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Introduction

System Overview

Heart rate (HR) is a crucial and versatile biomarker as it indicates a variety of physiological
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2. Scientific Aspects:

a. Development of robust model to extract PPG Experiment a nd Results

b. Effectively scaling down the model for resource-efficient operation inside edge devices
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We thoroughly test our system stability for time, power,
memory performance and benchmark our system.

_ _ We open-source our dataset and codes to facilitate further
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