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ABSTRACT

Velocity-based training is one of the essential training methods
that helps improve athletic performance by providing immediate
feedback to athletes. However, there needs to be more ways to
evaluate velocity-based training by analyzing the athlete’s entire
movement. Thus, this study aimed to verify the effectiveness of
a newly proposed Extended Relative Phase (ERP) feature on the
velocity-based training assessment by using the coordinates of
most major joints using Human Pose Estimation (HPE). The differ-
ence between experts and novices was compared in the experiment
using the proposed feature. The Relative Phase Angle (RPpgie)
exists to evaluate the combination of each joint’s angular displace-
ment and velocity. However, assessing the consistency of repeated
movements and comparing angular displacement and velocity with
experts takes work. For this reason, the Relative Phase Distance
(RPDistance) Was proposed as a new feature. The dataset trained
and predicted the performance verification, including each joint
angle, RPang1e, and RPDjstance- The 1D CNN-based deep learning
model for training and prediction was used to compare each ex-
tracted feature. As a result, the newly proposed indicator had a
good effect on the prediction performance of the velocity-based
training evaluation.

CCS CONCEPTS

« Applied computing — Health care information systems.

KEYWORDS

relative phase, velocity-based training, human pose, feature extrac-
tion, Deep-learning-based personal training system

ACM Reference Format:

YeongJu Woo, Hang Thi Phuong Nguyen, and HieYong Jeong. 2018. Velocity-
based training assessment: Effect of Extended-Relative-Phase-based ex-
tracted features on classification. In Proceedings of Make sure to enter the
correct conference title from your rights confirmation emai (AIDSH 2024).
ACM, New York, NY, USA, 6 pages. https://doi.org/XXXXXXX.XXXXXXX

Permission to make digital or hard copies of all or part of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full citation
on the first page. Copyrights for components of this work owned by others than the
author(s) must be honored. Abstracting with credit is permitted. To copy otherwise, or
republish, to post on servers or to redistribute to lists, requires prior specific permission
and/or a fee. Request permissions from permissions@acm.org.

AIDSH 2024, August 25-29, 2024, Barcelona, Spain

© 2018 Copyright held by the owner/author(s). Publication rights licensed to ACM.
ACM ISBN 978-1-4503-XXXX-X/18/06

https://doi.org/XXXXXXX.XXXXXXX

Chonnam National University
Buk-gu, Gwangju, Republic of Korea

Chonnam National University
Buk-gu, Gwangju, Republic of Korea

1 INTRODUCTION

As strength is vital in measuring an individual’s performance in
sports, optimizing an athlete’s strength capacity is often essential
and beneficial [18, 31]. Therefore, coaches evaluate muscle strength
before and after prescribing a training program to athletes and use
itas a critical indicator to judge the performance of a given program.
During previous years, the test of one repetition maximum (1-RM)
was often regarded as the gold standard for assessing the strength
capacity of individuals under practical environmental conditions.
The 1-RM test is the maximum weight that can be lifted by an athlete
simply once with the correct athletic form. The 1-RM test is the
most commonly used test by strength and conditioning coaches to
assess strength capacities and evaluate the effectiveness of training
programs[6].

Although using a percentage of 1-RM is often referred to as
either the traditional or percentage-based approach to calculating
training intensity, Poliquin et al.[25] argued that this method based
on fixed 1-RM becomes problematic because of the daily variation
of 1-RM. Jovanovic et al.[9] and Zourdos et al.[32] have revealed
that 1RM varies greatly depending on the condition of the athlete,
showing a difference of +18% and an overall range difference of 36%
when 1RM is measured daily with a percentage-based approach. To
solve complex problems, clinicians have started measuring body
movement velocity during exercise as a marker of intensity rather
than the percentage of 1-RM.

Velocity-based training (VBT) is a method of assessing the strength
of a given movement by calculating displacement and time through
observation of the bar or body speed. The VBT may generally be
considered a method of improving the dynamic strength at higher
speeds, but, like the 1-RM test, the VBT is simply an objective way
to assess the strength in a given movement. Since force and speed
have a linear relationship, the strength of a given movement can be
objectively quantified even using speed rather than a percentage
of the 1-RM test. Through VBT, athletes can obtain information
regarding their performance, and coaches can provide specific feed-
back.

The most commonly employed sensors for measuring VBT are
linear position transducers and accelerometers. O’Reilly et al.[22]
have investigated whether a single lumbar-worn IMU could identify
deviations of seven commonly observed squats, and Lee et al.[13]
classified various squat postures through artificial intelligence using
IMU sensors. Woo et al.[29] utilized the gait analysis data of the
elderly individuals collected through the IMU sensor and found that
the symmetries of the left and right feet were different in walking
speeds.
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However, two things could be improved in the case of VBT mea-
surements. Initially, most VBT-based studies used sensors, but since
the number of sensors used in research is limited, the sensors are
attached to parts of the body or exercise equipment for measure-
ment. Thus, VBT-based research has the disadvantage that it is not
accessible from the environment, and experimenting is possible
only when the environment for the measurement is configured.

Only limited studies have attempted to find a universal method
for assessing support training; therefore, a comprehensive body
movement analysis is warranted. The coupling of each body part
during exercise can be expressed through a relative phase (RP)[7,
28]. Although RP is used to obtain information about the relation-
ship (e.g., angle and angular velocity) between the trunk and lower
limbs, there are some limitations to the demonstration of continu-
ous exercise.

2 RELATED WORKS

2.1 Motion-Capture-System-based training
assessment

Motion capture is the process of recording the movement of an
object or person, which involves measuring the position and ori-
entation of an object or person in physical space. In commercial
motion capture, inertial sensors are standard; an example is the
Xsens MVN([26]. Xsens utilizes 17 IMU sensors consisting of a com-
bination of accelerometer, gyroscope, and magnetometer to track
6 DOF at the body’s joints. Compared to vision-based motion cap-
ture, sensor-based motion capture can reduce space limitations but
requires a lot of cost and time to install due to the large number
of needed inertial sensors. Therefore, existing studies try to use a
small number of sensors even if performance degradation occurs.

In addition to using an inertial sensor, there is also an approach
using motion capture using an optical sensor or video. The most
common device for optical motion capture is OptiTrack[17], which
installs multiple infrared cameras that read information from cap-
ture sensors attached to the human body. When the sensors provide
a 2D position, the motion capture software calculates it as 3D data.
The advantage of this approach is that there are no restrictions
on the movements performed, it can track many people, and it
is also beneficial for fast movements. However, the sensors have
disadvantages, such as needing more data due to markers being
covered during operation or capturing in a limited space where the
camera is installed.

Single-camera-based Human pose estimation (HPE) has made
great strides in overcoming the limitations of sensor or motion cap-
ture in recent years. For example, Openpose[4] extracted feature
points in real-time regardless of the number of people using only
videos or photos through deep learning in 2017. Markerless-based
MCS(Motion Capture Systems) were less capable than marker-based
MCS in studies requiring the tracking of detailed 3D kinematics or
fine movements such as finger tracking. However, VideoPose3D[23],
announced in 2019, performed effective 3D reconstruction by ap-
plying a model based on dilated temporal convolution to 2D critical
points of the image. BlazePose[2], announced in 2020, enabled the
model to infer the human pose in real-time, even on mobile de-
vices. These models performed lightweight pose estimation using
heatmap and regression. Although markerless MCS can offer great
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potential for extending the scope of movement analysis outside
of laboratory settings in a practical way, there is still the problem
of the need for more accuracy where detailed 3D kinematics are
required for clinical decision-making.

2.2 Human-Pose-Estimation-based training
assessment

Human Pose Estimation (HPE) is computer vision technology that
predicts a person’s posture by specifying a person’s joints or essen-
tial body parts as key points and is widely used in various fields
such as autonomous driving, sports, medical, and metaverse[5, 11,
14, 16, 21]. In addition, as HPE technology advances, the fitness
technology market is filled with Al-powered personal trainer apps.

ALFA-AI[1] monitors the user’s exercise execution with real-
time Al analysis and provides real-time visual and auditory im-
provement feedback. The user’s key joints are tracked through a
two-dimensional coordinate system, and personal Al training is
continuously adjusted according to the actual user’s performance.
infiGro[8], created by Infivolve, is a fully automated, Al-powered,
digital personal trainer app that guides, analyzes, corrects, and mo-
tivates in real time via your phone’s camera. It shows an example
video of an expert and counts the number of repetitions of the user
through pose estimation.

However, as we surveyed, these applications are programmed
through simple algorithms such as estimating the angle through
the body’s coordinate system or whether or not a given threshold
value is exceeded. Alternatively, there is a disadvantage that the
program proceeds without considering the count of exercises and
the condition or situation of the player performing the exercise.
Alternatively, since only a two-dimensional coordinate system is
used, it is challenging to apply in a wild environment.

3 METHOD
3.1 Relative Phase

Continuous Relative Phase (CRP) indicates the positional change
in coordination by describing phase relationships between the two
joints[3, 12]. RP is often measured to quantify the relationship be-
tween the kinematics of two mechanically connected joints during
a certain period to analyze specific movements, such as human
gait. Figure 1 depicts the overall method for calculating the relative
phase[20]. To calculate RP, we subtract the phase angle of the prox-
imal segment (PA) from the distal segment for each ith data point
calculated from the time-normalized phase portrait.

However, since the Relative Phase analyzes the data using only
the Phase Angle, it is suitable for temporally analyzing the coordina-
tion of two joints. Nevertheless, the Relative Phase’s disadvantage
is that it is inadequate to explain the strength or stability of motion.

When multiple squat cycles are plotted on the same phase por-
trait, the amount of variability in the path of the trajectory can be
used to qualitatively evaluate the stability of the neuromuscular sys-
tem under the given exercise-intensity condition. Slight variations
in the trajectory are because of the response of the neuromuscular
system to global and local perturbations experienced during the
squat cycle. Such flexibility enables the neuromuscular system to
maintain a stable and proficient movement pattern. Therefore, ex-
cessive variability is associated with instabilities in the behavior of
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Figure 1: Calculation of relative phase

the neuromuscular system. This extreme variability may suggest a
lack of control of the multiple degrees of freedom and may indicate
disorder in the organization of the neuromuscular system.

Therefore, an Extended Relative Phase is proposed that extends
from the existing Relative Phase by adding the Phase Angle and
the Phase Distance, which can describe the degree of variability
and stability of motion.

3.2 Extended Relative Phase

For calculating ERP, we first utilize Blaze Pose, which supports
the ML (machine learning) kit pose detection API to detect the
person’s skeleton in the image. Blaze Pose is one kind of human
pose estimation algorithm that infers 33 3D landmarks and back-
ground segmentation masks for whole bodies in RGB video frames.
Table 1 shows the results of the pose estimation quality of the
BlazePose GHUM model[30] used in MediaPipe Pose[19]. The re-
sult was evaluated through three different validation datasets: Yoga,
Dance, and HIIT. The results confirmed that the used model in this
study showed high performance with high accuracy.

The Hampel identifier[24] was used to eliminate the outliers
of the estimated 33 3D landmark coordinates. Subsequently, the
Savitsky-Golay filter[27] was applied to smooth the coordinates.
Only two coordinates of interest, such as the hip and knee, were
used to evaluate the squats among the 33 adjusted 3D landmark
coordinates and normalize the calculated Angle and angular veloc-
ity. For angle normalization, we applied the robust filter, which has
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Table 1: The results of pose-estimation quality of BlazePose
GHUM model in MediaPipe Pose

Method Yoga Dance HIT
BlazePose-GHUM 96.4 97.2 97.5
(Heavy)
BlazePose-GHUM 95.5 96.3 95.7
(Full)
BlazePose-GHUM 90.2 92.5 93.5
(Lite)
AlphaPose-Resnet50  96.0 95.5 96.0
Apple Vision 82.7 91.4 88.6

strong characteristics in outliers, and the MinMax filter, which nor-
malizes the data between -1.0 and 1.0. Through the preprocessing
of these data, the value of the normalized Angle was obtained as
follows[10]:
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where 0; represents the normalized Angle, Q represents the Quan-
tile range, 07" represents the original Angle, G{b represents the
Angle to which the robust filter is applied, and i indicates the point
of the cycle. Compared with the Angle’s normalization, the angular
velocity normalized through the MaxAbs filter is as follows:
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where w;s represents the normalized angular velocity, w; represents
the initial angular velocity (v = %), and i indicates the point of
the cycle.

The Extended Relative Phase with the addition of phase distance,
ie., the radius of the phase, is composed of RP4yg1e and RPpjstance
and is calculated by the following expression:
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where PA describes the Phase Angle, PD describes the Phase Dis-
tance, w represents the normalized angular velocity, and 0 repre-
sents the normalized angular position.

Figure 2 describes used angles and angular velocities and the
method of calculating the proposed ERP(extended relative phase)
indicator for the assessment of velocity-based training: (a) repre-
sentation of two joints, (b) description of the results of normalized
angles and angular velocities, (c) description of the results of the
Phase Portrait of the hip-knee during exercise, (d) representation
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Figure 2: An explanation of used angles and angular velocities and the process of calculating the proposed ERP (extended
relative phase) algorithm for the velocity-based training assessment

of the results of PA and PD, and (e) description of the results of the
relative phase of RPY, and RP] , respectively.
ngle

Distance

4 EXPERIMENTAL ENVIRONMENTS AND
SYSTEMS

After capturing the user image, the 3D coordinates for each joint are
estimated. Subsequently, the proposed ERP algorithm is applied for
feature extraction in velocity-based training. Finally, the extracted
features classify the difference between experts and users. The back-
squat footage of seven non-professional participants was captured
to collect the data related to velocity-based training for novices.
The footage was captured using a resolution of 1920 x 1080 and
a camera of 30 fps in the configured environment. The distance
between the camera and the participants was set to 380(+ 5) cm for
the camera’s focus. In addition, the camera’s height was fixed to
130 cm, although the participants’ heights were slightly different
(mean + standard deviation = 167.1 + 8.7 cm)

Table 2: Personal and physical information for each partici-
pant

SuBJECT GENDER AGE BMI EXERCISE EXPERIENCE
[vears oLp]  [kg/m?]

SuB #1 M 27 28.37 3 YEARS (SPORTS)

SuB #2 M 27 22.60 4 YEARS (FREE WEIGHT)

SUB #3 M 28 25.47 1 MONTH (FREE WEIGHT)

SuB #4 M 30 22.79 NA

SUB #5 F 21 23.63 7 MONTH (PILATES)

SuB #6 F 25 24.56 6 MONTH (PILATES)

SuB #7 F 25 19.81 6 MONTH (PILATES)

Table 2 summarizes the personal and physical information of
the seven participants. All participants gave informed consent to
include them before participating in the study. We also collected
information regarding the athletic careers of the participants to
provide reliability for the experiment. The experimental procedures
were performed under the Declaration of Helsinki and approved by

the Clinical Trial Center Ethics Committee, Department of Medical
Innovation, Osaka University Hospital (no. 15408, 11 March 2016).

The participants performed 20 squats in 3 sets with a 15 kg
weight bar. The break time between each set was set to 60 seconds,
and they tried to proceed with the squats at a constant speed and
movement.

5 EXTENDED-RELATIVE-PHASED-BASED
EXTRACTED FEATURES ON
CLASSIFICATION

To verify the effectiveness of these indicators in actual case analysis,
we utilized a 1D-CNN-based deep learning classification model. The
labels were divided into quartiles according to the exercise abilities
of the participants. We divided the models into several categories
based on input differences, conducted individual training for each,
and analyzed the results. Using 1D CNN for sequence classification
has the advantage of directly learning from raw time series data
without requiring domain-specific knowledge to engineer input
features manually.

5.1 Data Augmentation & Pre-processing

We attempted data augmentation through sampling to address the
limited amount of data. Considering that the information, such as
trends and shapes in the time series data we want to use, is crucial,
we judged that common techniques in data augmentation may not
be suitable. Therefore, we utilized random sampling to augment
angular position 6 and angular velocity w for each participant
by 1,000 instances. Using the augmented 6 and w, we calculated
RP gpgie and RPpjstance- As the calculated ERP had significantly
larger values than 0 and w, we scaled the ERP between -1 and 1
using the MinMax filter to address data bias. The finalized dataset
was split into train and test data in a 7-3 ratio, maintaining the class
distribution ratio during the split.

5.2 Model Description

The model used for training has the structure shown in Figure 3. In
this study, we configured the network framework by adding Global
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Figure 3: Model architecture

Average Pooling (GAP)[15] to the 1D-CNN. To avoid overfitting,
dropout is added after each layer. Finally, GAP is applied to reduce
the number of output parameters before generating the output.
Instead of adding fc-layers on top of the feature maps, we take the
average of each feature map, and the resulting vector is fed directly
into the softmax layer.

5.3 Analysis results

We conducted four experiments by varying the input parameters of
the model. In Experiment 1, we utilized only eight features, exclud-
ing ERP, using 0 and o of both hips and knees. Experiment 2 in-
volved adding the existing RPpg, to the inputs, resulting in 10 fea-
tures. For Experiment 3, we introduced a new feature, RPpjsrance, to
the existing eight features, resulting in 10 features used in the exper-
iment. In the final experiment, we included RP g1 and RPDjstance:
totaling 12 features in the input. We compared the results of these
four experiments.

Table 3: Result of Training

EXPERIMENT FEATURES VAL AUC & LOSS  TEST ACC
Ex.#1 0, w [0.7500, 0.7500] 0.75
(BASELINE) [0.7620, 0.8072]
Ex.#2 0, 0, RPangie [0.7500, 0.7500]  0.9983
(COMPARABLE 1) [0.4090, 0.4176]
Ex.#3 0, @, RPDistance [0.7500, 0.7500]  0.9913
(COMPARABLE 2) [0.5251, 0.5362]
Ex.#4 0, w [0.7500, 0.7500] 1.0
(BEsT) RPangie, RPpistance  [0.0016, 0.0004]

Table 3 summarizes the features, accuracy, and loss values for
each experiment. Furthermore, Figure 4 illustrates the confusion
matrix for each experiment in the test dataset. In conclusion, the
model incorporating the existing RP gy, (Experiment 2) performed
better than Experiment 1, which used only 0 and . Furthermore,
it was observed that the model trained with the addition of the pro-
posed ERP to the existing features outperformed the models trained
with only RPapngie of RPDistance 2dded to the current features.

6 CONCLUSION

This study proposes an Extended Relative Phase (ERP) indicator
to assess velocity-based training. It utilizes this indicator extracted
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from a specific exercise video to demonstrate the difference between
experts and novices and verify the validity of the proposed indi-
cator. According to the experiment, we can better understand the
relationship between users’ exercise performance and ERP. The plot
of the conventional RPpgj, index provided coordination between
the angular displacement and the angular velocity. The plot of the
newly defined RPpjs;ance index enabled us to confirm the proce-
dure through which stable periodic motion was performed during
intense motion performed by the participants. Furthermore, We
validated the newly proposed indicator’s performance and validity
by comparing it with a model using only conventional indicators.

Our markerless-based research is a groundbreaking method with
the advantage of being fast and free from spatial restrictions com-
pared to conventional sensor or motion capture techniques. In
specific exercises, coaches can simultaneously evaluate the rela-
tionship between the joint temporal coordination and the stability
of the exercise intensity through ERP without specific technical
knowledge. However, the method has certain limitations, such as
being less accurate than sensor-based evaluation and having less
internal data in the experiment.

Given the growing interest in fitness worldwide, the indicators
and evaluation methods presented in the paper are thought to be a
new and objective way to evaluate a player’s performance in the
fitness field. We expect this method to expand to fitness and various
fields, such as patient walking data for rehabilitation and posture
data in multiple sports.

ACKNOWLEDGMENTS

This research was supported by the Basic Science Research Program
through the National Research Foundation (NRF) of Korea grant,
funded by the Ministry of Education (NRF-2021R1I11A3055210), and
partially by Institute of Information & communications Technology
Planning & Evaluation (IITP) under the Artificial Intelligence Con-
vergence Innovation Human Resources Development (II'TP-2023-
RS-2023-00256629) grant funded by the Korea government(MSIT).



AIDSH 2024, August 25-29, 2024, Barcelona, Spain

REFERENCES

[1] ALFA AL [n.d.]. Artificial Intelligence Fitness coach: Alfa Ai. https://www.

[2

[3

[4

[12

(13

[14

(15

[17

[18

[19
[20

[21

[22

[23

[24

[25

[26

—

flaa

]

]

]

]

]

infivolve.com/.

Valentin Bazarevsky, Ivan Grishchenko, Karthik Raveendran, Tyler Zhu, Fan
Zhang, and Matthias Grundmann. 2020. Blazepose: On-device real-time body
pose tracking. arXiv preprint arXiv:2006.10204 (2020).

Robin Burgess-Limerick, Bruce Abernethy, and Robert J Neal. 1993. Relative
phase quantifies interjoint coordination. Journal of biomechanics 26, 1 (1993),
91-94.

Zhe Cao, Tomas Simon, Shih-En Wei, and Yaser Sheikh. 2017. Realtime multi-
person 2d pose estimation using part affinity fields. In Proceedings of the IEEE
conference on computer vision and pattern recognition. 7291-7299.

Jiaming Chua, Lee-Yeng Ong, and Meng-Chew Leow. 2021. Telehealth using
PoseNet-based system for in-home rehabilitation. Future Internet 13, 7 (2021),
173.

PAULA Dohoney, Joseph A Chromiak, DEREK Lemire, Ben R Abadie, and
CHRISTOPHER Kovacs. 2002. Prediction of one repetition maximum (1-RM)
strength from a 4-6 RM and a 7-10 RM submaximal strength test in healthy young
adult males. J Exerc Physiol 5, 3 (2002), 54-9.

Anne K Galgon and Patricia A Shewokis. 2016. Using Mean Absolute Relative
Phase, Deviation Phase and Point-Estimation Relative Phase to Measure Postural
Coordination in a Serial Reaching Task. Journal of sports science medicine 15, 1
(2016), 131.

Infivolve. [n. d.]. infiGro | Infivolve. https://www.infivolve.com/.

Mladen Jovanovi¢ and Eamonn P Flanagan. 2014. Researched applications of
velocity based strength training. J Aust Strength Cond 22, 2 (2014), 58—69.
Max J Kurz and Nicholas Stergiou. 2002. Effect of normalization and phase angle
calculations on continuous relative phase. Journal of biomechanics 35, 3 (2002),
369-374.

Alberto Lamas, Siham Tabik, Antonio Cano Montes, Francisco Pérez-Hernandez,
Jorge Garcia, Roberto Olmos, and Francisco Herrera. 2022. Human pose esti-
mation for mitigating false negatives in weapon detection in video-surveillance.
Neurocomputing 489 (2022), 488-503.

Peter F Lamb and Michael Stockl. 2014. On the use of continuous relative
phase: Review of current approaches and outline for a new standard. Clinical
Biomechanics 29, 5 (2014), 484-493.

Jaehyun Lee, Hyosung Joo, Junglyeon Lee, and Youngjoon Chee. 2020. Automatic
Classification of Squat Posture Using Inertial Sensors: Deep Learning Approach.
Sensors 20, 2 (2020), 361.

Yung-Che Li, Ching-Tang Chang, Chin-Chang Cheng, and Yu-Len Huang. 2021.
Baseball Swing Pose Estimation Using OpenPose. In 2021 IEEE International
Conference on Robotics, Automation and Artificial Intelligence (RAAI). IEEE, 6-9.
Min Lin, Qiang Chen, and Shuicheng Yan. 2013. Network in network. arXiv
preprint arXiv:1312.4400 (2013).

Jingyuan Liu, Mingyi Shi, Qifeng Chen, Hongbo Fu, and Chiew-Lan Tai. 2021.
Normalized human pose features for human action video alignment. In Proceed-
ings of the IEEE/CVF International Conference on Computer Vision. 11521-11531.
Vicon Motion Systems Ltd. [n.d.]. What is motion capture?: What can I use
motion capture for? https://www.vicon.com/about-us/what-is-motion-capture/.
Accessed: 2023-03-17.

Michael R McGuigan, Glenn A Wright, and Steven J Fleck. 2012. Strength training
for athletes: does it really help sports performance? International journal of sports
physiology and performance 7, 1 (2012), 2-5.

MediaPipe. [n.d.]. Pose Landmark Detection. https://developers.google.com/
mediapipe/solutions/vision/pose_landmarker.

Sina Mehdizadeh and Paul S Glazier. 2018. Order error in the calculation of
continuous relative phase. Journal of biomechanics 73 (2018), 243-248.

Hang Thi Phuong Nguyen, Yeongju Woo, Ngoc Nguyen Huynh, and Hieyong
Jeong. 2022. Scoring of Human Body-Balance Ability on Wobble Board Based on
the Geometric Solution. Applied Sciences 12, 12 (2022), 5967.

Martin O’Reilly, Darragh Whelan, Charalampos Chanialidis, Nial Friel, Eamonn
Delahunt, Toméas Ward, and Brian Caulfield. 2015. Evaluating squat performance
with a single inertial measurement unit. In 2015 IEEE 12th International Conference
on Wearable and Implantable Body Sensor Networks (BSN). 1-6.

Dario Pavllo, Christoph Feichtenhofer, David Grangier, and Michael Auli. 2019. 3d
human pose estimation in video with temporal convolutions and semi-supervised
training. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern
Recognition. 7753-7762.

Ronald K Pearson, Yrj6 Neuvo, Jaakko Astola, and Moncef Gabbouj. 2016. Gener-
alized hampel filters. EURASIP Journal on Advances in Signal Processing 2016, 1
(2016), 1-18.

Charles Poliquin. 1988. Five steps to increasing the effectiveness of your strength
training program. Strength & Conditioning Journal 10, 3 (1988), 34-39.

Daniel Roetenberg, Henk Luinge, Per Slycke, et al. 2009. Xsens MVN: Full
6DOF human motion tracking using miniature inertial sensors. Xsens Motion
Technologies BV, Tech. Rep 1 (2009), 1-7.

[27
[28

[29

[30

[31

[32

Woo et al.

Ronald W Schafer. 2011. What is a Savitzky-Golay filter?[lecture notes]. IEEE
Signal processing magazine 28, 4 (2011), 111-117.

Tianyi Wang, Hieyong Jeong, and Yuko Ohno. 2017. Evaluation of self-reliance
support robot through relative phase. IEEE Access 5 (2017), 17816-17823.
Yeoungju Woo, Seoyeong Ko, Sohyun Ahn, Hang Thi Phuong Nguyen,
Choonsung Shin, Hieyong Jeong, Byungjoo Noh, Myeounggon Lee, Hwayoung
Park, and Changhong Youm. 2021. Classification of Diabetic Walking for Senior
Citizens and Personal Home Training System Using Single RGB Camera through
Machine Learning. Applied sciences 11, 19 (2021), 9029.

Hongyi Xu, Eduard Gabriel Bazavan, Andrei Zanfir, William T Freeman, Rahul
Sukthankar, and Cristian Sminchisescu. 2020. Ghum & ghuml: Generative 3d hu-
man shape and articulated pose models. In Proceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition. 6184-6193.

Warren B Young. 2006. Transfer of strength and power training to sports per-
formance. International journal of sports physiology and performance 1, 2 (2006),
74-83.

Michael C Zourdos, Chad Dolan, Justin M Quiles, Alex Klemp, Edward Jo,
Jeremy P Loenneke, Rocky Blanco, and Michael Whitehurst. 2016. Efficacy of daily
one-repetition maximum training in well-trained powerlifters and weightlifters:
a case series. Nutricion hospitalaria 33, 2 (2016), 437-443.


https://www.infivolve.com/
https://www.infivolve.com/
https://www.infivolve.com/
https://www.vicon.com/about-us/what-is-motion-capture/
https://developers.google.com/mediapipe/solutions/vision/pose_landmarker
https://developers.google.com/mediapipe/solutions/vision/pose_landmarker

	Abstract
	1 Introduction
	2 Related Works
	2.1 Motion-Capture-System-based training assessment
	2.2 Human-Pose-Estimation-based training assessment

	3 Method
	3.1 Relative Phase
	3.2 Extended Relative Phase

	4 Experimental environments and systems
	5 Extended-Relative-Phased-based extracted features on classification
	5.1 Data Augmentation & Pre-processing
	5.2 Model Description
	5.3 Analysis results

	6 Conclusion
	Acknowledgments
	References

