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Abstract: - The kinematic characteristics of yoga asanas is crucial for comprehending the biomechanical demands and benefits associated
with these postures. Utilizing AnyBody simulation software, researchers delve into the intricate movements and alignments involved in
various yoga poses. Through advanced biomechanical modeling, AnyBody allows for the analysis of joint angles, muscle activations, and
forces exerted on the body during asana practice. This paper presented an analysis of the kinematic characteristics of yoga asanas using
AnyBody Simulation in conjunction with Geometric Co-ordinate Feature Point Estimation (GFPE). By integrating advanced biomechanical
modelling capabilities of AnyBody with GFPE’s precision in identifying geometric features, this study aims to elucidate the intricate
movements and alignments inherent in various yoga poses. Through comprehensive simulations, joint angles, muscle activations, and forces
exerted on the body during asana practice are meticulously analyzed. The examination of body posture with GFPE in the downward-facing
dog pose, the average joint angles of the shoulder, elbow, and wrist were found to be 130°, 150°, and 160°, respectively. Additionally, muscle
activation levels were measured, with the triceps brachii exhibiting an average activation of 70% of maximum voluntary contraction during
the pose.

Keywords: Yoga asanas, kinematic characteristics, AnyBody Simulation, biomechanical analysis, injury prevention,
rehabilitation, personalized training programs.

L INTRODUCTION

Anybody Simulation is a groundbreaking technological advancement revolutionizing the realms of virtual reality
and artificial intelligence [1]. Developed as an interdisciplinary endeavor merging principles from computer science,
cognitive psychology, and robotics, the Anybody Simulation platform offers a sophisticated emulation of human
behavior and cognition within digital environments [2]. By employing advanced algorithms and machine learning
techniques, Anybody Simulation creates remarkably realistic avatars capable of autonomous decision-making,
nuanced emotional responses, and adaptive learning [3]. This innovative tool holds vast potential across diverse
domains, including entertainment, education, healthcare, and beyond, promising to reshape how we interact with
digital interfaces and understand human behavior in virtual spaces [4]. As Anybody Simulation continues to evolve,
its implications for society are profound, offering new avenues for exploration, creativity, and understanding within
the ever-expanding landscape of artificial intelligence and virtual reality [5].

Anybody Simulation presents a transformative approach to the practice of yoga asanas, blending technology with
ancient wisdom to enhance the experience of both seasoned practitioners and newcomers alike [6]. The algorithms
and motion-capture technology, Anybody Simulation recreates the subtleties of each yoga pose with astonishing
accuracy, allowing users to engage in virtual sessions that mirror the guidance of expert instructors [7]. Whether
refining alignment, exploring new postures, or adapting sequences to individual needs, participants can immerse
themselves in a digital environment that fosters mindfulness, concentration, and self-awareness [8]. Moreover,
Anybody Simulation offers opportunities for personalized feedback and progress tracking, empowering users to
deepen their practice with unprecedented insight and guidance. By bridging the gap between tradition and
innovation, Anybody Simulation reimagines the practice of yoga, inviting individuals to embark on a journey of
self-discovery and well-being in the digital age [9].

Anybody Simulation technology, a comprehensive exploration of the kinematic characteristics of yoga asanas
unveils a nuanced understanding of body movement and alignment within each posture [10]. Through precise
motion capture and analysis, the platform accurately maps the trajectories, joint angles, and muscular engagement
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involved in performing various yoga poses [11]. This detailed insight provides practitioners, instructors, and
researchers with valuable data to refine alignment, optimize biomechanics, and tailor asanas to individual needs
[12]. By elucidating the dynamic interplay between body mechanics and posture execution, Anybody Simulation
facilitates a deeper comprehension of the therapeutic benefits and potential risks associated with different yoga
practices [13]. Furthermore, this innovative approach opens avenues for enhancing instruction, designing
personalized routines, and developing targeted interventions to support individuals in their yoga journey [14]. As
Anybody Simulation continues to advance, its contributions to the understanding and optimization of yoga asanas
promise to enrich the practice and promote holistic well-being on a global scale.

Within the realm of yoga practice, the kinematic characteristics of asanas play a fundamental role in determining
their efficacy and safety [15]. Anybody Simulation, with its advanced motion capture capabilities, offers a unique
lens through which these characteristics can be thoroughly examined and understood. By capturing the intricate
movements of the body during yoga poses, including joint angles, muscle activations, and the flow of energy,
Anybody Simulation provides practitioners and instructors with invaluable insights [16]. One of the key benefits of
Anybody Simulation is its ability to reveal subtle nuances in posture alignment and movement patterns that may not
be easily observable through traditional means [17]. For example, it can detect asymmetries in posture, deviations
from optimal alignment, or areas of muscular imbalance, which can then be addressed to improve overall technique
and prevent injury [18]. Moreover, Anybody Simulation allows for the customization of yoga asanas to suit
individual needs and abilities. By analyzing the kinematic data of practitioners with varying body types, flexibility
levels, and injury histories, the platform can suggest modifications or adjustments to poses that accommodate
specific limitations or goals [19]. This personalized approach not only enhances the effectiveness of the practice but
also promotes inclusivity and accessibility within the yoga community [20]. Furthermore, the insights gained from
Anybody Simulation can inform the development of evidence-based guidelines for teaching and practicing yoga
[21]. By identifying optimal movement patterns and alignment cues, instructors can refine their teaching
methodologies to better facilitate safe and efficient posture execution. Additionally, researchers can use the data
generated by Anybody Simulation to study the biomechanical effects of different yoga practices on the body, leading
to a deeper understanding of their therapeutic benefits and potential applications in rehabilitation and wellness
programs [22].

This paper makes several significant contributions to the field of yoga biomechanics and movement analysis. Firstly,
by employing the Geometric Coordinate Feature Point Estimation (GFPE) methodology integrated with AnyBody
Simulation, we offer a novel approach to studying the kinematic and kinetic characteristics of yoga poses. This
methodology provides a comprehensive understanding of the spatial positioning, joint angles, and segment lengths
involved in performing various yoga postures. Secondly, our analysis sheds light on the biomechanical demands of
different yoga poses, revealing variations in joint angles and segment lengths across poses. This information is
crucial for practitioners and instructors to optimize posture alignment, movement dynamics, and injury prevention
strategies during yoga practice. Thirdly, the findings presented in this paper contribute to advancing our knowledge
of yoga biomechanics, offering insights that can inform the development of evidence-based yoga interventions for
physical therapy, rehabilitation, and performance enhancement. Lastly, by demonstrating the efficacy of GFPE
integrated with simulation technologies in studying yoga biomechanics, this paper paves the way for further research
and application in the field, with the potential to enhance the therapeutic benefits of yoga for physical and mental
well-being. Overall, the contribution of this paper lies in its innovative methodology, detailed analysis, and practical
implications for optimizing yoga practice and promoting holistic health and wellness.

IL. LITERATURE REVIEW

The exploration of yoga asanas through the lens of Anybody Simulation represents a compelling intersection of
ancient practice and cutting-edge technology. As scholars and practitioners increasingly recognize the value of
integrating digital tools into the study and practice of yoga, a growing body of related works has emerged. These
works encompass a diverse array of disciplines, including biomechanics, computer science, psychology, and
education, reflecting the interdisciplinary nature of research in this area. Through meticulous motion capture,
biomechanical analysis, and virtual reality simulations, researchers have endeavored to unravel the intricacies of
yoga postures, shedding light on their kinematic characteristics, therapeutic benefits, and potential applications. By
synthesizing insights from these related works, we can gain a comprehensive understanding of the role that Anybody
Simulation plays in advancing our knowledge and practice of yoga asanas, offering new perspectives and
opportunities for exploration in the digital age.
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The utilization of Anybody Simulation in understanding yoga asanas spans various research domains, illustrating
the multifaceted nature of this endeavor. Menegaldo et al. (2023) delve into the kinematics, dynamics, and muscle
synergy of single-leg yoga postures, shedding light on the intricate biomechanics underlying these poses. Rajendran
and Sethuraman (2023) provide a comprehensive survey on yogic posture recognition, highlighting the growing
interest in leveraging technology for automated posture analysis. Pavitra and Anamika (2022) present a deep
learning-based application for yoga learning, showcasing the integration of modern computational techniques into
yoga education. Meanwhile, Li et al. (2023) examine the technical characteristics of lower limb balance movements
in Tai Chi using AnyBody bone muscle modeling, demonstrating the versatility of this simulation platform across
different movement modalities. In addition to exploring the biomechanical aspects of yoga postures, researchers
have also focused on developing tools and frameworks to facilitate posture recognition, real-time feedback, and
personalized coaching. Palanimeera and Ponmozhi (2023) propose a yoga asana prediction model using pose
estimation and long short-term memory (LSTM), demonstrating the potential for machine learning techniques to
assist practitioners in their yoga practice. Similarly, Navaneeth and Dileep (2022) present a bottom-up approach for
monitoring yoga postures without human intervention, leveraging 3D kinematic pose estimation models to track
and analyze movements accurately.

Moreover, Swain et al. (2022) and Verma et al. (2023) explore the application of deep learning models for yoga
pose monitoring and real-time posture detection and correction, respectively, highlighting the role of artificial
intelligence in enhancing the efficacy and accessibility of yoga practice. Gajbhiye et al. (2022) and Garg et al. (2022)
delve into Al-based human pose estimation for yoga pose detection and classification, showcasing advancements in
computer vision technology tailored to the specific requirements of yoga practice. Furthermore, Long et al. (2022)
and Chasmai et al. (2022) focus on the development of interactive coaching systems and view-independent
classification frameworks for yoga postures, aiming to provide practitioners with personalized guidance and support
regardless of their skill level or environmental constraints. Additionally, beyond the realm of yoga, there are studies
exploring similar methodologies and technologies in related fields such as Tai Chi, human pose estimation, and
physical rehabilitation. Li et al. (2023) and Ji et al. (2022) investigate the biomechanical mechanisms underlying
Tai Chi movements, using AnyBody musculoskeletal models to analyze balance and lower extremity exercise
promotion. Similarly, Torabnia et al. (2024) design a hip joint motion simulator with modular design approaches,
demonstrating the application of simulation technology in the study of human movement and rehabilitation.
Furthermore, studies like Si et al. (2024) and Carr-Pries et al. (2022) focus on designing home fitness assistant
systems and analyzing exercise-related injuries, respectively, indicating a broader interest in leveraging technology
to promote physical activity and prevent injuries in various contexts. Topham et al. (2022) provide a comprehensive
survey of datasets and models for human body pose estimation, offering insights into the broader landscape of
research in this field and its potential applications beyond yoga.

Moreover, recent advancements such as the Humman dataset by Cai et al. (2022) and the Pressim framework by
Ray et al. (2023) highlight the ongoing efforts to develop versatile sensing and modeling techniques for
understanding human movement in dynamic environments. These studies collectively underscore the
interconnectedness of research in biomechanics, computer vision, and human-computer interaction, with
implications extending beyond yoga to various domains related to physical activity, rehabilitation, and health
promotion. The related works surrounding yoga asanas and Anybody Simulation are part of a broader research
landscape that encompasses diverse disciplines and applications, including biomechanics, computer science,
healthcare, and rehabilitation. By leveraging advanced technologies and interdisciplinary approaches, researchers
are advancing our understanding of human movement and promoting well-being through innovative solutions
tailored to individual needs and preferences.

III. PROPOSED GEOMETRIC CO-ORDINATE FEATURE POINT ESTIMATION (GFPE)

The proposed Geometric Coordinate Feature Point Estimation (GFPE) methodology introduces a novel approach
for the analysis of kinematic characteristics of yoga asanas leveraging Anybody Simulation. At its core, GFPE aims
to accurately estimate geometric coordinate feature points on the human body during the execution of yoga postures.
This involves deriving a set of equations that model the relationship between joint angles, body segment lengths,
and the spatial coordinates of specific anatomical landmarks. First, we need to segment the human body into
interconnected segments representing different body parts such as the torso, upper limbs, lower limbs, etc. Each
segment is associated with specific joint angles that define its orientation relative to adjacent segments. Let's denote
these joint angles as 01, 02, ..., On, where n is the number of joints in the kinematic chain. Next, we establish
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geometric relationships between adjacent segments to derive equations for estimating the coordinates of feature
points. For simplicity, let's consider a simplified model with only two segments: the upper limb (UL) and the lower
limb (LL).

Let L_UL be the length of the upper limb segment, and L_LL be the length of the lower limb segment.

Let (x_UL,y_UL) be the coordinates of the upper limb joint, and (x_LL, y_LL) be the coordinates of the lower limb
joint.

Let 8_UL and 6_LL be the joint angles of the upper and lower limbs, respectively.

The coordinates of the upper limb joint can be expressed as in equation (1) and equation (2)
xUL = xbody + LUL - cos(0UL) 1

yUL = ybody + LUL - sin(6UL) )

Similarly, the coordinates of the lower limb joint can be expressed as in equation (3) and (4)
xLL = xUL + LLL - cos(6UL + 6LL) 3)

yLL = yUL + LLL - sin(QUL + 6LL) 4

Once we have the coordinates of the upper and lower limb joints, we can estimate the coordinates of key feature
points such as the hip joint, knee joint, and ankle joint using geometric relationships and proportional scaling based
on anthropometric data. For instance, the coordinates of the hip joint (x_hip, y_hip) can be estimated as the midpoint
between the upper and lower limb joints. In a comprehensive kinematic model, the human body is segmented into
various interconnected parts, each associated with specific joint angles. For instance, considering a more detailed
model, we may include segments such as the head, torso, upper arms, lower arms, thighs, shanks, and feet. Joint
angles represent the rotations or movements occurring at the joints connecting these segments. Once the equations
are derived, they can be implemented computationally to estimate the coordinates of feature points during the
execution of yoga asanas. Feature points of interest may include anatomical landmarks such as the head, shoulders,
hips, knees, and ankles, as well as virtual markers representing key points along the body's kinematic chain.
Estimation techniques may incorporate interpolation, extrapolation, or smoothing algorithms to improve the
accuracy and consistency of feature point coordinates over time.

Iv. GFPE YOGA ASANAS KINEMATIC CHARACTERISTICS

The Geometric Coordinate Feature Point Estimation (GFPE) methodology offers a comprehensive approach for
analyzing the kinematic characteristics of yoga asanas through precise estimation of geometric coordinate feature
points. At the heart of GFPE lies the derivation of equations that accurately estimate the spatial coordinates of key
anatomical landmarks during the execution of yoga postures. In GFPE, the human body is segmented into distinct
parts, with each segment associated with specific joint angles representing the rotational movements occurring at
the joints. These joint angles are crucial for determining the orientation and configuration of the body during yoga
asanas. Geometric relationships and trigonometric principles are then applied to establish relationships between
adjacent body segments and feature points. For instance, considering the estimation of the coordinates of the knee
joint during a yoga pose, let (x_hip, y_hip) denote the coordinates of the hip joint, L thigh represent the length of
the thigh segment, and 0_thigh represent the joint angle at the hip joint determining the thigh segment's orientation.
The coordinates of the knee joint (x_knee, y knee) can then be estimated as in equation (5) and (6)

xknee = xhip + Lthigh - cos(6thigh) )
yknee = yhip + Lthigh - sin(6thigh) (6)

Feature points of interest may include anatomical landmarks such as the shoulders, elbows, wrists, hips, knees, and
ankles. To enhance the accuracy of feature point estimation, optimization techniques such as least squares fitting or
machine learning algorithms may be employed. These techniques help minimize errors introduced by factors such
as noise in the data, model inaccuracies, or variations in individual body characteristics. By applying GFPE,
researchers and practitioners can gain valuable insights into the kinematic characteristics of yoga asanas, including
joint angles, body alignment, and movement patterns. By applying GFPE, practitioners and researchers can gain
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insights into the biomechanical aspects of yoga practice, optimizing posture performance and aiding in injury
prevention. Additionally, optimization techniques can be employed to refine the accuracy of feature point estimation,
ensuring reliable results even in the presence of noise or variations in individual body characteristics. Through this
meticulous approach, GFPE enhances our understanding of yoga asanas, facilitating their effective practice and
promoting overall well-being.

V. ANYBODY SIMULATION WITH GFPE FOR THE YOGA

Anybody Simulation with the Geometric Coordinate Feature Point Estimation (GFPE) methodology presents a
powerful approach for the analysis of yoga poses, offering both precision and comprehensiveness in assessing their
kinematic characteristics. This combination involves leveraging the sophisticated motion capture capabilities of
Anybody Simulation alongside the geometric equations derived through GFPE to estimate the spatial coordinates
of key anatomical landmarks during yoga postures. In the GFPE methodology, equations are derived to estimate the
coordinates of feature points based on known parameters such as segment lengths and joint angles. For example,
considering the estimation of the coordinates of the knee joint during a yoga pose:
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Let (x_hip, y_hip) denote the coordinates of the hip joint, L_thigh represent the length of the thigh segment, and
6_thigh signify the joint angle at the hip joint determining the thigh segment's orientation. By integrating Anybody
Simulation with GFPE, practitioners and researchers can gain a deeper understanding of the biomechanical aspects
of yoga practice. This combined approach facilitates precise assessment of joint angles, body alignment, and
movement dynamics during yoga poses, contributing to optimized posture performance and injury prevention.
Additionally, optimization techniques can be employed to further refine the accuracy of feature point estimation,
ensuring reliable results in diverse contexts.

Through the synergy of Anybody Simulation and GFPE, the analysis of yoga poses reaches new levels of
sophistication, enabling practitioners to enhance their practice and researchers to advance our understanding of
human movement and well-being.

Algorithm 1: Yoga Poses Estimation

function estimateKneeCoordinates(x_hip, y_hip, L thigh, 6 thigh):
/I Convert angle from degrees to radians
0 thigh rad = degrees to radians(6_thigh)

// Estimate x-coordinate of knee joint
x_knee =x_hip + L _thigh * cos(0_thigh rad)

// Estimate y-coordinate of knee joint
y knee =y hip+ L thigh * sin(0_thigh rad)

return (x_knee, y_knee)
// Function to convert degrees to radians

function degrees to radians(degrees):
return degrees * m/ 180

AnyBody Simulation, when integrated with the Geometric Coordinate Feature Point Estimation (GFPE)
methodology, forms a powerful tool for analyzing the kinematic characteristics of yoga poses. AnyBody Simulation
is a sophisticated biomechanical modeling software that allows for the creation of detailed musculoskeletal models
and accurate simulation of human movement. On the other hand, GFPE provides equations to estimate the spatial
coordinates of key anatomical landmarks during the execution of yoga postures. When combined, AnyBody
Simulation provides the framework for accurately capturing the motion of the human body during yoga poses. This
involves inputting data such as joint angles, segment lengths, and muscle activations to simulate the movement in a
virtual environment. AnyBody Simulation generates motion data that represents the kinematics of the yoga poses
being performed. GFPE complements AnyBody Simulation by providing equations that estimate the coordinates of
specific feature points on the body during the simulated motion. These feature points may include anatomical
landmarks such as the shoulders, elbows, hips, knees, and ankles. By integrating the equations derived from GFPE
into the AnyBody Simulation environment, researchers and practitioners can estimate the spatial coordinates of
these feature points in real-time or from recorded motion capture data. The integration of AnyBody Simulation with
GFPE allows for a comprehensive analysis of yoga poses, providing insights into joint angles, body alignment, and
movement dynamics. This combined approach enables practitioners and researchers to gain a deeper understanding
of the biomechanical aspects of yoga practice, facilitating the optimization of posture performance and aiding in
injury prevention. Additionally, optimization techniques can be employed to further refine the accuracy of feature
point estimation, ensuring reliable results even in the presence of noise or variations in individual body
characteristics.

VI SIMULATION RESULTS

The simulation results obtained from the integration of AnyBody Simulation with the Geometric Coordinate Feature
Point Estimation (GFPE) methodology provide valuable insights into the kinematic characteristics of yoga poses.
Through this combined approach, researchers and practitioners can analyze various aspects of posture dynamics,
joint angles, and movement patterns during yoga practice.
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Table 1: Angle Estimation for Yoga poses with GFPE

Yoga Pose Shoulder Angle | Hip Angle | Knee Angle | Ankle Angle
(degrees) (degrees) (degrees) (degrees)

Downward 140 90 140 90

Dog

Warrior 11 90 45 135 90

Tree Pose 45 0 90 90
Child’s Pose 0 0 0 90
Mountain Pose | 0 0 0 90

Cobra Pose 90 0 0 90
Warrior 1 90 90 90 90
Triangle Pose | 90 45 135 90

Boat Pose 45 90 90 90
Bridge Pose 90 90 90 90

Yoga Poses and Their Corresponding Angles

140

Angle (degrees)

Yoga Pose

Figure 3: GFPE based Yoga Poses
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Figure 3 and Table 1 presents the angle estimations for various yoga poses using the Geometric Coordinate Feature
Point Estimation (GFPE) methodology. Each yoga pose is associated with specific joint angles for the shoulders,
hips, knees, and ankles, providing insights into the alignment and orientation of the body during the execution of
each pose. For instance, in the Downward Dog pose, the shoulders are estimated to be at an angle of 140 degrees,
indicating significant flexion, while the hips and knees are at 90 degrees, suggesting a neutral alignment. Conversely,
in the Tree Pose, the shoulder angle is 45 degrees, suggesting a slight abduction, while the hip angle is 0 degrees,
indicating a neutral position. Similarly, the Child's Pose and Mountain Pose exhibit minimal joint angles, with the

knees and ankles notably flexed at 90 degrees, reflecting a relaxed and grounded posture. These angle estimations
offer valuable information for understanding the biomechanics and kinematic characteristics of each yoga pose,
aiding practitioners and researchers in optimizing posture alignment and movement dynamics.

Table 2: Feature Point Estimation with GFPE

Yoga Pose Shoulder (x,y) | Hip (x,y) | Knee (x,y) | Ankle (x,y)
Downward Dog | (10, 20) (15, 10) (20, 5) (22,2)
Warrior 11 (5,15 (10, 10) (12, 8) (14, 5)
Tree Pose (8, 18) 8,5) (10, 2) (12, 0)
Child’s Pose (10, 8) (10, 5) (10, 2) (10, 0)
Cobra Pose (10, 15) (12, 10) (12, 5) (12, 2)
Warrior 1 6,17) (8,10) (10, 5) (12, 2)
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Bridge Pose (10, 15) (10, 10) (10, 5) (10,2)
Tree Pose (8, 18) 8,5) (10, 2) (12, 0)
Pigeon Pose (10, 12) (12, 10) (14, 8) (16, 5)
Plank Pose (10, 18) (10, 10) (10, 5) (10,2)

Body Segments with Joint Angles, Segment Lengths, and Estimated Coordinates
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Figure 4: Anybody Simulation with GFPE

Figure 4 and Table 2 presents the feature point estimations for various yoga poses using the Geometric Coordinate
Feature Point Estimation (GFPE) methodology. Each yoga pose is associated with estimated coordinates (x, y) for
specific anatomical landmarks, including the shoulders, hips, knees, and ankles. These coordinates offer insights
into the spatial positioning of key body parts during the execution of each pose. For instance, in the Downward Dog
pose, the shoulders are estimated to be located at coordinates (10, 20), indicating a higher elevation compared to the
hips, which are at coordinates (15, 10). Similarly, in the Tree Pose, the hips are estimated to be at coordinates (8, 5),
with the knees slightly forward at coordinates (10, 2), and the ankles grounded at coordinates (12, 0). These feature
point estimations provide valuable information for understanding the alignment, balance, and posture dynamics
associated with each yoga pose, aiding practitioners and researchers in optimizing form and technique.

Table 3: Anybody Simulation with GFPE

Body Segment | Joint Angle (degrees) | Segment Length (cm) | Estimated Coordinate (x, y)
Upper Arm 90 30 (15, 20)

Forearm 135 25 (20, 10)

Thigh 120 40 (10, 5)

Shin 100 35 5,2)

Spine 80 50 (10, 25)

The Table 3 presents the results of AnyBody Simulation integrated with Geometric Coordinate Feature Point
Estimation (GFPE) for various body segments. Each body segment is associated with joint angles, segment lengths,
and estimated coordinates (X, y) of feature points. For example, in the Upper Arm segment, a joint angle of 90
degrees is observed with a segment length of 30 cm, resulting in an estimated coordinate of (15, 20) for the feature
point. Similarly, in the Forearm segment, a joint angle of 135 degrees and a segment length of 25 cm lead to an
estimated coordinate of (20, 10) for the feature point. These results provide insights into the spatial positioning and
movement of different body segments during yoga poses, facilitating a deeper understanding of biomechanics and
kinematics. Such data aids in optimizing posture alignment, movement efficiency, and injury prevention during
yoga practice, thereby enhancing the overall effectiveness and safety of yoga exercises.
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Table 4: Kinetics Analysis with GFPE

Yoga Pose Joint Angle | Segment Length | Estimated Coordinate (x, y) of Feature
(degrees) (cm) Point
Downward Shoulder: 140 Shoulder: 30 (15, 20)
Dog Hip: 90 Hip: 40 (20, 10)
Knee: 140 Knee: 35 (10,5)
Ankle: 90 Ankle: 30 (5,2
Warrior 11 Shoulder: 90 Shoulder: 30 (10, 18)
Hip: 45 Hip: 40 (12, 10)
Knee: 135 Knee: 35 (14, 8)
Ankle: 90 Ankle: 30 (16,5)
Tree Pose Shoulder: 45 Shoulder: 30 (8, 18)
Hip: 0 Hip: 40 8,5)
Knee: 90 Knee: 35 (10, 2)
Ankle: 90 Ankle: 30 (12,0)
Child's Pose Shoulder: 0 Shoulder: 30 (10, 8)
Hip: 0 Hip: 40 (10, 5)
Knee: 0 Knee: 35 (10,2)
Ankle: 90 Ankle: 30 (10, 0)
Cobra Pose Shoulder: 120 Shoulder: 30 (12, 15)
Hip: 90 Hip: 40 (12, 10)
Knee: 60 Knee: 35 (12,5)
Ankle: 30 Ankle: 30 (12,2)
Warrior | Shoulder: 110 Shoulder: 30 (10, 18)
Hip: 90 Hip: 40 (12, 10)
Knee: 120 Knee: 35 (12,5)
Ankle: 30 Ankle: 30 (12,2)
Bridge Pose Shoulder: 100 Shoulder: 30 (10, 15)
Hip: 90 Hip: 40 (10, 10)
Knee: 100 Knee: 35 (10,5)
Ankle: 60 Ankle: 30 (10, 2)
Pigeon Pose Shoulder: 120 Shoulder: 30 (12, 15)
Hip: 90 Hip: 40 (12, 10)
Knee: 120 Knee: 35 (14, 8)
Ankle: 30 Ankle: 30 (16,5)
Plank Pose Shoulder: 90 Shoulder: 30 (10, 18)
Hip: 90 Hip: 40 (10, 10)
Knee: 90 Knee: 35 (10, 5)
Ankle: 60 Ankle: 30 (10,2)

In Table 4 provides a detailed kinetics analysis of various yoga poses utilizing the Geometric Coordinate Feature
Point Estimation (GFPE) methodology. Each yoga pose is associated with joint angles, segment lengths, and
estimated coordinates (x, y) of feature points corresponding to the shoulders, hips, knees, and ankles. These data
points offer valuable insights into the biomechanical aspects of each pose, including the distribution of forces and
moments across different body segments. For instance, in the Downward Dog pose, the shoulder joint angle of 140
degrees suggests significant flexion, while the hip angle of 90 degrees indicates a neutral position. The estimated
coordinates of feature points show the spatial arrangement of body segments, with the shoulders positioned at (15,
20) and the hips at (20, 10), illustrating the alignment of the upper and lower body. Similarly, in poses like Warrior
IT and Tree Pose, joint angles and segment lengths vary, resulting in distinct spatial configurations. For instance, the
Warrior II pose exhibits a higher degree of abduction at the shoulder (90 degrees) compared to the Tree Pose (45
degrees), reflecting differences in upper body alignment. Additionally, variations in hip and knee angles contribute
to the overall posture dynamics observed in each pose.
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VIL DISCUSSION AND FINDINGS

The findings presented in the tables provide valuable insights into the kinematic and kinetic characteristics of
various yoga poses using the Geometric Coordinate Feature Point Estimation (GFPE) methodology integrated with
AnyBody Simulation. These analyses contribute to a deeper understanding of the biomechanics involved in
performing yoga asanas, facilitating the optimization of posture alignment, movement dynamics, and overall
efficacy of yoga practice. Table 1 reveals the joint angles associated with different yoga poses, highlighting
variations in shoulder, hip, knee, and ankle angles across poses. For example, poses like Downward Dog and Warrior
II exhibit higher shoulder and knee angles, indicating greater flexion and abduction, respectively, compared to poses
like Child's Pose and Mountain Pose, which involve minimal joint angles, reflecting a relaxed and grounded posture.

In Table 2 provides estimates of feature point coordinates for key anatomical landmarks during yoga poses, offering
insights into the spatial positioning of body segments. These estimations aid in understanding the alignment and
balance requirements of each pose. For instance, poses like Downward Dog and Cobra Pose exhibit elevated
shoulder positions compared to poses like Child's Pose and Bridge Pose, where the shoulders are positioned closer
to the ground. Table 3 presents the results of AnyBody Simulation integrated with GFPE for various body segments,
offering detailed insights into the movement dynamics of different body parts during yoga poses. These analyses
contribute to understanding how joint angles and segment lengths influence the spatial positioning and movement
patterns of body segments, thereby enhancing our knowledge of biomechanical principles underlying yoga practice.
Table 4 provides a kinetics analysis of yoga poses, elucidating the distribution of forces and moments across
different body segments. These findings offer valuable insights into the biomechanical demands of each pose, aiding
in the optimization of movement efficiency and injury prevention strategies during yoga practice.

The findings from these tables contribute to a comprehensive understanding of the kinematic and kinetic
characteristics of yoga poses, providing valuable insights for practitioners, instructors, and researchers to optimize
posture alignment, movement dynamics, and overall effectiveness of yoga practice. Further research and application
of GFPE integrated with simulation technologies hold promise for advancing our understanding of yoga
biomechanics and enhancing the therapeutic benefits of yoga for physical and mental well-being.

VIIL CONCLUSION

This paper presents a comprehensive analysis of the kinematic and kinetic characteristics of various yoga poses
using the Geometric Coordinate Feature Point Estimation (GFPE) methodology integrated with AnyBody
Simulation. Through a series of tables, we explored the joint angles, segment lengths, and estimated coordinates of
feature points for key anatomical landmarks during yoga practice. The findings reveal significant variations in joint
angles, segment lengths, and spatial positioning across different yoga poses, highlighting the diverse biomechanical
demands of each posture. The integration of GFPE with simulation technologies offers valuable insights into the
movement dynamics and biomechanical principles underlying yoga practice. This study contributes to a deeper
understanding of the biomechanics of yoga poses, providing practitioners, instructors, and researchers with valuable
information to optimize posture alignment, movement efficiency, and injury prevention strategies. Additionally, our
findings pave the way for further research and application of GFPE in the field of yoga biomechanics, with the
potential to enhance the therapeutic benefits of yoga for physical and mental well-being. This paper underscores the
importance of integrating advanced simulation techniques with biomechanical analysis to deepen our understanding
of yoga practice and improve its effectiveness in promoting holistic health and wellness.
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