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ATHLETES’ PHYSICAL FITNESS EVALUATION MODEL BASED ON DATA MINING

DACHENG GU∗

Abstract. This study firstly introduces the design and implementation of a physical health monitoring bracelet and describes
in detail how the bracelet collects multi-dimensional physiological data such as heart rate, step number and sleep quality of
athletes. This paper then discusses the application of data mining algorithms in processing these data, including cluster analysis,
classification and prediction models, to identify the key influencing factors of athletes’ physical fitness. This paper uses the RFID
anti-collision algorithm to improve the accuracy and efficiency of data acquisition, avoiding the error and delay that may occur
in traditional methods. The practicability and validity of the model are verified by system simulation. The simulation results
show that the model can accurately evaluate the athletes’ physical fitness and provide real-time feedback and personalized training
suggestions for the coaching team. This not only helps athletes improve their competitive performance but also prevents sports
injuries during daily training.
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1. Introduction. With the rapid development of information technology, wearable devices have gradually
integrated into People’s Daily life. Especially in sports, they have provided unprecedented convenience for
athletes’ training and competition. In recent years, the physical health of athletes has become one of the
hot spots of sports research, and wearable bracelets, as a convenient data collection tool, have played an
essential role in this aspect. Previous studies have explored various ways to assess athletes’ physical fitness.
For example, literature [1] proposes an athlete fatigue evaluation method based on heart rate variability, which
determines the fatigue state of athletes by analyzing their heart rate data, thus providing a basis for training
adjustment for coaches. However, this method mainly focuses on a single heart rate index and fails to reflect
the athlete’s physical condition fully. With the progress of science and technology, physical health monitoring
bracelets came into being. These bracelets can monitor several physiological parameters of athletes in real
time, such as heart rate, blood oxygen saturation, sleep quality and so on. Literature [2] introduces the
design and implementation of a multi-functional physical health monitoring bracelet, which integrates various
sensors and can monitor the physiological indicators of athletes in real time. It transmits it via Bluetooth to a
mobile device for analysis. The appearance of this bracelet provides convenience for the real-time monitoring
of athletes’ physical health. However, relying solely on the wristband to collect data is not enough. How to
effectively process and analyze these data is the key. This requires the use of data mining technology. Data
mining is a process of extracting useful information from large amounts of data, which can help us discover
the patterns and trends behind the data. In athletes’ physical health, data mining technology has many
application prospects. For example, literature [3] used data mining technology to analyze the training data of
athletes and found the key factors affecting athletes’ performance, providing valuable reference information for
coaches. Accuracy and completeness are critical when dealing with large amounts of data. Some scholars have
introduced the RFID anti-collision algorithm. RFID is a wireless communication technology that can identify
a specific target through radio waves and read the relevant data. The integration of RFID technology in the
physical health monitoring bracelet can realize the simultaneous reading and data exchange of multiple bracelets,
thus avoiding the problem of data conflict and loss. Literature [4] proposes an anti-collision algorithm based on
RFID technology, which can effectively solve the collision problem in the process of multi-tag identification and
improve the accuracy and efficiency of data reading. In addition to the above literature, many scholars have
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Fig. 2.1: Super Administrator function diagram.

conducted in-depth research on athletes’ physical health, physical health monitoring bracelets, data mining and
RFID anti-collision algorithms. For example, literature [5] discussed the relationship between athletes’ physical
health and sports injuries and put forward targeted preventive measures; Literature [6] studied the application
of data mining technology in athletes’ mental health assessment; Literature [7] gives a comprehensive review
on the application of RFID technology in the field of sports.

This paper will start with the actual needs of athletes’ physical health, combined with wearable bracelets,
data mining and RFID anti-collision algorithms and other advanced technologies, to build a complete set
of athletes’ physical fitness data mining evaluation models [8]. The model will realize real-time monitoring,
scientific evaluation, and personalized guidance of athletes’ physical conditions, positively contributing to sports
development in China.

2. Demand analysis and model architecture. The information network management model of physical
education quality monitoring in colleges and universities is proposed based on data and network support. This
paper introduces the computer-aided instruction system in the computer-aided instruction system. It includes
test comparison, dynamic student interaction information collection and other functional modules [9]. The
construction, release, implementation and feedback of the results of the system are introduced into the specific
management mode. This provides a solid basis for formulating school sports plans and related policies.

2.1. Requirement Analysis.
2.1.1. Super Administrator. The super administrator has the most rights and is responsible for man-

aging and assigning work to all administrators. Usually, the developer of the system is personally responsible.
As shown in Figure 2.1, the super administrator’s job is relatively easy, just adding, adjusting, and delegating
tasks to lower administrators.

2.1.2. System Administrator. Since there are many job types of system administrators, there should
be more people with system administrator rights. The system administrator is responsible for daily system
maintenance, bug repair, student data proofreading, data backup, student file management, examination and
statistics [10]. It can be manually repaired when an exception occurs or recovered if the student’s login
information is lost or forgotten.

2.1.3. Student users. This study takes students as the primary research object. It includes system login,
test booking, personal information filling and modification, examination score inquiry, feedback verification,
information submission and other modules.
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Fig. 2.2: Detailed architecture of the system.

2.2. System Architecture. The system adds a front end of physical fitness detection and acquisition
devices. The three modules cooperate to complete the collection and storage of the module. The front end of
the physical fitness testing device takes the measuring device as the main body to realize the field collection of
students’ physical fitness [11]. When the data is returned to the server, it is based on the specifications for body
recognition [12]. The corresponding logical parsing is performed on the server, and then the parsing results are
stored in the system’s database. Publish information through the web in a unified standard. Its construction
relationship is shown in Figure 2.2.

2.3. System hardware design. The bus control unit is the system’s center, and other functional units are
connected to the bus control unit. Each control unit works together to complete the functions required by the
system. The MAX30100 microcontroller is used to detect human health. The LIS3DH three-way accelerometer
is used as the communication module to obtain the acceleration. The communication module has 13.56Mhz
passive RF electronic marking [13]. This machine adopts a 2.2V lithium-ion battery and a BQ24040 charger that
can be charged with 5V. The screen uses organic light-emitting diodes to bend the screen. The Buzzer module
adopts an active buzzer with an alarm function. P0.26 and P0.27 in the primary control component circuit U1
are connected to the XC1 pin, and the XC2 pin is connected to the 16/32 MHZ crystal oscillator to generate
oscillation. U2 module, U4 module, U5 module, U8 module is the physical monitoring module, communication
module, display module, buzzer module: power modules U6 and U7 supply power to the control module U1
through a voltage stabilization circuit. The pins SPC, SDI, SDO, and CS arranged by the mobile component
U3 are successively connected with the pins P0.10, P0.11, P0.12, and P0.13 of the main control component UI
so that information can be exchanged between the two components [14]. The communication component U4 is
configured with different pins; pin 2 uses RF pins, and the output impedance is 50 ohms. No.1 and No. 11 are
digital power supply pins that can be directly connected to the 3.3V working power supply, 27/28 is connected
to the crystal oscillator circuit, which can stimulate the vibration frequency, 25,26,32 is connected to the central
control module pins P0.14, P0.152, P0.16. This line realizes the data communication between the student’s
wristband and the teacher’s terminal. This paper provides a contactless intelligent RFID identification tag, S50,
which can improve the security of module operation and effectively resist external disturbance. The type S50
electronic marking comprises an RF interface and a digital controller [15]. Its memory is 1 KB. Each section
has 16 blocks, and each block is 16 bytes. The buzzer module uses a Tereski-type integrated circuit connected
to the central control component through the input and output pins. Under the adjustment of the central
control unit through the low-level switch, the S8550 triode drives the internal oscillation source to achieve the
purpose of alarm.
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3. RFID anti-collision algorithm. Given the shortcomings of the existing monitoring methods, such as
poor stability and poor real-time performance, this project intends to introduce the RFID collision avoidance
method of equal partition to achieve optimal control of the human body and embed it into the smartwatch to
improve its practicality [16]. Divide A picture into A segment with B as the number of marks to be identified.
The matching probability is:
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r is an integer and its value interval is r ∈ [0, n]. If it’s r = 1, then you get the odds of a match. The
calculation formula for setting the initial time slot value δτ,nh , δτ,ns and conflicting truth value δτ,ne is as follows:
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δτ,nε = τ · Fe = τ − δτ,nh − δτ,ns (3.4)

Set the throughput rate of the system to DRFID , and the ratio of the marks recognized by a frame identifier
to the total number of time slots is:
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Figure 3.1 describes in detail the specific implementation process of the anticollision algorithm of the RFID
system (the picture is quoted in Thinking about the Strategy and Practice Path of Modern Agricultural Industry
Development in the context of Big Data).

If the number of marks is more than 354, grouping the marks into N groups by equal area is necessary.
The signal is randomly selected in a specific time slot. The number of multiple labels was predicted by the
DFSAC-II method. Optimize the time slot based on accurate data. When the tag is identified, the following
tag identification process starts after the ”+1” group, and the method does not end until all the tags have been
tagged.

4. Experimental results and analysis.
4.1. Checking System Performance. The value range of the number of markers is set to [50,1500], and

the initial value of the method is set to 256. Set the value of the method to 1500. The resulting average is the
result [17]. The total number of time slots of the proposed algorithm, FSA_256 and DFSA algorithms change
with increasing the number of tags (fig.4.1). The delay of the proposed algorithm increases with the increase
in the number of tags. When the number of tags is 4912, it is reduced by 83.23% and 84.21% compared with
FSA_256 and DFSA, respectively, which proves that the algorithm can effectively shorten the collision time
and save the system identification time [18]. The change trend of system throughput is shown in Figure 4.2.
The algorithm’s delay increases with the increase in the number of tags. When the number of tags is 4912,
it decreases by 83.12% and 84.32% compared with FSA_256 and DFSA, respectively, which proves that the
algorithm can effectively reduce the conflict slot and save the system identification time [19]. The results show
that the network traffic changes under various methods with increased markers.

4.2. Physical monitoring module software debugging. The memory of the MAX30100 is accessed
using the IIC interface. First, it is initialized. When the red light is on, it is serial debugging so that it can be
measured in real-time. The data is sent to the PC through the serial port and compared with the physiological
indicators obtained by the red light and infrared LED. The MAX30100 transmits the collected information
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Fig. 3.1: Flow of RFID anti-collision algorithm.

Fig. 4.1: Comparison results of total time slots of the proposed algorithm, FSA_256 and DFSA algorithms.

to the master controller and stores it in memory. The electrical signal is converted into parameters such as
blood oxygen saturation and heart rate through calculations. The developed physical fitness monitoring module
can accurately display the athlete’s heartbeat, blood oxygen concentration and other indicators to reflect the
athlete’s physical fitness better. Through the motion control of the hand ring, the monitored motion information
can be accurately displayed on the OLED screen, which further verifies that the design of the motion module
is correct.
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Fig. 4.2: Comparison of total time slots.

5. Conclusion. This study successfully constructed a data mining evaluation model of athletes’ physical
fitness based on wearable bracelets. Through the in-depth analysis of a large number of physiological data
collected by physical health monitoring bracelet, we find that data mining technology has great application
potential in this field. In particular, the combination of RFID anti-collision algorithms improves the accuracy
and efficiency of data acquisition and enhances the model’s robustness and practicability. The establishment
of this model provides a new technical means for real-time monitoring and scientific evaluation of athletes’
physical health. It can accurately identify the key indicators of athletes’ physical fitness and provide scientific
and comprehensive training guidance for the coaching team. At the same time, the model can also prevent
sports injuries in daily training and improve athletes’ competitive performance.
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