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ABSTRACT 
The aim of this paper is to construct a data model applicable to youth sports training in the IoT 
environment and develop efficient pattern recognition algorithms to achieve accurate analysis and 
assessment of youth sports training status. The features of youth sports training data collected by IoT 
technology are extracted through a combination of deep learning and feature decomposition. The 
feature vectors obtained from feature extraction are inputted into the Long Short-Term Memory (LSTM) 
network to generate the data model of youth sports training in this paper and predict the state of youth 
sports training. The prediction results are input as features into the Support Vector Machine (SVM) 
algorithm, and these features are extracted using the Empirical Modal Decomposition (EEMD) method, 
and at the same time, the hierarchical idea is utilized to realize the recognition of youth sports training 
patterns. The results of the study showed that the errors of the results of predicting youth sports 
training states using the LSTM model were mostly within 0 ± 0.5. The prediction accuracies of the 
model on the test set for the three athletic training state metrics were 96.80%, 99.40%, and 98.80%, 
respectively. Meanwhile, the performance of the SVM model for youth athletic training state pattern 
recognition using the SVM model was significantly superior, with 100% accuracy on the test set for 
four models, including pattern 2. 

Keywords: LSTM; SVM; EEMD; deep learning; pattern recognition; youth sports training 
 

1. Introduction 

Teenagers are a diversiϐied group with inϐinite possibilities in them, and the content of their learned 
knowledge is stable within a certain period of time, which can further promote the comprehensive 
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shaping of teenagers. With the development of modern science and technology, more and more 
teenagers are addicted to online games, web gambling, cell phone socialization and other virtual 
worlds, and lack of physical exercise and sports training, which makes the physical quality gradually 
decline, and the health condition is getting worse and worse, and in serious cases, even threaten the 
life safety [1-4]. At the same time, with the development of society and the improvement of living 
standards, adolescents are facing more and more pressure of study and life, which leads to the decline 
of adolescents' physical quality, and physiological and psychological diseases follow [5-6]. Adolescents 
are in the period of growth and development, and exercise training under scientiϐic guidance can not 
only promote bone growth and development, enhance muscle strength and endurance, but also 
promote the improvement of cardiorespiratory ϐitness, improve body adaptability, and enhance motor 
skills and coordination, thus enhancing physical ϐitness, improving immunity, and preventing diseases 
[7-10]. Youth sports training also helps to regulate emotions, release stress, promote mental health 
level, improve concentration and learning efϐiciency, develop teamwork and self-conϐidence, and shape 
sunny and healthy personality traits [11-12]. Youth sports training is crucial for their physical health 
and overall development, and deserves attention and concern. However, the current youth sports 
training lacks scientiϐic, systematic, comprehensive and individualized. Many training programs lack 
scientiϐic basis, just mechanical repetition of certain training actions, the lack of systematic planning 
and guidance, and the existence of a set of training programs used by all groups of people, completely 
ignoring the youth's individual needs and training goals, which can not effectively improve the physical 
ϐitness level of youth, and may even cause damage to their bodies [13-15]. Furthermore, over-training 
is also a hidden danger in youth sports training. Some adolescents may over-train in order to pursue 
better training results, resulting in excessive load on the body, increasing the risk of injury, and long-
term over-training may also adversely affect the physical and mental health of adolescents [16-17]. At 
the same time, there is a lack of proper identiϐication of training injuries during the training process, 
which makes it difϐicult to provide early warning of injuries, and the warning mechanism is backward 
[18]. In addition, the lack of motivation and interest in sports among adolescents is also a key issue 
that affects the effectiveness of sports training. With the fast-paced life and diversiϐication of 
entertainment in modern society, adolescents are more inclined to choose other forms of recreational 
activities to maintain the basic needs of the body, and have little interest in sports training and lack of 
sustained motivation [19-20]. Therefore, about how to carry out scientiϐic sports training is one of the 
problems that need to be solved in the current society. 

Nowadays, with the rapid development of science and technology, the Internet of Things has become 
an inevitable trend. And the interconnectivity and intelligence of IoT devices make the modern society 
present a brand-new model, through which the IoT can monitor, collect and analyze the sports training 
data, so as to provide professional services [21-22]. In sports training, intelligent monitoring of 
training status requires miniaturization of equipment, not only to save space and lightweight and 
ϐlexible, but also conducive to reducing energy consumption, improving energy use efϐiciency and 
achieving sustainable development [23-24]. Based on this, the Internet of Things (IoT) technology has 
been widely used in various types of sports training, all based on sports monitoring to identify and 
prevent sports injuries, and enhance sports training, etc. Dan et al [25] designed a sports training 
model supported by Internet of Things (IoT) technology and computer multimedia technology for 
rapid acquisition of postural and positional data in human sports training, and by aggregating the 
action data from sports training, a high level of visual effect is obtained by processing the data. 
processing to obtain a high-level visual effect display, thus enhancing the training effect.Zhang et al 
[26] designed a wearable form of continuous monitoring system for individual sports training by 
combining IoT technology and artiϐicial intelligence, with which the effect of sports training was 
enhanced.Zhao et al [27] constructed a sports training recognition system to analyze the behavior of 
IoT video with a dynamic temporal regularization model for the spatial description of human joints, 
which can realize frame-by-frame recognition and does not have individual differences.Zhen et al [28] 
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relied on IoT and used compact wearable devices and microprocessors to construct an intelligent 
Jiankang monitoring system that can monitor and track body parameters and reaction time under 
stimulation, which provides the possibility of early warning of sports injuries.Wilkerson et al [29] 
identiϐied and analyzed the physical function data and the effects of past injuries before entering 
sports through IoT and analytics to prevent subsequent sports injuries and reduce the risk of sports 
injuries.Zhao and You [30] introduced IoT technology to develop a wearable sports posture 
measurement system for sports training, which can monitor and analyze the body data received by 
sensing online to facilitate coaches' development of training program. Based on the problems in youth 
sports training and the prominent role of IoT technology in sports training, there is a current need to 
consider how IoT technology can be better applied to the ϐield of youth sports training to improve 
physical ϐitness. 

In this paper, with the advantage of IoT technology, a monitoring method integrating wireless sensor 
nodes and Sink nodes is constructed to acquire youth sports training data in real time. For the acquired 
training data, on the basis of determining its information distribution, deep learning and feature 
decomposition methods are used to comprehensively mine and parse the training data. The AT critical 
value point anaerobic threshold is introduced to construct an exercise training model with fusion rules, 
which provides support for the data modeling of adolescent exercise training. On the basis of fully 
realizing data acquisition and feature extraction, this paper uses the long short-term memory network 
(LSTM) to construct an adolescent exercise training data model to predict the adolescent exercise 
training status. The sports training state prediction results are used as the features, and the support 
vector machine (SVM) algorithm is combined to generate the adolescent sports training pattern 
recognition model. Fourteen adolescents were selected as the experimental subjects of this paper, and 
their sports training data were collected using the method proposed in this paper, and the validity of 
the data model and the pattern recognition model in this paper were examined separately, so as to 
provide strong support for scientiϐic guidance of adolescent sports training. 

2. Athletic training data collection and feature extraction 

2.1. Data collection 

In this paper, with the advantage of IoT technology and the self-organizing ability of wireless sensor 
networks, following the IEEE 802.15.4 standard, we aim to construct a software and hardware 
validated monitoring method integrating wireless sensor nodes and Sink nodes to acquire training 
data in real time, as shown in Fig. 1. The core components of the method in this paper include a 
miniature wireless sensor front-end worn by the adolescents, an RFID identiϐier, an IoT gateway node 
and a central server. Each adolescent is equipped with a unique RFID tag, enabling the system to track 
and monitor the physiological status of multiple individuals simultaneously. The server-side Sink node 
receives and synthesizes the massive amount of data from the wireless sensor network. Subsequently, 
the data is sequentially transferred to the connected computers via an RS 232 serial control chip. 

Sink node Serial port

Computer

ServerWireless 
sensor node

 

 

Fig. 1. Schematic diagram of collecting training data 
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2.2. Feature extraction 

2.2.1. Determining the information distribution of athletic training data. In this paper, the focus of 
feature extraction of youth sports training data is centered on constructing a joint probability 
distribution model of constraint and explanatory variables in sports training load, aiming to 
comprehensively reveal the intrinsic laws of training load through this model. In order to understand 
the characteristics of sports training load more comprehensively, this paper introduces several 
important parameters, including resting heart rate, ventricular muscle contraction force, and wall 
thickness. The feature distribution of the sports training data is shown in Figure 2. 

Index parameter

Oxygen uptake VO2

CO2 emission

Heart rate HR

Respiratory entropy RQ
SV

Oxygen pulse O2P
AT Indicates the critical value
Heart rate muscle shrinkage

Real-time monitoring output
 

Fig. 2. Feature distribution of sports training data 

Based on the characteristic distribution of data in Figure 2, considering the inϐluence of factors such 
as oxygen uptake VO2, CO2 excretion, and oxygen pulse O2P on cardiopulmonary ϐitness, we 
constructed a distribution model of inϐluence constraints of cardiopulmonary ϐitness through 
comprehensive analysis and mathematical modeling: 

 
2

2

VO
RQ

SCO
  (1) 

Where: SCO2 is a multivariate fusion parameter, which is used to monitor the data of exercise 
training load in real time. With the help of principal component fusion technology and linear 
correlation decision-making strategy, the key component information indexes of sports training load 
can be quickly and accurately extracted and feature-matched. By this method, the matching set of 
youth sports training features is obtained: 

 2 2 21 2
, , ,

SCO SCO SCO n
S

OC OC OC

     
 

  (2) 

Where: OC represents the joint distribution coefϐicient for real-time monitoring of sports training 
load data. In order to obtain a more accurate OC value, this paper analyzes the output constraints based 
on the maximum pulse output to ensure that the output sports training load data is both accurate and 
reliable. 

2.2.2. Extracting sports training data features. In order to achieve more accurate data analysis and 
modeling, deep learning and feature decomposition methods are used to comprehensively mine and 
parse the training data to construct a data fusion model for sports training data: 

  ( ( ) 1), ( ( ) 2), , ( ( ) )jB k t k t k t n     (3) 
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Where: ( )k t   is the characteristics of discrete samples. Using data fusion techniques, these 
characteristics are effectively integrated to form a comprehensive and accurate dataset, which is 
analyzed by regression analysis, and the results are shown in equation (4): 

  2

0

( ) ( )i j
i

S k t t B


    (4) 

Where: ( )i t  is the regression coefϐicient. The results of the quantitative analysis of lung function 
were fully incorporated into the process of data integration in order to model threshold management 
for exercise training data: 

 1 2( , , , )ic ng S      (5) 

Based on the in-depth proϐiling after data integration, the interrelated detection technique of sports 
training data is further developed. In order to assess the training status of adolescents more accurately, 
this paper introduces the AT threshold point anaerobic threshold, and by combining this indicator, an 
exercise training model with fusion rules is obtained: 

 2
2 ( )icE g RQ   (6) 

Real-time dynamic changes in athletic training data are captured through an efϐicient and accurate 
athletic training monitoring model. 

3. Methodology for modeling athletic training data 

Considering the multiplicity and complexity of youth sports training data, the idea of hierarchical 
modeling is adopted. The data model is divided into three layers: data layer, feature layer and model 
layer. The data layer is responsible for storing and managing the original collected data. The feature 
layer is responsible for storing and managing the original data. The feature layer extracts and selects 
features from the original data to obtain feature vectors that can effectively characterize the youth 
sports training status. The model layer constructs a mathematical model based on the data in the 
feature layer, which is used to analyze and predict the youth sports training status. Since the collection 
and feature extraction methods of youth sports training data have been discussed in the previous 
section, they will not be repeated in this section. Therefore, this section will focus on the use of Long 
Short-Term Memory (LSTM) network to predict and analyze the youth sports training data so as to 
achieve the data modeling effect. 

3.1. LSTM model 

Recurrent neural networks need to rely on recent information to predict the results, recurrent neural 
networks have a better performance. If the recurrent neural network encounters processing long time 
memory information, it needs to combine the information of the hidden layer at this moment, which 
will make the model computation and training time increase dramatically, in order to solve the 
problem of recurrent neural network in processing the information that needs to rely on a long time, 
based on the recurrent neural network, the long-short-term memory network (LSTM) model was 
proposed [31]. The LSTM model is a kind of special kind of recurrent neural network, which uses gated 
recurrent units instead of neurons in recurrent neural networks to realize the processing of 
information, and each unit contains one or more memory units, and the gate control mechanism can 
make the information pass selectively, avoiding the problem of large prediction error of long-term time 
information. 

The long and short term memory network structure is composed of chained recurrent network 
structure. So it has a better ability to deal with time series than the recurrent neural network, and it 
can effectively solve the problem of long time dependence of the traditional recurrent neural network. 
Since the long and short-term memory network structure has been proposed, it has been continuously 
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reϐined and improved, and its structure is similar to that of the recurrent neural network, which can 
avoid the problem of long-term dependence and has the ability to learn on its own. Using LSTM to 
predict the inϐluence factors of youth sports training data can get better results. 

The ϐirst step of the Long Short-Term Memory network model is to decide what information to let 
ϐlow through the network, which is achieved by a forgetting gate. This structure can read and get a 
value between 0 and 1 to each network recurrent unit, the update formula of this structure is as in 
equation (7). If the currently predicted information is not related to the information that appeared 
before, the information at this point is discarded when the forgetting gate is used: 

  1( , )i j i i jf W h x b     (7) 

The model then has to decide what information should be stored within the loop cell. This step is 
done mainly through the combination of the information input from the input gate and a new cell 
structure which contains the updated state. The structure generates a vector mainly through the 
sigmoid and tanh layers of the input layer. Then, these two parts are combined to perform an update 
of the cell's state. The updating equations for this process are shown in Eq. (8), Eq. (9) and Eq. (10): 

 1( [ , ] )i i i i ii W h x b     (8) 

 1tanh( [ , ] )t C t t CC W h x b    (9) 

 1* *t t t t tC f C i C    (10) 

The previously obtained information is combined with the forgetting gate to eliminate irrelevant 
information. Then multiply the previously obtained useful information with the update gate to realize 
the process of updating the information. A sigmoid layer is run to determine which part will be output 
to the network structure. Eventually the part of the information that determines the output will be 
obtained. The output gate structure is updated as in equations (11) and (12): 

  1( , )t o t t oo W h x b     (11) 

 *tanh( )t t th o C  (12) 

where t  denotes the current information processing state of the network. b  and c  denote the bias 
vectors of the parameters. ix  denotes the input of state t . ih  denotes the hidden layer output of 
state t . io  denotes the output layer input of state t . iC  is the hidden layer state. The loss function 
gives a clearer picture of the training process of the network. 

3.2. Data modeling 

The main use of youth sports training data modeling is to predict the state of youth sports training, the 
prediction is a temporal prediction problem, the establishment of long-short time and the sports 
training state model of the network using a many-to-one structure, set 0 1 1{ , , , }my y y   for the state of 
sports training at various moments, 1 2{ , , , }mf f f  for the temporal information at various moments, 

1 2ˆ ˆ ˆ{ , , , }my y y  for the prediction of the state of youth sports training at different moments of the use 
of long-short time memory network outputs ˆmy  is the ϐinal model output. In this model, the input is 
the initial sports training state and time information as well as the current sports training state 
information to be predicted, and the output is the current sports training state prediction value. At 
moment t   the input is the motion training state at moment 1t    and the time information at 
moment t , and the output is the predicted motion training state at moment t , and ϐinally the last 
moment of the predicted motion training state is taken as the output. In this way, the output layer 
outputs the predicted data of the future time to predict the youth's sports training state. 
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4. Athletic training pattern recognition methodology 

Athletic training pattern is the classiϐication of youth athletic training, while athletic training pattern 
recognition refers to the process of classifying various athletic patterns by obtaining youth athletic 
training information. In this section, we study to achieve high precision youth sports training pattern 
recognition based on the output of data modeling in the previous section, combined with the support 
vector machine (SVM) algorithm. 

4.1. Support vector machine algorithm 

The support vector machine (SVM) algorithm is a kernel-based machine learning model for 
classiϐication and regression tasks [32]. In recent years, the extraordinary generalization ability of 
support vector machines and their optimal solution and discriminative power have attracted the 
attention of the data mining, pattern recognition and machine learning communities. Support vector 
machines have been used as powerful tools for solving practical binary classiϐication problems. 

In order to further understand the principle of SVM in depth, it can be illustrated in conjunction with 
Figure 3. The solid and hollow dots in the ϐigure represent two types of training samples, L  is the 
classiϐication line, 1L  and 2L  represent the samples closest to the classiϐication line, and the three 
straight lines are parallel to each other. The distance between 1L  and 2L  is called the classiϐication 
interval, which is represented by margin. 

In order to get the optimal classiϐication result, it is necessary to ϐind a suitable location for the 
classiϐication line L  so that the margin reaches its maximum value. 

Assuming that the coordinates of all the samples are the general form of the linear discriminant 
function in ( , ), 1,2,3, , ,i ix y i n d   -dimensional space is ( )f x kx b   , and the equation of the 
classiϐication line L  is: 

 0kx b   (13) 

Normalize the discriminant function ( )f x , which is satisϐied by all samples being classiϐied: 

 | ( ) | 1f x   (14) 

At this time, the classiϐication interval is equal to 2/ || ||k . According to the deϐinition of the optimal 
classiϐication surface, when 2/ || ||k   reaches the maximum value, we get the optimal classiϐication 
surface, and at this time, || ||k  reaches the minimum value, then the classiϐication surface that satisϐies 
1

|| ||
2

k  (or 21
|| ||

2
k ) is the optimal classiϐication surface, and the training samples on 1 2,L L  are the 

support vectors. 
Based on the above analysis, the solution of the optimal classiϐication surface can be expressed as 

the following constraint function solution, namely: 

 21
( )

2
|| ||k k   (15) 

It can also be expressed as the solution of a Lagrangian constrained problem: 

  2

1

1
( , , ) || || ( ) 1

2

n

i i i
i

k k y kx   


      (16) 

By obtaining the minimal value of A  by partial derivation of ,k   in the above equation, a deϐinite 
pattern of human motion can be obtained from the sensor data. 
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Fig. 3. Principle of optimal classiϐication surface 

4.2. Feature extraction 

The feature extraction in this section is different from the feature extraction after the collection of 
youth sports data, which is mainly used to extract the features of youth sports training states output 
with data modeling, i.e., the sports training pattern recognition in this section inputs the predicted 
outputs of youth sports training states from the LSTM model in the previous section as features into 
the pattern recognition model in this section. Considering that the features of the predicted output 
youth sports training state data are generally nonlinear and nonsmooth signals, the features of these 
data are extracted using empirical modal decomposition (EEMD) [33]. The feature extraction process 
is as follows: 

Input the LSTM sports training state prediction results into the pattern recognition model. Segment 
the input data into waist nodes and thigh area nodes. The waist node is close to the center of gravity 
of the human body and is mainly used to detect the overall trend of adolescent sports training. The 
thigh area node is used to detect the details of sports training, such as the speed of movement and the 
angle of movement. Each node can obtain acceleration information ( , , )x y z    and angular velocity 
information ( , , )x y z    in three axial directions at the same time. 

For the motion data in three axial directions, the nodes can measure the inertial signal components 
in x  , y  , and z   directions, which are used to express the motion of the adolescent in different 
directions. The combined acceleration and combined angular velocity are used to express the overall 
motion of the limb and are calculated as follows: 

 2 2 2
x y z       (17) 

 2 2 2
x y z       (18) 

4.3. Layering algorithms 

The pattern objects detected in this design mainly focus on the basic movement patterns in youth 
sports training, such as reaction coordination training, core strengthening training, continuous aerobic 
training, dynamic balance training, and dynamic stretching training. In order to further improve the 
efϐiciency of extracting features from the sports signals, the signals can be classiϐied in advance 
according to their characteristics. Firstly, the signals can be categorized into six patterns such as 
sensitive coordination class, strength development class, etc. Sensitive coordination class of exercise 
training such as change of direction movement training, reaction coordination training. Strength 
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development category of exercise training such as self-weighted strength training, core strengthening 
training and so on. On this basis, the posture of the movement pattern is analyzed by combining the 
calculation formula such as angular velocity, so that the movement training pattern can be obtained 
more quickly. 

5. Experimental results and analysis 

5.1. Data modeling analysis 

5.1.1. Data acquisition and parameterization. In this section, data collection method based on IoT 
technology is used to obtain adolescent sports training data signals. In order to obtain more accurate 
adolescent sports training data, this experiment collects the sports training data of 14 adolescents, 
including 7 boys and 7 girls. The age of the collectors was controlled from 16 to 18 years old, and all 
of their athletic training conditions were normal. The height range of the males was between 1.60 and 
1.80m, and the height range of the females was between 1.55 and 1.75m earlier. The acquisition 
frequency of the sensors was set at 80Hz, and the data were collected from ϐive aspects of the 
adolescents' physiological function, athletic performance, physical condition assessment, 
environment and psychology, and long-term development, and 2500 combinations of frames of 
athletic data were obtained from each aspect. 500 sets of exercise data from each aspect were 
randomly selected as test data, and the rest were used as training data for implementing the data 
model. The data of this experiment was processed on Lenovo PC and MatlabR2018b was used as the 
software platform. 

The LSTM neural network output layer has 3 nodes, i.e., it outputs the levels of fatigue, training 
efϐiciency, and injury risk (divided into 5 levels, denoted by L1-5) regarding the state of youth sports 
training. The input data, on the other hand, includes the collected data on ϐive aspects: physiological 
function, athletic performance, physical state assessment, environment and psychology, and long-term 
development. After several optimizations to ϐind the most appropriate neural network parameters to 
set, the number of hidden layers of the model was ϐinally set to 4, the number of neurons within the 
hidden layers was set to 35, and the early stopping algorithm was set to prevent overϐitting. After 
learning and training and testing, the prediction results of youth sports training status were obtained. 

5.1.2. Feature extraction. The main work in this subsection is to extract the features of the collected 
data on physiological functions and other aspects using the feature extraction method proposed in this 
paper for youth sports training data. Figure 4 shows the raw signatures of the data from ϐive aspects 
(denoted by D1-D5, respectively): physiological function, athletic performance, physical status, 
environment and psychology, and long-term development. 

 

(a) D1         (b) D2 
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(c) D3         (d) D4 

 

(e) D5 

Fig. 4. Original motion signal data 

Based on the acquired youth sports training data signals, a suitable single sample length is ϐirst 
selected, and then feature extraction is performed using the combination of deep learning and feature 
decomposition proposed in this paper. The more data points a single sample contains, the richer the 
features it contains. However, if each sample contains too many data points, the total number of 
samples will be too small due to the limited data in the dataset, which is not conducive to the training 
of the LSTM model. By observing the pattern of the sea of stars of youth sports training data, it is found 
that the signal is periodic, and there are 300-800 data points between the peak and the peak of each 
cycle. Therefore, in order to ensure that each sample contains multiple complete cycles of sports 
signals, each sample is chosen to contain 1000 data points. The motion training signal features 
extracted by deep learning and feature decomposition are converted to 2D images in a uniform format, 
and this method maximizes the preservation of the features contained in the 1D signal. Using the 
method of this paper to propose the motion training signal features after converting to a 2D image is 
shown in Fig. 5, (a)-(e) denote the data categories such as physiological skills, which are denoted by 
D1-D5, respectively. 
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(a) D1         (b) D2 

 

(c) D3         (d) D4 

 

(e) D5 

Fig. 5. Feature extraction results 
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5.1.3. Motion state prediction. Through data acquisition and feature extraction, this paper lays a 
solid foundation for the establishment of LSTM model. Physiological functions and other sports data 
are used as inputs to the LSTM model, and the data model for predicting the sports training status of 
adolescents is built through optimized training and learning. This section mainly explores the 
application effect of the LSTM prediction model based on the sports training data collected by IoT 
technology. 

Figure 6 shows the results of the model on the whole dataset, and (a)-(c) indicate the output results 
of the indicators of sports training status such as fatigue level, training efϐiciency, and injury risk. The 
vertical coordinate in the ϐigure is the rank of each sport training status indicator, and the horizontal 
coordinate is the amount of data in the whole dataset. It can be seen that in the prediction of youth 
sports training status, the model is more accurate in predicting the trend of the three sports training 
status indicators, especially the prediction of the training efϐiciency indicator ϐits better. Meanwhile, it 
can be seen from the distribution of actual and predicted values in the ϐigure that the output levels of 
fatigue, training efϐiciency, and injury risk are concentrated in levels 1-4. Therefore, the follow-up 
study mainly focuses on levels 1-4 of each index. 

 

(a) Degree of fatigue     (b) Training efϐiciency 

 

(c) Injury risk 

Fig. 6. Scatterplot of prediction and actual values on the entire dataset 
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The horizontal axis of the histogram in Fig. 7 is the predicted index level of athletic training status 
minus the actual observed index level, which is plotted as a histogram of the error. From the histogram, 
it can be seen that most of the errors fall within 0 ± 0.5, indicating that the prediction results have a 
fairly high level of conϐidence. Moreover, the errors of the model for the prediction of training efϐiciency 
and injury risk are signiϐicantly smaller than the errors of the model for the prediction of fatigue, 
indicating that there is still room for optimization of the model for the prediction of fatigue, and efforts 
can be continued in this direction in the future. 

The scatterplot in Figure 7 depicts the relationship between the predicted and observed indicator 
levels, and draws the auxiliary line where the indicator level is equal to the actual level (solid blue line), 
and the auxiliary line where the error is 0.5 (dashed blue line). It can be seen that the model predicts 
all three metrics better, and the LSTM model is more effective in predicting the training efϐiciency 
metrics compared to fatigue level and injury risk. 

 

(a) Degree of fatigue     (b) Training efϐiciency 

 

(c) Injury risk      (d) Degree of fatigue 

  

(e) Training efϐiciency     (f) Injury risk 

Fig. 7. Histogram and scatter plot of absolute error on the entire dataset 
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After the model is trained, the discrepancy between predicted and actual records must be evaluated. 
In order to measure the performance of the data model in this paper, the introduction of a confusion 
matrix is considered, and the results are shown in Fig. 8, with (a)-(f) denoting the results achieved by 
the three metrics on the training set and the test set, respectively. It is obvious from the ϐigure that the 
data model constructed based on LSTM network in this paper has good prediction performance. On 
the fatigue level metric, the prediction accuracy of the model for the training and test sets is 99.12% 
and 96.80%, respectively. In the model training, 9 L2 samples and 7 L4 samples were predicted as L1 
samples, while in the model testing, the same 7 L2 samples were predicted as L1 samples. This 
indicates that there is still room for optimization of the model for the prediction of the fatigue level, 
which only has a slight degree of difference. In terms of training efϐiciency, the LSTM model performs 
more prominently, with prediction accuracies of 99.68% and 99.40% on the training and test sets, 
respectively. In the training set, only four L4 samples have more obvious prediction errors, and the 
rest of the samples as well as the samples on the test set have only a small number of prediction errors. 
It shows the excellent performance of LSTM model in training efϐiciency prediction. As for the injury 
risk metrics, the model's prediction accuracies were 99.68% and 98.80%, respectively. The 
performance of the model on the test set is slightly inferior compared to the training efϐiciency index, 
but the accuracy on the training set can also show the good prediction performance of the model in 
the injury risk index of youth sports training status. Comprehensive analysis of the above, this paper 
is based on the use of Internet of Things technology to collect data to build LSTM data model, the model 
can effectively realize the prediction of youth sports training status, to lay a data foundation for the 
identiϐication of youth sports training patterns. 
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(a) Degree of fatigue(train)     (b) Degree of fatigue(test) 

 

(c) Training efϐiciency(train)    (d) Training efϐiciency(test) 

 

(e) Injury risk(train)      (f) Injury risk(test) 

Fig. 8. The confusion matrix of the prediction results 

5.2. Pattern Recognition Analysis 

5.2.1. Data set segmentation. The data in this section of the experiment still use the 14 adolescents' 
athletic training dataset obtained in the previous section of the experiment, but the dataset division is 
slightly different from that in the previous section. In this paper, the athletic training modes of 
adolescents are categorized into 6 types of sensitive coordination mode, strength development mode, 
cardiorespiratory endurance mode, balance and stability mode, ϐlexibility and stretching mode, and 
synergistic training mode, which are denoted as M1-M6, respectively. Therefore, it is necessary to 
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further divide the sample data of the 6 athletic training modes on the basis of 2000 samples in the 
training set and 500 samples in the test set. The experiment uses the Numerical Python library 
function in Python to divide the data, and the speciϐic division results are shown in Table 1. 

Table 1. Data set 

Model Training set Test set Total 

M1 347 91 438 

M2 339 82 421 

M3 341 84 425 

M4 312 87 399 

M5 354 83 437 

M6 307 73 380 

Total 2000 500 2500 

5.2.2. Experimental results and analysis. In order to illustrate the effectiveness of the youth sports 
training pattern recognition method constructed based on the SVM algorithm in this paper, a 
comparative analysis is used to compare the LSTM network with the SVM algorithm in this paper. 
Firstly, the dataset is input into the LSTM network to get the loss function and recognition accuracy for 
six patterns, and the results are shown in Fig. 9, (a) and (b) are the loss curve and accuracy curve of 
the LSTM model, respectively. The ϐinal Loss function value of the model on the test set is 0.15 and the 
accuracy is 83.23%. The dataset was then fed into the SVM model to obtain the loss function and 
classiϐication accuracy for the six motion training patterns as shown in Fig. 10. After using the same 
dataset, the same training batch, and the same number of iterations, the ϐinal classiϐication accuracy 
and Loss function were greatly improved, where the Loss function value was reduced to 0.04 and the 
accuracy on the test set was improved to 98.39%. 
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(a) Loss         (b) Accuracy 

Fig. 9. LSTM's identiϐication results 

  

(a) Loss         (b) Accuracy 

Fig. 10. SVM's identiϐication results 

In order to better compare the difference in pattern recognition accuracy between the LSTM model 
and the SVM in this paper, the recognition results of the trained model on the test set are visualized 
using the confusion matrix and t-SEN clustering analysis techniques. In this case, the confusion matrix 
places the predicted results and the true results of all categories by category in the same table, where 
the number of correct and incorrect recognitions for each category is available; The clustering analysis 
of the data can better observe the experimental results, ϐind out the relationship between the various 
categories, and make the data concise, and the t-SNE clustering analysis technology can convert the 
high-dimensional data into two dimensions, so as to visually judge the performance of the current 
model. This resulted in the confusion matrix of Fig. 11 and the cluster analysis plot of Fig. 12, where 
both (a) and (b) show the recognition results of the LSTM and SVM models, respectively. It can be found 
that the larger error of LSTM in recognizing youth sports training patterns occurs in pattern 4, and 8% 
of pattern 1 is recognized as pattern 3 in the confusion matrix. Also 6% of mode 2 was identiϐied as 
mode 4, 7% of mode 3 was identiϐied as mode 4, and 5% of mode 2 was identiϐied as mode 3. In 
contrast, when using the SVM model to recognize youth sports training patterns, the recognition 
accuracy of all patterns was improved, and pattern 4, which had the largest error, reached 100% 
accuracy. 

The clustering results likewise demonstrate the ability to obtain more forward pattern recognition 
performance using the SVM model. The recognition results using the LSTM model in the ϐigure are 
unsatisfactory with tight distances between the patterns, loose within the patterns, and a signiϐicant 
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portion of the patterns are also mixed together. After using the SVM model, the clustering boundaries 
are obvious, the recognition error is lower, the distance between the patterns is larger, and the interior 
is tighter. Therefore the clustering effect using SVM model is signiϐicantly better than using LSTM 
model. It shows that the youth sports training pattern recognition model constructed based on SVM 
algorithm in this paper can adequately recognize the training model based on the collected data as 
well as the youth sports training state characteristics. 

 

(a) LSTM         (b) SVM 

Fig. 11. Model recognition accuracy 

 

(a) LSTM         (b) SVM 

Fig. 12. Model clustering results 

6. Conclusion 

In this study, we successfully constructed a youth sports training data model in the IoT environment 
and developed a sports training pattern recognition model based on the support vector machine 
algorithm. Through the fusion and feature extraction of youth sports training data collected by sensors, 
the data model was built using LSTM to achieve effective modeling and prediction of youth sports 
training status. Meanwhile, other mode recognition algorithms were compared and analyzed, and the 
proposed mode recognition model based on SVM algorithm showed high accuracy and reliability in 
youth sports training mode recognition. The experimental results show that the models and 
algorithms proposed in this study can provide scientiϐic data analysis and decision-making support 
for youth sports training, and have important application value. However, it is found that the data 
model in this paper has relatively large errors in predicting the “fatigue level” index of youth sports 



RESEARCH ON MODELING AND PATTERN RECOGNITION ALGORITHM 5959 

 

training. Therefore, future research needs to further optimize the data model constructed in this paper 
to improve the efϐiciency and accuracy of the algorithm. 
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