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Abstract: Background: This study tested the reliability of the 3D coordinates of human joint points
obtained by using an AI motion capture system at a race walking scene. Methods: Using a direct
linear transformation (DLT) 3D video recording method, 15 race walking athletes were photographed.
We compared the average values, standard deviations, and 95% confidence intervals of the multiple
correlation coefficients and differences in the 3D coordinate–time curve of the human joint points
that were automatically parsed by the AI motion capture system with those that were manually
parsed. Results: Except for the left shoulder y coordinates, left hip y and z coordinates, and left toe
tip z coordinates, the multiple correlation coefficients between the curve obtained via the automatic
analysis and the average curve obtained via the manual analysis of the other coordinates were greater
than 0.90, while the difference between the curve obtained via the automatic analysis and the curve
obtained via the manual analysis of the left hand, the left wrist, the left hip, and the left toe was
less than 0.025 m. Conclusion: The 3D coordinates of the human joint points obtained via the AI
motion capture system were highly similar to the average value of the 3D coordinates obtained via
the manual analysis, supporting the use of the AI motion capture system as a highly reliable means
to capture the technical motion of race walking in the race walking competition context.
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1. Introduction

The analysis and diagnosis of race walking technology can help athletes to improve
their technical actions [1], reduce the intensity of the sports [2], prevent sports injuries [3],
and develop the best action procedures [4].

Image analysis involves the storing of a captured race walking video in a digital
form, inputting the video into relevant software for analysis, and extracting the data for
research [5]. Image analysis has the advantages of high accuracy, repeatability, and easy
operation, but the disadvantages are its laborious nature and the large amounts of time
it requires, and the test results are prone to deviation due to the operator’s proficiency.
Currently, image analysis is still the main analysis method in race walking technology at
home and abroad [6–8].

Human motion recognition is the process of tracking the motion of some key points
in the time domain to record human motion and transform it into a mathematical ex-
pression of motion. It can be considered to be a classification problem of time-varying
data, which means that pattern recognition is conducted through test sequences and pre-
calibrated reference sequences [9]. In recent years, inertial measurement technologies based
on accelerometers, gyroscopes, magnetometers, and wearable technologies based on elec-
tromyography have been developed rapidly, but there are also limitations to them, such as
equipment that may affect sports performance and that cannot be used in the competition
environment [10].
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Computer vision uses cameras and computers to capture, track, and measure the
targets, and it uses AI algorithms to achieve automatic motion recognition [11], breaking
through many limitations of traditional motion recognition technologies.

Beijing Sport University, Dalian Fast Move Technology Co., Ltd. (Dalian, China),
and China Track and Field Association jointly developed an AI motion capture system
(Fastmove 3D Motion AI, Dalian Fast Move Technology Co., Ltd., Dalian, China). This
system is a neural network model that is used for automatic human motion tracking and
pose estimation based on computer vision deep learning technology [12]. The system uses
optical flow tracking technology to reduce the image blur interference and background
interference caused by motion in the computer system which is tracking a moving human
body. After accurately capturing the moving human body, the system uses the convolu-
tional neural network method to conduct in-depth learning by using a large number of
parsed training datasets, and it is trained to generate a neural network model which is
then used for estimating the human posture and for establishing a probability distribution
map of the positions of joint points within the outer contours of the human body. In this
way, the human posture estimation neural network model can identify human joint points
in different movements, and it can automatically read the pixel coordinates of the joint
points [13]. After the 3D coordinate data of the joint points are collected, the model-driven
calculation function is used to automatically calculate the human kinematic data.

At present, the kinematic analysis of race walking technology mainly relies on the
manual analysis of race walking videos. Although the analysis results can be guaranteed in
terms of their accuracy, the analysis itself takes a substantial amount of time. The changes
in race walking technology during competition and training cannot be fed back to the
coach in a timely manner, thus losing the coach’s best opportunity to provide technical
guidance to athletes. If Fastmove 3D Motion AI can be applied to the analysis of race
walking technology, the problem of lagging feedback in race walking technology analysis
will be solved.

This study captured 3D photos at a race walking event to test the similarities and
differences between the 3D coordinate–time curve of the human joint points which were
automatically identified by the AI motion capture system and the 3D coordinate–time curve
of joint points which were identified via the manual analysis. The results were expected
to determine the reliability of the race walking technology as captured by the AI motion
capture system during the event to verify the system’s applicability.

2. Materials and Methods
2.1. Test Object

We captured 3D video of a women’s 20 km race walking event during the 2022 National
Walking Championships (Jinzhou, China), from which the top 15 athletes were selected as
subjects. See Table 1 for basic information on the subjects chosen.

2.2. Research Assumptions

(1) The multiple correlation coefficient between the 3D coordinate–time curve of the
human joint points which were automatically identified by the AI motion capture system
and the 3D coordinate–time curve of the joint points which were identified via the manual
analysis should not be less than 0.90.

(2) The difference between the 3D coordinate–time curve of the human joint points
which were automatically identified by the AI motion capture system and the 3D coordinate–
time curve of the joint points which were identified via the manual analysis should be less
than 0.025 m.

2.3. Test Tools

The AI motion capture system developed by China Dalian Ruidong Technology Co.,
Ltd. (Dalian, China) using two high-definition cameras from Japan SONY Company
(Tokyo, Japan) were used for the AI motion capture. The focal length of the camera was
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set to 26 mm, the shooting frequency was set to 60 fps, and the shutter speed was set to
1/1200 s. Before carrying out the AI motion capture, space calibration was performed on
the athletes’ route, and the size of the calibration space was 5 m × 5 m × 2.5 m. The video
resolution was 1920 × 1080 P. The AI motion capture system automatically carried out
human body key point recognition and 3D model reconstruction on the captured video.
The 3D reconstruction model consisted of 21 landmark points. See Table 2 for the location
of the landmark points.

Table 1. Basic information on the chosen subjects * (N = 15).

Name Age Height (cm) Weight (kg) Competition Results Ranking

Niu, Z.M. 28 159 47.5 1:33:31 1
Qi, J.Z. 25 161 46.4 1:34:47 2
Zhang, L.F. 25 163 48.2 1:35:48 3
Jiang, J.Y. 29 163 46.4 1:35:50 4
Zhang, X.L. 22 165 49.5 1:36:19 5
Shi, Y.X. 24 170 50.8 1:37:43 6
Gao, W.J. 27 168 53.1 1:39:13 7
Yang, L.J. 26 163 44.7 1:39:29 8
Liu, R.M. 24 162 46.5 1:39:56 9
Tan, Y.F. 29 167 48.4 1:40:12 10
Peng, L. 29 163 46.3 1:41:31 11
Ji, F.R. 23 161 46.6 1:43:59 12
Yang, W.Q. 29 160 43.8 1:44:27 13
Su, W.X. 21 164 48.7 1:44:53 14
Chen, M.Y. 27 166 52.4 1:45:42 15

* The subjects are from an adult women’s 20 km race walking event.

Table 2. Locations of landmark points of 3D reconstruction model.

Number Name Position

1 Head Vertex
2 Chin Cusp of chin
3 Neck Midpoint of neck
4 Lshoulder Midpoint of left shoulder joint
5 Rshoulder Midpoint of right shoulder joint
6 LElbow Midpoint of left elbow joint
7 RElbow Midpoint of right elbow joint
8 LWrist Midpoint of left wrist
9 RWrist Midpoint of right wrist
10 LHand Midpoint of left hand
11 RHand Midpoint of right hand
12 LHip Left hip midpoint
13 RHip Right hip midpoint
14 LKnee Midpoint of left knee joint
15 RKnee Midpoint of right knee joint
16 LAnkle Midpoint of left ankle joint
17 RAnkle Midpoint of right ankle joint
18 LHeel Midpoint of left heel
19 RHeel Midpoint of right heel
20 LBigToe Midpoint of the first metatarsal bone of the left foot
21 RBigToe Midpoint of the second metatarsal bone of the right foot

When we were manually analyzing the race walking video, we double clicked the
Fastmove Motion 3D software (Fast Move, Dalian, China) icon on the computer desktop to
enter the system home page. We clicked “New” to enter the workflow interface, entered the
project name and camera number, selected a new DLT calibration, imported the DLT model
file and calibration video into the system, and clicked “Save Project” after completing the
DLT calibration as required.

We clicked the “New” button in the workflow interface to add a new video group
and to complete the video group creation and file addition. We clicked the “Start” button
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to enter the motion analysis mark interface, and gradually complete the file processing,
analysis processing, data processing, and the processing of other contents (see Figure 1 for
the data processing interface). After processing the 3D analytical data, we clicked “Save”
and “Next” to enter the curve representation interface. At this time, it was possible to view
the original data and the filtered data. We could also observe curve changes of different
degrees by adjusting the truncation frequency. We could also select the data we wanted to
export and click the “Export CSV” or “OneKeyExport” button to export the data.
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2.4. Data Collection

Before the competition, we set up 4 columns on the walking route, took the small
balls suspended on each column as the reference points (see Figure 2), and we measured
the distance between the four strings of small balls on the ground projection center. Four
strings of small balls formed a 5 m × 5 m × 2.5 m calibration space. We set 5 ground
coordinate marker points on the ground in the calibration space to establish a geodetic
coordinate system. The x axis points toward the travel direction, the y axis points toward
the left of the travel route, and the z axis points upward.

We used the direct linear transformation (DLT) [14] 3D video-recording method, and
the resolution of the 2 high-definition cameras (SONY FDR-AX700, SONY Company, Japan)
which took the 3D photos of the test object’s race walking technology was 1920 × 1080.

The cameras were numbered. The main optical axis of camera 1 was perpendicular
to the athletes’ travel direction, and it was about 15 m away from the center of the travel
route. The main optical axis of camera 2 faced the direction of the athletes, which formed
an angle of about 45 ◦ with the main optical axis of camera 1, and it was about 15 m away
from the center of the athletes’ route (see Figure 1).

The camera was connected to the AI motion capture system by wire. The camera’s
main optical axis was set to about 1.10 m high. The focal length was adjusted to make the
imaging size and position appropriate.

After determining the settings of the calibration space, all of the calibration settings
were removed, and then, the race walking event was recorded. The camera was turned on
when an athlete was about to enter the calibration space, and it was turned off when an
athlete left the calibration space.
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2.5. Video Processing

The competition field of the adult women’s 20 km race walking event was 1 km/lap,
and the athletes were expected to walk 20 laps. We filmed every lap of the walking race of
all of the athletes. By calculating the average speed of the athletes in each lap, we found
that the speed of almost all of the athletes in laps 6, 7, and 8 was very close to the average
speed of the whole journey. The athletes were very energetic in laps 6, 7, and 8, and they
were rarely interfered with by other athletes. So, we chose the competition video of the
athletes in laps 6, 7, and 8 for the analysis.

The AI motion capture system was used to automatically analyze the race walking
video and to obtain the two-dimensional coordinates of 21 joints of the human body, which
were recorded by the two cameras [15], and the direct linear transformation (DLT) method
was used to synthesize the analytical data into 3D coordinates in the geodetic coordinate
system. The Butterworth low-pass filtering method was used to filter the analytical 3D
coordinate–time curve, and the truncation frequency was 10 Hz.

Six professional researchers used the manual analysis function of the AI motion
capture system to independently, manually analyze the race walking video of each athlete,
and a 3D coordinate–time curve of 21 joints of the human body was obtained.

The average value, standard deviations, and 95% confidence intervals of the multiple
correlation coefficients were calculated, and the differences between the 3D coordinate–time
curve of the human joint points obtained via the automatic analysis and the 3D coordinate–
time curve of the human joint points obtained via the manual analysis were determined.
For the calculation method, see [16–18].
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3. Results

The artificial intelligence motion capture system developed by China Dalian Ruidong
Technology Co., Ltd. uses image recognition and deep learning technology to automatically
recognize the key points of the human body without marks and to reconstruct a three-
dimensional model. The tracking efficiency is improved by using the optical flow method
to track the target. The special training conducted by the convolutional neural network
should be used to improve the recognition robustness and to increase the time constraint for
continuous motion in order to improve recognition accuracy. The system realizes the fast
collection of the athletes’ special technical action data and performs 3D kinematic analyses.
If the AI motion capture system can be improved in terms of algorithm optimization [19],
feature selection [20], neural network connection [21], and other aspects in future upgraded
versions, then the system performance will greatly improve.

Except for the left shoulder y coordinates, the left hip y and z coordinates, and the left
toe tip z coordinates, the average value and the lower limit of the 95% confidence interval
of the multiple correlation coefficients between the joint point coordinate–time curve which
was obtained via the automatic analysis and the average curve which was obtained via
the manual analysis are all greater than 0.90. The average value of the multiple correlation
coefficients and the lower limit of the 95% confidence interval of 93% of the curves which
were obtained via the automatic analysis and the corresponding average curves which were
obtained via the manual analysis are higher than 0.95. The average value of the multiple
correlation coefficients and the lower limit of the 95% confidence interval of 65% of the
curve which was obtained via the automatic analysis and the corresponding average curve
which was obtained via the manual analysis are higher than 0.98 (see Table 3).

Table 3. Multiple correlation coefficients of human joint point coordinate–time average curve obtained
via automatic analysis and manual analysis.

Body Parts
x Coordinate y Coordinate z Coordinate

M ± SD 95% CI M ± SD 95% CI M ± SD 95% CI

Top 0.9995 ± 0.000 2 0.9992~0.9998 0.9981 ± 0.015 3 0.9935~0.9991 0.993 4 ± 0.0095 0.982 8~0.9973
Mandible/neck 0.9994 ± 0.000 5 0.9992~0.9996 0.9888 ± 0.0115 0.9806~0.9923 0.9734 ± 0.0081 0.963 6~0.9782
Suprasternal notch 0.9996 ± 0.0002 0.9994~0.9999 0.9924 ± 0.0078 0.9860~0.9937 0.9921 ± 0.0163 0.9813~0.9951
L-shoulder 0.9997 ± 0.0001 0.9993~0.9998 0.8854 ± 0.0112 0.8638~0.9432 0.9799 ± 0.0051 0.9750~0.9919
L-elbow 0.9996 ± 0.0005 0.9991~0.9999 0.9911 ± 0.0116 0.9849~0.9961 0.9911 ± 0.0019 0.9857~0.9923
L-wrist 0.9993 ± 0.0003 0.9991~0.9995 0.9837 ± 0.0059 0.9819~0.9923 0.9938 ± 0.0082 0.9899~0.9981
L-hand 0.9995 ± 0.0004 0.9992~0.9996 0.9877 ± 0.0088 0.9758~0.9921 0.9969 ± 0.081 0.9852~0.9983
R-shoulder 0.9993 ± 0.0002 0.9992~0.9995 0.9788 ± 0.0138 0.9728~0.9837 0.9923 ± 0.0212 0.9788~0.9977
R-elbow 0.9996 ± 0.0005 0.9994~0.9998 0.9955 ± 0.0116 0.9880~0.9979 0.9801 ± 0.0126 0.9755~0.9963
R-wrist 0.9997 ± 0.0003 0.9995~0.9998 0.9895 ± 0.0161 0.9872~0.9979 0.9696 ± 0.0011 0.9651~0.9887
R-hand 0.9994 ± 0.0001 0.9991~0.9996 0.9978 ± 0.0043 0.9881~0.9996 0.9794 ± 0.0031 0.9688~0.9931
L-hip 0.9993 ± 0.0003 0.9991~0.9998 0.8840 ± 0.0194 0.8767~0.9351 0.8978 ± 0.0083 0.8624~0.9395
L-knee 0.9995 ± 0.0002 0.9993~0.9997 0.9728 ± 0.0223 0.9686~0.9895 0.9688 ± 0.0211 0.9529~0.9732
L-ankle 0.9996 ± 0.0004 0.9994~0.9998 0.9936 ± 0.0139 0.9811~0.9979 0.9852 ± 0.0053 0.9755~0.9893
L-heel 0.9993 ± 0.0001 0.9991~0.9996 0.9983 ± 0.0151 0.9853~0.9993 0.9916 ± 0.0121 0.9810~0.9943
L-tiptoe 0.9992 ± 0.0002 0.9991~0.9995 0.9852 ± 0.0117 0.9758~0.9991 0.8968 ± 0.0039 0.8658~0.9186
R-hip 0.9997 ± 0.0005 0.9996~0.9999 0.9816 ± 0.0038 0.9763~0.9946 0.9891 ± 0.0079 0.9829~0.9967
R-knee 0.9995 ± 0.0002 0.9993~0.9998 0.9735 ± 0.0152 0.9713~0.9872 0.9925 ± 0.0215 0.9849~0.9968
R-ankle 0.9993 ± 0.0001 0.9991~0.9996 0.9838 ± 0.0055 0.9799~0.9964 0.9682 ± 0.0029 0.9586~0.9832
R-heel 0.9993 ± 0.0002 0.9991~0.9995 0.9915 ± 0.0081 0.9878~0.9981 0.9925 ± 0.0051 0.9828~0.9985
R-tiptoe 0.9995 ± 0.0004 0.9992~0.9999 0.9793 ± 0.0062 0.9675~0.9957 0.9787 ± 0.0083 0.9642~0.9863

The average value and the upper limit of the 95% confidence interval of the difference
between the joint point coordinate–time curve which was obtained via the automatic
analysis and the average curve which was obtained via the manual analysis are less than
0.025 m. The average value of the 92% difference between the joint point coordinate–time
curve which was obtained via the automatic analysis and the average curve which was
obtained via the manual analysis and the upper limit of the 95% confidence interval is less
than 0.015 m. The upper limit of the mean value and the 95% confidence interval of the
53% difference between the joint point coordinate–time curve which was obtained via the
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automatic analysis and the average curve which was obtained via the manual analysis are
less than 0.010 m (see Table 4).

Table 4. Difference between the average human joint point coordinate–time curve obtained via
automatic analysis and manual analysis (m).

Body Parts
x Coordinate y Coordinate z Coordinate

M ± SD 95% CI M ± SD 95% CI M ± SD 95% CI

Top 0.0058 ± 0.0023 0.0045~0.0073 0.0082 ± 0.0036 0.0058~0.0133 0.0071 ± 0.0021 0.0051~0.0093
Mandible/neck 0.0087 ± 0.0029 0.0063~0.0095 0.0028 ± 0.0036 0.0011~0.0087 0.0065 ± 0.0018 0.0028~0.0082
Suprasternal notch 0.0017 ± 0.0013 0.0013~0.0045 0.0013 ± 0.0044 0.0011~0.0057 0.0059 ± 0.0037 0.0023~0.0079
L-shoulder 0.0051 ± 0.0030 0.0035~0.0086 0.0089 ± 0.0027 0.0066~0.0153 0.0122 ± 0.0023 0.0113~0.0151
L-elbow 0.0138 ± 0.0021 0.0111~0.0145 0.0116 ± 0.0022 0.0096~0.0138 0.0083 ± 0.0023 0.0053~0.0129
L-wrist 0.0093 ± 0.0019 0.0073~0.0132 0.0031 ± 0.0042 0.0016~0.0086 0.0071 ± 0.0019 0.0056~0.0091
L-hand 0.0034 ± 0.0025 0.0011~0.0076 0.0083 ± 0.0031 0.0063~0.0112 0.0069 ± 0.0038 0.0046~0.0083
R-shoulder 0.0034 ± 0.0037 0.0013~0.0086 0.0093 ± 0.0037 0.0062~0.0146 0.0086 ± 0.0032 0.0062~0.0112
R-elbow 0.0118 ± 0.0026 0.0095~0.0132 0.0107 ± 0.0043 0.0089~0.0129 0.0096 ± 0.0025 0.0073~0.0139
R-wrist 0.0093 ± 0.0014 0.0079~0.0136 0.0061 ± 0.0025 0.0032~0.0081 0.0095 ± 0.0011 0.0056~0.0129
R-hand 0.0014 ± 0.0029 0.0011~0.0047 0.0088 ± 0.0029 0.0061~0.0132 0.0062 ± 0.0028 0.0021~0.0098
L-hip 0.0075 ± 0.0025 0.0069~0.0125 0.0097 ± 0.0038 0.0075~0.0191 0.0081 ± 0.0021 0.0044~0.0158
L-knee 0.0063 ± 0.0039 0.0042~0.0099 0.0108 ± 0.0049 0.0083~0.0123 0.0053 ± 0.0038 0.0026~0.0082
L-ankle 0.0094 ± 0.0010 0.0107~0.0121 0.0031 ± 0.0044 0.0016~0.0088 0.0058 ± 0.0023 0.0016~0.0091
L-heel 0.0012 ± 0.0023 0.0007~0.0019 0.0028 ± 0.0026 0.0019~0.0081 0.0099 ± 0.0013 0.0055~0.0145
L-tiptoe 0.0059 ± 0.0036 0.0033~0.0135 0.0018 ± 0.0034 0.0012~0.0037 0.0091 ± 0.0023 0.0062~0.0166
R-hip 0.0016 ± 0.0037 0.0011~0.0022 0.0102 ± 0.0041 0.0067~0.0118 0.0069 ± 0.0026 0.0024~0.0081
R-knee 0.0031 ± 0.0016 0.0013~0.0077 0.0025 ± 0.0035 0.0014~0.0041 0.0068 ± 0.0033 0.0031~0.0093
R-ankle 0.0016 ± 0.0024 0.0012~0.0052 0.0058 ± 0.0022 0.0013~0.0087 0.0055 ± 0.0012 0.0028~0.0089
R-heel 0.0108 ± 0.0016 0.0086~0.0146 0.0023 ± 0.0039 0.0016~0.0046 0.0084 ± 0.0027 0.0042~0.0134
R-tiptoe 0.0072 ± 0.0024 0.0055~0.0118 0.0093 ± 0.0047 0.0075~0.0132 0.0077 ± 0.0028 0.0045~0.0098

We compared the kinematic parameters of the body center displacement velocity, torso
tilt angle, upper limb joint angle, and lower limb joint angle obtained via the automatic
analysis and the manual analysis at the time of left foot landing (see Table 5). It was found
that the difference between the shoulder joint angle during a backward arm swing and the
elbow joint angle a during backward arm swing was relatively large, but the difference was
not significant. Overall, the kinematic parameters obtained via the automatic analysis and
the manual analysis are consistent.

Table 5. Comparison of kinematic parameters of time of athletes’ left foot landing obtained via
automatic analysis and manual analysis.

Kinematic Parameter
Automatic Analysis Manual Analysis

∆ p
M ± SD 95% CI M ± SD 95% CI

Body center displacement velocity 3.35 ± 0.13 3.28~3.43 3.36 ± 0.13 3.28~3.43 0.002 0.978
Shoulder joint angle when
swinging forward 10.9 ± 4.9 8.9~12.7 10.8 ± 4.9 8.9~12.6 0.009 0.995

Shoulder joint angle during backward
arm swing 39.8 ± 5.6 37.8~41.8 38.5 ± 5.8 36.6~41.4 0.263 0.726

Elbow joint angle when swinging the
arm forward 77.4 ± 9.5 74.2~80.3 77.3 ± 9.3 74.3~80.3 0.015 0.988

Elbow joint angle during backward
arm swing 73.3 ± 5.1 71.5~75.2 71.7 ± 5.2 70.4~75.9 0.297 0.663

Torso tilt angle 3.0 ± 0.9 2.5~3.6 3.1 ± 0.9 2.5~3.6 0.013 0.970
Hip joint angle when feet touch
the ground 22.2 ± 2.9 20.5~23.8 22.1 ± 2.9 20.5~23.7 0.010 0.990

Knee joint angle of supporting leg 179.3 ± 0.6 178.9~179.6 179.2 ± 0.6 178.9~179.6 0.006 0.902
Knee joint angle of swinging leg 116.4 ± 3.2 114.6~118.2 116.4 ± 3.3 114.6~118.2 0.011 0.994
Ankle angle of landing foot 85.9 ± 2.8 84.2~87.4 85.9 ± 2.9 84.3~87.4 0.001 0.998
Angle of ankle joint of swinging foot 111.5 ± 4.7 108.8~114.1 111.5 ± 4.7 108.8~114.1 0.001 0.999

4. Discussion

The research results basically support the assumption that the multiple correlation
coefficient between the human joint point 3D coordinate–time curve obtained automatically
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via the AI motion capture system and the joint point 3D coordinate–time curve obtained
via the manual analysis is not less than 0.90. Except for the left shoulder y coordinates, left
hip y and z coordinates, and left toe tip z coordinates, the multiple correlation coefficients
between the curve which was obtained via the automatic analysis and the average curve
which was obtained via the manual analysis of the other coordinates are greater than 0.90,
which may be related to the two cameras on the right side of the travel route. A further
inspection of the data shows that the difference between the automatic analysis curve and
the manual analysis curve of the left hand, left wrist, left hip, and left toe tip is less than
0.025 m, indicating that the shape of the human joint point coordinate–time curve which
was automatically obtained via the AI is highly similar to that of the human joint point
coordinate–time curve which was manually analyzed. This shows that the use of the AI
motion capture system in race walking competitions has high reliability.

The research results support the hypothesis that the difference between the human
joint point 3D coordinate–time curve automatically obtained via the AI motion capture
system and the joint point 3D coordinate–curve obtained via the manual analysis is less
than 0.025 m. The results show that the average value and the upper limit of the 95%
confidence interval of the difference between the joint point coordinate–time curve which
was obtained via the automatic analysis and the average curve which was obtained via
the manual analysis are less than 0.025 m, and the average value and the upper limit of
the 95% confidence interval of the 92% difference of the joint point coordinate–time curve
which was obtained via the automatic analysis and the average curve which was obtained
via the manual analysis are less than 0.015 m. These results show that the joint point
coordinate–time curve which was obtained via the automatic analysis is highly similar to
the average value of the curve which was obtained via the manual analysis, which further
supports the high reliability of the AI motion capture system in race walking competitions.

To date, the AI motion capture system has been applied in actual competitions of
throwing and jumping and ice and snow events [22,23], and our research has also applied
the AI motion capture system to the race walking scene, with a very good performance
and effects. The industrial camera version of the AI motion capture system can provide
biomechanical data of motion technology within 1–2 min, and the data feedback speed is
basically the same as that of the video analysis system which is currently used to collect
data via reflective points. These application results of the AI motion capture system and
the results of this study testing the reliability of the system show that the AI motion capture
system cannot only provide effective joint point coordinate data, but it can also greatly save
manpower and improve the speed of data feedback.

In the future, when one is using the joint point 3D coordinate data collected via the
AI motion capture system, the accuracy of the collected data can be further improved by
increasing the number of cameras. We used two cameras in our research, which meets the
minimum requirements for 3D coordinate data acquisition. In the shooting process, as long
as one camera is blocked by other parts, or the position of the limb relative to the camera is
not conducive to identifying the joint points, the collected data may have relatively large
errors. This is the main reason for the large difference between the automatic resolution
curve of the left joint point coordinates and the manual resolution average curve in this
study. Therefore, increasing the number of cameras and synthesizing 3D coordinate data
using only the data of the cameras which clearly identify a given joint point can significantly
improve the accuracy of 3D joint point coordinates [24].

5. Conclusions

The AI motion capture system can quickly and accurately obtain the 3D coordinate data
of human joints in outdoor sports scenes, and it can provide the biomechanical parameters
and effect the indicators of athletes. It is verified that the human joint 3D coordinates
obtained via the AI motion capture system are highly similar to the average value of
the 3D coordinates obtained via the manual analysis, and the walking technique motion
capture has high reliability for walking competitions. The system solves the problem of
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the requirement of placing reflective points on athletes under non-laboratory conditions
in order to obtain their kinematic data. At the same time, there is no need to manually
identify and analyze videos frame by frame or point by point, which greatly reduces the
workload and improves the efficiency of motion technology analysis.
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