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Abstract. In order to improve the accuracy of table tennis players’ movement
recognition, a movement recognition system based on MEMS sensor is designed.
The hardware part chooses MEMS sensor chip as the core processing chip, and
designs the connection circuit of sensor. In the software part, the overlappedmotion
recognition signals are filtered, the network camera with certain parameters is
used to obtain the motion parameters, and the recognition process is constructed.
Simulation results show that the system has a high recognition accuracy of up to
99.9%, which has a certain application prospect.
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1 Introduction

With the further development of computer graphics, computer vision andmotion capture
technology, the application of advanced optical motion capture system has far exceeded
the early design. It can capturemore detailedmotionwithmore tracking points and higher
speed. However, due to its limited camera coverage, complex tracking scheme and high
price, it is difficult for ordinary users and small companies to use. For this reason, there
are mechanical capture system, electromagnetic capture system and acoustic capture
system.

The goal of motion recognition is to enable the robot vision system to see and
distinguish different human movements like the human eye and brain, and complete
the marking of unknown action types. Nowadays, it has been widely applied to the
field of motion recognition of athletes. For example, someone has designed a real-time
collection system of motion attitude data through the combination of FPGA and ARM,
and designed a Kalman filter to eliminate the random noise in the collected data signal
so as to achieve the detection of related movements [2]. Also, someone has studied
the Dynamic Time Warping (DTW) algorithm, based on the spatial characteristic data
collected from the basic technical movements of excellent table tennis players and young
table tennis players of the national team, constructed a basic ball movement model of
table tennis players of the national team by taking the loop ball with the backhand
pull as an example, so as to analyze and identify the ball strokes of young table tennis
players [3]. In order to accurately identify the movements of table tennis players and lay
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a good foundation for the next training and analysis, this paper studies the movement
recognition system of table tennis players based on MEMS sensor. In the hardware part,
MEMS sensor chip is selected as the core processing chip, and the sensor connection
circuit is designed. In the software part, the overlapped motion recognition signals are
filtered, and themotion parameters are obtained by using the network camerawith certain
parameters, and the recognition process is constructed, hoping to improve the table tennis
players’ action recognition level, and improve the table tennis players’ action skills and
efficiency.

2 Hardware Design of Athlete Movement Recognition System

2.1 Select MEMS Sensor Chip

The selection of the sensor chip determines the sampling rate of the high-speed sampling
system. On the basis of satisfying the sampling rate of the system, the vertical resolu-
tion of the AD chip is also a parameter to be carefully considered, but the resolution is
not directly proportional to the accuracy, and the high-resolution AD chip cannot pro-
vide high-precision sampling [4–6]. Because the sampling rate of this system reaches
about ten MHz to thirty MHz, after comprehensive consideration, it is decided to adopt
a AD9280 high-speed ADC chip provided by ADI Company. Its internal schematic
diagram is shown in Fig. 1:
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Fig. 1. Inner structure of sensor chip
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The chip has a maximum sampling rate of 32 MSPS to support multiple sampling
requirements, uses a vertical resolution of 8 bits, and combines bio-nano sensors. Single
power supply is used to ensure low power consumption. Using its internal “embedded
clamp” function, the integrated reference power supply circuit and sample and hold
circuit. The error of differential nonlinearity (DNL) is controlled at 0.2 LSB, the IF
subsampling is kept at 13 SMHZ, the reference voltage in the adjustable chip is used
and the output mode of the three-state gate is adopted.

FPGA is a typical representative of programmable devices, which is based on PAL,
GAL, CPLD and other programmable devices. Its level interface is quite rich, and it is
easy to implement different kinds of protocols. In this system, the FPGA is required to
complete the related logic control circuit functions, and at the same time to complete
the task of storing a large number of collected data (the system intends to use SDRAM
for data storage). Therefore, the choice of FPGA chip needs to include rich interface
and logic resources, and can achieve the design requirements of SDRAM controller
[7–9]. Therefore, after comprehensive consideration, it has been decided to adopt the
EP4CE6F17C8 chip of Altera’s Cyclone IV series as follows:

(1) It has as many as 6272 logical components/units, 392 LAB (Logic Macro Cell,
programmable logical array)/CLB (Configurable Logic Block, configure logical
modules), has very rich connection resources, and it runs very fast, up to 260 MHz.

(2) It is embedded with RAM up to 276480 bits, the main component of which is the
M4Kblock of 4KBit, and each block is very fast, up to 250MHz.And configuration
is flexible, each M4K module can be configured for a variety of memory, such as
single-port or dual-port RAM, ROM and FIFO and so on.

(3) It has as many as 15 18 * 18 bit hardware multipliers built into it, runs at speeds up
to several hundred MHz, and has selectable I/O registers.

(4) Two phase-locked loops (PLL) and 10 global clock networks shall be connected to
facilitate the application and management of clock control. Provides a number of
dedicated clock input pins.

(5) Capable of supporting multilevel single-ended I/O standards: 1.5 V, 1.8 V, 2.5 V
and 3.3 V. High speed ports supporting various I/O standards, and providing up to
200 MHz DDR2 SDRAM interface, as well as 167 MHz QDRII SRAM and DDR
SDRAM, this design uses these ports of FPGA to design SDRAM controller.

The system adopts HY57V2562GTR SDRAM chip, whose capacity is 256 Mbit,
which can meet the requirements of the system, and its characteristics are: 256 Mbit
(16M * 16 bit) storage capacity, 16blt bus. 8192 refresh cycle/64 ms. Power supply
voltage, VDD= 3.3 V, VDDQ= 3.3V. The 4Mbit * 4banks* 16 I/O SDRAM functional
module diagram is shown in Fig. 2:
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Fig. 2. Functional module diagram

As shown in Fig. 2, the hardware connection circuit is designed according to the
functional module diagram shown in the diagram.

2.2 Design Hardware Connection Circuit

Under the control of the hardware card, there are many kinds of redundant resource
outputs for the information of table tennis players, so when designing the hardware
connection circuit, an output circuit is designed to realize the fault-tolerant function of
hardware structure to data [10–12]. Set the voltage of the whole circuit to be between
3.3 V and 8 V. Set the resistance with low impedance and 10 � on the branch with
few hardware components. Output a driving load at the same time. The output circuit is
shown in Fig. 3.

Under the control of the output circuit structure shown in Fig. 3, the control processor
in the control card is connected with pin 6, and the movement information of the table
tennis player enters into the processing unit of the core through the pin 2. After being
processed by the hardware core, the movement information is output through the pin
5. Control core processing board through the FGPA bus connection memory storage
circuit, in the memory with the function of control, realize the external expansion of
hardware circuit [13–15]. On the other side of the line bus, asynchronous serial interface
is adopted, and theCPUprocessing board and thememory circuit are rationally arranged.
Combined with RS422 standard four-wire system to regulate the movement data of
athletes. Using the function of UART module integrated by processor and bridge chip,
the level conversion form in circuit is set.

The hardware circuit of the system adopts an integral power module for power
supply. Under the control of the storage circuit and the output circuit, the power supply
demand of the hardware is divided into two parts. The first part supplies power to the
integral hardware circuit, and the second part supplies power to the chip processor in the
CPU board. A voltage converter is placed on the connecting line between the integral
power supply and the hardware chip. In order to satisfy the stability between the hardware
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components and the circuit, the voltage regulator is selected as the three-terminal voltage
regulator of model AM S1084-3.3V [16–18].

3 Software Design of Athlete Movement Recognition System

3.1 Processing Overlapping Action Recognition Signals

The signals emitted by the single- chip microcomputer are generally in the form of
a single channel. It is assumed that there are six commonly used digital modulation
signals and noises in the time-frequency overlapping signals received by the single- chip
microcomputer. The mathematical expressions are as follows:

r(t) =
6∑

i=1

s(t) + n(t) (1)
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Among them, n(t) means Gaussian white noise, s(t) means singlechip signal. The
above generated overlapping signals are processed by sparse filtering with n(t) numeri-
cally equal signals as overlapping signals, and the independent expression of overlapping
signals can be recorded as shown in Fig. 2:
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In formula (2), ak represents the code element sequence, E signal energy, f0 rep-
resents the initial phase of the carrier, Te represents the code element width, and P(t)
represents the raised cosine pulse shaping function. According to the above sparse signal
energy cumulants, the higher-order cyclic cumulants of the sum of several independent
cyclostationary signals are equal to the sum of the higher-order cyclic cumulants of
several signals. Assuming that the overlapping signals are independent, we can obtain:

Ca
k,r(τ1, τ1, ..., τk−1) =

M∑

i=1

Ca
s + Ca

N (3)

In formula (3), a denotes the cyclic frequency of the signal of the SCM, k denotes the
cyclic cumulant, τ denotes the sparse filter parameter, and thus, if the cyclic frequency
of several signals is known to be unequal and irreducible [19–21], the cyclic cumulant
of several signals can be obtained respectively by calculating the cyclic cumulant of
the received signals at different cyclic frequencies. Therefore, the feature parameters
are set to highlight the difference of overlapping signal recognition. If the control delay
parameter is 0, the first-order cyclic cumulant expression can be expressed as follows
(4):

Ca
r,10 =

√
E

Te

∫ ∞

−∞
P(t)dt (4)

The characteristic parameters of the signals BPSK, QPSK, 8PSK and 16QAM are
obtained by integrating the above overlapped signal characteristics using the formula of
formula (4) first order cyclic cumulants as the calculation formula of the characteristic
parameters. From the above analysis, it can be seen that only the first-order cyclic
cumulants of 2FSK signals in the overlapped signals have values at the cyclic frequency,
and the first-order cyclic cumulants of other signals are zero [22–25]. Therefore, the first
order cyclic cumulants are used as the characteristic parameters to identify the 2FSK
signals and the BPSK, QPSK, 8PSK and 16QAM signals. The feature is highlighted
as a discrete spectral line on the frequency axis, and the 2FSK signal is identified by
detecting the discrete spectral line. The signal selectivity of the cyclic cumulants results
in the recognition process shown in Fig. 4:
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Fig. 4. Overlapping signal screening process

In the screening process shown in Fig. 4, in the background of Gaussian noise, the
first order cyclic cumulant is used to eliminate the overlapping cumulant generatedwithin
the signal. After the overlapping signal is processed by sparse filtering, a software with
recognition function is designed to finally complete the design of the motion recognition
system.

3.2 Implementation of Software Action Recognition

In the application of motion recognition in real scene, it is necessary to use visual sensors
to collect visual information. In view of the development trend of simple equipment and
low cost in robot vision in the future [26–28], the TMV T828 (MINI) network camera,
which iswidely used at present, is selected to collect the imaging information of the actual
scene, and its parameters are: USB2.0 interface, CMOS photosensitivity, and image
imaging resolution 2048 × 1536. Based on the T828 (MINI) webcam, the application
software system firstly utilizes the VideoCapture class in the OpenCV library as the
video capture module to obtain the video equipment [29–31], and initializes the relevant
parameters and sets the video object. The implementation process can be expressed as
follows:
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Under the realization flow shown in Fig. 5, the design of motion recognition system
is finally realized.

4 Simulation Experiment

4.1 Construction of Development Environment

According to the non- functional requirements of the overall design of the identification
system, the system uses ARM9 as the processor and reasonable peripheral hardware
equipment, chooses Wince as the operating system of energy consumption acquisition
software, and describes the structure of the action data acquisition system by modules
according to the process.

Leads to 4 TTL serial port, 10 PIN JTAG interface and so on. GPRS interfacemodule
is used to transfer data to the server, RS485 and RS232 interface is used to collect data,
NANDFLSAH is used to store energy consumption data, JTAG interface is used to debug
hardware devices and bootloader burning. To take full advantage of the 2440’s support
for SD card startup, the produced superboot and object files are placed into the SD card
for easier and faster installation or operation of various embedded systems (Windows CE
6/Linux, etc.). The S3C2440 itself has a total of 4 serial ports UARTO, 1, 2, 3, of which
UARTO and 1 are a five-wire functional serial port and the other two are three-wire
serial ports. All of these are greatly convenient for the use of embedded software system
development. System hardware devices are shown in Fig. 6:
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Fig. 6. Test environment

The data acquisition system takes S3C2410A as the processor, and communicates
with the instrument through RS-485, RS-232 interface. When collecting RS-232 and
RS-485 at the same time, the converter should be used. The converter can convert the
single-ended RS-232 signal to the balanced differential RS-485 signal. The data is stored
in NAND FLASH after the energy consumption equipment is collected, and finally the
data is uploaded to the data center through the Ethernet interface. The real-time clock
battery of the collector provides precise time for the equipment, and ensures the accuracy
of the acquisition time (the real-time clock chip uses the crystal oscillator with high
precision as the clock source). Insert the SD card into the card seat and use the SD card
to flush the Wince operating system. Connect the LCD interface to the display screen,
connect the 5 V power supply, and open the switch to start the operating system.

RS485 to TTL module metering equipment connected to the acquisition equipment,
to achieve remote data communication with the measuring device. The controller com-
municates with the externalmeasuring device through TTL serial port, sends instructions
to the external measuring device, sets the relevant parameters of the external measuring
device and collects the relevant measuring data. The serial port of TTL level is connected
with the external measuring device through RS485/TTL converter to realize the mutual
conversion of the standard serial interface. The RS485/TTL converter is compatible with
the RS-232, RS-485 standard and can convert a single-ended RS-232 signal into a bal-
anced differential RS-485 signal and transmit the collected data to the upper computer
through the Ethernet interface. Set the pin description for the serial port, as shown in
Table 1:
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Table 1. Pin interface description

Pin Definition Explain

JTT-A-TTL JTT-A-USB JTT-A-232 JTT-A-485

1 GND URAT input, TTL level D− Ground A

2 RX/B/D− Rx, 232 level

3 TX/A/D+ URAT output, TTL level D+ Tx, 232 level B

4 VCC DC5-7V

After setting the pins, debug the serial port state and select the “Device Application”
template. Then click the VS2008 menu tool “Connect to Device” and press F5 to start
debugging. Finally, choose “Windows CE Devices” to start deployment, to this system
after the completion of the hardware and software debug development environment
setup. Then experiments are carried out by using the recognition system in document
[2], document [3] and the recognition system designed in this paper to compare the
performance of the three data acquisition systems.

4.2 Analysis of Experimental Results

Based on the above experimental preparation, 30 test users on the iPad are used as the
load users of the identification system, and each five users are used as a test group to
measure the response time results of the three action recognition systems under different
number of user loads. The response time results are shown in Fig. 7:
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The result of response time shown in Fig. 7 shows that the response time of the three
identification systems gradually increases as the number of users accessing the action
recognition system increases. When the number of online users is 30, the identification
system in Document [2] has the longest response time and the final response time is
about 5.5 s, and the identification system in Document [3] has the shortest response
time. Under the control of the same number of online users, the final response time
is about 3.3 s, while the identification system designed in this paper has the smallest
response time and the value of response time is about 1.9 s. Compared with the above
two identification systems, the final response time of the identification system designed
in this paper is the shortest.

Keep the above experimental environment unchanged, select 10 of the 30 iPads used
for the test, control the iPad to receive 50 identification resource data, when the visual
image in the iPad is normal, test the number of packet loss, calculate and summarize the
packet loss rate results. The packet loss rate results of the three identification systems
are shown in Table 2:

Table 2. Results of packet loss rate of three identification systems

Test iPad serial number Packet loss rate/%

Document [2]
identification system

Document [3]
identification system

Design system

1 0.78 0.50 0.15

2 0.75 0.47 0.19

3 0.74 0.45 0.18

4 0.74 0.47 0.23

5 0.73 0.49 0.17

6 0.80 0.45 0.25

7 0.79 0.48 0.24

8 0.78 0.49 0.18

9 0.77 0.46 0.21

10 0.78 0.50 0.21

Control three athletes’ action recognition systems to recognize the same athletes’
movements, count and calculate the packet loss rate. From the data in Table 2, we can
see that the data of packet loss rate of the athletes’ action recognition system used in
Document [2] is the highest, the data of packet loss rate produced by each iPad is about
0.76%, the data of packet loss rate produced by the athletes’ action recognition system
used in Document [3] is less, the average packet loss rate is about 0.47%, and the data of
packet loss rate produced by the recognition system designed in this paper is about 0.20.
Compared with the above two resource recognition systems, the data of packet loss rate
produced by the resource recognition system designed in this paper is the smallest, and
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themovements received by athletes aremore complete in the actual process ofmovement
recognition.

Assuming that the categories of athletemovements to be identified in the three recog-
nition systems are Categories 1, 2, 3, 4, 5 and 6, and 50 sets of movement information are
prepared for eachmovement information type, if the identified identifiers are the same as
the identifiers in the movement information, it is a successful recognition process. Under
the control of the three movement recognition systems, the accuracy rates of movement
recognition for different categories of athletes are calculated and counted as shown in
Table 3:

Table 3. Accuracy results of three recognition systems

Categories of
information

Accuracy of action recognition/%

Document [2]
identification system

Document [3]
identification system

Design system

Category 1 79.4 88.6 96.2

Category 2 76.6 89.1 99.9

Category 3 77.7 85.2 96.6

Category 4 76.1 85.6 98.6

Category 5 79.5 87.3 98.7

Category 6 78.2 89.7 96.6

Mean value 77.91 87.58 97.76

As can be seen fromTable 3, the three recognition systems showdifferent recognition
accuracy for the samenumber and types of athletes, and the average accuracy of the above
table can be seen, the recognition accuracy of the recognition system in [2] literature
is about 77.91%, and the recognition accuracy is low. When the recognition system in
document [3] is used in practice, the final recognition accuracy is about 87.58%, and
the accuracy is high. The final recognition accuracy of the system is about 97.76%.
Compared with the above two systems, the accuracy of the system is the largest and the
recognition is the most accurate.

5 Concluding Remarks

Motion recognition is an important guarantee for the friendly interaction between robot
and AI, and it is also a research hotspot in robot vision, AI and robot technology. In
this paper, the problem of low accuracy in current motion recognition is analyzed, and a
motion recognition systembased onMEMSsensor is designed to recognize themotion of
table tennis players accurately. The simulation results show that the shortest recognition
response time of the system is about 1.9 s, the packet loss rate is about 0.20, and the
recognition accuracy is up to 97.76%. However, due to time constraints, the system still
has some shortcomings, which will be the focus of the next step.
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