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ABSTRACT 
Aiming at the demand for scientific training of athletes in college sports education, this paper 
integrates data mining technology to propose athlete training and optimisation methods, and 
constructs an athlete training quality monitoring system and intelligent recovery assessment system. 
The traditional Apriori algorithm is improved by using multidimensional association rules, and 
multidimensional attribute mining is carried out on the collected data of athletes' training data to 
search for frequent item sets and output strong association rules, so as to achieve the monitoring of 
training quality and adjustment of training programmes. Using the improved fuzzy decision-making 
method to filter out the optimal feature subset, and integrating the improved whale algorithm and 
random forest to achieve intelligent recovery effect evaluation. By carrying out the practice of training 
and recovery optimisation, it can be seen that the total score of physical fitness test of track and field 
athletes increased from 18.19 to 19.8 before the experiment, and the training quality was significantly 
improved. Various health indicators such as heart rate, blood lactate, serum creatine kinase, etc. gained 
significant improvement in adopting the recovery optimisation method of athletes in this paper. The 
mean values of training status, coaching factors, and personal situation satisfaction evaluation 
dimensions were 4.35, 4.425, and 4.38, respectively, and the training and recovery plan of this 
experiment was well received by the subject athletes. 

Keywords: apriori algorithm, multidimensional association rules, whale algorithm, random forest, 
athlete training 
 

1. Introduction 

The model of interaction between physical education and athletic training in higher education is a key 
topic in education and sport today. In the past, physical education and sports training were often 
regarded as two separate ϐields, each pursuing different goals and methods [1-3]. However, with the 
development of society and the evolution of educational concepts, people have gradually recognised 
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the close connection and interaction between the two. Physical education in colleges and universities 
aims to cultivate students’ physical quality and comprehensive literacy, while sports training focuses 
on improving athletes’ competitive level and skills [4-6]. In this context, the interactive mode of 
physical education and sports training in colleges and universities has given rise to a series of 
innovations and reform methods, which provide broader development opportunities for students and 
athletes, and also bring new challenges and opportunities for higher education and the sports industry 
[7-8]. 

In the ϐield of sports competition, the amount of data involved in each sport is very large, but as of 
now, the utilisation rate of these massive data is very low, and it is difϐicult to produce satisfactory 
results [9-10]. Therefore, how to improve the utilisation rate of the data and mine the potentially useful 
information such as athletes' training rules in these massive data has become the focus of research in 
the ϐield of sports and athletics. With the vigorous development of information technology, data mining 
technology, as a cross-cutting discipline involving many ϐields, has gradually become an effective way 
for people to integrate and mine the useful information and rule associations in massive data [11-13]. 
In view of this, a study is conducted on the application of data mining technology in multi-attribute 
training of athletes, in order to effectively mine the potential rules and associations in the data related 
to athletes’ training through the application of appropriate data mining technology, and ϐilter out the 
valuable information therein, so as to realise the data support for athletes’ training, and make the 
training more scientiϐic and efϐicient [14-15]. 

The interaction mode of physical education and sports training in colleges and universities is a 
complex and important ϐield, in which the curriculum and teaching methods are the core elements, 
and the innovation and coordination of these two aspects are crucial for cultivating students with all-
round development and improving the athletes' competitive level. Literature [16] examined the 
practice of VR technology in the ϐield of physical education and sports training, and concluded that the 
scientiϐic and rational use of virtual reality technology has positive signiϐicance for the improvement 
of physical education and sports training. Literature [17] explains that mass sports activities are often 
neglected in the practice of physical education, and reveals the existence of such problems as not 
paying attention to the opinions of students, and the lack of coordination between the load of sports 
and the physical quality of students in the practice of physical education and sports. Literature [18] 
reviewed the research literature related to the development of youth physical education and individual 
sports training and identiϐied the themes of this research direction, which provides a positive 
reference for practitioners and researchers in the ϐield of physical education and sports training. 
Literature [19] attempted to optimise physical education teaching based on agile management 
strategies and conducted teaching experiments to demonstrate this, conϐirming that agile 
management strategies play a positive role in physical education practice. Literature [20] critically 
analysed the performance of multivariate training programmes applied in physical education courses, 
and the study helped to further develop the practical potential of multivariate training programmes, 
and pointed out that improving athletic proϐiciency and creativity is the best direction for the 
optimisation of multivariate programmes. Literature [21] examined the technical performance of the 
small-sided game (SSG) training strategy based on the literature analysis method, and the study 
deepened the understanding of SSG training programme among the relevant stakeholders, and 
provided an important reference for football coaches in the development of training programmes. 

As the level of competitive sports continues to improve, the training quality of athletes has become 
a key competitive element. By analysing the data in the training process through data mining 
technology, the key factors to improve the quality of training can be identiϐied, so as to provide coaches 
and athletes with scientiϐic training suggestions. Literature [22] discusses the decision tree algorithm, 
which is the core logic in the Psychological Scale of Sports Performance, as a case study. The decision 
tree algorithm is used to evaluate the association of the factors examined in the athletes with gender 
and age, and points out that the decision tree can be used for predicting the future athletic data and 
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assumptions of the sports athletes. Literature [23] examined the performance of an analytical model 
based on machine learning algorithms in predicting high intensity impacts suffered by youths in youth 
football training, and the study afϐirmed the good predictive performance of the ML model. Literature 
[24] conceived a prediction framework based on lattice clustering algorithm by combining data mining 
techniques and discrete Morse theory to achieve the prediction of physical ϐitness of sports athletes 
and college physical education students. Literature [25] conceived MobilePerfMiner, a data mining 
framework for mobile processors, and uncovered assessment methods for tennis sports training as 
well as characteristics of tennis technical parameters around the characteristics of the tennis sport, 
which helps to improve the tennis players' tennis performance. Literature [26] developed a 
hierarchical machine learning prediction model, which can achieve the prediction of athletes‘ injuries 
based on sports load data, and validated it using 21 football players’ relevant data, which conϐirms the 
effectiveness of the proposed prediction model, and highlights the role of the model in early sports 
injury intervention. Literature [27] systematically reviewed the development and current status of 
intelligent sports training, focused on the logic and practice of intelligent data analysis methods in the 
ϐield of intelligent sports training, and ϐinally also looked forward to the trends and directions of the 
future development of intelligent sports training. 

Combined with data mining technology, this study proposes an optimisation method for training 
and recovery of college sports athletes, and builds up an athlete training quality monitoring system 
and an intelligent recovery assessment system respectively. The traditional Apriori association rule 
algorithm is improved, and the multidimensional attribute mining of the collected data using the 
improved association rule algorithm solves the problem of in-depth analysis of the athletes’ training 
and competition data to achieve the monitoring of the training quality and to adjust the athletes’ 
training programme on this basis. The gait features of the athletes were extracted from the digital 
human motion model using the skeletal key points captured by Kinect sensor, and the optimal feature 
subset was screened using the improved fuzzy decision-making method, and the optimal feature 
subset was inputted into the intelligent recovery assessment model incorporating the random forest 
and improved whale algorithm, so as to realise the intelligent recovery assessment of the athletes. 
Twenty track and ϐield athletes from University H of Jiangxi Province were selected as experimental 
subjects to carry out the practice of athlete training and recovery optimisation, and the performance 
tests of the athlete training quality monitoring system and the intelligent recovery assessment system 
constructed in this paper were carried out respectively, and the discussion and analysis around the 
effect of training optimisation, the effect of recovery optimisation, and the athlete's satisfaction with 
the training and recovery plan during the experimental period were carried out. 

2. Challenges in the development of athletes for physical education in higher 
education 

As a part of college education, the training effect of college athletes not only affects the quality of 
undergraduate education, but also plays an important role in the development of national competitive 
sports. Athletic training and recovery is the basic and necessary link needed to cultivate athletes in 
college sports education, and it is also the key to ensure athletes' special physical quality and special 
technical ability. With the rapid development of competitive sports, the requirements of athletes' 
training indexes are constantly improving, and colleges and universities are facing brand-new 
challenges in the training link of sports training and recovery. 
1) Lack of effective veriϐication of training quality in the training session of athletes. Most of the 
coaches in colleges and universities monitor the effect of physical training in real time by simply 
monitoring the changes in the physical indicators of the athletes after training as well as their 
experience, and there is a lack of scientiϐic basis and effective feedback data to verify the effect of 
physical training of athletes in track and ϐield. Due to the lack of scientiϐic and effective feedback 
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monitoring data to understand the training status of athletes in a timely manner, the quality of training 
has not been effectively veriϐied, making the physical training of athletes is not as effective as desired. 
2) There is a lack of scientiϐic and effective methods to assess the recovery effect of athletes in the 
recovery process. Nowadays, university sports education in the training of athletes tend to pay more 
attention to the ability to train, but ignored the fatigue and injury suffered by athletes in high-intensity 
training, unable to efϐiciently grasp the recovery of athletes, which to a certain extent affects the 
athletes' normal performance on the ϐield and the development of their future careers. 

3. Optimisation of training and recovery methods for university sports athletes 

In order to address the challenges faced by higher education physical education in the training and 
recovery aspects of athlete development in the previous chapter, this paper will target the following 
training and recovery optimisation methods. 
1) Training Optimisation Methods for Athlete Cultivation in Colleges and Universities. Using data 
mining technology, constructing athlete training quality monitoring system, realising timely and 
comprehensive collection of athletes’ training and competition data, and adjusting athletes’ training 
plan based on training data. 
2) Recovery Optimisation Method for Athlete Cultivation in Colleges and Universities. Combined with 
data mining technology, we build an intelligent recovery assessment system for athletes, combining 
Kinect sensors to capture the key points of athletes’ skeleton, and realise intelligent recovery state 
assessment on the basis of movement characteristics to formulate athletes’ recovery plan. 

Next, the above proposed optimisation method for athlete training and recovery is studied in depth. 

3.1. Athlete Training Quality Monitoring System 

3.1.1. Concept of multidimensional association rules: 
1) Deϐinition. Before deϐining multidimensional association rules, let us deϐine unidimensional 
association rules [28]. Firstly, deϐine ‘dimension’, in multidimensional database, each different 
predicate is called dimension. 

A unidimensional rule is deϐined as follows. 
An association rule that contains multiple occurrences of a single predicate (i.e., the predicate 

appears multiple times in the rule), i.e., a relationship between values of the same attribute. It is given 
in equation (1) below: 

 "( )," ," ") (plays X pingpang plays X badminton  (1) 

Multidimensional rules are deϐined as follows. 
An association rule that contains two or more predicates, i.e., relationships between values of 

different attributes. It is given in equation (2) below: 

 ( , 20...2 " )" "9 ) ( , ) ( , mi" " "nage X sex X male plays X bad ton   (2) 

2) Classiϐication. Interdimensional association rule. In the above equation (2) three predicates, “age”, 
“gender” and “choice of sport” are included and each predicate appears only once in the rule. This is 
called having non-repeating predicates. An association-rule with non-repeating predicates is called an 
inter-dimensional association rule. 
3) Mixed dimensional association rules. Example: 

 ( , 20 29 ) ( , ) ( , m )" " " " in" "age X plays X pingpang plays X bad ton   (3) 

As in equation (3) above, predicates such as “choose movement” appear twice in the rule, and this 
kind of association rule containing multiple occurrences of certain predicates is called a mixed-
dimensional association rule. 
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3.1.2. Description of the Apriori Improvement Algorithm. The improved algorithm in this paper is 
used to mine multidimensional association rules using quantitative attribute discretisation. The 
improved algorithm is described in detail below. 
1) Pre-organisation of data. The ϐirst step in data mining is to process the data. Multi-dimensional 
association rules mining before the need to analyze the attributes of the data table for processing, the 
processing method is in accordance with the requirements of the “quantitative attribute discretization”, 
according to the actual signiϐicance of each value of the attribute hierarchical division, and with 0, 1, 
2 ... and so on. It is important to note that there are no duplicate values between each level of the 
attribute. 

The following is an example of badminton, where the scoring of the last beat is divided into points 
lost and points scored, which are represented by 0 and 1, respectively. The factors of scoring and losing 
points are divided into active scoring, active error, pressure error and non-pressure error, which are 
expressed by 0, 1, 2 and 3 respectively. The course of the ball's ϐlight when struck is classiϐied as 
straight, middle, opposite, or diagonal, and is denoted by 0, 1, 2, and 3, respectively, and so on. Along 
these lines, the domain of each property to be analysed is discretised into mutually exclusive levels. 

Here two variables are deϐined, ShuNum, CengNum. ShuNum denotes the number of target 
attributes to be mined by the association rule, i.e., the number of multiple attributes to be analysed 
that are selected in the data table. cengNum denotes the number of values contained in the attribute 
with the highest value distribution among all the attributes, i.e., the maximum number of hierarchies. 
It should be emphasised here that the values of ShuNum and CengNum are not arbitrarily large, and 
considering the feasibility of the algorithm, less than 10 is suitable for implementation. 
2) Scanning the database. One of the advantages of the improved multidimensional association rule 
algorithm is that during the implementation of the algorithm, the database is scanned only once, i.e., 
only one database read operation is carried out, which has a great advantage in terms of workload 
compared with other algorithms that scan the database several times, especially when the database is 
large enough to be millions of millions of times, the improved algorithm improves the algorithm's 
efϐiciency in a very considerable way. 

The algorithm scans the database with a one-dimensional array Num[Range] to record speciϐic 
hierarchical information, each attribute of each record to be stored, with the advancement of the 
scanning, in the encounter of the same hierarchical information is constantly added up, and ϐinally 
obtained all the records of each attribute of each level of the corresponding count sum. 

The initial value of Num[Range] is set to 0. After one scanning of the database, the number of records 
TotalNum and the one-dimensional array Num[Range] can be obtained, where the values in 
Num[Range] are the counts of different records with the same attributes and levels. 
3) Finding frequent itemsets. With a one-dimensional array Num[Range] to store the various target 
elements and hierarchical information in the data table, the next step is to start looking for all the 
frequent itemsets. 

Frequent 1-item set 1L . We assign ourselves the minimum support Sup, plus the number of records 
TotalNum output in the previous step, and use formula (4) to get SupNum, which represents the 
minimum number of Nums for the frequent item set: 

   SupNum TotalNum Sup   (4) 

The ϐinal job of this step is to compare the size of the value of Num1[S, C] and the value of SupNum 
in turn, if Numl[S, C] < SupNum, no operation. If Num1[S, C] > SupNum, the corresponding S and C are 
the constituents of the frequent 1-item set, output 1L . 

Frequent n item sets  nL . The process of ϐinding frequent 2-item sets 2L  is to scan Num[Range] 
starting from 0 to Max{Range} (which is similar to ϐinding frequent 1-item sets), and if the value of 
Num[Range] 0  , one needs to look at C2 from the beginning, and if there is a record in C2 that 
matches the number on each bit of Range, which is set to be I, then add Num[Range] on top of the 
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counts in I Num[Range] is added. After checking Num[Range], the temporary data table C2 is to be 
ϐinally cleaned up by deleting the rows with Num<SupNum, and the corresponding attributes and 
hierarchies in the remaining C2 are the constituents of the frequent 2-item set, output 2L . 
4) Output the strong association rule. The above steps get the frequent item set 1 2 3, , nL L L L , and 
the following is to get the strong association rules from these frequent item sets. The minimum 
conϐidence level is set artiϐicially and denoted by Con. To analyse the association rules between n  
attributes, 1 attribute is taken as the posterior term and the remaining  1n   attributes are taken as 
the anterior terms respectively, using the following equation (5): 

 
Number of attribute level combinations

Number of parent attribute levels and

-1 

 

n
Con

n
  (5) 

Among the obtained rules, the rules with conϐidence ≥ minimum conϐidence are outputted as the 
required strong association rules. 

3.1.3. Algorithm evaluation. The improved algorithm performs only one read operation to the 
database and there are no duplicate values between the different levels of the same attribute for each 
record, thus producing fewer higher-order candidate sets than the Apriori algorithm [29]. 

The following is an example of generating a candidate 2-item set to calculate the difference between 
the two algorithms. 

Let the number of frequent 1-item sets generated be n and the number of candidate 2-item sets 
obtained by concatenation be 1A . In the Apriori algorithm, 1A  is computed by equation (6): 

 2
1

( -1)

2n

n n
A C   (6) 

Let the number of attributes involved in the frequent 1-item set be 1n . For comparative simplicity, 
let the number of hierarchical levels of each attribute be similar, with a mean of 2n . The number of 
candidate 2-item sets produced by the connection is 2A . In the improved algorithm, 2A  is obtained 
by calculating through Eq. (7), Eq. (8): 

 1 2n n n   (7) 

 
1 2 2

2 1 1 2
2

( - )

2n n n

n n n
A C C C     (8) 

Then the difference A  between the number of candidate 2-item sets produced by the Apriori 
algorithm and the improved algorithm is obtained by equation (9): 

 2
1 2

( -1)

2

n n
A A A     (9) 

It follows that 0n  , the number of attribute hierarchies in the improved algorithm must be at least 
2, i.e., 2 1n  , and hence 0A  , indicating that the candidate itemsets produced by the improved 
algorithm must be smaller than those produced by the traditional Apriori algorithm. The number of 
candidate 2-item sets in the improved algorithm is inversely related to the number of attribute 
hierarchies in the target database, i.e., as the number of hierarchies goes up, the number of 2-item sets 
goes down, and accordingly the overhead of the algorithm at the system level decreases accordingly. 

3.1.4. System design. Combined with the improvement of Apriori algorithm based on 
multidimensional association rules proposed above, this section will design the athlete training 
quality monitoring system and propose the corresponding decision-making function regarding. 
1) Data fusion processing. The data feature identiϐication function of the sports training evaluation 
decision support system is: 
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  (10) 

Assuming that the starting code element for each of the above attributes is 0 /2 0NC C   , 
* , 0,1, 2, , / 2 1N n nC C n N     , the model relationship between the sports training evaluation 

decision data and the cluster centre distribution is: 
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 (11) 

Combining the association criteria of sports training patterns, the feature identiϐication of sports 
decision support system is performed based on the unused types of the obtained data. In this case, the 
category of association criterion attributes in the system is: 

 { / | ( , ) }R X U E U R c E X     (12) 

 { / | ( , ) 1 }R X U E U R c E X      (13) 

For different data block types im  and jm , the iterative process of sports training decision making 
is obtained by using fuzzy mean method in the data types in conjunction with the association criterion 
of sports training pattern as: 
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

  (14) 

Where ( )ip   is the set of association rule vectors for the sports training decision-making system, 
and the fusion of the information of the decision support system for the sports training model is 
realised according to the above computational equation. 

In the use of data mining technology applied to the sports training mode decision-making system 
design discussion process, it is necessary to construct an association rule to tabulate the information 
of the data [30]. In the paper, adaptive weighting algorithm is used to construct the sports training 
pattern association criterion enlistment, and the ϐinal key rule mining weighting coefϐicient is obtained: 

 0 0( ) ( )1sij sij sij
sij

J
n n  




  
  (15) 

A similarity analysis of the data associated in the decision support system for sports training models 
yields its adaptive learning process as: 

 1 2
i i i
desira

i init
i

Density AP

Density AP
    

  (16) 

The associated data stored in the system is rearranged in the form of quintuples to obtain the 
probability density function for data mining as: 

 
1

2 2
1

)1
1

(k N k i S
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i S
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
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
 



  
  (17) 
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Where 2,s DP  is the association dimension of the data, and the probability that the data can be 
effectively detected, respectively. The degree of dissimilarity between data clusters in the decision 
support system for sports training model is: 

 
( ) ( )

( , ) 1
( ) ( )

SameDis A SameDis B
DisSim A B

Dis A Dis B


 


 (18) 

where ( ), ( )Dis A Dis B  is the sample distribution density and sample semantic set of the database, 
respectively. 
2) Speciϐic design. In the paper, the improved Apriori algorithm frequent association rules as shown 
in Fig. 1 was chosen to carry out the design of the human-computer interaction system. Algorithm 
compilation is used to integrate the data mining technology with the program of the system to carry 
out the design of the sports training mode decision support system. The main functional modules of 
the system are communication module, programme module, database module and data output module. 
The Conti-ki bus technology is used to transmit and coordinate the data types of the sports training 
mode decision support system, and at the same time, the integrated digging system can be realised by 
combining the VIX integrated control technology. The data sensing of the decision support system is 
constructed according to the 6LoWPAN protocol stack. The design of the wireless sensing network 
system adopts Atmel1284P as the main chip to dig the overall IoT address allocation and mobilisation 
of the sports training mode decision-making system. When the task bar address is determined, the 
human-computer interaction of the system is realised through the TaskBasic interface program. 

Start

Input frequent item set L, initializes 
frequent association rule set ARC to NULL

 
Is the frequent 

item set L empty?

Frequent item set L is scanned 
to obtain frequent k-item set k1

 Is frequent k- item 
set k1 empty?

Return ARC

End

Non-empty proper subset of the 
frequent K-set k1 msup_count(k1)/

sup_count (m) ≥min_confidence

m≥ (k1-m) Association 
rules are added to ARC

m' belongs to a non-null 
proper subset of k1, and 
m'≥ (K1-m ') association 
rules are added to ARC

k=k+1

Yes

Yes

No

No

 

Fig. 1. Frequent correlation rule process 

3.2. Athlete Intelligent Recovery Assessment System 

3.2.1. Intelligent recovery assessment programme design: 
1) Movement node data collection. The designed administration process of this paper is a trial in which 
each subject is required to complete a prescribed paradigm movement. A single straight line walk of 
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10m, walking 5 times in one trial, and repeating 5 trials, the skeletal keypoints captured by the Kinect 
sensor are used. During the trial, the 3D coordinate positions of the subjects' skeletal nodes are 
captured and stored in real time. 
2) Deriving gait characteristics from digital human motion models. In this paper, the time for one lower 
limb of the subject to complete the gait cycle from the time the foot hits the ground to the time it hits 
the ground again is taken as a gait cycle to extract the test data. A complete gait cycle is divided into 
100 intervals, according to which the skeletal keypoint detection data signal is resampled 100 times. 
The ground reaction force data was downsampled based on the low-frequency skeletal critical point 
detection data, and then the ground reaction force data was resampled 100 times over a complete gait 
cycle using nearest neighbour interpolation. The amplitude of the ground reaction force data was also 
normalised by body weight. 

3.2.2. Filtering the optimal subset of features. In this paper, after extracting the features of the gait 
pattern, a fuzzy binary comparison decision-making method based on information gain is used to rank 
the importance of the inϐluence factors of the gait pattern.Firstly, the binary comparison between two 
and two features is achieved by calculating the information gain of all the features so as to establish 
the binary comparison level. Then, using the fuzzy relative comparison function, a fuzzy phase sum 
matrix is established, and all features are ranked by determining the   intercept matrix. Finally, the 
SFS strategy is used to add the features with the highest importance to the feature subset one by one 
and train the classiϐication model so as to derive the optimal feature subset. 
1) Calculate the binary comparison level between features. Getting the binary comparison level 
between features is the key to fuzzy relative comparison decision-making, usually the binary 
comparison of features in the fuzzy decision-making method adopts the expert scoring method, in 
view of the reliability of the qualitative analysis method is not high, this paper uses the reduction of 
information gain (RED) to achieve the binary comparison between the two features. the higher the 
RED value, that is, the greater the impact of this feature on the prediction of the sample results, which 
indicates that the degree of its importance is The higher the RED value, the greater the impact of the 
feature on the prediction results of the sample, and thus the higher its importance. 

There is an input feature n  , and after permutation, all features are divided into two-two 

combinations of feature subset {( ) | , , }b jx x i j n i j  , i.e., there are 21

2 nC  feature subsets. In order to 

evaluate the relative importance of feature ix  and feature jx , the procedure is as follows. 
Step 1, compute ix  the information gain ,( )i Dg x  and jx  the information gain ( , )jg x D  on the 

sample data {( , )}i jD x x  containing only two features. 
Step 2, add random noise to ix  in the data set, with the sample values of jx  unchanged, and use 

the perturbed sample data to obtain a new data set {( , )}i jD x x . Recalculate the information gain 
( , )ig x D  of ix . 
Step 3, repeat step 2 N  times to obtain the xiRED  of feature xi  by taking the difference mean 

of ( , )g xi D  and ( , )ig x D . The importance of feature xi  is calculated as: 

 
1

( ( , ) ( , ))
i

n

x
i

RED g xi D g xi D
N

   (19) 

Step 4, add noise randomly to jx  in the dataset and leave the sample values of ix  unchanged to 
obtain a new dataset ( , , )D x x y  using the perturbed sample data. Recalculate the information gain 

( )jDg x  for ix . Repeat the process N times and then use Eq: 

 
1

( ( , ) ( , ))
jx

RED g xj D g xj D
N

   (20) 

Solve for xjRED  . The binary comparison level between feature ix   and feature jx   is then 
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obtained ( , )xi xjRED RED . 
Step 5, repeat steps 1-4 to get the binary comparison level between all features. 

2) Obtain the optimal subset. The SFS strategy is used to add features of high importance one by one 
to the feature subset and train the classiϐication model. When the recognition accuracy is maximum, 
the corresponding number k of input variables is the dimension of the optimal feature subset. Thus, 
the top k variables with maximum importance can be selected as the optimal input feature set for the 
model. 

In this paper, support vector machine, random forest, and neural network are used to construct the 
training model [31]. Let the training sample set ( , ), 1, 2, , ; U

j j jx y j n x R    be the input variables. 
jy R   is the output variable, SVM maps the input space to the high-dimensional feature space 

through the nonlinear function ( )  , and constructs the linear regression function in this space: 
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 (21) 

where i   and j   are the Lagrange multipliers and ( ),i jx x   is the kernel function that satisϐies 
Mercer's condition, in this study the radial basis kernel function is used, i.e.: 

 
2 2( , ) exp( || ||) / 2 , 0RBF i j i jx x x x       (22) 

The random forest algorithm is a combinatorial model consisting of a set of categorical decision 

subtrees { ( , ), , 2,..., }th x t l T   . Where t   is a random variable obeying an independent 

homogeneous distribution, x   denotes the independent variable, and T   denotes the number of 
decision trees. The idea of integrated learning is used to take the mean value of each decision subtree 
{ ( , )}th x   as the prediction result: 

 
1

1
( ) { ( , )}

T

t
t

h x h x
T




   (23) 

where ( , )th x   is the output based on x  and  . 

3.2.3. Intelligent recovery assessment. Random forest algorithm has the advantages of not easy to 
overϐitting, fast training speed, and suitable for dealing with high-dimensional data, because the 
random forest algorithm itself can not optimise its parameters, this paper introduces and improves 
the whale algorithm to achieve the automatic optimisation of random forest model parameters. 

Firstly, a chaotic transformation is used to initialise the solution position, compared with random 
initialisation, the solution distribution generated by the chaotic transformation is more uniform and 
stable, more diverse, which is conducive to the global convergence of the algorithm and can effectively 
avoid falling into the local optimum. Then the random walk strategy is introduced to obtain the 
improved whale algorithm. The random walk strategy can effectively prevent the algorithm from 
falling into the local optimum too early and increase the exploration ability of the algorithm. The 
mathematical expression is shown below: 
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 (1 )( )RW l l    (25) 
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where l  denotes the step size, (.)  denotes the gamma function, and 1.5  . 

4. Optimising practices for athlete training and recovery 

In order to verify the validity and applicability of the training and recovery methods for athletes 
proposed in this paper, this paper will adopt the method of before and after experiment comparison, 
and 20 track and ϐield athletes from University H of Jiangxi Province will be selected as the 
experimental subjects. Before the experiment, the 20 track and ϐield athletes will be tested for 
physiological and biochemical indexes. The study will last for 12 weeks, totalling 3 months, and the 
experimental location is the stadium on the campus of University H. 

During the experiment, the athlete training quality monitoring system and intelligent recovery 
assessment system constructed in this paper will be used as a sports teaching tool, and the training 
and recovery optimisation method proposed in this paper will be combined to formulate the athlete 
training and recovery planning scheme. 

4.1. Testing of Optimisation Methods for Athlete Training and Recovery 

Before formally carrying out the practice of athlete training and recovery optimisation, the training 
and optimisation methods of university athlete training, i.e., the athlete training quality monitoring 
system and the intelligent recovery assessment system proposed in this paper, will be functionally 
tested. The data used for the test are the relevant sports data of 20 track and ϐield athletes in University 
H. 

4.1.1. Testing of systems for monitoring the quality of athlete training. It is known that when 
constructing the athlete training quality monitoring system, this paper adopts the multidimensional 
association rules to improve the Apriori algorithm, and this section will take the traditional Apriori 
algorithm as a comparison to explore the changes in the execution time of the athlete training quality 
monitoring system constructed in this paper with the increase of the minimum support degree and 
the minimum conϐidence degree, as shown in Figure 2. As can be seen from the ϐigure, combined with 
the improved Apriori algorithm based on multidimensional association rules, the system in this paper 
has a smaller reaction time in the case of minimum support. When the minimum support is 1, the 
execution time of this paper's system is 2.48s, while the traditional Apriori algorithm is 9s, and the 
difference reaches the maximum of 6.52s, and with the growth of the minimum support, the difference 
between the two is also shrinking. Similarly, when the minimum conϐidence is small, the system of this 
paper combined with the improved Apriori algorithm performs better in terms of execution time. 
When the minimum conϐidence is the smallest 20, the execution time of this paper's system is 1.31 s, 
which is higher than that of traditional Apriori algorithm 0.05 s. When the minimum conϐidence grows, 
the gap of execution time is also shrinking, but the execution time of this paper's system is always 
lower than that of traditional Apriori algorithm. Overall, the athlete training quality monitoring system 
constructed in this paper has good execution efϐiciency. 
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(a)The execution time of the minimum support 

 
(b)Execution time under minimum confidence 

Fig. 2. The change in execution time 

4.1.2. Intelligent recovery assessment system testing. In the intelligent recovery assessment system 
for athletes constructed in this paper, Kinect sensors are used to capture the key points of the athlete's 
skeleton and derive the gait characteristics of the athlete from the digital human model. In this section, 
the athlete's joint data obtained from the system of this paper will be compared with the athlete's real 
joint data to verify its accuracy. The absolute and relative errors between the athletes' joint data 
obtained by applying the system of this paper and the real joint data of track and ϐield athletes are 
shown in Figure 3. As can be seen from the ϐigure, the absolute error between the joint data of track 
and ϐield athletes obtained by the system of this paper and the real data is less than 10px, and the 
average value of the absolute error is 4.87px. The relative error between the two sets of data is only 
5.01% at the highest, and the average value of the relative error is 3.67%. Obviously, the intelligent 
recovery assessment system for athletes constructed in this paper has high accuracy, and the 
extraction results of its athletes' joint data are close to the real data. 
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Fig. 3. Data contrast 

4.2. Analysis of Results of Optimised Athlete Training and Recovery Practices 

4.2.1. Analysis of the effects of training optimization. At the end of the 12-week training and recovery 
optimisation experiment, a ϐitness test was carried out on 20 track and ϐield athletes to understand 
the athletes' physical ϐitness and test the results of this training experiment. The physical ϐitness test 
consisted of 7 items, including over-the-top squat, hurdle step, linear lunge squat, shoulder joint 
ϐlexibility, active straight knee raise, stability push-up, and trunk rotation test, which were referred to 
by S1~S7 in order. The comparison of the physical ϐitness test scores of track and ϐield athletes before 
and after the training experiment is speciϐically shown in Figure 4, where A and B refer to before and 
after the experiment, respectively. As can be seen from the ϐigure, except for the shoulder joint 
ϐlexibility index, 20 track and ϐield athletes of University H showed signiϐicant differences in the P<0.05 
of the six indexes of over-the-top deep squat, hurdle step, linear lunge squat, active straight knee raise, 
stability push-ups, and trunk rotation test before and after the experiment, and the value-added of the 
scores before and after the training experiments were 0.12, 0.23, 0.13, 0.16, and 0.25, respectively, 0.67. 
The total score of ϐitness test of track and ϐield athletes increased from 18.19 to 19.8 before the 
experiment, and the optimisation method of athletes’ training proposed in this paper contributes to 
the improvement of athletes’ training quality. 
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Fig. 4. Physical testing data 

4.2.2. Recovery Optimisation Effectiveness Analysis. In this athlete recovery optimisation 
experiment, four body health data, heart rate, blood lactate, serum creatine kinase, and haemoglobin, 
will be recorded uniformly for 20 track and ϐield athletes in a calm state before training. The same 
body data measurements will be taken from the track and ϐield athletes when they are in a fatigued 
state at the end of training and when they are in a recovered state after exercise recovery using the 
athlete recovery optimisation method proposed in this paper. The health indicator data of track and 
ϐield athletes at different time stages are speciϐically shown in Figure 5. 

Heart rate is one of the common indicators reϐlecting the cardiac load during muscle activity. From 
the statistics in the ϐigure, it can be found that the heart rate of track and ϐield athletes is the highest 
when they are in a fatigue state after performing sports training, up to 178 beats. After using the 
optimisation method of athlete recovery in this paper, the heart rate of track and ϐield athletes 
decreased to 71 times, which basically restored to the level of heart rate in the calm state before 
training. 

The value of blood acid accumulation is one of the main indicators for evaluating physical fatigue. A 
two-by-two comparison of the blood acid accumulation values of the athletes at the three time stages 
showed that the blood lactate values in the fatigue state after exercise training (5.87 mmol/L) and after 
recovery from exercise (2.14 mmol/L) were increased compared with those in the calm state before 
training (1.98 mmol/L), but the blood lactate values after recovery from exercise had a signiϐicant 
decreased and were only slightly higher than blood lactate values in the untrained calm state. 

Creatine kinase is one of the most important indicators of fatigue recovery from exercise training 
and muscle strain. As can be seen from the graph, serum creatine kinase was highest in the fatigued 
state of athletes after sports training, reaching 253.7 U/L, and lowest after using the method of 
recovery optimisation of athletes in this article, with serum creatine kinase decreasing to 154.8 U/L, 
even lower than the serum creatine kinase level in the calm state before training (180.6 U/L). 

The role of haemoglobin in the body is to carry and transport oxygen, and it is an important indicator 
of aerobic metabolism in athletes. From the data, it can be seen that after using the optimisation 
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method of athlete recovery in this paper, the haemoglobin content of track and ϐield athletes was 
signiϐicantly improved to 147.5 U/L, which is higher than the haemoglobin content of track and ϐield 
athletes in the state of calmness in order to carry out the training (139 U/L) and in the state of fatigue 
after sports training (142.9 U/L). 

The analysis of the above health index data shows that the proposed recovery optimisation method 
can effectively alleviate the fatigue state of athletes after training, and the constructed intelligent 
recovery assessment system for athletes can effectively assess the recovery state of athletes and 
formulate an effective recovery plan accordingly. 

 
(a)Heart rate and Serum acic kinase 

 
(b)Blood lactate and Hemoglobin 
Fig. 5. Data on health indicators 
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4.2.3. Analysis of satisfaction with training and recovery programmes. In this section, data on the 
satisfaction of 20 track and ϐield athletes at the University of H with this training and recovery planning 
programme will be collected at the end of the training and recovery experiment. Each satisfaction 
dimension and the speciϐic development of satisfaction indicators under the dimension are shown in 
Table 1. 

Table 1. The satisfaction of training and recovery plan 

Dimension Index 

Training condition dimension 

Method adjustment 

Fatigue recovery 

State adjustment 

Coach factor dimension 
Training feedback 

Training guidance 

Personal dimension 
Training completion 

Pay and return 

The satisfaction index scores under each satisfaction learning are speciϐically shown in Figure 6, 
where the mean value is the average value of each dimension, and the maximum and minimum values 
are the highest and lowest satisfaction scores among the 20 track and ϐield athletes' scores. The mean 
values of training status, coaching factors and personal situation dimensions were 4.35, 4.425 and 4.38 
respectively, and under the training status dimension, the ranking of each satisfaction indicator 
according to the level of scores was Method Adjustment (4.51) > Condition Adjustment (4.37) > 
Fatigue Recovery (4.16), of which the mean value of Fatigue Recovery indicator was lower than the 
overall average of dimensions (4.35), reϐlecting the fact that the internal satisfaction of track and ϐield 
athletes was lower than the overall average of dimensions (4.35). ), reϐlecting the large ϐluctuations in 
score differences within track and ϐield athletes. Satisfaction indicators with scores lower than the 
dimension mean also included the training feedback indicator in the coaching factors dimension 
(4.25<4.425) and training completion in the personal situation dimension (4.35<4.38). Athletes' 
opinions on improvement can be collected to further optimise the training methods. Overall, the mean 
value of each satisfaction indicator was greater than 4. The track and ϐield athletes who participated 
in this training and recovery optimisation experiment were more satisϐied with the training and 
recovery optimisation methods during the experiment as a whole. 
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Fig. 6. Data of satisfaction of training and recovery plan 

5. Conclusion 

Based on data mining technology, this paper proposes a training and recovery optimisation method 
for college sports athletes, and builds up an athlete training quality monitoring system and an 
intelligent recovery assessment system. Twenty track and ϐield athletes from University H in Jiangxi 
Province were selected as experimental objects to verify the effectiveness and applicability of the 
training and recovery optimisation method of this paper. 

Using the data of 20 track and ϐield athletes from University H as test data, the performance test of 
the athlete training quality monitoring system and intelligent recovery assessment system constructed 
in this paper was carried out. When the minimum support and minimum conϐidence are 1 and 20, the 
difference between the training quality monitoring system of this paper and the traditional Apriori 
algorithm is 6.52 s and 1.31 s. With the increase of the minimum support and minimum conϐidence, 
the execution time of the training quality monitoring system of this paper is always lower than that of 
the traditional Apriori algorithm. The average value of relative error between the athlete's joint data 
and the real joint data obtained from the intelligent recovery evaluation system constructed in this 
paper is 3.67%, and the average value of absolute error is 4.87px. 

Through the practice of training and recovery optimisation, the pre- and post-experiment data of 
six indexes of over-the-top squat, hurdle step, linear lunge squat, active straight knee raise, stability 
push-up, and trunk rotation test of the track and ϐield athletes in the physical ϐitness test showed 
signiϐicant differences (P<0.05), and the total score of the physical ϐitness test was improved from 
18.19 to 19.8 before the experiment.In terms of the physical ϐitness data, after adopting the athlete 
recovery optimisation method, the athlete's heart rate decreased to 71 beats, the blood lactate value 
was 2.14 mmol/L, the serum creatine kinase decreased to 154.8 U/L, and the haemoglobin level was 
elevated to 147.5 U/L, effectively alleviating the athlete's fatigue state after training. For the training 
and recovery programmes developed in practice, the mean values of the dimensions of training status, 
coaching factors, and personal situation of the track and ϐield athletes were 4.35, 4.425, and 4.38, 
respectively, which were all greater than 4, and the overall attitude was satisfactory. 
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