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(a) Arterial blood pressure wave
(invasive)

(b) Photoplethysmography
(non-invasive)

Fig. 1 Measurement and typical waveforms of arterial blood pressure wave ( a ) and PPG (b )
ABF or ABC is the main wave, CDE is the dicrotic wave, and FGC is the tidal wave.
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Fig.2 Morphological correlation between PPG and arterial blood pressure waves

PPG and ABP have been normalized to [0,1]; 7 is the Pearson correlation coefficient between PPG and ABP.
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Fig.3 Sliding windows with different window lengths

PPG has been normalized to [0, 1]; the width of the sliding window is the window length, and the height has no special meaning.
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Fig. 4 CNN-LSTM hybrid neural network model
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Fig. 5 Reconstruction of arterial blood pressure waves in models with different window lengths

Table 1 Reconstruction errors of arterial blood pressure

waves in models with different window lengths

Window length RMSE/mmHg MAE/mmHg
62 4.26 293
125 4.30 2.92
187 4.39 2.94
250 4.48 3.05
312 4.24 2.79
375 4.61 3.44

Table 2 Cosine similarity between reconstructed arterial
blood pressure values and actual arterial blood pressure

values when using different window lengths

Window length Cosine similarity
62 0.999 50
125 0.999 53
187 0.999 47
250 0.999 49
312 0.999 61
375 0.999 41
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Fig. 6 Histogram of error distribution between
reconstructed arterial blood pressure values and actual
arterial blood pressure values
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Fig. 7 Bland—-Altman diagram of reconstructed arterial blood pressure values and actual arterial blood pressure values

The horizontal axis is the mean value of the reconstructed arterial blood pressure values and the actual arterial blood pressure values, and the vertical

axis is the error value between the reconstructed arterial blood pressure values and the actual arterial blood pressure values; Mean is the mean value

of the error, and SD is the standard deviation.

P& 8 T 7 Ry (i FH 7 114 B 312 0 8 I 2 st
H 45 1 2 ABP {H 5526 ABPHAE W [T,

DL B A g — 2ot . H: Pearson AH ¢ £ 8K
r=0.975, LT 1, ATAHEE, Ko SEST

140
130+

—_ —_
[y 553
(= (=
T T

100

O
(=
T

Reconstructed ABP/mmHg
o]
=)
T

=
(=
T

LRI, P 2 A A SR A e, R
H ABP (B 5 52 Fx ABP{H 0] — 24y, 44k A
KR

100 110 120 130 140

Actual ABP/mmHg

Fig. 8 Regression plot of reconstructed arterial blood pressure values and actual arterial blood pressure values

r is the Pearson correlation coefficient between the reconstructed arterial blood pressure values and the actual arterial blood pressure values.
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Table 3 Comparison of this study with previous studies

Work Dataset Input signals Output signals MAE/  RMSE/
mmHg mmHg
AdaBoost MIMIC I ECG, PPG SBP, DBP 5.61 -
BP neural network  Self-built Dataset PPG SBP, DBP - 6.05
CNN MIMIC 11T ECG, PPG SBP, DBP 3.25 4.68
RNN MIMIC I PPG SBP, DBP 11.58 17.03
LSTM MIMIC I PPG SBP, DBP 4.05 8.78
CNN-LSTM
MIMIC III ECG, PPG SBP, DBP 3.66 -
(Baker et al.)
CNN-LSTM
MIMIC I PPG SBP, DBP 4.42 6.01
(Mou et al.)
This work MIMIC I PPG Arterial blood pressure wave ~ 2.79 4.24
ABP-Net MIMIC I PPG, first and second order derivatives of PPG Arterial blood pressure wave  3.20 4.38
GRNN MIMIC I PPG Arterial blood pressure wave ~ 3.18 4.50
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Arterial Blood Pressure Wave Signal Reconstruction Using
Photoplethysmography by CNN-LSTM Model
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Abstract Objective Direct continuous monitoring of arterial blood pressure is invasive and continuous
monitoring cannot be achieved by traditional cuffed indirect blood pressure measurement methods. Previously,
continuous non-invasive arterial blood pressure monitoring was achieved by using photoplethysmography (PPG),
but it is discrete values of systolic and diastolic blood pressures rather than continuous values constructing arterial
blood pressure waves. This study aimed to reconstruct arterial blood pressure wave signal based on CNN-LSTM
using PPG to achieve continuous non-invasive arterial blood pressure monitoring. Methods A CNN-LSTM
hybrid neural network model was constructed, and the PPG and arterial blood pressure wave synchronized
recorded signal data from the Medical Information Mart for Intensive Care (MIMIC) were used. The PPG signals
were input to this model after noise reduction, normalization, and sliding window segmentation. The

corresponding arterial blood pressure waves were reconstructed from PPG by using the CNN-LSTM hybrid

* This work was supported by a grant from Key Projects of Beijing University of Chinese Medicine (2020-JYB-ZDGG-073).
## Corresponding author.

Tel: 86-10-64287073, E-mail: cmwgl85@sina.com

Received: December 23, 2022  Accepted: May 16, 2023



*458- EMUESEYYIEHRE  Prog. Biochem. Biophys. 2024; 51 (2

model. Results When using the CNN-LSTM neural network with a window length of 312, the error between the
reconstructed arterial blood pressure values and the actual arterial blood pressure values was minimal: the values
of mean absolute error (MAE) and root mean square error (RMSE) were 2.79 mmHg and 4.24 mmHg,
respectively, and the cosine similarity is the optimal. The reconstructed arterial blood pressure values were highly
correlated with the actual arterial blood pressure values, which met the Association for the Advancement of
Medical Instrumentation (AAMI) standards. Conclusion CNN-LSTM hybrid neural network can reconstruct
arterial blood pressure wave signal using PPG to achieve continuous non-invasive arterial blood pressure
monitoring.

Key words continuous non-invasive blood pressure monitoring, volume pulse wave, arterial blood pressure
wave, convolutional neural network, long short term memory neural network, hybrid neural network
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