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ABSTRACT

Real-time hand gesture recognition is a key component of next-generation human-

computer interaction, with applications in smart environments, assistive technologies,

and contactless control systems. This research uses deep neural networks in embedded

systems for radar-based gesture recognition, where the gesture signals are captured

using a 24 GHz Doppler radar sensor, and the processing is done in the embedded

edge computing resources.

The project uses two types of deep learning models: a vision transformer (ViT)

that captures long-range components for superior classification and a deep convolu-

tional neural network (DCNN) that captures local spatial features. This work uses

hyperparameter optimization, model pruning, and integer quantization to increase ac-

curacy and efficiency, but with minimal loss, to achieve real-time performance on low-

power hardware. Hyperparameter optimization is used to improve model architecture

performance. In order to achieve better performance and lower resource consumption,

pruning is employed. The integer quantization shrinks the size of the deep learning

models for lower-power devices with an increased inference speed.

The proposed system is deployed on an embedded platform while ensuring low

latency, reduced power consumption, and real-time inference. The deployment results

validate the feasibility of radar-based gesture recognition in embedded devices. The

experiments compare the optimized DCNN and ViT models, evaluating their speed,

memory usage, accuracy, and energy efficiency. The results highlight the trade-offs

between accuracy and efficiency, providing valuable insight into the feasibility of deep

learning for real-time radar-based gesture recognition on embedded devices. This re-

search contributes to the advancement in the deployment of deep learning models in

embedded devices.

Keywords: Hand Gesture Recognition, Vision Transformers, Deep Convolutional Neural Net-

works, Deep Learning Model Optimization, Embedded Systems
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