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Heart rate is one of the important indices to calculate and evaluate the intensity and quality of motion. It can scientifically and
objectively reflect the intensity level of momentum and exercise in the process of exercise. It is an important index of athletic
strength and physical fitness of athletes in college sports training. This paper analyzes the basic metabolic model of the human
body and energy supply and demand model and constructs a scientific energy consumption test model for special sports
activity. An algorithm for heart rate detection and energy consumption based on acceleration data acquisition is proposed.
Therefore, it is proposed to calculate motion acceleration using bone point data obtained from a portable telephone camera
sensor for special sports activity and to calculate kinetic energy consumption through detection data. A model for evaluating
the proposed algorithm is also established.

1. Introduction

In the past, heart rate measurement under exercise was car-
ried out by using heart rate frequency band. This device
needs to install conductive heart rate frequency band in the
chest to collect ECG signals of users and analyze heart rate
[1]. Now, in sports research in China, polar heartbeat band
with high recognition is used [2]. Because the heart rate belt
is inconvenient to wear and the price is high, the physical
training in many colleges and universities is unbearable.
With the popularity of people who value health and devices
that can be installed, the number of people who want to
record their exercise status and heart rate has increased.
Many companies are developing corresponding products.
These new products are almost all in the form of watches.
These products exceed the limit of heartbeat band and greatly
improve the comfort of users. Therefore, rapid development
has been made in recent years. These devices generally use
photoelectric volume pulse wave to measure heart rate, but
the accuracy of heart rate measurement of these devices
during exercise is not very good [3]. For example, like Hua-

wei’s HUAWEI Watch, when the arm is quiet, you can wait
about 11 seconds to get the current heartbeat value. Static
measurements are 2 BPM different from medical devices,
but if the arm is shaken or swung in the test, the test will fail.

In addition, most of these watches have the function of
motion state recognition, which can recognize various motion
states such as running, walking, and rest [4]. The recognition
of this motion state is mostly based on acceleration sensors.
As an auxiliary function of heart rate meter, the recognition
of action state is also the research content of this paper.

With the development of society, people’s cognition of
sports training has changed and new understanding. In
colleges and universities, people have higher requirements for
the effect of physical education teaching and training. After
all, university is the last link and crucial link in personnel train-
ing. Having a healthy and ripped body requires creative think-
ing to strengthen students’ physique in the process of exercise
[5]. The rapid development of the Internet has brought many
positive impacts on all aspects of people’s lives. For example,
we communicate more closely and frequently with foreign
countries through the Internet, and we can shop and entertain
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without leaving home. However, people’s travel activities, exer-
cise, and face-to-face communication are becoming less and
less, which leads to obvious lack of physical fitness and deteri-
oration of physical fitness of college students in China [6].

In order to change this situation, we analyzed the situa-
tion and put forward Tabata training method in physical
education with high-intensity interval training as the focus,
hoping to further improve the physical fitness and health
level of college students. In the scheme of strengthening
national physical fitness by sports put forward by our coun-
try, the overall level of aerobics in colleges and universities
needs to be improved, so it is necessary to strengthen teach-
ing, analyze the present situation, and prepare for improving
the overall level. Combined with big data, the teaching
methods of microcourses are applied to bodybuilding gym-
nastics in colleges and universities. Teachers can collect
materials from the Internet, make videos, and then assign
tasks to students, so as to achieve the purpose of learning
and integrating knowledge. In addition, there are public
online courses to realize the training of talents in the form
of sharing, which shows that big data thinking provides a
new perspective and ideas for the construction of aerobics
online open courses [7]. Researchers collected and analyzed
the physical exercise data of students from two Russian
universities. Similarly, through the study of three courses,
there are differences in physical preparation and functional
status between students in nonphysical education colleges
and physical education colleges, which show that the index
value of functional status is related to training and its
dynamic change is characterized by higher cost of adapting
to physical functional status [8].

2. Motion State Recognition Algorithm Based
on Acceleration Signal

2.1. Feature Extraction

2.1.1. Signal Preprocessing. Firstly, the acceleration signal is
filtered. The original signal unit is converted to 9.8N/kg (grav-
ity acceleration g), and a 30-point smoothing filter is adopted.

The short acceleration signal does not contain enough sig-
nal to recognize the action. Long-time signals cause serious
delay to real-time systems [9]. According to experience, the
shorter sliding window does not contain enough information
to identify different actions, and the sliding time window is
long, which is not suitable for real-time systems. After repeated
experiments, the data every 8 s is finally selected to form a
feature matrix for motion state recognition [10]. The formula
of the sum vector is as follows:

G =
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
x2 + y2 + z2

p
, ð1Þ

where x, y, and z are the components of acceleration in
three directions, respectively.

Here, signal processing is to make use of systematic
errors or noises produced by monitoring equipment in data
acquisition. These signals need to be processed in normal
data, which leads to large errors in later data processing. In

this paper, filters are used for filtering, and some signals
are adjusted to slide windows to reduce errors.

2.1.2. Time Domain Characteristics

(1) Standard Deviation. In motion state recognition, the time
domain features are mainly mean, standard deviation, energy,
sample entropy, peak degree, deviation, quartile difference,
and correlation coefficient. Some literatures show that the devi-
ation in the upper and lower directions can effectively distin-
guish the next layer. Kurtosis in front and back can effectively
distinguish running. Coefficients in the left and right directions
can distinguish between walking and going up.

The original signal is set as xð1Þ, xð2Þ, xð3Þ,⋯, xðnÞ the
mean value of xðnÞ signals is, and the standard deviation is
defined as

δ =
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
∑n

i=1 xi − �xð Þ2
n

, 
r

i = 1, 2,⋯, n: ð2Þ

In formula (2), n is the number of samples. The peak
value in vertical direction is a time domain characteristic
with good recognition effect.

(2) Sample Entropy. Sampling entropy is a method to detect
the complexity of new time series. The larger the sampling
entropy, the more complex the sequence and the worse the
periodicity. The acceleration signal of human body motion
has certain periodicity and unstable time series. Therefore,
the sample entropy is suitable for being used as the eigen-
value in human operation state recognition. As shown in
formula (3), the sample entropy calculation formula n is
the length of the sequence, and m is the dimension.

Let the original signals beXð1Þ, Xð2Þ, Xð3Þ,⋯, XðnÞ, from
whichM numbers are continuously extracted to form a group
ofM-dimensional vectors. ymðiÞ represents a vector composed
of m consecutive values starting from the i-th point.

ym ið Þ = x ið Þ, x i + 1ð Þ, x i +m − 1ð Þf g: ð3Þ

The distance between ymðiÞ and ymðjÞ is defined as d½
ymðiÞ, ymðjÞÞ�, and given the threshold r, the number of i
≤ n −m is calculated for each value d½ymðiÞ, ymðjÞÞ� < r.
And the ratio of this number to the total distance is n −m
− 1, which is defined as

Bm
i =

∑n=m
j=1 num d ym ið Þ，ym jð Þ½ Þð � < rÞf g

n −m − 1 : ð4Þ

Calculate its average for all i, add 1 to the dimension of
m, and repeat the above steps to obtain

SampEn m, rð Þ = lim
n⟶∞

−ln Bm+1 rð Þ
Bm rð Þ

� �� �
: ð5Þ

Different values of m, r, and n will get different sample
entropy values.
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2.1.3. Frequency Domain Characteristics. For extracting feature
vectors from humanmotion state recognition, many researches
have been carried out using frequency domain features. The
frequency domain features are FFT coefficients, DCT coeffi-
cients, spectral entropy, and energy spectral density. Compar-
ing the performance of several frequency domain features, it
is found that FFT coefficients have high resolution. Some
scholars use PCA to reduce and reduce FFT coefficients and
then have a significant impact on the accuracy of motion recog-
nition. In the five exercises discussed in this section, FFT coef-
ficients are applicable to the features identified as exercise states
at the point that running, stepping, and walking cycles are
good.

In this study, FFT coefficients are further analyzed, and it
is suggested that the main frequency should be used as one
of the eigenvalues. In this paper, the three-axis acceleration
signals are converted by FFT, and the main frequency is
extracted as the frequency domain feature. In this way, not
only the high resolution of FFT is used but also the feature
dimension is reduced and the computation is reduced.

2.2. Classifier Design

2.2.1. SVMClassifier. The basic idea of support vectormachine
is to transform the input space into high-dimensional space by
linear transformation and obtain the best linear classification
surface in the new space. To use the SVM Toolbox, you must
select the kernel function to use. The following are the repre-
sentations of several general kernel functions.

Linear kernel:

k x, yð Þ = xTy + c: ð6Þ

Polynomial kernel:

k x, yð Þ = axTy + c
� �d

: ð7Þ

Radial basis function:

k x, yð Þ = exp −γ x − yk k2� �
: ð8Þ

The radial basis function is a real function whose value
depends only on the distance from the origin, that is, ΦðxÞ
=ΦðkxkÞ, or it can also be the distance to any point c, which
is called the center point, that is, Φðx, cÞ =Φðkx − ckÞ. Any
function Φ satisfying the characteristic ΦðxÞ =Φ ð‖x‖Þ is
called radial basis function, and the standard one generally
uses Euclidean distance (also called Euclidean radial basis
function), although other distance functions are also possi-
ble. In the neural network structure, it can be used as the
main function of full connection layer and ReLU layer.
Using various eigenvalues extracted in the previous section,
Professor Lin Zhiren of Taiwan developed LibSVM for data
training.

2.2.2. Decision Tree Classifier. Decision tree turns complex
multicategory problems into several simple classification
problems to solve. The key to tree creation is how to select
features in each node to create a simple tree. Motion state

recognition based on decision tree is generally divided into
two steps. The learning of training set is used to generate
decision tree. The generated decision tree is used to identify
the motion state.

The flow of decision tree is simple, and the complexity of
algorithm is low. The general decision tree algorithms are
CART, ID3, C4.5, CHAID, and so on. Mr. Algorithm makes
complex trees and cuts them according to the results of
cross-validation and test group validation. It has a very
powerful statistical analysis function. In addition, the rules
contained in the results after data processing become easy
to understand. Therefore, classification regression tree is a
good method to establish statistical analysis model for char-
acteristic data. According to the research, the prediction tree
constructed by CART model is more accurate than the alge-
braic mathematical prediction benchmark constructed by
general statistical methods in many cases. The more com-
plex the data and the more variables, the more obvious the
advantages of the algorithm. In CART (Classification and
Regression Tree) algorithm, the Gini index structure is used
to determine the tree, and the Gini index is defined as

Gini Dð Þ = 1 − 〠
m

i=1
p2i , ð9Þ

where m still denotes the number of classes C in the data
set D, pi denotes the probability that any record of D belongs
to C, and pi is defined as the ratio of the number of groups
belonging to Ci in D to the total number of D. If all records
belong to the same category, then P1 = 1 and Gini ðDÞ = 0, in
which case the purity is the lowest. For each attribute that
enumerates a nonempty proper subset of the attribute, the
Gini coefficient after the attribute R is split which is taken

GiniR Dð Þ = D1j j
Dj j Gini D1ð Þ + D2j j

Dj j Gini D2ð Þ: ð10Þ

D1 is a nonempty proper subset of D, D2 is the complete
set of D1, D1 +D2 =D, attribute R has multiple proper
subsets, that is, GiniR ðDÞ has multiple values, and the smal-
lest value is selected as the Gini index of R.

ΔGini Rð Þ = Gini Dð Þ −GiniR Dð Þ: ð11Þ

The maximum attribute of Gini (R) increment is used as
the best splitting characteristic. In order to prevent the deci-
sion tree from fitting the sample, it needs to be pruned.
CART adopts price. In the pruning method of complexity,
price refers to the misclassification rate of samples. Com-
plexity refers to the number of leaf nodes of a tree and
defines the value complexity of a tree.

cc tð Þ = α ∗ Leaf t +
E
N
: ð12Þ

In equation (12), N is the number of decision tree train-
ing samples, E is the number of decision tree error samples,
and Leaf t is the number of leaves and parameters of the tree.
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α measures the relationship between price and complexity,
indicating the relationship between the degree of complexity
reduction of pruned trees and price. For t, cut down its
subtree s and obtain a new tree newt to replace the best leaf
node in t. The training data can be divided into M by newt
than t, but the number of leaf points contained in newt is
less than t. Equate the price complexity after replacement.

cc tð Þ = cc newtð Þ⇒ α ∗ Leaf t +
E
N

⇒ α = M
N leaf s − 1ð Þ :

ð13Þ

In formula (13), M is the number of misdivided samples
increased after replacing the S subtree of T with leaf nodes.
leaf s is the number of leaf nodes of the subtree s. The pruning
step: the first step: calculate the α value of each nonleaf node of
the complete decision tree Tmax; loop off the subtree with the
smallest α value until the root node is left; a series of pruning
trees {T0, T1, T2,⋯, Tm} are obtained, where T0 is the com-
plete decision tree Tmax and Ti+1 is the result of pruning Ti.
Step 2: using independent pruning set (nontraining set) to
evaluate Ti in the first step to obtain the best pruning tree;
standard error SE is shown in equation (14).

In formula (13),M is the number of error samples added
after the leaf node replaces the T subtree. leaf s is the number
of leaf nodes of subtree s. Pruning steps are as follows.

Step 1. Calculate the complete decision tree. The value of
each nonleaf node: cyclic cutting is minimal. α preserves the
subtree of values before the root node. A series of pruning trees
fT0, T1, T2,⋯, Tmg are obtained, where T0 is the complete
decision tree Tmax and Ti+1 is the result of pruning Ti.

Step 2. Using independent pruning set (nontraining set) to
evaluate Ti in the first step to obtain the best pruning tree,
standard error SE defined as

SE E‘
	 


=

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
E‘ ∗ N ‘ − E

� �
N ‘

s
: ð14Þ

In formula (14), N ′ is the number of pruning sets, and Ei
is defined as the error fraction of tree Ti to pruning sets.

E‘ =min Eið Þ: ð15Þ

Optimal pruning tree: T best meets the following condi-
tions and has the least number of nodes. The condition that
needs to be met: E ≤ E’ + SEðE′Þ.

3. Establishment of Energy Consumption
Model of Sports Activities

The energy consumption of daily physical activity often
cannot meet the total sports energy consumption demand of
the balance of energy supply and demand of human body, so
it is necessary to increase additional activity energy consump-
tion [11]. At present, the common sports activities include

running, skipping rope, swimming, and aerobic exercise. The
common characteristics of these sports are planning, regular-
ity, sports goals, etc. Therefore, this paper chooses four move-
ments, namely, opening and closing jump, left and right small
jump, skipping rope, and squat, which do not need additional
fitness equipment and have lower requirements for sports
environment. Compared with the commonly used accelera-
tion sensor method, the skeleton point data collected by the
mobile phone camera sensor can reflect the whole body
motion trend, so the motion acceleration can be calculated
by using the skeleton point data obtained by the mobile phone
camera sensor in special sports activities.

Every movement completed by the human body depends
on muscles and bones, and the work done by the body
during exercise leads to energy consumption. A strand points
out that there is a linear relationship between work, force
product, and oxygen consumption for motion, and the force
product is the integral of force and time, as shown in

W =
ðt1
t2

Fdt, ð16Þ

where F is the force acting on human muscles, according
to Newton’s second law:

W =
ðt1
t2

madt: ð17Þ

The differential of force product reflects the amount of
activity per unit time, and the type and intensity of dipping
and cutting are obtained by using the acceleration of move-
ment. Under the changing trend of three dimensions of space,
the energy consumption in a certain time is calculated by
using the information of human motion intensity and time.
Generally speaking, from the physical and mechanical point
of view, researchers choose to fix the acceleration sensor at
the hip joint because the hip joint is closer to the center of
gravity of the human body. Compared with wearable devices,
image recognition technology greatly reduces the invasion of
motion and can simply and conveniently obtain the position
of the human center of gravity and the change of acceleration
value during human motion.

3.1. Data Acquisition of Bone Point and Center of Gravity.
The bone point recognition algorithm adopts BlazePose
algorithm in Blaze series algorithms released by Google.
The algorithm is based on lightweight convolution neural
network architecture, which not only pursues the implemen-
tation of mobile devices but also ensures high recognition
accuracy. In the recognition process, the algorithm can pro-
vide up to 32 body key point information per frame, as
shown in Figure 1. Running BlazePose algorithm on a
mobile phone with Qualcomm Snapdragon 888 processor
can provide 22 frames of bone point data per second [12],
which is enough to meet the acquisition frequency require-
ments of acceleration data.

In the common calculationmethods of center of gravity, the
moment synthesis method needs to calculate the barycentric
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coordinates of the corresponding body parts by using the coor-
dinates of bone points, while the multiplication coefficient
method omits this step. On the basis of obtaining the coordi-
nates of the center positions of each bone point of the body, it
multiplies the corresponding bone point coefficient values and
accumulates the results after multiplying each bone point to
be the coordinates of the total barycentric of the human body.
In this paper, the method proposed by Wei et al. is used to
calculate the center of gravity of the human body in each frame
image. The center of gravity is calculated according to the
following equations:

Xc tð Þ = 〠
15

i=1
k∗i Xi tð Þ, ð18Þ

Yc tð Þ = 〠
15

i=1
k∗i Yi tð Þ: ð19Þ

In the formula, XcðtÞ and YcðtÞ are the coordinates of bone
point data obtained by BlazePose algorithm in X and Y axes,
XðtÞ and YiðtÞ are the coordinates of a bone point I in X and
Y axes when the number of frames is t, and ki is the coefficient
value corresponding to bone point I. The specific values are
shown in Table 1.

Through the change trend of coordinate information of
human skeleton points in each frame image, the displace-
ment trend of human center of gravity in a period of move-
ment is obtained by using the calculation method of center

of gravity, as shown in Figure 2, which shows the displace-
ment trend of the center of gravity of left and right small
jumps in a period of time.

3.2. Filtering of Bone Point Data. In actual use, the informa-
tion of human bone points obtained by BlazePose algorithm
has high accuracy, but there is still bone point shaking. In
order to avoid the large calculation error of acceleration
information caused by bone point jitter, which will affect
the accuracy of energy consumption fitting experiment of
special sports activities and the accuracy of energy consump-
tion detection in actual use, it is necessary to filter the bone
point data obtained by camera sensor.

Considering the real-time and effectiveness of the filter-
ing algorithm, the same filtering algorithm as the daily phys-
ical activity energy consumption detection is selected in the
energy consumption detection of special sports activities,
that is, the moving average filtering algorithm. Figure 3
shows the filtering effect of barycentric coordinates in the
process of human movement.

3.3. Acceleration Calculation Method. The data of 15 bone
points in each frame obtained by BlazePose algorithm can
calculate the coordinates of the center of gravity of the
human body in each frame by multiplication coefficient
method. During a period of movement, the coordinates of
the center of gravity of the human body constitute a discrete
displacement variable function, and the velocity variable and
acceleration variable are expressed by the change of displace-
ment and time during the movement, while the solution of
velocity and acceleration needs to build a continuous dis-
placement differential equation. In this paper, the finite dif-
ference method is used to solve this problem. Its principle is
to use discrete functions instead of continuous variable func-
tions and to replace differential equations with difference
equations, thus establishing finite difference equations. The
acceleration problem solved in this paper is a second-order
differential problem, so the second-order central difference
method is selected as the method to construct the difference
shown in Figure 4.

First-order difference:

Δf xð Þ
Δx

= f x + h/2ð Þð Þ − f x − h/2ð Þð Þ
h

: ð20Þ
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Figure 1: BlazePose algorithm bone point recognition diagram.

Table 1: Human skeleton points and corresponding coefficients.

Bone point Mapping coefficient value (k)

Nose 0.0706

Shoulder 0.0356

Midpoint of shoulder connection 0.2391

Elbow 0.0580

Hand 0.0372

Hip 0.1297

Midpoint of the line between hips 0.1630

Knee 0.1630

Distance 0.0801
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Second-order difference:

Δ2 f xð Þ
Δx2

= f x + hð Þ − 2f xð Þ + f x − hð Þ
h2

: ð21Þ

At the beginning of the movement, time t = t0:

m€v0 + c _v0 + kv0 = p0: ð22Þ

The initial acceleration is

€v0 =
1
m

p0 − c _v0 − kv0ð Þ: ð23Þ

The velocity at the midpoint of the step before and after
t = t0 is

_v−1/2 =
v0 − v−1

h
,

_v1/2 =
v1 − v0

h
,

ð24Þ
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Figure 2: Relative displacement trend of left and right small jump center of gravity (a) X axis and (b) Y axis.
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Figure 3: Filtering of (a) X axis and (b) Y axis of opening and closing jump center of gravity.
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Figure 4: Schematic diagram of second-order central difference
method.
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where H is an equal time step and the acceleration in the
middle of time is calculated by velocity:

€v0 =
_v1/2 − _v−1/2

h
= 1
h2

v1 − v0ð Þ − 1
h2

v0 − v−1ð Þ: ð25Þ

Thus, it is concluded that

€v0 =
1
h2

v1 − 2v0ð Þ: ð26Þ

Eventually,

v1 = v0 + h _v0 +
h2

2m p0 − cv0 − kv0ð Þ: ð27Þ

The coordinates of bone points obtained by BlazePose
algorithm are relative coordinates. The relative height coeffi-
cient at present time can be obtained by the ratio of the rel-
ative distance between the real height information of the
human body and the bone point data of the human body
in each frame image, and the displacement value multiplied
by the current relative height coefficient when calculating the
acceleration information in the motion process is the real
motion displacement data. The acceleration value of the
human body during training is calculated by using the finite
difference method described above.

3.4. Energy Consumption Calculation of Special Sports
Activities. The nutrients ingested by the human body meet
the fixed ratio relationship in oxidation reaction: the ratio
of reactant consumption to product production and released
energy is constant and has nothing to do with the reaction
steps and conditions. Fixed ratio relationship is the basis of
indirect calorimetry. By detecting the consumption of sugar,
fat, protein, and other nutrients in the human body during a
period of time, the total energy produced in the human body
during this period can be obtained by using the heat price of
each nutrient.

According to the law of fixed ratio, researchers put for-
ward another index to evaluate the heat price of food, which
is called the oxygen heat price of food, which refers to the
energy released when a certain food consumes 1 L oxygen
in the oxidation reaction in vivo. Oxygen and heat price of
food is a key index of energy detection. The key parameters
of oxidation reaction of basic nutrients for human energy
supply are shown in Table 2.

Different nutrients consume different O and produce
different CO2 during oxidation reaction, and the energy pro-
duced is also different. The ratio of CO2 production to O2
consumption per unit time is called respiratory entropy, as
shown in

Respiratory entropy = Ml number of CO2produced
Ml number of O2consumed : ð28Þ

The respiratory entropy of sugar is 1, and the oxygen
thermal value provided by sugar is 21.1 kJ/L, that of fat is
0.71, that of oxygen thermal value is 19.6 kJ/L, that of protein

is 0.80, and that of oxygen thermal value is 18.9 kJ/L. Under
normal physiological conditions, most of the energy is pro-
duced by the reaction between sugar and fat, so in order to
simplify the calculation method, the energy supply part of
protein is ignored. According to the respiratory entropy,
the reaction ratio of sugar and fat in this period of time
was calculated, and the corresponding oxygen thermal
valence was calculated.

4. Experiment

4.1. Motion State Recognition Experiment

4.1.1. Design of Exercise Experiment. According to the classi-
fication results of SCUT-NAA database, we propose an algo-
rithm, which can effectively realize the recognition of
motion state by using the acceleration sensor data of waist.
However, the acceleration sensor of the heart rate meter is
on the arm, and many literatures show that it is difficult to
identify the motion state based on the acceleration sensor
of the arm.

Firstly, this paper designs experiments and collects data.
The subjects collected the sports data of 10 male college stu-
dents in active service. First, they were required to stop for 1
minute, run for 3 minutes, rest for 1 minute, walk for 3
minutes, rest for 1 minute, stair for 2 minutes, rest for 1
minute, gymnastics for 2 minutes, and rest for 1 minute.
All of them include five sports states: static, running, walk-
ing, jumping, and gymnastics.

4.1.2. Experimental Recognition Results and Analysis. The
flowchart of multilevel motion recognition algorithm is
designed by using decision tree classifier.

It can be seen from Tables 3 and 4 that the recognition
rate of gymnastics is low. The main reason is that gymnastics
has various sports states. When the human body does gym-
nastics, it is recognized as static, running, walking, etc.,
among which 21 are not recognized as static, which affects
the overall recognition rate. There are two main reasons:
(1) the gap between gymnastics and sports. (2) The feature
values cannot better identify these five sports. These results
show that the features extracted in the study cannot fully
and effectively distinguish these sports states. The efficiency
of the selected features needs to be further improved.

4.2. Energy Consumption Test

4.2.1. Experimental Design. Taking the energy consumption
value detected by indirect calorimetry as the standard value
and the front camera of mobile phone as the main tool,
through the processing and calculation of the original image
data, the energy consumption detection model is established
on the basis of the recommended four sports and the validity
of the equation is tested. The purpose is to establish a real-
time, convenient, low-cost, and high-accuracy energy con-
sumption detection method for special sports activities.

(1) Subjects. In this experiment, 45 subjects were selected.
The body morphological indexes of the subjects are shown
in Table 5. All the subjects were healthy and had no sports
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injury. All the heads were called to return to the same equa-
tion with the superiority, and the other 15 subjects were used
as the verification group. The linear regression equation of
energy expenditure was constructed by using the training
data of 30 people, and the training data of the remaining
15 people were used to verify the regression equation. There
was no high-intensity activity before 24 hours and no dietary
intake before 1 hour.

(2) Experimental Method. Before the beginning of the exper-
iment, in order to avoid affecting the fitting results of energy

consumption detection equation due to the sequence of
actions, the sequence of actions that each experimenter
needs to complete in the experimental group is disturbed.
During the experiment, the experimenter followed the voice
and action guidance video to complete four kinds of fitness
actions, including opening and closing jump, left and right
small jump, squat, and skipping rope. The completion time
of each action is 1 minute, and the next action is started after
3 minutes of rest. During the rest of the experimenter, the
staff recorded the detection data of each action for subse-
quent analysis.

The experimental scheme of the experimenters in the
verification group is the same as that in the experimental
group. In addition, in order to compare the accuracy of
energy consumption detection model used in daily physical
activities with that constructed in special sports activities
experiments, the experimenters in the verification group
need to fix a mobile phone device of the same model in
the right pocket of trousers to record the motion accelera-
tion information collected by the mobile phone acceleration
sensor.

(3) Data Statistics. After completing the designed experi-
mental program, the experimenter uses the exercise cardio-
pulmonary function instrument to record the data in the
exercise process for calculation and gets the energy con-
sumption value of each experimenter. This energy consump-
tion value includes exercise energy consumption and basal
metabolism. In order to build a physical activity energy
consumption detection model, it is necessary to exclude
basal metabolism energy consumption first, as shown in

SPSS 20 software was used for statistical analysis, and the
corrected energy consumption recorded by cardiopulmo-
nary function instrument and the acceleration data calcu-
lated from image data were entered into the software in a
one-to-one correspondence relationship. Pearson analysis

was used to analyze the correlation between standard energy
consumption and acceleration, sex of experimenter, BMI,
and other indexes, and stepwise regression method was used
to build an energy consumption detection model. The
Bland-Altman (B-A diagram) analysis in MedCalc software

Table 2: Parameters of oxidation reaction of nutrients.

Nutrients
Physiological heat value (kJ/

g)
O2 consumption (L/

g)
CO2 production (L/

g)
Oxygen thermal valence (kJ/

L)
Respiratory
entropy

Sugar 17.2 0.83 0.83 21.1 1

Fat 39.8 2.03 1.43 19.6 0.71

Protein 18.0 0.95 0.76 18.9 0.80

Table 3: Recognition rate of motion experiment.

Kinds of sports Recognition rate of action type

Static 79.41%

Running 88.64%

Escape 93.09%

Jump 79.26%

Do gymnastics 68.52%

Average 81.78%

Table 4: Confusion matrix of exercise experiment.

Status Static Running Escape Jump Do gymnastics

Static 536 29 24 45 41

Running 23 359 0 11 12

Escape 15 0 377 1 12

Jump 27 5 3 214 21

Do gymnastics 53 2 17 13 185

Exercise energy consumption after correction = Energy consumption of indirect calorimetry − Basalmetabolism during exercise time:
ð29Þ
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is used to verify the consistency between the predicted value
and the standard value, and the prediction accuracy of the
energy consumption detection model is evaluated by calcu-
lating RMSE and MAPE coefficients of the predicted value
and the standard value.

4.2.2. Establishment of Energy Consumption Model. In the
energy consumption experiment of special sports activities,
the acceleration values used include the activity information
of all key body parts. Therefore, in the construction of
energy consumption model of special sports activities, there
is no need to build energy consumption detection models
according to sports intensity, and the sports acceleration
data and standard energy consumption data of the experi-
mental group are only processed for different genders to
build corresponding comprehensive energy consumption
detection models.

Table 6 is a nested energy consumption model based on
male VM value, in which Model 1 is a basic energy con-
sumption model only considering VM value and R is 0.62.
Compared with Model 1, Model 2 with BMI index has
improved the prediction accuracy of the model to 0.65, so
the comprehensive energy consumption detection model
based on male VM value is shown in

Energy consumption
5s = 0:000525 × VM+ 0:0087 × BMI = 0:261:

ð30Þ

Table 7 is a nested energy consumption model based on
women’s VM value, in which Model 1 is a basic energy
consumption model only considering VM value and R is
0.67. Compared with Model 1, Model 2 with BMI index
has improved the prediction accuracy of the model, and R
is increased to 0.70. Therefore, a comprehensive energy con-
sumption detection model based on women’s VM value is
shown in

Energy consumption
5s = 0:000589 × VM + 0:046 × BMI − 0:581:

ð31Þ

4.2.3. Band-Back Verification of Energy Consumption Model.
The acceleration VM values and BMI values of 15 experi-
menters in the verification group were brought into the corre-
sponding energy consumption detection model, the predicted
values of the model were obtained, and the synchronous stan-
dard values were recorded. The Bland-Altman statistical
method (B-A diagram) in MedCalc software is used to verify
the consistency between the standard energy consumption

value and the predicted energy consumption value, and the
deviation confidence interval of the B-A diagram is 95%.

As shown in Figure 5, in the B-A graph of men in the
verification group, 7 points fall outside 1.96 SD, accounting
for 3.5% of the total data volume, and in the B-A graph of
women in the verification group, 9 points fall outside 1.96
SD, accounting for 4.5% of the total data volume, all of
which do not exceed the 5% standard. In addition, the aver-
age difference between standard and forecast is 0.00 and
-0.02, respectively, which is close to the mean line 0. There-
fore, it is considered that the two comprehensive energy con-
sumption detection models constructed by experiments have
strong prediction ability.

4.2.4. Comparison of Accuracy of Different Energy Consumption
Models. VM values and BMI values collected by mobile phone
acceleration sensors worn by 15 experimenters in the verifica-
tion group were brought into the daily physical activity energy
consumption detection model to obtain the energy consump-
tion prediction value of the daily physical activity model, and
at the same time, the energy consumption prediction values
collected by the special sports activity energy consumption
detection model were recorded. The RMSE andMAPE indexes
of the predicted values and standard values of the two models
are used to evaluate the prediction accuracy of the models,
and the calculation methods are shown in formulas (32) and

Table 5: Basic information of experimenters.

Indicators Male (n = 35) Female (n = 10)
Age (years) 25:2 ± 5:2 24:6 ± 3:8
Height (cm) 182:1 ± 5:2 161:2 ± 3:8
Body weight (kg) 80:5 ± 7:3 48:7 ± 5:6
BMI (kg/m2) 24:3 ± 3:4 18:9 ± 2:8

Table 6: Energy nesting model (based on male VM value).

Model 1 Model 2
Energy consumption Energy consumption

VM
0.000532 0.000525

0.000 0.000

BMI
0.0087

0.005

Constant
0.45 0.261

0.000 0.000

R2 0.62 0.65

0.000 0.000

Table 7: Energy nesting model (based on female VM value).

Model 1 Model 2
Energy consumption Energy consumption

VM
0.000638 0.000589

0.000 0.000

BMI
0.046

0.000

Constant
0.345 -0.581

0.000 0.000

R2 0.67 0.70

0.000 0.000
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Figure 5: B-A diagram of (a) men and (b) women.

Figure 6: Comparison of indicators of male energy consumption detection models.
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Figure 7: Comparison of indicators of women’s energy consumption examination model.
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(33). RMSE is the root mean square difference between
standard and prediction, and the smaller RMSE, the higher
the prediction accuracy of the model; MAPE is the average
percentage difference between the standard and the forecast,
and it is usually recognized that the MAPE value is less than
10%, which indicates that the accuracy of the model is high.

RMSE =
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
∑ Predicted value − standard valueð Þ2

N

r
, ð32Þ

MAPE =〠 Predicted value − standard valuej j
Standard value × 100

N
:

ð33Þ

Figures 6 and 7 are the comparison charts of RMSE and
MAPE indexes of two energy consumption detection models
for men and women. It can be seen from the figure that RMSE
and MAPE values of energy consumption detection model for
special sports activities are lower than those of daily physical
activity model. In the comparison of male energy consumption
models, RMSE value of special sports energy consumption
model is 0:12 + 0:03, and the MAPE value is 6:45 ± 0:72%.
The RMSE value of daily physical activity energy consumption
model is 0:15 ± 0:04, and the MAPE value is 7:93 ± 0:726%. In
the comparison of female energy consumption models, the
RMSE value of special sports energy consumption model is
0:12 ± 0:04, and the MAPE value is 8:09 ± 1:09%. The RMSE
value and MAPE value of daily physical activity energy con-
sumption model were 0:13 ± 0:04 and 9:63 ± 1:01%, respec-
tively. From the above RMSE value, we can see that the
average value of men and women is less than 0.2, which indi-
cates that the accuracy of energy consumption model is better.
However, the average MAPE value of men and women is less
than 0.1, which indicates that the accuracy of energy consump-
tion model is high. From the analysis of the overall index value,
it is concluded that the model constructed in this experiment
has higher prediction accuracy.

4.3. Experimental Analysis. According to the comprehensive
analysis of the data during the exercise, there is a significant
correlation between sports energy consumption and morpho-
logical indexes such as gender, height, weight, and BMI. BMI
is calculated from height and weight, while gender is used as
classification index, and energy consumption between differ-
ent genders is analyzed separately. Therefore, gender and
BMI are considered as independent variables in the model
construction. Under the same age and exercise type, men’s
activity energy consumption is higher than that of women,
which is in line with the actual research conclusion: there are
differences in fat situation and metabolic level between men
and women, which leads to differences in energy consump-
tion, so it is reasonable to include gender and BMI as indepen-
dent variables in the construction of energy consumption
detection model.

The comprehensive energy consumption detection model
based on VM values of men and women is shown in

Male : Energy consumption
5s = 0:000525 × VM+ 0:0087 × BMI + 0:261,

ð34Þ

Female : Energy consumption
5s = 0:000589 × VM+ 0:046 × BMI + 0:581:

ð35Þ
After adopting stepwise regression method, the BMI index

is brought into the energy consumption detection model, and
the correlation between the predicted results and the standard
values is increased from 0.62 to 0.65 and 0.67 to 0.70, respec-
tively, which makes the interpretation of the model higher.

Figure 5 is the verification result of the energy consump-
tion detection model of special sports activities. From the B-
A diagram corresponding to male and female, it can be seen
that the difference between the standard value and the pre-
dicted value of energy consumption of the experimenters
in the verification group mostly falls within 1.96 SD, and
the number of points falling outside the range is less than
5%. The reasons for this situation include the following:

(1) Considering that the data collected by mobile phone
equipment and the data collected by exercise cardio-
pulmonary instrument are manually synchronized
by the staff, there may be inconsistent data

(2) In the aspect of data processing, although the origi-
nal skeleton point data is screened and processed,
there may still be errors caused by skeleton point
data shaking or disappearing

(3) The original data filtering algorithm is relatively simple,
which may filter out some useful skeleton point infor-
mation, resulting in some errors in the final energy con-
sumption detection model verification results

This kind of error is within the acceptable range of
experimental results, and the final energy consumption
detection model is reliable. In order to verify the superiority
of the energy consumption detection method and the con-
structed model of special sports activities, RMSE and MAPE
indexes are used to verify the two energy consumption
detection models of daily physical activity and special sports
activities. The results are shown in Figures 6 and 7. The anal-
ysis results from the two energy consumption models in dif-
ferent genders are as follows. The prediction accuracy of the
model constructed in this experiment is higher. The future
work mainly studies the correlation and prediction of
human body data perceived by human body multisensors,
and the difference memory connection of different data
can find the predictability of human body monitoring data
as early as possible.

5. Conclusion

The basic metabolism model and energy supply and demand
model of the human body were analyzed, and a scientific
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energy consumption test model of special sports activities
was constructed. An algorithm of heart rate detection and
energy consumption based on acceleration data acquisition
is proposed. Therefore, it is proposed to use the bone point
data obtained by portable telephone camera sensor to calcu-
late the motion acceleration and calculate the kinetic energy
consumption through the detected data. A model for evalu-
ating the proposed algorithm is also established, which can
accurately collect human heart rate and energy consumption
through sensor sensing information, thus providing health
monitoring and further analyzing human health.
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study are available from the corresponding author upon
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