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ABSTRACT 
In this paper, a K⁃Means clustering algorithm based on improved differential evolution (AGDE⁃KM) is 
proposed to design the adaptive operation operator, design the multi-variation strategy and introduce 
the weight coefficients in the variation stage to regulate the searching ability of the algorithm and 
accelerate its convergence speed. The Gaussian perturbation crossover operation based on the best 
individual of the current population is introduced, and the optimal solution output from the improved 
differential evolution algorithm is used as the clustering center to realize the cluster analysis of 
students' sports performance data. Afterwards, the hierarchical recognition algorithm and support 
vector machine are used to recognize students' sports patterns, and the wavelet transform algorithm 
is used to extract and select the students' sports feature quantities, so as to improve the accuracy of 
students' sports pattern recognition in sports teaching. In the process of physical education teaching, 
AGDE ⁃ KM algorithm is more pertinent to the clustering effect of students' sports performance, and 
its explanatory degrees of Calinski-harabasz metrics, profile coefficients, and Dunn metrics are 
860.0276, 0.3928, and 0.0486, which are 19.0382, 0.0435, and 0.0099. In addition, the AGDE⁃KM 
algorithm achieves 95.7625%, 99.75%, and 99.85% of the mean value of step recognition accuracy for 
different testers in the 50m, 800m, and 1000m events, respectively, which is a good recognition effect. 

Keywords: AGDE⁃KM, Adaptive manipulation operator, Multivariate strategy, Hierarchical recognition 
algorithm, Sports 
 

1. Introduction 

Physical education is an indispensable part of school education, and the evaluation of students' 
physical education performance is a crucial part of physical education teaching. Correct and effective 
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evaluation of students' physical education performance can help to stimulate students' interest in 
learning and improve their physical education level [1-3]. 

When evaluating students' sports performance, diversiϐied evaluation methods can be adopted to 
fully understand the actual situation of students. In sports competitions or examinations, students' 
athletic level can be evaluated by recording their results and observing their athletic performance [4-

7]. Meanwhile, students' sports performance can also be evaluated comprehensively through face-to-
face communication with them to understand their sports interests, participation and attitudes [8-9]. 
In addition, objective and fair evaluation criteria should be developed when evaluating students' 
sports performance. The evaluation criteria should be clear and clearly inform students of what they 
are being evaluated on. The evaluation criteria should also be fair and consistent, treating all students 
equally [10-13]. In addition, when evaluating students' physical education performance, 
encouragement and motivation should be emphasized to stimulate students' interest and motivation. 
By praising students' progress and excellent performance, they are motivated to persevere and 
improve themselves in physical education, not only focusing on students' performance, but also 
focusing on cultivating students' interest in physical education and health consciousness, so that every 
student can enjoy the fun of physical education [14-17]. Through the combination of multiple 
evaluation methods can effectively evaluate students' sports performance and promote students' 
overall development and progress [18]. 

In this study, adaptive operation operator is designed to improve the global search ability in the 
early stage and the convergence speed in the late stage of differential evolution algorithm. After that, 
a multi-variation strategy is designed and weight coefϐicients are introduced to play the advantages of 
different variation strategies in different evolutionary stages of the algorithm, to balance the global 
and local search ability of the algorithm and to accelerate the convergence speed of the algorithm. On 
this basis, a Gaussian perturbation crossover operation is proposed based on the best individual of the 
current population, which provides students with better clustering direction while maintaining the 
diversity of the population in the “dimension” to avoid the algorithm falling into the local optimum. 
The optimal solution output when the algorithm stops execution is used as the initial clustering center 
instead of the randomly selected clustering center of traditional K⁃Means. After that, the hierarchical 
recognition algorithm and support vector machine are used to recognize the students' movement 
patterns. Finally, the relevant feature quantities in the time and frequency domains of the motion are 
extracted by wavelet transform technique to provide a basis for the selection of motion features. 

2. Clustering and pattern recognition methods for student athletic 
performance 

2.1. K⁃Means clustering algorithm based on improved differential evolution 

2.1.1. Improved differential evolutionary algorithm 

1) Adaptive operation operator. The mutation and crossover operations in the differential evolution 
algorithm [19] are the center of the whole algorithm, and the mutation factor F  and the crossover 
factor 

RC   have an extremely important inϐluence on the algorithm. In the traditional differential 
evolution algorithm, the mutation factor F  and crossover factor 

RC  are ϐixed values, which leads to 
the limitation of the algorithm's optimization ability and convergence performance, and is not 
conducive to the improvement of the algorithm's optimization performance. In the early stage of 
algorithm evolution, the diversity of population individuals should be maintained to improve the 
global optimization ability of the algorithm, while in the middle and late stages of the algorithm, the 
local search ability of the algorithm should be strengthened to improve the convergence speed of the 
algorithm. 
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In order to adapt F  and 
RC  to the algorithm's optimization needs at different stages of evolution, 

this paper uses the adaptive operation operator to improve the algorithm, and adaptively balance the 
algorithm's global search ability and local search ability as the algorithm evolves. The adaptive strategy 
of the operation operator is as follows: 

 2
max max min max( )( / )F F F F G G    (1) 

 2
max max min max( )( / )R R R RC C C C G G    (2) 

where: 
minF   represents the lower limit of F  , 

min 0.3F   ; 
maxF   represents the upper limit of F  , 

max 0.9F  ; 
minRC  represents the lower limit of 

RC , 0.3RmimC  ; 
maxRC  represents the upper limit of 

RC , 
max 0.9RC  ; G  represents the number of iterations of the current algorithm; 

maxG  represents 
the maximum number of iterations speciϐied by the algorithm. 

Implementing adaptive adjustment of F  and 
RC  according to the above equation ensures that 

the variation factor F   and crossover factor 
RC   decrease linearly as the number of algorithm 

evolution increases. 

2) Multivariate strategy with introduction of weighting factors. In order to improve the optimization 
seeking ability of the differential evolution algorithm, the diversity of the population should be 
maintained at the initial stage of the algorithm's evolution in order to improve the global optimization 
seeking ability of the algorithm. According to the characteristics of different mutation strategies, the 
DE/rand/l mutation strategy and the DE/current-to-best/2 mutation strategy were combined, and an 
improved differential evolution algorithm based on the multi-mutation strategy [20] (AGDE⁃KM) was 
proposed, and the weight coefϐicient w   was introduced to adaptively adjust the proportion of 
different mutation strategies with the evolution times of the algorithm, so as to give full play to the 
advantages of different mutation strategies in different evolution stages of the algorithm. Here's what: 

 min max min max( )( / )W W W W G G    (3) 

 
min max min max , 1 , , ,

, bad, ,

( )( / ) (1 )[ ( ) ]

[ ( ) ( ) ( )]
i i i

s s s s

i G r G r G r G

i G G i G r G r G r G r G

W W W W G G V W X F X X

W X F X X F X X F X X

      

      
 (4) 

where: W  is the weight factor, 
mim 0W  , 

max 1W  ; G  is the current number of iterations; 
maxG  is 

the maximum number of iterations set by the algorithm; , 1i aV   represents the mutated individuals in 

the 1G  th generation; 
bentGX  represents the individual with the best ϐitness value in the current 

population; 
1 2 3 4 5 6 7, , , , , ,r r r r r r r  represents the 7 random numbers not equal to i  and unequal to each 

other taken from [1, NP]. 

3) Gaussian perturbation crossover operation: Differential evolutionary algorithms develop and 
explore new solution spaces through variation and crossover operations [21], which are performed on 
individual “dimensions”, although the variation and crossover factors can be adaptively adjusted. 

The new value on each dimension maintains the diversity of the population in the “dimension” as 
follows: 

(1) For the clustering problem, for one of its dimensions n , take the random number rand(0, 1), 

and if (0,1) Rrand C  , then , ,
n n
i c i cU V  , and then end the crossover operation for that dimension; 

conversely, go to step 2). 

(2) Again take the random number rand(0, 1), if rand(0, 1) < 0. 7, then ,
n n
i G lostGU X  if rand(0, 1) > 

0. 7, then generate a random value in that dimension by Gaussian perturbation, the generation formula 
is: 
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  , , 1 0,1n n
i G bost GU X C N       (5) 

where: C   is the control parameter for the Gaussian perturbation, 0.1C   ; and the random value 
(0,1)N  indicates a normal distribution that satisϐies a mean of 0 and a standard deviation of 1. 

2.1.2. K⁃Means clustering algorithm based on improved differential evolution: 

1) Fitness function. The improved differential evolutionary algorithm is integrated with the K-Means 
tight class algorithm, and the ϐitness function is used to calculate the ϐitness function value of each 
individual, and the iterative optimization search is carried out using the improved differential 
evolutionary algorithm. The formula is as follows: 

 
2

,
,

fitness SSE ( )i k k
i k

x c    (6) 

where: 
i kx  denotes a data point; 

kc  denotes the center of the cluster to which the data point belongs. 
The smaller SSE is, the better the clustering effect is; and vice versa, the worse the clustering effect is. 

2) Algorithm ϐlow 
(1) Set the population size NP as 10 times of the solution dimension D , the variation factor F  and 

crossover factor 
RC  for adaptive taking, 

min 0.3F  , 
max 0.9F  , 

 min 0.3RC  , 
max 0.9RC  , the current 

evolution number is G  , the maximum evolution number of the algorithm is 
max 1200G   , and the 

Gaussian perturbation coefϐicient is 0.1C  . 
(2) Initialize the population of size NP. 
(3) For individual ,i GX   in the population, obtain mutant individual ,i GV   according to the 

improved mutation operation. 
(4) For parent individual ,i GX   and variant individual ,i GV  , obtain intermediate experimental 

individual ,i GU  according to the improved crossover operation. 

(5) Calculate the ϐitness values of the parent individual ,i GX  and the intermediate experimental 

individual ,i GU , respectively, and compare the ϐitness values, and the individual with better ϐitness 

will enter into the next generation of the population to continue to participate in the evolution. Steps 
(3)~(5) are performed cyclically until the maximum number of evolutions of the algorithm is reached. 

(6) The optimal individuals output from the algorithm are clustered as the initial clustering center 
of K-Means, and the cycle iterates until the stopping requirement of clustering or the maximum 
number of iterations is satisϐied, the algorithm ends, and the clustering results are output. 

The ϐlow of K-Means clustering algorithm based on improved differential evolution is shown in 
Figure 1. 
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Fig. 1. Algorithm process based on improved difference evolution 

2.2. Data sample and model design 

2.2.1. Data samples. The data used in this study came from the 3-year physical fitness test data of all 
college students from 2021 to 2023 in the health database of a university, with a total of 60,000 records 
in the raw data (30,000 for men and 30,000 for women), and 6 attributes for each record. Its overall 
total score distribution was obtained by using SPSS Modeler software to preprocess the data of each 
field in the records. Figures 2 and 3 show the total score distribution and total score level distribution, 
respectively. In the past three years, the total scores of students' physical fitness test were mainly 
distributed between 60-90 points, and the total score grades of “Pass” and “Good” had the highest 
frequency, accounting for 51.27% and 36.71% of the total number of visits, respectively. 
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Fig. 2. General score profile 

 

Fig. 3. The distribution of the total score 

2.2.2. Data pre-processing. Generally speaking, the original data contains too much noise data and 
incomplete data, which need to go through the process of data cleaning, data screening, data 
processing and so on. Data cleansing is the process of re-examining and calibrating data with the aim 
of removing duplicate information, correcting existing errors, and providing data consistency. Data 
filtering is the process of removing unwanted fields according to the actual need. In this study, what is 
needed is the relationship between the total score of the physical fitness test and the degree of 
influence between the various test items, so the redundant fields such as year, grade number, class 
number, class name, ethnicity code, and date of birth are filtered, leaving only the useful fields. Data 
processing is based on the requirements of a specific data mining model, the data is processed into a 
form that meets the requirements of the model. 

2.2.3. Modeling. SPSS Modeler software was used to design the clustering model for boys' and girls' 
records separately according to the requirements of K-means algorithm. For the boys' group, 7 fields 
of lung capacity score, 50m score, 1000m score, standing long jump score, sitting forward bends score, 
pull-ups score, and total score score were selected as input fields; for the girls' group, 7 fields of lung 
capacity score, 50m score, 800m score, standing long jump score, sitting forward bends score, one-
minute sit-ups score, and total score were selected as input fields. After clustering the results are 
divided into 4 categories, the larger the average value of the ratings in these 4 categories of data 
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indicates that the students in this category in this index the better the athletic performance, and use 
this value to compare the same items in the 4 categories of data and analyze the running model to get 
the clustering results. 

2.3. Student Movement Pattern Recognition 

In this paper, a hierarchical recognition algorithm [22] and support vector machines are used for the 
recognition of multiple patterns, and the exercise patterns to be recognized are classified into two 
categories: one is common exercise behaviors; the other is behaviors aimed at developing healthy 
exercise habits. 

In this paper, the support vector machine based on hierarchical recognition algorithm is used for 
the recognition of M   pattern, then at most / 2M   classiϐiers need to be constructed, which 
improves the complexity of support vector machine learning. The construction of the classiϐiers is 
shown below: 

 2

1

1
|| || , , , {1,2, , }

2

k k

i
i

Minimize C s t s t N 




     (7) 

     ( ) 1i st i st isubject to y x b      (8) 

where: s  and t  are the category numbers of the two pattern samples. By solving this optimization 
problem, the following decision function model is obtained: 

 
( ) 0

o
(

e
)

th r
s ts t s f x

F x
t

 
 


 (9) 

where: ( )s tf x  is the decision value of the support vector machine classiϐication. In the identiϐication 
of two types of patterns, the classiϐier identiϐies the sample category to which the feature parameter 

ix  belongs, and if the sample belongs to the pattern of class s , then the votes of class s  patterns will 
be added 1, otherwise, the votes of class t  patterns will be added 1, and ϐinally, the “voting mechanism” 
is used, and the one that has the most votes is the ϐinal classiϐication pattern. 

The block diagram of the algorithm in this paper is shown in Figure 4. Firstly, the collected sensor 
data are ϐiltered; then the time-domain features of the acceleration sensor and the angular velocity 
sensor for motion pattern recognition are calculated, and the extracted features are compared and 
analyzed; the ϐinal extracted time-domain features include the variance, quartile distance and peak 
value of the acceleration sensor, and the mean, variance and skewness of the angular velocity sensor. 

Angular velocity 
sensor data

Acceleration 
sensor data

Median filtering, smooth filtering

Time domain feature extraction

Hierarchical recognition algorithm

Identification result
 

Fig. 4. Block diagram of algorithm 
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2.4. Data pre-processing methods 

1) Acceleration data windowing. The acceleration signal is presented in the form of data stream in the 
time domain, which cannot be directly characterized by feature engineering. The conventional method 
is to set up a sliding window for processing, and this method has been widely used in human motion 
state recognition. The experiment comprehensively analyzes the characteristics of ϐive kinds of motion 
modes and counts the time needed to complete each kind of action, and chooses 4s as the default 
length of a segment of the action, for a sliding window, the width of 800 sampling points, and the 
overlap of every two neighboring windows is 50%. Take the walking X-direction acceleration data as 
an example, 4s is chosen as the width of the window to regularize the length of the acceleration signals 
of different actions. 

2) Filtering. Compared to machine motion, human motion is slower and contains mainly low-
frequency signals. In practice, acceleration signals are inevitably affected by hardware circuits, 
transmission noise, perturbation frequency noise, and jitter, and the output is often interspersed with 
many irrelevant signals. When the acceleration is zero, the output is not zero, but a non-zero vector 
output 

reala , measured value 
measureda  is shown below: 

 measured real errora a a   (10) 

where 
reala  is the real acceleration value and 

errora  is the measurement error of the sensor. In order 
to make the measured acceleration signal closer to the real value, the experiment uses an adaptive 
smoothing ϐiltering method. 

There are two common smoothing ϐiltering methods: the sliding average ϐiltering method and the 
ϐirst-order inertia low-pass ϐiltering method. Although the sliding average method is simple, the 
experiment proves that the practicality is poor, in the static situation, the ϐirst-order inertia low-pass 
ϐiltering effect is obvious, but in the motion state, the phase lag, so the original method is not suitable 
for the dynamic signal processing, in order to adapt to the real-time nature of the signal, the increase 
of the net value is used to update the ϐiltering parameters. Deϐine the new output value as the current 
sampling value and the last output value are weighted to get the current output value. The algorithm 
is as follows: 

 ( ) ( ) (1 ) ( 1)Y n m X n m Y n       (11) 

where ( )Y n  is the current ϐilter output value; m  is the ϐilter coefϐicient, which has a great inϐluence 
on the effect of ϐiltering; ( )X n  is the current sampling value; ( 1)Y n   is the last ϐilter output value. 
Next, the conditional threshold a   for determining the motion state is introduced, and the ϐilter 
coefϐicients m  are modiϐied according to the following equation, i.e.: 

 ( ) ( 1) aY n Y n       (12) 

 01 am k
     

 (13) 

where   is the difference between the output value of this ϐilter and the output value of the last ϐilter; 

a  is the motion state threshold; 
0k  is the default parameter. 

2.5. Wavelet transform based data feature extraction and selection methods 

2.5.1. Time Domain Feature Extraction Methods. After segmenting and smoothing the original 
acceleration signal, the relevant feature quantities are next extracted from the time and frequency 
domains. 
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The 3-direction acceleration mean value , ,x y za a a , which reϐlects the average state of the signal in 

each of the X, Y, and Z directions, can reϐlect the degree of intensity of the human body in the 3 
directions during motion. The calculation formula is deϐined as follows: 

 
,

1
x k

k
x

a
a

n



  (14) 

 
,

1
y k

k
y

a
a

n



  (15) 

 ,
1

n

z k
k

z

a
a

n

  (16) 

where , , ,, ,x k y k z ka a a  is the X, Y, and Z axis acceleration signal obtained at the k nd sampling point in a 

window; is the number of sampling points per window. 
The synthetic acceleration mean value a   is able to reϐlect the integrated intensity of a certain 

motion mode. The formula is as follows: 

 2 2 2
, , ,k x k y k z ka a a a    (17) 

 1

n

k
k

a
a

n

  (18) 

where 
ka  the mode of the triaxial synthetic acceleration at the k nd sampling point in the window. 

The synthetic acceleration mean a  can be obtained by bringing 
ka  into Eq. (18). 

The standard deviation of the acceleration in the 3 directions, in the X direction for example, and the 
acceleration variance 2

x  are calculated as follows: 

 
2

,
2 1

( )
n

x k x
k

x

a a

n
 



  (19) 

The same reasoning leads to 2 2,y z  : 

 
2

,
2 1

( )
n

y k y
k

y

a a

n
 



  (20) 

 
2

,
2 1

( )
n

z k z
k

z

a a

n
 



  (21) 

The synthesized acceleration variance 2  is given by: 

 
2

2 1

( )
n

k
k

a a

n
 



  (22) 

Acceleration peaks and valleys indicate the difference between the maximum and minimum values 
of acceleration in a window, expressed as pva : 
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 ( ) ( )pva Max a Min a   (23) 

Using the above equation the peaks and valleys of the combined acceleration as well as the peaks 
and valleys of the acceleration in the 3 directions can be calculated. 

The two-by-two correlation coefϐicients of the 3 directional accelerations are: 

 
( , )

( , )
x y

cov X Y
X Y

 
  (24) 

 
( , )

( , )
x z

cov X Z
X Z

 
  (25) 

 
( , )

( , )
y z

cov Y Z
Y Z

 
  (26) 

2.5.2. Wavelet transform based data distribution feature extraction. The components of wavelet are 
a set of wavelet basis functions [23], which can characterize the signal in the time and frequency 
domains in a local range, which is the advantage of wavelet transform over Fourier transform. There 
are 15 commonly used wavelet functions such as Haar, dbN wavelet and so on. After the signal is 
analyzed by wavelet, the energy characteristics in each level can be obtained. The binary wavelet 
decomposition of signal ( )f t  can be expressed as: 

 ( ) t tf t A D   (27) 

where, A  is the approximation signal, which is the low-frequency portion, and D  is the detail signal, 
which is the high-frequency portion. 

The total energy of the signal is: 

 i jE EA ED   (28) 

The energy of the approximated signal at layer j  and the detailed signal at each layer are selected 
as features to construct the feature vectors: 

 1 2[ , , , , ]j jF EA ED ED ED   (29) 

This experiment directly calls the PyWavelets signal processing library in Python, sets j   to 2, 
performs feature extraction on the acceleration signal, and outputs the feature vector: 

 2 1 2[ , , ]F EA ED ED  (30) 

2.5.3. Feature selection. Feature selection is an important “data preprocessing” process, which can 
remove the features that are irrelevant to the current learning task, in order to reduce the learning 
burden and learning difficulty. In this experiment, we adopt the feature selection algorithm based on 
information gain (IG), which is also a common and efficient feature selection algorithm. 

Calculating information gain begins with deϐining information entropy as a metric generally used as 
a reϐlection of the purity of a sample set. Assuming that ( 1, 2, , | |)kp k y    is the proportion of 
samples of type k  in the current sample set D , the information entropy of D  is deϐined as: 

 
| |

2
1

( ) log
y

k k
k

Ent D p p


   (31) 

where | |y  represents the number of labeling categories and the smaller the value of information 
entropy ( )Ent D , the higher the purity of set D . Information gain is deϐined below. 

Since the features extracted from the signal are all continuous values and the number of fetchable 
values of continuous value attributes is not ϐinite, the information gain cannot be calculated directly 
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based on the continuous values directly, the experiment uses continuous value discretization 
technique. Given the sample set D  and continuous attribute v , assume v  that n  different values 

 1 2, , , nv v v  appear on D , based on the division point t  can be divided D  into subsets tD
  and 

tD
   for neighboring attribute values iv   and 1iv   , t   taking any value in the interval 1[ , )i iv v   

produces the same division results. Deϐine the set of candidate division points containing 1n   
elements. Then: 

 
1

|1 1
2

i i

a

v v
T i n

 
    
 

 (32) 

The median point of interval 1[ , )i iv v    is taken as a candidate division point, and the optimal 
division point is selected for the division of the sample set, i.e: 

 ( , ) ( , , )Gain D v Gain D v t  (33) 

 
{ , }

| |
( , , ) ( ) ( )

| |
t

t

D
Gain D v t Ent D Ent D

D




  

    (34) 

where, ( , , )Gain D v t   is the information gain of the sample set D   based on the bisection of the 
division point t  , such that we bring in each feature v   to get the information gain value of all the 
features and thus calculate the importance value of each feature. 

3. Analysis of clustering and identification results of students' sports 
performance 

3.1. Analysis of clustering results of student athletic performance data 

The improved K-Means algorithm is now compared with the original K-Mean method for quality and 
effectiveness. Generally, the clustering evaluation methods are categorized into two types according to 
whether there is a benchmark available or not: the extrinsic method is used to evaluate if there is an 
available benchmark, and the intrinsic method is used to evaluate if there is no benchmark available. 

In this paper, there is no clustering benchmark, so the intrinsic method is used for evaluation, and 
the following parametric indicators are used for evaluation: 

1) Calinski-Harabasz criterion formula is as follows: 

 /
1

TotalSSB n K

TotalSSE K




 (35) 

Where, ( ) / ( 1)n K k   is the complexity. The Calinski-Harabasz formula, the larger the ratio, the 
better. The Calinski-Harabasz formula is simple to compute and fast to run, which will be used in this 
paper as a reference for determining a reasonable K-value. 

2) The contour coefϐicient mathematical formula is as follows: 

 
( ) ( )

( )
max{ ( ), ( )}

b i a i
S i

a i b i


  (36) 

where ( )a i  denotes the average value of the distance between object i  and the other objects of the 
class to which i   belongs. The smaller the value, the more compact the inverse cluster is. ( )b i  
denotes the minimum distance from object i  to the class to which it does not belong to i . The larger 
the value, the more separated from other clusters. The contour coefϐicient takes values between 0 and 
1, the larger the value the better the clustering effect. 

3) Dunn's index, the mathematical formula is as follows: 
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Dunn's index ϐirst calculates the shortest distance between any two classes, and then divides the 
result by the maximum distance between objects in any class. A larger Dunn's index means better 
clustering. 

3.1.1. Clustering results of performance data. The k-means algorithm clustered the data into four 
classes, and the clustering results of the k-means algorithm for students' exercise behavior are shown 
in Table 1. 

Table 1. The k-means algorithm is a cluster of students' sports behavior 

Cluster class 
Sample size 

(number) 

50 m 

(s) 

Fixed jump 

(number) 

Preflexion 

(cm) 

800 m or 1000 m 

(s) 

Sit-ups or Lead up 

(number) 

1 22438 75.78 77.71 77.77 35.86/51.73 41.27/9.42 

2 20574 69.96 56.02 15.29 38.24/71.49 38.08/7.36 

3 10925 80.2 77.11 24.64 67.62/68.54 52.58/10.54 

4 5938 85.24 78.75 76.09 65.47/59.82 49.24/11.39 

 
The improved k-means algorithm divides the data into 4 classes, and the clustering results of the 

improved k-means algorithm for students' exercise behavior are shown in Table 2. 

Table 2. Improved k-means algorithm is a clustering of students' sports behavior 

Cluster class 
Sample size 

(number) 

50 m 

(s) 

Fixed jump 

(number) 

Preflexion 

(cm) 

800 m or 1000 m 

(s) 

Sit-ups or Lead up 

(number) 

1 32242 79.13 79.04 77.06 35.82/52.42 43.77/10.11 

2 20570 71.31 56.75 12.66 39.89/70.51 36.62/8.40 

3 4482 79.82 77.37 25.31 70.11/69.43 51.74/9.89 

4 2593 87.46 80.26 74.35 65.47/60.08 47.38/11.23 

 
The results of the two clustering algorithms are compared parametrically.The comparison of the 

clustering results of the K-Means algorithm and the improved K-Means algorithm is shown in Table 3. 
It can be seen that the improved K-Means algorithm compared to the K-Means algorithm, its Calinski-
harabasz index, profile coefficient and Dunn's index are 860.0276, 0.3928 and 0.0486 respectively, 
which are 19.0382, 0.0435 and 0.0099 more than the K-Means algorithm.It can be seen that the 
improved K-Means algorithm is more accurate in clustering the data of students' sports performance 
during physical education. 

Table 3. The clustering of two algorithms is compared 

Algorithm Calinski-harabasz index Contour coefficient Dunne index 

K-Means 840.9894 0.3493 0.0387 

Improved k-means 860.0276 0.3928 0.0486 

3.1.2. Characteristic presentation of clustering results. According to the improved K-Means 
algorithm to draw the 4 categories of change line graph is shown in Figure 5. By observing the graph, 
the major and minor weaknesses of the 4-class grouping can be seen. The results of the clustering 
structure characterization of the improved K-Means algorithm are shown in Table 4. The results of the 
study show that the improved K-Means algorithm clustering is more superior in terms of clustering 
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effect and clustering interpretation compared to the K-Means algorithm. In participating in the cluster 
analysis of each attribute, the differences between clusters are obvious and each grouping is easy to 
explain, and the overall clustering effect is good. 

 

Fig. 5. Improved k-means clustering variable mean 

Table 4. Improved k-means algorithm clustering structure characteristics result 

Cluster result Major weakness Minor weakness 

1 800m/1000m No 

2 Preflexion  Sit-ups or Lead up 

3 Preflexion No 

4 Fixed jump Sit-ups or Lead up 

3.2. Results and analysis of student athletic performance identification 

The experimental equipment used was the MTi-G-710 MEMS combined navigation system with a 
gyroscope zero deviation of 10°/h and an accelerometer zero deviation of 40 g . A pair of thick-soled 
shoes was selected, a groove was dug at the right heel, and the MTi-G-710 was embedded into the 
groove. Four people were selected for the test, and all of the testers were male. One of the teachers was 
40 years old; all three students were 22 years old. The experiment was conducted in the laboratory 
building and student dormitory of a school. During the experiment, the testers performed 1000m, 
going up the stairs, and 800m3 motions randomly according to their own habits. Since the MEMS 
inertial device was only installed inside the heel of the right shoe, the right foot was only counted as 
one step of motion from lifting to landing. 

A set of data from the teacher's walking is used as the sample data, in which the sliding window N  
and 

aN  take the value of 10, and the threshold TH   takes the value of 22.5 10 . After the sliding 

average, the output of the recognition model is shown in Fig. 6, and (a) and (b) are the output curves 
of the x-axis accelerometers and the y-axis gyroscopes, respectively. Based on this sample data to 
extract the eigenvalues, the judgment program is written to judge the data of other groups and test the 
algorithm. There were 16 groups of test data, of which 2 groups were tested by the teacher and 3 
groups were tested by each of the 2 students. The trajectory of each group of data is not the same, and 
the number of steps of 50m, 800m and 1000m is not the same, and the number of steps of each 
movement is recorded in the experiment, so that it is easy to compare with the number of steps 
recognized by the algorithm. 
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(a)X-accelerometer (b)Y-axis gyroscope 

Fig. 6. Identify the results of the model output 

The recognition rate is deϐined as follows: 

 
Number of correctly identified steps

Recognition rate 100%
Actual number of steps

   (38) 

Table 5 summarizes the statistical results of the motor test data for the four testers. Positive 
numbers in parentheses in the table indicate the number of extra recognized steps, e.g., the teacher's 
average number of recognized steps is 97(-6) steps, which means that 97 steps are correctly 
recognized and 6 steps are less recognized, while + indicates the number of extra recognized steps. As 
can be seen from the table, the recognition rates for the 800m and 1000m exercise modes are very 
high, with all sets of data having a recognition rate of over 99%. Speciϐically, the recognition rate of 
50m motion is greater than 95% for all human data except for the teacher (94.17%).The recognition 
rates of the testers in 800m and 1000m motion are between 99.44%-99.88% and 99.70%-100%, 
respectively. It can be seen that the use of accelerometers and gyroscopes wave peaks and troughs 
output sequential logical order can recognize the 50m, 800m, 1000m and other movement patterns, 
the recognition rate of which is more than 94.17%. 

The average value of the recognition rate of different testers' motion data is taken as the total 
recognition rate, then the recognition rates of 50m, 800m and 1000m are 95.7625%, 99.75% and 
99.85% respectively. In the experiment, because the inertial sensor is installed at the heel of the right 
foot, when the left foot is far away from the next step and the right foot takes the next step, it should 
be the next step state according to the motion state, but at this time the algorithm is easy to judge it as 
the previous step state. In the transition process between the previous step and the next step, if the 
left foot is far away from the ground of the next step, and the next right foot leaves the ground to reach 
the next step, according to the state of motion should be the next step state, but at this time, the logic 
of the peaks and valleys of the output of the accelerometers and gyroscopes is similar to that of the 
previous step, and the algorithm is easy to judge it as the previous step state. For these two cases, 
inertial sensors can be installed on the left foot as well, which in turn improves the recognition 
efϐiciency. 

Table 5. Statistics of four test personnel exercise test data 

Test content 
Tester 

Teacher Student A Student B Student C 

50m Average number of steps 97(-6) 103(+3) 103(+4) 102(+4) 
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Mean of actual steps 103 100 99 98 

Average recognition rate(%) 94.17 97.00 95.96 95.92 

800m 

Average number of steps 1605(-2) 1604(-9) 1598(-3) 1597(+2) 

Mean of actual steps 1603 1595 1595 1599 

Average recognition rate(%) 99.88 99.44 99.81 99.87 

1000m 

Average number of steps 1999 1996(6) 1999(-1) 1998(-5) 

Mean of actual steps 1999 2002 1998 2003 

Average recognition rate(%) 100.00 99.70 99.95 99.75 

4. Conclusion and outlook 

4.1. Conclusion 

The article proposes a K⁃Means clustering algorithm based on Improved Differential Evolution 
(AGDE⁃KM) to cluster and analyze students' sports performance data, and then fuses the feature 
quantities of acceleration and angular velocity sensor data to identify students' multiple movement 
patterns. 

The AGDE⁃KM algorithm has more accurate clustering effect on students' sports performance data 
in the process of physical education, and its Calinski-harabasz metrics, profile coefficients, and Dunn 
metrics are increased by 19.0382, 0.0435, and 0.0099, respectively, compared with the K-Means 
algorithm.The AGDE ⁃KM algorithm has obvious differences between clusters, and the individual 
subgroups are easy to be interpreted, and its clustering The average total recognition rate of AGDE⁃KM 
algorithm reaches more than 95% for different testers' motion data in 50m, 800m and 1000m events, 
and the recognition effect is good. 

4.2. Discussion 

The method proposed in this paper has a high recognition rate but is limited in the motion patterns it 
can recognize. For other motion modes such as lateral movement, backward movement, jumping, etc., 
although the waveforms output from gyroscopes and accelerometers are different in each direction, 
the recognition rate is not high and may be difficult to recognize if the logical order of wave peaks and 
troughs outputs is used again for judgment. Therefore, in the later research, for multiple motion modes, 
it is recommended to adopt a combination of the waveform output from the inertial device and the 
variance of the output data, wave peaks and valleys, and other features for identification. 
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