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(Cuffless Blood Pressure Estimation Based on a Convolutional
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Abstract In this paper, we propose an algorithm for estimating blood pressure using ECG
(Electrocardiogram) and PPG (Photoplethysmography) signals. To estimate the BP (Blood
pressure), we generate a periodic input signal, remove the noise according to the differential and
threshold methods, and then estimate the systolic and diastolic blood pressures based on the
convolutional neural network. We used 49 patient data of 3.1GB in the MIMIC database. As a
result, it was found that the prediction error (RMSE) of systolic BP was 5.80mmHg, and the
prediction error of diastolic BP was 2.78mmHg. This result confirms that the performance of class
A is satisfied with the existing BP monitor evaluation method proposed by the British High Blood
Pressure Association.
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Cuffless Blood Pressure Estimation Based on a Convolutional Neural Network using PPG and ECG Signals

for Portable or Wearable Blood Pressure Devices
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Table 1 Abnormality Criteria of Signals

Signal Criteria
Systolic BP (SBP) > 300mmHg
Diastolic BP (DBP) < 20mmHg
Pulse presure (SBP-DBP) < 20mmHg
SBP[t]-SBP[t-1] > 20mmHg
DBP[t]-DBP[t-1] > 20mmHg
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Table 2 Parameters of CNN Model

Features Numbers
Number of features 32, 64, 128
Number of feature maps 6
Number of hidden layers 3
Dropout ratio 0.5
Learning rate for weight 0.0001
Mini-batch size 2048
Iterations 500
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