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Abstract— This project introduces a real-time system for enhancing yoga practice through pose 
correction utilizing machine learning techniques and the Media Pipe library. Yoga, a practice 
rooted in physical and mental well-being, often requires precise alignment to maximize its 
benefits and prevent injuries. However, achieving correct poses can be challenging, especially for 
beginners. To address this challenge, we propose a system that leverages computer vision 
algorithms to track key body joints and provide real-time feedback on pose accuracy. The system 
employs machine learning models trained on a diverse dataset of yoga poses to accurately 
estimate and correct deviations from ideal postures. Through integration with Media Pipe, a 
robust and efficient framework for real-time pose estimation, our system offers seamless user 
experience and immediate feedback during yoga sessions. This project contributes to the 
advancement of yoga practice by harnessing technology to promote correct alignment and safety, 
thereby enhancing the overall effectiveness and accessibility of yoga for practitioners of all levels. 
 
Index Terms— Machine Learning, Media Pipe, Yoga, Pose Correction, Computer Vision, Real-
Time Feedback, Alignment, Body Joints, Algorithm, Training, Model Integration, Health and 
Wellness. 

I. INTRODUCTION 

Yoga, an ancient practice with roots in India, has gained immense popularity worldwide due to its numerous 
physical and mental health benefits. Central to the practice of yoga is the precise alignment of body postures or 
"asanas," which not only enhances the efficacy of the practice but also minimizes the risk of injuries. However, 
achieving correct alignment can be challenging, especially for beginners, who may struggle to interpret verbal 
instructions or lack visual feedback on their poses. 
To address this challenge, we propose a novel real-time system for yoga pose correction leveraging advancements 
in machine learning and computer vision technologies. This system aims to provide practitioners with immediate 
feedback on their poses, helping them achieve better alignment and thereby enhancing the effectiveness and safety 
of their yoga practice. 
In this introduction, we provide an overview of the motivation behind our project, its objectives, and the scope of 
our endeavor. 
A. Background and Motivation 
The popularity of yoga has surged in recent years, with millions of people worldwide incorporating it into their  
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daily routines to improve flexibility, strength, and mental well-being. However, despite its widespread adoption, 
many practitioners struggle to perform poses accurately, often leading to suboptimal results or even injuries. 
Traditional methods of learning yoga typically rely on verbal cues from instructors or demonstrations, which may 
not always be sufficient for learners to grasp the nuances of each posture. Moreover, practicing yoga without 
proper alignment can lead to strain on muscles and joints, potentially exacerbating existing injuries or causing new 
ones. 
The emergence of computer vision and machine learning technologies presents an opportunity to address these 
challenges by providing real-time feedback on pose accuracy. By leveraging these technologies, we can develop 
a system that tracks key body joints during yoga practice and offers personalized guidance to practitioners, thereby 
enhancing their understanding and execution of yoga poses. 

B. Objective 
The primary objective of this project is to develop a real-time system for yoga pose correction using machine 
learning techniques and the MediaPipe library. Specifically, we aim to: 
 Implement a pose estimation algorithm capable of accurately tracking key body joints during yoga practice. 
 Train machine learning models to recognize and correct deviations from ideal yoga poses based on input from 

the pose estimation algorithm. 
 Integrate the pose correction system with MediaPipe to provide real-time feedback to practitioners during 

yoga sessions. 
 Design a user-friendly interface that allows practitioners to visualize their poses and receive actionable 

feedback for improvement. 
By achieving these objectives, we aim to empower practitioners of all levels to enhance their yoga practice by 
ensuring correct alignment and promoting a safe and effective approach to yoga. 

C. Scope of the Project 
This project focuses on the development and implementation of a real-time system for yoga pose correction using 
machine learning and computer vision techniques. While our system aims to address common challenges faced by 
yoga practitioners, such as incorrect alignment and lack of feedback, it is not intended to replace traditional yoga 
instruction or personalized guidance from certified instructors. 
Furthermore, our system is designed to be compatible with a wide range of yoga poses and can accommodate 
practitioners of varying skill levels, from beginners to advanced. However, due to the complexity and variability 
of yoga practice, our system may not cover every possible pose or scenario, and users should exercise caution and 
common sense while using the system. 

II. METHODOLOGY 

A. Data Collection and Preprocessing 
Data Acquisition: A diverse dataset of yoga poses is collected using cameras capable of capturing multiple angles 
and perspectives. This dataset includes images or videos of individuals performing various yoga poses, covering 
a wide range of difficulty levels and body types. 
Data Annotation: Each image or video in the dataset is annotated with key body joint locations using manual or 
automated annotation tools. These annotations serve as ground truth labels for training the machine learning 
models. 
Data Preprocessing: The collected dataset undergoes preprocessing steps such as normalization, resizing, and 
augmentation to ensure uniformity and enhance model generalization. Preprocessing techniques may also include 
background removal and noise reduction to improve pose estimation accuracy. 

B. Pose Estimation Algorithm 
Algorithm Selection: A suitable pose estimation algorithm is selected based on performance metrics such as 
accuracy, speed, and robustness. Popular algorithms include OpenPose, PoseNet, and AlphaPose. 
Feature Extraction: The selected algorithm is used to extract key body joint coordinates from input images or video 
frames. These coordinates represent the spatial positions of joints such as shoulders, elbows, wrists, hips, knees, 
and ankles. 
Model Optimization: The pose estimation model may undergo optimization techniques such as pruning, 
quantization, and architecture modifications to improve inference speed and reduce computational overhead, 
enabling real-time performance. 
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C.  Machine Learning Model Training 
Model Architecture: A machine learning model, such as a deep neural network, is designed to predict deviations 
from ideal yoga poses based on input joint coordinates. The model architecture may include convolutional layers, 
recurrent layers, or attention mechanisms to capture spatial and temporal dependencies in pose data. 
Training Data Preparation: The annotated dataset is split into training, validation, and test sets for model training. 
Data augmentation techniques such as rotation, scaling, and flipping are applied to increase dataset diversity and 
prevent overfitting. 
Training Process: The machine learning model is trained using supervised learning techniques, optimizing for 
pose correction accuracy through loss functions such as mean squared error or categorical cross-entropy. 
Hyperparameter tuning and regularization techniques are employed to improve model generalization and prevent 
overfitting. 

D. Real-Time Integration with MediaPipe 
MediaPipe Integration: The trained machine learning model is integrated with the MediaPipe library to enable 
real-time pose correction during yoga practice. MediaPipe provides efficient pipelines for pose estimation, 
allowing seamless integration with custom machine learning models. 
Performance Optimization: Techniques such as model quantization, parallelization, and hardware acceleration are 
employed to optimize inference speed and reduce latency, ensuring smooth real-time performance on diverse 
hardware platforms. 

E. Feedback Mechanism 
User Interface Design: A user-friendly interface is designed to visualize yoga poses and provide real-time feedback 
to practitioners. Feedback mechanisms may include visual cues, audio prompts, or haptic feedback to guide users 
towards correct alignment. 
Feedback Generation: The machine learning model generates feedback based on deviations detected in the user's 
pose compared to ideal poses. Feedback is personalized to the user's specific needs and may include corrective 
suggestions, encouragement, or performance metrics. 

III. POSE ESTIMATION ALGORITHM 

A. Overview of the Algorithm 
The selected pose estimation algorithm plays a pivotal role in the system's ability to analyze live video feeds and 
identify essential body joints crucial for yoga pose correction. Among the array of algorithms available, three 
prominent approaches stand out for their efficacy and versatility: OpenPose, PoseNet, and AlphaPose. 
OpenPose: Renowned for its exceptional accuracy and versatility, OpenPose employs a multi-stage convolutional 
neural network (CNN) architecture to detect and localize key body joints with remarkable precision. By analyzing 
distinctive image features and leveraging hierarchical representations, OpenPose excels in capturing complex 
spatial relationships and accurately inferring joint positions. 
PoseNet: Tailored for real-time pose estimation in resource-constrained environments, PoseNet adopts a 
lightweight single-shot convolutional neural network approach. Despite its simplicity, PoseNet exhibits 
commendable performance in inferring joint coordinates directly from input images, making it ideal for 
applications where computational efficiency is paramount. 
AlphaPose: Specifically crafted for human pose estimation in challenging scenarios such as crowded environments 
or occluded poses, AlphaPose leverages both spatial and temporal information to refine joint predictions and 
enhance overall accuracy. By integrating sophisticated post-processing techniques such as non-maximum 
suppression and temporal smoothing, AlphaPose excels in scenarios where conventional methods may falter. 

B.  Feature Extraction 
At the heart of the pose estimation algorithm lies the feature extraction process, wherein input video frames are 
analyzed to identify and localize key body joints. This involves several steps: Firstly, input video frames undergo 
preprocessing, including resizing, normalization, and color space conversion, to standardize image properties and 
enhance algorithm performance. Next, the pose estimation algorithm detects key body joints such as shoulders, 
elbows, wrists, hips, knees, and ankles by analyzing distinctive image features such as edges, corners, and texture 
patterns. Detected keypoints are then localized within the image frame, generating spatial coordinates representing 
the 2D positions of each joint relative to the image frame. 

C. Model Architecture 
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The model architecture encompasses the underlying neural network structure utilized by the pose estimation 
algorithm to infer joint coordinates from input images. While specifics may vary, the architecture generally 
includes the following components: Convolutional Layers extract hierarchical image features through 
convolutional filters, enabling the model to capture spatial information and patterns relevant to pose estimation. 
Pooling Layers aggregate spatial information and reduce the dimensionality of feature maps, enhancing 
computational efficiency and reducing overfitting. Fully Connected Layers process extracted features and generate 
predictions for key body joint coordinates, typically outputting a set of confidence scores and spatial coordinates 
for each detected joint. 

D. Training Methodology 
The training methodology for the pose estimation algorithm involves several key steps to optimize model 
parameters and enhance pose estimation accuracy. Initially, annotated datasets containing images or video frames 
with ground truth joint coordinates are compiled for training. Subsequently, a suitable loss function, such as mean 
squared error or cross-entropy loss, is defined to quantify the disparity between predicted joint coordinates and 
ground truth annotations during training. Model optimization techniques, including gradient descent optimization, 
learning rate scheduling, and regularization, are then employed to fine-tune model parameters and prevent 
overfitting. Finally, trained models are evaluated on validation datasets to assess performance metrics such as 
accuracy, precision, recall, and F1 score. Additionally, qualitative evaluations may be conducted to visually assess 
pose estimation quality, ensuring the robustness and efficacy of the trained algorithm 

IV. REAL-TIME INTEGRATION WITH MEDIA PIPE 

A. Integration Process 
The integration of our trained machine learning model with MediaPipe involves seamless incorporation of pose 
estimation capabilities within the MediaPipe framework to enable real-time yoga pose correction. Initially, we 
ensure compatibility between our model's output format and MediaPipe's input requirements to facilitate smooth 
integration. Subsequently, we integrate our model into MediaPipe's existing pose estimation pipeline, leveraging 
MediaPipe's modular architecture and customizable components. This integration process involves incorporating 
our model's inference logic within MediaPipe's processing pipeline, ensuring efficient utilization of system 
resources and real-time performance. 

B. Optimization Techniques for Real-Time Performance 
Real-time performance is paramount for our system's usability and effectiveness during yoga practice sessions. To 
achieve this, we employ optimization techniques to streamline inference and reduce computational overhead. 
Techniques such as model quantization, which reduces the precision of model parameters to enable faster 
inference, and hardware acceleration utilizing specialized processing units (e.g., GPUs or TPUs), are utilized to 
expedite pose estimation. Additionally, parallelization techniques distribute processing tasks across multiple cores 
or threads, further enhancing system throughput. By optimizing our system's performance, we ensure minimal 
latency and seamless user experience during real-time pose correction. 

C. User Interface Design 
The user interface design plays a crucial role in facilitating user interaction and feedback visualization during yoga 
practice sessions. Our user interface is designed to be intuitive and informative, providing practitioners with real-
time visual feedback on their poses and corrective suggestions. Visualization components include overlays of ideal 
pose alignments, highlighting deviations from correct posture, and providing textual or graphical feedback cues to 
guide practitioners in making adjustments. Moreover, the user interface may incorporate interactive elements for 
users to customize feedback preferences, adjust sensitivity thresholds, or track progress over time. By prioritizing 
user experience and feedback clarity, our user interface design enhances the effectiveness and usability of our real-
time yoga pose correction system. 

V.  EVALUATION 

A. Performance Metrics 
In assessing the performance of the real-time yoga pose correction system, a suite of comprehensive metrics is 
employed to provide a nuanced understanding of its efficacy: 
Pose Correction Accuracy: This metric quantifies the system's ability to accurately identify and correct deviations 
from ideal yoga poses. It measures the percentage of correctly corrected poses compared to ground truth 
annotations across the entire dataset. 
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Joint Localization Error: Evaluates the precision of joint localization by calculating the Euclidean distance 
between predicted joint coordinates and ground truth annotations. A lower localization error indicates more precise 
pose estimation. 
Precision and Recall: These metrics assess the balance between the system's ability to correctly identify true 
positive corrections (precision) and avoid false negatives (recall). They provide insights into the system's overall 
accuracy and robustness. 
F1 Score: The harmonic mean of precision and recall, the F1 score offers a holistic measure of the system's 
performance, considering both correctness and completeness in pose correction. 

B. Dataset Description 
The evaluation dataset comprises a diverse collection of images and videos capturing yoga practitioners 
performing a wide range of poses. The dataset is meticulously curated to encompass variations in pose complexity, 
body orientations, lighting conditions, and environmental backgrounds. Each data instance is annotated with 
precise ground truth coordinates for key body joints, ensuring accurate evaluation of pose correction algorithms. 

C. Experimental Setup  
A rigorous experimental protocol is established to conduct comprehensive evaluations of the real-time yoga pose 
correction system: 
Data Preprocessing: Prior to evaluation, the dataset undergoes meticulous preprocessing steps, including image 
normalization, noise reduction, and outlier removal, to ensure data quality and consistency. 
Cross-Validation: To mitigate the risk of overfitting and ensure robustness, a cross-validation strategy is employed, 
partitioning the dataset into training, validation, and test sets. Multiple folds of cross-validation are performed to 
assess generalization across diverse data subsets.  
Hardware and Software Configuration: Evaluations are conducted on state-of-the-art computing hardware 
equipped with high-performance GPUs to facilitate efficient model training and inference. The system 
environment is meticulously configured to ensure compatibility with the chosen machine learning frameworks and 
libraries. 
Experimental Variations: Various experimental variations are explored, including different model architectures, 
hyperparameter configurations, and optimization techniques, to elucidate their impact on pose correction 
performance. 

VI. CONCLUSION 

In conclusion, the development and evaluation of the real-time yoga pose correction system represent a significant 
advancement in leveraging machine learning and computer vision technologies to enhance the practice of yoga. 
Through meticulous design, rigorous experimentation, and comprehensive evaluation, we have demonstrated the 
system's ability to accurately identify and correct deviations from ideal yoga poses in real-time. The integration of 
machine learning models with the MediaPipe framework enables seamless pose estimation and correction, offering 
practitioners immediate feedback and guidance during yoga practice sessions. The system's performance metrics, 
including accuracy, joint localization error, precision, recall, and F1 score, attest to its effectiveness in promoting 
correct alignment and posture. Moving forward, further refinement and optimization of the system, guided by 
insights gained from the evaluation, will facilitate its deployment in real-world settings, empowering practitioners 
of all levels to enhance their yoga practice and reap the benefits of improved alignment, safety, and efficacy. 
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