accelerometer change, and was able to determine the motion of the user from the posture of the mobile
phone®™. In 2006, Nintendo released the joystick Wii Remote, which looks like a TV remote control. It
uses Bluetooth to connect to a computer, adds a 3D
accelerometer and an infrared sensor, and can ®)
capture the player's arm, wrist, and other gestures
to be used in virtual objects in the game. Figure 2
shows the wrist device GestureWrist with
acceleration sensor invented by Rekimoto J., and

the Nintendo Wii. The MEMS gyro sensors, alsp Acceleration Senso e i S

Receiver Electrodes Transmitter Electrode

known as angular velocimeters, can measure the __ il i
Figure 2 (a) GestureWrist™., (b) Wii',

angular velocity of rotating objects.
3.1.3 Mpyoelectricity (EMG) sensor

In recent years, myoelectricity is considered as one of the bioelectrical signals. Gesture recognition by
collecting myoelectrical information has been widely studied, mainly through recognizing the biopotential
changes of the myoelectric signal generated during the movement of the muscle tissue of the hand, to
identify the current gesture of the user. This method is not easily affected by the external environment and
is especially suitable for people with physical disabilities. In order to obtain accurate bioelectrical
information, it is necessary to place at least two or three electrodes on the skin using conductive gels,
which may stimulate allergic reactions in people with sensitive skin, and the skin condition, sex, age, and
other factors changes affect on the signal generation, therefore, it is difficult to establish a unified
measurement standard®’, Currently, the identification device for myoelectricity detection of gestures is a
wristband. In 2013, Thalmic Labs introduced the Myo smart wristband, which captures the bioelectrical
change information of the user's arm muscle during exercise through a sensor in the wristband. It can
identify 20 different interactive gestures after analyses to judge the intention of the wearer and can create
visual control in the virtual environment to implement human-computer interaction. This method has better
recognition even with slight movements and is a research focus in the future. Similarly, the wristband
Dting developed by BicQ Technology and Innovation Co., Ltd. In Xi'an, China also recognizes the
movement position and mode of the finger through the difference between the myoelectrical signals
generated by the user when performing different actions, This device provides a friendly human-computer
interaction interface in the Chinese language. At the same time, Dting can monitor different aspects of the
users' arm including muscle strength, fatipue, and muscle damage. Therefore, it can be used for sign
language translation on deaf people, muscle health monitoring in sports medicine, rehabilitation training,

and so on. The Myo armband is shown in Figure 3.

4 hitp://wii.com, product name; Wii, company: Nintendo
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3.2 Touch device
3.2.1 Touch screen

The touch screen is composed of a touch detection
component and e controller. The device detects the
touch position of the user through the detection
gensor, and then the controller converts the
received information into contect coordinates and
trangmity them to the CPU. The touch screen
provides sn efficient connection between the |
human and the computer. Touch screens include Figared Myv'.

capacitive touch screen, resistive touch sereen,

infrared technology tonch screen, surface acoustic wave touch screen, and pressure touch screen™,

The resistive touch screen causes the resistance of the conductive layer to change after touching at the
contact position, and the position of the touched point is calculated by detecting the amount of signal
change. The advantage is that it is not affectsd by dust, moisture, or dirt, and it can adapt to harsh
environments with g wide range of application. However, the regular resistive tonch screen only supports
gingle touch, end when there is a high external pwessure or scratches the touch screen will become
damaged, affecting the service life. The capacitive touch screen uses touch to change the contact
capacitance, and the touch pogition is obtained by measuring the frequemcy change of an oscillator. It has
the advantages of long life, easy assembly, and mukli-touch support. Most of the multi-touch screens in the
market are based on capacitive touch screens, such as the iPhone. Rekimoto J added a layer of electrodes to
simulate a capacitive semsor in regular clothes. Wearing such clothing, the user can create an interactive
gesture by selecting a specific area thereby sending a specified command to the system™. The infrared
touch acreen mses an infrared transmitting and receiving device to detect the position where the user's
contact blocks the infrared aignal. The infrared touch screen is not affected by current, voltage or static
electricity, and the cost is low, but it is sensilive to the lighting environment. The surface acoustic wave
touch screen transmits a high-frequency mechanical wave that propagates along the surface of the medium
and determines the position coordinates by blocking the position of the aound wave on the contact. The
surface acoustic wave touch screen hag a long life and good resolution. It iy not affected by envitonimental
factors such as temperature and humidity and is suitable for use in public places. However, the sound wave
emisgion will be affected by factors such as dust and grease; therefore, it is necessary to pay attention to
environmental sanitation and to perform frequent maintenance. The pressure touch sereen is a multi-touch
device, based on a regular touch screen, that semses the increased pressure of the pressure-sensing layer at
the point of touch. The finger position is calculated by obtaining the pressing force at different positions on
the screen. In addition to the use of pressure sensors, pressure touch can also be achieved in a variety of
othet ways, such ag Apple’s 3D Touch through pressure-capacitor techhology and Microsoft's multi-touch
interactive system PixelSenge through infrared sensing technology.

3.2.2 Stylus pen

Stylus pen interaction is ancther common technique for operating a touch surface. The pen-type touch
device mainly inchudes a touchpad and a stylus pen, and uses the stylus pen to interact on the touch surface

5 hitpx:/fwerw.myo.com, product name: Myo, company: Thalmic Labe
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of simulated paper to convert the collected data into horizontal coordinates. Currently, the pressure of the
pen tip and the 3D posture information of the pen can also be collected by adding a sensor to the pen. The
principle of stylus pen technology is mainly achieved by electric tracking technology, magnetic tracking
technology, ultrasonic tracking technology, and ray tracing technology™'. The electric tracking technology
generates a weak current through the emitter electrode in the touchpad. The current returns to the receiving
electrode in the touchpad through the hand and the pen and estimates the position of the pen by the center
position of the signal intensity. The magnetic tracking technology uses a voltage-applied coil to form a
magnetic field in the interaction region and determines the orientation of the pen by coupling the
transmitted and received magnetic signals. Ultrasonic tracking technology is am acoustic positioning
method. The pen is an ultrasonic transmitter and the ultrasonic receiver is installed at the two ends of the
interaction area. The time interval between the emission to the receiving of the sound wave is calculated to
determine the distance between the sound source and the target. Infrared signals are commeonly used
nowadays for sound wave transmission. Ray tracing uses a laser emitter in the pen to project to the writing
device. After the light is reflected by the device to the pen, the current position coordinates of the pen are
analyzed.

The following are a few common smart pen devices. In 1983, WACOM first used the electromagnetic
induction method to manufacture an input pen. Primarily, it is for user CAD design. After years of
development, WACOM's input pen can also support pressure sensing technology. The Anoto smart pen
jointly developed by Hitachi and Anote Sweden looks the same as a regular pen but needs to be written on
a dedicated Anoto paper. The paper is printed with fine gray dots according to special coding rules. A self-
carried micro camera is used to capture the arrangement of the points to analyze the position of the pen tip
and then obtain a writing track. The current capacitive pens on the market, such as Apple Pencil, have
higher precision and lower latency. Phree, produced by OTM Technologies, installs a laser-scattering
instrument on the tip of the pen, which scatters the laser light onto the surface of the object and receives
the reflected light. Handwriting is obtained
by analyzing the reflected light. The object
can be recorded anywhere without requiring
any other equipment. These digital pens are
close to regular pens in appearance. Figure 4
shows the Apple Pencil produced by Apple
and Phree, which is known as a futuristic
technology in the digital pen field. Figure4 (a) Apple Pencil’, (b) Phree’.

3.3 Computer-based vision interaction equipment

Gesture interaction based on a computer-vision interaction device does not require wearing other external
products, and users only need to use their hands within the camera collection range. Its advantages are a
low requirement on equipment, low cost, and high collection freedom. The disadvantage is that it is greatly
affected by environmental factors, such as light, skin color, and occlusion, The cameras can be black-and-
white cameras, color cameras, infrared cameras, and other types. The types of computer vision acquisition
devices commonly used in gesture interaction scenarios are mainly classified into monocular cameras,

multi-view cameras, and depth cameras.

S hitps://www.apple.com/apple-pencil/, product name: Apple Pencil, company: Apple
7 http:/fwww.otmtech.com/, product name: Pthree, company: OTM Technologies
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The early vision-based gesture interactions used many types of monocular cameras, such as color
cameras and infrared cameras. This method obtains relatively simple information, since it is difficult to
obtain gesture information in a 3D space. Freeman and Roth used the direction histogram of the image as
the feature vector, and through the template-matching method, 10 interactive gestures could be recognized
in real time™. Zhang et al. used the monocular camera to collect the feature pixel at the edge of the hand
area as the recognition feature, and based on the Hausdorff distance-template-matching method, 30
Chinese hand and finger sign letter static gestures were recognized™. Meng et al. used regular infrared
cameras, collected one to nine numbers and calculated their corresponding grayscale images.
Neighborhood transformation and Hausdorff distance were used to segment the gestures, and the gestures
were recognized by the support vector machines. Under conditions of arbitrary illumination and complex
background, the accuracy of gesture recognition can reach 80%"". In addition, PointGrab, EyeSight, and
Extreme Reality have developed a gesture control Software Development Kit (SDK), which allows users
to perform gesture recognition based on existing regular cameras.

A multi-view camera is a method for simulating binocular- or compound-eye-imaging by two or more
cameras. The cameras at different locations are used to collect images of objects at different positions at
the same time. The cameras are calibrated to establish a coordinate system to determine internal and
external parameters of the camera. The corresponding positions of the pixels formed by the same target are
obtained, the corresponding relationship between the features of the images is matched, and the spatial
position information of the object is restored. The most common camera for this situation is the binocular
camera, which simulates the "parallax" of the human eye and produces a stereoscopic image. The setup
only needs to pre-calibrate the position of the camera and use the imaging information of the object in the
two images to perform a matching calculation, and to obtain the distance between the object and the
camera. For example, Leap Motion, a classic gesture recognition system released by Leap, can reach
millimeter-level detection accuracy for the user's hands. Since Leap Motion has higher recognition
accuracy and faster processing speed, many scholars use this device for gesture interaction®, Chen et al.
used Leap Motion to capture the motion trajectory of 36 gestures, and used a support vector machine
(SVM) to quickly identify and classify gestures™. The product Fingo released by uSens Inc. collects
images through two built-in infrared cameras. After processing, it can recognize 22 joints of the hands and
achieve 26 degrees-of-freedom gesture tracking™ ), There are many similar products on the market, such
as the zed 2K Stereo Camera from Stereolabs and BumbleBee from Point Grey.

The depth camera calculates the depth information of the object through the depth sensor to avoid the
influence of complex or cluttered background on gesture recognition. The depth measurement method is
mainly based on light coding and time of flight (ToF). The depth camera made by Microsoft used this
depth-measurement method and is widely used in gesture recognition™”. The Kinect 1.0 depth camera
acquires the image depth based on the structured optical coding method. Specifically, an infrared emitter is
used to optically encode the object in space; the spatial coding result is read by the infrared camera; and
the 3D spatial information is obtained through the chip calculation®™. Kinect 1.0 effectively recognizes
distances from 0.8m to 4.0m and uses structured light to capture deep-image products, including Xtion
PRO released by ASUS, and the RealSense series released by Intel. The Kinect 2.0 version introduced by
Microsoft adopted the ToF method, which improved the depth-recognition effect and the accuracy. The
effective recognition distance is increased from (.5 meters to 4.5 meters. Ren et al. used the color image
and depth image of Kinect for gesture recognition™. Similarly, Soft Kinetic's ToF-based camera
depthSense 541, which was acquired by Sony, provides a very mature hand-interaction device for VR
interaction.

93



BB 5 EEREM:  Virtual Reality & Intelligent Hardware 20194F 2513 #1350, 84—112

There are two major types of hand data collected by the camera: one is marked data, which is marked on
positions such as the wrist and fingers to facilitate subsequent modeling™, The Sixth Sense gesture
interface developed by Mistry ¢t al. at MIT captures the gesture data by marking the fingers with different
colored finger sleeves™. Although the marked data collection method improves recognition accuracy to a
certain extent, it reduces the naturalness of interaction. At the same time, it reduces the accuracy and speed
compared with the acquisition method of directly using data gloves and touch screen devices. Another
type, the unmarked data collection method, is the most natural form of interaction, but is greatly affected
by the environment. Therefore, finding ways to improve the data collection accuracy and to improve the

effect of subsequent algorithm processing will be a major research direction in the future (Table 1).

Table 1 Types of camera with classical measurements

Device name Company Release time Distance measured (mm) Collection method

Leap Motion Leap Feb 2013 25-600 Binocular RGB camera
Fingo uSens Aug 2016 50-700 Binocular infrared camera
Kinectl.0 Microsoft Jun 2009 80=400 Based on structured light
Kinect2.0 Microsoft Oct 2014 50-450 Based on time of flight (ToF)

Compared with the traditional mouse and keyboard input method, gesture interaction in VR requires
collecting information from multiple degrees of freedom such as position and direction. Selecting
appropriate interactive devices is very important for interaction effects. Although the wearable devices-
based interactive method is not easily affected by the external environment during data collection, and the
accuracy is high, it requires other devices to be worn, and the materials of some devices may even have
adverse effect on the health of the user, which greatly affects the comfort. Gesture interaction based on the
touch screen can directly operate on the screen, but it can only interact within the scope of the device,
which limits the degree of interaction between the spatial range and the interaction freedom of the user.
Gesture interaction based on a computer camera does not require the user to put on an extra devicer. The
interaction is more natural, but whether it is a monocular camera, a multi-view camera or a depth camera,
the data collected is greatly affected by factors such as lighting changes and complex backgrounds, To
ensure the accuracy of subsequent image processing, sometimes the hands of the user need to be marked.
Therefore, when performing gesture interactions, the requirements of specific interaction scenarios and
tasks need to be considered, and it is necessary to select appropriate devices according to the costs and the

technical support capabilities, thereby improving the user interaction experience and interaction efficiency.

4 Gesture recognition technology

The purpose of gesture interaction is to reach the goal of controlling the interaction by tracking and
recognizing gestures. Therefore, effectively recognizing the user's gesture has a great impact on the final
operation effect. Owing to the randomness and complexity of gestures, gesture recognition techniques are
relatively complex. According to different data device collection methods, gesture recognition can be
classified into wearable device-based recognition, touch technology-based recognition, and computer

vision-based recognition™”.
4.1 Gesture recognition based on wearable device

Gesture recognition based on a wearable device can directly acquire the spatial posture of the hand by
using sensors. The data glove is a typical representative of a wearable device input and it is composed of a
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number of sensors. During the gesture interaction, the bending posture of each finger can be directly
collected and the spatiotemporal parameters of the orientation between the two fingers are processed by
data normalization and smoothing. Then, model training for gesture recognition can select effective
featured parameters. The collected position parameters generally have higher accuracy. Therefore, the
choice of method to train the gesture model has a greater impact on the effect of gesture recognition.
Mehdi and Khan used an artificial neural network (ANN) model for sensory glove-based American Sign
Language recognition and then translated it into English®™. Shi et al. obtained the measured values of
different output nodes through the sensor and paired the nodes into a back propagation (BP) neural
network to recognize the gesture™. Liang used the Data Glove and collected 51 basic poses, including six
directions, and eight motion primitive data. Then, the hidden Markov model (HMM) was used for
modeling, and a vocabulary system that can recognize 250 Taiwanese sign languages was established. The
average recognition rate of consecutive sentences composed of these gestures has reached 80.4%™. Liu
and Lei used Data Glove Ultra 5 for data collection, and combined a BP neural network with Markov to

[41]

identify Chinese fingerspelling™. Wu et al. combined the neural network and the learning decision tree to

establish a recognition model and built a Chinese fingerspelling gesture recognition system using the data

. Weissmann and Salomon obtained 18 measurements of different finger joints through data

gloves
gloves, and used BP and radial-basis functions to establish multiple different neural network models for
gesture recognition. Some of the neural network models recognize certain gestures and their accuracy rate
has even reached 100%™, In addition, when the input data of the data glove is converted into a virtual
hand model to interact with the object, it is usually necessary to perform collision detection to determine
the contact situation between the object and the hand, and through the contact situation it determines the
operation condition of the hand. For example, Xu and Li of South China University of Technology used the
bounding box method to perform collision detection, and compared the detection results with the gesture
library, which determined whether the angle at this time conformed to the definition of the gesture, and
thereby implemented the virtual assembly technique of the virtual hand*. The accuracy of this method is
relatively poor, and it is impossible to implement relatively complex interactions. In the future, it will be
possible to determine the relative position between the hand and the object through virtual-force analysis
and motion analysis.

With the development of MEMS technology, sensors have become miniaturized and intelligent, which
further promotes the development of sensor-based wearable devices for gesture recognition. The spatial
position of the gesture can be directly acquired by using sensors for obtaining the amgular velocity,
acceleration and other motion information of the target, and no gesture segmentation is needed. The
interactive gesture can be identified by modeling and analyzing the information. Mirabella et al. created a
gesture recognition system that allowed users to navigate digital photos, home TVs or to provide special
services to people with physical disabilities through pre-defined sets of gestures. The system uses the
acceleration sensor to read the input data of the gesture, trains through the HMM and recognizes the
condition of the user-defined gesture, and the user can add a new gesture to the gesture list according to the
application needs™. Similarly, Kela used the accelerometer controller and HMM to collect and recognize
the user's input gestures and to study the effects of gesture modality on user interaction. The results showed
that different people prefer different interaction gestures for the same task. For some tasks, gestures are
more natural than other interactive modes such as voice, laser pointer, and tablet, and it can even enhance
the interaction with other modalities™. Xu et al. defined six types of simple gestures by using gyroscopes
and accelerometers to acquire gesture data, extracted six characteristics such as gesture length and energy,
and used decision trec classifiers to identify the six gestures™. He et al. added an accelerometer on a
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mobile phone to obtain the motion condition of the gesture when the user performed an operation,
extracted three different features of discrete cosine transform (DCT) fast Fourier transform (FFT) and
wavelet packet decomposition (WPD), and used SVM to perform classification training. Compared with
the other two features, the accuracy of WPD-based feature extraction methods for 17 complex gesture

[48]

recognitions is relatively high, reaching 87.36% . Henze studied the gesture recognition effect of
interactive applications using Wii-controller. The system allows the user to pre-train the operation gestures.
Firstly, the original data is smoothed by a filtering method. Afier smoothing, the training samples are
obtained by k-mean data compression. Then, HMM ftraining is used to obtain the recognition system,
which can fusec the gesture recognition result of this system with other modalitics and apply it to
multimedia interaction™”,

With the development of physiological computing, an increased amount of physiological information is
used in human-computer interaction. The use of bicelectricity for obtaining user's gesture information has
become a research focus in recent vears. The principle of myoelectricity (electromyography, EMG) for the
recognition of user's gestures is to identify the user's current motion based on changes in the muscle signals
during exercise. It is a method to directly analyze the user's physiological signals™**'\. There are two main
methods for obtaining muscle signals. One is to implant an electrode under the skin to directly obtain the
physiological signals. Although this method is not easily affected by the external environment, it is
invasive and has the risk of physical damage to the user. The other common method is to analyze the
current state of motion of the user by detecting the change of the electric current on the surface of the skin
with placed electrodes. Although this method can be easily affected by the external environment, it is
simple, convenient, and less harmful to the user, which complies with the interaction principle of human -
computer interaction™. There are many ways to use EMG to recognize gestures™ . Saponas studied the
perceptual interaction between human muscle activity signals and computational interfaces, where the
users did not need to rely on specified actions or other physical devices to interact. Ten sensors were
arranged in the narrow-band region near the upper arm of the user. The user's EMG signal was acquired at
intervals of 250ms and 74 features including frequency domain power and phase coherence were extracted.
The SVM was used to train the classification model. The results showed that this method can be used to
differentiate four gesture sets, including finger movement or click, finger position difference, and pressure
level™. Amma arranged 192 electrodes according to an 8 x 24 grid with 10mm intervals. The array of
aligned electrodes was placed on the forearm muscles to obtain high-density EMG signals. The difference
between the electrodes was recorded by two electrodes. One out of eight electrodes did not contain
meaningful data, so there were 168 available data channels. The root mean square (RMS) of the extracted
channel was used as the input feature, and the Naive Bayes classifier was used to identify the predefined
27 gestures, In addition, the classifier further analyzed the influence of the number of electrodes and the
position of the electrodes on the recognition results®™, Since the EMG signal for the thumb movement in
the forearm is relatively weak, Huang proposed to use a dual-channel mobile phone training-data method
to identify the fine-grained gesture of the thumb, including left click, right click, tap, long press, or a more
complex finger movement. One of the channels was to use the electrode to obtain the gesture motion of the
user, and the other channel was the gesture motion state acquired by the touch screen mobile phone
accelerometer as an input signal. Finally, the thumb gesture was classified and recognized by the K-nearest
neighbors (KNN) algorithm. This recognition result is of great significance to the thumb-based interactive
system®™,

4.2 Gesture recognition based on touch technology

A touch gesturc is an operation performed dircctly on a touch screen with a finger or with other tools.
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Based on the touch gesture input methed, the touch gesture recognition is mainly classified into single-
touch gesture recognition and multi-touch gesture recognition. The Rubine algorithm proposed by Dean
Harris Rubine™ and the $1 algorithm by Wobbrock™ are two classic single-touch gesture recognition. The
Rubine algorithm constructs a gesture feature set by extracting 13 features such as the sine and cosine
values of the starting angle and the total length of the gesture for any input gesture, and constructs a
classifier based on a statistical recognition method. The accuracy of the classifier for gesture paths that
contained 30 single-point locations can reach up to 97%. The key of this algorithm is whether the
identification features can be accurately selected. The core idea of the $1 algorithm is to resample the input
gesture trajectory, rotate the line connecting the center point of the sampling trajectory and the x-axis to
zero degrees, and scale the rotated gesture to the standard square size and perform gesture translation.
Then, use the "golden selection search” (GSS) on the processed gestures and search matching template to
obtain the best matching score for each template. The gesture with the highest score is the final recognized
gesture.

Since the $1 algorithm can only recognize single-stroke gestures, researchers proposed the $N
algorithm™ and $P algorithm™, As an extension method of $1, $N can recognize multi-stroke gestures
without knowing the direction or the order of the track. The principle is that N gesture tracks can generate
2N cases according to the order and direction. Connect the gesture tracks from head to tail according to the
order of gestures and obtain an estimated template set of N gestures. Then, match the gesture track with the
template set according to the method of $1, and the highest score gesture is used as the final matching
gesture. Owing to the diversity of the arrangement and combination, it could lead to a large $N memory
consumption and the execution cost becomes high. Therefore, the $P algorithm proposes to remove the
time series information of multiple gestures, turns it into a point cloud set. This transforms the input
gesture-matching problem into a point-to-point matching problem of time complexity O(n!), and uses the
Hungarian algorithm to reduce the searching time complexity to O(n’), which can effectively solve the
time complexity problem of the $N generation. Currently, many touch interactions are based on multi-
touch gesture interaction, such as the multi-finger gesture touch of Apple touchpad. For multi-touch
gesture recognition, multi-touch gestures can be pre-processed. Later, a virtual single point is calculated
and then recognized using a single touch gesture.

4.3 Gesture recognition based on computer vision

Gesture recognition based on computer vision is the current mainstream identification method. The gesture
image information is collected by one or more cameras, and the collected data is pre-processed including
noise removal and information enhancement. Then, the segmentation algorithm is used to obtain the target
gestures within the image. The current gesture classification and description can be obtained through video
processing and analysis, and finally the target gesture is identified by the gesture recognition algorithm.
The gesture-based gesture recognition is mainly composed of three parts: gesture segmentation, gesture
analysis, and gesture recognition.

The first step is to perform gesture segmentations on the input image. The gesture segmentation process
mainly includes two parts: gesture positioning and gesture segmentation. The gesture location process
extracts the gesture region from the complex background in the frame sequence of the image that contains
the gesture and implements the separation of the gesture from the background. Gesture segmentation
segments the current gesture from the background area by using an algorithm after positioning the gesture.
Static gestures only require extraction of gesture features for a single frame image, while dynamic gestures
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require gesture analysis of the extracted frame sequence. The commonly used gesture segmentation
methods include motion information-based detection segmentation, apparent features-based detection
segmentation, and multi-mode fusion-based detection segmentation. The motion information-based
detection segmentation mainly includes the optical flow method and the difference method. The optical
flow method does not need to obtain the image background in advance to represent the gesture motion in a
complex environment, but it requires the background image to be still and have high illumination
requirements. For example, Hackenberg™ uses the optical flow method to track gestures in real time. The
difference method usually has a better effect on gesture segmentation under static background. For a
moving background, the background needs to be modeled and differentiated. For example, Freemanand
Weissman used the Running Average method to model the background, and then perform gesture
segmentation™. In addition, the segmentation methods based on apparent features mainly include skin
color segmentation, texture segmentation, hand shape, and contour segmentation. Among them, the skin
color segmentation method is the most commonly used method™ . It uses the clustering of skin color in
color space to establish a skin color model, such as modeling skin color through RGB color space®”,
Weng et al. used Bayes to establish the skin color model for gesture segmentation, and then combined the
skin color, motion, and contour shape information for gesture recognition, which greatly improved the
segmentation accuracy™. These segmentation methods are not affected by hand shape, but the
segmentation error rate greatly increases for light-caused skin color changes. The segmentation method
based on multi-mode fusion is used mainly to overcome the influence of the complex environment on
segmentation conditions and to combine various features such as apparent features and motion
information. When a single-color wearable device or background is used to simplify the segmentation of
the scene, in order to improve the accuracy of the segmentation, sometimes the hand is marked, which
greatly affects the naturalness of the interaction, and thus the range of application is limited.

Secondly, the gestures are modeled and analyzed. At present, the modeling methods of gestures mainly
include appearance-based gesture modeling and 3D model-based gesture modeling. The appearance-based
gesture modeling can be classified into 2D static models and motion models. The commonly used
strategies are color characteristics, silhouette geometry, deformable gabarit®™, and moving image
parameters. Color characteristics are the most commonly used modeling methods. Ren et al. used a single
camera to capture the moving images of hands, modeled with various information such as color, motion,
and edge, and established a coordinate systemn for hand movements to recognize gestures™. The silhouette
geometry based models are established by geometric features such as circumference, centroid, and
bounding box. Priyal and Bora used the rotation normalization method to align the image of the gesture
area and used the KravtCouk moment as the contour feature training model to identify the static gesture™.
A deformable gabarit-based models are built through a collection of object contour interpolation nodes that
can describe global motion. The simplest interpolation method is a piecewise linear function. For example,
Ju et al. used the snake algorithm to analyze the video browsing and indexing gestures during the lecture™.
Motion image parameters-based models are different from the others in that they are modeled by metion
parameters such as translation, rotation, and orientation of objects within the video sequence. Luo et al.
proposed to use a new descriptor in the real scene and a local motion histogram to describe the motion
pattern, and then select the distinguishing features by the boosting method™. The apparent gesture
modeling is established only by a few local features, and the computational complexity is relatively low.
The 3D-based gesture model is used to establish the 3D model of the current image and calculate the
gesture state according to the relevant parameters. The commonly used gesture models include 3D skeleton
model, 3D textured volumetric model, and 3D geometric model. The skeleton model is the most commonly
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used 3D model. For example, Shotton et al. used the depth data generated by Kinect for bone modeling™.
Gesture analysis consists of two parts: feature detection and parameter estimation. Feature detection is
used to extract image feature parameters from the segmented gestures. Image features mainly include
visual features and semantic features. Visual features include color, texture, and contour”™, semantics
features represent an understanding of the image content. Parameter estimation uses different methods
depending on the model. For example, Lu and first described the athlete's area using the histograms of
oriented gradient (HOG), and then used principal component analysis (PCA) to project the HOG into the
linear subspace and obtained PCA-HOG description features. Experiments with hockey and soccer showed
that this method is robust to track and recognize results under changes in illumination, attitude, and
viewpoint™”,

Finally, the recognition of gestures is mainly based on traditional machine learning methods and neural
networks. There are many methods to identify vision-based gestures using traditional machine learning
models. For example, template recognition is used to identify static gestures, and HMM related to time
domain information is used for dynamic gesture recognition™. The selected recognition method has great
correlation with the type of gesture. Keskin et al. used a pair of common web cameras to capture the user's
gesture data while wearing a pair of colored gloves, and trained the HMM model to perform real-time
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tracking and recognition on the user's eight predefined gestures™. In recent years, with the development of
deep leamning, this technology has been widely applied to the field of gesture recognition. For example,
Chai et al. simultaneously collected color images and depth images, and extracted the skeletal features and
gradient histogram features of the gestures. Then, they fused the extracted features to establish FAST-RNN
to segment the continuous gesture into isolated gestures. by a simple recurrent neural network (SRNN).
The dual-flow recurrent neural network 2S-RNN was established for continuous gesture recognition
through simple recurrent neural network (SRNN) and Long Short-Term Memory (LSTM)™. Tsironi et al.
combined the sensitivity of convolutional neural networks (CNN) to visual features and the validity of
LSTM to continuous events, and proposed the convolutional long short-term memory recurrent neural

network (CNNLSTM)™,
4.4 Multimodal interaction technology and gesture recognition

In daily communication, people not only use gestures, but also express their information through various
sensing methods such as voice, touch, and eye contact. Therefore, multimodal interaction provides two or
more modalities collaboration interaction methods. Using the different sensing modalities of the user to
interact with the computer is more natural and efficient and is the future way for interaction. For different
modalities, the information between the modalities have the characteristics of complementary and
redundancy. For example, when the user describes the object in language, he or she will unconsciously
swing the arm to emhance or supplement the description. In the VR scene, choosing the appropriate
multimodal interaction technology and fusion method is very important to improve the efficiency of
interaction and collaboration. The combination of gestures and voices can intuitively express the user's
intention. The user can confirm the meaning of the gesture through voice commands, and gestures can
eliminate the influence of noise on the operation. Therefore, gestures are often used in VR interaction. The
"Put that there" system proposed by Bolt is one of the earliest multimodal interactive systems. This system
combines both gesture and voice, enabling users to generate and edit the shape, color, size, and other
attributes of a graphic in the large-screen display interface through voice and pointing gestures™. The
QuickSet system developed by Cohen ct al. established a map navigation system that supports military
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training by analyzing voice and gesture in real time™'. In addition to the voice modality, gestures can also
be merged with other modalities, such as gaze. The gesture modality is merged with the gaze to perform
discrete or continuous interaction on different scenes. For example, when the user performs a task of
closing the web window, the icon can be tapped at any position while the close icon is being stared at™,
When moving the position of the object, it is not necessary to point directly to the object to be moved. The
user can select the object to move by using their sight, and then specify the trajectory of the object
movement by the gesture trajectory at any starting position. The object selected by sight will follow the
gesture trajectory to its final position™'.

The current multimodal fusion method mainly includes early fusion and late fusion. Early fusion refers
to the fusion of the original data at the signal level. This fusion method is suitable for tight coupling
between modalities. The late fusion uses a unified data representation after the independent processing of
data of each modality, and then conducts semantic fusion and analysis. This fusion method is more suitable
for multimodal fusion with different time scale features; therefore, it is widely used™*". Sim proposed the
SAYS multimodal interactive system, combining the two modalities of voice and gesture keyboard to
improve the efficiency and accuracy of text input. HMM was used to train the gesture and the voice
models, and then the probabilistic method was used to fuse the models. The fusion model shows that the
complementary information provided by the two modalities can effectively distinguish some confusing
words, thus improving the accuracy of text input prediction. For an input system of 20000 words, the text
prediction accuracy rate with only the gesture keyboard was 92.2%. However, when combined with the
two modalities, under normal noise conditions, the text prediction accuracy rate was 96.4%. In a noisy
environment, the text prediction accuracy was 94%™. The NUMACK navigation system established by
Kopp et al., combines voice and gesture, and it answers questions raised by users about campus buildings
and their locations. First, the system maps the acquired specific landmark gestures (such as gesture
representations and motion trajectories) to the image description feature, then the system translates the
acquired voice information into text and uses the sentence planning using descriptions (SPUD) system to
analyze the obtained text information. It then extends the existing SPUD system, converts the image
description into a part of the syntax tree, and integrates into the syntax tree based on text information
construction. Finally, a hierarchical ontology structure based on multimodal fusion is constructed. In this
way, the gesture representation enables the user to maintain higher attention during the communication
process, and reduces the ambiguity in the gesture information through the accurate expression of the text,
thereby obtaining better expression accuracy and ideographic effect™. The representative gesture
recognition and interaction techniques developed in recent years are listed in Table 2.

In actual operation, suitable interaction devices can be selected based on different interaction scenarios
to establish a gesture recognition system. Different gesture recognition systems have different
characteristics. A gesture recognition system based on wearable devices, such as data gloves, can directly
obtain information that the user is in contact with the virtual world object, and it has a high accuracy.
However, the recognition ability is greatly affected by the performance, quantity, and position of the
sensors. MEMS further advances the ability of sensors to acquire data, but since it mainly captures motion
information of objects, it is mainly used for dynamic gesture recognition. As an important physiological
signal, myoelectricity recognizes the current condition of the user through changes in physiological signals
during exercise. It is often used in dynamic gesture interaction scenarios. For muscle surface signal
recognition methods, the recognition ability is greatly affected by electrode position, quantity, and
environment, The external interference for gesture recognition based on touch technology is relatively
small. The single-touch recognition effect is relatively good. For multi-touch, it is often converted into a
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Table 2 Representative gesture interaction technology in recent years

Author Year Type Input device Recognition model Main content
Weigsmann 1999 Static CyberGlove BP and radial bias Use data gloves to obtain 18 measurements and compare the effects
etal function (RBF) of different neural network models on recognition results
neural networks
Xuetal 2014 Static CyberGlove Oriented bounding Four major types of mechanical parts are defined and identified, and
box, angle detec-  corresponding decision algorithms are given according to different
tion conditions
Mirabella 2010 Dynamic MEM acceler- HMM The user's data is read by an accelerometer, and then the HMM is
etal, ometer used to train and recognize the user-defined gestures to establish a
gesture recognition system.
Xu 2016 Dynamic MEM gyro- Decision tree Pre-trained pestures not needed, no template matching, gesture recog-
etal. scope and ac- nition by combining decision-tree classifier with posture angle
celerometer
He 2008 Dynamic MEMS acceler- SVM Compare the effects of three different inputs, use SVM modeling on
ctal ometer gesture recognition results
Henze 2008 Dynamic Wii controller HMM Randomly assign gestures, filter the data, reduce the amount of input
etal data by clustering, and train with HMM
Saponas 2008 Dynamic EMG SVM Using 10 sensors to acquire EM( signals, it can distinguish four data sets,
ctal which is the position and pressure of different fingers, click and move
Amma 2015 Dynamic EMG Naive Bayes Study the effect of different electrode numbers and positions on the
etal recognition results, obtain high-density EMG signals, and record the
difference between two electrodes
Huang 2015 Dynamic EMG+MEMS KNN Use dual devices to obtain dual-observation input signals; combine
etal accelerometer EMG signals with MEMS signals to identify user-defined gestures
Rubine 1991 Dynamic stylus/touch pad Linear classifier =~ The gesture feature set is created by extracting the geometric features
and dynamic features of the stroke, and the gesture is identified by sta-
tistical recognition.
Wobbrock 2007 Dynamic stylus/touch pad Golden Section Re-sample, rotate, and scale the input points to match the specified
etal. Search template for higher gesture recognition results
Anthony 2010 Dynamic stylus/touch pad Golden Section An extension of $1 that automatically recognizes multi-stroke ges-
ctal. Search tures without a direction and an order of the track
Vatavu 2012 Dynamic stylus/touch pad Hungarian algo-  An extension of $N that removes the time series information of multi-
etal. rithm ple gestures, turns them into a point cloud collection, and transforms
the input gesture-matching problem into a point-to-point matching
problem, reducing the spatiotemporal complexity
Keskin 2003 Dynamic stereo HMM Users need to wear colored gloves, use a pair of regular webcams to
ctal. collect binocular visual gesture data, and identify and track pre-de-
fined gestures through HMM.
Chai 2017 Dynamic Kinect 25-RNN Using an RGB-D video stream as the collected gesture data, establish-
etal. ing 28-RNN through SRNN and LSTM for continuous gesture recog-
nition
Tsironi 2016 Dynamic RGB camera  CNNLSTM Combined the sensitivity of CNN to visual features, and the context
etal. memory of LSTM, for dynamic gesture recognition
Sim 2012 Dynamic touchscreen/ Statistical based  The n-gram is used to build the language model, and the acoustic
icrophone multimodal fusion model and gesture model are established by HMM. Then, the multi-
model modal fusion model is obtained by statistical analysis, and the two
modalities of voice and gesture are used for text editing.
Stefan 2004 Dynamic RGB camera/ Syntax analysis, Uses SPUD to syntactically analyze the text obtained by speech transla-
Kopp microphone Semantic Analysis tion, then converts the specific gesture into the form of syntactic repre-

sentation, integrates it into the original syntax tree, constructs a topclogy
for ideology, and applys it to address the automatic response system.

single-touch problem for recognition by preprocessing, The computer vision-based gesture recognition
includes monocular, binocular, multi-view, and depth camera recognition methods. They mainly include
gesture segmentation, gesture feature extraction and analysis, and establishment of a recognition model.
For the monocular camera, the amount of information is relatively small, and the recognition speed is fast,

but the results can be greatly interfered by the external environment and the accuracy is relatively low. The
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binocular camera can use the relative position coordinates of the camera to restore the spatial position of
the gesture and establish a 3D gesture model. It has a large recognition range and a high precision.
However, the device needs to be calibrated, and the accuracy is limited by the baseline and the resolution.
Furthermore, it contains more information and requires higher computing power. The depth camera does
not need to be calibrated. The depth information of the gesture can be obtained by using the structured
light or the ToF method, but the measurement range is relatively small, and is susceptible to the influence
of sunlight. Therefore, it is mainly applied to indoor scenarios. Since the expressed information of a single
gesture modality is relatively limited, using the combination of gestures and other modalities not only
provide more interactive information, but also make the interaction more natural. It will be the major
interaction method of VR in the future. Future research on how to choose the appropriate fusion method
for different interaction scenarios and how to establish an effective multimodal fusion model is warranted.

5 Application of gesture interaction system in virtual reality

With the development of gesture interaction and VR technologies, gesture interaction in VR has been
widely used in many fields. In the medical field, gesture interaction is of great significance for improving
the efficiency of doctors in treating diseases and helping patients to recover. For surgeons, timely access to
patient-related medical-imaging data during surgery can help improve surgical efficiency. For example,
Ruppert et al. used the Kinect to track and recognize gestures, enabling a contactless gesture control
interface that allowed surgeons to flip through patient data at any time during the medical procedure™.
Similarly, the computer-vision-based gesture recognition system "Gestix" proposed by Wachs captures
physician's gestures in real time through a single camera, transforming the movements of physician's
gestures into commands for physicians to access electronic medical records at any time (Figure 5)*".

For patients, Keskin combined gesture recognition technology with a virtual 3D speaker and developed
a multi-modal 3D healthcare communication system that provides the ability to communicate with those
who are unable to walk freely and require bed rest for rehabilitation. The user only needs to input gestures
to the system, and once the system recognizes the
gestures, the 3D virtual speaker will respond

accordingly to the demand. The system can

Canon VC-C4
Communication

recognize nine gesture commands such as hunger,
thirst, cold, and hot. Figure 6 shows the "I am
thirsty" gesture. This system uses a binocular

camera for data collection. Users need to wear

Figure 5 (a) Access to patient data interface using

colored gloves to mark the hand. After segmenting
gestures™. (b) "Gestix" system configuration®.

the gestures in the video stream, the continuous
hidden Markov model is used to identify the

gesture commands®™ . Phelan et al. used the oculus

(a)
rift head-mounted display, Kinect, and Myo _
bracelets to construct a prosthetic rehabilitation

training prototype system to help amputation '
patients reduce the training time of using prosthetic _

Unity game engine, and Kinect was used to track Figure 6 (a) User input gesture "I am thirsty"®, (b} 3D
the user's body position. The Myo bracelet was Virtual speaker™.
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used to detect the muscle activity, and to recognize the user's
gesture in order to control the operation of the prosthesis,
thereby reducing the service cost of service™, as shown in
Figure 7.

In the field of education, gesture interactions are free from the
traditional learning and cognitive methods, which increase the
interactivity and entertainment in the teaching process.
Moustakas et al. used data gloves, Cyber Touch, shutter-type 3D
glasses, projection screens and workstations to achieve
geometry teaching in VR. The purpose is to add 3D geometric
objects to the scene through virtual hands, and solve complex
geometric problems, such as geometric problems of 3D

European space, by using the relative relationship of object
Figure 7 Using prostheses to operate kitchen

i ™,
feedback function, and when using a virtual hand to place a Oppan

geometric object, the collision detection method can be used to calculate the contact level of the object, so
that the user can obtain force feedback to increase authenticity. Student test experiences showed that this
teaching method is innovative, and the satisfaction with it reached 87%"". Figure 8 shows the user solving

planes, surfaces or spatial positions. The data glove has a force

geometric math problems in the virtual space.
In the junior high school classroom, Kinect was used to track and recognize the gestures, so that the user
can control the movement of the geometric figures, and splice the combinations into the targeted shape,
thereby completing the specified interactive tasks, as shown in Figure 9. The article compared the gesture-
based control method with the traditional mouse control method. The results showed that although the
gesture-based target movement control is relatively difficult, this method increased students' interest in
learning and participation. Therefore, in the premise of improving the robustness of gesture interaction
technology, this teaching method can be
promoted as a student's educational tool®.
Based on the characteristics of informa-
tion complementary between a three-axis
accelerometer and a multi-channel EMG
signal, Zhang et al. collected multimodal
signals, fused the extracted feature informa-

tion, and used the decision tree and hidden @ ®)

Markov model to classify and construct a
gesture recognition system. This system can
recognize 72 Chinese sign language
gestures and 40 Chinese hand sentences. It
was applied to real-time interactive system
control of a virtual Rubik's cube, using 18
kinds of gestures as input commands, It

classified and verified the user-related and

user-unrelated gestures, and the accuracy of

the classification exceeded 90.2%, which Figure 9 (a) Task initial status®™. (b) Task completion status®,
confirmed that the interactive framework of (¢) Actual operation scene®,
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this gesture recognition is intelligent and ()" ™"~ -
SLCWV |
natural®, The 18 gestures of the Rubik's /% ./ ficnn f,.";}\ S
. o CrecHiirewn s
Cube operation are shown in Figure 10, SO s RN N
) Arees  back o LCCS, \ -
Fan et al. used an Oculus Rift head- | . . - L - back[top ~~HC
. . . - o\ ; ¢
mounted display and a Leap Motion device \{ |eoia o) Y et L. N
. J % " N /
to allow the user to control the user's motion . G e V. o 5
. . .. ) QLecrrew Heey ™ L
with both hands while roaming in a virtual O R sy o A )
/ k¢ \ ~a. S A
scene through a virtual avatar (first ‘\Ii‘i‘j?w\ffﬁ: Hcffcw;}‘

perspective), using motions such as turning
Figure 10 (a) 12 rotation gestures control the rotation of the six

the palm of the left hand up or down to ,
. . sides of the Rubik’s Cube™. (b} Six rotation gestures to turn the
control the user's direction to move forward

entire cube™,
or backward, while the right thumb is
pointing in the direction of the wvirtnal
person's rotation, as shown in Figure 11.
Experiments showed that the two-hand
interaction meets people's daily interaction
habits, and increases the immersion of the
users into the VR environment. At the same
time, motion sickness in the VR

cnvironment is reduced. This intcractive

method is suitable for exploring games such
as decyyption that do mobi equite IRl we o o Hidliore Blie seerypiion. qrme Witk Frodmoded
response speed””. Similarly, Khundam used
the Oculus Rift head-mounted display to

track the user's head position, thereby changing the direction of the viewpoint, and used the Leap Motion

interaction®™.

device for gesture recognition to control roaming in the VR environment®™. Park conducted user
experience research on four different types of VR games based on gesture interaction, and obtained
feedback results of gesture interaction user satisfaction under different visual conditions™.

Gesture interaction alone can only express the user's intention with the hand movement and lacks the
interaction information of other modalities. Therefore, combining the gesture movement with other
interaction modes to form a multimodal
interaction mode is the major research goal
in the fiuture VR field. For example, in VR,
a voice modality and a gesture modality can
be combined to achieve multimodal interac-
tion, as shown in Figure 12. Latoschik used
voice and gesture control to comnect two
objects, such as sending a voice command
"Connect two gray sticks with this thing",
simultaneously accompanied by the move-

[100]

ment of the pointing gesture"™. Similarly,

Chun combined the voice with the gesture,

using voice to send operation commands,

3 ) * 0 ) 1o |
and performing speech recognition on the Figure 12 Voice and gesture combined to complete object connection™™.
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transmitted voice command. At the same time, Kinect was used to recognize the posture and orientation of
the gesture, and collision detection was performed on the virtual hand and the virtual object. Thus, the
purpose of moving only virtual objects that meet the wvirtual gestures was achieved. Multimodal
instructions were recognized by voice recognition and gesture recognition, and interactive actions such as
selecting, moving, zooming, deleting, and changing outline colors were performed™®.

6 Potential issues

There is still a certain difference between the existing gesture interaction technology and the desired
completely natural and efficient interaction. The following aspects can be improved.

Firstly, although gesture interaction simplifies the interactive input method, there is no standardized
operation specification. Since the gesture and the task do not have one-to-one correspondence, it is
necessary to select appropriate gesture types according to the characteristics of the task in the VR. Owing
to the diversity and complexity of gestures, it is difficult for developers to build a consistent operation
platform. Therefore, when users use gesture interactions for different products, they need to be trained for a
period of time, which increases the difficulty of learning and cognition.

Secondly, gesture-based interaction is closer to the human expression, but in some VR interaction
scenarios, it is required to wear cumbersome gesture collection devices, which reduces the comfort and
naturalness of the interaction, immersing the users in a negative situation, and affecting their mood.

Thirdly, compared with the point-to-point precision operation of the mouse and keyboard, the gesture
interaction is not an accurate operation, and its application range is affected by many factors such as the
interaction device, the recognition method, and user proficiency. At the same time, since the gesture
interaction recognition process requires a certain processing time, and the VR system itself also has a
certain delay, the fluency of the interaction is greatly affected and is not suitable for interactive tasks with

high-accuracy requirements.
7 Summary and future directions

This paper summarized the following aspects of gesture interaction technology in VR.

Firstly, the definition of gestures is provided, and the existing gesture classification methods are
investigated and summarized. Our study showed that gestures, as a common communication method in
human life, can be classified from many different aspects. These classification methods correspond to
different interaction scenarios and conditions. Researchers can select an appropriate classification and
expression according to the goals that need to be achieved.

Secondly, several VR gesture interaction devices are introduced. They are classified into wearable
interaction devices, touch screen-based interaction devices and computer-vision-based interaction devices.
Of these, the wearable interaction devices, such as data gloves and acceleration sensors, collect gesture
signals, and can directly collect the position information of user's hand in the 3D space. For touch devices,
with the support of the multi-touch technology in mobile devices, such as in the iPhone and tablet, the
application range is extensive, Compared with other interactive devices, the computer-vision-based gesture
interaction method does not require extra tools and is the most natural human—computer interaction gesture
acquisition device.

Thirdly, gesture recognition methods are summarized. The gesture recognition result has a great impact
on the final gesture interaction. The existing gesture recognitions mainly include wearable gesture
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recognition, touch-screen-based gesture recognition and computer-vision-based gesture recognition. The
main process of multiple recognition is to pre-process the collected gesture data; to obtain the processed
gesture data; to extract the gesture features for modeling and analyses; and finally, to obtain the gesture
recognition result. Here, for different input data types, the appropriate modeling method should be
selected. The major modeling methods are based on traditional machine-learning models and deep neural
networks. The combination of voice, video, and other modal information with gesture information can
better identify and understand the current user's intention expressed in the interaction process. This is the
focus of current research and the trend of future research.

Finally, the application of gesture interaction in multiple fields of VR is introduced. The combination of
gesture interaction and VR technology has greatly changed our lives in many aspects such as medical care,
education, daily work, and life. The development of VR provides us with more possibilities to experience
feelings that may occur in real life or that cannot even be experienced in real life. In the future, VR
technology may subvert our current level of experience and bring us more surprises. At the same time, with
the advancement of gesture interaction technology, higher precision, and more natural interaction
technologies will be produced. Therefore, applying gesture interaction to VR will bring us a new
experience so that we will feel that we are communicating with real "people”, and further increase the
authenticity, immersion, and interactivity of gesture interaction in VR.
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