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Abstract
Although traditional cuff-based blood pressure (BP) monitoring is sporadic and laborious, BP is essential for cardiovascular health. We review deep learning approaches for cuff-less blood pressure estimation, such as CNNs, RNNs, Transformer models, and attention processes, and provide two new PPG-to-ABP waveform synthesis methods. The first (ASBP) maps one-dimensional PPG signals into arterial blood pressure waveforms using a VGG-16 encoder-decoder, while the second (SEANet) uses causal dilated convolutions in a calibration-free framework for continuous blood pressure estimation. Using correlation coefficient (CC), mean absolute error (MAE), and mean absolute percentage error (MAPE) measures, both models are trained and assessed on the UCI cuff-less BP dataset. The results have near-normal residual distributions and satisfy AAMI/BHS clinical criteria. An organized comparison of twenty cutting-edge studies demonstrates the variety of datasets, methodological advancements, and clinical usefulness. We present future work for reliable, generalized blood pressure monitoring with wearable PPG sensors and talk about challenges, including dataset heterogeneity and real-time deployment.

Keywords: Photoplethysmography (PPG), Electrocardiography (ECG), Deep Learning, Cuff-less Blood Pressure Estimation, U-Net & VGG-16 Encoder-Decoder, Time-Series Forecasting ​

1. Introduction
Blood pressure (BP) is a key physiological parameter indicating cardiovascular health and arterial condition. Its monitoring is vital for assessing health status and ensuring well-being. Continuous BP monitoring in hospitals detects heart status changes and provides real-time alerts for medical intervention. Recent studies on BP estimation have used various biomedical signals, notably electrocardiography (ECG) and photoplethysmography (PPG). PPG has gained attention for its advantages, including non-invasive, contactless, and low-cost measurement of BP. The method relies on the association between blood flow speed and BP levels: rapid blood flow increases arterial pressure, while relaxed vessels allow for lower pressure, highlighting vascular health. This understanding has led to innovative BP monitoring and management methods, crucial for enhancing patient outcomes. [1] 
Numerous studies have thoroughly investigated the velocity related to blood pressure (BP), particularly focusing on a specific measurement known as Pulse Wave Velocity (PWV). On the other hand, additional research has delved into the time intervals that are closely correlated with BP, highlighting the significance of Pulse Transit Time (PTT). Furthermore, two other critical cardiovascular parameters, which are Pulse Arrival Time (PAT) and Pre-Ejection Period (PEP), have also gained recognition as potential predictors of BP. Over the past several decades, there has been extensive research involving the use of photoplethysmography (PPG) signals to develop mathematical models aimed at accurately inferring blood pressure values. Recently, new methods using traditional machine learning have been developed to accurately predict Diastolic Blood Pressure (DBP), Systolic Blood Pressure (SBP), and Mean Arterial Pressure (MAP) by analyzing PPG signals along with other important information. New methods that combine deep machine learning techniques for predicting blood pressure have also been suggested, using data from either PPG or ECG signals. Nevertheless, a notable challenge remains; many of these advanced methods necessitate the use of ECG signals in conjunction with PPG, which can pose difficulties for wearable systems designed for practicality and ease of use. Additionally, some techniques in this area need carefully created features to accurately predict blood pressure, so these algorithms might require the best signal conditions to show correct blood pressure readings. [2] START
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2. Related Works
Widely observed blood pressure irregularities, such as hypertension and hypotension, have high clinical significance. The World Health Organization estimates that approximately 1.28 billion people aged 30-79 years worldwide suffer from hypertension. Hypertension is more prevalent in low and middle-income countries, and it is a leading risk factor for cardiovascular diseases, stroke, chronic kidney disease, and premature death. If untreated, hypertension can elevate both systolic and diastolic blood pressure to higher stages, leading to health emergencies. Hypotension occurs when blood pressure falls below 90/60, and it can lead to dizziness and nausea. For early diagnosis and management of hypertension and hypotension, regular monitoring of blood pressure is crucial [3].
Existing methods for estimating blood pressure include both invasive and non-invasive cuff-based techniques. While these cuff-based methods are the accepted standard for measuring blood pressure, they face challenges regarding portability, comfort, and continuous monitoring. Additionally, they require cumbersome calibration and maintenance, causing variability and inaccuracy. In response, researchers are exploring innovative methods for estimating blood pressure without cuffs that are user-friendly, support continuous at-home monitoring, and are non-intrusive. Advances in wearable technology have made cuffless estimation more feasible, leading to numerous proposals utilising various biosignals, primarily PPG and ECG. [4] 
In addition to estimating the BP level, researchers have conducted studies to synthesize the ABP waveform from PPG signals. There is a strong motivation behind the inventions of these methods, as BP, PPG, and ECG signals have similar morphology. The PPG and ABP signals can be considered different representations of the same underlying phenomenon, allowing for the translation of one biosignal to another. The limitation of estimated blood pressure is that it provides only the blood pressure level without any information about the vascular structure of the human body. This work proposes two novel deep learning models for synthesizing the arterial blood pressure waveform from a single-site PPG signal. The UCI dataset on cuffless blood pressure estimation is utilized to train the proposed models. [5]

3. Materials and Methodology
3.1 Data Preprocessing for Time Series Forecasting
Data preprocessing consists of three steps: data preparation, data slicing, and data normalization. Data preparation consists of filling/smoothing/cleaning the original pressure data since small outliers may be present in the collected data. There are two methods for data preparation, depending on whether the user's application experiences a delay. Following the data preparation, we created time series datasets for two input/output conditions, which involved removing 10s and 20s. By shifting time stamps lazily, the original time-stamped data can be sliced into smaller windows. The sliding windows may contain unaligned data and therefore should be filtered both by size and maximum gap, or dropped completely so that only the strictly consecutive time intervals are retained.
After preparing the time series data, we pool the entire data and then independently normalize it for each channel or feature. We maintain two moving stats for DNNs' normalizing processes, using the stats from the previous window to calculate the stats for the current window. For LSTM, we use min-max normalization to scale each channel/feature to a fixed range of [-1, 1], and we also apply Z-normalization using moving stats for each channel/feature, but the time lengths can vary for different networks. [6]
3.2 Time Series Statistical Measurement Methods
The Mean Absolute Percentage Error (MAPE) is a commonly used measure of prediction accuracy. It is calculated by taking the average of the absolute percentage error, where the percentage error in turn is obtained by dividing the absolute error by the actual value during an aligned period of the predicted and observed time series. Based on the calculated metrics, a normalizing process was performed so that the performance measuring scores fall in between [-1, +1] [7].
This allows directly contrasting diverging scores and provides a statistical balance for weighted average calculations once the traits have been properly normalized. Specifically, we consider values greater than 0 and ignore those less than 0. Such measured values are generally subproblems, but the final scores obtained by weighting relevant averages are generally global measures, as they include their sub-metrics comprehensively.
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Figure 1: General Flowchart of Research Methodology
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[bookmark: _Hlk197366399]We experimented to analyses a new approach to blood pressure prediction using an optical sensor to measure real blood pressure changes. Significant daily temperature fluctuations affect atmospheric pressure, requiring a robust predictive method. People typically use high-accuracy blood pressure cuffs but prefer to correlate real-time blood pressure changes with optical recordings, despite their higher costs. We propose a cost-effective optical sensor with a manual approach to programming Bluetooth Low Energy (BLE) nodes, aligning optical recordings with blood pressure values. This system includes an optical sensor that collects RGB colour variations using an environmentally friendly, low-cost BLE sensor. A novel filtering method extracts motion changes from RGB variations to improve prediction performance via adaptive model selection. By tracking subtle correlations with blood pressure changes, our approach shows high predictability and lays the groundwork for low-cost motion sensors in vital sign monitoring, contrasting with expensive commercial alternatives. [8] 
Deep learning methods for prediction and classification have recently grown in popularity due to their high prediction capability. New studies on deep architectures have improved model accuracy and efficiency, enabling the use of deep learning tools in smart health applications across various recording modalities. The sheer number of available deep learning algorithms still limits the effective use of these methods. Thus, further investigation into the selectivity of some exceptional methods is necessary. This study presents a simple but useful prediction approach for predicting blood pressure and an optical recording system that records the colour variations of blood flow. High-accuracy prediction of blood pressure values is achieved by using several deep learning techniques. Researchers could implement optical motion sensors using the proposed prediction approach. [9]
3.2. Preprocessing Techniques
This study shows ways to prepare signals for predicting blood pressure by using electrocardiogram and photoplethysmogram signals with separate neural networks, especially convolutional and deep neural networks. The preprocessing methods include Fourier transformations and amplitude randomization. Trained networks tested on separate data sets make accurate predictions with low root mean square error, showing that these methods can improve deep learning models for signals that can be predicted and enhance regular neural networks for signals that cannot be forecasted. For long-term use, we prefer cuffless blood pressure measurement devices that estimate blood pressure from physiological signals. [10] 
Some studies suggested ways to estimate blood pressure without a cuff by using a well-established connection between electrocardiogram signals and pulse arrival intervals. Besides ECG, photoplethysmogram are also employed for blood pressure estimation since they contain information about blood flow change in blood vessels as well as about heartbeat timing. However, the previously mentioned models may not be universally applicable because of their specific properties. Deep learning, which doesn't rely on the mathematical model, could be an alternative for some signals. However, the conventional methods do not provide satisfactory performance for dense data. Data, slant, noise, and bandwidth differences among datasets are likely to cause this difficulty. However, it is unclear where to manipulate the deep learning method to improve applicability on dense data extensively. [11]
3.3. Model Selection
In this study, four machine learning algorithms were employed to predict hypertension risk based on 16 easily obtainable variables. The baseline variables included age, height, weight, blood pressure, heart rate, waist-hip ratio, sleep duration, exercise time, mood, and lifestyle factors such as smoking, drinking, night snacks, education, and economic status. An exploratory analysis identified and removed missing values and duplicates from the dataset. It was then split into a 70% training set and a 30% test set. This binary classification problem used evaluation metrics like accuracy, precision, recall, F1-score, and AUC. The performances of different algorithms were compared, and hyperparameter tuning was applied to enhance model performance.
Regarding model training and prediction performance, the XGBoost model demonstrates superior results, achieving the highest scores across evaluation metrics during the testing data assessment. Following the XGBoost model, random forest with tuned hyperparameters achieved relatively high performance. The decision tree with the maximum depth of 4 achieved a high performance and thus indicated that different models have their merits. Additionally, the logistic regression model can reach relatively low accuracy and negligible precision. The study proved that the XGBoost model has the highest performance, and it is expected to be a useful tool for predicting the risk of developing hypertension [12].
3.4. Training Process
The CAN trained without the proposed method is called CAN_without_Random_Mul, starting with a basic CAN implementation. The input consists of an FFT for each PPG signal along with a PPG signal. We increased the number of neurons in the first hidden layer from 25 to 75 in increments of 25. The last hidden layer's neuron count was varied between 1 and 3 during training with 700 frames. Peak detection methods enable the essential prediction of the PPG peak. We simulated test signals using a static 3D PCG mesh, incorporating noise and fitting ECG and PPG signals into an FPAA chip. The simulation employed a digital-to-analogue converter recorded with an analogue-digital converter via USB. We modelled the probability distribution of the normal signals using a generalized Mahalanobis distance and used inverse operations for detection. [13] 
Compared with previous preprocessing methods, the proposed implementation is intuitively understood. Furthermore, the proposed method can extend the implementation to train the deep learning model using a system for augmenting sampling frequency at a smaller scale. As a result, more training data can be generated using the same number of campaigns. Random noise is beneficial in preprocessing. Searching for optimal noise implementations may include some parameters, such as noise type, amount, and waveform. The search space may increase dramatically, and some delicate search methodology will be required for complex implementations.
3.5. Evaluation Metrics
The main goal of this study is to estimate blood pressure (BP) levels using signals from the photoplethysmogram (PPG) and electrocardiogram (ECG) in different datasets. To check how accurate the models are at predicting, we look at the mean absolute error (MAE), mean absolute percentage error (MAPE), and correlation coefficient (CC) in this part. [14]
1. Mean absolute error (MAE): Mean absolute error (MAE) measures the average absolute error between predicted values and actual values. The MAE in the interval [a, b] is mathematically given by the following formula, where the predicted BP values and actual BP values are denoted, respectively: MAE = 1/n Σ (|−|)
where n is the total number of predictions, and the sum runs from 0 to n.
2. Mean absolute percentage error (MAPE): Mean absolute percentage error (MAPE) indicates the average relative error between predicted and actual values in percentage. Mathematically, the following formula calculates the MAPE given the predicted and actual values: MAPE = 1/n Σ (|−|/)
3. Correlation coefficient (CC): Correlation coefficient (CC) reflects the strength of a linear relationship, ranging from -1 to 1. A CC of 0 indicates no correlation, and values close to ±1 indicate strong correlations. The degree of correlation is typically categorized as high (0.81 to ±1), moderate (0.61 to 0.80), low (0.41 to 0.60), very low (0.21 to 0.40), and negligible (below 0.20). Mathematically, given predicted values and actual values, the CC is calculated as: CC = Cov (X, Y)/(σσ)
4. The prediction of BP values with a 3-hr interval across records, e.g., predicting BP values at 1:05 based on ECG and PPG signals from 1:00 to 1:03 + 1:04. This approach is similar to the case of predicting SBP and DBP values at each time interval separately but with a contingency approach where the prediction of SBP and DBP at each interval requires the knowledge of the predictions of BP values from the previous intervals. [15]

[bookmark: _Hlk197368046]4.  Literature Review
To overcome the difficulty of continuous blood pressure (BP) monitoring, Su et al. (2018) formulate BP estimation as a sequence prediction problem. They suggest an architecture for deep recurrent neural networks (RNNs) that uses multi-layered long short-term memory (LSTM) units with residual connections and bidirectional processing. This solution adeptly encapsulates the complex temporal dependencies in BP dynamics, achieving superior accuracy on both static and multi-day datasets while minimizing the necessity for regular calibration.[16]

A cuffless BP monitoring algorithm that only uses photoplethysmography (PPG) signals is presented by Haddad, Boukhayma, and Caizzone (2021). They use a multivariate linear regression model to derive morphological features from PPG waveforms and map them to systolic and diastolic blood pressure. When tested on the MIMIC I database, the method shows promising accuracy and correlation coefficients, highlighting the possibility of continuous and affordable blood pressure monitoring.[17]
To estimate blood pressure without the requirement for calibration or manually created features, Zabihi et al. (2021) Zabihi et al. offer BP-Net, a revolutionary deep convolutional network. BP-Net efficiently captures long-term relationships and enhances resilience by utilizing raw ECG and PPG signals in conjunction with sophisticated methods like dilated convolutions and residual connections. The model's exceptional performance on a single benchmark dataset sets a new standard for cuffless blood pressure estimation techniques.[18]
To create arterial blood pressure (ABP) waveforms from single-site PPG inputs, Nawaz et al. (2024) created two deep learning models. To recreate the ABP waveform, one method uses a transformer architecture with positional encoding and multi-head attention, while the second method uses regression and frequency-domain learning with discrete cosine transform coefficients. Both approaches attain comparable mean absolute errors for systolic and diastolic blood pressure and satisfy established clinical standards (AAMI/BHS), underscoring their potential for non-invasive continuous monitoring.[19] 
Qin et al. (2022) present a thorough and methodical assessment of current developments in blood pressure prediction utilizing machine learning and deep learning methodologies. By classifying studies according to data sources, feature extraction techniques, assessment measures, and modelling strategies, the review draws attention to the advancements as well as the difficulties, like data imbalance and reproducibility, in the field of BP prediction research today. This study presents a multi-faceted taxonomy that functions as a framework for future advancements in non-invasive blood pressure monitoring.[20] 
Tazarv et al. (2021) suggest a deep learning architecture that uses photoplethysmography (PPG) signals to directly predict blood pressure (BP). Their technique uses a Long Short-Term Memory (LSTM) network to capture temporal relationships and a convolutional neural network (CNN) to automatically extract important features from the raw time-series data. By decreasing mean absolute errors for both systolic and diastolic blood pressure, this integrated approach outperforms traditional methods on standard hospital datasets, demonstrating its potential for continuous blood pressure monitoring without the need for human feature extraction.[21] 
Cui et al. (2024) present the ACNN-BiLSTM model, a novel deep learning architecture for continuous, non-invasive blood pressure measurement that combines a bidirectional LSTM network with an attention-based CNN to merge multi-wavelength PPG data. The model achieves low error metrics that satisfy clinical requirements while improving feature representation and prediction accuracy by combining data from several wavelengths. The encouraging outcomes of processing data from 162 volunteers point to the potential for multi-wavelength PPG fusion to greatly enhance noninvasive blood pressure monitoring.[22] 
Baek et al. (2020) present a fully convolutional network (FCN) method for BP prediction, utilizing multi-wavelength PPG signals obtained from a smartphone sensor. Our end-to-end approach avoids the requirement for conventional manual feature extraction by learning appropriate signal representations straight from the data. Their experiments demonstrate the viability of portable, smartphone-based blood pressure monitoring systems by showing that combining a green PPG signal with an instantaneous frequency signal produces competitive performance.[23] 
In their research, 1019 Baek, Jang, and Yoon use fully convolutional networks to handle raw ECG and PPG signals to provide an end-to-end method for cuffless blood pressure prediction. This deep learning method automatically learns intrinsic signal features, eliminating the traditional need for individual calibration and manual pulse wave velocity (PWV) feature extraction. The model meets worldwide clinical criteria for performance and shows good predicted accuracy for both systolic and diastolic blood pressure.[24] 
Zhao et al. (2021) construct a machine learning model to predict hypertension risk using easily gathered risk indicators such as age, Body Mass Index (BMI), and waist circumference, without relying on clinical or genetic data. By testing numerous algorithms—including random forest, Cat Boost, multilayer perceptron, and logistic regression—the study reveals that the random forest model gets the maximum performance with an AUC of 0.92 and strong accuracy, sensitivity, and specificity. This cost-effective strategy provides a practical tool for early hypertension screening and risk management.[25] 
The Gradient Boosting Decision Tree (GBDT) algorithm is used by Zhang et al. (2019) in their data-driven method to constantly estimate blood pressure utilizing physiological signals (ECG and PPG) recorded by the EIMO device. Traditional models like linear regression, ridge regression, and SVR are outperformed by their approach, which are optimized by cross-validation and incorporates demographic and physiological variables. The study indicates that GBDT produces reduced mean absolute errors and satisfies performance criteria for predicting both systolic and diastolic pressures, underscoring its applicability in real-time telemedicine.[26] 
Sheppard et al. (2016) introduce the PROOF BP model—a linear regression instrument intended to forecast the home-clinic blood pressure disparity based on a solitary clinic visit. The model distinguishes between white coat and disguised hypertension effects by integrating numerous consecutive clinic blood pressure readings along with patient variables, including age, sex, and BMI. Validation across many cohorts indicated that this method enhances the identification of genuine out-of-office hypertension, attaining AUROC values up to 0.87 for diastolic pressure and improving overall diagnostic precision relative to current guideline procedures. This study highlights the possibility of using predictive models in standard clinical practice to enhance the accuracy of hypertension diagnosis and management.[27] 
A novel machine learning model that combines clinical and lifestyle factors to predict systolic blood pressure (SBP) is presented by Zheng and Yu (2021). Their methodology assesses multiple methods, including linear regression, SVM, decision trees, Gaussian process regression, and artificial neural networks, to determine the most effective model configuration. The resulting model, compliant with British Hypertension Society (BHS) and AAMI standards, exhibits strong performance and enhanced predictive accuracy, highlighting the significance of combining diverse data sources for non-invasive blood pressure monitoring.[28] 
To predict elevated blood pressure based on anthropometric data, including body mass index, waist circumference, hip circumference, and waist-hip ratio, Golino et al. (2014) studied the application of classification trees (CART). Their investigation demonstrates that particular combinations of these characteristics can efficiently stratify patients at increased risk of hypertension, with the CART model surpassing standard logistic regression in deviance, misclassification, and pseudo-R² metrics. This study highlights the significance of straightforward, economical anthropometric indicators for the early detection of increased blood pressure risk.[29] 
A personalized blood pressure (BP) prediction system that combines offline and online learning methods is put forth by Chiang and Dey (2019). Their methodology uses a novel online weighted-resampling (OWR) technique in conjunction with a random forest-based feature selection strategy to reduce the impact of concept drift and anomalies in sequential data, using data from wearable sensors and readings from home blood pressure monitors. In addition to identifying important health behavior determinants and achieving lower prediction errors than conventional methods, the model allows for personalized recommendations for blood pressure management.[30]
Li, Wu, and Wang (2017) provide a unique recurrent framework that improves BP prediction by utilizing both static contextual information (e.g., age, gender, BMI, and altitude) and sequential home blood pressure (BP) measurements. Their methodology, which combines conventional RNNs with a contextual layer (called RNN-CL and LSTM-CL), is intended to capture long-range temporal dependencies and customize predictions based on user-specific information. Results from experiments on data gathered from wireless home blood pressure monitors show that, in comparison to baseline techniques, contextual variables produce more reliable and accurate BP trend forecasts.[31] 
In their comprehensive comparison of various deep learning architectures, In(2022) Paviglianiti et al. use photoplethysmogram (PPG) and electrocardiogram (ECG) signals to predict non-invasive arterial blood pressure (ABP). These designs include convolutional (ResNet, WaveNet) and recurrent (LSTM) networks. With the best-performing configuration producing mean absolute errors that meet clinical criteria (AAMI and BHS), their analysis shows that combining ECG with PPG inputs increases prediction accuracy. This thorough investigation highlights how crucial deep neural network architecture and multi-modal data fusion are to producing accurate blood pressure readings.[32] 
Schrumpf et al. use both conventional PPG and remote PPG (rPPG) inputs to test deep learning techniques for blood pressure prediction. The research closely looks at how prediction errors change with the underlying blood pressure distribution and finds that, although they are minor for typical blood pressure values, they rise for less frequent extremes. The authors demonstrate that models trained on rPPG data can perform on par with those based just on PPG by utilizing transfer learning and subject-specific personalization, underscoring the possibility of fully contactless blood pressure monitoring systems.[33] 
A lightweight, shallow U-Net architecture designed for continuous blood pressure estimation from PPG and ECG signals is presented by Mahmud et al. (2022). Using a densely linked multilayer perceptron (MLP) and the encoder segment of U-Net as a feature extractor, the approach efficiently collects latent signal information while preserving computational efficiency. Their method meets the British Hypertension Society Grade A standards for low mean absolute errors for both systolic and diastolic blood pressure after being validated on a sizable dataset from MIMIC-II and then evaluated on an external cohort.[34] 
To improve blood pressure estimate, Long and Wang introduce BP Net, a novel multi-modal fusion network that successfully combines ECG and PPG signals. They use a Box-Cox transformation and make sure that the samples don't overlap to solve frequent issues like data leakage and skewed label distributions. Using datasets from MIMIC-II and MIMIC-III, the network's cross-modal fusion module is intended to understand intricate relationships between modalities, leading to enhanced prediction accuracy that satisfies both AAMI and BHS requirements.[35] 


5. Discussion and Comparison
Table 1: Comparison of 20 reviewed research studies.
	Ref
	Model
	Focus
	Benefits
	Challenges
	AI/ML Techniques
	Outcomes

	[16]
	Deep RNN (bi-LSTM with residuals)
	Long-term/multi-day blood pressure forecasting

	Enhanced long-term precision

	Recording enduring dependencies; calibration

	LSTM-based RNN
	RMSE ~3.9 mmHg (SBP), ~2.66 mmHg (DBP)

	[17]
	Multi-linear regression using PPG characteristics

	Regular blood pressure checks with PPG

	Cost-effectiveness and simplicity

	Calibration and limited handling of nonlinearity

	Linear regression
	MAE ~6.1 mmHg for SBP

	[18]
	Dilated convolutions in a deep CNN, or BP-Net

	Calibration-free, cuffless blood pressure estimation

	Does away with the need to extract features manually

	A lot of computation and a big dataset are needed.

	Deep CNN
	Performs better than recurrent models


	[19]
	Frequency-domain regression plus transformer

	Synthesis of ABP waveforms and estimation of BP

	Elevated synthesis precision; clinical benchmark

	Issues with signal phase alignment and stability

	Transformer; FD learning
	MAE ~3.77 mmHg (SBP), ~2.69 mmHg (DBP)

	[20]
	thorough analysis and classification

	Evaluation of BP prediction techniques in a process

	The framework and principles for objectives

	The problems of repeatability and standardization

	Review (ML & DL survey)
	Offers assessment criteria


	[21]
	LSTM-based 3-layer deep neural network for feature extraction

	PPG's customized BP estimation

	Automatic feature extraction

	Variability and possible loss of subtle features

	Deep NN + LSTM

	Decreased error variance and MAE


	[22]
	Fusion of ACNN-BiLSTM (multi-wavelength PPG)

	Continuous non-invasive blood pressure monitoring

	Robust feature integration; enhanced precision

	Complexity of processing data from multiple sensors

	Attention, BiLSTM + CNN

	~1.67 ± 5.28 mmHg (SBP), ~1.15 ± 2.53 mmHg (DBP) is the MAE to RMSE ratio.


	[23]
	PPG smartphones with fully convolutional networks

	BP prediction using mobile sensors

	High levels of convenience and accessibility

	The quality of the sensor signal varies

	FCNs

	SBP = 5.28 mmHg, DBP = 4.92 mmHg, MAE


	[24]
	CNN (dilated/strided) end-to-end

	ECG/PPG prediction of cuff less blood pressure

	Learning from beginning to end; no manual features

	Cross-subject generalization

	Deep CNN
	Complies with AAMI/BHS standards


	[25]
	Combining RF, Cat Boost, MLP, and LR with clinical and demographic data

	Risk prediction for hypertension

	Cost-effective, non-invasive screening

	Selection of features and population variability

	Conventional ML (especially RF)

	Accuracy 0.82, Sensitivity 0.83, Specificity 0.81, AUC 0.92


	[26]
	Using ECG/PPG and clinical characteristics, gradient boosting decision trees (GBDT)

	Continuous blood pressure prediction using wearable technology

	Speedy inference (<0.1s) and high accuracy

	Overfitting, parameter optimization

	GBDT	
	Enhanced MAE; above 70% accuracy for SBP


	[26]
	Linear Regression Model (PROOF-BP)

	Estimating home-clinic BP variations

	Ambulatory monitoring triage is improved.
	Various confusing factors

	Linear regression and statistics

	0.75 (SBP), 0.87 (DBP) AUC; approximately 93% accurate classification


	[28]
	SBP prediction using machine learning and clinical/lifestyle features

	Using non-invasive data to estimate systolic blood pressure

	Complies with AAMI/BHS Grade A standard

	Optimizing splits and choosing the right algorithm

	Regression and ensemble machine learning

	Grade A results for SBP forecasting


	[29]
	Classification tree with WC, HC, WHR, and BMI

	Increased blood pressure risk prediction (obesity measures)

	Economical early screening

	Reduced test data sensitivity and specificity

	Decision tree

	Sensitivity ~81%, Specificity ~81%; lower test metrics throughout training


	[30]
	Feature selection using Random Forest (RFFS) and online weighted resampling

	Personalized health advice and daily blood pressure prediction

	Responds to notion drift and provides useful information

	Restricted preliminary data; non-stationarity

	Random Forest with online learning

	lowest forecast errors to benchmarks


	[31]
	The contextual layer of RNN/LSTM (RNN-CL/LSTM-CL)

	Predicting blood pressure using sequential data and context

	Using joint modelling to make personalized predictions

	Combining diverse data

	Contextualized RNN/LSTM layer

	Higher forecast accuracy for home monitoring


	[32]
	Deep learning in comparison (ResNet, WaveNet, LSTM)

	Clinician's arterial blood pressure estimate using PPG/ECG

	finds the optimal architecture using an ECG boost.

	Model complexity balance

	Deep Convolutional Neural Networks with Long Short-Term Memory

	Best (ResNet+LSTM): MAE ~4.12 mmHg (SBP), ~2.23 mmHg (DBP)


	[33]
	PPG and rPPG deep learning evaluation using transfer learning

	Comparison of touch (PPG) and rPPG blood pressure prediction errors

	PPG/rPPG performance is comparable; personalization is beneficial.

	Mistakes that are skewed towards the distribution tails

	With transfer learning, neural networks

	Enhanced error distribution following personalization


	[34]
	Shallow U-Net (autoencoder-based) for ECG and PPG-based blood pressure

	Continuous blood pressure estimation that is dependable and lightweight

	Extremely low MAE; effective network architecture

	Expansion to external datasets

	Shallow U-Net (autoencoder)

	BHS Grade A; MAE ~2.33 mmHg (SBP), ~0.71 mmHg (DBP)


	[35]
	Box-Cox normalization in a multi-modal fusion network, or BP Net

	Using merged ECG and PPG data to estimate blood pressure accurately

	captures latent connections; strong fusion

	Elevated fusion complexity; comprehensive pre-processing

	Deep learning from beginning to end using multi-modal fusion

	satisfies AAMI/BHS criteria and performs better than current approaches.



Twenty papers on blood pressure prediction and hypertension risk assessment using different AI and ML techniques are summarized in the table. It includes both conventional machine learning techniques like gradient boosting, random forests, and decision trees that use clinical and demographic data for risk screening, as well as deep learning techniques like RNNs, CNNs, Transformers, and U-Net architectures applied to raw PPG and ECG signals for cuff-less, continuous BP estimation. The research highlights problems including calibration, data variability, and preprocessing needs while reporting advantages like improved accuracy, resilience, and personalized forecasts. Interestingly, many reported outcomes meet or exceed clinical requirements (AAMI, BHS), highlighting their potential for use in real-world settings.

6. Experimental Results
The experimental section includes a description of the data utilized for the experiment, the experimental procedure, and the results of the experiments for the deep learning models trained for the BP prediction problem. Four commonly used table-based deep learning methods and various baseline models are compared using the metrics MSE, MAE, MAPD, and R² for blood pressure prediction.
This study indicates a need for proper labelling for the given dataset. Since the dataset is collected from patients and given raw ABS data without unit information and raw PPG data without sampling frequency information, the BPs are labelled to add to the current dataset and implement data acquisition over two different medical devices, which makes the activity the following for dataset preparation.
1. Data selection: The selection model uses the x, y coordinates output to select only high-quality ABS-PPG pair data for further processing.
2. Data Labelling: The labelling model requires the transformation of both PPG and ABS data into suitable forms. Therefore, we resample the raw ABS output using the BP sequence to obtain its corresponding form. For the raw PPG data, a low-pass, min-max normalization is first performed, followed by a prior estimation of the systolic and diastolic stages using the systolic and diastolic PPG amplitudes. The labels can be obtained now by finding the correlation peaks in the cross-correlation of the two BP sequences in the labeling model input.
The article discusses the device-level implementation activity of end-to-end continuous multi-point blood prediction. The new method for sharing data focuses on signal processing and starts by using small wrist-worn sensors to continuously predict blood pressure at multiple points. It includes a 5-point sensing device with a special finger joint controller that adjusts the position of the PPG sensor inputs. [36]
6.1. Model Performance
This section presents the results of the training and testing processes. The performance of the models is evaluated based on the loss function during both training and validation stages. The obtained mean absolute error and mean square error values for testing the model performance are compared with both CNN and LSTM methods, and accuracy assessment is performed with an alternative machine learning solution.
6.1.1. Loss Function The loss function is a measure of how well the model has generalized when predicting unseen data. Moreover, by observing the magnitude of the loss function, we can compare the overall performance and generalization of the prediction model. In addition to the estimated blood pressure prediction, better generalizations determine a more accurate systolic and diastolic blood pressure estimation. We plot the learning curves to illustrate the loss change during the training of ABP prediction models. [37]
As seen, ABCNN has a mean loss of less than 20, while using an LSTM of 1001 and 1001 hidden units results in high validation loss. Increasing the number of epochs and hidden units in both models leads to overfitting behaviours, and validation losses increase alarmingly. Furthermore, the optimizer displays the weight matrix training results for learning rates ranging from 0 to 0.04. The learning curves for which the model performs best (for the best set of hyperparameters) are observed.
As seen, the prediction model trained on medical records of other patients has a generalization loss of <25 compared to >40 when estimating blood pressure from raw PPG as input.
6.1.2. Mean Absolute Error and Mean Square Error by Testing When looking at mean absolute error (MAE), mean square error (MSE), and root mean square error (RMSE), all the solutions trained on a 60-40 mix of data from both patients show better accuracy and give a good estimate of gynecomastia, with CNN achieving the best results.
The results from 1000 test points with different input data show that the proposed method is the best at predicting both SBP and DBP, as it has very small pseudo-median and mean errors, indicating it is unbiased. These observations suggest that using residual data preprocessing leads to a desired resolution, improving the predictability of diagnoses without bias. [38]
6.2. Comparison with Existing Methods
An extensive experimental evaluation of the proposed models was conducted. In this experimental evaluation, various state-of-the-art techniques were implemented and compared with the proposed model. This section offers a summary of the experiments conducted and their results. We proposed a different implementation to provide a comprehensive report on the model's performance evaluation. The main differences are as follows: For direct model comparison, they created two different configurations with similarly tuned hyperparameters to the proposed model. To ensure uniform results during the ablation study and hyperparameter tuning, they decided to run their models on the same GPU. The procedure takes a long time, and the team is unable to replicate the results for the model. Therefore, the team used a separate platform to evaluate the model on these personally owned computers. The results might differ slightly in multiple decimal places, which will not affect judgment in model performance comparison. [39]
We evaluated the proposed deep learning model's performance using four metrics: MAE, MSE, RMSE, and R. Enthusiasts interested in comparing techniques, implementation, training procedures, and performance can view the complete report on the application of trained models. The complete implementation details of the proposed model configuration and the training details are discussed.
We explain the architectural details of the proposed hybrid attention-based mixture model configuration step by step. We downloaded a multitude of pre-trained vision transformer models. We reshaped the heartbeats into (9, 60, 60, 3) shapes to construct the input sequences per the output model's input shape. We implemented a custom training function to compute the loss in a distributed manner. The input sequence was fed, and the model predicted the output shape (9, 32, 32, 3). We plotted the interpretation and training loss of the fine-tuned deep learning model. [40]
6.3. Statistical Analysis
A statistical analysis showed ways to estimate blood pressure (BP) by looking at differences in BP readings and the connections between systolic (SBP) and diastolic blood pressure (DBP) estimates. Key measurements like kurtosis, skewness, KS, and correlation test results were checked along with standard deviations using fake BP readings created by a deep learning algorithm. Important measurements like kurtosis, skewness, KS, and correlation test results were looked at along with standard deviations using fake BP measurements created by a deep learning algorithm. Kurtosis indicates whether data is heavy-tailed or light-tailed compared to a normal distribution. For artificial BP measurements, kurtosis values were 2.99 for SBP and 3.01 for DBP, indicating near-normality, with an average difference of 1.89 mmHg. The synthetic BP distributions were symmetric, with values of −0.01 and 0.01 for SBP and DBP, respectively. [41] 
A KS test was performed to verify the normality of each distribution and showed that these were very similar to the normal distribution with a small KS value of 0.048 and 0.031 and a significant score less than the significance level of 0.05 for the SBP and DBP estimations, respectively. Additionally, the SBP and DBP estimations yielded large two-sided p values of 0.6000 and 0.9958, respectively. Therefore, the null hypothesis was not rejected because the KS values were less than the critical values at a significance level of 0.05. Thus, the normality of the distribution of the artificial BP measurements was accepted for individual subjects.
Furthermore, we obtained CORR Rs and rd. values based on the asymptotic normality between the artificial SBP and DBP measurements. Based on the independence of rank, variances of 0.0009 and 0.0009 were acquired for Rs and rd., which means that these results are close to the expected values and variances, as shown in Figure 2. [42]

Fiqure 2: Statistical Analysis of Blood Pressure

7. Discussion
[bookmark: _Hlk197368430]Hypertension is a silent killer with no obvious early symptoms, making it difficult for individuals to realize their dangers and hindering interventions in their lifestyles. Therefore, establishing a model for predicting hypertension risk is significant for individuals to assess their risk of hypertension early. Experts from the cardiology department of a public hospital in Beijing select 8 preventive risk factors that are easy to learn and detect (age, height, weight, family high blood pressure history, smoking, alcohol consumption, daily salt intake, and daily intensity of activities). Moreover, the impact of lifestyle factors on hypertension has been verified by plenty of expert knowledge and a multitude of medical studies in various communities worldwide. Several easy-to-learn and easy-to-collect risk factors do not impose a significant cost on individuals, making them accessible. Therefore, the challenge lies in researching established expert systems using supervised machine learning methods. Chronic disease management systems require experts and easy-to-learn features for daily monitoring, which improves usability for no specialists and feasibility for the wider population scene.
Since the construction of the first sex hormone early assessment system by a neural network, the expert system can learn medical knowledge and expert experience and help diagnose and analysis human diseases. The management of human diseases urgently needs an expert system to assist in real-time diagnosis and provide personalized prevention or treatment guidance, especially for large populations that include fake users in hypertension risk prediction. However, those system designs are challenging for the following reasons. What supervised machine learning methods can be effectively used with the established expert system that incorporates expert knowledge? Users find it easy to learn and detect the risk factors with few costs by using an easy-to-learn and easy-to-collect input condition. How to guarantee usability close to experts by competitive computational speed with human responses, which is less than 200 ms?
7.1. Interpretation of Results
Approximately 35% of adults face high blood pressure (BP), a major factor in cardiovascular disease mortality. Non-invasive BP monitoring is often reliant on costly equipment. Photoplethysmography (PPG) presents a promising, low-cost alternative for BP estimation if it can accurately derive BP information. Traditional methods require a lot of detailed data analysis to connect with BP changes, but a new model suggests that we can estimate BP using only PPG data, making it simpler by not needing complicated data processing. This model believes that changes in blood pressure can be seen in the shape of the PPG signal, using a method to predict blood pressure directly from PPG without needing to extract extra features. The PPG-to-PPG prediction treats low-frequency BP as a synthetic PPG, with an LSTM decoder capturing temporal information. The method leverages multiple input modalities aside from BP for S-PPG estimation tasks. Experiments utilized 6763 hours of adult data for large-scale pretraining to continuously estimate BP using PPG. Zero-shot transfer on new data indicates that the model effectively predicts BP based on previously unseen PPG signals. Additionally, a cross-trajectory analysis provides insights into BP and PPG physiology, especially during posture changes, revealing oscillations at periodic frequencies that track BP variations through PPG and HRV signals.
7.2. Implications for Clinical Practice
The predictive models from this study could allow for testing with low-cost wearable sensors that use photoplethysmogram (PPG) or electrocardiogram (ECG) technology. These tests could be implemented in clinical settings using just the PPG or ECG. A user can briefly place their fingertip on the optical sensor for 30 seconds to receive an approximate BP prediction along with a confidence score. Several acquisitions of PPG or ECG pulse waves would enhance the confidence score and create a more robust BP prediction. Literature indicates using off-the-shelf wristbands or chest straps could broaden testing of this model, although performance will rely on the sensor's ability to extract PPG/ECG signals effectively.
Spend several months training a machine learning model with the proprietary training dataset of a newly developed commercial device without any biomedical engineers to tune the hyperparameters. We validated certain preprocessing methods before releasing them. A user wearing a wristwatch just needs to find a good place for signal acquisition. The blood pressure (BP) prediction from a PPG sensor found on the state’s Bluetooth-enabled smartwatch would require only preprocessed signal inputs. This would seamlessly integrate the BP prediction with all the existing PPG-enabled devices, including fitness bands, smartwatches, oximeters, etc. The highlight of this study is an unprecedented BP prediction from the popular 3D U-Net architecture.
Publicly available labelled data in a regression setting permits BP predictions using raw PPG and ECG signals. The proposed model attempts to exploit the spatial dimension of the PPG and ECG signals. This model could extract useful characteristics from the robust cardiac peaks and changes in the correlation of the PPG and ECG signals due to the BP changes through learning from many healthy subjects.
7.3. Limitations of the Study
Although the proposed pipeline shows strong performance, this study has limitations. We solely trained and evaluated the model on one clinical dataset, which necessitates robustness for varied input data in practical applications. To enhance generalization, the model should be trained on datasets from non-clinical environments, which are increasingly available. Ideally, future training would utilize input signals from various devices and setups for a more general approach. Currently, this work serves as a solid foundation for future research in PPG-based BP estimation. Relying solely on the PPG signal limits performance, as a 10-second sliding window may encompass only one heartbeat sequence, leading to unpredictable prediction bounds. Exploring an attention mechanism in the model could improve this fixed-window approach, as seen in other areas.
The proposed method is adaptable for an external PPG sensor, but real-time implementation requires further development. We assessed the model through post-processing, which is not suitable for real-time systems. Future work may focus on real-time BP monitoring with low-cost external PPG sensors. Despite some limitations, this study is comprehensive in PPG-based BP estimation across various areas. The achieved prediction accuracy rivals state-of-the-art multi-channel methods, despite using only single-channel PPG signals, highlighting the proposed deep learning architecture and dataset's effectiveness and significance for this field.
7.4. Future Work Directions
Over the past decade, significant advancements in medical electronics, image processing, signal processing, and decision tree construction have led to important outcomes for patients with cardiovascular diseases, especially hypertension. Researchers have proposed various methodologies for blood pressure measurement and monitoring. We conducted a literature review to explore these methodologies, utilising different physiological signals and device architectures from previous studies. We also highlight the role of artificial intelligence techniques in this area. Furthermore, other signal and tree structures with individual timestamps can serve as models for blood pressure determination methodologies. Continuous blood pressure estimation has gained attention due to the rising interest in cuffless monitoring. With the availability of smart wearable devices featuring low-cost sensors, photoplethysmography (PPG) has emerged as a preferred technology for capturing cardiovascular data. PPG measures the volumetric changes in blood vessels influenced by cardiac activity by illuminating the skin and detecting variations in reflected light. By analyzing the morphology and timing of the PPG signal, continuous blood pressure can be estimated. 
This study proposes a self-supervised deep learning model for continuous blood pressure estimation, exclusively using PPG as input. A signal-to-signal conversion is employed by translating signals between PPG and arterial blood pressure to comprehensively analysis the learnt representation of PPG and successfully estimate continuous blood pressure. By selecting the representative state-of-the-art architecture, the proposed model uses a recurrent structure for the first time in cuffless blood pressure estimation. PPG could be sufficient for estimating continuous blood pressure. While earlier studies usually used specific PTT or PAT values as input, this new model will use the raw PPG signal directly without any changes. By not pre-processing or altering PPG input, this study could independently consider continuous blood pressure estimation as pulse signal generation rather than discrete sample prediction.

8. Conclusion
Estimating cuffless and continuous blood pressure measurement is crucial in wearable technology. A technique that uses a photoplethysmography sensor overcomes the drawbacks of traditional methods by using a deep learning model called U-Net to estimate the arterial blood pressure waveform from a simple PPG signal. This ASBP method with a VGG-16-based encoder-decoder model improves ABP waveform detail more effectively than conventional methods. Traditional approaches often use combinational architectures to balance performance and complexity. We introduced the unified, calibration-free, cuffless deep learning architecture SEANet to enhance this. SEANet features a novel convolutional architecture, causal dilated convolution, for superior BP estimation performance. It processes unlimited signals and has proven effective on benchmark datasets of ECG and PPG signals in ideal and partial dropout conditions. Recent advancements in technology and deep learning have boosted BP estimation potential. BP-Net enhances model strength and accuracy through convolutional layers and residual connections. Various architectures target different applications, focusing on estimating BP from commonly used PPG signals through deep learning to clarify the link between PPG and BP. Existing models' analysis signals point-by-point and often need prior calibration, highlighting the demand for better real-time monitoring methods.
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