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Although the validity of the physical activity questionnaire is low, the questionnaire is still the most commonly used measurement
tool for physical activity research in China in the past 10 years. In the era of big data, research in the field of physical activity in
China needs to be more effective, economical, convenient, and suitable for long-term, large-sample research tools. Acceleration
detection technology, heart rate detection technology, and GPS technology are the mainstream technologies for measuring the
energy consumption of physical activity in wearable devices. ,e application of data mining and machine learning methods
further enhances the validity of the test. Domestic smart wearable devices are not effective in estimating energy consumption but
still have a large space for technical improvement. Smart wearable devices have a very broad application prospect in the field of big
data research in physical activity. ,e impact of smart wearable device technology and big data analysis methods on physical
activity research will be far-reaching and may lead to major changes in research concepts, research tools, and data
analysis methods.

1. Introduction

In 1965, one of Intel’s founders, Gordon Moore, proposed
Moore’s Law by long-term observation and summary of the
development of computer hardware. ,e law states that the
number of transistors that can be accommodated on an
integrated circuit of the same area is approximately one. It
will double in 1∼2 years. In other words, the processing
speed and storage capacity of computer hardware will
double every 1∼2 years. In fact, since the 1990s, physical
memory worldwide has doubled every nine months [1].
Driven by the rapid development of information technology,
computers, and the Internet, human society has rapidly
entered a new digital age. An era of large-scale production,
sharing, and application of data has been launched.

,e US Centers for Disease Control and Prevention can
monitor new influenza epidemics through a monitoring net-
work setup across the United States, but this data has a one- to
two-week delay. In 2009, a study published by Google

engineers in Nature found that Google's flu trends obtained
through online search records and public health data released
1-2 weeks later are highly consistent, faster, and more eco-
nomical [2]. Big data has changed our traditional thinking in
many fields, such as scientific research, business, and gov-
ernment management. A big change in life, work, and thinking
based on big data has quietly occurred.

Big data has a strong impact on all walks of life. How will
China’s sports research develop in the context of the emergence
of big data in many disciplines? Especially, in recent years, with
the wide application of wearable devices represented by smart
bracelets and smart watches, every change in our physical
activity, position and physical physiological data has become
data that can be recorded and analyzed. ,e measurement of
activity provides new ideas and methods. ,ere is equipment
that can perform real-time analysis of big data in sports ac-
tivities. Of course, this equipment also hasmany problems.,is
is the purpose of our research. We have applied this theoretical
possibility to real life [3, 4].
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,is study will reexamine the current situation of re-
search methods and research tools of physical activity in
China from the perspective of big data research, analyze the
feasibility of applying smart wearable devices in the research
of physical activity big data, and forecast the future devel-
opment trend.

2. Related Work

Studies have shown that the lack of physical activity and the
sedentary and static lifestyle are one of the main factors
affecting human health [5] and related research on physical
activity has become a research hotspot in recent years.
However, an important barrier to research related to
physical activity is the lack of an accurate, objective, and
economical tool for measuring physical activity and static
lifestyles. At present, the research methods applied to the
measurement of daily physical activity of adolescents and
adults mainly include double-standard water method, in-
direct calorimetry, questionnaire method, heart rate
method, and motion sensor method (acceleration meter,
pedometer, etc.).,e double-standard water method and the
indirect calorimetry method have high precision and good
stability and are often used as the gold standard for physical
activity testing. However, because the two test instruments
are expensive, the test cost is high, and the test procedure is
complex; they are generally used for small sample experi-
ments and are rarely used for large-scale physical activity
studies [6].

,e most widely used physical activity measurement
tools are a variety of physical activity questionnaires. A
research system summarized 130 questionnaires on physical
activity, and the reliability level of various physical activity
questionnaires ranged from 0.62 to 0.76, while the validity
was only 0.25 to 0.41, which was not ideal. For example, the
international physical activity questionnaire (IPAQ), which
is highly recognized and widely used in academia, has a
validity of only 0.3.

Because of the linear relationship between heart rate and
energy metabolism in physical activity, some studies have
also measured physical activity by monitoring heart rate.
However, the correlation between heart rate and energy
metabolism has large individual differences, so it is necessary
to establish a personalized heart rate-energy relationship
before physical activity testing. In recent years, some re-
searchers have developed new algorithms that can estimate
energy consumption and assess aerobic endurance levels
more accurately without laboratory calibration [7].

Motion sensors, represented by pedometers and accel-
erometers, are emerging tools for measuring physical ac-
tivity in recent years. ,e pedometer estimates the energy
consumption of physical activity by recording the number of
steps the subject walks. ,e test cost is economical, but the
test accuracy is low. ,e physical activity monitoring device
represented by accelerometer is the most developed tool for
measuring physical activity in the past decade. ,e accel-
erometer measures the acceleration of human activity
through a miniature sensor to estimate the level of physical
activity. Since the beginning of the twenty-first century,

accelerometers have been gradually applied to the study of
physical activity with their excellent validity, and the level of
technology has been continuously improved, from the initial
single-axis accelerometer to the three-axis accelerometer [8].
Although the price of acceleration sensors is not high due to
mass production and application, various types of acceler-
ometers (such as ActiGraph accelerometers) used for sci-
entific research are priced at thousands of dollars, limiting
the research on physical activity using accelerometers.
,erefore, there are very few large-scale studies of physical
activity based on accelerometers in China.

In order to clarify the application of research tools for
physical activity in China, this study searched the papers
published in the China Knowledge Network database from
January 2006 to December 2015 for sports journal articles
containing “physical activity” or “physical activity,” 223
papers, as shown in Table 1.

In the past 10 years, the number of studies related to
physical activity has gradually increased, and the related
research on physical activity has received extensive attention
from sports scholars. ,e research tools of 223 papers ob-
tained by the search were classified, and 130 of them were
found to be research reviews, theoretical studies, qualitative
studies, or methodological studies, and no physical activity
measurement tools were used. Of the 82 empirical studies
using physical activity measurement tools, 65 used ques-
tionnaires, accounting for 79.3% of all empirical studies, of
which the most widely used was the International Physical
Activity Questionnaire; about 20% of the literatures (17)
were used. ,e motion sensor method tests physical activity.
Among them, 15 papers use accelerometers and 2 are pe-
dometers. ,e studies using accelerometers were all pub-
lished in the period from 2013 to 2015, and the sample size
was mostly below 500.

,e innovations of this article are as follows: (1) there is a
combination of the old-style questionnaire survey method to
do specific research. (2),e research content is related to the
theme and does not violate the basic operating common
sense. (3) ,e research methods and research tools used in
this article are scientific, effective, convenient, and fast, and
special attention is paid to the application of large-scale and
efficient data collection tools.

3. Main Methods of Energy Consumption
Measurement of Physical Activity in Smart
Wearable Devices

Under the background of “Internet +” and the Internet of
Everything, smart wearable devices with the function of
measuring physical activity energy consumption have de-
veloped rapidly. Different brands of devices work differently
and have different algorithms. ,e mainstream smart
wearable device with physical energy consumption mea-
surement function is developed based on one or more
methods of acceleration detection, heart rate detection, and
global satellite positioning system (GPS). Wearable tech-
nology mainly explores and creates science and technology
that can be worn directly on the body or integrated into the
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user’s clothes or accessories. It is one of the most popular
technology types in today’s society. Wearable technology is
an innovative technology proposed by the Massachusetts
Institute of Technology Media Laboratory in the 1960s. ,is
technology can be used to embed multimedia, sensors, and
wireless communications into people’s clothing and can
support gestures and eyemovements as a kind of interaction.

3.1. Estimating the Main Energy Consumption of Physical
Activity Based on Acceleration Detection Technology Method
and Basic Principle. ,rough the “internal connectivity” to
achieve rapid data acquisition, through the ultra-fast content
sharing ability of efficiently maintaining social connections,
get rid of traditional handheld devices and get a seamless
network access experience. An intelligent wearable device
based on acceleration detection technology detects the ac-
celeration of human body activity through an acceleration
sensor and then relies on a series of algorithms to estimate
the energy consumption of physical activity of the human
body. An acceleration sensor is a sensor that can measure
acceleration. It is usually composed of masses, dampers,
elastic elements, sensitive elements, and adjustment circuits.
Prior to 2009, accelerometer-based physical activity energy
consumption algorithms were based primarily on a pa-
rameter called “counts” or similar to counts (different
companies have different names for such parameters, and
algorithms vary). ,e original signal obtained by the ac-
celerometer is a voltage value that reflects the magnitude of
the acceleration. After filtering, amplification, and analog-
to-digital conversion, the analog voltage signal can be
converted into a digital signal, also known as “raw counts,”
converting this digital signal into counts. Different brands of
products use different algorithms; usually there are 3 ways
[9]: (1) the number of times the accumulated digital signal
exceeds a certain threshold; the threshold can be set to 0 or
can be set to represent a certain value of a certain type of
exercise or intensity; (2) detect the maximum value in a
certain time range to represent the count of the time period;
(3) calculate the area under the acceleration data curve in a
certain time period, which is also the most commonly used
method. A sensor is a device or device that can sense the
specified measured and convert it into a usable output signal
according to a certain rule. As an important means of in-
formation acquisition, sensors, together with communica-
tion technology and computer technology, constitute the
three pillars of information technology. Using physical,
chemical, and biological effects, the measured physical

quantity, chemical quantity, biomass, etc. are converted into
electricity that meets the needs. In fact, the counts them-
selves are not meaningful and cannot be understood by
people. Usually, a more accurate method of energy meta-
bolism is used as a criterion to establish a regression
equation between counts and energy consumption, so that
energy consumption can be estimated by counts. ,is tra-
ditional method of estimating the energy expenditure of
physical activity has good research validity and is widely
used in various types of accelerometers and has also been
favored by many physical activity researchers [10].

,e traditional algorithm for estimating the energy
expenditure of physical activity based on accelerometers is
mainly led by a group of researchers in the field of sports
science and public health. One of the major drawbacks of
estimating the energy consumption of physical activity by
counting is to ignore the difference in acceleration char-
acteristics of different types of motion and use the same
algorithm to calculate the energy consumption of different
types of motion. In addition, the inability of determining the
type of exercise is also a major “short board” in the study of
physical activity in traditional acceleration calculations
[11, 12]. Since 2009, especially in the context of the big data
era, a group of scientists in computer and mathematics,
represented by Bonomi and Staudenmayer, have entered this
field of research. ,ey use the data analysis method of big
data to conduct a new research on the algorithm of accel-
erometer estimating energy consumption of physical ac-
tivity. ,rough data mining, machine learning, and other
data analysis methods, the characteristics of acceleration
data of different motion types are analyzed, and the types of
motion are used: classification, determining the type, du-
ration, and intensity of the movement, and then establishing
energy consumption algorithms based on different types of
motion [13]. Some studies have evaluated the new algorithm,
further confirming that the new algorithm can identify the
type of motion [14] and the energy efficiency of estimating
physical activity is superior to the traditional method.

In summary, big data analysis techniques such as data
mining and machine learning have become the driving force
behind the algorithm revolution that drives accelerometers
to estimate physical activity. ,e establishment of new al-
gorithms is undoubtedly a great advancement in the ap-
plication of accelerometers to physical activity research and
with the continuous improvement of data acquisition and
data analysis methods the accelerometer’s estimation of
energy consumption accuracy may be further improved.

3.2.*eMainMethod forEstimating theEnergyExpenditureof
Physical Activity Based on Heart Rate Detection
Technology Law and Basic Principles

3.2.1. Main Methods for Intelligent Wearable Devices to
Detect Heart Rate. In recent years, heart rate testing tech-
nology has been continuously improved.,ere are two main
types of heart rate testing techniques for smart wearable
devices: (1) ECGmeasurement technology, the subject needs
to wear a wireless heart rate chest strap, which records the

Table 1: Common instruments in the measurement of physical
activity.

Accuracy Convenience Economy
Double-standard water
method ★★★★★ ★★★ ★★

Indirect calorimetry ★★★★★ ★★ ★★★
Questionnaire method ★★ ★★★★★ ★★★★★
Heart rate method ★★★★ ★★★ ★★★
Pedometer ★★★ ★★★★ ★★★★
Accelerometer method ★★★★ ★★★★ ★★★
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heartbeat. ,e bioelectrical signal measures the heart rate
and its principle is similar to the electrocardiogram test. ,e
method has the advantages of high test accuracy and good
test stability under motion; the disadvantage is that the heart
rate chest strap needs to be worn on the chest and the user’s
comfort may be affected, which is not conducive to the user’s
long-term continuous use. (2) Photoelectric testing tech-
nology: the basic principle of this technology is that the
blood in the blood vessels of the arm will change the he-
moglobin absorbance when the pulse is pulsating. By
detecting the change of the light transmittance, the pulse can
be tested.,e advantage of this test technology is that you do
not need to wear a chest strap. Users only need to wear
related equipment on the arm or wrist, which helps to
improve the “user’s stickiness.” ,e disadvantage is that the
test accuracy is lower than the ECG test. ,e stability in the
state is also slightly worse. Even so, optoelectronic testing
technology has been favored by more manufacturers for its
superior comfort and user stickiness.

3.2.2. Algorithm for Estimating Heart Rate-Energy
Consumption. Applying heart rate to estimate energy ex-
penditure has been the focus of researchers for decades ago.
In the 1950s, Berggren et al. established an estimation
method based on the near linear relationship between heart
rate and oxygen uptake and energy expenditure in sub-
maximal motion. Based on this linear relationship, the
submaximal maximum oxygen uptake test method, which is
very important in the measurement and evaluation of
aerobic endurance, was established. However, there are
some limitations in estimating heart rate-energy con-
sumption: (1) heart rate 82 is vulnerable to emotions; (2)
when energy consumption is low, heart rate estimation
energy consumption error is large; (3) everyone’s heart rate
is different. ,ere is a big difference in heart rate response
between different exercise loads; that is, there is a large
individual difference in the relationship between heart rate
and energy expenditure. ,e standard heart rate method
estimates energy consumption and requires a “calibration”
in the laboratory to determine the linear relationship be-
tween heart rate and energy expenditure for the subject.
However, it is unrealistic and inconvenient for users of
wearable devices to go to the lab for testing. ,erefore, the
estimated errors of various smart wearable devices that use
the heart rate method to estimate energy consumption are
quite different from individualized differences. In recent
years, many researchers are exploring new ways to reduce
individual errors and improve heart rate estimation energy
consumption through a number of different techniques (big
data analysis, indirect personal calibration, etc.) [15]. ,e
practical effects of these technology applications are still to
be further studied, and they are currently only applied to
certain brands on a small scale and have not been adopted by
most smart wearable devices.

3.3. Estimating the Energy Consumption of Physical Activity
Based on the Global Satellite Positioning System Method and
Basic Principle. ,e Global Positioning System (GPS) is a

satellite-based and communication-based positioning sys-
tem that estimates the position, speed (walking or running),
slope (by altitude or map), and time of the subject during
outdoor sports. Speed and slope are the two main factors in
the estimates of oxygen uptake and energy consumption
recommended by the American College of Sports Medicine
(ACSM). Some researchers used accelerometers as a
benchmark to compare the effectiveness of energy con-
sumption measured by three brands of GPS watches. It was
found that the estimated energy consumption of GPS and
the accelerometer measurement were 40% to 50% differ-
ently. Current research suggests that GPS has a greater error
in measuring high-speed motion of the subject and in-
creasing the GPS sampling frequency may help to improve
the effectiveness of the measurement. One problem with
GPS measurement of energy expenditure in physical activity
is that it is impossible to measure physical activity in the
room; even if it is applied to outdoor sports, it is affected by
some environmental factors (buildings, trees, clouds, etc.).
Despite some problems, GPS can be combined with other
methods to increase the effectiveness and reliability of en-
ergy activity estimates for physical activity.

4. Feasibility of Applying Smart Wearable
Devices toPhysicalActivityBigDataResearch

In the new era of “Internet +” and the Internet of Everything,
smart wearable devices represented by smart sports bracelets
and smart sports watches have developed rapidly. ,e
mainstream smart wearable devices for physical activity
monitoring are developed based on one or more technol-
ogies such as three-axis acceleration sensors, heart rate
sensors, gyroscopes, and GPS positioning. In view of ac-
celerometers, based on accelerometers, such as ActiGraph
accelerometers and RT3 accelerometers, domestic and
foreign studies have proven that they can accurately measure
the energy consumption of physical activity and have been
widely used in the study of various physical activities, and
many smart wearable devices are similar to the ActiGraph
accelerometer and RT3 accelerometer. ,e accelerometers
are similar, and many smart wearable devices are equipped
with heart rate, GPS, gyroscope, and other technologies.
,erefore, in theory, the accuracy of smart wearable devices
for testing physical activity should be higher or at least
comparable to accelerometers.

According to the Nyquist Criterion, the sampling fre-
quency of physical activity measurement should be at least 2
times the highest frequency of motion, and the sampling
frequency of most commercial physical activity monitoring
and recording equipment is 1∼64Hz. As a result, smart
wearables record that the amount of data acquired by
physical activity is quite large and has a very fast data growth
rate. In addition, as mentioned earlier, information such as
motion type, exercise intensity, and motion time can be
provided through some data mining techniques. If you use
the GPS function, you can also use the motion position and
time to get a lot of relevant data in combination with
geographic information, weather forecast information,
traffic information, air quality information, and so on. ,e
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rich data types have expanded the thinking for future
physical activity big data research, and many studies that
were difficult to carry out in the future may be realized in the
future.

With the rapid development and maturity of smart
wearable technology, many smart sports bracelets using
three-axis accelerometers, for example, have been sold at a
lower price, further expanding the size of the population. In
addition, the smart wearable device can realize remote data
transmission through the mobile terminal and return un-
interrupted massive personal activity data to the researcher’s
server through the Internet, and the data collection work is
more convenient and quick. ,erefore, smart wearable
products, if applied to large-scale research on physical ac-
tivity, will be very economical and easy to use. Epson re-
leased the Pulsense series of wearable devices, including
smart watches and smart bracelets. ,ese products integrate
Epson’s industry-leading original biosensing technology and
cloud-based services to meet the fitness, health, and sports
needs of the consumer wearable market.

In summary, the data provided by the smart wearable
system have the characteristics of large capacity, fast data
growth, and data diversity. ,e equipment also has excellent
economics and ease of use, laying the foundation for future
large-scale physical activity big data research using smart
wearable devices.

5. Study on the Effectiveness of Existing
Domestic Smart Wearable Devices for
Measuring Physical Activity

As the most basic smart wearable devices, the intelligent
sports bracelet is objective and meticulous (data acquisition
can be accurate to s or ms), having large amount of data,
rich, convenient, and economical, compared with the
physical activity questionnaire (Table 2). Traditional intel-
ligent sports bracelets cannot automatically distinguish
motion types, but, in recent years, related algorithms have
matured, and motion types can be automatically recognized
and have good effectiveness. However, the effectiveness of
domestic smart wearable devices to test physical activity
energy consumption has rarely been reported. ,erefore,
this study studies the effectiveness of energy consumption of
physical activity based on the laboratory environment and a
smart bracelet based on daily life environment to explore the
effectiveness of the domestic smart bracelet in measuring the
energy expenditure of physical activity in the application
scenario.

5.1. Experiment 1: Measuring the Physical Activity Energy of
the Smart Bracelet Based on the Laboratory Environment
VolumeConsumptionEffectiveness Study. ,e study subjects
were 36 adults, 18 males and 18 females; the youngest age
was 22 years old and the maximum age was 27 years old. All
subjects were healthy and had no respiratory distraction,
cardiovascular and cerebrovascular diseases, and endocrine
systems.,e four types of smart bracelets that require a large
number of domestic users are required: H-ring, X-Brace,

B-Brace, and G-Brace. Subjects walked or ran for 3min on a
laboratory treadmill at speeds of 4.0 km/h, 5.6 km/h, 6.4 km/
h, 7.2 km/h, and 8.0 km/h, respectively. ,e energy con-
sumption of the human body at each speed was measured
using four sports bracelets and a COSMED Quark gas
analysis mass spectrometer. ,e energy consumption
measured by indirect calorimetry is used as a criterion to
compare the measured values of different smart bracelets.

As shown in Table 3, different brands of smart bracelets
measure the energy consumption of physical activity and the
energy consumption measured by indirect calorimetry has
different degrees of error; generally there is an underesti-
mation of energy consumption; the average error ranges
from 2% to 40%.

,e correlation coefficient of energy consumption
measured by different brands of smart bracelets and gas
analysis ranges from 0.02 to 0.67. Some brands measure the
effectiveness of energy consumption at certain speeds in an
acceptable range. However, individual brands’ intelligent
bracelet energy consumption data is almost irrelevant to
indirect calorimetry data, and measurement energy con-
sumption is less effective. Using the speed and slope-based
American Sports Medicine Association (ACSM) to calculate
the energy calculation formula for walking and running, it is
found that the correlation coefficient between the estimated
energy consumption and the measured value using the
ACSM formula is 0.62 to 0.75 and the statistical tests are
significant (Table 4).

5.2. Experiment 2: Measuring Physical Activity Based on the
Smart Bracelet of Daily Life Environment Energy Consump-
tion Effectiveness Study. ,e study subjects were 18 primary
school students aged 10 to 12, 7 boys and 11 girls. ,e
subjects were healthy and did not have any diseases that were
not suitable for exercise. Subjects were asked to wear the
ActiGraph accelerometer and a brand of smart sports
bracelet for 7 days in a row, except for special circumstances
such as bathing or swimming, without taking off the wearing
equipment. ,e energy consumption measured by the
ActiGraph accelerometer, which is widely used in physical
activity research, is a calibration to calculate the effectiveness
and measurement error of the intelligent sports bracelet test.

In the real-life environment, the intelligent sports
bracelet and ActiGraph accelerometer measured the average
daily physical activity caused by energy consumption of
259.2± 171.9 kcal and 274.4± 139.0 kcal, with a correlation
coefficient of 0.66 and a measurement error of 15.7%.

5.3. Discussion on Measurement Validity of Domestic Smart
Wearable Devices. ,e data of this study show that the test
results of indirect calorimetry in the laboratory environment
are the calibration and the validity of different brands of
domestic intelligent sports bracelets estimated at different
walking or running speeds is very different. In general, al-
though the test validity and accuracy of the national smart
bracelet are not high, the test validity is still higher than the
validity of various physical activity questionnaires
(0.24∼0.41). It should be pointed out that, compared with
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the average error of 9.3%∼23.5% of some brands in foreign
research reports and the correlation coefficient of 0.71∼0.93,
the overall level of domestic intelligent sports bracelet
measurement is still relatively different. ,e main reasons
for the inaccuracy of the energy consumption test of the
domestic smart bracelet may be as follows:

(1) Limitations of some intelligent sports
bracelet algorithms: the experiment in the study was
completed on the treadmill of the laboratory. ,e
acceleration of the subject in the direction of the
sagittal axis was different from that of the outdoor
walking and running, which led to a large error in the
estimated value of some sports smart bracelets. In the
daily life environment, the test validity and accuracy
of the domestic intelligent sports bracelet are greatly
improved compared with the laboratory. It is sug-
gested that the algorithm of the domestic intelligent
sports bracelet may have limitations and is not
suitable for the treadmill environment. ,e algo-
rithm needs to be further improved.

(2) ,e impact of smart wearable device wearing posi-
tion on energy consumption estimates: the wearable
device selected for the study was a smart bracelet that
was worn at the wrist away from the torso. As the
smart wearable device based on the accelerometer is
closer to the torso, the measured physical activity
represents the whole body motion, and the accuracy
of the test is higher. ,erefore, the smart sports
bracelet is worn on the wrist and located at the distal
end of the upper limb. During the test, some local
movements of the upper limb are easily recognized
by the smart bracelet as whole body motion, thereby
affecting the test results.

(3) ,e algorithm for energy consumption of intelligent
sports bracelets relies too much on acceleration
sensor data. Although some manufacturers have
introduced a smart version of the smart sports
bracelet, heart rate indicators have not been used in
energy consumption algorithms for a variety of
reasons. It must be pointed out that there are still

Table 3: Comparison of the energy expenditure measured by four types of smart bracelets and indirect calorimetry.

Speed
(km/h)

H wristband X wristband B wristband G wristband
Indirect calorimetry

energy
consumption (kcal)

Energy
consumption

(kcal)

Error
(%)

Energy
consumption

(kcal)

Error
(%)

Energy
consumption

(kcal)

Error
(%)

Energy
consumption

(kcal)

Error
(%)

4.0 18.61 19.60 15.00 －3.60 11.33 －
27.19 15.19 －2.38 15.56

5.6 19.75 －7.45 19.03 －
10.82 14.61 －

31.54 19.03 －
10.82 21.34

6.4 22.19 －
16.70 22.86 －

14.19 18.58 －
30.26 20.67 －

22.41 26.64

7.2 29.31 －
16.99 31.69 －

10.25 30.92 －
12.43 23.64 －

33.05 35.31

8.0 40.39 －2.91 41.53 －0.17 47.47 14.11 24.92 －
40.10 41.60

Overall 130.25 －7.27 130.11 －7.37 122.94 －
12.47 103.31 －

26.45 140.46

Table 4: Correlation coefficients in the energy expenditure measured by four types of smart bracelets, ACSM equations, and indirect
calorimetry.

Speed (km/h) H wristband X wristband B wristband G wristband ACSM formula
4.0 0.37∗ 0.20 0.04 0.11 0.62∗∗
5.6 0.67∗∗ 0.37∗ −0.16 −0.05 0.69∗∗
6.4 0.58∗∗ 0.34∗ −0.02 0.14 0.73∗∗
7.2 0.11 0.15 −0.30 −0.25 0.75∗∗
8.0 0.29 0.39∗ −0.13 −0.11 0.74∗∗
∗indicates a statistical difference; ∗∗indicates a significant statistical difference.

Table 2: Comparison of physical activity questionnaire and smart wearable devices.

Questionnaire Smart wearable device
Data collection Subjective and fuzzy Objective and meticulous
,e amount of data Less and single Much and rich
Practicality Convenient and economical Convenient and economical
Type of exercise Measurable Recognizable
Validity 0.25∼0.41 [11] Unknown
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some shortcomings in the energy consumption al-
gorithm relying solely on the acceleration sensor. For
example, slope is an important factor affecting en-
ergy consumption. ,e energy consumption of up-
hill walking and walking is very different. According
to ACSM’s energy consumption calculation formula,
compared with the same speed flat running, a slope
of 10% can be used increasing energy consumption
by nearly 45%. However, most smart bracelets do not
have a slope recognition function, and the estimation
of energy consumption is greatly affected. Studies
have confirmed that combining different testing
techniques may help to improve the estimated val-
idity of energy consumption.

(4) ,e choice of algorithm technology: as mentioned
earlier, studies have shown that new algorithms
based on datamining andmachine learning are more
effective than traditional algorithms. In order to
further understand the current mainstream smart
bracelet algorithm, this study selected the main-
stream smart sports bracelets sold in the market
according to the sales data of the mainstream net-
work e-commerce sales platform and investigated 38
kinds of products by consulting the product manual
and the product on-site trial. Bracelet: Amiigo,
Amazfit, Bithealth, Bong, Capshi, Dido, Fitbit,
Gamin, Gisso, Isport, JDHDL, Jawbone, Mate,
Misfit, Moto, Nike, Polar, Sony, Ticwatch, 360, 37°,
Feike, Huawei, Le Run, Lexin, Lei Snake, Ai Wei,
Quancheng Tong, Samsung, Brush, Newman, Wei
Le, Yi Wei, Xiaomi, Yi Qingteng, Yu Jie, and Tian
Sheng. ,e survey found that only five types of
bracelets have automatic motion recognition and the
remaining 33 bracelets do not have this function and
do not have the basis for adopting new algorithmic
techniques. ,e slow update speed of algorithm
technology may be one of the important reasons for
the low validity of physical activity measurement.

6. Rethinking the Research Methodology of
Physical Activity in China under the
Background of Big Data Era

6.1. Is It Accurate or Fuzzy? Rethinking on the Research
Concept. In the traditional theory of physical measurement
and evaluation and sports statistics, the reliability and ef-
fectiveness of measurement tools are the indicators that
researchers focus on when selecting research tools. In order
to make the research results more accurate, many re-
searchers have been working on the optimization of mea-
surement tools. In the era of big data, large-capacity, high-
speed growth and diversified data have enabled researchers
to see the whole time, full-coverage as a whole, reducing the
embarrassment of “blind-eyed elephants” and “blind peo-
ple” that may arise due to small data research. Of course, the
pursuit of breadth and frequency of data sometimes has to
make some sacrifices and compromises on the accuracy of
the data.,e 24 h ECGmeasurement accuracy is not as good

as the normal 12-lead ECG, but it provides a wider time-
domain and larger capacity ECG data, which is still very
meaningful. ,erefore, in the big data research of physical
activity, if you can get a wider time-domain (lasting days or
even months), higher frequency (data frequency reaches s or
even ms level), and more types through smart wearable
devices (physical activity data of exercise type, exercise in-
tensity, exercise time, exercise location, surrounding envi-
ronment, physiological response, etc., appropriate sacrifice
of measurement accuracy of some data may be a wise
compromise. From this perspective, even though the current
testability of smart wearable devices is not ideal, it may not
hinder its application in physical activity research.

6.2. Is the Questionnaire Still a Smart Wearable Device? Re-
thinking about Research Tools. For a long time, the physical
activity questionnaire has been one of the most commonly
used tools for studying physical activity at home and abroad.
,e results of this study also show that 79.3% of the em-
pirical research tools in the field of physical activity are
physical activity questionnaires. Questionnaires are rela-
tively economical and simple measurement tools and have
been widely used in large-scale physical activity research in
recent years. However, the questionnaire also has problems
such as strong subjectivity and low measurement validity.
With the rapid rise of wearable devices represented by smart
sports bracelets, smart wearable devices with higher validity,
more rich data, easier to use, and more economical cost may
bring an upgrade to the physical activity research tool. Big
data research based on smart wearable devices may become
the mainstream of future physical activity research.

,e technology of intelligent wearable devices applied to
physical activity research is still in the exploratory stage, and
the low measurement validity also limits its promotion in
professional research fields. ,erefore, smart wearable de-
vices are more often positioned as “sounds” for sports en-
thusiasts than research tools for professional researchers.
However, in the early 19th century, when the train was just
invented, it was ridiculed because it was slower than the
carriage. Similarly, people should not give up because some
domestic brands of smart bracelets are not ideally valid for
the time being. On the contrary, smart wearable devices have
a very large room for improvement and have a very broad
space for development in the future of big data research on
physical activity in China and application prospects.

6.3. Analysis of Variance or Neural Network? Rethinking on
Data Analysis Methods. ,e traditional method of data
statistics is based on “small data,” and “big data” itself has the
characteristics of complex data structure, huge volume, and
latent value. In the vast amount of data, the relationship
between variables is sought. ,e traditional statistical
methods cannot meet the requirements. ,e need for data
analysis, therefore, requires newer, better statistical
methods. In this context, new data analysis methods such as
data mining and machine learning have been rapidly de-
veloped. Data mining and machine learning analysis
methods represented by neural networks and decision trees
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are used in automatic identification of physical activity types
and energy consumption estimation. ,e application has
achieved fruitful results, and these are difficult problems to
be solved by traditional statistical analysis methods such as t-
test and analysis of variance. If big data research is the future
direction of physical activity, then data mining and machine
learning may replace traditional data analysis methods in the
near future, becoming the mainstream method of data
analysis in physical activity research.

7. Conclusion

After analyzing and comparing all the above content, we can
basically draw research tools suitable for the research needs
of the field of sports activities and also suitable for the
development needs of the times. On this basis, this type of
big data analysis tools also has the advantages of previous
questionnaire surveys.

Acceleration detection technology, heart rate detection
technology, and GPS technology are the mainstream tech-
nologies for measuring the energy consumption of physical
activity in wearable devices. ,e application of data mining
and machine learning methods further enhances the validity
of the test. However, we still need to note that despite the fact
that there are a lot of research foundations, China’s current
wearable devices still have many shortcomings. ,e most
obvious is that they are not sure about the specific energy
consumption value. We do not need to worry too much,
because relevant research is not uncommon. Smart wearable
devices have a very broad application prospect in the field of
big data research in physical activity.

,e impact of smart wearable device technology and big
data analysis methods on physical activity research will be
far-reaching and may lead to major changes in research
concepts, research tools, and data analysis methods.
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