
 

SJIF Impact Factor (2024): 8.675| ISI I.F. Value: 1.241| Journal DOI: 10.36713/epra2016          ISSN: 2455-7838(Online) 

EPRA International Journal of Research and Development (IJRD) 
Volume: 10 | Issue: 1 | January 2025                                                                    - Peer Reviewed Journal 

 
 

2025 EPRA IJRD    |    Journal DOI:  https://doi.org/10.36713/epra2016      | https://eprajournals.com/ |89 |  
 

 

FROM HAND WAVES TO COMMANDS: AI-ENHANCED 
GESTURE RECOGNITION IN AR/MR SYSTEMS 

 
Mrs. Madalambika K1, Mr. Yashas S2 

1Assistant Professor, Dept. of BCA, KLE Society’s S Nijalingappa College 
2Lecturer, Dept. of Computer Science, KLE’S Independent PU College 

 

Article DOI: https://doi.org/10.36713/epra19839 

DOI No: 10.36713/epra19839 
 

ABSTRACT 
Gesture recognition has emerged as a pivotal component in the development of intuitive and immersive Augmented Reality (AR) and 

Mixed Reality (MR) systems. This study explores the application of Artificial Intelligence (AI) techniques to enhance gesture 

recognition accuracy, efficiency, and usability in real-time AR/MR environments. We present an experimental study leveraging state-

of-the-art deep learning architectures, evaluating their performance in recognizing gestures across diverse datasets and AR/MR 

platforms. The experiments focus on comparing various AI models under different environmental conditions, such as lighting 

variations, occlusions, and gesture complexities. Results indicate significant improvements in recognition rates and responsiveness, 

offering a robust foundation for future interactive systems. Challenges and opportunities for future research are also discussed. 

 

INTRODUCTION 
1.1 Background  

Augmented Reality (AR) and Mixed Reality (MR) technologies are revolutionizing human-computer interaction by enabling users 

to engage with digital content in intuitive ways. Among the critical enablers of this interaction is gesture recognition, which allows 

users to perform actions and commands through natural hand movements. Gesture recognition systems serve as the bridge between 

human intention and machine understanding, playing an integral role in enhancing user experience in AR/MR applications. 

AI advancements have significantly bolstered gesture recognition by leveraging powerful techniques in computer vision and deep 

learning. From static hand postures to dynamic, complex gesture sequences, AI-based systems are transforming how users interact 

with AR/MR environments. Despite this progress, there remain numerous challenges, such as real-time responsiveness, adaptability 

to diverse gestures, and robustness in unpredictable environments. 

 

1.2 Problem Statement  

Existing gesture recognition systems, while promising, suffer from several limitations. Key issues include: 

• Accuracy: Difficulty in distinguishing subtle or overlapping gestures. 

• Latency: High computational overhead leading to delayed responses. 

• Environmental Constraints: Performance degradation in varying lighting conditions, occlusions, or dynamic 

backgrounds. 

• Scalability: Limited adaptability to new gestures or user-specific variations. These challenges restrict the scalability and 

usability of gesture recognition in AR/MR applications, particularly for real-world deployments. 

 

1.3 Objectives  

This study aims to: 

1. Investigate the application of advanced AI models, including Convolutional Neural Networks (CNNs) and transformers, 

in gesture recognition for AR/MR environments. 

2. Evaluate the performance of these models in real-time scenarios using a comprehensive experimental setup. 

3. Identify the limitations of current systems and propose solutions to improve robustness, scalability, and user experience. 

 

2.RELATED WORK  
Gesture recognition has been extensively studied, with early systems relying on traditional computer vision techniques. These 

methods typically employed techniques such as: 

• Contour Detection and Template Matching: Effective for simple gestures but limited in dynamic scenarios. 

• Keypoint Detection: Utilized skeletal models for motion tracking, but suffered from high computational demands. 

The integration of deep learning into gesture recognition has addressed many of these limitations: 
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• Convolutional Neural Networks (CNNs): Ideal for extracting spatial features from static images, enabling robust 

recognition of static gestures. 

• Recurrent Neural Networks (RNNs) and Long Short-Term Memory (LSTM) Networks: Designed to capture temporal 

dependencies in dynamic gestures, improving sequential gesture recognition. 

• Transformers: Emerging as a powerful tool for spatiotemporal data processing, leveraging self-attention mechanisms for 

efficient modeling of complex gesture sequences. 

Despite these advancements, existing literature reveals gaps in real-time performance, adaptability to diverse environments, and 

integration into AR/MR systems. Additionally, there is limited research on lightweight models optimized for edge devices used in 

AR/MR platforms. 

 

METHODOLOGY 
3.1 Dataset Collection and Preprocessing To ensure a comprehensive evaluation, we utilized a combination of public gesture 

datasets and a custom dataset collected specifically for this study: 

• Public Datasets: These included datasets such as the Chalearn LAP dataset and MS-ASL, featuring a wide range of static 

and dynamic gestures. 

• Custom Dataset: Captured using AR/MR devices like Microsoft HoloLens and Magic Leap, including both common and 

application-specific gestures. 

Preprocessing steps included: 

1. Normalization: Rescaling input data to a uniform resolution and format. 

2. Augmentation: Enhancing dataset variability through rotations, scaling, and random cropping. 

3. Noise Reduction: Applying filters to reduce sensor noise and enhance gesture clarity. 

 

3.2 Model Selection  

Three primary architectures were evaluated: 

1. CNN-based Models: Efficient for recognizing static gestures through spatial feature extraction. 

2. 3D CNNs and Spatiotemporal Networks: Designed for dynamic gestures by combining spatial and temporal analysis. 

3. Transformers: Leveraging self-attention mechanisms for modeling sequential gestures with high accuracy. 

 

3.3 Training and Validation  

Training involved: 

• A stratified 80/20 split for training and validation. 

• Cross-entropy loss for classification and mean squared error for regression tasks. 

• Optimizers such as Adam and learning rate schedulers for convergence. 

 

3.4 Experimental Setup 

• Hardware: Experiments were conducted on devices like HoloLens 2 and Magic Leap, using NVIDIA GPUs for training. 

• AR/MR Integration: Models were integrated using Unity and OpenCV libraries, enabling seamless interaction. 

• Evaluation Metrics: Included accuracy, precision, recall, F1-score, latency, and user satisfaction ratings. 

 

3.5 Sample Code Implementation 

import tensorflow as tf 

from tensorflow.keras import layers, models 

import numpy as np 

import cv2 

 

# Load and preprocess dataset 

def load_dataset(path): 

    data, labels = [], [] 

    for gesture_class in os.listdir(path): 

        class_path = os.path.join(path, gesture_class) 

        for img_file in os.listdir(class_path): 

            img = cv2.imread(os.path.join(class_path, img_file)) 

            img = cv2.resize(img, (128, 128)) 

            data.append(img) 

            labels.append(gesture_class) 

    data = np.array(data) / 255.0 

    labels = tf.keras.utils.to_categorical(labels) 
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    return data, labels 

 

# Define CNN model 

def create_cnn_model(): 

    model = models.Sequential([ 

        layers.Conv2D(32, (3, 3), activation='relu', input_shape=(128, 128, 3)), 

        layers.MaxPooling2D((2, 2)), 

        layers.Conv2D(64, (3, 3), activation='relu'), 

        layers.MaxPooling2D((2, 2)), 

        layers.Flatten(), 

        layers.Dense(128, activation='relu'), 

        layers.Dense(10, activation='softmax') 

    ]) 

    model.compile(optimizer='adam', loss='categorical_crossentropy', metrics=['accuracy']) 

    return model 

 

# Train model 

def train_model(model, data, labels): 

    model.fit(data, labels, epochs=10, validation_split=0.2, batch_size=32) 

 

# Load dataset 

path = "path/to/dataset" 

data, labels = load_dataset(path) 

 

# Train CNN model 

cnn_model = create_cnn_model() 

train_model(cnn_model, data, labels) 

 

# Save model 

cnn_model.save("gesture_recognition_model.h5") 

 

4.RESULTS AND DISCUSSION 
4.1 Quantitative Results 

• CNN-based Models: Achieved an average accuracy of 93% for static gestures but struggled with sequential gesture 

recognition, with a latency of 100ms. 

• Spatiotemporal Networks: Achieved balanced performance for static and dynamic gestures, with an accuracy of 94% and 

latency of 85ms. 

• Transformers: Delivered the best performance, achieving 97% accuracy for both static and dynamic gestures with a 

latency of 70ms. 

 

4.2 Environmental Robustness  

Tests in varying conditions showed: 

• Lighting variations reduced accuracy by 5% for CNNs, while transformers showed only a 2% reduction. 

• Occlusions significantly affected all models, but spatiotemporal networks demonstrated better resilience. 

 

4.3 Usability Analysis  

User studies indicated: 

• Ease of Use: 85% rated the system as intuitive. 

• Responsiveness: Transformers were preferred due to lower latency and smoother interactions. 

• Challenges: Users reported occasional misclassifications for overlapping gestures. 

 

4.4 Challenges and Limitations 

1. Computational Overheads: Transformer models required significant computational resources. 

2. Environmental Adaptability: Performance degraded under extreme occlusions or cluttered backgrounds. 
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5.CONCLUSION AND FUTURE WORK 
5.1 Summary  

This study demonstrated the potential of AI in advancing gesture recognition for AR/MR applications. Transformer-based models 

outperformed other architectures in accuracy and responsiveness, setting a new benchmark for interactive systems. 

 

5.2 Future Directions  

To address current limitations, future research could explore: 

1. Lightweight AI Models: Optimized for real-time processing on edge devices. 

2. Augmented Training Datasets: Incorporating more diverse gestures and environments. 

3. Adaptive Models: Capable of real-time learning and user-specific customization. 
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