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Abstract: In speed skating, the number of strokes in the first 100 m section serves as an important
metric of final performance. However, the conventional method, relying on human vision, has
limitations in terms of real-time counting and accuracy. This study presents a solution for counting
strokes in the first 100 m of a speed skating race, aiming to overcome the limitations of human
vision. The method uses image recognition technology, specifically MediaPipe, to track key body
joint coordinates during the skater’s motion. These coordinates are calculated into important body
angles, including those from the shoulder to the knee and from the pelvis to the ankle. To quantify
the skater’s motion, the study introduces generalized labeling logic (GLL), a key index derived from
angle data. The GLL signal is refined using Gaussian filtering to remove noise, and the number of
inflection points in the filtered GLL signal is used to determine the number of strokes. The method
was designed with a focus on frontal videos and achieved an excellent accuracy of 99.91% when
measuring stroke counts relative to actual counts. This technology has great potential for enhancing
training and evaluation in speed skating.

Keywords: speed skating; straight section; stroke; image recognition; posture analysis

1. Introduction

Speed skating is a highly competitive sport that demands a combination of skill,
technique, and endurance. Athletes undergo rigorous training programs to develop their
strength, endurance, and technique for optimal performance. Motion analysis technology
has become increasingly vital in speed skating events, enabling coaches and trainers to
scrutinize athletes” movements in detail. Studies employing motion analysis in speed
skating include [1,2]. These data are crucial for identifying areas requiring improvement in
technique and facilitating the creation of more effective, personalized training programs.
Furthermore, motion analysis technology allows for the monitoring of an athlete’s progress
over time, helping them set realistic goals and measure their development. Even minor
adjustments in technique can significantly impact speed skating performance, necessitating
access to precise and detailed movement data.

This technology serves not only to enhance performance but also to minimize the
risk of injuries in speed skating events. By analyzing athletes’ movements, coaches can
identify actions linked to a higher injury risk and develop strategies to reduce these risks.
In summary, motion analysis technology is indispensable in speed skating, aiding coaches
and trainers in pinpointing areas for improvement, developing tailored training programs,
monitoring progress, and reducing the risk of injuries. Access to accurate and detailed
movement data is fundamental for achieving optimal performance and ensuring the safety
of athletes in this highly competitive sport.
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Speed skating is a competitive sport in which skaters compete on an ice track to
cover a set distance faster than their opponents. The objective is to reduce time, and
rankings are determined solely based on an individual’s time, which often relies on small
time differences. Therefore, various factors are used to improve the recording of times.
De Koning et al.’s paper [3] states that the skating position, amount of work at push-
off, klapskates, and push-off directionality are technical factors that affect speed skating
performance. An important parameter is the number of strokes in the first 100 m of the
straightaway after the start. Kim et al.’s paper [4] states that there is a positive correlation
between the number of strokes and the final record in the 100 m section after the start,
and a study by de Boer et al. [5] mentioned that stroke frequency can be judged as the
major regulator of speed. Each side-to-side movement of the skater’s body is considered
a stroke. Lee et al. [6] revealed that a higher stroke frequency in the first 100 m was
positively correlated with improved performance. Therefore, increasing the number of
strokes in the first 100 m of the straightaway is crucial for reducing the final recorded time.
However, existing methods of manually calculating strokes have limitations such as being
cumbersome and prone to error. An automation of this process can solve many problems
with the conventional system and improve the performance of the athletes.

In this study, we addressed the problem of accurately measuring the number of strokes
in the first 100 m of the sprint section during speed skating. The system captures the main
joint points in a sprint video and uses their three-dimensional (3D) coordinates. MediaPipe
Pose was used to obtain relatively accurate results. We emphasized the importance of
maintaining accuracy and consistency in the measurement results. The method was devised
to be simple and easy to learn. The system allows measurements to be obtained using
conventional two-dimensional (2D) cameras, which eliminates the necessity for additional
equipment. Videos captured from various angles can be considered when measuring player
strokes. However, ensuring accuracy and consistency in a limited shooting environment is
critical, even if videos cannot be captured from all angles. Therefore, the system is designed
under the assumption that the number of strokes is measured using only videos captured
from the front of the measurement target.

2. Related Works

Over the past few decades, there has been a significant increase in the use of motion
analysis technology in sports events to improve athlete performance. Motion analysis
involves using sensors, cameras, and other equipment to collect data on an athlete’s
movements, which are then analyzed to identify areas for improvement. The aim of this
section is to summarize the research trends related to performance improvement through
motion analysis in sports events.

First, a macroscopic view will be taken of the relationship between the sports field
and various analysis technologies by examining research trends in athlete-personalized
training and performance improvement using exercise analysis technology and Al. One of
the primary research trends in this area is the use of motion analysis technology to identify
key performance indicators (KPIs) in athletes [7-9]. KPIs are specific metrics that are used
to evaluate an athlete’s performance such as speed, power, and agility. By using motion
analysis technology, coaches and trainers can identify which KPIs are most important for a
given sport or athlete and develop training programs that focus on improving these areas.

Another important research trend in this area is the use of motion analysis to monitor
athlete progress over time [10-12]. By collecting data on an athlete’s movements during
training and competition, coaches and trainers can track their progress and identify areas
where they need to improve. This can help athletes set realistic goals and measure their
progress towards achieving them.

In recent years, there has been a growing interest in the use of machine learning and
artificial intelligence (AI) to analyze motion data in sports events [13-15]. Machine learning
algorithms can be used to identify patterns in large datasets, which can help coaches and
trainers make more informed decisions about training and strategy. For example, machine
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learning algorithms can be used to identify specific movements that are associated with an
increased risk of injury, allowing coaches and trainers to develop strategies to minimize
this risk.

Another important area of research in this field is the use of motion analysis to develop
customized training programs for individual athletes [16,17]. Coaches and trainers can
create customized training programs by analyzing an athlete’s movements and identifying
areas for improvement, meeting the athlete’s specific needs. This can help maximize the
effectiveness of training and improve overall performance.

Finally, there has been a growing interest in the use of motion analysis technology to
improve performance in team sports [18-20]. In team sports, it can be challenging to identify
the individual contributions of each athlete to the team’s overall performance. However,
by using motion analysis technology, coaches and trainers can analyze the movements
of individual athletes and identify areas where they can contribute more effectively to
the team.

Consequently, the use of motion analysis technology in sports events has become
an increasingly important area of research in recent years. By analyzing an athlete’s
movements and identifying areas for improvement, coaches and trainers can develop more
effective training programs and strategies to improve overall performance. Continued
technological advancements and machine learning algorithms suggest that motion analysis
will remain vital for enhancing sports performance in the future.

Subsequently, the current research trends in the field of posture recognition and its
practical applications will be reviewed, as these topics are closely related to the subject of
this paper and allow for a more microscopic approach. Posture recognition is one of the
critical topics in computer vision. In posture recognition, the position of a person or object
in an image and the relative positions of key points (landmarks) are estimated. The motion
of a person in an image can be estimated using this process. Representative methods,
such as OpenPose [21] and other advanced methods [22-25] that utilize transformers to
perform pose recognition, have been developed. Posture recognition technology has been
extended to other fields, especially sports and fitness. A study [26] was conducted using
MediaPipe Pose to recognize the Wushu posture to facilitate independent training for users.
A study [27] was conducted on home-training applications that utilize posture recognition.
In addition to using deep learning, sensors are attached to the body to recognize and use the
individual’s posture [28-30]. Furthermore, several studies [31-33] have also applied posture
recognition technologies in other fields. However, few studies have focused on using
posture recognition in speed skating, particularly in designing systems that automatically
measure stroke movements. Therefore, in designing the system, this study referred to
various sports- and fitness-related studies in which posture recognition was used.

3. Methods
3.1. Set Region of Interest and Crop Image

Because of the nature of speed skating, more than one athlete or individual can be
displayed on a single screen. Figure 1 displays one such example. In these cases, the
targets of landmark extraction are not fixed to a single person, and the coordinates of
the landmarks are not reliable. Thus, ensuring the reliability of all steps after landmark
extraction is difficult.

In addition, when users need to choose a performance measurement target, the system
should incorporate a user-friendly process for target selection. Therefore, it is advantageous
to explore methods that enable users to specify their desired measurement, addressing the
concerns raised in the previous paragraph about accommodating multiple targets on a
single screen.

The user inputs the region of interest (ROI) of the target in the first frame of the video
as a bounding box using an input device such as a computer mouse. To ensure precise
tracking with OpenCV’s tracker, users should choose only the head of the target as the
bounding box. Including the entire body may lead to tracking issues stemming from factors
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like the background. The system then crops the image to an appropriate ratio to include the
entire body of the subject, allowing for reliable stroke counting. By extracting landmarks
from the cropped image, the user can ensure the accuracy of the measurement by fixing the
target on a single person. This approach not only enables the sole use of the desired target
for measurement but also ensures reliable results.

Figure 1. Example with more than one person in a frame.

3.2. Joint Coordinate Extraction Using MediaPipe Pose

MediaPipe Pose provides the relative coordinates for 33 key body landmarks and can
extract landmarks from images with partially occluded bodies. The process involves two
steps: first, detecting the presence of a human via searching for the face and specifying the
bounding box; and second, finding landmark points on the detected human. If detection
fails in the first step, the process is repeated in the next frame.

MediaPipe Pose is based on the work of Bazarevsky et al. on BlazePose [34], and has
been shown to outperform the OpenPose model in terms of accuracy and FPS. Therefore,
in this study, MediaPipe Pose is used to extract the coordinates of the main joint landmarks.
Figure 2 illustrates the results of using MediaPipe Pose to extract the main joint (skeleton)
landmarks in an athlete’s stroke motion.

Figure 2. Result of landmark points” extraction. Each blue dot represents the landmark point of
the target.

In the proposed method, MediaPipe Pose is used to extract the x-, y-, and z-coordinates
of the subject’s body landmarks. From a subset of the 33 landmarks provided, 4 angles
are calculated for each frame, in which each angle is a 3D angle between 3 points, using
the x-, y-, and z-coordinates. Figure 3 displays the four angles used in this method, which
correspond to specific articulation points on the body. The articulation point number is
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provided by MediaPipe Pose, and the following two types of angle, marked in Figure 3 as
(1) and (2), are used in the system:

26 25

N,

.
‘-

,

32 31

Figure 3. Pelvic angles (1) and knee angles (2) at landmark points. Red dots represent landmark
points used in this paper, and the numbers corresponding to the dots represent the number of each
landmark point provided by Mediapipe Pose. (1) and (2) refer to the two types of body angles used
in the algorithm of this paper.

(1) Pelvic angle: the angle between the line starting at the shoulder (11, 12) and passing
through the pelvis (23, 24) to the knee (25, 26).

(2) Knee angle: the angle between the line starting at the pelvis (23, 24) and passing
through the knee (25, 26) to the ankle (31, 32).

All angles are expressed using smaller angles that do not exceed 180° based on the
sexagesimal system.

3.3. Joint Coordinate Tracking Using OpenCV

OpenCV is a library developed for machine learning, image processing, and com-
puter vision. OpenCV supports operations using various programming languages and
operating systems. OpenCV provides a tracker function based on various algorithms for
tracking moving objects. The system in this study utilizes the CSRT [35] tracker for track-
ing the moving players, which exhibits relatively stable tracking performance in various
environments.

OpenCV’s CSRT Tracker utilizes the CSR-DCF method proposed in Lukezic et al.’s
paper [36]. CSR-DCF is an extension of the DCF tracking algorithm. The correlation filter
is updated to track the target using two feature points, histograms of oriented gradients
(HoGs), and color names. An object can be tracked even if it is not rectangular. In many
cases, the object to be tracked in the system used in this study was difficult to define in a
clear rectangular shape; therefore, the CSRT tracker was used to track the object.

In every frame, the head of the object to be measured is tracked based on the bounding
box initially input by the user. Based on the tracked head, the top, bottom, left, and right
sides are cropped in an appropriate ratio. By repeating the process of taking the cropped
image as the input for skeleton extraction, the key joint coordinates can be extracted from
all video frames.
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3.4. Angle Calculation

This section describes the calculation of the four angles, namely the knee and pelvic
angles, that will be utilized in the proposed system. As mentioned, the coordinates of the
landmarks provided by MediaPipe Pose represent the coordinates in a three-dimensional
space. The three points used for calculating the angles are denoted as A, B, and C, with the
angle ABC being represented by the angle 0 that needs to be determined. The relationship
between the three points and 6 can be observed in Figure 4.

V7<

Figure 4. Relationship between A, B, C and 6.

Angle 0 can be determined using the definition of the dot product of vectors. According
to the definition of the vector dot product, an arrangement as shown in Equation (1) can
obtained, and 6 can be determined using Equation (2). As mentioned, the four angles to be
used after landmark extraction use a smaller angle that does not exceed 180° based on the
sexagesimal system. Therefore, if an angle of 180° or greater is extracted after calculating
the angle, the value subtracted from 360° is used.

- = — || =
BA-BC = ‘BAHBC cost 1
BA - BC
0= urccosﬁ 2)
BA’ ’BC’

3.5. Analyzing Angles Based on Stroke Motions

The distinction between the left and right strokes in the stroke motion is clear. Because
measuring the number of stroke movements is equivalent to measuring the number of
times an athlete moves their body from side to side, a system that takes advantage of
this characteristic may be designed. Comparing left and right stroke motions reveals
an evident inverse relationship between the two angles derived from each side of the
body. Specifically, the angle extracted from the left side of the body decreases when the
measured object strokes to the left (from the perspective of the measured object), whereas
the angle extracted from the right side increases. This difference is clearly visible when the
corresponding angles are extracted and compared across a series of strokes, as displayed in
Figure 5. Figure 5 details a comparison of the angles up to approximately 140 frames after
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the start of measurement. The video used for the comparison was recorded at 30 frames
per second.

All four angles are utilized to quantify the strokes, aimed to establish the vertical
relationship between the angles extracted from the left and right sides of the body. To
ensure the system’s accuracy, it is necessary to examine whether the angles taken from the
left and right exhibit the same tendencies. If the two angles obtained from the left have
distinct tendencies, only one angle from each side may be used to measure the number
of strokes. Figure 6 shows the results of comparing the values of the left and right knee
angle and pelvic angle on a frame-by-frame basis. As a result, we can see that both types of
angles show the same tendency on the left and right.

Shoulder-Pelvis-Knee

2 1501[C” :‘9&“‘
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Figure 5. Comparison of left and right pelvic angles (top) and left and right knee angles (bottom).
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Figure 6. Confirmation of left-right angle relationships.

In the stroke images, the angle change in the arm according to the left and right stroke
motions is more observable than that in the pelvis and knee. Therefore, angles that can be
extracted from the upper extremities, that is, from the shoulder to the wrist, can be used to
distinguish between stroke motions more clearly. Due to the rapid arm movements in speed
skating, especially in comparison to the rest of the body, tracking the upper extremities
in each frame at a 30 frames-per-second rate is frequently unfeasible due to motion blur.
Figure 7 depicts an example of a frame in which the clear position of the upper extremities
is difficult to determine because of motion blur.
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When the left and right arm angles from the shoulder to the wrist are measured and
arranged by frame sequence, a graph is observed, as shown in Figure 8. Unlike in Figure 5,
no clear trend is observed. This indicates that the process following landmark coordinate
extraction may not be reliable; therefore, arm movements are not used in stroke counting.
Instead, the focus is on body parts from the shoulder to the pelvis and ankles, which
produce fewer afterimages owing to less vigorous movements.

Figure 7. Example of an arm afterimage.
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Figure 8. Left and right arm angles.

3.6. Generalized Labeling Logic

The GLL (generalized labeling logic) index is established based on the calculation
of four angles for each frame. Equation (3) defines the GLL by utilizing the properties
of these angles. Confirming the GLL, it provides criteria for differentiating left and right
stroke movements. In accordance with the camera viewpoint, the defined GLL diminishes
when the stroke motion of the target shifts left and increases when it shifts right. Figure 9
effectively demonstrates this trend, presenting GLL measurements and distinguishing left
and right strokes by segmenting them based on the camera’s frame unit.

_ Left Knee Angle + Left Pelvic Angle

GLL= Right Knee Angle + Right Pelvic Angle

®)
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GLL comparison

GLL value

0 5 10 15 20 25 30
frame counts

Figure 9. Direct comparison of left and right stroke motions using GLL.

This comparison confirms that the GLL in the left and right stroke motions shows a
difference in scale. From the results in Figure 10, it can be inferred that, when the GLLs
are arranged in the frame order of the video, the signal increases in the right stroke and
decreases in the left stroke.

GLL value

—— raw GLL signal
w— target GLL signal

20 40 60 80 100
number of frame

Figure 10. Example of the raw GLL signal and target GLL signal. Since there is more noise in the raw
GLL signal than the target, a noise-removal process is necessary.

The automatic stroke measurement system calculates the GLL for each frame and
stores it in a list in frame order. After the GLLs for all video frames are stored, the list of
stored GLLs is regarded as a single signal whose frame number is the time axis. Figure 10
displays a portion of the original GLL signal (up to 115 frames after stroke start) extracted
from the actual stroke video and the ideal target GLL signal for counting the number
of strokes.

The extracted signal indicates that the left and right stroke motions can be distin-
guished. In the signal, each wave cycle corresponds to the left and right stroke movements
of the measurement target. The stroke count can be determined by counting the number
of wave cycles within the GLL signal. However, compared to the target GLL signal, the
raw GLL signal has noise. This occurs when the GLL signal is not a fluctuation caused by a
stroke alone. This noise acts as an unnecessary factor in measuring the final stroke count.
Therefore, it is critical to remove the noise from the raw GLL signal.
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3.7. Filtering Signal

The characteristics of the signal to be extracted by filtering the GLL signal are defined
as follows:

1. Characteristic 1: Identify one frame that corresponds to the inflection point in each cycle.

2. Characteristic 2: Remove any noise present in the original signal other than the cycles
from the stroke.

3. Characteristic 3: Remove cycles from strokes simultaneously during the denoising
process or generate no additional cycles.

Characteristics 1 and 2 ensure measurement accuracy. If one or more vertices can be
identified from the cycle generated by each stroke movement, establishing clear criteria
for processing each inflection point in the filtered GLL signal becomes difficult. This result
can be a problem in terms of the accuracy of the system; therefore, the post-filtering signal
should satisfy both Characteristics 1 and 2. Characteristic 3 is also intended to ensure
the accuracy of the results. Applying strong filtering to remove noise can remove cycles
generated by stroke movement, which renders measurement results unreliable. However,
if additional cycles are generated, the measured results may exceed the actual stroke count.
Therefore, ensuring that such problems do not occur in the post-filtering signal is critical. If
we can obtain a noise-free GLL signal that satisfies all three characteristics, the stroke count
can be obtained by simply counting the number of vertices in the signal.

In this study, two signal-filtering methods are considered: Gaussian filtering and fast
Fourier transform (FFT)-based high-frequency component removal. Each method has been
evaluated to determine the effectiveness of noise removal from the GLL signal, and the
more appropriate method was selected for this study.

3.7.1. FFT-Based Filtering

FFT is an algorithm that is designed to rapidly calculate the DFT, and a signal in
the time domain can be transformed into the frequency domain [37]. FFT also allows for
inverse operations, enabling the transformation of signals from the frequency domain back
to the time domain for analysis. Assuming that the noise of the GLL signal is caused by the
signal in the high-frequency domain, a possible method for reducing the noise is to first
convert the signal to the frequency domain using FFT. Subsequently, the high-frequency
component can be identified and removed from the signal. Finally, the signal can be restored
to its original form by performing the inverse FFT operation on the modified signal. The
signal recovered in this manner is the signal from which high-frequency components, e.g.,
noise, have been removed from the original GLL signal. Figure 11 displays the result of
noise removal using the method through a comparison with the original signal. Min—-max
normalization was performed on both the original and filtered signals to compare the two
signals. This normalization process only clarifies the comparison between the original
signal and the signal after filtering. Therefore, the process is not included in this study’s
stroke-measurement process.

At the start of the stroke motion, the filtering of results encounters a problem. As
displayed in Figure 11, an additional cycle exists at the start of the filtered signal that is
not visible in the original GLL signal. This cycle does not satisfy Characteristic 3 of the
filtered-signal conditions described earlier. This problem cannot be solved by adjusting the
filtering frequency range or image selection. Because of these problems, a filtering method
that limits the frequency range is not used.

3.7.2. Gaussian Filtering

Gaussian filtering refers to filtering based on a Gaussian distribution. Figure 12 dis-
plays the result of denoising the original GLL signal with Gaussian filtering and comparing
it with the raw signal. For a clear comparison, both the original and filtered GLL signals
have been min—-max normalized; the normalization process continues not to be included in
the stroke-measurement process of the final system.
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Because of the filtering, the problem of generating additional cycles, which was
confirmed in the FFT-based filtering result in Figure 11, is not observed. As displayed in
Figure 12, a filtered GLL signal that satisfies Characteristics 1, 2, and 3, defined above,
can be obtained when an appropriate sigma value is provided. Thus, Gaussian filtering
can effectively remove noise from the original GLL signal if an appropriate sigma value is
provided. Based on these characteristics, a Gaussian filter is used to filter the GLL signal in
the proposed stroke number measurement system. In this process, the sigma value of the
Gaussian filter proposed in this study is 3.4. Figure 13 displays the final GLL signal with
noise removed using a Gaussian filter.
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Figure 11. FFT-based filtering results. The point indicated by the red circle indicates the point where
an unintended additional wave occurred during the filtering process.
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Figure 12. Gaussian filtering results.

An approach was considered on how to filter the signal using Gaussian filtering
following FFT-based filtering, which exhibits excellent performance. This result was not
considered as there was no noticeable performance difference compared to only using
Gaussian filtering. Additionally, adding an extra filtering process is unnecessary when the
performance difference from Gaussian filtering is not evident.
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3.8. Stroke Count

In relation to the stroke count, the GLL signal for all frames was obtained by calculating
the GLL for each frame, with the noise being removed from the original GLL signal through
Gaussian filtering. Finally, the stroke number measurement system was designed by
determining the method for extracting the stroke number from the filtered GLL signal. As
displayed in Figure 13, the GLL signal after filtering takes the form of a cycle that oscillates
at regular intervals. Each waveform of the cycle is based on the classification of left and
right stroke motions according to the properties of the GLL index. Therefore, the number of
strokes can be measured by counting the number of cycles in the entire filtered GLL signal.
The proposed system makes this possible by counting the number of vertices in the filtered
GLL signal. Figure 14 details an example of the number of final strokes measured using
this method and the corresponding frames.

154

o —
w o

Filtered GLL value

-0.5 4

0 50 100 150 200 250 300
number of frame

Figure 13. Final GLL signal with noise removed.

3.9. Final System Description

Figure 15 displays the schematic of the proposed speed skating stroke-counting system.
In this system, a video of the first 100 m is prepared after departure which contains the
subject to be measured. Subsequently, the system requests that the user input the ROI of
the subject to be used for tracking in the form of a bounding box through an input device
such as a computer mouse. At this time, the “subject” is the player or individual whose
stroke count is to be measured. Subsequently, using the OpenCV tracker, the object entered
by the user is tracked for each frame, and the image is cropped such that only the object to
be measured remains. The landmark x-, y-, and z-coordinates of the target are extracted
from the cropped image using MediaPipe Pose. The extracted 3D coordinates are used to
calculate the body angles required for stroke count measurements (pelvic and knee angles).
By using these angles, the GLL is calculated and stored in the frames. This operation is
repeated for all frames of the user’s video input, resulting in a GLL list. Once the GLL list
is generated by repeating the above process for all frames of the user’s video input, noise is
eliminated using Gaussian filtering. In this process, each GLL value in the list is treated
as a continuous signal with the frame number as the time axis. The stroke count system
is completed by counting the number of vertices in the noise-free signal and feeding it to
the user.
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Figure 14. Stroke count measurement results (top) and corresponding frames from video (bottom).
Each image is associated with the stroke inflection point number on the graph above. Each frame
represents the corresponding frame in the video when each inflection point occurred.
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Figure 15. Automatic stroke count system.

4. Experiment Results

In this section, examples of the system’s results will be shown, focusing on frontal
videos. Afterwards, the results of experiments conducted on both frontal videos and side
videos will be presented. Lastly, actual usage screens will be illustrated and will show how
the system presented in this paper can be used in practice.

The experiments are categorized into two types of videos: videos captured from the
front and videos captured from the side. In the process of designing the system, side videos
were not considered; however, experiments were conducted to check whether the system
designed in this study was versatile enough for videos from various angles.

For the frontal videos, videos of the first 100 m of the straightaway after the start
of four speed skaters were used. Each skater’s actual number of strokes was manually
measured and the correct answer was obtained. Subsequently, considering that the results
may vary depending on the state of the user’s bounding box input, the bounding box was
freshly applied 10 times per skater, measured using the proposed method, and compared
with the correct answer. Figure 16 shows the overall sequences that were conducted in the
experiment. The experiment sequence shown in Figure 16 was the same in both the frontal
and side videos.

Figure 17 shows an example of side-view video frames. Figures 18-22 illustrate the
actual bounding box input and stroke count measurement results for the videos of Players
1, 3, and 4. In particular, Figures 21 and 22 demonstrate a comparison of the bounding
box input and measurement results for Player 2, the only measurement subject that caused
an error in the experimental results. Figure 21 displays the result of the correct case, and
Figure 22 shows the result of the round in which the error occurred.

Table 1 summarizes the experimental results. At this time, the total error sum is the
sum of the differences between the number of actual strokes in the 10 experiments and the
number measured by the method proposed in this study. The correct rate was calculated
using Equation (4).

_ Number of Error
Number of Experiments x Total Player Strokes

Correct Rate = ( 1 ) x 100(%) (4)
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Table 1. Experimental results for frontal-view videos. The experiment was conducted on a total

of four skaters, and 10 experiments were conducted for each skater to obtain the number of errors

compared to total strokes. As a result, the correct rate is calculated and displayed for each player.

Rounds Number of Errors/Total Strokes Correct Rate
Player 1 0/310 100.0%
Player 2 1/300 99.67%
Player 3 0/290 100.0%
Player 4 0/270 100.0%

Total 1/1170 99.91%

Input Video Manually measure the number of strokes
v
ROI setup

!

Automatic stroke measurement system

Predicted answer from system

Manually measured correct answer

comparison

!

Correct Rate

Figure 16. Overall sequence of the experiment. This sequence was conducted in the same way in

both frontal and side videos.

Figure 17. Example of side-view video frames. In this experiment, the same method was applied to

the side-view video as for the frontal video.

For videos captured from the side, the experiment was conducted in the same manner
as for videos captured from the front. Two videos were captured from each side and
10 experiments were conducted per video. Table 2 presents the results of the experiment
using videos captured from the side.
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Figure 18. Player 1: experimental results. A bounding box drawn around Player 1’s face (top) and
inflection point positions extracted from the GLL signal obtained from Player 1 and the stroke count
at each of these positions (bottom). In the top image, the video of the player on the right side of the

screen is used.
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Figure 19. Player 3: experimental results. A bounding box drawn around Player 3’s face (top) and
inflection point positions extracted from the GLL signal obtained from Player 3 and the stroke count
at each of these positions (bottom). As can be seen in the top image, the video of the player on the

right side of the screen is used.
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Figure 20. Player 4: experimental results. A bounding box drawn around Player 4’s face (top) and
inflection point positions extracted from the GLL signal obtained from Player 4 and the stroke count
at each of these positions (bottom). As can be seen in the top image, the video of the player on the

left side of the screen is used.

— filtered GLL
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Figure 21. Player 2: experimental results. A bounding box drawn around Player 2’s face (top) and
inflection point positions extracted from the GLL signal obtained from Player 2 and the stroke count
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at each of these positions (bottom). As can be seen in the top image, the video of the player on the
left side of the screen is used. This figure addresses the case where Player 2’s stroke counts match the

correct answers.

10 — filtered GLL
@ Inflection points

, Filtered GLL value

o
S
L

|
e
o

6 5‘0 160 15‘0 260 2%0

number of frame
Figure 22. Player 2: experimental results. A bounding box is drawn around Player 2’s face (top) and
inflection point positions extracted from the GLL signal obtained from Player 2 and the stroke count
at each of these positions (bottom). As can be seen in the top image, the video of the player on the
left side of the screen is used. This figure addresses the case where Player 2’s stroke counts do not

match the correct answers.

Table 2. Experimental results for side-view videos. The experiment was conducted on a total of two
players, and 10 experiments were conducted for each player to obtain the number of errors compared
to total strokes. As a result, the correct rate is calculated and displayed for each player.

Rounds Number of Errors/Total Strokes Correct Rate

Player 5 8/320 97.5%

Player 6 15/350 95.71%
Total 23/670 96.56%

Figures 23-25 detail the execution screens of the actual implementation of the proposed
method. The Ul in Figure 25 was implemented using PyQt, a graphic user interface
framework in Python.
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Figure 23. Entering the user’s measurement target ROL In this figure, the video of the player on the
left side of the screen is used. The red frame represents the head area of the measurement target

specified by the user in the first frame.

Figure 24. Player tracking and crop; landmark coordinate tracking. The white frame represents the

head region tracked in each frame.
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5. Discussion

This study’s results demonstrate a promising achievement with a remarkable correct-
ness rate of 99.91% in frontal-view videos and with only 1 stroke missed out of 1170 strokes.
This success underscores the system’s accuracy and consistency, fulfilling the original goal
of the research. Minimal user intervention is required, limited to providing the stroke video
and bounding box for the measurement target, enhancing the system’s usability even in
situations where users may not fully understand its operation.

However, the correctness rate decreased to 96.56% when examining side-view videos.
Several factors can be attributed to this decrease: First, side-view videos often contain
objects that obscure the measurement target, leading to increased noise in the landmark
extraction. The noise-filtering process can only achieve a certain amount in such cases.
Second, there is a higher likelihood of capturing unintended persons outside the track,
causing the extraction of landmarks from the wrong individuals. This complicates the
extraction of purely target-related data.

It is worth noting that the system was primarily designed for front-facing videos.
While results from side-view experiments were less robust, the system’s applicability still
remains meaningful for front-facing measurements. Therefore, within the constraints of a
front-facing measurement environment, the system effectively replaces conventional stroke
number measurement methods.

Future research opportunities lie in further exploring the potential of the GLL indicator
and its application to speed skating training. The indicator can provide valuable insights
into an athlete’s motion quality. Expanding on this work, additional indicators could be
developed to enhance training techniques. This study demonstrates that 2D camera-based
motion recognition technology is viable for speed skating and offers possibilities for its
broader application in various aspects of the sport.

6. Conclusions

In conclusion, this study showcased the successful automation of stroke counting
within the initial 100 m segment of speed skating, utilizing MediaPipe Pose landmark data,
in particular the GLL indicator. The suggested system exhibited exceptional accuracy with
a 99.91% correctness rate in frontal-view videos, highlighting its remarkable precision and
reliability. However, when dealing with side-view videos, the accuracy showed a slight
decline to 96.56%, primarily due to the inherent challenges associated with such footage.

It is important to emphasize that the suggested system was primarily designed and
optimized for front-facing videos. Within this specific context, it provides an effective and
user-friendly alternative to traditional stroke-counting methods.

Furthermore, this research has unveiled the potential of the GLL indicator in assessing
an athlete’s motion quality, which opens the door to further exploration in speed skating
training techniques.

In summary, this study underscores the effectiveness of 2D camera-based motion
recognition technology in the field of speed skating. It not only advances understanding
of the sport but also hints at broader applications. As technology continues to evolve, we
anticipate ongoing refinements to the system, making it even more valuable in the realm of
sports analysis.
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