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Abstract At present, deep convolutional neural
networks (CNNs) have made impressive progress on
human pose estimation. Sports pose is one of the important
bases for evaluating the athletes’ skill level. Until now, the
determination and analysis of athletes’ pose is still very
time-consuming manual work. Therefore, how to adapt and
retrain the state-of-the-art human pose detection system
and apply it to specific sports competitions is of great
significance. Videos recorded on a regular basis can
quickly provide a large amount of pose data, and the video
recording work is a preliminary preparation for the
development of mining algorithms. In this study, we use
running as an example of a sport. Using the
High-Resolution Net (HRNet) neural network algorithm,
we obtain 2D pose data from the video recordings of
individual movements to realize the recognition and
evaluation of athletes' movement pose during running. This
breaks the research boundaries of traditional laboratories
and realizes the analysis of movements during actual
running competitions. Our experimental results showed the
effectiveness of this method, which has the potential to be
applied to other cycle-based or phase-based types of sport.
The exploration of this study has achieved the
identification of running motions and the analysis of
relevant motion variables, such as joint angle, stride
frequency, stride length, etc. This provides a more
scientific technical basis for us to adopt this method in

practical sports video analysis in the future.

Keywords Running Pose, Pose Estimation, HRNEet,
Action Recognition, Object Tracking

1. Introduction

Research on cross-discipline integration is becoming
more extensive with various developments in science and
technology. The commercialization of computers had a
significant impact on sports modernization. Nowadays,
computers are widely used to improve the movement of
athletes and also to assess technical aspects that are
difficult to judge with the naked eye [1]. In the traditional
human posture recognition system, the tester needs to wear
some customized sensors to measure body position, speed,
inertia, etc. However, wearable devices have certain
security risks due to their intrusiveness. With the advance
of computer vision and image processing, image-based
non-contact human motion analysis has emerged [2]. For
example, recognizing sports activities requires a highly
accurate estimation of skeletal joints. Human pose
estimation can precisely predict the pose of human body
parts in images or videos and make judgments and analysis
on their movements [3].
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Human pose estimation (HPE) has been an active
research topic for decades. In recent years, convolutional
neural networks (CNNs) have become increasingly
popular in tracking various tasks, such as object
recognition, image classification, etc. CNN can also be
applied in human pose estimation [4]. Many datasets have
been published in recent years to evaluate human pose
estimation algorithms. Many of these studies extensively
used 2D human pose benchmark datasets [5,6]. Meanwhile,
3D human pose datasets are relatively less diverse due to
the constraints of 3D pose capturing sensors [3].

In many sports disciplines, HPE is an important method
for performance analysis and hence the improvement of
athletic performances [7]. In recent years, with the
deepening of cross-integration of different subjects,
in-body research on human pose recognition and
evaluation has gradually become popular in the field of
sports. Huang & Liu [8] used OpenPose as a human key
points detection model for 2D pose recognition and
converted the detected data into clinical test metrics.
Through metric scores, they corrected the sports training
methods and reduced athletes' sports injuries. De Souza
Vicente et al. [9] used latent-dynamic conditional random
fields on RGB-d skeleton estimates of Taekwondo fighters
to identify specific kicks and punches in a fight sequence
[10]. Lei et al. [4] proposed a network structure for the task
of single person pose estimation in a complex environment.
They improved the stacked hourglass model and applied it
to the pose estimation of a single diver, increasing the
detection accuracy of human key points. In addition, Wu &
Koike [11] used a residual convolutional neural network to
estimate a table tennis player's continuous upper body pose.
Bao et al. [12] proposed a video-based method for
estimating the pose of ski jumpers. They used
High-Resolution Net (HRNet) to transfer the learning of
feature knowledge from the public dataset COCO 2017 to
the task of ski jumper’ s pose estimation, and it has
improved higher than other mainstream human pose
estimate methods.

At present, computer vision has been used to achieve
certain research findings in sports, but there are not many
applications to running events. Since video data acquisition
is relatively simple, this study proposed a video-based
method for estimating the pose of runners. This method can
greatly reduce the data processing time for traditional
technicians to manually label athletes and then perform
motion analysis. Analyzing these movements allows us to
quantify parts of the race, which can generate sports
performance indicators, evaluate the driving factors for
success, help make more accurate judgments, and provide
more reasonable suggestions.

The main contributions of this study may include the
following:

1) Faster R-CNN is a classic algorithm with high
accuracy and a wide range of use in the field of object
detection, and Cascade R-CNN is an improved version
of Faster R-CNN. In this study, the method of Cascade
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R-CNN is applied to the detection of runners, and the
deep convolutional neural network (D-CNN) is used
to extract image features and also to realize the object
detection and tracking of runners.

2) Processing human body detection frames uses the
HRNet neural network model, realizing the detection
of the tracked object human joint points and outputting
the motion coordinate trajectory of each joint point.

3) By calculating the coordinate points of the detected
human skeleton's joints, we were able to calculate the
angle changes of the human body pose in each frame
of the image, as well as relevant mechanical variables
such as stride frequency, stride length, and body center
of mass during running. This helped us to realize the
biomechanical evaluation of athletes' sports skills and
performances.

2. Related Works

The related works will be introduced from three
different perspectives: Datasets for human pose estimation,
body pose estimation and tracking, and the application of
pose estimation in sports.

2.1. Datasets for Human Pose Estimation

In recent years, many datasets have been published to
evaluate human pose estimation algorithms. The datasets
are becoming increasingly complex and more challenging.
Usually, 2D human pose datasets are widely used. Due to
the limitations of 3D pose-capturing sensors, the 3D human
pose datasets are relatively less diverse [3]. The databases
for 2D pose estimation mainly include MSCOCO, MPII,
FLIC, etc. The current mainstream research databases for
pose estimation are the two databases COCO and MPII.
The COCO dataset was developed by Microsoft in 2014
for image segmentation detection [13]. The COCO dataset
contains 200,000 images and 250,000 examples with 17
key points of human bones. The MPII dataset is an
evaluation benchmark for human pose estimation released
in 2014, and it is the first large-scale benchmark dataset for
human pose estimation [14]. The image frames are selected
from YouTube videos, which include about 25,000 images,
of which more than 40,000 body key points are annotated,
and each human body is annotated with 16 feature key
points. MPII can be used for single and multi-person pose
estimation evaluation. The FLIC images are collected from
popular Hollywood movies [15]. On the other hand,
HumanEva-I1&Il, Human3.6 M and MPI-INF-3DHP are
three commonly used datasets for 3D pose evaluation.
Compared to the above 2D human pose datasets, 3D pose
datasets have less diversity in terms of the background or
environment. All samples from Human3.6 M are captured
in an indoor environment. Thus models trained with the
RGB images from it are usually not well generalizable to
real-life scenarios [3].
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2.2. Body Pose Estimation and Tracking

Before the emergence of CNN, traditional methods
relied on various features designed by researchers.
Subsequently, with the progress of scientific research,
significant improvements have been made in human pose
estimation. For example, Newell et al. [16] proposed a
stacked hourglass network, which is the first
multi-resolution network for human pose estimation. The
hourglass based network effectively aggregates features
with the same spatial orientation to obtain rich low-level
information for accurate key point localization [17]. Chen
et al. [18] proposed a Cascade Pyramid Network (CPN) to
integrate feature representations at all levels to improve the
human pose estimation process, which won the COCO
2017 key point challenge [19]. Subsequently, Sun et al. [20]
proposed a novel HRNet that maintains a high-resolution
table throughout the whole architecture. HRNet
continuously learns high-resolution features by connecting
convolutional streams from high-to-low and low-to-high
resolution, and achieves state-of-the-art estimation
performance [21].

In terms of human body pose estimation algorithms, 2D
human body pose estimation has become a basic but
challenging problem in computer vision, with the goal of
locating key points of the human body (such as elbows and
wrists). Its application is also wide, such as Human Action
Recognition and Human-Computer Interaction. There are
two main types of 2D human pose estimation algorithms:
Top-Down and Bottom-Up. Top-Down first detects the
human body in the image and then predicts the key points
for each human body individually. The computational cost
of this method increases with the increase of the number of
people, and the accuracy is higher. Bottom-Up first detects
all the key points, then clusters the key points and
combines them into a human body. The calculation amount
of this method does not increase with the increase of the
number of people. The 3D human pose estimation
algorithm mainly predicts the position of a person in 3D
space. According to different inputs, it can be divided into
the following three methods: 1) predict 3D Pose from 2D
Pose based on monocular images [22]; 2) based on
multi-view information [23]; 3) based on video
(multi-frame) information [24].

2.3. The Application of Pose Estimation in Sports

HPE plays a crucial role in analyzing and enhancing the
performance of athletes across various sports disciplines.
Ludwing et al. [7] proposed two methods in the research on
self-supervised learning for human pose estimation in
sports (taking the triple and long jump as an example). The
two methods fine-tune a 2D HPE system trained on general
poses to a sports discipline-specific HPE model using only
a few labeled images. The evaluation results show the
sufficiency of a training dataset containing 50 labeled
images and some video sequences to train a deep neural
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network for a new sports domain such that it generates
acceptable results. These methods could open the usage of
human pose estimation performance measurements to a
wide range of sports disciplines in the future. Also, the
expense to collect video material is very low as it only
requires a smartphone or a small camera, so it is very
cost-friendly. In addition, the tracking and evaluation of
soccer players' poses during the competition [25], the
detection of long jumpers' landing, jumping and stride
events [26], and the flight parameters of ski jumpers such
as ski angle, lower body angle, and upper body angle are
used to improve their body posture during the flight phase,
to achieve long-distance flight [7,12], and to predict the
landing point of the serve for table tennis players [11].
Although pose estimation has been applied in many sports
events, there is almost no application in track and field
competitions (such as sprinting, long-distance running,
etc.).

Typically, sports technique analysis is primarily
confined to local sports biomechanics laboratories. The use
of laboratory measurements is constrained due to the
inability of sports equipment to perfectly simulate natural
activities and the challenge of replicating outdoor
environmental conditions [27]. Moreover, athletes are
equipped with various sensors capable of quickly and
accurately detecting and tracking movements, providing
valuable information. However, this traditional method
imposes an additional burden on athletes, significantly
affecting their competitiveness [28,29]. With the
advancement of artificial intelligence, numerous studies
that were previously only achievable through experiments
have been changed. In a previous study, we employed
OpenCV to track 1500 m runners in mid to long-distance
running [30], outputting their actual coordinates,
calculating their real running distance and speed. Building
upon this foundation, the current study utilizes middle
distance running as an exemplar to achieve 2D posture
tracking and evaluation during running movements. If the
recognition and evaluation of runners' posture in videos
can be achieved, it will further transcend the confines of
traditional laboratories, fostering the advancement of
sports technology action analysis, and enabling the
analysis of middle distance runners' movements in
competitive settings.

3. Method

3.1. Video Shooting

We used a high-speed camera to track and film runners.
The camera is securely fixed onto a tripod and placed at the
center of the university-standard, 400-meter track and field
playground. It has a shooting speed of 25 frames per
second and an image resolution of 1920 * 1088 pixels. The
detailed setup of the shooting venue is shown in Figure 1.
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Figure 2. Runner Pose Estimation Method Diagram. First, the recorded video is passed into OpenCV to capture the runner. Then, we use Cascade
R-CNN to recognize and track the runner. Finally, we use HRNet to obtain and output the human key points

3.2. The Process of the Runner Pose Estimation
Method Based on Deep Learning

The runner pose estimation method includes several
steps: data acquisition, data annotation, data enhancement,
HRNet training, and testing of continuous frame images.
The overall process is illustrated in Figure 2.

Figure 3 presents the human pose estimation algorithm
(2D), which outlines the steps involved in detecting and

estimating the pose of human subjects in two-dimensional
space. The algorithm depicted in this figure includes key
components such as feature extraction, candidate
generation, pose estimation, and post-processing. The
human pose estimation algorithm (2D) can be primarily
divided into two methods: Top-Down and Bottom-Up. In
the Top-Down method, the algorithm first detects human
bodies within an image and then predicts key points for
each individual body.
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Figure 3. Human Pose Estimation Algorithm (2D)

This method is more robust to different body sizes and
provides higher accuracy, but the computation cost
increases with the number of bodies present in the image.
On the other hand, the Bottom-Up method detects all key
points and then clusters them to form human bodies, with a
constant computation cost regardless of the number of
bodies. This method is faster but provides lower accuracy
[31]. Considering that the Top-Down algorithm is more
accurate, this study adopted the Top-Down algorithm to
evaluate the posture of runners, including three main steps:
(@) input image, (b) detected by human detector, and (c)
single-person pose detection results (Figure 3).

Before we dive into the calculation of mechanical
variables, it is important to describe how data is fed into the
system. Consider a sample x, which is a part of the dataset
X. Each sample x is a pair of a video sequence and the
corresponding labelled mechanical variables. The model's
training process begins with the extraction of frames from
the video sequence, which is used as input for our
dual-stage model composed of Cascade R-CNN and
HRNet.

3.2.1. Preprocessing

Firstly, the video sequence is preprocessed, where each
frame in the video is analyzed and reduced to its essential
components. The frames are then resized to a predefined
size and normalized to adjust for variations in brightness
and contrast.

3.2.2. Model Training: Cascade R-CNN and HRNet

The Cascade R-CNN is a multi-stage object detection
framework that increases detection performance by adding
a sequence of detectors trained with increasing loU
thresholds to form a cascaded detector [32].

The formal representation of the model is as follows:
given the training set of tuples {(x1, y1), v (*n, )}
where x; represents the i-th image, and y; represents the
corresponding bounding box and class label, the model is
trained by minimizing the following objective function:

1
L= - XiLics + XiLipox) 1)

Where L; .5 represents the classification loss term for
the i-th sample, L;p,, represents the bounding box loss
term for the i-th sample. }; L; .45 represents the sum of
classification loss terms across all samples, Y;L;pox
represents the sum of bounding box loss terms across all
samples, and n represents the number of samples. This
equation calculates the average loss value by summing up
the loss terms for each sample and dividing by the number
of samples.

Once the initial bounding boxes are detected by the
Cascade R-CNN, these detected regions are then passed to
the HRNet for pose estimation.

The HRNet maintains a high-resolution representation
through the entire process and starts from a high-resolution
subnetwork, which is parallel to a low-resolution
subnetwork. These two subnetworks are connected by
multi-scale fusion cells, allowing for multi-scale
integration of high-resolution and low-resolution
representations.

The formal representation of the HRNet can be as
follows: given the detected region of interest (Rol) from
the Cascade R-CNN, the objective function of the HRNet
is to minimize the mean squared error (MSE) between the
predicted and true joint locations:

L= %Zi”]i,pred _]i,true”2 (2)
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Where N is the number of joints, J;,..q is the
predicted joint location, and J; .. is the true joint
location.

After training these models, we have a system that can
accurately detect a person in a video frame using Cascade
R-CNN and subsequently predict their pose using HRNet.
These predicted poses can then be utilized to calculate the
mechanical variables as described in the following
sections.

3.3. Calculation of Mechanical Variables

This study aimed to obtain the mechanical variables
during the running process, mainly by calculating the joint
angles, body center of mass, stride frequency, and stride
length of runners. The following formulas were used for
the calculations:

1) By P;(i = 1,2,3) three points, calculate the distances
between every two points as follows: distance a
(Equation(3))between point 1 and point 2, distance b
(Equation(4))between point 2 and point 3, and
distance ¢ (Equation(5))between point 1 and point 3.

a :\/ (sz - x1)2 + (Pyz - yl)2 (3)
b :\/ (Px3 - sz)z + (Py3 - Pyz)2 (4)

c :\/ (Px3 - le)z + (Py3 - Pyl)2 (5)

According to the cosine rule of trigonometry (Equation
(6)), this formula is used to calculate the joint angles of the
runner (Equation(7)).

2,.p2_.2
coS X :m (6)
2ab
2,.p2_.2
x=cos1 (—a b ) @)
T 2ab

2) We calculate stride frequency as the number of times
of both legs cross in one minute. In terms of stride
length calculation, based on the
‘Inference_top_down_pose_model’ in the OpenPose
library, detection is performed step by step from the
top [33]. First, all body parts in the image are detected
and filtered and then combined into key points. To
obtain real-time stride length, the attributes x; (left
ankle point) and x,. (right ankle point) corresponding
to the left and right ankle key points in the
‘Inference top_down_pose model’ are taken
separately, and the real-time stride is set to X
(Equation (8)).

X =[x — x| ®)

3) Regarding the calculation of body center of mass, we
first calculate the real-time center point. 18 key points
P, (i=1,2,3-"" , 1 <18) are extracted using

OpenPose. Fit 18 key points and take the average point
Py (Equation (9)(10)).

1

18 p

1
P i=1"y;

y = E (10)
The real-time center point can be represented as

(Equation (11)):

— (1yis 1 yis
P(x.y)‘ (18 i:1le-: 18 i:1Pyi)

Next, using real-time center points to fit center of mass
points. Fitting the center point of each frame in a video
with the center point of the previous frame can
continuously optimize the center point position, thereby
achieving the goal of approaching the center of gravity
position. Get the center of mass point P(xi/z_yi/z) from
two center points P;(i = 1,2).

The center of mass point is recalculated in real-time with
each frame of video read to optimize and reduce the error.
The error decreases as the video continues to be read
(Equation (12)(13)).

(11)

_ Px1+Px2

Xif2 == (12)

_ Py1tPys

Yijz =7 (13)

3.4. Calibration Method

In this study, we used pixels as the unit of length. To
obtain actual length, we converted pixels to centimeters
using the following method. First, we need to obtain the
actual height of runner L and the number of pixels that
represent the runner's height in the video P. Then, we can
calculate the ratio of actual height to the height in pixels
L/P. Finally, we can multiply our experimental data by the
ratio L/Pto convert the unit from pixels to centimeters.

Example: Experimental data stride lengthX = 79px,
Actual height of the runner L = 175cm, Height in pixels
P = 163px, Actual stride length S =X * L/P = 79px *
175cm/163px = 84.82cm. The vertical displacement of
the body center of mass also needs to be calibrated using a
similar method. In this study, we attempted to output the
actual height and the center of gravity of the person in the
image for more accurate data calibration and analysis. As
we discussed earlier, we first capture the runner's image
and then identify their poses. The runner's bounding box
changes as they move, so the number of pixels that
represent their height is constantly changing. However, the
runner's center of mass remains relatively constant during
running. To reduce measurement errors, we subtracted 5
cm from the actual height of the subjects to determine the
actual length of the runners more accurately in the
OpenPose dynamic capture frame. Due to the possibility of
slight squatting or leaning forward during the start and
movement process, the overall height may be slightly
reduced, so we reduced the actual height of the human
body by 5 cm same during the calculation process to ensure
that the data obtained from our research is closer to the true
value. This method can ensure that the data we obtain from
the study matches the actual values.

Due to the lack of actual height information for the
person in the image, the current algorithm could not
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perform actual calibration of stride and center of mass
displacement. To solve this problem, we will continue to
improve the algorithm to output the actual height
information of the person in the image and include it in the
analysis of stride and center of gravity displacement. This
way, we can assess the athletic ability and skill of athletes
more accurately and provide a more scientific and reliable
calculation method for future data calibration.

3.5. Data Processing

In this study, we extracted a 1-minute video clip from a
1500m running video for motion recognition and variable
output. In this study, Python was used to apply Gaussian
smoothing to the obtained data to remove noise. Gaussian
smoothing is a smoothing filter method based on Gaussian
distribution, mainly used to eliminate noise in images or
data. In practical usage, we set the Sigma value to 5. After
Gaussian filtering, the data noise was effectively removed,
and the extraction of important feature points resulted in
more accurate results.

4. Results and Discussions

4.1. Body Joint Angle Features of Runners

This study has primarily calculated and analyzed the
elbow joint angle, thigh joint angle, knee joint angle, ankle
joint angle, and trunk angle of runners (shown in Figure 4).
In a complete exercise cycle, the most critical part of
completing technical movements is the arm swing
technique. It is the motivation for athletes to continue to
run forward and fast, which plays a vital role in improving
the performance of competitors. In addition, the thrust
obtained by kicking leg backwards can be enhanced by
adjusting the posture of the swing arm. If the athlete's
upper limbs do not do any exercise, even if the athlete
speeds up the running speed or increases the frequency and
length of running, it is difficult for them to obtain effective
driving force for pushing backwards. Therefore, when an
athlete is running, the arm swing of the upper limbs is
extremely important, for more propulsion when your swing
leg strides [34]. When running, the angle formed by the
connection line between the hip joint and the knee joint and
the axis perpendicular to the hip joint is called the thigh
angle (Figure 4(c)). The movement of the thigh is mostly
related to the contraction and extension of the frontal axis
of the hip joint [35]. Thigh angle and knee joint angle have
a significant impact on the running economy [36]. The
knee joint angle is defined as the line extended from the
thigh and the calf (Figure 4(d)). The change of the knee
joint angle also determines the athlete's technical
movements to a certain extent and has a significant impact
on the running speed [37]. The angle of the ankle joint is
the angle between the line connecting the knee joint and
ankle joint, and the line connecting the ipsilateral heel

tubercle and the toe joint (90 degrees). Research has shown
that as running speed increases, the plantarflexion angle
shows a decreasing trend [38]. The angle of the ankle joint
at the moment of lift-off and the range of plantar flexion of
the ankle joint during the support stage show an increasing
trend with the increase of speed. The maximum
plantarflexion angle in the swing stage shows a decreasing
trend with the increase of speed. There is a correlation
between changes in ankle joint angle and running speed.
With the improvement of the running technique and the
improvement of the running speed, the forward angle of the
trunk should become larger and larger. But increased torso
lean angles shift the center of mass forward, which may
increase the metabolic cost of running. In addition, forward
trunk-leaning vyielded significantly lower peak knee
extension moments and higher hip extension moments,
whereas the opposite effects occurred with backward
trunk-leaning [39]. The joint angle division of this study is
shown in Figure 4.

Figure 4. Elbow joint angle(a), trunk angle(b), thigh joint angle(c), knee
joint angle(d), and ankle joint angle(e) conventions used during data
analysis [40]

Figure 5 is a joint angle-time relationship graph. We
analyzed a one-minute video of a runner, and Figure 5(a)
shows the schematic of the changing left elbow joint angle.
The average angle of the left elbow joint of this runner is 91
degrees. At the 9th second, it shows a minimum value of 66
degrees. At around 45 seconds, it shows a maximum value
of 155 degrees. From the graph, it can be seen that the
runner maintains a basic swinging posture of the left elbow
joint at 90 degrees during running. However, due to fatigue
and other phenomena, the elbow joint angle may change to
alleviate its tense state. Figure 5(b) presents the changes in
the forward inclination angle of the runner's torso. Analysis
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of the posture of this runner in the one-minute video shows
that the average forward inclination angle of the torso is 7.3
degrees, with a minimum of 2.4 degrees and a maximum of
12.3 degrees. In Yamaguchi's analysis of the movements of
women's mid- distance running events, he found that
athletes of different levels and sports have slightly different
degrees of forward inclination angle of the runner's torso
during mid to long- distance running, with an average
upper body forward inclination angle of 10.7 degrees [41].
As the running speed increases, the forward inclination
angle of the torso should correspondingly increase.
However, the excessive forward inclination of the torso can
shift the body's center of gravity forward, thus affecting the
extension of the runner's knees. Therefore, during running,
an appropriate forward inclination of the torso should be
maintained to prevent the negative effects of excessive or
backward inclination of the torso. Figure 5(c) shows the
changes in the forward swing angle of the left thigh. The
forward swing angle of the thigh refers to the angle of the
thigh swinging forward during running. The average
forward swing angle of the thigh is 18.5 degrees, with a
maximum swing of 33.6 degrees and a minimum swing of
11.9 degrees. It can be seen that the size of the forward
swing amplitude of the thigh varies due to factors such as
individual physical flexibility, running posture habits, and
stride length. If the forward swing amplitude of the thigh is
too large or insufficient, it may have an adverse effect on
stride length, stride frequency, and running efficiency.
Therefore, runners should control the forward swing
amplitude of their thighs reasonably to achieve the optimal
running state.

Figure 5(d) shows a schematic of the bending changes
of the runner’s left knee joint. When running, the knee
joint will undergo a certain degree of bending and
extension, and the angle change range is approximately
between 30 and 80 degrees, and the activity range of the
knee joint is around 60 to 115 degrees, which is suitable
for running [42]. However, it should be noted that the
degree of knee joint bending during running will vary
depending on different body structures and running
postures, so not everyone will fall within this range.
Generally speaking, the bending angle of the knee joint is
considered normal at approximately between 30 and 55
degrees. However, some people may be below 30 degrees
or above 55 degrees, which does not necessarily mean that
there is a problem. According to the report by Hamner &

Delp [43], the knee joint biomechanics are mainly affected
by running speed. In addition, this study only analyzed one
side photographed by the camera, so the conclusion is
relatively limited. According to the research by Ma & Ding
[44], by observing and analyzing the data, it was found that
the knee joint angle characteristics of the same person are
relatively stable when walking with the same stride length.
In addition, the left and right knee joint angles of some
individuals are symmetrical, but this is not universal, and
there are significant differences between different people.
Therefore, this study assumed that there was symmetry
between the left and right knee joint angles of the runner. It
should be noted that the body posture and stride size during
running will also affect the bending angle of the knee joint,
and there may be differences between different people.
Therefore, it is recommended to maintain, adjust, and
improve an appropriate degree of knee joint bending
during running, depending on personal body conditions, to
achieve the best results.

Figure 5(e) shows a schematic of the changes in the
ankle angle of the runner. The range of ankle joint angle
changes usually refers to dorsiflexion and plantarflexion of
the feet, which is the degree to which the feet move up or
down. According to the analysis of ankle joint angle
changes in this study, the maximum value observed was
131 degrees (plantarflexion), the minimum value recorded
was 106 degrees (dorsiflexion), with an average angle of
118 degrees for dorsiflexion and plantarflexion. During
running, the ankle begins from dorsiflexion and then
undergoes plantarflexion as the foot moves forward.
Afterwards, during the landing, stability, and swing phases
of running, the foot is involved in varying degrees of
dorsiflexion and plantarflexion movements, so the range of
ankle joint angle changes has a strong correlation with the
motion trajectory and action changes of the foot. In
addition, research by Cui & Ren [38] shows that with an
increase in running speed, the plantarflexion angle tends to
decrease. The angle of the ankle joint at the moment of
lift-off and the range of plantar flexion of the ankle joint
during the support stage show an increasing trend with the
increase of speed. The maximum plantarflexion angle in
the swing stage tends to decrease with increasing speed.
This indicates that there is a correlation between ankle joint
angle changes and running speed. Therefore, when running,
attention should be paid to controlling the range of ankle
joint angle changes to improve running efficiency.
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Figure 5. Diagram of the relationship between joint angles and time (a, Left elbow angle; b, Trunk angle; c, Left thigh angle; d, Left knee joint angle;

e, Left ankle angle)

4.2. Characteristics of Runners' Stride Frequency and
Stride Length

Figure 6 presents the relationship between a runner’s
one-minute stride frequency changes and time, displaying
the number of steps taken per minute over a certain period
of time. Stride frequency refers to the number of steps
taken within a certain period of time, usually measured in
steps per minute. The stride frequency directly affects the
effectiveness and speed of running. This runner’s average
stride frequency is 2.70 Hz. For the general population, a
stride frequency between 2.0 Hz and 3.5 Hz is common
during running [45], although the actual stride frequency
may vary depending on individual factors and training
levels. When running, maintaining a reasonable and stable
stride frequency is important for staying at an appropriate
level of exercise intensity and reducing exercise-related
injuries. Therefore, understanding one’s own stride
frequency and adjusting accordingly can help runners
achieve the best running results.

The size of a person’s stride when running can vary due
to individual differences, height, step rate, running speed,
and other factors. Generally speaking, both too large or too
small stride length can affect running efficiency and speed,
and need to be scientifically and reasonably adjusted
according to individual conditions. Within the normal
range, an appropriate stride length can help runners better
utilize the body’s natural motor mechanism and principles
of dynamics, making running more economical and stable.
The average stride length for people when running is
approximately between 0.95-1.5 meters [46]. The results of
this study are the stride length of the person in the image,

not the actual stride length. The average stride length of the
runner is 1.26 pixels (see Figure 7), but this data has not
been calibrated yet. Based on our research method, we also
need to output the actual height of the person in the image
to calibrate and calculate the actual stride length of the
runner. In addition, when identifying the stride length of
the runner, there may be situations where the distance
between the legs is almost overlapping, which may result
in abnormal cliff-like drops in data. To improve the
accuracy and stability of data processing, we will continue
to improve this method in future research.

Stride frequency and stride length are two important
factors that affect running speed and efficiency, with a
certain correlation and interaction between them. As we
know, running speed equals the product of stride frequency
and stride length. Generally speaking, the faster the stride
frequency and the longer the stride length, the faster one
runs. According to research by Hogberg [47], Luhtanen &
Komi [48], among others, the increase in stride length has a
greater impact than the increase in stride frequency before
running speed reaches 70-80% of maximum speed. If
running speed continues to increase, stride frequency
increases rapidly while stride length decreases. Therefore,
for beginners in running, gradually increasing stride
frequency and appropriately adjusting stride length can
help develop good running habits and body awareness.
This also reduces unnecessary exercise burdens and
training risks. For high-level runners, a reasonable ratio of
stride frequency and stride length can help improve
running efficiency and stability, and to some extent, avoid
running injuries and fatigue.
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4.3. Characteristics of Center of Mass Displacement of
Runners

The distance of the vertical displacement of the body
center of mass is related to a person’s height, running speed,
stride length, stride frequency, and other factors. Typically,
the vertical displacement of the body center of mass during
running is approximately 6-10 cm [49], and this
displacement will increase with an increase in speed and
stride length. High-level athletes or runners, due to their
well-trained and good running skills, usually have a
smaller vertical displacement of the body center of mass,
typically between 3-5 cm. According to the calculation of
Yang & Enomoto [50] on the vertical displacement of the
body center of mass for 1500-meter runners of different
levels, the vertical displacement of the center of gravity for
competitive runners is approximately 4 centimeters.
Strohrmann et al. found longer ground-contact times and
greater vertical displacement in novice runners [51], it’s
important to note that maintaining a stable center of gravity
and reducing excessive vertical displacement during
running can reduce joint stress and the risk of injury, as

Action Recognition and Sports Evaluation of Running Pose Based on Pose Estimation

well as make running more efficient and comfortable [52].

The results of this study are the actual vertical
displacement of the body center of mass of the person in
the image. The average vertical displacement of the body
center of mass of this runner is 10 pixels (Figure 8). Like
stride length, this data has not been calibrated. Therefore,
all distance-related data needs to be calibrated based on the
actual height of the person in the image before calculating
the actual vertical displacement of the runner’s body center
of mass. Thus, our next step is to output and calibrate the
height of the person in the image.

In addition, we also faced some key problems in the
research process, such as low camera performance,
inexperienced video shooting skills, and output and
calibration of the actual height of the person in the video.
We will continuously improve and optimize these technical
issues in future research to improve the accuracy and
practical value of the data. Next, we will apply this method
to analyze the athletic ability of athletes in competition and
further explore the practical application value of this
method.
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Figure 8. Schematic diagram of changes in body center of mass and time of runner
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5. Conclusions

We applied posture estimation technology to evaluate
running motions. By identifying running motions and
analyzing relevant motion variables, effective evaluation
of running motions was achieved. Traditional posture
estimation usually only identifies motions and rarely
conducts detailed analysis and evaluation of motions in
practical sports. The exploration of this study has achieved
the identification of running motions and the analysis of
relevant motion variables, which provides a more scientific
technical basis for us to adopt this method in practical
sports video analysis in the future.
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