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Embedded Human Pose Estimation

Abstract

Embedded Pose Estimation is a critical task in computer vision, widely used in drones, robots,
augmented reality, and other fields. This project aims to design and optimize a real-time
pose estimation algorithm suitable for embedded systems. To achieve real-time performance,
the algorithm needs to run on resource-constrained embedded hardware platforms and have low
computational and storage requirements. This project is practiced on the OpenMV4 Pro platform,
with the help of open-source libraries such as TinyNeuralNetwork and TinyEngine, and deploys
deep learning models for pose estimation such as Lightweight OpenPose and Movenet.
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