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Abstract

Calibrating PPG Based Blood Pressure
Estimation Model Using Convolutional
Neural Networks

Haesung Kim
Department of Industrial Engineering

The Graduate School

Seoul National University

Blood pressure estimation using PPG signals is a research field that estimates blood
pressure from PPG signals collected non-invasively through optical methods. Unlike
existing blood pressure estimation methods, it can estimate blood pressure contin-
uously without user inconvenience in daily life. Recently, using deep learning tech-
niques, studies to estimate blood pressure from the PPG signal itself in an end-to-end
manner have been proposed. Although patient calibration, which allows different
patients to be distinguished, has significantly improved blood pressure estimation
performance, there are not many studies focusing on this.

In this paper, we propose a convolutional neural network model that uses patient
calibration data as input. Calibration data consist of a PPG signal of 4 seconds and

blood pressure collected from the same patient. This patient calibration method
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has the advantage of 1) less data needed for calibration, 2) can estimate different
patient’s blood pressure with a single model, and 3) require only one calibration
data to estimate unseen patient’s blood pressure. Furthermore, we modified the loss
function so that convolutional neural network models can obtain better calibration
data representation. We introduced a self-supervised loss function that defines PPG
signals collected from the same patient as positive relation and it improved the blood
pressure estimation performance.

In addition, we introduced five data augmentation techniques applicable to PPG
signals to make more robust convolutional neural network model. We increased
the train dataset by 20% using each method and the blood pressure estimation
performance is improved in four data augmentation techniques. Finally, when we
trained the convolutional neural network model using the modified loss function
and time masking augmentation technique, it achieved mean absolute error in the

systolic and diastolic blood pressure of 7.930 mmHg and 4.593 mmHg respectively.

Keywords: Blood pressure estimation, Photoplethysmography, Convolutional neu-
ral network, Calibration, Self-supervised loss, Data augmentation

Student Number: 2021-23283
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