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Continuous non-invasive blood pressure prediction method
based on Conformer-LSTM
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Abstract: We propose a continuous, non-invasive blood pressure prediction method using the Conformer-LSTM model,
which integrates a convolutional branch, Transformer branch, multi-scale cross-attention modules, adaptive spatial
feature fusion, and a two-layer LSTM. This method predicts the ABP waveform from the PPG signal, from which
systolic and diastolic blood pressures are derived. The model demonstrates minimal prediction error across a large
dataset. Experimental results show a high correlation between the predicted ABP waveform from the MIMIC dataset
and the actual waveform, with SBP and DBP prediction errors of (3.68=+5.60) mmHg and (2. 16 +3.72) mmHg,

respectively. The method complies with the American Association for the Advancement of Medical Devices (AAMID

standards and achieves an A-level rating according to the British Hypertension Society (BHS).
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Fig.1 Local and global features
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Fig. 2 Blood pressure value distribution
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Fig.3 Conformer-LSTM structure
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Fig. 11 Regression plot of blood pressure prediction
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Table 3 Ablation test results

LRES SRl SE-MSFE SA MSCA, MSCA,  SBP MAE DBP MAE
Conformer-LSTM N/ 5.95 3.23
Conformer-LSTM+ SE-MSFE N 5. 12 2.76
Conformer-LSTM+ SA N 5.75 3.16
Conformer-LSTM-+ MSCA1 N 5.01 2.70
Conformer-LSTM+ MSCA2 N 5.08 2.73
Proposed Method N N N N N 3.68 2.16
R4 FAXFEEHMAELER
Table 4 The method in this paper is compared with other methods
L ) e 258/ mmHg
i ViSRS LN R SBp OBP
FE TN A 0 B A AT MIMIC 111 5 776 4 %4 PPG.ECG MAE:4. 69 MAE.:2. 53
MSA-ResNet"'" MIMIC III 12 000 £H %4 PPG MAE:5. 98 MAE.:3. 24
PPG2ABP™ MIMIC III 24 000 £H % ¥ PPG MAE:5.72 MAE:3. 45
TCN-SE™ MIMIC 111 19 946 21 (4R PPG MAE:5. 09 MAE:2. 96
Transformer” MIMIC III 92 000 £ $( 4 PPG MAE:3.76 MAE:2. 20
CNN-SVR™V MIMIC 111 22 247 %8s PPG.ECG MAE.:1. 23 MAE.:3.08
AL MIMIC 111 97 000 41 %4 PPG MAE.3. 68 MAE.:2. 16
. PR 22 0 Bl T U A LT B T e BR . 2024,
5 % %

AR T —FET PPG {55 W ABP 3% 8 (%7
e T ER LT Conformer A5 58U 18 XU SE 14 45 ¥4, 43 il
G SR REE MR REE, £ CNN X T
SE-MSFE 3¢ 48 11 T PRl 6 2 ROBEERHIE R MSCA #
e, BERGE & PPG {55 W ABP 3 JE . 3 1153 SBP,
DBP &% Il FE 2550, To 75 B l0b g 751 0 A 4

16 MIMIC 2> 46 50308 % b iy Sz 86 45 SR % W1, SBP Al
DBP Ay IR 22254 AAMI #5ifE, DBP 1 SBP A /i #f 1
53 BHS pRifER A 2, i i 19 Or U PPG 55,
X AT AT FA BT 19
S % Lk
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