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Abstract: With the improvement of people's living standards, sports and health have become the focus of attention,
and sports monitoring systems are increasingly favored. In this paper, we design the training load control method
for college students' sports teaching, propose the linear fitting sports data feature fusion method and the weighted
matrix decomposition recommendation algorithm WSVDLFM based on the implicit semantic model to realize the
intelligent monitoring of sports and personalized sports guidance recommendation. The experimental results show
that the sports monitoring system based on the proposed data feature fusion method can effectively realize the
instant sampling and fusion optimization of sports training data, and the data collection accuracy is always
maintained above 92%. Meanwhile, the WSVDLFM algorithm is able to realize the accurate recommendation of
sports guidance, and outperforms other comparative algorithms in both HR and NDCG. In addition, the proposed
sports training method “Fun Interval Running” can maximize the efficiency of students' sports training under the
premise of controlling students' training load through real-time monitoring of heart rate and pace, which is of great
significance for college students' sports teaching.

Keywords: linear fitting; data feature fusion; implicit semantic modeling; weighted matrix decomposition
recommendation; training load control

1. Introduction

At present, the overall physical fitness of the Chinese people has shown a downward trend,
especially the college students' physical fitness decline is more serious [1]. For a long time, some
colleges and universities often lack effective attention to load content validity in physical education,
resulting in some load training of students does not play any role, and even cause a certain degree of
damage to their bodies, thus increasing the incidence of risk [2-5]. And most of the sports training
programs and methods are developed by physical education teachers based on their subjective will,
which makes it difficult to develop reasonable and effective training load control methods according to
the students' own actual situation, thus leading to a lower effect of sports training [6-8]. In this case, it
is more urgent to explore the intelligent teaching decision-making system suitable for college students'
sports training load control.

From the results of a large number of practices, students can better realize the effective combination
of speed and endurance only if they continuously make adjustments to the training intensity according
to the changes in their body response within the appropriate load intensity interval [9-11]. This requires
teachers to make a comprehensive consideration of the hidden connotations of the training load,
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establish a comprehensive scientific assessment system, and develop more personalized training
methods for different trainers [12]. With the continuous progress of science and technology, people's
understanding of the organism is also increasing, and at the same time, the load training in the field of
sports also has a certain theoretical basis, and analyzes the nature of physical training from a more
comprehensive perspective [13-14]. As the new generation of digital technology is continuously
embedded in the field of sports, the advantages of algorithmic regulation of the training process,
refined monitoring of the training process, and scientific enhancement of the training efficiency have
become the key to solving the obstacles of the reality of physical training for college students [15-17].
Only by combining intelligent algorithms with physical education can we effectively improve the lack
of load control dimension in traditional training methods and cultivate more talents with
comprehensive development of morality, intelligence, physical fitness and aesthetics [18-20].

The purpose of load training is to better improve the conditions of the organism, and to make the
human organism produce a benign response by controlling the load, so as to enhance the athletic ability
of the organism [21-22]. At present, there exists a large number of studies in the academic world on the
methods of controlling the load of training for athletes, and by analyzing the condition of the human
organism and carrying out load training that matches it, a better training effect can be achieved.
Literature [23] shows that optimizing the training plan including training load control and recovery
process development can help athletes to play their best competitive state at a specific time, and
proposes a training load analysis model for athletes based on radial basis neural network (RBFNN),
which can provide valuable references for the next step of training by accurately determining the state
of their exercise load. Literature [24] developed a semi-automated processing tool to process athletes'
heart rate monitoring data to quantify their exercise training load. Literature [25] conducted further
research on the heart rate monitoring method of training load, and proposed to use wavelet transform
technology to filter out the background noise of the athlete's heartbeat during exercise, so as to extract
more accurate heart rate fluctuation signals, and lay the data foundation for the design of the training
load control method. Literature [26] points out that external training load monitoring methods using
average heart rate as an indicator are not reliable under complex training conditions, while the
determination of athletes' internal training load, although it can accurately measure their athletic ability,
often requires laboratory tests for calibration, so training load assessment methods based on wearable
sensors have more advantages. Literature [27] constructed a machine learning model to predict the
physical changes of athletes in soccer training, used 18Hz global positioning system to collect motion
variables to reflect the level of athletes' training loads, and based on the assessment results of the
proposed machine learning model, a more scientific training program can be developed for soccer
training. With the continuous improvement of the sports training load prediction model supported by
intelligent algorithms, it can better enable the rapid improvement of all physical qualities of trainers.

The sports training scenarios of college students are more complex, and the physiological
conditions of individual students, injury conditions, and external factors such as the training
environment, field equipment, etc., all bring more uncertainty to physical training, which brings
challenges to the methods of college students' sports teaching and training load control. Literature [28]
established a sports training load prediction model based on BP neural network, using the average heart
rate of students' sports training as an indicator, which provides a reference for developing sports
teaching and training intensity suitable for students' physical fitness. Literature [29] combined genetic
algorithm and BP neural network to predict students' sports training load, which still showed high
prediction accuracy in complex sports environment, providing theoretical guidance for designing
personalized sports training program and improving students' physical fitness. Literature [30], in
response to the local convergence and random assignment of the traditional BP model, optimized the
initial weights and thresholds of the model by integrating adaptive genetic algorithm, thus improving
its prediction accuracy in the task of training load prediction, which is of guiding significance for
improving the training effect of athletes. It is not difficult to find that the existing studies do not
consider the environmental factors of college students' training adequately, so it becomes an urgent
problem to develop more scientific and reasonable intelligent training methods and reasonable
prediction of students' physical loads to ensure that the students can achieve the best training effect
under the premise of safety.

This paper combines the data feature fusion method based on linear fitting and intelligent
algorithms such as the weighted matrix decomposition recommendation algorithm based on the hidden
semantic model to realize the design of the training load control method in college sports teaching.
Firstly, the feature extraction model is constructed, and through the monitoring system, the updating
rules of data feature extraction are obtained, the extracted data features are counted and denoised, and
finally they are quantified by regression analysis and linear fitting methods to complete the sports data
feature fusion. Secondly, the hidden semantic model is applied to the SVD matrix decomposition
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recommendation algorithm, and the idea of weighting is introduced, so as to realize the intelligent
recommendation of sports instruction. Finally, the “fun interval running” sports training method was
designed to realize the effective control of training load.

2. Sports Data Feature Fusion and Intelligent Recommendation Modeling in
Sports Teaching and Learning

This chapter proposes a sports data feature fusion method based on linear fitting and a weighted
matrix decomposition recommendation algorithm based on a hidden semantic model for sports
instruction recommendation based on the optimization of sports data feature fusion to provide
intelligent algorithmic support for the design of training load control methods in sports teaching.

2.1. Feature Fusion Methods for Sports Data

The process of sports data feature extraction is highly ambiguous and weakly correlated, unlike
other data, sports data present a linear correlation process between multiple indicators, but this feature
is not utilized by current classical fusion algorithms, resulting in low coverage after fusion.In this paper,
we propose a fusion method based on the linear fitting of sports data features to complete the sports
data acquisition and feature extraction, and use regression analysis and fusion method to achieve the
optimization of sports data feature extraction.

2.1.1. Sports data feature extraction

In order to realize the automatic extraction of sports data, parameters such as maximum oxygen
uptake VO and ventilation per minute VE are used as constraint indicators, and ZigBee
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networking sensors are used as the monitoring method to construct a monitoring system for sports data,
and the collection of real-time physiological index data of sports is realized through the combination of

wearable devices and the monitoring system. The process of sports data acquisition is shown in Figure
1.

Real-time Physiological
Indicator Data for Sports

{}

Gateway/Server Software

ZigBee network sensor <: Constraint
monitoring system Indicators
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Body Worn
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Figure 1. Process of sports data collection

According to the general structure of Fig. 1, the FIFO RAM buffer output command is used as the
writing device of state parameters in the monitoring of real-time physiological indicators of sports. The
Sync/Trigger triggering method is used to realize the loading of control commands during the
monitoring of real-time physiological indicators of sports. The wireless sensor network device is used
to construct the reset circuit, clock circuit and sleep control circuit, and the sports data state parameter
recognition is realized in the asynchronous standard transmission interface device to extract the sports
data characteristics.

According to the sports data, combined with the fuzzy spatial scheduling model

P(n)= { plpr, =1L1<k< m} for the joint control of real-time monitoring of sports, then its control

function is expressed as follows:

ai(t) : d
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Where, a,(¢) is the collected real-time physiological indicator monitoring data set of the sport. w

is the fuzzy weighting coefficient. 7, is the maximum sampling interval. d; is the regression

coefficient. ®(x,) is the fuzziness coefficient. b is the association rule function of feature

extraction. Let the finite dataset of real-time physiological index monitoring of sports be:
e K (xx,) @)

where ¢, is the LOADmin minimum sampling factor. K (x[,x j) is the fuzzy kernel function. j

and i represent the number of nodes for data detection. Based on the above analysis, the sports data
feature extraction model is constructed:
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where C is the state parameter of the motion process. ¢, 1is the environment variable. W' is the
inertia coefficient. x'(¢) is the change function of sports body indicators.

2.1.2. Constructing a big data fusion cluster analysis model

The above collected sports data mainly includes human cardiorespiratory function and heart rate
data under different exercise frequencies, and the next step is to construct a big data fusion clustering
analysis model based on the feature extraction of real-time physiological indicator monitoring data of
sports to obtain the real-time monitoring feature output of the sports data.

First of all, let the fuzzy feature sequence w(t) of the real-time physiological indicator

monitoring data feature extraction of sports collected be {x” —1} , according to the collection time

range, the distributed fusion output of the real-time physiological indicator monitoring data features of
sports is obtained as:

Ky x'(t)+w(t) 0<tsg

r “)
K, :E*s'(t)—w(?) 7< t<T

where E represents the energy parameter of real-time physiological indicators of the sport. s'(¢)

is the set of physiological indicator state feature distribution. 7 is the maximum acquisition time
length. Under the control of pulse 02P, the set of conditionally distributed control state parameters for
real-time physiological indicator monitoring in sports is obtained as:

ML, =—"i>1 (5)

Where New, =(e,.,l,e,1ei2 2,e,.,le,.,ze,},~--,e,D) represents the fuzzy state parameters of real-time

physiological indicators monitoring in sports, and L, is the a priori parameters of data feature

extraction. The asynchronous transmission control of the spectral feature components of the state
feature parameters of real-time physiological indicators of sports is carried out to obtain the big data
fusion clustering analysis model of data feature extraction for real-time physiological indicators
monitoring of sports, which is expressed as follows:
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where 7 is the frame sequence number for data detection. Af is the sampling time interval of the
sports data. f, is the time sampling frequency. Combined with the frame segment scanning

technology to realize the real-time physiological index characterization of sports, the real-time sports
data expression is obtained as:
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Where, j and i denote the number of nodes for data detection. /,(k) is the sample set of

real-time physiological indicators of sports. 7,(k) is the fuzzy degree indicator.

2.1.3. Fusion optimization based on linear fitting

The following update rules for data feature extraction were obtained through the real-time
physiological indicator monitoring system for sports:

k,(t=1)=

T [oF, (esan’] (8)

Where, Q(¢#—1) represents the similarity of real-time physiological indicator monitoring in sports.

F, is the degree of adaptation of the distribution of real-time physiological indicators data in sports.

0Sot is the adaptive weighting coefficient. Then the extracted data features are statistically analyzed
by the statistical analysis model for the feature extraction of real-time physiological indicators
monitoring data of sports, and the model is as follows:

F(z)
K(v)

Spa (1) = )
Where F(z) isthe weighting function and K(v) is the state distribution function.
If the sports data features fractal wavelet conversion as an arbitrary signal, when the original data
x, and the feature extracted data x, the larger the mean square deviation of the two, it means that
the de-noising effect of fractal wavelet coding is better. Among them, the denoising of optimal fractal
wavelet coding is mainly achieved by reconstructing the sports feature signals through x, and x, to

achieve the denoising effect, and its expression is:
y=MESf"(x)+x, xx, (10)

where MES is the mean square error of the original data x, and the data x, after feature
extraction. f'(x) is the feature of real-time physiological index data of sports. The denoising process
is carried out using the above equation to ensure that a high degree of accuracy can be achieved when
feature extraction is carried out subsequently.

Then the level X of real-time physiological index monitoring data feature extraction in sports is

N
divided into N levels for X, xOXx® xOx@x® ... x™  thatis, X =UX(i) . Regression
i=1
analysis and linear fitting methods are used to realize the quantitative regression analysis of the basic
indexes, such as VO, , CO, discharge VCO, , and heart rate HR, in the sports data of different
feature levels, and to realize the optimization of the feature extraction of real-time physiological index
monitoring data in sports. The regression analysis model for real-time physiological detection of sports
is:

anﬂ (dyﬂ): }El;}\/m
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where f(#) is the frequency component and d, (f) is the joint characteristic distribution

function. The characteristic linear fit of the real-time physiological index monitoring data for sports is
given by:

—pid—m O<m£1‘i
(Xmin +])l/(k)) 2
pidﬂfw = . ‘ (12)
__pd-m M __ .
(X + P, () 2

where X and X , are the maximum and minimum state detection thresholds, respectively.
pid is the set of joint probability distributions. M is the embedded maximum dimension of the data

feature reconstruction.

2.2. Weighted Matrix Decomposition Recommendation Algorithm Based on Hidden
Semantic Modeling

Based on the sports data feature fusion method, this paper proposes a Weighted Matrix
Decomposition Recommendation Algorithm based on Hidden Semantic Model (WSVDLFM) by
introducing the idea of weighting in order to realize the accurate sports instruction recommendation in
sports teaching.

2.2.1. Hidden Semantic Modeling

From the perspective of machine learning, the Implicit Semantic Model (LFM) [31] takes the user
correlation matrix and the object correlation matrix as the parameters of the model, uses the historical
scoring data as the dataset, and takes the square of the difference between the predicted score and the
actual score as the loss function of the model, optimizes the loss function through the stochastic
gradient descent algorithm (SGD)[32], and obtains the optimal solution of the class of the hidden
attributes of the user and the object after training the model.

The implicit semantic model assumes that if two exercise instructions are viewed by multiple users
at the same time, some degree of similarity between the two exercise instructions is recognized.

It is assumed that matrix R is the information about the users' evaluation of the exercise guidance,
ie., R represents the specific rating values of the users u for the exercise guidance i and R is

defined as the rating matrix. Matrix P is the effectiveness of the user's guidance for each type of
exercise guidance, i.e., P, represents the degree of preference of the user u for exercise guidance in

u

ui

the hidden category f . Matrix QO is the weight of each exercise instruction i in the hidden
category f,1.e., O, represents the percentage of exercise instruction i in the hidden category f .

Using the Funk-SVD algorithm [33], the rating matrix R is decomposed into two
low-dimensional matrices multiplied together:

R=PQ" (13)

where Pe R/ and Qe R are two matrices after dimensionality reduction, i.e., the user u
is linked to the exercise guidance information i through the exercise guidance hidden category f in
the matrix. As a result, the implicit semantic model divides the sports instruction into F categories,
P(u, f ) denotes the degree of effectiveness of the user u instruction for the f th sports instruction

category, Q(i, f ) denotes the weight of the sports instruction 7 in the f th sports instruction

category, 1< f < F . Then the predictive value Ié(u,i)=fl. of the user u rating of the sports

ui

instruction i is computed by the following formula:
A T £
ru[ :R(uﬁl):Pth :zpu,qu,i (14)
/=1

where p, , =P, f), q,, =00 [).
Assuming that the difference between the user's true score and the predicted score follows a
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Gaussian distribution, the corresponding loss function is given, and then the loss function is optimized
by the stochastic gradient descent (SGD) algorithm, and the existing historical scoring data is used to
calculate and solve for the parameter values in matrix P and matrix @ , so as to obtain the

corresponding matrices P and Q. The loss function C ( D, q) represents the root-mean-square error

between the user u true rating of the exercise guide i and the predicted rating, as follows:
F 2
C(p,q) = Z (’Zi_fuiy: z [rui_zpu,qu,i] (15)
(u,i)eTrain (u,i)eTrain =
In order to avoid the learning overfitting that may result from direct optimization, it is also
necessary to add the overfitting prevention term i(" D, ||2 +||qi ||2) , where A is the regularization

parameter, which needs to be obtained by repeated trials according to the specific application scenario,
where A takes the value of 0.01, thus it can be obtained:

- 2
C(p,q)= Z (}:u' _zpu,qu,ij +ﬂ“(|
=

(u,i)eTrain

2.l +al) (16)

(1) The loss function is optimized using the stochastic gradient descent (SGD) algorithm, and the
fastest descent direction is determined by taking the partial derivatives of parameters p, , and ¢,,:

oc £
= —Z[Vui —Zpu,qu,ijqf,,- +24p, (17)
apu,f f=1
oc F
= _ZEFM _Zpu,qu,i]pu,f +22qf,5 (18)
aq/,,- 7=1

(2) Iterative computation continuously optimizes the parameters until they converge:

F
Pus =Py +0{[m —Zpu,;,»qf,,-jqf,,- —ﬂ»pu,f] (19)
f=l

F
q,,=4,, ta ((’;ﬁ - zpu,qu,[ j Pur— iq[,ij (20)
f=1

where « is the learning rate, which represents the speed in the gradient descent process. « also
needs to be obtained by repeated trials based on specific application scenarios, where « takes the
value of 0.02.

2.2.2. Method of calculating weights

In order to be able to better utilize the implicit feedback data, make the exercise recommendation
technology more perfect, and realize the user-accurate push of exercise guidance, this chapter will
make corresponding improvements to the shortcomings of the matrix decomposition recommendation
algorithm in the traditional Funk-SVD.

Before improvement, we first introduce three dimensional features, namely user personal attributes,
user sports characteristics and user adoption degree, and use the normalization method to construct the
user data behavior weighting matrix, so as to intuitively reflect the proportion of each dimensional
feature in the weighting matrix of user data behavior, which interprets the user's preference of the
exercise guidance from different angles.

(1) User personal attributes

The user's personal attributes include the user's age age, gender sex and sports level grade

attribute information. Users of different ages, genders, and sports levels will inevitably show different
interest preferences in the process of using the sports monitoring system, so it is necessary to define the
user's personal attribute feature weights.

Definition 1: Firstly, the user's age age is divided into K subgroups, and secondly, the K

subgroups that have been divided are again subdivided into 2K subgroups according to the user's

7



gender sex , then each user will belong to a unique subgroup, i.e., the user's age and gender can be
represented by a matrix F,, of order K x2 in size, and each subgroup belonging to each subgroup

corresponds to an element with a value of 1, and the others with 0. Similarly, the user's sport level and
gender can be represented by a matrix (J,, of size Wx2 order. Then, the user's personal attribute

2]

feature weights are calculated as:
a, =P,0; Q1)

(2) User movement characteristics

The user's sports characteristics are mainly obtained by analyzing the sports data collected by the
smart bracelet worn on the user. If the frequency of a certain sport is high, the user is considered to
have a high interest preference for this type of sport guidance information.

Definition 2: First assume that the system has a total of N exercise guide, 4 exercise guides

df, = {dfl,dfz,dfpu-,dﬁl} for each exercise i , and B exercise  guides
if,, = {;f”,tf,z,tfn,---,tf,b,thI,tfzz,th,---,tfzb,---} covering exercise i for each user u, then the user

exercise feature weights are calculated as:

N
b. =t xlog—
ut ﬁtl gdf (22)

i

(3) User adoption level

In order to differentiate between campaign guides that a user has viewed and those that have not,
data on the dimension of user adoption degree is introduced in the matrix decomposition.

Definition 3: Matrix ¢, represents the user's user adoption level weights in the matrix

decomposition. v is used to control the proportion of the weight, which is treated as a constant and
generally takes the value of 0.3. ¢, represents the proportion of the length of time that the user u
has viewed the campaign guide i and the length of time that the campaign guide i has been viewed
by all users. The user adoption degree weight is calculated by the formula:

1
- 1+log(tm.><10V)

ui

(23)

(4) User data behavior weighting matrix

In order to better shape the personalized part of the user and enhance the accuracy of the
recommendation, this paper will introduce the user data behavior weighting matrix, which integrally
considers the influence of the features of the three dimensions on the user's personalization degree.

Definition 4: The data behavior weighting matrix is a matrix of overall weights obtained by
normalizing the features of the three dimensions of user personal attributes, user movement
characteristics and user adoption degree, and the default is a+ f+y =1 . The specific calculation

formula is:

a, b c
W, =a—"=+pf—"—+y
B . )

u

ui

c

u

24)
[

2.2.3. Weighted Matrix Decomposition Recommendation Algorithm

With the help of user data behavior weighting matrix, this section will propose a weighted matrix
decomposition recommendation algorithm based on the matrix decomposition of hidden semantic
model. The core idea of this algorithm is to decompose the user rating matrix R into two
low-dimensional sub-matrices P and Q, and then calculate the missing ratings in the rating matrix,

and complete the recommendation based on the calculated predicted ratings.
The specific flow of the algorithm is as follows:
Input: user data behavior weighting matrix W and user rating matrix R .
Output: user feature matrix P and motion guidance feature matrix Q.
Stepl: Initialize the relevant parameters A, « and iterations .
Step2: Select a set of data, calculate the partial derivatives of parameters p,, and ¢,, to

determine the direction of stochastic gradient descent:
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Step3: Constantly update parameters p, , and ¢, using iterative equations (27) to (28):

F
Poy=P.sta ([m W, — Zp,,, s j 9 —APus ] (27)
f=1

F
4, =4, ta [[’Zz‘ W, — zpu,qu,ijpu,f - j’qf,iJ (28)
7

Step4: By calculating the difference between the two iterations before and after is less than a certain
value or by determining whether the number of iterations reaches the value set at the beginning to
decide whether to terminate, if the condition is not met, then continue to Step3 iteration operation.
Otherwise, return P and Q.

3. Experiments on feature fusion of sports data and sports instruction
recommendation

3.1. Experiments on feature fusion of sports data

In this section, based on the proposed sports data feature fusion optimization method, the sports
training instant data acquisition system is constructed, and sports data acquisition and feature fusion
experiments are conducted to verify the effectiveness of the proposed method. The classification fusion
and correlation analysis of the physical function data, athletic skill data and sports performance in the
sports training instant data in the experiment get the output of sports training instant data acquisition
and fusion as shown in Table 1.

Table 1. Real-time data acquisition and fusion output of sports training

. Normalized Degree of fuzzy Degree of Information
Test index . . .
index matching fusion entropy
Oxygen ventilation 0.121 0.253 0.271 0.187
equivalent
Oxygen uptake VOaar 0.111 0.246 0.262 0.181
CO; emissions VCO, 0.113 0.252 0.247 0.195
Respiratory entropy RQ 0.115 0.254 0.258 0.173

According to the instantaneous data acquisition and fusion results of sports training in Table 1, the
instantaneous data acquisition and analysis of sports training is carried out, and the acquisition results
are obtained as shown in Fig. 2. For the sports training data such as oxygen ventilation equivalent,
oxygen uptake VO2AT, CO2 excretion VCO2 and respiratory entropy RQ, the system in this paper can
effectively achieve instant sampling and fusion optimization.



Oxygen ventilation equivalent
— Oxygen uptake VO, 1

2.4+ CO, emissions VCO,
— Respiratory entropy RQ

Amplitude /dB

'4.8 ) 1 1 I I I I i
0 30 60 90 120 150 180 210

Time /s

Figure 2. Real-time data acquisition results of sports training

The accuracy of the collected data is tested, and the accuracy rate of the instant data collection for
sports training is one of the important indexes to measure the accuracy of data collection. The data
acquisition accuracy rate refers to the degree of agreement between the collected data and the actual
situation, usually expressed as a percentage, and the accuracy rate calculation formula is as follows:

A= {iJ x100% (29)
a;

Where, a, indicates the total amount of data collected by the system in accordance with the actual
situation, and «; indicates the total amount of experimental data.

The total amount of experimental data used during this experimental test is 20,000, and the total
amount of data collected by the three systems that are in accordance with the actual situation are
counted, and some of the data collected by the three systems are shown in Table 2.

Table 2. Partial data collection of the three systems

Number of experiments Text system Contrast system 1 Contrast system 2
30 18436 13144 11661
60 19142 12509 9188
90 18931 14927 13683
120 18593 13499 12977
150 19414 15200 13436
180 18811 16181 12534
210 19669 16872 13570

The total amount of data collected by the three systems that matched the actual situation and the
total amount of experimental data were brought into Eq. (29), and the comparison results of data
collection accuracy were obtained as shown in Fig. 3.

Analyzing the simulation results, we know that the instantaneous data acquisition accuracy of the
exercise training of the comparison system 1 and the comparison system 2 varies in the intervals of
[62.55%,84.36%)] and [45.94%,68.42%], respectively, and the acquisition accuracy curves of the two
systems are always below the system of this paper and the changes are unstable, which indicates that
the data acquisition accuracy of the two systems is low and the stability is poor. Compared with these
two systems, the instantaneous data acquisition accuracy of sports training of this paper's system
always stays above 92%, which indicates that the data acquisition accuracy of this system is higher and
the acquisition results are more accurate, and it also proves the practicability of the sports data feature
fusion method proposed in this paper.
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Figure 3. Comparative test of data acquisition accuracy

3.2. Experiment on Precision Recommendation for Sports Instruction

In this paper, the WSVDLFM algorithm is used to realize the precise recommendation of sports
instruction in college students' physical education. In order to test the effectiveness of the algorithm,
the WSVDLFM algorithm and its decomposition algorithms WSVD and SVDLFM are evaluated
experimentally respectively.

3.2.1. Performance evaluation of the WSVD algorithm
(1) Experimental setup

The dataset used in this experiment is derived from the real-time physiological index data of sports
and exercise collected by ZigBee networking sensors, and is optimized by data cleaning as well as data
feature fusion based on linear fitting.

Meanwhile, the experiment uses hit rate (HR) and normalized discounted cumulative gain (NDCG)
as the criteria for evaluation.HR indicates whether the data in the test set appears in the sorted
list NDCG indicates the position in the sorted list of the data in the test set that has appeared in the
sorted list. The higher the position of the relevant element in the sorted list, the more it contributes to

the final result. The formula for its calculation is as follows:
1) Hit Rate (HR):

HR@n = Number _of _hits @n

- Ground _Truth (30)
where  Ground Truth

(GT) denotes the correct value, i.e., the data in the test Iist.
Number _of _hits denotes the number of hits in the recommended list.

2) Normalized Discounted Cumulative Gain (NDCG):

n 2reli -1
DCG@n=7Y

' log, (i+1) G1)

NDCG @n _DbcG@n

IDCG@n (32)

Where, rel, denotes the relevance level of the motion guidance in the ind position and the query,
expressed in binary, with a value of 1 for a hit and 0 otherwise.

DCG denotes the discounted
cumulative gain per user, which reduces the contribution of the relevant motion guidance in a lower
position in the rankings. IDCG @n denotes the discounted cumulative gain of the motion guidance

that ideally ranks in the # th position. The final evaluation result of the experiment i.e. the mean value
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of NDCG for all users.

(2) Comparison of Algorithms

Two representative implicit feedback matrix decomposition recommendation algorithms are
selected for the experiments in this section: alternating least squares (ALS) [34] and randomized block
coordinate descent (RCD) [35].

1) ALS: a matrix decomposition recommendation algorithm based on implicit feedback with high
time complexity.

2) RCD: An efficient implicit feedback based matrix decomposition algorithm characterized by
being based on full data, which in this context means treating all missing data as negative samples. The
algorithm uses a linear search to determine the learning step of the feature vector.

3) Comparison of experimental results

The comparison results of HR and NDCG are shown in Fig. 4 and Fig. 5, respectively. When
WSVD, RCD and ALS all enter the steady state, their accuracy generally does not fluctuate greatly and
stabilizes in their respective intervals. And WSVD achieved the best performance with HR and NDCG
of about 0.607 and 0.162, respectively.The reason is that the WSVD algorithm makes full use of the
missing data, and constructs the user data behavioral weighting matrix by calculating the missing data
of sports training scores and combining the three feature dimensions of the user's personal attributes,
the user's sports characteristics, and the user's degree of adoption with normalized weighting. As can be
seen from the figure, the prediction accuracy of WSVD is better than that of RCD and ALS, but the
convergence speed of WSVD is smaller than that of RCD and ALS.

0627 __ /¢
— RCD
0.607 -
0.60
=4
=
0.58
0.56

0 200 400 600 800 1000
Number of iterations

Figure 4. HR comparison results

01647 _ ¢

— RCD 0.1621

0.1627

0.160 ~

NDCG

0.158 1

0.156

0 200 400 600 800 1000
Number of iterations

Figure 5. Comparison results of NDCG
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3.2.2. Impact of Top-n values on algorithm performance

The data collection and data feature fusion optimization were re-conducted to construct a new
dataset of physiological indicators of sports training to continue the experiment. The effects of different
Top-n values on the recommendation accuracy of the algorithm are shown in Fig. 6, where the value of
Top-n indicates the length of the recommendation list, and (a) and (b) indicate the effects of Top-n on
HR and NDCG, respectively. As the value of Top-n increases, the prediction accuracy of WSVD, RCD
and WSVDLFM are all improved. The HR and NDCG values of the WSVDLFM algorithm reached
0.1603 and 0.0440, respectively, when Top-n=100.This phenomenon suggests that increasing the value
of Top-n is beneficial for improving the performance of the algorithms. Meanwhile, the performance
gap between the WSVD algorithm and the RCD algorithm is gradually obvious with the increase of the
Top-n value, and this dominance indicates that the WSVD algorithm is superior to the RCD algorithm
on the real-time physiological index dataset of the sports, while the WSVDLFM algorithm consistently
outperforms the RCD algorithm and the WSVD algorithm. This phenomenon indicates that the
WSVDLFM algorithm based on the multidimensional feature normalized weighting strategy and the
hidden semantic model is a high performance algorithm.

~ EE WSVDLFM !
B RCD
BN WSVD

WSVDLEM
(a) HR
" WSVDLFM ;

Il RCD |
Il WsSvD

WSVDLFM

(b) NDCG
Figure 6. Top-n Indicates the impact of the value on recommendation accuracy

3.2.3. Performance comparison experiments of WSVDLFM algorithm

The comparison results between different algorithms under the two evaluation criteria of HR and
13



NDCG are shown in Fig. 7 and Fig. 8, respectively. Where, the horizontal coordinate represents the
number of iterations and the vertical coordinate represents the evaluation metrics.

The WSVD, SVDLFM and WSVDLFM algorithms, all show the spiking phenomenon when the
number of iterations on the dataset is small, i.e., they obtain the peak value when the number of
iterations is very small, and then start to decline. In this paper, we hypothesize that the phenomenon
may be related to certain data patterns in the dataset.

First, this paper analyzes the performance comparison between WSVD algorithm and RCD
algorithm on the dataset. As can be seen from the figure, the performance of both WSVD and RCD is
improved as the number of iterations increases. The HR values of both are similar and the gap of
NDCG with the increase of iterations is significant. This phenomenon suggests that WSVD and RCD
have a better recommendation for WSVD with similar hit rates.

Secondly, WSVD outperforms SVDLFM in the same experimental environment.However, it can be
seen from the figure that the convergence speed of SVDLFM is significantly higher than that of WSVD
and RCD.Therefore, combining the matrix decomposition recommendation with the Hidden Semantic
Model will help to improve the performance of the algorithm.

Finally, the performance of WSVDLFM is analyzed in comparison with other algorithms. As can be
seen from the figure, the WSVDLFM algorithm outperforms other algorithms in both convergence
speed and prediction accuracy. This fully demonstrates that the use of multidimensional feature
normalization weighting strategy and hidden semantic model optimization method can effectively
improve the SVD algorithm.
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Figure 7. HR comparison results
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Figure 8. Comparison results of NDCG
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4. Design of methods for controlling physical training loads for university
students

4.1. Methods of physical training load control - “‘fun interval running”

Based on the fusion of sports data features and sports guidance recommendations, this paper
designs a sports training load control method and names it “Fun Interval Running”.

Interval Running: Interval running is integrated into the game process, combining full-speed curve
running, straight-line jogging and resting.

Bend run on the way: the right arm swings forward and backward, the left arm swings close to the
body, the swing is forward and backward, the swing is forward and backward. Support leg hip, knee,
ankle full stirrup extension, and finally toes off the ground.

Rules of the game: the head of the row of two rock-paper-scissors, the winner of the first from the
inside lane (the negative from the outside lane) to run to the game area placed at the 1 sign bucket, and
then along the straight line jogging back to the starting point of the end of the queue queue. The first
group to connect the barrels in the game area in a straight line wins, and the group that loses does 5
Bobi Jumps.

Organization: The starting point and the play area are at the ends of the curves, after the starting
point (in the straight part) split into two columns. According to the class and the boys' school number
single and double numbers are divided into four groups. In the first round, the single and double
numbered groups play against each other. In the second round, the winner's group and the loser's group
play each other. Each group has 3 buckets of the same color. After the 3 buckets have been placed, the
students in the next round need to move the buckets once until they are in a straight line. Teacher
whistles to direct and words to motivate students.

4.2. Training results and analysis

The study chose undergraduate students of college A as the experimental subjects for physical
training in the form of fun interval running, the students were aged 17-20 years old, with body BMI in
the range of 18.5-24.0 and in good physical condition.

The trend of heart rate loading in fun interval running is shown in Figure 9. Where BPM denotes
heart rate and PL denotes body load. During the fun interval run, the lowest average heart rate of the
students was 91 beats/min, the overall average heart rate was 128 beats/min, and the peak of the heart
rate reached 162 beats/min. the students had a certain exercise load in general, and at the same time,
they also had time to take a rest.
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Figure 9. Heart rate load trend of fun interval running

Meanwhile, the combined distribution of internal and external loads of the students and the
rhythmic changes of heart rate velocity are shown in Figures 10 and 11, respectively. In Figure 10, the
body load PL and heart rate load indicate the students' exercise volume and body response, respectively.
The more to the right the point indicates a greater body response, and the more to the top indicates a
greater amount of exercise. To summarize, the more to the upper left corner, it is the more exercise and
less body response, which indicates that he still has a lot of potential. The more to the lower right
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corner, is the exercise volume is small but the body reaction is big, that is the physical capacity is not
enough or fatigue manifestation, need to pay extra attention.

It can be seen that the physiological load and heart rate of the students changed during the fun
interval run. The values of students' per capita exercise load and body reaction were 57.31 and 18.52
respectively. The intensity of this training period is moderate, and through high-intensity physical
training, it is conducive to the formation of muscle memory in this stage and helps students to
consolidate technical movements. Combined with the changes in students' heart rate load, it can be seen
that the training load control method designed in this paper is feasible.
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Figure 10. Comprehensive distribution of internal and external load of fun interval running
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Figure 11. Changes of heart rate, speed and rhythm during fun interval running

5. Conclusion

In this paper, we have successfully designed a training load control method for college students'
physical education teaching by empowering intelligent algorithms such as data feature fusion method
based on linear fitting and weighted matrix decomposition recommendation algorithm based on hidden
semantic model.

For the data of physiological characteristics of sports such as oxygen ventilation equivalent, oxygen
uptake VOaar, CO2 excretion VCO2, and respiratory entropy RQ, the system in this paper can
effectively realize instant sampling and fusion optimization, and the collection accuracy is always
optimal and stable compared with other systems, which is above 92%, proving the practicability of the
fusion of characteristics of sports data proposed in this paper.

The prediction accuracies of WSVD, RCD and WSVDLFM are all improved with increasing Top-n
values, while the performance gap between the three algorithms is gradually obvious. The WSVD
algorithm outperforms the RCD algorithm on the real-time physiological index dataset, and the
WSVDLFM algorithm proposed in this paper always outperforms the RCD algorithm and the WSVD
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algorithm. When Top-n=100, the HR and NDCG values of the proposed WSVDLFM algorithm reach
0.1603 and 0.0440, respectively. In addition, the WSVDLFM algorithm outperforms the other
comparative algorithms in terms of convergence speed and prediction accuracy, which verifies the
feasibility of the SVD algorithm using multi-dimensional feature normalization and weighting strategy
and the hidden semantic model.

When the designed “fun interval running” method is applied to sports training, the training intensity
is moderate, and it can maximize the training efficiency while controlling the training load of the
students within a certain range, which is conducive to the formation of muscle memory and helps
students consolidate the technical movements, and it is feasible.
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