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Abstract: This paper presents a novel approach to yoga pose recognition and correction, employing 

Convolutional Neural Networks (CNNs) for precise identification and alignment of yoga asanas. Leveraging 

Keras and TensorFlow frameworks, the model is trained on a diverse dataset of yoga pose images and videos, 

enabling accurate classification of various yoga postures. By integrating OpenCV, the system efficiently 

preprocesses video frames, extracts relevant features, and predicts the corresponding yoga pose in real-time. In 

instances where incorrect poses are detected, the system provides corrective feedback, guiding practitioners 

towards proper alignment and form. The proposed system aims to enhance the practice of yoga by offering 

personalized guidance and feedback, thereby promoting safety, effectiveness, and overall well-being for yoga 

enthusiasts of all levels. Future directions include expanding the dataset to encompass a wider range of yoga 

poses, refining the model architecture for improved accuracy, and integrating additional sensors or wearable 

devices to enhance real-time feedback capabilities. This project signifies a convergence of machine learning, 

computer vision, and yoga practice, with the potential to revolutionize the way yoga is learned and practiced in 

the digital age. 
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I. INTRODUCTION 

In the era of advancing digital technologies, the integration of artificial intelligence and computer vision has opened 

avenues for innovation across diverse domains, including the realm of physical wellness and self-care. In this context, 

yoga, a practice renowned for its holistic benefits encompassing physical, mental, and emotional well-being, emerges 

as a focal point for technological intervention. The ability to accurately identify and correct yoga poses stands as a 

critical endeavor with profound implications for practitioners' safety, efficacy, and overall experience. 

The pursuit of leveraging Convolutional Neural Networks (CNNs) for yoga pose identification and correction represents 

a significant stride at the intersection of deep learning and physical fitness. CNNs, revered for their prowess in image 

analysis and pattern recognition, offer a robust framework for deciphering the intricate nuances of yoga postures from 

visual cues. By harnessing the power of CNN layers, this project, titled "Pose Perfect - Identification and Correction of 

Yoga Poses Using CNN," endeavors to bridge the gap between traditional yoga instruction and contemporary 

technological advancements. 

Beyond mere pose recognition, the aspiration to provide real-time feedback and corrective guidance exemplifies a 

commitment to enhancing the quality and safety of yoga practice. Through seamless integration with OpenCV, the 

system adeptly processes video streams, enabling swift and accurate pose identification even amidst dynamic 

movements. The potential to offer personalized corrections tailored to individual practitioners' needs heralds a new era 

of precision and efficacy in yoga instruction. 

Moreover, the implications of this endeavor extend beyond the confines of yoga studios, resonating with broader themes 

of human-computer interaction, preventive healthcare, and technological empowerment. By empowering individuals to 

practice yoga with confidence and accuracy, this project seeks to democratize access to the myriad benefits of yoga, 

transcending geographical and socio-economic barriers. 

In light of these considerations, this paper aims to elucidate the methodology, implementation, and implications of 

utilizing CNNs for yoga pose identification and correction. Through rigorous experimentation and analysis, we 

endeavor to demonstrate the efficacy, scalability, and potential societal impact of this innovative approach. Ultimately, 

"Pose Perfect" represents not only a technological innovation but also a testament to the synergistic fusion of ancient 

wisdom and modern technology in the pursuit of human well-being. 
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II. LITERATURE SURVEY 

The quest for accurate identification and correction of yoga poses using Convolutional Neural Networks (CNNs) has 

garnered attention in recent research, with notable contributions from studies in yogic posture recognition and related 

fields. Here are seminal works that provide insights into the landscape of CNN-based approaches in this domain:"A 

Survey on Yogic Posture Recognition", A. K. Rajendran and S. C. Sethuraman, Publication Year: 2023 

Rajendran and Sethuraman conduct a comprehensive survey on yogic posture recognition, presenting various 

methodologies and algorithms utilized for the identification and classification of yoga poses. The paper addresses 

challenges and advancements in this domain, providing a foundational understanding of yogic posture recognition. 

1. "Face Recognition with Deep Learning: An Analysis of Convolutional Neural Networks", O. M. 

Parkhi, A. Vedaldi, A. Zisserman, Publication Year: 2015 

Parkhi, Vedaldi, and Zisserman analyze the application of Convolutional Neural Networks (CNNs) in face recognition 

tasks. Their study explores the effectiveness of CNN architectures in accurately identifying faces from images, 

highlighting the role of deep learning techniques in enhancing face recognition performance. The paper offers insights 

into CNN-based approaches applicable to pose identification and correction in yoga practice. 

2. "Facial Pose Estimation Using Convolutional Neural Networks", Y. Wu, Y. Kiritchenko, V. 

Strohband, Publication Year: 2017 

Wu, Kiritchenko, and Strohband present a study on facial pose estimation utilizing Convolutional Neural Networks. 

Their research focuses on accurately estimating facial poses from images, leveraging the capabilities of CNN 

architectures. The paper discusses methodologies and techniques for pose estimation, offering valuable insights 

applicable to the identification and correction of yoga poses using CNNs. 

These studies collectively underscore the significance of CNN-based approaches in pose recognition tasks, including 

yogic posture recognition and facial pose estimation. By leveraging deep learning techniques, researchers aim to 

enhance the accuracy and efficacy of pose identification and correction systems, contributing to advancements in the 

field of yoga practice and related domains. 

 

III. PROBLEM STATEMENT 

The core objective of this project is to develop an efficient system capable of accurately identifying and correcting yoga 

poses using Convolutional Neural Networks (CNNs). The significance of this endeavor lies in its potential to 

revolutionize yoga practice by providing real-time feedback and guidance to practitioners, thereby improving posture 

accuracy and maximizing the benefits of yoga poses. 

Utilizing CNNs, a powerful deep learning architecture known for its prowess in image processing and pattern 

recognition, the system aims to analyze and interpret visual cues from yoga practitioners' poses. By discerning key 

features and alignments within yoga postures, the system seeks to identify deviations from correct form and provide 

corrective feedback to practitioners in real-time. 

The implications of this project extend beyond individual yoga practice, encompassing various domains such as fitness 

training, physical rehabilitation, and wellness coaching. With accurate pose identification and correction capabilities, 

the system has the potential to enhance the effectiveness of yoga instruction, support injury prevention, and facilitate 

personalized fitness regimens tailored to individual needs. 

By leveraging CNNs to process complex visual data and interpret intricate body movements, this project endeavors to 

address the challenge of pose recognition and correction in yoga practice, ultimately contributing to the advancement 

of holistic well-being and fitness optimization. 

 

3.1 Existing Systems 

Existing systems for pose identification, particularly in the realm of yoga practice, have explored diverse methodologies 

beyond Convolutional Neural Networks (CNNs). Here are some notable approaches utilized in this domain: 

1. Support Vector Machines (SVM): SVMs have been applied to pose recognition tasks by leveraging 

features extracted from images or sensor data. They aim to classify yoga poses by finding optimal hyperplanes in the 

feature space, enabling accurate identification and classification of different postures. 
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2. Recurrent Neural Networks (RNN): RNNs are suitable for modeling sequential data, making them 

applicable to pose recognition from time-series information, such as videos or motion capture data. By capturing 

temporal dependencies in pose sequences, RNNs can facilitate the identification and correction of yoga poses over time. 

3. Gaussian Mixture Models (GMM): GMMs have been employed in pose recognition tasks, 

particularly in analyzing motion patterns and identifying key poses within yoga sequences. By modeling the distribution 

of pose features, GMMs can provide insights into pose variability and enable the recognition of distinct yoga postures. 

4. Hidden Markov Models (HMM): HMMs are probabilistic models suitable for capturing the temporal 

evolution of sequential data. In the context of yoga pose recognition, HMMs can be utilized to model transitions between 

different poses within a yoga sequence, facilitating the correction of pose transitions and alignment. 

5. Deep Belief Networks (DBN): While less commonly explored in pose recognition for yoga, DBNs 

offer potential in learning hierarchical representations of pose features. By uncovering complex patterns in pose data, 

DBNs can contribute to accurate pose identification and correction, particularly in scenarios with high-dimensional pose 

data. 

These existing systems demonstrate the versatility of machine learning and probabilistic models in addressing pose 

identification and correction challenges, complementing the capabilities of Convolutional Neural Networks (CNNs) in 

this domain. 

3.2 Proposed System 

The proposed system for identifying and correcting yoga poses utilizes a Convolutional Neural Network (CNN) 

architecture trained on a dataset comprising various yoga postures. By leveraging deep learning techniques, the CNN is 

capable of learning intricate patterns and features inherent in yoga poses, enabling accurate classification and correction. 

The system follows a systematic approach: 

Step 1 – Collection of the data from different sites like kaggle. Step 2 – Applying the Data Pre-processing steps. Step 3 

– Applying the CNN Algorithm. 

Step 4 – Model Training. Step 5 – Real-time Yoga Asana Detection and Displaying the correct way to perform the 

Asana. 

 

IV. DATASET 

The Yoga Poses Dataset consists of images categorized into five classes representing different yoga poses. These classes 

include downward dog pose, goddess pose, tree pose, plank pose, and warrior pose. The dataset is divided into train and 

test subsets, with each subset containing five subfolders corresponding to the five yoga pose classes. Images were 

sourced from Bing using their API functionality, although some inaccuracies such as watermarks or text may exist in 

the images. 

● Number of Classes: 5 yoga pose classes (downward dog, goddess, tree, plank, warrior). 

● Data Distribution: Images are divided into train and test directories, with approximately equal numbers of 

images for each yoga pose class in both subsets. 

● Class Labels: Each image is labeled with the corresponding yoga pose class. 

 

V. PROPOSED METHODOLOGY 

Step 1 – Collection of the data from different sites like kaggle. Step 2 – Applying the Data Pre-processing steps. Step 3 

– Applying the CNN Algorithm. 

Step 4 – Model Training. Step 5 – Real-time Yoga Asana Detection and Displaying the correct way to perform the 

Asana. 
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Figure: Flow Chart 

Data Collection 

 

The Yoga Poses Dataset comprises images representing five distinct yoga poses: downward dog pose, goddess pose, 

tree pose, plank pose, and warrior pose. These images were systematically gathered and categorized into training and 

testing subsets. The dataset structure includes five subfolders within each subset, corresponding to the five yoga pose 

classes. With a total of five yoga pose classes, the dataset is evenly distributed between training and testing directories, 

ensuring approximately equal numbers of images for each pose class in both subsets. Each image is meticulously labeled 

with its corresponding yoga pose class, facilitating supervised learning tasks such as pose identification and recognition. 

Sourced from Bing using their API functionality, the data collection process prioritized accuracy and honesty, aiming 

to gather high-quality evidence for subsequent analysis and interpretation. Although some inaccuracies, such as 

watermarks or text, may exist due to the automated retrieval process, the dataset emphasizes ethical considerations, 

including privacy protection and consent, to uphold data integrity and credibility. The primary aim of the Yoga Poses 

Dataset is to provide a resource for developing and evaluating models for yoga pose identification and recognition tasks. 

By offering a comprehensive collection of images representing various yoga poses, the dataset enables researchers and 

practitioners to innovate in fields such as computer vision, affective computing, and artificial intelligence while adhering 

to ethical standards and ensuring data integrity. 

 

5.1. Data Preprocessing 

Data preprocessing for the yoga pose identification and correction project involves a meticulous series of steps tailored 

to optimize the collected image data for training within a Convolutional Neural Network (CNN) model. Beginning with 

an integrity check, each image file undergoes scrutiny to ensure accessibility and quality, with any anomalies logged 

for further examination. Subsequently, the image data is subjected to augmentation and standardization techniques 

utilizing Keras' `ImageDataGenerator`. Augmentation methods such as rescaling are applied to enrich variability, while 

normalization of pixel values between 0 and 1 streamlines processing consistency. 

Following augmentation, the data is organized into batches using the `flow_from_directory` function, where images 

sourced from the specified directory (`train_dir`) undergo resizing to a standardized 48x48 pixel dimensions. 

Concurrently, grayscale conversion is employed to simplify processing while retaining crucial pose identification 

features. Each batch, comprising 64 images, is meticulously labeled for categorical classification, enabling the CNN 

model to adeptly discern and predict yoga poses during training sessions. These preprocessing measures collectively 

refine the image data into a standardized format conducive to effective CNN training, ultimately enhancing performance 

in yoga pose identification and correction endeavors. 
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5.2. Splitting The Dataset 

 

Quality data is the bedrock of successful machine learning (ML) endeavors. In today's era of massive data creation, the 

challenge doesn't solely lie in acquiring vast datasets but in ensuring their quality for meaningful ML outcomes. While 

handling raw data demands adept engineering skills, the crux is effective utilization. Partitioning data for ML/DL 

models poses a crucial challenge. Despite its apparent simplicity, the intricacies of this task are profound. Improper 

division into training and testing sets can drastically impact model performance, leading to overfitting or underfitting 

issues. These challenges underscore the necessity of not just feeding large volumes of data but also meticulously 

organizing it to optimize model learning, ensuring unbiased and reliable outcomes. 

 

The Yoga Poses Dataset encompasses images sorted into five classes: downward dog pose, goddess pose, tree pose, 

plank pose, and warrior pose. It is divided into train and test subsets, each containing five subfolders corresponding to 

the yoga pose classes. Images, obtained via Bing's API, may contain inaccuracies such as watermarks or text. This 

dataset facilitates machine learning model development for classifying and recognizing yoga poses, beneficial for 

applications like yoga instruction or fitness tracking. 

 

5.3. Applying Machine Learning Algorithm (CNN) 

The Convolutional Neural Network (CNN) architecture devised for the yoga pose identification model is meticulously 

crafted to proficiently process and extract relevant features from the input image data. It commences with an input layer 

defining the image shape, followed by two convolutional layers. The initial convolutional layer employs 32 filters with 

a 3x3 kernel size, activated by the Rectified Linear Unit (ReLU) function, succeeded by a subsequent convolutional 

layer featuring 64 filters, similarly activated by ReLU. A MaxPooling layer with a 2x2 pool size is then integrated to 

downsample the spatial dimensions of the data, followed by a Dropout layer with a 0.25 rate to mitigate overfitting by 

enhancing the network's resilience through the nullification of certain neuron contributions. 

Additional convolutional layers with 128 filters and a 3x3 kernel, activated by ReLU, are added, followed by a 2x2 

MaxPooling layer. An extra Dropout layer with 0.25 rate reduces overfitting. Subsequently, the Flatten layer reshapes 

feature maps into a one-dimensional vector for the Dense layer with 1024 units and ReLU activation. Another Dropout 

layer with 0.5 rate is added. Finally, a Dense layer with 5 units and Softmax activation serves as the output, classifying 

yoga poses. This architecture strategically employs convolutional, pooling, dense layers, and Dropout layers, discerning 

patterns while mitigating overfitting, ensuring accurate pose classification.In summary, the yoga pose identification 

model's CNN architecture is designed with a hierarchical arrangement of layers aimed at optimizing the processing of 

image data. By systematically extracting features and incorporating measures to prevent overfitting, such as Dropout 

layers, the model can effectively discern subtle differences between yoga poses and accurately classify them. This 

meticulous design ensures that the model can adapt to varying input data while maintaining robust performance, making 

it a reliable tool for identifying and classifying yoga poses in diverse contexts. 

 

 

Figure: CNN 

VI. MODEL VISUALIZATION 

 

Network visualization facilitates understanding the connectivity and neuron counts within a neural network, offering a 

robust method to comprehend its intricacies. This visual approach clarifies the interconnections among different layers, 

aiding in model interpretation. Visualizing the network serves various purposes, including enhancing comprehension 
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of its functionality, supporting hyperparameter tuning, and identifying and understanding model shortcomings and 

failures. 

 

Figure: Model Summary 

Layer (type) Input Shape Output Shape 

Conv2D (48, 48, 1) (46, 46, 32) 

Conv2D (46, 46, 32) (44, 44, 64) 

MaxPooling2D (44, 44, 64) (22, 22, 64) 

Dropout (22, 22, 64) (22, 22, 64) 

Conv2D (22, 22, 64) (20, 20, 128) 

MaxPooling2D (20, 20, 128) (10, 10, 128) 

Conv2D (10, 10, 128) (8, 8, 128) 

MaxPooling2D (8, 8, 128) (4, 4, 128) 

Dropout (4, 4, 128) (4, 4, 128) 
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Flatten (4, 4, 128) 2048 

Dense 2048 1024 

Dropout 1024 1024 

Dense 1024 5 

Table: Model Visualization 

VII. RESULTS  

CNN RESULTS 

After undergoing extensive training on a large dataset, the Convolutional Neural Network (CNN) model has 

demonstrated remarkable accuracy levels, evident in both training and testing phases. This proficiency underscores its 

capability as a robust classifier, proficient in accurately categorizing data. The consistent and impressive performance 

not only validates its reliability but also highlights its suitability for real-world applications. Such outstanding 

performance positions it as a promising candidate for various machine learning and artificial intelligence applications, 

from healthcare diagnostics to image and video recognition, where precise pattern recognition is essential. Its ability to 

discern patterns accurately and maintain consistency across different contexts makes it a versatile tool with significant 

potential in addressing complex challenges across diverse domains. The CNN model's robustness in analyzing intricate 

datasets and its reliability in delivering precise classifications make it a valuable asset for researchers and practitioners 

seeking high-performance classification algorithms for complex data analysis tasks, thereby establishing it as a preferred 

choice in the field. 

 

TRAINING RESULTS 

Upon training the proposed model using the training dataset, the obtained results reveal the highest accuracy during the 

65th epoch in the training phase. 

 

 

Epochs Training Accuracy Training Loss 

 

5 

 

29.43 

 

1.54 

 

10 

 

50.10 

 

1.19 

 

15 

 

58.76 

 

1.00 

 

20 

 

65.35 

 

0.84 

 

25 

 

70.75 

 

0.70 

 

30 

 

76.77 

 

0.56 

 

35 

 

78.84 

 

0.45 

 

40 

 

84.45 

 

0.35 

 

45 

 

87.70 

 

0.24 

 

50 

 

90.75 

 

0.17 

 

55 

 

92.42 

 

0.12 
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60 

 

94.78 

 

0.08 

 

65 

 

95.57 

 

0.06 

Table: Training Results 

 

Figure: Training Accuracy 

 
Figure: Training Loss 

TESTING RESULTS 

Upon testing the proposed model using the training dataset, the obtained results reveal the highest accuracy during the 

65th epoch in the testing phase. 

 

Epochs 

 

Training Accuracy 

 

Testing Accuracy 

 

5 

 

29.43 

 

24.43 

 

10 

 

50.10 

 

47.10 

 

15 

 

58.76 

 

52.76 

 

20 

 

65.35 

 

67.35 
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25 

 

70.75 

 

73.75 

 

30 

 

76.77 

 

70.77 

 

35 

 

78.84 

 

73.84 

 

40 

 

84.45 

 

80.45 

 

45 

 

87.70 

 

83.70 

 

50 

 

90.75 

 

92.75 

 

55 

 

92.42 

 

90.42 

 

60 

 

94.78 

 

91.78 

 

65 

 

95.57 

 

96.57 

Table: Training v/s Testing Accuracy 

 
Figure: Training Accuracy v/s Testing Accuracy 

VIII.  CONCLUSION 

 

Our study was dedicated to harnessing Convolutional Neural Networks (CNNs) for the critical task of yoga pose 

detection and correction. Our methodology entailed training a CNN model on a meticulously curated dataset featuring 

diverse yoga poses, each meticulously annotated with its corresponding pose classification, including downward dog, 

goddess, tree, plank, and warrior poses. 

The devised CNN architecture comprised a series of strategically layered components, incorporating convolutional 

layers to discern nuanced pose features, max-pooling layers to streamline data dimensions while preserving essential 

information integrity, and dropout layers to effectively counter overfitting, thereby bolstering the model's capacity for 

generalization. 

Post-training evaluations underscored the CNN model's robust proficiency in accurately identifying and categorizing 

yoga poses depicted in images. Upon successful pose recognition, the model seamlessly generated or displayed visual 

representations corresponding to the recognized poses. This methodical workflow facilitates seamless real-time or 

automated detection and correction of yoga poses, promising diverse applications ranging from tailored yoga instruction 

to sophisticated fitness tracking and analytical pursuits. 
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In conclusion, our investigation underscores the significant efficacy of CNNs in automating the nuanced task of yoga 

pose detection and correction, opening up transformative possibilities across varied domains, including health and 

wellness, human-computer interaction paradigms, and beyond. 
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