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Editorial 

Wearable technology, also known as wearables, smartwear, skin electronics of fashion technology, is a 

category of hands-free electronic devices that can be worn as accessories or embedded into clothes or skin 

surface. The usage involves all kinds of industries such as medicine, sports, apparel, health monitoring and 

management, and artificial intelligence.  

As a new journal focused on wearable technology, we hope to provide a good communication platform 

for scholars and experts from various industries. It is our honor to invite Prof. Jun Qiu from Tsinghua Univer-

sity and Prof. Pibo Ma from Jiangnan University to write articles involving different fields for the first issue. 

Prof. Jun Qiu lab reviewed the strategic choices for high-quality development of smart wearable sporting goods 

industry. In this article, a strategic policy of people-oriented is established, focusing on research and develop-

ment, and scientific management. Prof. Pibo Ma and his team pointed out that the type, structure and weaving 

method of the conductive yarn were important factors which affect the performance and wearing comfort of 

knitted sensors, and the electrical characteristics of two-dimensional extension and three-dimensional defor-

mation in the strain stretching process of knitted sensors determined the effective strain sensing range.  

Furthermore, we collected several other excellent articles on application of wearable technology and 

mechanisms or models about this technology, hoping to show an overview of this rapidly developed subject. 

Editor-in-chief 

Dr. Zhen Cao 
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Original Research Article 

Research status and progress of intelligent wearable system 

for first aid based on body area network 

Wei Han, Junchao Wang, Yang Zhou*, Yingying Jiang 

* Emergency Department, Shenzhen University General Hospital, Shenzhen 518055, Guangdong, China. E-mail:

54656085@qq.com 

ABSTRACT 

With the rise of electronic health services, wireless body area network (WBAN) technology has attracted great in-

ternational attention. The body area network can obtain human vital sign parameters in its natural state, and support 

applications in areas such as clinical diagnosis and treatment, emergency rescue and treatment, and health information 

services. This article introduces the concept of body area network and the electronic medical architecture of body area 

network, summarizes the advantages of body area network: In low data rate scenarios, the system power consumption 

of body area network is much lower than that of other wireless communication standards, providing more choices for 

special frequency bands for medical equipment (500 MHz to 5 GHZ), thereby reducing the interference problem be-

tween different communications; proposing bottlenecks and hot spots of body area network: Ultra-low power consump-

tion requirements of sensor nodes and hardware resource constraints with limited computing power, and data security 

protection problems in body area network sensor nodes; the application of body area network in emergency scenarios 

was analyzed, and the hot spots of body area network research in the field of emergency were summarized and predict-

ed: The development of ultra-low-power chips, wearable wireless nodes, intelligent medical terminals, health and mon-

itoring instruments and other devices and equipment. 

Keywords: body area network; first aid; wearable system; scene application 

1. Research status of emergency in-

telligent wearable system in body 

area network 

1.1. Background 

The diversification and facilitation of 

healthcare services is increasingly rely on the sup-

port of information technology[1]. The medical field 

is one of the application fields with the widest cov-

erage, the greatest support of information technolo-

gy, the widest industrial driving area, and the most 

obvious service demonstration effect[2,3]. With the 

rise of electronic health services, WBAN technolo-

gy has attracted great international attention. As the 

system and application of the integration of bio-

technology, sensor network, and Internet, it will 

lead to the mutual penetration and coordinated de-

velopment of information technology and other new 
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technologies, the BAN has aroused strong interest 

in academia and industry around the world since its 

inception[4]. As shown in Figure 1, the BAN can 

obtain human vital sign parameters in its natural 

state, and support applications such as clinical di-

agnosis and treatment, emergency rescue and treat-

ment, and health information services[5], which be-

longs to the intersection of biomedicine and infor-

mation science, is a local area network with a 

communication distance of no more than 3 m 

through multiple wearable sensor nodes[6,7]. 

Figure 1. Body area network.

1.2. Electronic health architecture of BAN 

The sensor nodes collect vital sign parameters 

such as blood pressure, heart rate, body temperature, 

respiration, oxygen saturation, ECG, and the coor-

dinator sends data collected from the sensor node to 

hospital through the communication network and 

switching center[8,9], as shown in Figure 2, depict-

ing a body area network-based electronic medical 

architecture diagram. After processing, it can be 

forwarded to individuals, communities and families, 

can provide a variety of services such as the mobile 

clinical, remote diagnosis, health education, health 

consultation and evaluation, which is extremely 

effective in alleviating the outstanding contradic-

tions of the current medical shortcomings and low 

utilization rate[10], rationally allocating medical re-

sources, and significantly improving the level of 

people’s medical and health services, and also the 

treatment during emergency[11]. 
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Figure 2. BAN-based electronic medical architecture diagram. 

1.3. The application scope and characteris-

tics of BAN 

BAN technology can help achieve in the intel-

ligent medical work for people, the digitization of 

medical information, real-time diagnosis and treat-

ment process, scientific medical process, and hu-

manized service communication[12,13], which can 

meet the needs of medical health and emergency 

rescue information, intelligent management and 

monitoring of public health safety, etc., and at the 

same time achieve the interaction between individ-

uals and medical personnel, medical institutions, 

and medical equipment, and achieve the manage-

ment of personal health by oneself, which enable 

the early treatment of diseases and the maintenance 

of emergency rescue information, and promote the 

informatization and intelligence of management in 

the medical field[14,15]. BAN can also be widely used 

in entertainment, sports, environmental intelligence, 

military and public safety, etc.[16], which is a key 

area that strongly related to the development of na-

tional economy and people’s livelihood, and the 

market demand, which its social and econom-

ic benefits are immeasurable[17]. 

1.4. Advantages of BAN 

As shown in Figure 3, compared with the 

standards of other wireless communication, the ad-

vantages of the BAN are mainly reflected in the 

following three aspects. (1) In the scenario of low 

data rate, the system power consumption of the 

BAN is much lower, and the battery life is much 

higher than the standards of other wireless commu-

nication. (2) The information transmission of WiFi, 

Bluetooth, and Zigbee are all concentrated in the 

2.4 GHz frequency band, which is easy to interfere 

with each other and brings additional power con-

sumption overhead[18,19]. While BAN offer more 

options for medical device-specific frequency bands 

(500 MHz to 5 GHZ)[20], thereby reducing interfer-

ence between different communications. At the 

same time, the BAN system can choose the best 

channel for communication between the narrow-

band channel, the ultra-wideband channel and the 

human body communication channel according to 

the requirements of different application scenari-

os[21]. (3) Due to the BAN is aimed at the transmis-

sion of human body signs information in medical 

scenarios, its information sensitivity and privacy are 

Research status and progress of intelligent wearable system for first aid based on body area network 
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high. Improper information leakage will lead to se-

rious security problems, and even directly affect the 

safety of users’ lives. Therefore, the security protec-

tion measures of BAN are also higher and more 

unique by comparing to other wireless communica-

tion standards. 

Figure 3. Power consumption and battery usage con-

trast between BAN and other wireless communication 

standards under different data rates. 

1.5. Bottlenecks and hotspots of the BAN 

Compared with other wireless communication 

networks, the main bottlenecks hindering the 

large-scale promotion and implementation of body 

area networks are concentrated in the following as-

pects. (1) The ultra-low power consumption re-

quirements of the sensor node and the hardware 

resource constraints of limited computing power[22]. 

As a basic component of the electronic medical 

system, the BAN system node is responsible for 

monitoring and tracking the patient’s body parame-

ters for 24 h at anytime and anywhere, the 

long-term efficient, stable physiological information 

collection, and data exchange are the basic re-

quirements for achieving its function[23,24]. However, 

due to the implantable and wearable characteristics 

of BAN sensor node, it is bound to use a limited 

power supply and low-power hardware with low 

computing power[25], and each power supply re-

placement or charging will have a greater impact on 

the continuous extraction and tracking of physical 

parameters[26]. Especially for implantable sensor 

nodes, each battery replacement will cause great 

inconvenience and pain to the user. Therefore, un-

der the condition of limited power supply and 

hardware resources, how to design a long-term, ef-

ficient and stable communication design method for 

ultra-low power consumption BAN sensor nodes 

has become a hot issue in the field of BAN re-

search[27,28]. (2) Data security protection problems in 

the sensor node of BAN. The BAN contains a large 

number of extremely private data information such 

as various vital signs data, medical diagnosis in-

formation, user medical records, etc. Illegal access, 

modification or information leakage will not only 

cause greater security risks, but also cause serious 

threat to the user’s life safety, resulting in irreversi-

ble social impact[29,30], so the information security 

requirements of the BAN are higher than other 

wireless communication networks. (3) The sensor 

node of BAN and its limited power supply and 

hardware resource limitations make it difficult for 

the traditional high-intensity data security scheme 

to achieve the protection for each data in this sce-

nario[31–33]. Therefore, how to design a safe and re-

liable encryption algorithm under the constraints of 

limited hardware computing power, power con-

sumption and area, and establish a reliable envi-

ronment for data transmission in the BAN, pre-

venting illegal tampering of medical data, and 

ensure the legitimacy of nodes has become a key 

scientific problem that needs to be solved urgently 

in the field of BAN[34,35]. (4) Due to the limitations 

of low-power communication and data security in 

the BAN, although the BAN has a good develop-

ment prospect in the medical field, however, it has 

always been a major defect in the current clinical 

application field[36,37]. 

2. Research progress of BAN intel-

ligent wearable system for first aid 

On the basis of solving the low-power and 

high-reliability communication mechanism and data 

security problems of the BAN, the wireless signs 

monitoring system of BAN is developed for emer-

gency scenarios, such as disasters, traffic accidents, 

public health events, family sudden cerebrovascular 

accidents and other scenarios, and completes the 
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multi-parameter sign data collection, monitoring 

and rumination of emergency patients, improves the 

efficiency of emergency treatment and the speed of 

diagnosis, and speed up the process of medical in-

formatization. As a bottleneck in the field of BAN 

research, the breakthrough of its core technology 

can effectively support the development of a new 

generation of information technology strategic in-

dustries such as information networks (services), 

wireless communications, semiconductors, etc., 

thereby driving the development of manufacturing 

and information service industries such as basic 

components, communication terminals, and system 

equipment, and the level of informatization and 

health care services in the medical industry will be 

improved. Applications: Smart terminal detection 

and analysis of physiological data, injury assess-

ment, completion of electronic medical records, 

transmission of information to the medical cloud 

information platform through 5G, and the medical 

cloud information platform transmits hospitals and 

ambulances inspections, testing analysis and early 

warning physiological data, injury assessment, and 

completion of electronic medical records through 

5G. It had been reported[38] that advances in BAN 

wearable systems that improve the current emer-

gency department visit process by monitoring pa-

tients after emergency triage, thereby reducing the 

risk of adverse events. The study proposes a dy-

namic mathematical decision-making model to de-

termine patient priorities, forming a feedback loop 

in the emergency department. Coupling of weara-

bles (collecting data) and decision theory (synthe-

sizing organizational information) can help reduce 

uncertainty in emergency department triage systems. 

The emergency wearable point-of-care-testing 

(POCT)[39] can significantly reduce the turnaround 

time of laboratory test results. POCT devices can 

test samples on patients directly, including bilirubin 

meters, pulse oximeters, breathalyzers (for alcohol 

and cannabinoid testing), transcutaneous blood gas 

analysis, postoperative glucose, and tumor markers. 

The use of these devices is very important in critical 

care medicine and emergency departments. Weara-

ble POCT devices have great promise to meet the 

needs of current and emerging clinical disciplines. 

3. Research hotspots and prospects

of BAN emergency intelligent 

wearable systems 

China’s research in the field of BAN has just 

started, and there is a big gap compared with de-

veloped countries. At present, there is no theoretical 

and applied research on BAN in the field of emer-

gency, and it is urgent to carry out relevant research 

to narrow the gap with the international advanced 

technology and lay the core technical foundation for 

the industrialization of the BAN system[40,41]. In-

formation and security technology is a key issue 

that must be solved to establish a theoretical system 

and application system of BAN[42]. The cut-

ting-edge research work the author intends to carry 

out has important academic significance for the ex-

ploration of network security technology of BAN 

and the realization of application-specific integrated 

circuits; it has high practical application value in 

reducing the power consumption of wireless nodes, 

stable and reliable communication, etc., and its 

successful implementation can promote the devel-

opment of ultra-low-power chips, wearable wireless 

nodes, intelligent medical terminals, health and 

monitoring instruments and other devices and 

equipment, that can help to form an electronic 

medical implementation solution that benefits peo-

ple’s livelihood and emergency rescue. It has made 

direct contributions to the orderly promotion of the 

deployment and application of remote electronic 

medical services, and the improvement of the in-

formatization level of medical industry and the lev-

el of emergency rescue medical services. The au-

thor did extending and deepening on the basis of the 

original team’s work, and the team has a good re-

search foundation in the design of BAN system se-

curity solutions, hardware design and emergency 

rescue application verification[43]. 
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Original Research Article 

Research progress of knitted sensors in the field of sports and 

fitness apparel 

Pibo Ma*, Qing Liu, Li Niu, Yutian Li 

*Engineering Research Center for Knitting Technology, Ministry of Education, Jiangnan University, Wuxi 214122,

Jiangsu, China. Email: mapibo@jiangnan.edu.cn 

ABSTRACT 

Knitted sensor has the advantages of lightness, conformity, good strain tensile recovery and formability, which 

provides a possibility for flexible and non-inductive motion signal monitoring and smart wearable sports health clothing 

preparation. This paper reviews the preparation methods of knitted sensors, analyzes the influence of yarn types, fabric 

microstructure and tensile sensing direction on its sensing performance, and compares the advantages and disadvantages 

of knitted sensors in the fields of life and health, human movement and other fields. It is pointed out that the type, 

structure and weaving method of the conductive yarn are important factors affecting the performance and wearing 

comfort of knitted sensors, and the electrical characteristics of the two-dimensional extension and three-dimensional 

deformation in the strain stretching process of knitted sensors determine the effective strain sensing range. This paper 

outlines the development opportunities and challenges faced by knitted sensors in the field of sports and health clothing. 

Keywords: knitting sensor; knitting technology; conductive yarn; sensitivity; exercise health 

1. Introduction

With the development of science and technol-

ogy and the enhancement of national health aware-

ness[1,2], people’s demand for wearable products that 

can achieve daily sensing and real-time monitoring 

of human motion data has become increasingly ur-

gent, which has led to the birth of smart bracelets, 

sports wristbands and other smart wearable devic-

es[3]. At present, these smart wearable devices 

mostly use gravity sensors, multi-axis acceleration 

sensors and image sensing technologies to collect 

human motion information. Although they can bet-

ter reflect the state of human motion in daily sens-

ing, they still have high hardness, poor elasticity 

and other technical problems such as poor wearing 

comfort and lack of motion detail signals[4,5]. 

Therefore, the development of highly integrated, 

comfortable and wearable flexible strain sensors to 

realize human body signal sensing or motion recog-

nition is an important problem that needs to be 

solved urgently. Knitted strain sensors are made of 

conductive yarns through different processes to 

make conductive knitted fabrics or conductive 

treatment on knitted fabrics to form smart wearable 

devices with sensing properties. The knitted fabric 

matrix is light and soft, which can effectively im-

prove the wearing comfort of traditional smart tex-

tiles, where the large strain and good stretch recov-
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ery of the knitted structure meet the requirements of 

smart sports health sensing monitoring[6,7]. This pa-

per mainly summarizes the preparation method of 

knitted sensors, comprehensively compares the in-

fluence of knitted sensor material types, organiza-

tional structure, and tensile direction on its sensing 

performance, and analyzes the latest application of 

knitted sensors in the field of sports health. On 

this basis, its future development is reviewed in or-

der to provide a reference for the research of knitted 

sensors in the field of sports and health clothing. 

2. Preparation of knitted sensor

Knitted sensors are mainly divided into three 

categories: Resistive strain sensors, capacitive strain 

sensors and piezoelectric strain sensors, among 

which resistive strain sensors are the most common 

in the field of sports and health clothing. Resistive 

strain sensors mainly use the change of resistance 

value to characterize the physiological signals of 

the human body to achieve sensing. At present, 

there are two commonly used preparation methods: 

1) Use conductive yarn to knit directly on knitting

equipment; 2) Treat the surface of knitted fabrics[8]. 

2.1. Fabrication of sensors by knitting tech-

nology 

Some conductive yarns can be directly knit-

ted by knitting sensors on the knitting equipment. 

The knitting technology used mainly includes two 

categories: Warp knitting technology and weft knit-

ting technology. Knitted sensors prepared by dif-

ferent knitting technologies have certain differences 

in sensing performance, wearing comfort and prod-

uct appearance. 

Warp knitting technology 

Warp knitting technology refers to a knitting 

method in which one or several groups of parallel 

yarns are inserted into a row of knitting needles 

along the longitudinal direction and synchronously 

formed into loops. With warp knitting technology, 

not only that it can be used to prepare tensile sen-

sors, but it can also be used for the preparation of 

pressure sensors. Since the coils of the knitted sen-

sor prepared by the warp knitting technology are 

arranged along the warp direction of the knitted 

fabric, the product has a flat appearance, a tight 

weave structure with no floating thread on the back 

of the intarsia area, resulting in better stability and 

anti-separation of the fabric as compared to the weft 

knitted fabric. The warp knitted spacer fabric has 

advantages in the preparation of pressure sensors 

due to its good retraction. Zhu[9] studied the influ-

ence of fabric structural parameters on the com-

pressive properties of warp knitted spacer fabrics, 

and the results showed that spacer fabrics with high 

density, large thickness and single fibre spacer 

have better bending resistance, which can be used 

to prepare knitted pressure strain sensors with good 

recovery. In terms of local positioning weaving, the 

warp knitting machine is more suitable for whole 

conductive fabric or strip conductive fabric. How-

ever, it offers no advantages in the preparation of 

small-area positioning sensors. 

Weft knitting technology 

Weft knitting technology mainly includes flat 

knitting technology and circular knitting technolo-

gy. 

Flat knitting technology refers to a knitting 

method in which one or several yarns are drawn 

from the yarn bobbin and placed on the corre-

sponding knitting needles of the flat knitting ma-

chine along the weft direction to form loops. In flat 

knitting, the technology includes double needle bed 

flat knitting and four needle bed flat knitting ma-

chines. Among the two, the double needle bed flat 

knitting machine technology is widely used and has 

strong versatility. However, it has high requirements 

on raw materials where the yarn raw materials that 

match the needle type must be chosen, while the 

four needles bed flat knitting machine technology 

can be used for the preparation of one-piece molded 

clothing, which is more suitable for the weaving of 

complex fabrics. The precise positioning of the 

sensor can be achieved by using the intarsia func-

tion of the computerized flat knitting machine[10]. 

The flat knitting machine is convenient for the 
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weaving of small knitted products. Through the de-

sign of the supporting computer software, socks, 

gloves, knee pads and other products can be auto-

matically generated, and the size and product shape 

can be changed according to needs. Figure 1[11] is a 

fully formed sports glove that can monitor finger 

movement knitted on a double needle bed Shima 

Seiki computerized flat knitting machine. Knitted 

fabrics prepared by computerized flat knitting ma-

chines are inferior to warp knitting in terms of weft 

looping and fabric stability, especially when weft 

and flat fabrics are prone to crimping. Due to the 

coarse needle number of the general flat knitting 

machine, the product structure of the flat knitting 

machine is relatively sparse and the feel is poor. 

Figure 1. Fully-formed sports gloves knitted on computerized 

flat knitting machine using intarsia. 

Circular knitting technology refers to a knitting 

method in which the yarns are placed on the corre-

sponding knitting needles of the circular knitting 

machine in sequence along the weft direction to 

form loops. The circular knitting technology not 

only is able to achieve integral molding of knitted 

products, but also able to achieve the positioning 

and weaving of multiple sensors. Because this 

technology has the advantages of high rotation 

speed, high output, fast pattern change, good fabric 

quality, few processes, and strong product adapta-

bility, it further provides advantages in the prepara-

tion of large-area knitted products and fully formed 

seamless sports suits. In this, weaving the whole 

product at one time can reduce the production pro-

cess and shorten the production cycle. Thinner 

yarns can also be spun on a circular machine[12,13] 

with the obtained fabric having good stability. 

However, there are many floating threads on 

the back of the conductive area. In order to avoid 

mutual interference between the conductive yarns, 

it is generally necessary to remove the floating 

threads. 

2.2. Surface treatment of the knitted fabric 

The surface treatment of knitted fabrics is to 

add a certain proportion of reducing agents, disper-

sants and binders to conductive substances such as 

polypyrrole, graphene, nano-silver, etc., and treat 

the surface of the fabric by dipping, coating, screen 

printing, etc., thus forming a stable and continuous 

conductive network layer[14]. This processing 

method can improve the sensitivity of the sen-

sor, but the overall stability of the sensor is poor. 

Therefore, the key to the surface treatment of knit-

ted fabrics is to form an interface with good bond-

ing force between the fabric and the conductive 

material to ensure that the conductive material has 

good adhesion and is not easily fallen off. 

In order to improve the adhesion effect of 

conductive substances, Lin et al.[15] used plasma 

pre-treatment to increase the adhesion of polypyr-

role on polyester to prevent the falling off of con-

ductive substances and ensure the continuity and 

uniformity of conductive substances during stretch-

ing. Amjadi[16] covered a layer of PDMS on the sur-

face of the nano-silver-coated fabric and prepared a 

stretchable sensor for finger posture monitoring. 

3. Factors influencing the sensing

performance of knitted sensors 

The main properties of the knitted sensor in-

clude sensitivity, linearity, stability, repeatability, 

hysteresis, etc. The influencing factors include the 

type of yarn, the structure of the fabric, the direc-

tion of tensile sensing, and the interaction 

force between the coils. 
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3.1. Type of yarn 

In actual production, the type of conductive 

yarn is a key factor affecting the performance of 

knitted sensors. According to the different materials, 

conductive yarns can be achieved in two ways: (1) 

Using conductive fibers to directly spin yarns; (2) 

Treat ordinary yarn to make it conductive. Accord-

ing to the actual application, it can be divided into 

metal conductive yarn, carbon-based conductive 

yarn and composite conductive yarn[17,18].  

1) The difference in conductive yarn affects 

the sensing performance of the knitted sensor. Yarns 

with conductive properties such as metal and pure 

carbon have the characteristics of high sensitivi-

ty, but due to their high rigidity and other problems, 

they are prone to irreversible mechanical damage 

and permanent structural deformation during weav-

ing or use, with poor stability, especially under a 

large strain where the rapid elastic recovery is poor, 

which seriously affects the stability and linearity of 

the sensing performance of the knitted sensor, and it 

is difficult to make a tensile sensor. After adding 

common yarns such as spandex elastic yarn and 

polyester yarn to the conductive yarn, not only can 

it increase the shape retention of the fabric, but also 

improve the performance of the sensor. Zhang et 

al.[19] used conductive yarn and ordinary yarn to 

weave an intarsia knitted sensor (see Figure 2), and 

the conductive yarn and ordinary yarn were con-

nected in an intarsia manner, which improved the 

sensitivity and stability of the knitted sensor. 

 
Figure 2. Intarsia stitch. 

Using conductive materials such as metals to 

treat ordinary yarns or blending with ordinary yarns 

to prepare composite conductive yarns can improve 

the difficulties faced in knitting. However, in the 

weaving process, conductive coated yarns are also 

prone to problems such as conductive material 

shedding and yarn surface oxidation, which seri-

ously affects the sensing performance. The re-

sistance of blended yarn and the conductive 

core-spun yarn is relatively large, and there are also 

problems in sensitivity. 

Many researchers have devoted themselves to 

the development of new conductive yarns using 

electrochemical methods to improve the problems 

of easy shedding, easy oxidation and poor sensing 

performance of the conductive layer on the surface 

of the existing conductive yarns. However, the rel-

evant technology is not mature at present, and there 

are few applications in the textile field. 

2) The electrical characteristics of different 

kinds of conductive yarns determine the effective 

strain range of the knitted sensor. The resistance of 

metal nano-silver wires is only a few to tens of 

ohms, which can be used for tensile strain sensors. 

Liu et al.[20] used 44 dtex nylon silver-coated yarns 

with circular knitting technology to prepare a ten-

sile strain sensor for monitoring human arm posture. 

After repeated usage, it still has good sensing per-

formance. Meanwhile, conductive yarns treated 

with graphene[21], polypyrrole, and conductive na-

nomaterials have a resistance of several thousand or 

even tens of thousands of ohms, with high sensitiv-

ity and can be used in piezoelectric strain sensors.  

Liu et al.[22] studied the influence of parameters 

such as the thickness of the conductive nanofiber 

membrane and the material ratio on the sensitivity 

of the sensor. The results showed that the best sen-

sitivity of the sensor was achieved when the mass 

ratio of Py monomer to nanofiber is 1:1 and the 

thickness of the conductive nanofiber film is 48 μm. 
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3.2. Structure of the fabric organization 

The structural organization of the fabric has a 

great influence on the linearity and sensitivity of the 

sensor. Han et al.[23] studied the sensing perfor-

mance of three kinds of weft-knitted structure sen-

sors, and the specific results are shown in Figure 3. 

It can be seen from Figure 3. that under the same 

conditions, the weft plain needle knitted sensor has 

the best sensitivity and conductivity, followed by 

the 1 + 1 fake rib knit fabric sensor, while the 2 + 1 

fake rib knit fabric sensor was the worst. The over-

all resistance showed a trend of first increasing and 

then decreasing. Therefore, the structure of the 

knitted stress sensor should not be too complicated, 

and the basic structure should be used. Han et al.[23] 

also studied the longitudinal electrical properties of 

spandex weft knitted conductive fabrics. By com-

paring with Zhang et al.[24], they found that the lon-

gitudinal electrical properties of spandex weft knit-

ted conductive fabrics were similar to those of warp 

knitted fabrics. This shows that there is a difference 

in the sensing performance of warp knitted fabric 

and weft knitted fabric. However, both knitted fab-

rics shares similarity in terms of good sensitivity 

and linearity. Raji[25] found that the sensitivity of the 

rectangular sensor is higher than that of the saw-

tooth sensor. It can be inferred that the shape of the 

knitted sensor has a greater impact on its sensing 

performance, and the knitted sensor with a simple 

shape has higher sensitivity. The research results of 

Li, et al.[26] showed that with the increase of the 

number of longitudinal rows of the conductive coil, 

the resistance change of the sensor showed an in-

creasing trend while with the increase of the num-

ber of rows of the conductive coil, the resistance 

growth trend of the sensor weakens. The resistance 

change of the sensor conforms to the law that the 

knitted fabric coils are parallel in the longitudinal 

direction and series in the transverse direction. 

Therefore, the number of horizontal and vertical 

coils of the coil is closely related to the sensitivity 

of the sensor. When the number of horizontal col-

umns is constant, the fewer the number of vertical 

rows the better the sensitivity. When the number of 

horizontal columns is the same as the number of 

vertical rows, the conductivity in the vertical and 

horizontal directions is similar, but the sensitivity in 

the vertical direction is generally greater than that in 

the horizontal direction. 

 

 

 

 
Figure 3. Distribution schematic diagrams of contact points of 

the three stitches. 
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3.3. Stretching direction of the sensors 

During the actual wearing process of the 

sportswear, the forces incurred are mostly 

two-or-multi-directional tension forces from the 

plane, while shear and curved surface tension forces 

occur in the three-dimensional direction. Therefore, 

it is necessary to consider the sensing performance 

of the knitted sensor in different stretching direc-

tions. 

At present, the research on the stretching di-

rection of the sensor is mainly based on horizontal, 

vertical, biaxial and three-dimensional stretching 

which mimics the actual movement of the hu-

man body. However, there are relatively few re-

search examples of testing electrical signal changes 

in multiple directions with standard experiments. 

There are the following differences between 

horizontal and vertical stretching: (1) In terms of 

tensile formation, the yarn under horizontal stretch-

ing is transferred from the loop column to the loop 

arc where the yarn is rotated with the degree of dis-

placement seen to be more obvious while the coiled 

yarn under vertical stretching moves from the loop 

arc to the loop column. (2) The stretching direction 

of the sensor is a key factor affecting the sensitivity 

and hysteresis of the sensor. During horizontal 

stretching, changes in the hysteresis of re-

sistance between strain stretching and recovery are 

small while in vertical stretching, the changes in the 

hysteresis of resistance between strain stretching 

and recovery are more obvious. In most cases, the 

rate of change in resistance during vertical stretch-

ing is greater than that of horizontal stretching. 

Xie[27] studied the resistance change of the weft 

plain needle sensor under the condition of horizon-

tal and vertical stretching, as shown in Figure 4. It 

can be seen from Figure 4. that the electrical re-

sistance of the conductive knitted fabric in horizon-

tal stretching shows an approximately linear growth 

trend with the increase of strain, while the relation-

ship between the changes in resistance and strain 

increases nonlinearly in vertical stretching. (3) In 

terms of stretching speed, the increase of stretching 

speed increases the resistance of the sensor corre-

spondingly but with a slower trend. At lower 

stretching speed, there is a hysteresis phenomenon 

that occurs in the change of resistance between 

strain stretching and recovery[28]. 

 

Figure 4. Relationship between resistance and strain of knitted 

sensor under biaxial stretching. 

The three-dimensional stretching direction is 

closer to the actual perception of the human body 

when wearing the knitted sensor, and has the com-

mon characteristics of horizontal and vertical 

stretching. 

Li et al. wrapped the fabric with small pellets 

to simulate the motion of the human knee joint, as 

shown in Figure 5. The sensing performance of the 

knitted strain sensor was evaluated using a 

three-dimensional curved surface. From this ex-

periment, it was found that the strain sensing range 

of the three-dimensional surface was 120%, which 

was twice that of the two-dimensional stretching 

performed with the two-dimensional test method. 

3.4. Interaction force between coils 

The interaction force between the coils mainly 

affects the contact resistance of the sensor. The 
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construction of the equivalent resistance model 

clarifies the sensing mechanism of the conductive 

fabric and is used to simplify the coil circuit, and 

the contact resistance directly affects the accuracy 

of the equivalent resistance model prediction. (1) 

Contact resistance is related to the contact 

force between coils. The interaction force between 

the coils, coil transfer[29] and changes in the length 

of the coil would result in a change in the contact 

resistance. Wang et al.[30] simulated the relation-

ship between contact force and contact re-

sistance by intertwining two silver-coated yarns 

with each other. From theoretical analysis and ex-

perimental research, it was known that the contact 

resistance decreased with the increase of the contact 

force. (2) In the case of a small strain, the change in 

contact resistance between the coils is very small, 

where its influence on the sensing performance of 

the fabric can be ignored. Conversely, in the case of 

a large strain, the contact resistance influences the 

elongation-strain linearity of the sensor. (3) The 

overall resistance of the sensor is small due to the 

close contact between the coils, where the knitted 

sensor is made of conductive yarn covered with or-

dinary yarn, and the coils are not separated from 

each other. If there is contact resistance, or if the 

exposed conductive yarn produces a small contact 

resistance, the overall resistance value will increase 

greatly. 

 
Figure 5. Three dimensional test of knitting sensor. 

4. Application in the field of sports 

and health clothing 

Knitted sensors are an important tool for col-

lecting human motion signals. In the development 

of smart sports and health clothing, knitted sensors 

play a pivotal role. Its application scope mainly in-

cludes three aspects: daily sports protection, profes-

sional sports guidance, and sports rehabilitation 

guidance. 

4.1. Daily sports protection 

With the continuous enhancement of national 

health awareness, more and more people are pro-

tecting themselves through the monitoring of daily 

exercise. When the knitting sensor detects abnormal 

conditions during human movement, it will send out 

a warning signal to remind the athlete to rest or seek 

medical attention. Garcia et al[31] developed a wire-

less and comfortable wearable back motion moni-

toring system which was prepared by sewing a 

copper wire with a diameter of 0.14 mm into a 

piece of elastic fabric with a “T” shape. In addition, 

an inductive textile sensor was integrated into 

the back of the bodysuit to monitor back posture. In 

addition to the protection of the human body’s daily 

exercise, the monitoring of the human body’s phys-

iological signals during daily exercise is a hot re-

search topic in the field of sports health. Liu et al.[32] 

used graphene webbing as a substrate to be coated 

on elastic knitted fabrics to prepare flexible gra-

phene sensing elastic belts. The flexible graphene 

sensing elastic belts have certain practicability in 

the collection of human body data for clothing. 

4.2. Professional sports guidance 

Professional exercise guidance can help ath-

letes perform exercise assessment, improve lack of 

exercise, standardize exercise methods, control ex-

ercise intensity, optimize training effects and reduce 

physical injuries. Xie[27] used weft knitting technol-

ogy to weave silver-plated nylon conductive yarns 

into flexible knitted fabric sensors, which were in-

tegrated into smart T-shirts and smart knee pads to 

monitor elbow, shoulder, abdomen and knee joints, 

respectively. Physiological signals are used to ana-

lyze the resistance changes under different pos-

tures, but the specific transmission method of the 

data collected by the knitting sensor is not clear. To 

this end, Li et al.[33] prepared a kind of tights that 

can be used to monitor the motion of the human 
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knee joint based on a flexible sensor of sil-

ver-coated conductive yarn. The relationship be-

tween the sensors is analyzed, and a portable data 

module is developed for the collection and output of 

the sensor resistance signal. The strain resistance 

signal generated by a single exercise is of little sig-

nificance for professional exercise guidance, but the 

analysis of multiple exercise signals is very im-

portant for exercise guidance. Based on this, Chow 

et al.[34] prepared a textile pressure sensing moni-

toring sock using conductive yarn to connect the 

communication module at the ankle joint and ob-

serve the wearer’s foot movement according to the 

strain image. 

4.3. Sports rehabilitation guidance 

Exercise rehabilitation guidance can help pa-

tients recover more quickly with the scope of mon-

itoring including families and hospitals. The current 

mainstream method is to achieve auxiliary rehabili-

tation guidance in hospitals and other medical in-

stitutions based on self-monitoring. Lorussi et al.[35] 

designed a smart wearable system based on the fu-

sion of inertial sensors, fabric piezoresistive sensors 

and textile EMG sensors. The system is designed in 

a modular form and consists of separate shirts, 

pants, gloves and shoes to monitor human activity 

during post-stroke rehabilitation in daily life, which 

can help doctors optimize and adjust the training 

program of patients to assess the daily life and re-

habilitation of stroke patients. Han et al.[35] designed 

flat knitting technology to prepare a seamless glove 

with sensors embedded in the fingers for finger 

gesture discrimination. Heo et al.[36] designed a 

sensing glove coated with AgNW and PDMS, and 

studied the electrical signal changes of different 

fingers under different bending conditions to guide 

the recovery of hand movement health. 

5. Conclusions 

The research of knitted sensors in the field of 

sports and health clothing has achieved certain re-

sults, but there are still many shortcomings, so it is 

difficult to be widely promoted. The future research 

focus and development prospects can be summa-

rized as the following points: 

1) Smart sports and health clothing should 

possess textile wearing quality which is similar to 

the performance of the sensors. At present, although 

there are many research results on knitted sensors, 

most of them were focused on the implementation 

of functionality, and there is still a lack of research 

on clothing pressure, breathability, washability and 

other wearability. 2) Industry standards for specifi-

cations should be established. Due to the large dif-

ferences in the types and preparation methods of 

knitted sensors, it is difficult to unify the scope of 

use and data discrimination standards. Therefore, 

the parameters and specifications of conductive 

materials should be unified, and while realizing the 

function, the safety of sensor use should be ensured, 

and relevant performance, preparation and produc-

tion standards should be established. In addition, in 

terms of data transmission standards, reliable and 

secure smart products can establish public trust. 

There are currently relevant standard protocols in 

the transmission mode of Bluetooth; however, as 

the transmission of data requires multiple transmis-

sion networks to complement each other, the secu-

rity of personal information must be guaranteed. 3) 

Seamless connection of knitted sensors with other 

smart components. Limited by the development of 

science and technology, knitted sensors cannot be 

used alone at present, and the collected signals still 

need to be converted by circuits and data processing 

systems before output can be made. The use of knit-

ting to integrate each intelligent component can ef-

fectively overcome the current limitations. 

In short, with the current development and the 

advancement of science and technology, the re-

search and applications of knitted sensors in the 

field of sports and health clothing are developing 

towards health comfort, functional diversification, 

new energy and energy storage methods, intelligent 

and precise information and lower pricing. 
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ABSTRACT 

The inaccuracy of acute altitude sickness screening has brought great challenges to power grid construction work-

ers in high-altitude areas. Human vital signs monitoring technology is an effective technical means to prevent people

from developing altitude sickness. This paper proposes a monitoring and evaluation platform for high altitude sickness 

in power grid operations based on information entropy of the causes of the illness. First, the vital characteristics data of 

workers are collected through sensors such as blood pressure and blood oxygen. Secondly, the collected data is trans-

mitted back to the platform by using the Internet of Things technology. The information entropy establishes an analysis 

model of altitude sickness and generates personnel evaluation reports and treatment recommendations. Finally, the ap-

plication results of the platform verified that the preventive effect of the platform is much higher than that of the 

pre-existing physical examination method.

Keywords: power grid field operation; monitoring and evaluation of altitude sickness; illness cause information entropy

1. Preface

The average altitude of the Qinghai-Tibet 

Plateau is above 4,000 m. Affected by factors such 

as high altitude, thin air, low atmospheric pressure, 

low partial pressure of oxygen, and strong ultravio-

let rays in the region, acute altitude sickness 

has become a major threat to the construction per-

sonnel of the power grid in Tibet[1,2]. According to 

severity, acute mountain sickness is divided into 

two types: Mild (reactive or acute altitude sickness) 

and severe (high altitude cerebral edema, high alti-

tude pulmonary edema)[3]. The onset time of acute 

mountain sickness is short, occurring within hours 

to days. If it is not treated in time, it will be 

life-threatening[4]. 

Surveys and studies performed by High Alti-

tude Sickness Prevention and Control Center of 

State Grid Corporation of China have shown that 

when the power grid construction workers, whose 

original permanent residences were from low alti-

tude areas just entered the Qinghai-Tibet Plateau, 

were likely to induce acute altitude sickness, with 

the total incidence of acute altitude sickness of 

18.97%, of which the incidence rate of mild and 
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severe altitude sickness was 18.19% and 0.78%, 

respectively. It can be seen that among those who 

have just entered the Qinghai-Tibet region to per-

form power grids operations, experience high and 

harmful incidence of acute altitude sickness, which 

further poses a serious threat to their health[5]. 

Many scholars have done a lot of research on 

the prevention and treatment of altitude sickness 

among power grid construction workers. Litera-

ture[6] proposed the establishment of altitude sick-

ness analysis software, using ultrasound examina-

tion, electrocardiogram and other methods to 

conduct pre-physical examinations for personnel 

entering the construction sites in the Qinghai-Tibet 

area. In literature[7], it was proposed that the method 

of establishing bone marrow nucleated red blood 

cell examination and analysis software be used to 

carry out the pre-analysis of construction workers in 

the Qinghai-Tibet area. 

However, the above-mentioned altitude sick-

ness prevention and control software have no effec-

tive method for predicting and screening acute alti-

tude sickness. The only way to prevent and treat 

altitude sickness is to perform physical examina-

tions on power grid construction workers in ad-

vance or to send them to the hospital for treatment 

after the power grid construction workers developed 

altitude sickness. Doing so often misses the critical 

period for the prevention and treatment of altitude 

sickness and causes permanent damage to the body 

of power grid construction workers[8]. At the same 

time, power grid infrastructure construction is often 

performed in remote areas. When the power grid 

construction personnel fall ill, power grid compa-

nies will not only have to spend a lot of manpower 

and material resources for treatment but also, the 

life safety of the patients cannot be guaranteed[9]. 

Meanwhile, the progress of power grid construction 

will also be delayed to varying degrees. In recent 

years, the state has attached great importance to the 

economic construction of the Qinghai-Tibet region, 

and the scale of power grid construction has con-

tinued to expand. According to statistics, more than 

60,000 power grid construction workers enter Tibet 

and Qinghai regions every year to participate in 

power grid construction projects. As a result, the 

number of power grid construction workers suffer-

ing from acute altitude sickness is huge. If it can-

not be effectively prevented and disposed of, alti-

tude sickness will cause significant economic losses 

to power grid companies. 

The Internet of Things technology has the 

characteristics of comprehensive perception, effi-

cient information processing, convenient and flexi-

ble application, and can realize intelligent supervi-

sion and management of power grid operations[10–12]. 

The Internet of Things technology, especially with 

the use of mobile internet technology, allows the 

realization of mobile communication between the 

grid construction personnel and the back-end sys-

tems[13,14]. The use of the technology can provide 

vital sign data transmission support for the preven-

tion and treatment of altitude sickness for power 

grid construction workers in the Qinghai-Tibet re-

gion. 

Given the above background, this paper pro-

poses a monitoring and evaluation platform for high 

altitude sickness for power grid construction work-

ers based on the data of human vital signs collected 

and transmitted by the Internet of Things and mo-

bile internet technologies. The platform can collect 

real-time data of the life characteristics of power 

grid construction workers and timely analyze the 

warning risks and provide treatment plans of the 

said workers in the Qinghai-Tibet region through 

the information entropy modeling of the causes of 

altitude sickness to prevent the occurrence of alti-

tude sickness among power grid construction work-

ers in advance. The application results of the high 

altitude sickness monitoring and evaluation plat-

form for power grid construction workers verify 

that the prevention effect attained from this plat-

form is much higher than that of the pre-physical 

examination method, and it can effectively reduce 

the incidence of high altitude sickness among pow-

er grid construction workers. 
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2. Analysis on the characteristics of

altitude sickness among power grid 

construction workers 

Based on the survey of altitude sickness 

among power grid construction workers of the High 

Altitude Disease Prevention and Control Center of 

State Grid Corporation of China, Suzhou High-tech 

Zone People’s Hospital analyzed 452 patients on 

the illness causes characteristics among power grid 

construction workers suffering from altitude sick-

ness. From the results, it was summarized that there 

were 7 types of causes for altitude sickness with 

characteristic data that can be categorized into 4 

categories and 16 subcategories.

Table 1. Analysis on the causes of altitude sickness among construction workers 

Cause of illness Metric Number of patients Proportion of patients/% 

Original altitude ≤ 1,000 m 415 91.81 

Time of construction workers to enter 

The high altitude area 
≤ 5 days 291 64.38 

Acclimation time at mid-altitude areas ≤ 2 days 391 86.50 

Psychological factors ≤ Class III 215 47.57 

Construction labor intensity ≥ Class II 442 97.79 

Age ≥ 50 years old 87 19.25 

Respiratory infection ≥ mild 142 31.42 

From Table 1, it can be seen that the causes of 

altitude sickness among power grid construction 

workers from high to low include construction labor 

intensity, original altitude, acclimatization time in 

mid-altitude areas, time of construction workers 

entering the high altitude area, psychological fac-

tors, respiratory infection and age. Based on this, in 

the early stage of the grid construction workers en-

tering the high altitude area, the cause of the con-

struction workers becoming altitude sickness pa-

tients should be included in the information entropy 

analysis of the causes of illness and focus on ob-

serving the people whose original altitude, acclima-

tization time in mid-altitude areas and construction 

labor intensity that exceeded the threshold. 

The characteristic data of power grid construc-

tion workers suffering from altitude sickness are 

listed in Table 2. 

It can be seen from Table 2 that after the pow-

er grid construction workers suffer from altitude 

sickness, the physical characteristics are mainly 

composed of 4 major categories and 16 subcatego-

ries including respiratory, cardiovascular, digestive 

and urinary system abnormalities. In this, it is nec-

essary to combine the causes of altitude sickness 

and the characteristics of altitude sickness data as a 

joint source for information entropy modeling. 

When the power grid construction workers have 

abnormal physical characteristics, effective treat-

ment and rescue are then able to be carried out to 

prevent such personnel from developing altitude 

sickness. 

3. High altitude sickness monitoring

and evaluation platform process 

Figure 1 shows the overall process of the 

monitoring and evaluation platform for altitude 

sickness among power grid construction workers. 

The architecture mainly includes three links: data 

collection and transmission of construction person-

nel’s vital signs, information entropy modeling of 

the causes of altitude sickness, and evaluation and 

treatment of the power grid construction personnel. 
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Human vital signs 

data collection 

High altitude sick-

ness signature data-

base 

Data aggregation 

Power Internet of 

Things mobile inter-

net transmission 

Modelling and analy-

sis of illness causes 

information 

Construction workers 

altitude sickness 

assessment report 

Remote guidance 

on altitude sickness 

treatment 

Table 2. Data sheet of altitude sickness characteristics of construction workers 

Category Name of illness characteristic data Eigenvalues 

Respiratory system 

BMI index/(kg·m–1) ≥28.3 

Lung function-FVL/L ≥3.47 

Lung function-FEV1/L ≥3.23 

Lung function-FEE25/(L·sec–1) ≥4.51 

Lung function-SaO2 Decrease/% ≥83.9 

Number of breaths/(times h–1) ≥35 

Breathing pause time/s ≥10 

Cardiovascular system 

ECG ST-segment/% ≥40.1 

Diastolic blood pressure/mmHg ≤65 

Systolic blood pressure/mmHg ≥135 

Heart rate ≥ 100 times/min ≥30 

Red blood cells/(pcs L–1) ≥10 

Hemoglobin/pg ≥35 

Digestive system 
Abdominal muscletone/(number of spasms h–1) ≥2 

Urine red blood cells/(/ul) ≥50 

Urinary system Urine protein/(mg L–1) ≥150 

 

 

 

 

 

 

 

 

Figure 1. Overall process of altitude sickness monitoring and 

evaluation platform. 

The human vital sign data collection module 

monitors the personnel’s blood pressure, blood ox-

ygen, electrocardiogram and other characteristic 

data in real-time through the vital sign sensors 

wearable by the grid construction workers. The data 

aggregation module uses the data-centric 

self-organizing algorithm based on the information 

negotiation sensor network protocol (Sensor Proto-

cols for Information Via Negotiation, SPIN) to re-

alize local aggregation of vital signs data of multi-

ple construction workers. In the mobile 

interconnection transmission module of the power 

Internet of Things, the local data is transmitted back 

to the altitude sickness prevention and control plat-

form of the power grid construction personnel of 

the power supply company through the 5G network. 

In the information entropy modeling and analysis of 

the causes of altitude sickness, experience data of 

the expert knowledge base can be combined with 

the collected characteristic data for modeling analy-

sis to generate the risk assessment report of altitude 

sickness for power grid construction workers. Fi-

nally, the wearable video transmission model is 

used to provide remote treatment guidance for alti-

tude sickness prevention and treatment. 

4. Data collection and transmission 

model of construction workers’ vi-

tal signs 

The power grid infrastructure construction in 

the Qinghai-Tibet region is mostly in remote areas. 
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Hence, the collection and transmission of vital signs 

data of power grid construction personnel mainly 

consider the reliability and cost of the collection 

and transmission. In this, the collection model in-

cludes two parts: wearable life feature data collec-

tion, wireless networking and aggregation transmis-

sion of data collected by multiple people in the 

construction team. 

4.1. Wearable vital signs data collection 

The vital sign data of power grid construction 

personnel is collected by wearable vital sign sensors. 

The sensors are mainly divided into heartbeat, car-

diogram, blood pressure, blood oxygen, body tem-

perature, respiratory rate and altitude. Additionally, 

several life feature collection points are also con-

figured according to the conditions of the construc-

tion workers. This multi-sensors data fusion is car-

ried out through neural network, wavelet transform 

and Kalman filtering technology[15,16] to obtain ac-

curate measurement signals. 

In this paper, the multi-sensor data-adaptive 

weighted fusion estimation algorithm is used to 

collect vital sign data. 

There are n sensors to measure a grid con-

struction worker where the variance of the sensor is 

⊠1,⊠2, … , ⊠𝑛, From the first measurement, the 

number of measurements is σ, while the estimated 

true value of the sensor measurement is xfa, and the 

measurement value of each sensor is x1, x2,…, xn 

and the weighting factor of each sensor is y1,y2,…, 

yn. After multi-sensor fusion, the weighting factor 

of xfa is: 

𝑥𝑓𝑎
𝑛 = ∑ (

𝑛

𝑘
)𝑦𝜎𝑥𝜎                                                  (1)

𝑛

𝜎=1

 

Assuming that the second group is measured h 

times, the average variance of the sensor is: 

𝜕2 = 𝐸

[
 
 
 
 
 ∑ 𝑦𝜎

2(𝑥𝑓𝑎𝑥𝜎)
2

𝑛

𝜎=1

+

2 ∑ 𝑦𝜎𝑦ℎ(𝑥𝑓𝑎 − 𝑥𝜎)(𝑥𝑓𝑎 − 𝑥ℎ)

𝑛

𝜎=1,ℎ=1 ]
 
 
 
 
 

  (2) 

It can be seen from equation (2) that the aver-

age variance of the sensor is a multivariate quadrat-

ic function about each weighting factor and so has a 

minimum value. According to the multivariate 

function theory, to find the extreme value theory, 

the weighting factor corresponding to the minimum 

total mean square error can be obtained:  

𝑦𝜎
ℎ = 1/(𝜕2 ∑

1

𝜕2

𝑛

𝜎=1,ℎ=1

)                                        (3) 

At this time, the minimum variance corre-

sponding to the multi-sensor is: 

∂𝑚𝑖𝑛
2 = 1/∑

1

𝜕𝜎
2

𝑛

𝜎=1

                                                    (4) 

The multi-sensor data-adaptive weighted fu-

sion estimate xfb can be calculated from equations 

above: 

𝑥𝑓𝑏 = ∑ 𝑦𝜎𝑥𝜎(𝜕)

𝑛

𝜎=1

                                                    (5) 

It can be seen from equations that through the 

data fusion of wearable vital signs multi-sensors, 

the accurate vital signs data of heartbeat, cardio-

gram, blood pressure, blood oxygen, body temper-

ature and other types of power grid construction 

workers can be obtained. 

4.2. Multi-person wireless networking and 

aggregation transmission 

In the Qinghai-Tibet Plateau power grid con-

struction site, several people are participating in the 

power grid construction work. If each construction 

worker occupies a 5G transmission channel, it will 

cause a waste of resources and an increase in 

transmission costs[17-19]. Therefore, the data-centric 

self-organizing algorithm SPIN can be used to 

achieve local aggregation of life characteristics data 

of multiple construction personnel. 

In the SPIN multi-person wireless network of 



Research on a monitoring and evaluation platform for mountain sickness of grid construction workers based on disease information entropy 

24

power grid construction personnel, the geographical 

location of the construction personnel is randomly 

arranged, and each vital sign monitoring sensor 

node will first send a command to request the allo-

cation level to the adjacent base point sensor. If the 

adjacent base point sensor is the convergence point, 

then the vital sign monitoring sensor node will re-

ceive the level assigned by the convergence point, 

and the sensor node will send the vital sign infor-

mation datagram to the convergence point. If the 

adjacent node sensor is another transit vital sign 

monitoring sensor, the sensor node will send vital 

sign information data to the transit sensor. Through 

the SPIN routing algorithm networking, each sensor 

node hopes to become a transit node and guides its 

transmission path to the aggregation node. In order 

to reduce the loss of node transmission, the vital 

sign sensor nodes of each construction worker ne-

gotiate directly during transmission to achieve 

the best transmission efficiency. The schematic dia-

gram of SPIN multi-person wireless network is 

shown in Figure 2. 

Figure 2. SPIN multi-person wireless networking. 

When the vital sign data of each power grid 

construction worker reaches the convergence point, 

the 5G network is used to transmit the data to the 

monitoring and evaluation platform of high altitude 

sickness for power grid construction workers of the 

power supply company through the multi-level se-

curity architecture of the Internet of Things[20]. 

5. Causes of altitude sickness in-

formation entropy modeling

The information entropy of the causes of alti-

tude sickness mainly involves the traceability anal-

ysis of the causes of altitude sickness to power grid 

construction workers, respiratory system, cardio-

vascular system, digestive system, and urinary sys-

tem. Based on the analysis of the characteristics of 

altitude sickness among power grid construction 

workers, a two-layer cause of altitude sickness in-

formation entropy modeling was carried out com-

prising of the independent information entropy of 

the causal factors and the combined information 

entropy of altitude sickness. 

5.1. Modeling of independent information 

entropy of the cause factors 

Traceability modeling of the causes of altitude 

sickness 

The traceability of the causes of altitude sick-

ness mainly includes seven aspects. The range of 

values for the traceability characteristics of the 

causes of high altitude disease is listed in Table 3. 
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Table 3. The value range of the traceability characteristics of 

the causes of high altitude sickness 

Cause of illness 
Lower 

limit 

Upper 

limit 

Altitude of the original location/m 0 4,000 

Time of construction Workers to 

enter the high altitude area/day 
0 60 

Acclimation time at mid-altitude 

areas/day 
0 60 

Psychological factors/class 1 VI 

Construction labor intensity/class 1 VII 

Age/years old 18 65 

Respiratory infection 
No infec-

tion 
Severe 

Let z be the information entropy of tracing the 

causes of altitude sickness, the altitude of the origi-

nal location is za, the labor intensity of construction 

is zb, the acclimatization time in the mid-altitude 

area is zc, the time for construction workers to enter 

the high altitude area is zd, the psychological factors 

is ze, and the respiratory infection is is zf, age is zg, 

and the cause entropy for tracing the origin of alti-

tude sickness is: 

𝐻(𝑧)

= 𝐻(𝑧𝑎) + 𝐻(𝑧𝑏) + 𝐻(𝑧𝑐) + 𝐻(𝑧𝑑) + 𝐻(𝑧𝑒)

+ 𝐻(𝑧𝑓) + 𝐻(𝑧𝑔)

+ 𝐻𝑧(𝑧𝑎|𝑧𝑏|𝑧𝑐|𝑧𝑑|𝑧𝑒|𝑧𝑓|𝑧𝑔)                             (6) 

Respiratory system modeling 

There are 7 main aspects of respiratory system 

modeling. According to the breathing data moni-

tored by the vital sign sensors, the monitoring data 

such as pauses of more than 10 s are generated by 

detecting the rapid breathing of a worker and the 

continuous 3 or 4 rapid breathing to determine the 

risk of altitude sickness onset. The value range of 

respiratory system characteristic value is listed in 

Table 4. 

 

 

 

 

 

Table 4. Value range of respiratory system characteristics 

Name Unit 
Lower 

limit 

Upper 

limit 

BMI Index kg/m 10 50 

Lung function-FVL L 0.5 10 

Lung function-FEV1 L 0.5 10 

Lung function-FEE25 L/sec 0.5 10 

Lung function-SaO 

decrease 
% 0 99 

Number of breaths number/h 5 100 

Breathing pause time s 0 100 

Let the information entropy of the respiratory 

system be x, the BMI index to be xa, the lung func-

tion-FVL to be xb, the lung function-FEV1 to be xc, 

and the lung function-FEE25 to beis xd, the de-

crease in lung function-SaO2 is xe, the number 

of breaths is xf, the breathing pause time is xg and 

the entropy of respiratory system pathogenesis is: 

𝐻(𝑥) = 𝐻(𝑥𝑎) + 𝐻(𝑥𝑏) + 𝐻(𝑥𝑐) + 𝐻(𝑥𝑑)

+ 𝐻(𝑥𝑒) + 𝐻(𝑥𝑓) + 𝐻(𝑥𝑔)

+ 𝐻(𝑥𝑎|𝑥𝑐|𝑥𝑑|𝑥𝑒|𝑥𝑓|𝑥𝑔)            (7) 

Cardiovascular system modeling 

According to the heartbeat data, dynamic elec-

trocardiogram data, and blood pressure data moni-

tored by the vital sign sensors, detection on the 

whether there are increases in heart rate, blood 

pressure, red blood cells and hemoglobin as well as 

whether there are clinical symptoms present such as 

ectopic arrhythmia, can be used to determine the 

risk of altitude sickness. The value range of cardio-

vascular system eigenvalues is listed in Table 5. 

Table 5. Value range of cardiovascular system characteristics 

Name Unit 
Lower 

limit 

Upper 

limit 

ECG ST segment % 0 90 

Diastolic blood pressure mmHg 20 140 

Systolic blood pressure mmHg 60 240 

Heart rate ≥100 times min 0 600 

Red blood cells number/L 0 9,999 

Hemoglobin pg 0 9,999 

Having set the information entropy of the car-

diovascular system as y, the ST segment of the 



Research on a monitoring and evaluation platform for mountain sickness of grid construction workers based on disease information entropy 

26

electrocardiogram as ya, the diastolic blood pressure 

as yb, the systolic blood pressure as yc, the heart rate 

≥ 100 times as yd, the red blood cells as ye and the 

hemoglobin as yf, the source entropy of the cardio-

vascular system is: 

 H(y) = H(𝑦𝑎) + H(y𝑏) + H(y𝑐) + H(y𝑑)

+ H(y𝑒) + H(y𝑓)

+ H(𝑦𝑎|y𝑏|y𝑐|y𝑑|y𝑒|y𝑓)  (8) 

Digestive system modeling 

According to the intestinal peristalsis data 

monitored by the vital sign sensors, detection on 

whether the intestinal peristalsis is weak, the inten-

sity of intestinal tension and other clinical symp-

toms can be used to determine the risk of altitude 

sickness. The eigenvalues of the digestive system 

characteristic range from 0 to 60 times/h.  

Let the information entropy of the digestive 

system be p, the abdominal muscle tension (the 

number of spasms/h) be pa, and the entropy of the 

source of the digestive system is: 

𝐻(𝑝) = 𝐻(𝑝𝑎)  (9) 

Urinary system modeling 

According to the blood data monitored by the 

vital sign sensors, detection on whether there are 

clinical symptoms such as hematuria and pro-

teinuria can be used to determine the risk of altitude 

sickness. The range of urinary system characteristic 

values is listed in Table 6. 

Table 6. Value range of urinary system characteristics 

Name Unit Lower limit Upper limit 

Urine 

red blood cells 
/µL 0 9,999 

Urine protein mg/L 0 9,999 

Let the information entropy of the urinary sys-

tem be q, the urine red blood cells to be qa, the urine 

protein to be qb, and the entropy of the urinary sys-

tem to be: 

𝐻(𝑞) = 𝐻(𝑞𝑎) + 𝐻(𝑞𝑏) + 𝐻(𝑞𝑎|𝑞𝑏)  (10) 

5.2. Combined information entropy model-

ing of altitude sickness 

In the information entropy modeling of the 

causes of altitude sickness, five cause variables of 

altitude sickness, respiratory system, cardiovascular 

system, digestive system, and urinary system are 

independent of each other. The amount of infor-

mation obtained by observing the five variables 

should be the same as the amount of information of 

the five variables observed at the same time is the 

same. Let the amount of traceability information 

about the causes of altitude sickness be si=s{z=zi}, 

the amount of information about the respiratory 

system is ai=a{x=xi}, and the amount of infor-

mation about the cardiovascular system 

is bi=b{y=yi}, the amount of information in the di-

gestive system is ci=c{p=pi}, and the amount of 

information in the urinary system is di=d{q=qi}, 

then the information entropy of the causes of alti-

tude sickness, the respiratory system, the cardio-

vascular system, the digestive system, and the uri-

nary system are: 

𝐻(𝑧) = ∑𝑠𝑖 log
1

𝑠𝑖
𝑖≥1

 (11) 

𝐻(𝑧) = ∑𝑎𝑖 log
1

𝑎𝑖
𝑖≥1

 (12) 

𝐻(𝑧) = ∑𝑏𝑖 log
1

𝑏𝑖
𝑖≥1

 (13) 

𝐻(𝑧) = ∑𝑐𝑖 log
1

𝑐𝑖
𝑖≥1

 (14) 

𝐻(𝑧) = ∑𝑑𝑖 log
1

𝑑𝑖
𝑖≥1

 (15) 

If in equations (11) to (15) the base of the log-

arithm is 2, then the information entropy of the 

causes of altitude sickness, respiratory system, car-

diovascular system, digestive system, and urinary 

system are expressed as H2(z), H2(x), H2(y), H2(p), 

H2(q), respectively. At this time, the entropy 

unit based on 2 is bits. The curve of the entropy 

function is shown in Figure 3. 
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Figure 3. The curve of entropy function of illness source in-

formation. 

It can be seen from Figure 3 that the log2 val-

ue of information entropy can be regarded as the 

amount of information provided by information 

entropy. 

The joint entropy of altitude sickness is de-

fined as the uncertainty of the simultaneous occur-

rence of five factors traceability of the causes, res-

piratory system, cardiovascular system, digestive 

system, and urinary system of altitude sickness. The 

joint entropy is: 

𝐻(𝑧, 𝑥, 𝑦, 𝑝, 𝑞) = ∑(𝑧, 𝑥, 𝑦, 𝑝, 𝑞) 

𝑠(𝑧, 𝑥, 𝑦, 𝑝, 𝑞)  log 𝑠(𝑧, 𝑥, 𝑦, 𝑝, 𝑞) 

𝑎(𝑧, 𝑥, 𝑦, 𝑝, 𝑞)  log 𝑎(𝑧, 𝑥, 𝑦, 𝑝, 𝑞)  (16) 

𝑏(𝑧, 𝑥, 𝑦, 𝑝, 𝑞) = log 𝑐(𝑧, 𝑥, 𝑦, 𝑝, 𝑞)  (17) 

𝑐(𝑧, 𝑥, 𝑦, 𝑝, 𝑞) = log 𝑐(𝑧, 𝑥, 𝑦, 𝑝, 𝑞)  (18) 

𝑑(𝑧, 𝑥, 𝑦, 𝑝, 𝑞) = log𝑑(𝑧, 𝑥, 𝑦, 𝑝, 𝑞)  (19) 

𝐻(𝑧, 𝑥, 𝑦, 𝑝, 𝑞) = 𝐻(𝑧) + 𝐻(𝑥) + 𝐻(𝑦) + 𝐻(𝑝)
+ 𝐻(𝑞) + 𝐻(𝑧|𝑥|𝑦|𝑝|𝑞)  (20) 

Conditional entropy H(z|x|y|p|q) can be re-

garded as the average amount of information lost 

due to interference and noise on the channel, and 

can also be regarded as channel noise or dispersion. 

The joint entropy relationship and mutual in-

formation of the causes of altitude sickness are 

shown in Figure 4. 

Figure 4. Joint entropy graph of disease source information. 

As shown in Figure 4, the intersection of H(z), 

H(x), H(y), H(p), and H(q) is the joint entropy of 

altitude sickness H(z|x|y|p|q), where the greater the 

value of the joint entropy of altitude sickness, the 

greater the difference between the five functions, 

which means the greater the probability of altitude 

sickness, to determine whether the power grid con-

struction personnel would have the risk of altitude 

sickness. 

6. Evaluation and treatment of

power grid construction personnel 

The monitoring and evaluation platform for 

power grid construction workers can accurately as-

sess the risk of high altitude sickness among the 

workers after analyzing the probability of high alti-

tude sickness among them based on the information 

entropy modeling of the causes of altitude sickness. 

At the same time, when combined with the expert 

diagnosis database of the altitude sickness patients, 

it is possible to accurately assess the risk of altitude 

sickness among power grid construction workers, 

and generate altitude sickness risk assessment re-

ports and treatment recommendations according to 

the needs of the construction workers. The level of 

assessment generated is divided into three catego-

ries: mild, moderate, and critical risk while treat-

ment recommendations include stopping work, 

resting on the spot, intake of glucose, oxygen ther-

apy, and immediate sending to the hospital (see Ta-

ble 7). 



Research on a monitoring and evaluation platform for mountain sickness of grid construction workers based on disease information entropy 

28 

Table 7. Risk assessment level and treatment recommendations 

of altitude sickness 

Serial 

number 
Evaluation level 

Treatment recommenda-

tion 

1 Mild risk 
Stop work, rest on site, glu-

cose intake 

2 Moderate risk Oxygen therapy 

3 Critical risk Immediately send to hospital 

The altitude sickness monitoring and evalua-

tion platform for power grid construction workers 

send the evaluation report and treatment recom-

mendations to the medical staff at the power grid 

construction site through the 5G network. The hos-

pital staff on the site can then conduct on-site 

treatment to the power grid workers who were as-

sessed to be at risk of altitude sickness or send them 

immediately to the nearest hospital according to the 

treatment recommendations. 

7. Platform application analyses 

On-site construction workers of 185 people 

working on a 330kV line in the Qinghai-Tibet re-

gion was selected to conduct analysis on the pre-

vention and treatment of altitude sickness. Before 

entering the Qinghai-Tibet area, relevant hospitals 

were arranged to conduct physical examinations on 

the 185 construction workers, all of whom met the 

requirements for high-altitude operation. 

Before the application of the altitude sickness 

monitoring and evaluation platform for power grid 

construction workers, according to the survey per-

formed by the High Altitude Sickness Prevention 

and Control Center of State Grid Corporation of 

China, the total incidence of acute altitude sickness 

among construction workers who have just entered 

the Qinghai-Tibet Plateau was 18.97% while the 

estimated number of people at risk of altitude sick-

ness is 35. During the one month of monitoring, the 

platform found that 33 people were assessed to be 

at risk of altitude sickness. After the medical staff 

accompanying the team took measures such as 

providing glucose intake and oxygen therapy for 

treatment, the conditions of 27 patients were im-

proved, thereby avoiding the occurrence of altitude 

sickness among power grid construction workers, 

and only 6 workers suffered from altitude sickness. 

The comparison is shown in Table 8. 

Table 8. Comparison of altitude sickness before and after monitoring and evaluation platform application 

Serial 

number 

Construction 

workers/person 
Types 

Number of 

patients/person 
Prevalence rate/% 

1 185 
Estimated 

incidence 
35 18.97 

2 185 
Actual 

assessment 
33 17.84 

3 185 
After ap-

plication 
6 3.24 

From Table 8, it can be seen that before the 

use of altitude sickness prevention platform for 

power grid construction workers, among the con-

struction team of 185 people, the estimated inci-

dence of altitude sickness was 35 people, and the 

estimated prevalence rate was 18.97%. Following 

actual assessment, there were 33 construction 

workers with symptoms, and the actual prevalence 

rate was 17.84%. After using the altitude sickness 

monitoring and evaluation platform for power grid 

construction workers, they were evaluated as risky 

construction workers and treated on-site by medical 

personnel, with the actual number of patients with 

altitude sickness to be at 6, and a prevalence rate of 

3.24%,signifying a decrease of 14.59% as com-

pared with the method of physical examination be-

forehand. 

8. Conclusions 

The altitude sickness monitoring and evalua-
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tion platform for power grid construction workers 

has changed the traditional way of pre-existing 

physical examination for power grid construction 

personnel entering Tibet and has realized the transi-

tion from altitude sickness treatment of power grid 

construction personnel to early warning of altitude 

sickness. The specific implementation of intercon-

nection application reduces the cost of altitude 

sickness prevention and relief at the construction 

site, where it not only ensures the health of power 

grid construction personnel but also improves the 

efficiency of power grid construction in the Qing-

hai-Tibet region. 
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ABSTRACT 

In order to effectively improve the accuracy of identifying the gait pattern of wearable sensing data, this paper 

proposes a new model for deep learning gait mode discrimination that integrates convolutional neural network and long 

short-term memory neural network, which makes full use of the convolutional neural network to obtain the most local 

spatial characteristics of data and the long short-term memory neural network to obtain the inherent characteristics of 

the data, and effectively excavates the hidden high-dimensional, nonlinear, time-space gait characteristics of random 

wearable sensing timing gait data that are closely related to gait pattern changes, to improve the classification perfor-

mance of gait mode. The effectiveness of the proposed model in this paper is evaluated using the HAR dataset from 

University of California UCI database. The experiment results showed that the proposed model in this paper can effec-

tively obtain the time-space gait characteristics embedded in the wearable sensor gait data, and the classification accu-

racy can reach 91.45%, the precision rate 91.54%, and the recall rate 91.53%, and the classification performance is sig-

nificantly better than that of the traditional machine learning model, which provides a new solution for accurately 

identifying the gait mode of wearable sensor data. 

Keywords: wearable sensing gait data; deep learning; gait pattern recognition 

1. Introduction

In recent years, the construction of a machine 

learning gait classification model with superior 

generalization performance based on gait data ob-

tained from outdoor environment has received wide 

attention in the field of gait pattern recognition re-

search, which is of great significance for the pre-

vention of falls in the elderly, the diagnosis and 

treatment and rehabilitation evaluation of elderly 

neurological functional diseases, human identity 

identification. It now has become a new research 

hotspot in the research field related to gait pattern 

recognition[1,2]. In recent years, with the rapid de-

velopment of advanced data acquisition technology, 

some advanced data acquisition technologies (such 

as computer video, wireless radar, wearable sensors, 

etc.) have been used to collect gait pattern data in 

outdoor environments. For example, based on gait 

image data collected by computer video, some 

scholars have discussed the study of outdoor human 
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gait pattern recognition in different perspectives[3]; 

other scholars have discussed the research on gait 

pattern recognition in outdoor environment con-

taining micro-Doppler feature information based on 

the gait data obtained by wireless radar devices[4]. 

While some scholars have also discussed the study 

on gait pattern recognition in outdoor environ-

ment based on gait data of wearable sensors (accel-

erometer, gyroscope, magnetometer, etc.)[5]. The 

studies found that the gait acquisition technology of 

cheap and portable wearable sensor has the ad-

vantages of adapting to different outdoor applica-

tion scenarios and containing rich gait characteristic 

information, which can better avoid the loss of val-

uable gait characteristic information by computer 

video technology due to outdoor environment, hu-

man wearing clothing, and the loss of wireless gait 

detection signal because of the external environ-

mental interference of wireless radar devices, which 

helps to improve the gait pattern recognition effi-

ciency, and has been widely used in related research 

in recent years. 

Based on wearable sensor data, the application 

of machine learning algorithms to explore gait pat-

tern recognition models with superior generaliza-

tion performance has received continuous attention 

from relevant research, and its basic idea is that it 

can make full use of the superior data learning per-

formance of machine learning algorithms to obtain 

more representative gait characteristic information 

from wearable sensor gait data and improve the gait 

pattern recognition performance. In the early days, 

some studies explored the quantitative analysis of 

wearable sensor data based on traditional machine 

learning algorithms (such as decision trees, mul-

ti-layer perceptual neural networks, support vector 

machines, K-neighbors, etc.), and tried to construct 

gait pattern recognition performance with superior 

generalization performance[6,7]. For example, Bao et 

al.[8] discussed the gait pattern recognition model of 

ID3 decision tree based on the gait data of the tri-

axial accelerometer to identify three gait patterns 

such as normal walking, jogging, and stair climbing, 

with an average recognition rate that was only 79%. 

Tahafchi et al. discussed the application of KNN 

classification algorithm to obtain and compare data 

from wearable data of Parkinson’s subjects (includ-

ing triaxial acceleration data, gyroscope data, mag-

netometer data, and dual-channel non-invasive my-

oelectric scanner data), and the gait pattern 

recognition rate reached 91.9%, 87.1%, 80.9%, 

and 79.9% according to the participants, respec-

tively[9]. In addition, based on the acceleration gait 

data of wearable sensors, Nickel et al. discussed the 

research on the construction of gait pattern recogni-

tion model based on support vector machine, invis-

ible Markov model and KNN classification algo-

rithm, among which the Equal Error Rate (EER) of 

support vector machine and invisible Markov model 

was 10.00% and 12.63%, respectively, and the Half 

Total Error Rate (HTER) of KNN classification al-

gorithm can reach 8.24%[10,11]. The study found that 

the traditional machine learning algorithm has the 

advantages of low computational complexity in 

processing wearable sensor gait data to recognize 

the gait pattern, but because of its inherent linear 

computing model architecture, it is difficult to ob-

tain more representative gait characteristic infor-

mation hidden in the intrinsic structure of wearable 

sensor gait data, and it is difficult to support the 

construction of a gait pattern recognition model 

with superior generalization performance. In recent 

years, with the rapid development of emerging ma-

chine learning theories such as deep learning and 

the successful application of image processing, 

some scholars have tried to explore the construction 

of deep learning gait pattern recognition mod-

el based on the wearable sensor gait data, and 

its basic idea aims to make full use of the excellent 

data learning performance of deep learning algo-

rithms to obtain more representative gait feature 

information from high-dimensional wearable sens-

ing gait data and to improve the gait pattern recog-

nition performance. For example, Zou et 

al.[12] based on the acceleration data and gyroscope 

data collected by wearable smartphones, the con-

struction of convolutional neural network and re-

current neural network fused with gait pattern 

recognition model is discussed, try to obtain the 

inherent spatiotemporal correlation characteristics 
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information of wearable sensing gait data to im-

prove the performance of gait pattern recognition. 

The results showed that the accuracy of this method 

in pedestrian identification and identity authentica-

tion is found to be higher than 93.5% and 93.7% 

respectively. In addition, Ding et al.[13] proposed a 

gait pattern recognition model based on the long 

short-term memory algorithm LSTM based on 

wearable gait data (wearing an inertial measurement 

unit on the calf to collect angular velocity data), 

which aims to obtain the time-correlated gait fea-

ture information hidden in wearable gait data 

through the long short-term memory algorithm to 

detect the gait phase and use the phase marker data 

to train it. The experimental results show that the 

recognition accuracy rate can reach 91.4%. In re-

cent years, although the research on gait pattern 

recognition based on deep learning has achieved 

good results and positive progress, there is still a 

lack of a technical means to accurately obtain the 

more representative time-space correlation gait 

characteristic information implied in wearable gait 

data, which seriously restricts the gait pattern 

recognition performance. Relevant medical studies 

have shown that gait is a walking posture of the 

human body, which is closely related to physiolog-

ical factors such as human nervous system, motor 

system and psychological cognitive system, and it is 

a long-term memory process in which various 

physiological factors interact and influence each 

other, while the self-recurrent neural network model 

used in the current study only has short-term 

memory performance, and it is difficult to obtain 

long-term temporal correlation characteristic infor-

mation during gait process. New deep learning 

models that acquire more representative spatiotem-

poral correlation gait feature information implied in 

wearable gait data are urgently needed. 

Therefore, based on the wearable sensor gait 

data, this paper proposes a new model for deep 

learning discrimination of gait mode that integrates 

convolutional neural network model and long 

short-term memory neural network model, which 

aims to make full use of the convolutional neural 

network model’s superior characteristics of obtain-

ing the most representative feature information 

characteristics in local space of data and the inher-

ent long-term time correlation characteristic infor-

mation characteristics of long short-term memory 

neural network model, and accurately obtain the 

more representative spatiotemporal correlation gait 

feature information implicit in wearable gait data, 

improve gait pattern recognition performance. In 

addition, this paper selected the HAR data from the 

publicly available UCI database of the University of 

California, Irvine[14], and compared with traditional 

machine learning algorithms and deep learning al-

gorithm models to verify the effectiveness of the 

proposed model algorithms. 

2. CNN-LSTM deep integration 

learning gait pattern discriminant 

model 

The CNN-LSTM deep learning model pro-

posed in this paper aims to make full use of the ex-

cellent characteristics of CNN and LSTM models to 

obtain the inherent spatial and temporal correlation 

characteristic information of data structures, respec-

tively, and to deeply integrate the two from weara-

ble sensing gait data (such as acceleration, gyro-

scope, etc.) to obtain more time-space correlation 

characteristic information that is closely related to 

gait changes, and improve the gait pattern recogni-

tion performance. That is, it is assumed that the gait 

pattern needs to be identified as the database 𝑣 =

{𝑣1, 𝑣2, . . . , 𝑣𝑙}, among them, l represents the num-

ber of gait patterns to be recognized. Suppose the 

wearable sensor gait time series data is: 

𝐷 = (𝑑1, … , 𝑑𝑗 , … , 𝑑𝑡) = (

𝑑1
1, … , 𝑑1

𝑡

𝑑𝑚
1 , … , 𝑑𝑚

𝑡

)            (1) 

In the series data, 𝑑𝑗 = (𝑑1
𝑗
, … , 𝑑𝑚

𝑗
)
𝑇

 is the 

wearable sensing data at time j, while m and t de-

note the number of wearable sensors and the num-

ber of gait pattern time series samples, respectively. 

In the research, each gait pattern time series data is 

selected, so that each data segment ℎ𝑖 = (𝑡𝑖−1, 𝑡𝑖) 

contains gait spatiotemporal feature information, 
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and all selected data segment are defined as dataset 

𝐻 = {ℎ1, … , ℎ𝑖, … , ℎ𝑘}, and the k is the number of

all selected data segment. 

In order to accurately identify the gait pattern, 

we need to construct a model Γ to obtain the vector 

Yi containing the gait feature information from each 

data segment hi, that is, 𝑌𝑖 = 𝛤(𝐷, ℎ𝑖). Then, the

confidence value set P corresponding to each gait 

pattern vi is calculated based on an inference meth-

od Ψ, 𝑃: 𝑃(𝑣𝑖/𝑌𝑖 , 𝛽) = 𝛹(𝑌𝑖 , 𝛽), is a training pa-

rameter set based on the model Γ. Then, by compu-

ting the following maximum score value: 𝑣𝑖
∗ =

argmax𝑃(𝑣/𝑌𝑖, 𝛽), the gait pattern 𝑣𝑖
∗can be ob-

tained accurately, and each gait pattern can be rec-

ognized. In this study, we constructed the 

CNN-LSTM deep fusion learning model as a model 

Γ, and first use the CNN deep learning model to 

obtain the local spatial feature information that is 

closely related to the gait pattern changes from each 

data segment hi. On this basis, based on the LSTM 

deep learning model, the temporal correlation of the 

local spatial features of the gait data is obtained, 

and more the time-space feature information related 

to the gait pattern changes can be obtained, the gait 

pattern 𝑣𝑖
∗ is obtained with the maximum probabil-

ity, and the gait pattern 𝑣𝑖 is accurately identified.

The framework of the gait pattern discriminant 

model based on CNN-LSTM fusion deep learning 

proposed in the paper is shown in Figure 1, which 

consists of three parts: gait data input layer, 

CNNLSTM fusion deep learning, and full connec-

tion layer. 

Figure 1. CNN-LSTM network framework. 

As shown in Figure 1, in view of the 

time-space correlation characteristics of wearable 

gait sensing data, the CNN is composed of three 

convolutional layers (CL1, CL2, CL3), a maximum 

pooling layer (MP1), and two dropout layers, which 

accurately obtain the most representative local 

spatial features inherent in the gait data. In order to 

accurately obtain the temporal correlation of the 

most representative local spatial features in the gait 

data, the LSTM model consists of 32 cells, and in 

order to accurately obtain the temporal correlation 

of the most representative local spatial features in 

the gait data, the fully connected layer is consists of 

6 cells, and the gait pattern is identified with the 

maximum probability. 

(1) Extract the most representative local spatial 

characteristics of gait data based on CNN. 

In order to effectively obtain gait feature in-

formation, the data of the wearable sensing gait 

time series at t time t is defined as: 

𝑑𝑡 = (𝑑𝐵𝐴_𝑥
𝑡 𝑑𝐵𝐴_𝑦

𝑡 𝑑𝐵𝐴_𝑧
𝑡 𝑑𝐺𝐴𝑥

𝑡 𝑑𝐺𝐴_𝑦
𝑡 , 𝑑𝐺𝐴_𝑧

𝑡 , 𝑑𝐺𝑦_𝑥
𝑡 , 𝑑𝐺𝑦_𝑦

𝑡 , 𝑑𝐺𝑦_𝑧
𝑡 )  (2) 

Among them, BA-XYZ represents the 

three-dimensional human motion acceleration data, 

GAXYZ represents three-dimensional gravitational 
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acceleration data, and Gy-XYZ represents 

three-axis gyroscope data. For ease of analysis, se-

lects𝑡 ∈ {1,… ,128}, and its sensory gait data input 

sequence is defined as: 

𝐷 = (𝑑1, … , 𝑑𝑡 , … , 𝑑128) =

(

 
 
 
 
 
 
 
 
 
 

𝑑𝐵𝐴𝑥
1 , … , 𝑑𝐵𝐴𝑥

128

𝑑𝐵𝐴𝑦
1 , … , 𝑑𝐵𝐴𝑦

128

𝑑𝐵𝐴𝑧
1 , … , 𝑑𝐵𝐴𝑧

128

𝑑𝐺𝐴𝑥
1 , … , 𝑑𝐺𝐴𝑥

128

𝑑𝐺𝐴𝑦
1 , … , 𝑑𝐺𝐴𝑦

128

𝑑𝐺𝐴𝑧
1 , … , 𝑑𝐺𝐴𝑧

128

𝑑𝐺𝑦𝑥
1 , … , 𝑑𝐺𝑦𝑥

128

𝑑𝐺𝑦𝑦
1 , … , 𝑑𝐺𝑦𝑦

128

𝑑𝐺𝑦𝑧
1 , … , 𝑑𝐺𝑦𝑧

128
)

 
 
 
 
 
 
 
 
 
 

   (3) 

Assuming that the CNN model used to obtain 

the most representative gait local spatial features 

has a convolutional layer, each layer of convolu-

tional kernels is defined as: M1 × N1, the  𝑙 ∈

{1,… , 𝐿} convolutional layer extracts the gait local 

spatial feature F(l), which is defined as: 

𝐹(𝑙) = 𝑓(𝑏(𝑙) + 〈𝑤(𝑙), 𝑑𝑖, … , 𝑑𝑖+ø−1〉), 𝑖

= 1,… , 𝑡 − ø + 1                         (4) 

Where f(‧) represents the activation function,

﹤‧﹥represents the inner product, and b(l) is the bias 

term; w(l) is a one-dimensional convolutional kernel 

vector; ø is the length of w(l). 

In view of the high-dimensionality, nonlineari-

ty, randomness and low algorithmic complexity of 

the wearable sensing gait data defined in equation 

(3), this paper constructs a three-layer 

one-dimensional convolutional layer, each of which 

has 32 convolutional kernels, the size of which is 

defined as 3 × 3, the step size is defined as 1, and 

the ReLUfunction[15,16] with good nonlinear charac-

teristics is used as the activation function. Accord-

ing to equation (3), the size of the wearable sensor 

gait input data is defined as 128 × 9, and the gait 

local characteristic data of the output by the first, 

second, and third convolutional layers can be ob-

tained, respectively: 126 × 32, 124 × 32 and 122 × 

32. To effectively maintain good learning perfor-

mance and avoid overfitting, build a Dropout layer. 

In order to effectively maintain the intrinsic charac-

teristics of the gait features obtained by the convo-

lutional layer, reduce its redundancy information, 

and use the pooling layer to reduce the characteris-

tic dimensionality and increase its spatial invari-

ance[17], the pooling layer that defines the maximum 

pooling technology obtains the local spatial charac-

teristics Pj that contains more gait change infor-

mation, which is defined as:  

𝑃𝑗 = 𝑚𝑎𝑥(𝐹(𝑗−1)𝑅+1, … , 𝐹𝑗𝑅), 𝑗 = 1,… ,
𝑡

𝑅
          (5) 

R represents the pooling window size. 

Therefore, based on equation (5), the local 

spatial characteristics with the most gait change 

information can be obtained from the wearable 

sensor gait time series data, which lays the founda-

tion for subsequent acquisition of its temporal cor-

relation features. We used this local gait feature as 

an input to LSTM to extract the dependent charac-

teristics of gait data for a long period.  

(2) The temporal correlation of local features 

of gait data extracted based on LSTM layer 

A gait activity can be considered as a long se-

ries of time series, and the long-term 

time-dependent characteristics of local features 

can be effectively extracted by establishing an au-

toregressive model RNN. In this paper, in view of 

the good autoregressive network architecture char-

acteristics LSTM with intrinsic time correlation of 

dynamic learning time series data[18], the LSTM cell 

is constructed, including 1 memory cell C and 3 

gate functions (input it, forgetting ft, output ot), and 

the intrinsic long-term time-related characteristics 

of gait data is extracted in real time, the specific 

implementation is as follow.  

Assuming the gait data sample represented by 

pt is processed by the CNN model at the t moment 

as the input term of the LSTM neuron, and when 

passing through the cell of the LSTM, the useless 

extracted data information is first discarded by the 

forgetting gate, and its output is: 
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𝑓𝑡 = 𝜎(𝑊𝑓 ∙ [𝑝
𝑡 , ℎ𝑡−1] + 𝑏𝑓)  (6) 

Where σ represents the activation function 

Sigmoid, Wf is the weight, and bf is the bias value. 

The updated data information is then determined by 

input gate it and candidate memory cell 𝐶𝑡̃:

𝑖𝑡 = 𝜎(𝑊𝑖 ∙ [𝑝
𝑡 , ℎ𝑡−1] + 𝑏𝑖)  (7) 

𝐶̃ = 𝑡𝑎𝑛(𝑊𝑐 ∙ [𝑝
𝑡 , ℎ𝑡−1] + 𝑏𝑐)  (8) 

The Wi and Wc refer to weights, and bi and bc 

refer to bias values. The cell update status of the 

LSTM is then represented by the memory cell Ct: 

𝐶𝑡 = 𝑖𝑡 ∙ 𝐶̃ + 𝑓𝑡 ∙ 𝐶𝑡−1  (9) 

Finally, the output data information ht of the 

LSTM unit is determined as: 

𝑜𝑡 = 𝜎(𝑊𝑜[𝑝
𝑡 , ℎ𝑡−1] + 𝑏𝑜)  (10) 

ℎ𝑡 = 𝑜𝑡 ∗ tan(𝐶𝑡)  (11) 

The ot is the output gate; ht is the output of the 

current neuron in time. Specific derivation equa-

tions can be referred to reference[19]. By retaining 

the information that has undergone forgetting and 

input through the above memory units, the LSTM 

unit can effectively transmit historical information 

with a long-time interval to obtain the intrinsic time 

correlation characteristics of the data. The LSTM 

layer proposed in this paper consists of 32 cells to 

process the time signals which expressed as 

one-dimensional eigenvectors as shown in equation 

(12). 

𝑠 = [ℎ1, … , ℎ𝑡], 𝑡 ∈ {1,… ,32}  (12) 

The feature vectors s is processed by a fully 

connected layer composed of 6 cells, and the output 

is: 

ℎ = 𝑓[𝑊𝑠 + 𝜀]  (13) 

W is the weight matrix of the fully connected 

layer; ɛ is the bias term vector. We set the activation 

function of the fully connected layer to the Softmax 

function, and the final output is: 

𝑣𝑖
∗ =

𝑒𝑣𝑖

∑𝑒𝑣𝑖
, 𝑖 ∈ {1,… ,6}  (14) 

The gait pattern vi is identified with maximum 

probability by the equation (14). 

From the above analysis, it can be seen that the 

CNN-LSTM model proposed in this paper fully 

integrates the excellent the characteristics of both 

CNN and LSTM to obtain the most representative 

temporal and spatial gait features inherent in gait 

time series data, reduces the complexity of the 

learning network structure and the large training 

cost of the model, enhances the nonlinear fitting 

performance of the fusion deep learning algorithm, 

and helps to improve the accuracy and precise in 

the gait classification of the proposed model. 

The neural network model proposed in this 

paper uses the classification cross-entropy loss 

function to minimize the classification error rate of 

the training sample, which is defined as: 

𝐿(𝑋, 𝐷, 𝐵) = −
1

𝑁
∑〈𝑦(𝑖), log ŷ(𝑖)〉

𝑁

𝑖=1

  (15) 

D represents the training set, W represents the 

weight matrix, and B represents the bias value; N 

indicates the number of training samples, y(i) repre-

sents the label of the ith sample, and ŷ represents the 

predicted label and﹤‧﹥represents the inner prod-

uct. 

3. Experiment and result analysis

3.1. Experimental data acquisition 

This paper uses the HAR dataset from UCI 

database for machine learning proposed by the 

University of California Irvine. The dataset collect-

ed 6 gait patterns from 30 volunteers aged 19 to 48: 

standing, sitting, lying down, walking, going up-

stairs and downstairs. Each subject performs two 

experiments. 

Scheme: In the first experiment, the 

smartphone (with built-in accelerometer and gyro-

scope) was worn on the left side of the waist; in the 



Deep learning-based discriminant model for wearable sensing gait pattern 

36

second experiment, the subjects placed their 

smartphones randomly.  

3.2. Data preprocessing 

In order to effectively eliminate noise inter-

ference and obtain more useful gait data, we used a 

median filter and a third-order low-pass But-

ter-worth filter (cutoff frequency set to 0.3 Hz) to 

cancel the noise processing of human acceleration 

signals and gravitational acceleration signals. Set 

the window width to 2.56s for sliding window data, 

window overlap is set to 50%, that each window 

has: 2.56 s × 50 Hz = 128 cycles, and fast Fourier 

transform was used to obtain the 17 gait data 

time-domain and frequency-domain gait features. 

Therefore, 17 metrics were used to evaluate the ei-

genvectors in the time and frequency domains, a 

total of 561 features were extracted to describe each 

active window (sample point), each sample point is 

regarded as a gait mode, the metrics are shown in 

Table 1 below. 

Table 1. Metric table for computing eigenvectors 

No. Function Introduce 

1 Mean Average value 

2 Std Standard deviation 

3 Mad Absolute median 

4 Max Maximum value 

5 Min Minimum value 

6 Sma Signal Amplitude Region 

7 Energy Square and mean 

8 Iqr Interquartile range 

9 Entropy Signal entropy 

10 arCoeff Autoregressive coefficient 

11 Correlation Correlation coefficient 

12 maxFreqInd Maximum frequency component 

13 meanFreq Frequency signal weighted average 

14 skewness Frequency signal skewness 

15 kurtosis Frequency signal kurtosis 

16 energyBand Frequency interval energy 

17 Angle Angle between two vectors 

3.3. Selection of evaluation criteria for gait 

classification performance 

In order to objectively and accurately evaluate 

the generalization performance of the gait classifi-

cation model proposed in this paper, the classifica-

tion accuracy, gait precision, and recall rate com-

monly used in gait classification related studies 

were selected as the objective evaluation indicators 

of gait classification performance. 

(1) Accuracy: Used to objectively evaluate the 

accuracy of the gait deep learning classification 

model proposed in this paper, which is defined as: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝐹𝑃 + 𝑇𝑁 + 𝐹𝑁
 (16) 

TP represents the number of samples that cor-

rectly identify gait patterns; FP represents the 

number of samples that incorrectly identify gait 

patterns; TN represents the number of samples in 

which the correct gait pattern was incorrectly rec-

ognized as another gait pattern; The FN represents 

the number of samples of which the gait pattern was 

incorrectly recognized as the correct gait pattern. 

(2) Precision: It is used to objectively evaluate 

the performance of the gait deep learning classifica-

tion model proposed in this paper to “truly” identify 

gait patterns, which is defined as 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 (17) 

(3) Recall: It is used to objectively evaluate the 

performance of gait deep learning classification 

models proposed in this paper for correct recogni-

tion of gait patterns, which is defined as 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 (18) 

3.4. Experiment results 

The experiments in this paper are based on 

Google’s open source deep learning framework 

Tensorflow, the specific experimental platforms are 

CPU(i5), Python3.7, Keras2.3, and Tensorflow2.1. 

The number of samples was 10 299, 70% was ran-

domly selected as the training set, while 30% was 

the test set, and the experimental data is sent to the 
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model training in batches, and the batch size is 32 

data samples. The number of training rounds of the 

model is set to 30 and the adaptive learning rate 

optimization algorithm Adam is used and the learn-

ing rate is set to 0.001. 

(1) Optimal structural parameter selection of 

gait deep learning classification model 

In order to accurately optimize and design the 

structure of the gait deep learning classification 

model proposed in this paper and improve its per-

formance, this paper first quantitatively evaluates 

the number of convolutional layers and the number 

of neurons in the long short-term memory network 

selected by the proposed model optimization. The 

selection result of the convolutional neural network 

convolutional layer is shown in Figure 2. From 

Figure 2, when the number of convolutional layers 

increases from 1 to 3, the accuracy of the model 

gradually increases. When the number of convolu-

tional layers is 3, the classification accuracy is the 

largest which up to 92.1%. But when the number of 

convolutional layers increase to 4 and 5, the classi-

fication accuracy decreases significantly. The re-

sults show that when the number of convolutional 

layers is 3, the gait fusion deep learning classifica-

tion model proposed in this paper can obtain more 

gait characteristic information closely related to gait 

pattern changes through the wearable sensing ac-

celeration and gyroscope gait data, which effec-

tively improves the classification performance of 

the model. However, when the number of convolu-

tional layers increases to 4 and 5, it is difficult to 

obtain some representative feature information from 

wearable sensing gait data, which may lose some 

useful gait feature information and reduce the clas-

sification performance of the model. 

The results of selecting the number of neurons 

in the optimal LSTM model are shown in Figure 3, 

and it can be seen from Figure 3 that when the 

number of neurons increases from 16 to 256, the 

selection of different neurons affects the classifica-

tion performance of the gait pattern of the mod-

el.When the number of neurons is 32, the classifica-

tion accuracy is the largest, reaching 92.3 %.When 

the number of neurons increases from 32 to 256, the 

classification accuracy decreases significantly.The 

results show that when the number of neurons is 32. 

The proposed model can obtain more time-related 

feature information closely related to gait changes 

from the local features of wearable sensor gait data 

space, which significantly improves the classifica-

tion performance of the proposed model. 

Figure 2. The effect of the number of convolutional layers on 

classification accuracy. 

Figure 3. The effect of LSTM neuron number on classification 

accuracy. 

(2) Gait classification performance evaluation 

results of CNN-LSTM model 

The classification performance evaluation re-

sults of the CNN-LSTM gait deep integration 

learning model based on the optimal parameters 

taken in this paper are shown in Table 2. It can be 

seen from Table 2 that the proposed model can 

identify 6 different gait modes with good classifica-

tion performance, with an average accuracy of 

91.45% and an average recall rate of 91.53%. In 

comparison, the “lying” gait mode has the highest 
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accuracy rate of up to 99%, which shows that the 

deep-depth learning model proposed in this paper 

can effectively obtain the time-space gait character-

istic information closely related to the “lying” gait 

mode from the wearable sensing acceleration and 

gyroscope gait data, can effectively improve its 

mode identification performance. However, the ac-

curacy of the “standing” gait mode is the lowest, 

only 80.94%, and the recall rate of the “sitting” gait 

mode is the lowest, only 81.06%, and these results 

show that it is difficult for the model proposed in 

this paper to obtain time-space gait related charac-

teristic information closely related to the “sitting” 

and “standing” gait mode from the wearable sens-

ing acceleration and gyroscope gait data, which 

may be due to the gait data acquisition process of 

wearable single sensor gait collector is difficult to 

capture the relevant information of the “sitting, 

standing” gait mode. 

Table 2. 6 gait patterns classification results

Gait pattern 

Prediction sample 

Recall rate 

(%) 
Lying Sitting Standing Walking 

Going down-

stairs 

Going up-

stairs 

Real sam-

ple 

Lying 510 0 24 3 0 0 94.97 

Sitting 3 398 82 1 0 7 81.06 

Standing 0 82 450 0 0 0 84.59 

Walking 0 0 0 472 24 0 95.16 

Going down-

stairs 
0 0 0 1 418 1 99.52 

Going upstairs 0 0 0 0 24 447 94.90 

Accuracy rate (%) 99.42 82.92 80.94 98.95 89.70 98.24  

 

In addition, based on the same gait data, this 

paper selected a gait classification model based on 

traditional machine learning algorithms (such as 

decision tree, KNN, support vector machine, etc.) to 

further evaluates the superior performance of the 

proposed model, and its comparative classification 

performance is shown in Table 3. From Table 3, 

the accuracy, precision, and recall rate of the gait 

deep integration learning model proposed in this 

paper were the highest, which can reach 91.5%; 

Secondly, the accuracy, precision, and recall rate of 

the KNN gait classification model were about 90%, 

while the accuracy, precise, and recall rate of the 

support vector machine were all less than 90%, and 

the accuracy, precise, and recall rate of the decision 

tree gait classification model were the lowest, 

which was only 86%. 

Table 3. Comparison result of gait classification with 

traditional machine learning algorithms (%) 

Method Accuracy Precision Recall 

Decision tree 

algorithm 
86.36 86.31 86.01 

Support vector 

machine 
86.09 88.11 85.48 

KNN algorithm 90.46 91.06 89.96 

CNN-LSTM 

model 
91.45 91.54 91.53 

The above results show that the classification 

performance of the CNN-LSTM gait deep fusion 

learning model proposed in this paper is signifi-

cantly better than that of the traditional machine 

learning gait classification model, and the funda-

mental reason is that the model proposed in this 
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paper can make full use of the excellent characteris-

tics of the most presentative data obtained by the 

CNN and LSTM deep-integration learning algo-

rithms, effectively obtain the most representative 

time-space correlation gait characteristics from 

wearable sensing acceleration and gyroscope gait 

data, and significantly improve the gait classifica-

tion performance. However, the traditional machine 

learning gait classification model can only obtain 

local spatial and temporal gait characteristics based 

on the linear model, and it is difficult to obtain the 

most representative time-space correlation gait 

characteristics from wearable sensing acceleration 

and gyroscope timing gait data, which affects its 

classification performance. 

In addition, in order to further evaluate the ef-

fectiveness of the proposed model, based on the 

above-mentioned same gait data, the proposed 

model is compared with other traditional deep 

learning models (such as CNN, RNN[20], LSTM, 

GRU[21] and other models), and the comparison re-

sults are shown in Table 4. From Table 4, it can be 

seen that the gait classification performance of the 

CNN-LSTM model proposed in this paper is sig-

nificantly better than other traditional deep learning 

gait classifications performance. In comparison, the 

gait classification performance of the RNN network 

model is poor, and the accuracy, precision, and re-

call rate are only about 70%, which is due to the 

fact that the RNN network learning model is diffi-

cult to obtain the most spatial and time-related gait 

characteristic information in the gait time series; 

The accuracy, precision, and recall rate of CNN, 

GRU and LSTM learning models are about 88%, 

and although their gait classification performance 

is better than the RNN network learning model gait 

classification performance, it is significantly lower 

than the gait classification performance of the 

CNN-LSTM fusion learning model mentioned in 

this paper, and the fundamental reason is that: the 

gait classification model based on traditional CNN 

deep learning can only obtain the most representa-

tive local spatial gait characteristic information in-

herent in gait time series data; The gait classifica-

tion model based on traditional LSTM and GRU 

deep learning can only obtain the most representa-

tive time-correlated gait characteristic information 

inherent in wearable gait time series data. The limi-

tation of the above two traditional deep learning 

gait classification models is that difficult to obtain 

the most representative time-space correlation gait 

feature information in the wearable gait time series 

data. However, the CNN-LSTM fusion deep learn-

ing gait classification model proposed in this paper 

can fully integrate CNN and LSTM with excellent 

characteristics to obtain the inherent spatial and 

temporal correlation characteristic information of 

gait time series, effectively obtain the most repre-

sentative time-space correlation gait feature infor-

mation of wearable gait time series data, and make 

up for the limitations of traditional CNN and LSTM 

deep learning models in obtaining the most repre-

sentative gait feature information of gait time series 

data which can effectively improve gait classifica-

tion performance based on wearable gait sensing 

data. 

Table 4. Comparison results of gait classification with similar 

deep learning algorithms (%) 

Method Accuracy Precision Recall 

RNN model 73.94 75.81 67.14 

CNN model 88.73 88.84 88.81 

GRU model 89.28 89.40 89.35 

LSTM model 89.82 90.14 89.72 

CNN-LSTM model 91.45 91.54 91.53 

4. Conclusions

In this paper, a new model for gait  pattern 

deep learning fusion discriminant based on weara-

ble sensing data is proposed, which can fully inte-

grate the excellent characteristics of the most rep-

resentative spatiotemporal characteristics of the 

data obtained by the convolutional neural network 

and the long short-term memory neural network 

deep learning model, and effectively obtain the 

most representative spatiotemporal correlation gait 

characteristics from the wearable sensor accelera-

tion and gyroscope gait data, significantly improve 

the classification performance of wearable gait 

mode. It provides a reliable reference for further 

research of wearable multi-sensor gait mode deep 

learning classification. 
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ABSTRACT 

Use research methods such as survey research methods and literature data methods, and use strategic management 

theory to analyze the strategic development environment of the smart wearable sporting goods industry. On this basis, 

the strategic goal of high-quality development of the smart wearable sporting goods industry is clarified. It establishes a 

strategic policy of people-oriented, focuses on research and development, and scientific management, and proposes a 

strategic development path for cultivating leading enterprises, developing industrial clusters, and promoting research 

and development innovation. In order to promote the high-quality development of the smart wearable sporting goods 

industry in the new era, specific strategic safeguard measures are putted forward in terms of providing talent support for 

industrial development and improving the legal system for the development of the smart wearable sporting goods in-

dustry to achieve high-quality development. 

Keywords: wearable sporting goods industry; high-quality development; strategy 

1. Introduction

Since 2013, with the upgrading of mobile In-

ternet technology and smart hardware devices, 

smart wearable sporting goods have become popu-

lar all over the world. “The golden key to connect 

the human body and smart devices” is the most 

vivid description of smart wearable sporting 

goods[1]. In the era of mobile intelligent network, a 

large number of wearable devices such as 

smart bracelets, smart running shoes, smart clothing, 

smart wristbands, and smart glasses[2] have ap-

peared in the sports consumer market to better meet 

people’s dual needs for scientific exercise and per-

sonalized health services. This also indicates that 

the smart sports equipment consumption industry 

that is close to people’s lives in the future will be a 

high-tech innovation industry based on massive 

data collection and precise calculation and analysis. 

Today, China’s industrial upgrading is accelerating, 

and the industrial focus is shifting to the tertiary 

industry. The development of the mobile Internet 

economy has significantly increased the frequency 

of people’s use of mobile terminals and the time 

spent on mobile terminals. The collision between 
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the healthy sports industry and the mobile Internet 

makes a variety of smart wearable sporting goods 

one of the fastest growing product categories in the 

world’s electronic products[3]. It is estimated that 

from 2020 to 2025, the compound growth rate of 

the market size will reach 20%. By 2025, the mar-

ket size of China’s smart wearable products is ex-

pected to exceed 1,500 yuan. At the same time, 

smart wearable products have begun to develop in 

the direction of remote diagnosis and treatment, 

data cloudification, product verticalization, func-

tional specialization, and diversification of profit 

models, showing broad development prospects for 

smart wearable products[4]. In order to better control 

the development status of the smart wearable sport-

ing goods industry, analyze the achievements and 

shortcomings in the development process so as 

to better promote the sustainable and high-quality 

development of the smart wearable sporting goods 

industry in the new era, the research starts with the 

strategic development factors of promoting the 

smart wearable sporting goods industry, and focuses 

on the analysis of the strategic environment, strate-

gic policy, strategic goals, strategic choices, and 

strategic guarantees for the development of the 

wearable sporting goods industry which are of great 

significance for the healthy development of the 

smart wearable sporting goods industry. 

2. Analysis of the strategic envi-

ronment for the development of 

China’s smart wearable sporting 

goods industry 

2.1. Analysis of the policy environment 

Since the country proposed the innova-

tion-driven development strategy in 2012, smart 

wearable sporting goods have been included in the 

scope of key development of China’s high-tech in-

dustry, and the annual growth rate of its R&D (re-

search and development) investment has been 

maintained at 20% above[5]. As early as 2013, the 

General Office of the National Development and 

Reform Commission also listed wearable smart 

products as a key support project in the “Notice on 

Organizing and Implementing the Special 2013 In-

dustrialization of Mobile Internet and Fourth Gen-

eration Mobile Communications (TD-LTE)”. In 

2015, the state proposed the “Made in China 2025 

Strategy”, which brought a rare development op-

portunity to the high-tech smart wearable sports 

goods manufacturing industry. In the same year, the 

State Council issued the “Several Opinions on Ac-

celerating the Development of the Sports Industry 

and Promoting Sports Consumption”, 

which brought huge consumption space to the 

wearable smart sporting goods market. In 2019, the 

government work report of the State Council pro-

posed to accelerate the transformation and upgrad-

ing of the manufacturing industry to an intelligent, 

green, and service-oriented manufacturing industry. 

Among them, the smart wearable products industry 

was mentioned in the focus areas of benefiting peo-

ple’s livelihood and promoting consumption[6]. In 

September of the same year, the General Office of 

the State Council issued the “Notice on the Outline 

of Building a Powerful Sports Country”, clearly 

proposing to further promote the deep integration of 

the Internet, big data, artificial intelligence and the 

sports real economy. It has effectively promoted the 

R & D, manufacturing and industrial transformation 

and upgrading of the wearable sports and sports 

goods manufacturing industry, improved the supply 

capacity of smart wearable sports goods, and accel-

erated the quality and efficiency of sports goods 

services. On September 20, the General Office of 

the State Council once again issued a document to 

promote the high-quality development of China’s 

sports industry, encourage financial institutions to 

support the construction of the sports industry, and 

make the sports industry truly a pillar industry of 

the national economy. To sum up, the state has giv-

en great policy attention and support to the devel-

opment of the wearable sports industry in terms of 

promoting the development of sports, motivating 

national fitness, improving the development of 

high-tech and sports industries, and stimulating the 

consumption economy[7]. 
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2.2. Analysis of technical environment 

The full application and market promotion of 

artificial intelligence technology, 5G technology 

and Internet of Things technology in the real 

economy has provided a good technical environ-

ment and high-tech technical support for the devel-

opment of the smart wearable sporting goods indus-

try. Specifically, in: (1) 5G technology 

provides basic support for smart wearable products, 

and promotes the iteration and progress of the tech-

nical environment. The technical manufacturing of 

smart wearable sporting goods involves three as-

pects: Application software, device hardware and 

artificial intelligence. Smart wearable sporting 

goods possess powerful information processing 

functions, and have many high-tech features such as 

wearability and human-computer intelligent inter-

action, and need to be supported by chip technology, 

sensor technology, intelligent interaction technolo-

gy and battery technology[8]. (2) Chip technology 

provides high-efficiency digital signal core tech-

nical support for wearable sporting goods, and its 

technical content plays a vital role in improving the 

hardware platform of smart wearable sporting 

goods and promoting the development of the entire 

industry chain. (3) Sensor technology provides 

physiological sign construction support for smart 

wearable sporting goods in terms of biosensors, 

inertial sensors, environmental sensors, etc., and 

provides direction recognition, positioning and 

navigation, altitude calculation, speed frequency, 

etc. for individuals, which can solve the problems 

related to the user’s own activities. The problem of 

data acquisition can provide users with external en-

vironmental information and suggestions in real 

time[9]. (4) Flexible electronic components provide 

indispensable sensing technology for the sensitivity 

of smart wearable sporting goods. (5) Artificial in-

telligence interaction technology provides voice 

recognition, eye control and mind muscle feedback 

control technology for smart wearable sporting 

goods. (6) Battery technology provides flexi-

ble battery life technical support for the chip pro-

cessor of smart wearable sporting goods. In addition, 

the development of Internet big data and cloud 

computing, as well as the development of Internet 

of Things technology are the technical support en-

vironment for the innovation of wearable sporting 

goods. 

2.3. Social Environment Analysis 

During the “Thirteenth Five-Year Plan” period, 

the number of netizens in China increased from 688 

million to 989 million, an increase of 43.7% in five 

years. The overall scale of netizens in China has 

accounted for about 1/5 of the global netizens. The 

scale of mobile netizens in China is 986 million, an 

increase of 88.85 million mobile netizens compared 

with March 2020, and the proportion of netizens 

using mobile phones to access the Internet is 99.7%, 

Among them, the proportion of netizens under 20 

years old is 17.1% higher than that of this group; 

the proportion of netizens over 60 years old is 11.0% 

higher than that of this group, It is enough to see 

that the potential consumer group of smart wearable 

sporting goods in the future will be very large. Ac-

cording to data released by the National Bureau of 

Statistics in July 2020, in 2020, China’s smart 

wearables shipments will be 107 million units, ac-

counting for about 1/4 of the global smart wearables 

shipments, a year-on-year increase of 8.1%, it is 

predicted that in the next five years, the compound 

growth rate of China’s smart wearable products 

shipments will be 20%. In 2025, China’s smart 

wearable product shipments will reach 266 million 

units. Products exist to meet the needs of consumers. 

When wearable sporting goods enter the market as 

an emerging product, consumers always have a cer-

tain time to accept them and put forward reasonable 

suggestions for improvement. To this end, the au-

thor conducts an online questionnaire survey in the 

online sports community with 3 million users, and 

summarizes the functional requirements of sports 

enthusiasts for wearable sporting goods by analyz-

ing 36,800 valid questionnaires (Table 1) 
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Table 1. Sports enthusiasts’ functional requirements for sports wearables 

Functional requirements of sports enthusiasts for wearable sporting goods The proportion/% 

Wearable sporting goods do not rely solely on time or distance to judge the exercise level or phys-

ical condition of sports participants, but must be built into smart wristbands, smart helmets, 

smart bracelets, smart watches, smart vests, and smart running shoes. Micro-sensors record physical 

data during exercise, such as heart rate, calories, blood pressure, etc., to quantify the exercise effect of 

sports participants. 

93.3 

Wearable sporting goods should pay attention to personal health information in daily life, including 

sleep, daily activities, etc., and network with professional physical examination centers or health care 

institutions to become health stewards for healthy exercisers and sick exercisers. 
82.6 

Manufacturers of wearable sporting goods should invite sports professionals, professional athletes 

and fitness coaches to join, and through the sharing and interaction of these professional users, meet the 

needs of many sports participants for scientific fitness. 
64.8 

Figure 1 shows the trend of users’ attention to 

smart wearable sporting goods at different price 

points from 2016 to 2020. Among them, the propor-

tion of products priced above 2,000 yuan has 

dropped significantly, while the proportion of 

products priced below 1,500 yuan has shown a con-

tinuous upward trend, and the attention of products 

around 500 yuan has basically fluctuated slightly. 

Figure 1. The trend of attention to smart sports wearables at 

different prices from 2016 to 2020. 

In addition, the social network trust of smart 

wearable sporting goods is an important guarantee 

for the realization of its own value. According to a 

survey by iResearch, 36.2% of consumers are rela-

tively optimistic about the use of smart wearable 

sporting goods, 2% of consumers take a 

wait-and-see neutral attitude, and 12.6% say they 

will not use smart wearable sporting goods (Figure 

2). 

Figure 2. Social trust for smart sports wearables. 

The main reason for consumers’ lack of trust in 

smart wearable sporting goods is not only the fear 

of possible leakage of personal privacy infor-

mation, but also consumers’ concerns about the 

many uncertainties in the new products themselves. 

Therefore, how to establish the initial trust of po-

tential consumer groups in smart wearable sporting 

goods is very important for product manufacturers 

and distributors. Only by paying attention to the 

health care and fitness monitoring functions of 

smart wearable sporting goods, to consumer expe-

rience, and increasing publicity, can more and more 

consumers recognize and accept smart wearable 

sporting goods. 

2.4. Industry environment analysis 

The development trend of the smart wearable 

sporting goods industry 

(1) The production scale of the industry is ex-

panding year by year, and the industry activity is 

rapidly increasing. According to Wearable’s “2019 
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Best Fitness Tracker Buying Guide”, fitness data 

trackers alone hit a $5.4 billion market in 2019. In 

the future, it is expected to become a new growth 

point of the global information technology industry 

after smartphones and tablet computers. 

(2) The overall development trend of multina-

tional companies rushing to deploy smart wearable 

products manufacturing and domestic well-known 

enterprises accelerating their follow-up has not 

changed. Google Glass, Samsung Apple smart 

watch, Intel’s wearable processor, FITBIT’s 

health bracelet, SPROUTLING smart anklet, etc. 

have all achieved rapid industrial entry in the fields 

of sports, health care and other products. Chinese 

electronics companies have also increased their in-

vestment in capital and technology research and 

development in the industrial strategic layout of 

wearable products. Products such as Guoke Elec-

tronics GEAK watches, Umicom Omate watches, 

Yingqu Technology inWatch, and Zhiji Electronics 

ZWatch have been launched one after another. In 

terms of smart bracelets, Xiaomi bracelets, Baidu 

Gudong bracelets, TenghaiShiyangti 

memory bracelets, ZTE GrandWatch, Huawei Talk 

Band bracelets, etc. quickly seized market share. 

(3) China’s smart wearable sporting goods, as 

an emerging field of electronic consumption, the 

overall development trend of the industry is 

good, but the product concept is popular and the 

market response is relatively bleak. In the industry 

chain, upstream chip manufacturing, radio fre-

quency technology, and sensor manufacturers have 

responded positively, but downstream enterprises, 

due to cost control considerations, have weak in-

vestment in brand technology research and devel-

opment and new product development, resulting in 

serious product homogeneity and affecting tech-

nology upgrades and development. Coupled with 

the lack of large-scale leading enterprises to drive 

the integration of the industry chain, the technical 

strength and brand appeal of smart wearable sport-

ing goods have certain development bottlenecks[10]. 

Research on the production and sales of smart 

wearable sporting goods 

The innovation of the smart wearable sporting 

goods industry lies in intelligence, which requires 

extremely high scientific and technological research 

and development technology. Under the background 

of well-known foreign sports giants such as Nike, 

Under Armour, and Adidas, which have stagnated in 

the research and development of wearable body 

hardware products due to production costs and 

technological investment, domestic enterprises such 

as Li Ning and 361° have joined the field of sports 

smart wear in large numbers. According to statistics 

from the International Data Corporation IDC, in 

2019, the shipment of smart wearable sporting 

goods in China has reached 13.2 million units, a 

year-on-year increase of 27.8%, and the production 

output value has reached 14.9 billion yuan. From 

the perspective of the production and sales rate of 

sporting goods, the production and sales rate of 

Huami Technology and Gudong’s smart running 

shoes and smart clothing, and Xiaomi smart 

sportswear exceeded 90%; the production and sales 

rate of smart basketball and smart football of Jianji 

Technology, as well as smart basketball of Yundong 

Technology and Wanshi Sports Smart Technology is 

over 92% (Table 2). It can be seen that smart 

wearable products perceive various physiological 

indicators of exercisers through chips and sensors to 

help users obtain better training effects, and it is 

foreseeable that they have a lot of room for growth. 

Application of smart wearable sports goods 

A total of 1,854 questionnaires were collected 

through the questionnaire survey on the Question-

naire Star Online, and 62 invalid questionnaires 

were excluded. Finally, 1,792 valid questionnaires 

were sorted out and analyzed: 

(1) Smart wearable sporting goods are well 

known and favored by the public. 95.2% of people 

know and know about smart wearable sports goods, 

and 65.4% of them have purchased smart wearable 

sports goods, especially male consumers are more 

enthusiastic about smart wearable sports goods. 

This shows that smart wearable sporting goods are 

popular and favored by the public. 
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Table 2. Production and sales of domestic smart sports wearable manufacturers in 2019 

Supplier Products 
2019 output/10,000 

units 

2019 sales/10,000 

units 

Production and 

sales rate % 

Xiaomi Xiaomi bracelet 171.4 133.5 77.8 

Apple smart watch, smart bracelet 554.3 467.2 84.2 

Life sense smart watch, smart bracelet 19.5 12.7 64.7 

BBK Electronics smart watch 137.6 99.6 72.5 

Huawei smart watch 121.8 107 88.4 

mobvoi smart watch 11.4 8.7 79.2 

Erock Sports 

Smart Technology 
smart basketball 12.8 11.9 92.9 

Zepp Health Smart running shoes, smart clothing 167.4 149 90.2 

GenGee Smart football, smart basketball 14.6 13. 6 93.8 

CloudFighting smart basketball 13.8 12.7 92 

Codoon Infor-

mation Technolo-

gy 

Smart running shoes, smart clothing 129.7 118.4 91.4 

Beijing Hongqi 

Shengli Technol-

ogy 

HIPLAY smart basketball bracelet 13.3 11.1 87.4 

Li Ning smart pedometer shoes 9.8 7.4 80.2 

Shuangchi smart pedometer shoes 6.7 5.1 81.3 

361° smart positioning shoes 10.6 7.9 77.3 

clouds smart positioning shoes 7.2 6.2 84.4 

Huan Cheng smart positioning shoes 3.4 2.5 81.3 

Foshan Libao 

Sports Technology 

Co., Ltd. 

smart sportswear 3.8 3.2 84.2 

XiaoMi smart sportswear 5.2 4.7 90.3 

body memory smart bracelet, sportswear 7.5 6.3 84.35 

(2) The audience of smart wearable sporting 

goods tends to be younger. 20–29-year-olds ac-

counted for 35.21%; 30–39-year-olds accounted for 

58.45%; 20–39-year-olds accounted for more than 

90%, indicating that the younger generation is pay-

ing more attention to the current smart wearable 

sporting goods. usage trends. Due to the advanced 

consumption awareness of young groups in this age 

group and their emotional preference for smart 

wearable sporting goods, the people who pay atten-

tion to wearable goods are generally younger. 

(3) Sports bracelets and smart watches 

have become the most popular products in the mar-

ket. Consumers are more inclined towards 

sports bracelets and smart watches, with the propor-

tion of the two being 78% and 67%, followed by 

health trackers, smart earphones, and smart running 

shoes. On the one hand, smart bracelets and smart 

watches are light and convenient, with many func-

tions, which can bring consumers more conven-

ience in life and exercise; on the other hand, these 

two smart devices are closer to people’s lives and 

have strong practicability. 

(4) Health monitoring and data recording func-
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tions are the core functions of smart wearable de-

vices. 92.24% of consumers think that they are most 

concerned about health monitoring and data re-

cording functions, and only 7.76% of consumers 

attach importance to the fashion brand. 

(5) Professionalism, cost performance and 

comfort are the starting points of purchase. Profes-

sionalism, cost performance and comfort are the 

three most important factors, all of which account 

for more than 50%. In addition, data compatibility 

and brand awareness accounted for less than 20%, 

indicating that consumers pay more attention to the 

function when purchasing intelligent wearable 

products. 

(6) The level of education largely affects the 

attention of smart wearable sporting goods. Bache-

lor degree or above accounted for 68%, junior col-

lege degree accounted for 18%, and high school 

and below degree accounted for 14%. It can be seen 

that the higher the education level, the higher the 

awareness and acceptance of smart wearable sport-

ing goods. 

Through the questionnaire analysis of smart 

wearable sporting goods, it fully shows that smart 

wearable sporting goods are loved by the public, 

especially the advanced consumption awareness of 

the youth group makes them favored and admired. 

It can be seen from the survey that the public has a 

process from cognition to consumption develop-

ment of smart wearable products, that is, prelimi-

nary cognition (low-level stage)-very concerned 

(intermediate stage)-purchase and consumption 

(advanced stage). The public understands and is 

familiar with smart wearable sporting goods from 

the perspective of health and fashion, and perceives 

their intelligence and convenience. In addition, the 

audience with higher education level has higher 

awareness and acceptance of smart wearable sport-

ing goods, and vice versa. This provides more ref-

erence for the technology research and development, 

fashion comfort and health training of smart weara-

ble sporting goods in the future, which has a broad 

space for product research and development and 

sales growth. 

3. Strategic goals for the develop-

ment of the smart wearable sporting 

goods industry 

3.1. Industrial development goals 

In 2015, the State Council issued the “Several 

Opinions on Accelerating the Development of the 

Sports Industry and Promoting Sports Consumption” 

clearly stated that, by 2025, the total scale of Chi-

na’s sports industry development will exceed 5 tril-

lion yuan, focusing on the development of sports 

products with independent intellectual property 

rights, improving the scientific and technological 

added value of sports goods, and enhancing the 

market competitiveness of brand enterprises. In ad-

dition, according to the “14th Five-Year Plan Outline 

and 2035 Vision Outline”, during the “14th 

Five-Year Plan” period, in order to carry out na-

tional construction campaigns and build a sports 

powerhouse, China will expand sports consumption 

and develop sports industry such as fitness and lei-

sure, outdoor sports, etc. As an important port for 

accessing national fitness in the future mobile In-

ternet era, the smart wearable sporting goods indus-

try is still in the initial stage of industrial develop-

ment and the period of infant industry development. 

In this sense, the smart wearable sporting goods 

industry has broad prospects for development. (1) 

From the perspective of its industrial development 

cycle, the cycle from scientific and technological 

progress to enterprise investment in research and 

development, and then to the large-scale develop-

ment of the industry is about 2 to 3 years. This 

means that the industry can still experience two 

rounds of rapid industrial development and expan-

sion by 2025. (2) From the perspective of its sales 

scale, according to the statistics of the International 

Data Corporation IDC, by 2025, China’s wearable 

sporting goods industry sales strategy development 

target shipments are positioned at about 38 million 

units, and its industry sales will exceed 100 billion 

yuan. (3) From the perspective of industrial con-

centration areas, the strategic development planning 

target area of China’s smart wearable sporting 
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goods industry cluster should be established around 

the Pearl River Delta, Yangtze River Delta, Bohai 

Rim and Sichuan-Shaanxi regions where the elec-

tronic information industry is relatively developed. 

Today, Shenzhen, Guangzhou, Beijing, Tianjin, 

Shanghai, Suzhou, Chengdu, Chongqing, Xi’an and 

other cities have gathered a group of enterprises 

engaged in the research and development, produc-

tion and marketing of smart wearable sporting 

goods, forming large-scale industrial clusters. Only 

the Pearl River Delta in Shenzhen, as an important 

production base of China’s intelligent wearable 

sports goods, has produced intelligent wearable 

products accounting for about 80% of global ship-

ments. It has a complete industrial chain from intel-

ligent chips, sensors, flexible components, terminal 

equipment to human-computer interaction solution 

design, product design and marketing in the up-

stream and downstream of industrial development. 

It has formed a number of leading enterprises en-

gaged in the production of intelligent wearable in-

telligent sports goods represented by Huawei and 

ZTE. 

3.2. Technological innovation goals 

In formulating the technological innovation 

and development goals of smart wearable sporting 

goods, China, it mainly solves the problems of 

product power consumption and data accuracy in 

the integration of smart wearable products with 5G 

and high-tech such as the Internet of Things, and 

improves the experience of smart wearable sports 

products by accelerating the special research and 

development of personal data products. 

(1) With the advent of 5G communication 

technology and the era of the Internet of Everything, 

the consumer electronics industry, which is domi-

nated by smart wearable sports goods, ushered in 

new development opportunities. The development 

of the smart wearable goods industry under the 5G 

concept can promote glass exterior parts, sapphire 

and In-depth development of market demand for 

hardware appearance materials such as ceramics. 

With the popularization of smart wearable sporting 

goods, it will become an important port and appli-

cation terminal of the Internet of Things. It can be 

seen that 5G interconnection technology has effec-

tively promoted the upgrading and development of 

smart wearable sporting goods technology, and its 

impact is huge and far-reaching. 

(2) The technological innovation of enterprises 

should develop in the direction of solving the prob-

lems of product power consumption and data accu-

racy. In reality, many smart wearable sporting goods 

have problems such as excessive power consump-

tion, weak charging and battery life, low accuracy 

of exercise reports, and low professionalism. For 

this reason, the portable demand of smart wearable 

sporting goods determines that it is necessary to 

strengthen investment in scientific research and de-

velopment, rely on new battery technology and 

flexible materials to reduce the overall power con-

sumption of the system, prolong the charging cycle, 

and achieve large-scale commercial use. 

(3) Accelerate the special research and devel-

opment of personal data products. Enterprises 

should create a personalized human digital ecosys-

tem for each user. Under the condition of ensuring 

data security and confidentiality, the collection, ag-

gregation and analysis of personal exercise and 

health data will give birth to a larger-scale data in-

dustry. 

(4) The technological innovation goal of smart 

wearable sporting goods is to improve the user ex-

perience and avoid product homogeneity and popu-

larization. For this reason, enterprises should focus 

on the research and development and application of 

core technologies, strengthen the functional opti-

mization design of smart wearable products, and 

use the Internet to make NFC, Bluetooth and smart 

terminals seamlessly connected. Voice and soma-

tosensory control are used in the interface of hu-

man-computer interaction, and muscle awareness 

sensing is more used in sensor technology. In short, 

smart wearable sporting goods must not only make 

technological innovations on hardware devices, but 

also achieve powerful functions through software 

support, big data interaction, and cloud interaction, 

and create an industrial intelligence core technology 

system. 
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4. Strategic policy formulation for

the development of smart wearable 

sporting goods industry 

4.1. People-oriented, to meet the growing di-

verse sports needs of the people 

The development of China’s smart wearable 

sporting goods industry must be based on enhanc-

ing people’s physique and improving the health of 

the people, and pay attention to meeting the grow-

ing needs of the people for the development of di-

versified sports and fitness. 

(1) With the promotion and implementation of 

national fitness activities, China’s mass physical 

exercise population is on a linear upward trend[11], 

providing opportunities for the development of the 

smart wearable sporting goods industry. The survey 

data shows that 87.5% of the elderly consumer 

groups pay more attention to the health monitoring 

function of smart wearable sporting goods; 70.5% 

of young consumers believe that the biggest func-

tional requirement of smart wearable sporting goods 

lies in the monitoring of individual sports signs. For 

90% of sports health care providers, through smart 

wearable sports equipment, it will be very important 

to know one’s own exercise environment, exercise 

calorie consumption, monitor one’s full range of 

physical signs and health data in real time, and pro-

vide information services for the physical and men-

tal health care of living individuals. 

(2) The development of the smart wearable 

sporting goods industry can meet the growing de-

mands of the masses for “sports and social interac-

tion”. Find fitness and sports partners on social 

networks and circles of friends through mobile 

smart wearables, making people’s lifestyles richer 

and more interesting. To this end, sporting goods 

manufacturers should strengthen the product re-

search and development of smart wearable sporting 

goods, taking wearable sports products as the start-

ing point, taking advantage of its specialization and 

individualization, it gradually integrates into mass 

fitness activities, competitive sports and school 

sports, and strives to expand the efficient supply of 

smart wearable sports products and services[12], so 

as to make sports consumption interactive, sharing, 

rational and cross-border, which can better reflects 

the development direction of the sports industry in 

serving the people. 

4.2. Focus on research and development to 

promote the high quality development of 

wearable sporting goods industry  

In recent years, the structure of China’s sports 

industry has been continuously optimized, the 

technological content has been continuously im-

proved, and the added value of the sports industry 

has maintained rapid growth. In 2019, the General 

Office of the State Council issued the “Opinions on 

Promoting National Fitness and Sports Consump-

tion to Promote the High-quality Development of 

the Sports Industry”, which has a clear strategic 

positioning for the development of the sports indus-

try, that is, to promote national fitness and guide 

sports consumption. The sports industry has be-

come a pillar industry of the national economy. This 

not only emphasizes that the added value of the 

sports industry should reach a certain scale in the 

future proportion of the national economy, but also 

realize the integrated development of the sports 

goods industry and other industries, and take the 

road of high-quality and international development. 

As a high-tech manufacturing industry, China’s 

smart wearable sports goods are an important part 

of the high-quality development of the sports indus-

try. At present, China’s smart wearable sports prod-

ucts industry has experienced a rapid development 

period from 2013 to 2015. During this period, there 

are low-level primary processing stages of imitation, 

counterfeiting, international brand OEM and OEM 

production. Development problems such as small 

operation, fragmentation, low technology content, 

poor independent innovation ability, serious product 

homogeneity, extremely low brand premium ability, 

weak brand equity, and low international influ-

ence[13]. In the future, smart wearable sporting 

goods should focus on R & D investment, enter the 

golden period of industrial transformation and up-

grading as soon as possible, strive to become bigger 
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and stronger, and enhance the market competitive-

ness of China’s smart wearable sporting goods in-

dustry. 

4.3. Scientific management, standardize the 

market order of wearable sporting goods 

industry 

It is necessary to adhere to scientific manage-

ment according to law, establish and improve rele-

vant laws and regulations, improve the supervision 

and management mechanism, and standardize the 

market order of wearable sports goods. 

(1) Through the formulation and improvement 

of policies and systems, strengthen the industrial 

guidance of the smart wearable sporting goods in-

dustry, increase the support of technological trans-

formation and scientific and technological funds to 

the production enterprises of smart wearable sport-

ing goods, guide enterprises to increase investment 

in industrial research and development, enhance 

their independent innovation capabilities, and 

strictly control the risks of homogeneous competi-

tion and overcapacity of similar products. 

(2) Strengthen the responsibilities of the 

main body of supervision and the scope of man-

agement functions, determine the rights and obliga-

tions of various market players, standardize the 

main behavior of the producers of smart wearable 

sporting goods, and severely crack down the intel-

lectual property infringement and intellectual prop-

erty rights in the production of smart wearable 

sporting goods through laws and regulations. The 

act of producing and selling counterfeit and shoddy 

electronic products effectively maintains the market 

order of the development of the high-tech sports 

industry. 

(3) The government management department 

should promote the production standardization and 

quality certification of smart wearable sporting 

goods, formulate sound national and industrial 

standards for smart wearable sporting goods, 

strengthen normalized supervision and inspection 

and product quality inspection strengthen scientific 

supervision and standardization in terms of quality. 

5. Strategic choice for the develop-

ment of smart wearable sporting 

goods industry 

5.1. Cultivate leading enterprises and build 

industry brands 

At present, there are many domestic manufac-

turers of smart wearable sporting goods, and their 

shipments are also very large. Smart wearable 

sporting goods represented by Xiaomi bracelet can 

measure steps, pulse, time, etc. Smart wearable 

sporting goods represented by Li-Ning sneakers and 

smart sports vests can measure the stride frequency, 

gait, heart rate and changing temperature of athletes. 

However, in the process of industrial development, 

there are still relatively few leading companies that 

can lead the research and development and manu-

facture of wearable sports smart devices. Most of 

the manufacturing enterprises in the industry are 

small and micro enterprises, and the phenomenon of 

OEM and copycat manufacturing is still relatively 

prominent. 

To this end, wearable sports product research 

and development enterprises must establish a smart 

wearable sports goods industry chain that conforms 

to the characteristics of China’s sports culture envi-

ronment. Leading enterprises can drive and incu-

bate a large number of small and micro start-ups 

through innovation and become a new force in the 

development of the smart wearable sporting goods 

industry. Considering that China’s smart wearable 

sporting goods manufacturers are mainly located in 

Shenzhen, Beijing, Shanghai, Chengdu and other 

places where the electronic information industry is 

relatively developed[14], the government needs to 

guide enterprises to optimize the technological in-

novation and product structure layout of products. 

Upgrade and expand, form a leading enterprise of 

smart wearable sporting goods, form core competi-

tiveness, and build a well-known brand in the in-

dustry. For example, Shenzhen-based companies 

such as Huawei, ZTE, Coolpad, Yingqu Technology, 

Xiberry Technology, and Yunmi Technology have 

all stepped up their efforts in the research and de-
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velopment of new smart wearable products. After 

years of development, a smart wearable sporting 

goods manufacturing echelon consists of large 

listed companies, small and micro enterprises and 

maker teams has gradually formed. The agglomera-

tion effect of industry brands is gradually increasing, 

and it is becoming an important base for the weara-

ble device industry in China and even the world. 

Leading enterprises of smart wearable sporting 

goods must aim at the high-end links of the product 

value chain. Independently develop and design 

products, determine effective solutions, provide 

professional commercial after-sales service, develop 

new smart wearable products with independent in-

tellectual property rights, continuously improve the 

usability and stickiness of products, and create 

a brand effect in the smart wearable sporting goods 

industry. 

5.2. Develop industrial clusters and expand 

industrial scale 

As a new high-tech manufacturing field in 

China, the smart wearable sporting goods industry 

has an overall good development trend and broad 

development prospects[15]. 

(1) Chinese enterprises engaged in the produc-

tion of smart wearable sporting goods should 

achieve vertical integration in the product manu-

facturing industry chain, that is, they should be able 

to achieve technological innovation and production 

supply of production parts such as chips, sensors, 

and flexible components, and coordinate products 

downward. The commercial promotion, expansion 

of sales channels and logistics guarantee has laid a 

good foundation for consolidating and improving 

the industrial chain of its own brand. 

(2) Enterprises should innovate business mod-

els in the design, production and sales of smart 

wearable sporting goods, improve the core competi-

tiveness of the company’s brand, increase innova-

tion and application in the functional experience of 

products, and enhance the brand technology content 

of smart wearable sporting goods. In order to guide 

enterprises in the industry to form core competi-

tiveness as soon as possible, it is necessary to focus 

on the development model of “new pro-

ject-industrial chain-industrial base-industrial clus-

ter”, build a complete supporting industry cluster, 

and continuously improve the development level 

and agglomeration level of the smart wearable in-

dustry. Promoting the leading enterprises with sig-

nificant cluster effect in the region to adjust the 

production structure, expand the scale of industrial 

production, form a grape bunch effect, improve the 

industrial benefits of smart wearable sporting goods, 

and support qualified large-scale brand enterprises 

to go out and merge or take shares in foreign smart 

wearable sporting goods manufacturing enterprises, 

develop overseas sales markets, and enhance the 

international competitiveness of the brand. By 2025, 

a number of enterprises with sales revenue of over 

10 billion smart wearable products will be cultivat-

ed in Shenzhen, Beijing, Shanghai, Chengdu and 

other places, and the formation of industrial clusters 

will be promoted. 

5.3. Promote R & D innovation and highlight 

intelligent technology  

Innovation is the lifeblood and driving force of 

industrial enterprises. Smart wearable sporting 

goods enterprises should strengthen R & D innova-

tion, increase R & D innovation, and demonstrate 

the application charm of smart technology. 

(1) Realize biometric authentication for smart 

wearable sporting goods. Sensors based on finger-

print authentication have been widely used in 

smartphones and laptops. As a personal smart de-

vice that provides personalized services, smart 

wearable sporting goods should provide biometric 

authentication identities that are more advanced and 

difficult to tamper with fingerprint recognition, such 

as sound waves. Recognition and iris recognition, 

etc., better support the mobile payment function of 

smart wearable sporting goods, and realize mobile 

smart payment for users without mobile phones. 

(2) Enhance the sports health monitoring func-

tion of smart wearable sporting goods. Smart wear-

able sporting goods must collect and monitor the 

user’s movement data and physiological signs in an 

all-round way. For example, the athlete’s smart vest 
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can accurately measure various data generated by 

the user during exercise, such as oxygen consump-

tion, stride frequency, stride length, heart rate, res-

piration, sweat composition, etc., expanding 

the breadth and depth of application of smart wear-

able sporting goods in professional sports. It is nec-

essary to monitor the user’s blood pressure, blood 

sugar and other physiological indicators in real time 

from the perspective of medical care, the data is 

uploaded to the mobile cloud service application or 

the doctor of the medical institution for analysis and 

feedback, which is used to monitor and improve the 

medical care of athletes and patients, and to remind 

the health and safety risks faced by the athletes. 

Especially in response to the outbreak of the Coro-

navirus disease in 2020, if smart wearable sporting 

goods can give full play to expand their physiolog-

ical sign monitoring functions and big data artificial 

intelligence, it can not only help users detect infec-

tious diseases in advance, but also assist medical 

and health care. The agency conducts real-time 

monitoring and analysis of the dynamic develop-

ment of the epidemic. In addition, smart wearables 

can enable telemedicine care, and enjoy timely mo-

bile health monitoring functions for chronically ill 

patients, which is a new profit growth point for 

smart wearable medical consulting services in the 

future. 

(3) Make smart wearable sports equipment 

serves as smart coach. Smart coach is a newly de-

veloped function of smart wearable fitness products. 

Smart wearable sports products give different feed-

backs and switch between different types of sports 

through the collection of exercise data and physio-

logical sign data such as the user’s exercise habits, 

exercise volume, exercise posture, etc. For a period 

of time, it can formulate scientific exercise plans for 

users or put forward various suggestions to us-

ers based on data to meet the individual fitness 

needs of users. While improving athletes’ sports 

performance, it can prolong the sports career of 

athletes and enhance the influence of smart weara-

ble sports on the public to develop scientific sports 

concepts and healthy lifestyles. 

(4) Smart wearable sporting goods should en-

hance the technological functions of virtual reality 

and augmented reality. Compared with the tradi-

tional human-machine interface interaction, the ap-

plication of VR and AR technology on smart wear-

able sports goods can enhance the user’s immersive 

experience and help users better engage in scientific 

fitness sports. 

(5) Add the function of virtual personal assis-

tant for smart wearable sports goods. According to 

the user’s feelings and emotional changes, it pro-

vides sports health care guidance, schedule man-

agement, and message optimization notification. 

(6) Smart wearable sporting goods need to 

achieve more accurate motion recognition. With the 

help of various motion sensors such as gyroscopes, 

accelerometers and magnetometers inside the smart 

wearable, users can recognize motion accurately in 

teach and learn health sports and manage health 

data. The sensors with higher complexity and accu-

racy reduce user motion calculation errors to within 

1%. 

(7) Enterprises should deeply implement the 

integrated application development of smart weara-

ble sporting goods with new technologies such 

as big data, cloud computing, and artificial intelli-

gence, and improve the innovation capabilities of 

the equipment itself in the source of key common 

technologies such as smart chips, precise sensing, 

and human-computer interaction, design independ-

ent operating system for smart wearable sporting 

goods, etc.[16]

6. Strategic safeguard measures for

the development of smart wearable 

sporting goods industry 

6.1. Improve policies to support the devel-

opment of the smart wearable industry. 

In order to better promote the development of 

the smart wearable sporting goods industry and 

make it a pillar industry for the development of the 

national economy. 

(1) Governments at all levels need to organize 

relevant departments to lead the establishment of a 
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leading group to coordinate the development of the 

smart wearable device industry in the region. Scien-

tifically formulate the development plan of the 

smart wearable industry cluster in the region based 

on the actual conditions, integrate high-tech re-

sources, formulate policies and measures to support 

the development of the industry in detail, encourage 

enterprises to strengthen technology research and 

development, and improve the layout and construc-

tion of the industrial chain, make all brand enter-

prises in the industrial cluster reach a consensus on 

industrial chain support and regional division of 

labor, and rationally arrange major application 

demonstrations and industrialization projects on 

smart wearable device manufacturing. 

(2) Governments at all levels should actively 

implement the preferential fiscal and taxation poli-

cies and industrial support policies of relevant na-

tional ministries and commissions to support the 

development of the smart wearable industry, and 

actively explore diversified support policies that are 

suitable for the development of the region and to 

create an industrial chain and industrial cluster of 

smart wearable products. Specifically, it is neces-

sary to actively strive for national-level and provin-

cial-level scientific and technological innovation, 

industrial strong foundation and other special finan-

cial support for brand enterprises and science and 

technology enterprises, and provide corresponding 

financial support. At the same time, the government 

should increase efforts to guide financial capital to 

establish high-tech industry funds, increase financ-

ing and support for the smart wearable device in-

dustry, expand the scale of industrial development, 

and enhance the international competitiveness of 

the industry. 

(3) The government should encourage enter-

prises to increase their independent R & D and in-

novation efforts. It is necessary to promote enter-

prises in the industry to focus on innovating 

research on key common technologies such as 

smart chips for smart wearable devices, 

high-performance sensors, human-machine intelli-

gent interaction, and flexible components, and en-

courage industry backbone enterprises and scien-

tific research institutions to actively integrate into 

global industrial technologies In the formulation of 

standards and technical specifications, master the 

right to speak in the development of the smart 

wearable device industry. It is necessary to cooper-

ate with enterprises to establish a technical infor-

mation research center for the development of the 

smart wearable device industry, give full play to the 

scientific research, match the cooperation between 

enterprises and scientific research units, improve 

the cooperation mechanism of production, educa-

tion and research, accelerate the transformation ef-

ficiency of industrial technology, and promote the 

high-quality development of the smart wearable 

device industry. 

6.2. Provide talent support for the develop-

ment of smart wearable industry  

As a high-tech industry, the smart wearable 

industry is a typical knowledge and technolo-

gy-intensive industry, which determines that the 

development status and trend of the smart wearable 

industry is not mainly measured by the large-scale 

investment of physical capital, but by the real pos-

session and potential of human capital. Without 

strong human capital as the backing support for in-

dustrial development, and without a strong profes-

sional talent team, the smart wearable device indus-

try will never be on the right track of high-quality 

and high-speed development. To this end, the gov-

ernment and enterprises need to do the following 

work: 

(1) The government should attach great im-

portance to the cultivation of intelligent wearable 

sports equipment professionals, and make overall 

planning and deployment in terms of scientific re-

search, types of skilled personnel, quantity, and 

funding. Actively carry out school-enterprise coop-

eration, create a smart wearable technology innova-

tion laboratory, and cultivate professionals with 

solid theoretical foundations and outstanding appli-

cation capabilities; Colleges and universities should 

add relevant majors, optimize the structure and ed-

ucation model of higher education and vocational 

education, and cultivate multi-level talents re-
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quired by various links in the development chain of 

the smart wearable industry. Encourage high-tech 

enterprises and universities to jointly run schools, 

combine production, learning and research to 

train backbones and academic leaders for the de-

velopment of the smart wearable industry; in addi-

tion, industrial innovation incentives should be im-

plemented to mobilize people’s enthusiasm, and a 

system and guarantee mechanism for respecting 

talents and making good use of talents should be 

formed. 

(2) Enterprises should make good use of global 

resources, introduce technology entrepreneurial 

talents from overseas who can promote the devel-

opment of related industries, and promote techno-

logical innovation and management innovation in 

the smart wearable industry chain. To this end, en-

terprises and related organizations should cooperate 

to set up special institutions, create overseas profes-

sional talent databases, collect information and re-

cruit talents. The government departments should 

increase funding for overseas returning scientific 

and technological talents, including the establish-

ment of special funds to attract smart wearable 

product research and development talents to return 

to work in China, and to attract more overseas stu-

dents to return to China for development. 

(3) Do a good job in supporting services for 

talents, adopt more flexible and special policies in 

the fields of technology, management, skilled tal-

ents’ work treatment, settlement, and children’s en-

rollment, etc. to promote industrial development, 

and improve the employment environment and life 

of talents in related industries environment, in order 

to promote the flow of talents. 

(4) The development of the smart wearable 

device industry requires not only an excellent scien-

tific research team and skilled team, but also a team 

of entrepreneurs who dare to innovate and are good 

at innovation. To this end, the government should 

select and train a group of enterprise leaders with 

excellent decision-making, organization, and coor-

dination skills among smart wearable industry 

manufacturing enterprises, so that they can lead the 

entire industry to develop in a high-quality direc-

tion. 

6.3. Improve the legal system for the devel-

opment of the smart wearable industry 

From a domestic point of view, the imperfec-

tion of industry standardization regulations is the 

main reason for the chaos in the smart wearable 

sporting goods market, which requires strict regula-

tion and refinement of industry standards. China 

Wearable Alliance officially launched the first smart 

wearable industry standard system in China in 

March 2015, which stipulates the safety certifica-

tion and intelligence standards of smart wearable 

devices, hoping to guide industry manufacturers to 

produce products that meet industry standards. Let 

consumers choose safe and high-quality smart 

wearable sporting goods, and promote the healthy 

and sustainable development of the industry. In ad-

dition, the use of smart wearable sporting goods 

involves the privacy protection of personal exercise 

physiology and health medical data, and the gov-

ernment needs to speed up the formulation and im-

provement of relevant laws. It is necessary to estab-

lish and improve information security supervision 

regulations to support the development of the smart 

wearable device industry, strengthen the formula-

tion of industrial control system security standards 

for information protection, and ensure the network 

operation security of basic information systems. It 

is also necessary to ensure the security of user data 

assets, guide enterprises to standardize the design of 

the safe use mode of user data, and provide legal 

protection for the data assets of smart wearable 

sporting goods. Specifically, the behavior of various 

stakeholders can be regulated from the data collec-

tion, data transmission, data analysis, data preserva-

tion and result display of smart wearable devices. 

Focusing on restricting the behavior of device data 

acquisition and utilization, obtaining authorization 

from users and data sources, and do not disclose 

and violate the user’s personal privacy. In terms of 

data transmission and analysis, it puts forward data 

protection requirements for communication opera-

tors and big data cloud computing service providers, 

focuses on preventing and punishing malicious acts 
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such as unauthorized data backup, and quickly es-

tablishes a benign market order based on the law. 

7. Conclusions

With the rapid development of the smart 

wearable goods industry at home and abroad, it 

has become an urgent strategic task to actively 

promote the high-quality development of the smart 

wearable sports goods industry in the new era. The 

author obtained first-hand market data through 

market research, questionnaire survey, etc., and 

fully understand the development of the entire 

smart wearable sporting goods industry, and deeply 

grasp the market acceptance, audience, functional 

requirements and other aspects of smart wearable 

sporting goods, and from a strategic perspective, the 

implementation strategy to promote the prosperity 

and progress of the smart wearable products indus-

try is proposed, and strive to fundamentally realize 

the high-quality development of the smart wearable 

sports products industry. However, compared with 

developed countries abroad, China’s smart wearable 

sporting goods industry has a late start, a low start-

ing point, insufficient technology research and de-

velopment, and irregular market order. These prob-

lems objectively restrict the development of China’s 

smart wearable sporting goods industry. To com-

pletely reverse this situation, we need the joint ef-

forts of the government, enterprises, individuals and 

other parties. 
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