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Abstract 
It is a well-known fact that it is important to accurately measure blood pressure. In particular, it is an even more important vital sign for the 

elderly and patients in hospitals. Non-invasive techniques for blood pressure measurement only afford discrete results. Although invasive 

measurement techniques overcome this issue and provide continuous results, they involve the risk of bleeding or infection and also cause 

discomfort to the patient. To address this issue, in this study, we developed a deep learning model that can estimate the arterial blood pressure 

(ABP) in real time using the waveform signals from electrocardiograms (ECGs) and photoplethysmograms (PPGs), without handcraft setting. 

Data pertaining to patients with various disorders admitted in the intensive care unit (necg, ppg= 1,126,870) were used. The performance of the 

model was evaluated (RSBP= 0.96, RMAP=0.92, and RDBP = 0.90) and verified to meet international standards. Even if the actual value changes 

dramatically, the estimated value shows a graph that follows the trend. Additionally, the ABP of patients with atrial fibrillation could be measured 

continuously and in real time. 

 

Introduction  
Arterial blood pressure (ABP) is one of the main vital signs in children as well as the elderly. With regard to hemodynamics, accurate 

measurements of the ABP can enable optimal intervention in unstable patients and play an important role in determining long-term perfusion. 

An abnormal blood pressure (BP), such as high or low BP, constitutes a major risk factor for cardiovascular disease (CVD) leading to heart 

attacks and can even cause blindness or cerebral apoplexy1,2. Thus, the ABP is recognized as an important parameter in intensive care unit (ICU) 

monitoring, and immediate treatment is administered if abnormal blood flows are detected. Furthermore, the continuous analyses of the BP of a 

patient in the ICU can potentially provide additional information regarding the patient's condition and also allow for the prediction of the rate of 

remission and mortality. 

Generally, BP measurement techniques can be categorized as invasive or non-invasive methods. The standard non-invasive blood pressure 

(NIBP) measurement technique employs a cuff-based oscillometric method; this approach yields discrete systolic and diastolic blood pressure 

results. In invasive blood pressure (IBP) monitoring, a needle-type pressure sensor is inserted into the patient’s artery to measure BP continuously 
and accurately; however, this approach involves the risk of infection and bleeding and also causes pain to the patient3. Consequently, considerable 

efforts have been devoted toward developing accurate algorithms for indirectly monitoring BP via non-invasive and continuous real-time 

measurements, in order to exploit the advantages of both of the above-discussed blood pressure measurement methods. 

Thus far, many studies on the measurement of BP have focused on electrocardiograms (ECGs) and photoplethysmograms (PPGs), particularly 

the time interval of arterial pulses originating from the thoracic aorta to the peripheral sites. Using ECGs and PPGs, many cuff-less BP estimation 

methods based on parameters such as the pulse transit time (PTT), pulse wave velocity (PWV), and pulse arrival time (PAT) have been developed. 

Researchers have developed approaches for predicting BP by using methods based on signal processing techniques such as frequency analyses 

and linear and nonlinear regression methods4-8. Miao et al.6 reported high-accuracy estimates of BP using the multivariate linear regression and 

support vector regression methods with various feature extensions, including the heart rate (HR) and PTT. Alghamdi et al.4 proposed a novel 

hybrid method for predicting the systolic BP (SBP) and diastolic BP (DBP) using the Gaussian process regression method by extracting features 

such as the time, chaotic, and frequency regions.  

Recently, BP has been estimated using artificial intelligence techniques, namely the recurrent neural network (RNN) based on the time series 

characteristics of ECGs and the convolutional neural network (CNN) based on characteristics of morphological pattern changes9-14. Miao et al. 
13  combined the CNN and long-short term memory (LSTM) techniques to derive high-accuracy BP estimates using ECG signals, without 

handcrafted engineering. Back et al.9 proposed a novel end-to-end technique based on a CNN, using the time and frequency domains of ECGs 

and PPGs to predict BP. However, most of these studies focused on subjects with a normal BP range and failed to consider patients with 

hypertension or hypotension. Furthermore, many previous studies were unable to realize BP predictions in real time with short-segment raw ECG 

and PPG data as the inputs. Consequently, further research should be devoted toward real-time measurements of the BP of patients with 

hypertension or hypotension; in general, this is also important for healthy people because it would enable faster detection of abnormal BP. 

To this end, in this study, we developed a BP estimator employing deep learning for real-time, indirect, continuous ABP measurements using 

ECG and PPG waveforms, without handcraft. In addition, as the dataset was collected from ICU patients who suffered from various diseases, the 

developed model can estimate the BP of healthy people and also people with diseases. By combining a CNN and an RNN, the developed model 

focuses on the morphological properties of ECGs and PPGs and the time series properties, thus estimating the SBP and DBP of the input values, 

as illustrated in Fig. 1. We demonstrate that this algorithm enables real-time assessments of the ABP of ICU patients, without requiring cuffs or 

involving the pain and risks of invasive measurements. 
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Methods 

Data acquisition and preprocessing The database contained raw ECG, PPG, and ABP signal values. Data from 980 patients were obtained 

from the MICU of the Seoul Asan Medical Center Hospital for critically ill patients between Apr 01, 2018 to May 31, 2019. This study was 

approved by the Institutional Review Board of the Seoul Asan Medical Center Hospital (IRB No. 2021-0833). This study was approved by the 

Institutional Review Board of the Seoul Asan Medical Center Hospital (IRB No. 2021-0833) and complied with the principles of the Declaration 

of Helsinki. There was no need to obtain prior consent from the patient according to the IRB criteria. SBP and DBP were measured by a GE 

B650 patient monitor and recorded every 2 s; since the initial 30 min was noisy, all biometric signal records used were collected after 30 min.  

To equalize the ECG and PPG input lengths, the ECG data were downsampled to 60 Hz. Because ABP is a numerical value recorded every 2 s, 

ECG and PPG were also cropped for 2 s. We processed the inputted ECG and PPG, and SBP and DBP were output at the end of the signal. The 

data acquired were excluded three times in different ways to avoid overfitting and improve accuracy. First, patient data with noise or motion 

artifacts were excluded. Noise was visually identified and excluded, and the model was trained only with normal ECG and PPG signals. Second, 

as it is a commonly used normal and hypertension BP range criterion15,16, we considered that the patient data were not available if the SBP was 

below 50 or above 200 because we aimed to estimate low BP values and BP values in the hypertension range. Finally, signals from all ICU 

patients were collected only once as data can be acquired multiple times per person and collection times vary from patient to patient. For data 

spanning less than 30 min, the values were removed from the final database, and for data spanning more than 3 h, the final part was removed. 

These data were normalized from -1 to 1 so that the scale for all data was similar. We preprocessed all the data using MATLAB. All processes 

are summarized in Fig. 2. A total of 1112700 recordings were obtained from 284 patients. The median follow-up available after each data was 

2.3 (0.5–3) h. The mean and standard deviation were 127.93±22.93 and 67.03±14.41 for SBP and DBP, respectively. 

 

Model We proposed a Resnet + Bi-LSTM model that could capture the time series and morphological features of ECG and PPG. 

(i) Deep residual network (Resnet) 

The CNN was first introduced by LeCun et al.17 in 1989 to process images more effectively by applying filtering techniques to artificial neural 

networks. In 1998, LeCun et al.18 proposed an CNN, which enabled effective extraction of various spatial features from images by stacking many 

network layers that are currently used in deep learning. However, studies have shown that the accuracy of results reduces with increased data and 

network depth; therefore, a residual block has been proposed to overcome these disadvantages19. The residual block was defined as shown in Fig. 

3a. Here, x and H(x) are the input and output vectors of the block, respectively. By linking the output layer with information learned from the 

previous layer, the layer maps only the additional information that needs to be learned. In other words, as it is a system that preserves previously 

learned information and additionally learns new information, an accuracy of the same or a higher level is maintained without any compromises. 

 

(ii) Long short-term memory (LSTM) 

The RNN is a system for modeling sequence data; unlike other neural networks, it has a “hidden state.”20  Each time a new input is received, the 

network modifies the hidden state step by step so that the memories remaining are information that summarizes the entire sequence. However, 

the RNN has a long-term dependency problem when trying to exploit old historical information. A model that overcomes these shortcomings is 

the LSTM model, which can predict future data by considering historical data in a more macroscopic way. Fig. 3b shows the structure of the 

LSTM model, which is defined as follows. 

 𝑓𝑡 = σ(𝑊𝑓 ∙ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑓)                          (1) 𝑖𝑡 = σ(𝑊𝑖 ∙ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑖)            (2) �̃�𝑡 = 𝑡𝑎𝑛ℎ(𝑊𝐶 ∙ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝐶)             (3) 𝐶𝑡 = 𝑓𝑡 ∗ 𝐶𝑡−1 +  𝑖𝑡 ∗  �̃�𝑡           (4) 𝑜𝑡 = σ(𝑊𝑜 ∙ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑜)           (5) ℎ𝑡 = 𝑜𝑡 ∗ 𝑡𝑎𝑛ℎ(𝐶𝑡)              (6) 

 

where W stands for the weight parameter, b represents bias, and σ represents the sigmoid function, as mentioned in Fig. 3b. Forgetgate determines 

what value of the past cell state to erase considering the current input and the previous output. The input gate determines whether to store or 

discard the current information, as shown in Equations (1), (2), and (3). Then, a new cell state is updated as we have determined how much 

information to discard through forgetgate and how much information to add through the input gate, as shown in Equation (4). Subsequently, 

based on Equations (5) and (6), we determine the amount of the cell state value that is finally obtained and derive a new output value, h_t. In this 

work, we used the bi-directional LSTM (bi-LSTM), which minimizes the loss to the output value by adding an LSTM layer that handles backward 

to the existing LSTM layer21. 

 

(iii) Proposed Resnet + Bi-LSTM 

As mentioned earlier, BP has temporal and spatial features of input signals, which are correlations between ECG and PPG's historical inputs. We 

utilized the morphological and time series properties of ECGs and PPGs as model features using a neural network with the Resnet + Bi-LSTM 

structure. 

Input data (2×125) are inserted, followed by a residual block and Bi-LSTM; then, the estimated SBP and DBP are output. At this point, the 

ADAM optimization method is applied to the network with an initial learning rate of 0.001. The drop-out coefficient is 0.2 to ensure that learning 

is maintained properly. The network activation function used is a modified linear unit (ReLU) to address the gradient vanishing problem. In 

addition, L2 regularization is used to prevent overfitting of the model. We used Python in the Tensorflow framework for all these processes. 

Seventy percent of the preprocessed data were used for the training set, 10% for the validation set, and 20% for the test set. 

Performance measurements In addition to SBP and DBP, the mean arterial pressure (MAP) was evaluated; it is defined as the average 

pressure of a patient’s arteries during one cardiac cycle. MAP is strongly correlated with SBP and DBP and is effective at predicting the risk of 

CVD and other fatal diseases17-19. The actual MAP can only be determined by invasive monitoring and complex calculations; however, it can 

also be calculated using SBP and DBP using the following formula. 
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MAP =   
𝑆𝐵𝑃+2(𝐷𝐵𝑃)3              (7) 

 

The model's performance was evaluated using the MAE, RMSE, and MAPE values, which were calculated using the following equations.  

 

MAE = 
1𝑛 ∑ (𝑦𝑖 −  �̂�𝑖)𝑛𝑖 = 1           (8) 

RMSE = √1𝑛 ∑ (𝑦𝑖 −  �̂�𝑖)𝑛𝑖 = 1          (9) 

MAPE = 
∑ 𝑦𝑖−�̂�𝑖𝑦𝑖𝑛𝑖=1𝑛  * 100           (10) 

 

MAE is an indicator value that is averaged by converting the difference (error) between the actual value and the predicted value to an absolute 

value. RMSE is an indicator value that squares the error and divides it by n. MAPE is calculated by providing absolute values to the prediction 

error and expressing the prediction error as a percentage. 

 

Results 
Performance evaluation using deep learning model We implemented a Resnet + Bi-LSTM model using only the ECG and PPG signals 

and evaluated the performance of the model by comparing the measured BP value with the actual BP.  

Fig. 4a, c, and e show the correlation plots comparing the actual and estimated values of the SBP, DBP, and MAP. Based on a comparison of the 

Pearson correlation coefficient (R) values, we confirmed a linear graph and a high correlation of 0.96 for the SBP, 0.90 for the DBP, and 0.92 

for the MAP; in particular, the SBP values were found to be more accurate than the other BP values. Fig. 4b, d, and f show the Bland–Altman 

plots of the three BP values. As indicated on the right side of Fig. 4, the mean of the difference between the actual BP and the estimated BP 

values obtained using the proposed model is -0.04, 0.01, and -0.01 and the standard deviation of the difference is 6.30, 7.07, and 5.17 for the 

SBP, DBP, and MAP, respectively. The mean errors (MEs) are 5.06, 5.55, and 4.07, respectively. Table 1 lists the Pearson coefficient (R), the 

mean absolute error (MAE), root mean square error (RMSE), and mean absolute percentage error (MAPE) for the measured SBP, DBP, and 

MAP, as discussed in the Methods section. 

 

Verification based on international standards for BP measurement When BP is measured using actual BP values, international 

standards exist to give validity and reliability for the measurement value. These criteria consist of independent protocols to verify the validity of 

a method. 

 

(i) British Hypertension Society (BHS) 

We prove that the BP values estimated using the proposed method with deep learning are in conformance with the BHS standard, as shown in 

Table 2. The BHS protocol uses grades A to D as criteria, and we calculated the percentages of the MAEs based on three groups: < 5 mmHg, 

< 10 mmHg, and < 15 mmHg. When the three criteria exceed 60%, 85%, and 95%, respectively, the results of the verification are considered 

to fall under grade A. The lower the percentage, the lower is the grade, i.e., from B to D. Our results indicate that the SBP and DBP obtained 

via the proposed method fall under grade B, while the MAP falls under grade A. 

 

(ii) Association for the Advancement of Medical Instrumentation (AAMI) 

We also prove that the BP values estimated using the proposed method with deep learning are in conformance with the AAMI standard, as 

shown in Table 3. The AAMI protocol requires a mean difference (MD) of 5 mmHg or less, a standard deviation (SD) of 8 mmHg or less, and 

85 or more subjects. Our results show that the ME and STD values are -0.04 and 6.31 for the SBP and 0.01 and 7.07 for the DBP, which 

conform to the AAMI standard. 

 

Evaluation of performance of the proposed model relative to that of previous approaches Table 4 presents a comparison of the 

proposed method with previous techniques for estimating BP using bio signals and deep learning techniques. Previous studies performed training 

based on the continuous BP, using the MAE and SD as evaluation metrics for the BP prediction accuracy. 

Miao et al13., Eom et al22. , and Li et al23.  estimated BP using at least two signals and reported performance results comparable to those of the 

proposed model. Unlike other studies, however, the proposed method can check the data output at intervals of 2 s in real time; hence, it is expected 

to be more useful in urgent situations, such as in clinical surgeries. Other studies have also reported NIBP monitoring; however, in this study, the 

BP at the arteries was directly measured via IBP monitoring, which is considered as the gold standard. Hence, the BP results are more accurate 

and have greater applicability. In addition, using clinical data instead of public data can help increase reliability, as the training involves more 

diverse patient groups. Furthermore, the proposed method affords shorter learning periods because processes such as feature extraction are not 

included. 

 

BP estimation for patient with atrial fibrillation (AF) Hypertension is likely one of the major causes of AF24. Accurate measurements of 

the BP of AF patients are important, especially for the elderly, when treating hypertension with sudden elevations in the SBP or SBP exceeding 

120 mmHg, which is associated with an increased risk of AF accidents25-27. The ECGs of the AF patient and normal patients exhibit visual 

differences in terms of the waveforms; the former may also involve features of invisible parts. Therefore, we estimated the BP of the AF patient 

using the singularities of deep learning that can learn such features. 

The dataset used in this study comprised data pertaining to a total of 23 AF patients. Among these, two patients were excluded because they had 

motion artifacts or were data sets that were less than 30 min. Among the remaining 21 AF patients, the data of 14 patients were considered as the 

training set, the data of 3 patients were adopted as the validation set, and the data of the remaining 4 patients were considered as the test set, for 
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the purpose of confirming the performance of the proposed model in estimating the BP of AF patients. The total number of tests conducted was 

18540.  

The test results are presented in Fig. 5. We evaluated the estimates of the BP of the AF patients using existing performance evaluation methods. 

The MAE and SD values of the SBP, DBP, and MAP are 6.32 and 8.11, 7.21 and 7.98, and 5.59 and 6.94, respectively. 

 

Calibration method for BP estimation Calibration is an important process for neural networks; it helps ensure that the predicted 

values of the model reflect the actual probabilities. Although accuracy is important when applying deep learning algorithms to 

real-world medical decision-making systems, it is also essential to clarify the incorrect predictions of the model. The proposed 

model does not require individual calibration. However, estimating ICU patients' BP necessitates more accurate values; therefore, 

the accuracy needs to be improved. One approach to achieve this is the calibration method, where the trained model is calibrated 

using partial data with short intervals for each individual, in order to improve the accuracy of the BP estimation.  

Fig. 6 presents a comparison of the BP estimates obtained with and without calibration. The R values were higher after calibration 

(0.96, 0.92, and 0.96 for SBP, DBP, and MAP, respectively), and the MAE and SD values were 4.39 and 5.44, 4.65 and 5.75, and 

3.38 and 4.32, respectively. Table 5 offers a comparison of the R, MAE, and SD values with and without calibration. 

 

Discussion 
In this work, we demonstrate that our proposed Resnet + Bi-LSTM model estimates IBP obtained in the ICU in compliance with international 

standards. Estimates of BP using ECG and PPG signals from patients with multiple diseases can indicate a variety of conditions. In particular, 

the ABPs estimated using deep learning in patients with AF or cardiogenic shock (CS) have not been investigated in previous studies. For AF, 

however, reliable ABP values have been obtained in terms of accuracy or other evaluation indicators. Based on this, we prove that blood pressure 

can be sufficiently estimated in patients with various diseases. 

Fig. 7 shows the actual and estimated values of SBP, DBP, and MAP in three groups: AF patients, patients with normal ECGs having large BP 

variability, and patients with normal ECGs having small BP variability. The top three plots indicate that the estimated values follow a trend 

similar to that of the actual values, implying that our model can effectively estimate BP. The middle three plots compare BP values in patients 

with high variability. We can see that the estimated values are quite consistent with the actual values, even if they fall or rise by a large margin. 

For patients with AF (Fig. 7g, 5h, 5i), the estimates are not significantly consistent with the actual values compared to the top and middle plots; 

however, we can see that they follow their trend, which is considered to have been learned less owing to the lack of data available compared to 

normal patients. 

Compared to other studies, our study has several strengths including reduced time segment lengths, wider range of BPs, and a large number of 

subjects. As mentioned earlier, IBP has more accurate values than NIBP and provides much more valuable information, such as CS initiation. 

We obtained IBP data from the hospital’s ICU and conducted this study unlike conventional studies that have estimated NIBP using continuous 

BP values. Although there are no acceptable standard hypotension levels, SBP and DBP values below 90 and 60 mmHg, respectively, are 

recognized as hypotension, and clinically, hypotension is no less important than hypertension28-30. There are several studies that have estimated 

high BP31, but only a few have estimated low-range BP, which makes our study novel. The SBP ranges from approximately 50 to 200 and DBP 

ranges from approximately 20 to 160; thus, it is possible to estimate BP using our method in cases of both hypertension and hypotension. 

Moreover, our study does not require any filtering or calibration of signals. This means that the proposed model does not require much time to 

learn data and estimate results, and because it does not need calibration, it is possible to produce results immediately without having to input 

values in advance for tens of seconds or even a few minutes. We evaluated the model’s performance without a calibration-based method, but we 

also proved its performance with calibration. When calibrated, lower MAE and SD values and a higher R coefficient are achieved compared with 

the calibration-free method. This means that although some time is needed initially, more accurate BP values can be estimated, making it suitable 

for critical real-world clinical situations. Another advantage of our study lies in the amount of data. We used data of 284 intensive care patients 

cropped for 2 s. Thus, we were able to learn a lot more data compared to other studies. Therefore, not only does the bias decrease when learning, 

but the resulting accuracy also increases. Thus, BP estimation is possible in patients with various diseases.  

Nevertheless, there are some limitations to our study. First, our study is limited to Asian mono-ethnic groups. Further external verification with 

multi-ethnic data is essential for our model to be used in clinical practice. Second, we conducted an experiment to estimate the BP of AF patients; 

however, we did not obtain reliable results owing to the lack of AF-related patient data compared to patients with normal ECG. However, as 

shown in Fig. 5, which presents an upward linear graph, such a limitation can likely be addressed by increasing the amount of AF patient data in 

the future. 

 

Conclusion 
We demonstrate and evaluate the performance of the proposed IBP estimation model using ECG and PPG. This technique allows patients with 

various diseases to estimate IBP only using ECG and PPG bio signals without the risk of infection and bleeding. In future research, the model 

can be trained using labeled data from more patients, enabling BP measurements for any patient. 

 

Data availability 
The data collected from the Asan hospital during this study are patient data obtained under the IRBs’ ethical approval. The data 

that support the findings of this study are available from Asan hospital, but restrictions apply to the availability of these data, which 

were used under license for the current study, and so are not publicly available. Data are however available from the authors upon 

reasonable request and with permission of Asan hospital. The deep learning and related codes are available upon request by 

contacting the author at gusqlszld@naver.com. 
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Table 

Table 1. Performance results of proposed BP estimation model 

 SBP DBP MAP 

R 0.96 0.90 0.92 

MAE 5.09 5.55 4.07 

RMSE 6.33 7.07 5.16 

MAPE 4.31 7.93 4.54 

  

Table 2. Verification with BHS standard protocol 

 Absolute difference 
Grade 

 ≤ 5 ≤ 10 ≤ 15 

Proposed 

Model 

SBP 56.5 88.6 98.5 B 

DBP 53.6 85.1 96.4 B 

MAP 67.9 94.7 99.3 A 

BHS 

Grade A 60% 85% 95% 

 Grade B 50% 75% 90% 

Grade C 40% 65% 85% 

Table 3. Verification with AAMI standard protocol 

 ME SD Subjects 

Proposed 

model 

SBP -0.04 6.31 

284 

DBP 0.01 7.07 

AAMI 
SBP / 
DBP 

≤ 5 ≤ 8 ≥ 85 
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Figure  
Fig. 1. Flowchart of proposed model.   Conv: convolutional layer; BN: batch normalization; LSTM: long short-term memory. Here, ECGs and 

PPGs are used as the input and the SBP and DBP are obtained as the output via two residual blocks and the Bi-LSTM. The two signals are 

filtered and applied to the model as inputs for 2 s. 

Table 4. Compare the performance evaluation of the proposed model with that of other studies 

Author Model Input data 

SBP DBP MAP 

MAE SD MAE SD MAE SD 

Ours Resnet + Bi-LSTM Raw ECG, PPG 5.06 6.31 5.55 7.07 4.07 5.17 

Fen Miao et al Resnet + LSTM Raw ECG 7.10 9.99 4.61 6.29 4.66 6.36 

H Eom et al CNN + Bi-GRU Raw ECG, PPG, BCG 4.06 4.04 3.33 3.42 - - 

YH Li et al Resnet + Bi-LSTM Featured ECG, PPG 6.73 14.51 2.52 6.44 - - 

Table 5. Comparison of model performance when calibration is free or based 

 SBP DBP MAP 

MAE SD R MAE SD R MAE SD R 

Calibration 4.39 5.44 0.96 4.65 5.75 0.92 5.75 4.32 0.96 

No calibration 5.09 6.30 0.96 5.55 7.07 0.90 4.07 5.17 0.92 
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Fig. 2. Data preprocessing process and data split for deep learning.   Data preprocessing and sorting are essential to improve learning accuracy. 

(a) To make the ECG the same length as the PPG, data were downsampled, denoised, normalized, and cropped for 2 s. (b)13 months of data from 

April 2018 to May 2019 were sorted; this included motion artifact removal and SBP range and data length adjustment. The final data consisted 

of training, test, and validation sets, with a corresponding ratio of 7:2:1. 

 

 

 
 

Fig. 3. Two main models for BP estimation.  (a) Resnet’s architecture makes deeper networks easier to learn than before by learning residuals. 

(b) The architecture of the LSTM enables learning by tuning existing and new information using cell and hidden state functions. 
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Fig. 4. Results of the correlation between actual and measured BP values.  R: Pearson correlation coefficient, R; md: mean of the difference; sd: 

standard deviation of the difference. (a), (c), and (e) show the correlation plots for actual and estimated values of the SBP (R = 0.96), DBP (R = 

0.90), and MAP (R = 0.92), respectively. (b), (d), and (f) show the Bland–Altman plots for actual and estimated values of the SBP, DBP, and 

MAP, respectively. The values of md and sd for (b), (d), and (e) are -0.04 and 6.30, 0.01 and 7.07, and -0.01 and 5.17, respectively. 
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Fig. 5. Comparison of estimated BP of AF patients with actual values.  The amount of data learned is 18540 with four patients. These plots 

exhibit tendencies similar to those of the ECGs of normal patients. From the left, the R values are 0.95, 0.87, and 0.92, respectively; these are 

somewhat lower than the results obtained when learning the entire dataset. The MAE and SD values are 6.32 and 8.11, 7.21 and 7.98, and 5.59 

and 6.94, respectively, from the left; similar to the R values, these are also lower than the results when learning the entire dataset. 

 

 

 

 

 

 

 
 

Fig. 6. Comparison of BP estimates with and without calibration.  (a), (b), and (c) show the patient BP estimates without calibration in 

comparison with the actual values. (d), (e), and (f)  show the patient BP estimates with calibration in comparison with the actual values. From 

the left, comparative graphs for SBP, DBP, and MAP, respectively, are shown; as is evident, calibration affords more accurate values, relative 

to the actual values. 
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Fig. 7. Comparison of actual and estimated SBP, DBP, and MAP values.   The blue lines represent the actual values, and the red lines represent 

the estimated values. (a), (b), (c) Comparisons of SBP, DBP, and MAP for patients with no significant variation in BP. The results indicate the 

good performance of our model, and the estimated values follow a trend similar to that of the actual values. (d), (e), (f) Comparison of SBP, 

DBP, and MAP for patients with large variations in BP. The results indicate that the estimated values follow a trend similar to that of the actual 

values. (g), (h), (i)Comparison of SBP, DBP, and MAP for patients with AF. Although the difference between the estimate and the actual value 

is slightly larger than that of a patient with a normal ECG signal, the graph shows similar results with the two values being proportional. 

 


