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Abstract

In response to the demand for high-precision continuous non-invasive blood pressure monitoring
methods in today’s clinical medicine, this paper proposes a deep neural network blood pressure
prediction model based on multi-sensor signal feature extraction and fusion of photoplethysmo-
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graphy (PPG) signals and electrocardiogram (ECG) signals. The prediction of arterial blood pres-
sure is realized by performing feature fusion on the preprocessed signal with a multi-hop GRU-
Attention network designed based on a multi-hop question answering reasoning mechanism. The
Bland-Altman consistency analysis of the evaluation indicators of the prediction results shows
that the prediction effect of the model is good, and it has positive significance for the development
of continuous non-invasive blood pressure prediction technology in clinical medicine.
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Figure 1. GRU-Attention feature fusion network diagram
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Figure 2. Flow chart of blood pressure prediction
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Figure 3. Blood pressure distribution histogram
E 3 mESHESE

3.3.2. FERM S % F

1) PPG 155 B AT

PPG (Photoplethysmography){& 5 & — Fftie izt I & 57 k2 2R3 1 S W HSCRH sz S St A ) o B9 R L 98 50 1)
TR ER AR . PPG 155 FIBFLRFAE AT UL TP O i KRG TIRERIIRE . PPG JE 5 1 K 2 M4 1R
SR PR A G 1

4 R, ARSCHREUT PPGAE 5 BB R T BRI &5 AL 58 BE Y @ B Uk FE S5 301 15 P AL,
PAK EFE RN ey U = RRASRHE, STt 18 FRREE A T I S50 .

] I I I |
304 . i CP I i
- _i ..... R, |- : ...........
25 L . ;
_ | e Dwes) . i
| I |
o o\ o
5] [ e N 0
1N N
N/ Y
Lo.._.. -| ...... R DA N M- 1 ...........

Figure 4. Schematic diagram of PPG signal waveform characteristics
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Figure 5. Schematic diagram of ECG signal waveform characteristics
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Figure 6. Schematic diagram of common features of PPG signal and
ECG signal
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Figure 7. Deep neural network structure diagram
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Table 1. British Hypertension Society (BHS) criteria
# 1. SRESMENS(BHS)FREXTEE

<5 mmHg <10 mmHg <15 mmHg
DBP 81.25% 91.12% 98.96%
AW
SBP 77.71% 90.98% 97.04%
Grade A 60% 85% 95%
BHS #rifk Grade B 50% 75% 90%
Grade C 40% 70% 85%

Table 2. Association for the Advancement of Medical Instrumentation (AAMI) Standards
= 2. SEFTHERHITSAAMDIRESTEL

ME (mmHg) STD (mmHg)
DBP -1.1332 4.8897
AR
SBP 0.6714 6.7284
AAMI HritE DBP & SBP <5 <8
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X &7 5K s (DBP) FGIIE A, 4 95.70% 1 H#s 1% 22 5 WHE /T 1.6 SDs ZEXTW 4 & (SBP) 1 Tl {E 1, 95.11%
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Figure 8. Linear regression graph/Bland-Altman graph of DBP/SBP prediction results
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Figure 9. Simple feature fusion network structure diagram
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Table 3. Comparison with the simple feature fusion network model
3. 5EBRHHER A MBEB TN R ST

MAE <5 mmHg <10 mmHg <15 mmHg <1.96 SD

KT a DBP 4.0366 75.11% 90.74% 95.03% 92.79%
SBP 7.2648 55.32% 82.65% 92.46% 91.36%

K b DBP 3.6487 73.07% 87.04% 98.88% 90.20%
SBP 5.7567 62.23% 80.92% 95.50% 94.24%

K5 DBP 2.0823 81.25% 91.12% 98.96% 95.70%
SBP 3.2769 77.71% 90.98% 97.04% 95.11%

Frife <5 60% 85% 95% 95%
R i
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Table 4. Comparison with network model results that emerged from previous work
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MAE <5 mmHg <10 mmHg <15 mmHg
DBP 291 82.79% 96.12% 99.09%
CNN-LSTM
SBP 441 67.66% 89.82% 96.82%
DBP 3.36 82.9% 94.9% 98.3%
MTFF-ANN
SBP 5.59 54.1% 86.6% 94.9%
Kachuee’s DBP 431 62.7% 87.1% 95.7%
work SBP 8.21 34.1% 56.5% 72.7%
. DBP 2.0823 81.25% 91.12% 98.96%
GRU-Attention
SBP 3.2769 77.71% 90.98% 97.04%
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