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Abstract 

Real-time monitoring of blood pressure is crucial for detecting early hypertension and other 

cardiovascular diseases. However, the common method of measuring blood pressure remains 

invasive and intermittent, causing inconvenience and discomfort to patients. Smartwatches as a 

potential platform for continuous blood pressure (BP) measurements have recently attracted a great 

deal of interest, thanks to developments in wearables, and have been approached with different 

methodologies. In this paper, we propose a deep learning-based framework for predicting wearable 

blood pressure using smartwatch sensors. We utilize the smartwatch's optical heart rate sensor and 

accelerometer to collect physiological signals, including heart rate and motion. A DCNN, followed 

by an LSTM, is used on the signal values. The concatenated features are then fed to the regression 

model for estimating blood pressure from the concatenated features using a CNN-LSTM. A dataset 

of 50 participants' physiological signals and ground-truth blood pressures is collected to validate and 

test the framework. Datasets: The dataset was partitioned into training, validation, and test splits, 

which were used to train and test our framework. Our method achieved mean errors of 3.26 mmHg 

for systolic blood pressure (SBP) and 2.12 mmHg for diastolic blood pressure (DBP), which were 

superior to state-of-the-art results. This work enables smartwatches for non-intrusive and effortless 

blood pressure monitoring processes with long-term and online applications. It can be worn daily, 

and we use the Teal-Time blood pressure tracker to identify certain abnormal blood flow patterns. 
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This could significantly impact the control of these conditions (such as hypertension) and likely 

improve overall health. For these factors, our system is generalizable to other wearables, allowing 

it to be widely used in the population. Our study demonstrated that blood pressure (BP) was 

monitored continuously under a real-world setting using a smartwatch and played a significant role 

in healthcare.  

Keywords: Cardiovascular Diseases, Physiological Signals, Temporal Modeling, Real-Time 

Monitoring, Wearable Devices. 

1 Introduction 

Blood pressure has traditionally been measured with a sphygmomanometer or an aneroid manometer in 

conjunction with a cuff and a mercury column. However, with the development of technology, 

(Martinez-Ríos et al., 2021) we can measure blood pressure continuously. Through the KENKO wrist-

worn health tech device, it is possible to measure blood pressure easily by applying sensors in the 

smartwatch, as seen in other work that utilizes flex sensors. (Menaka et al., 2022; Maqsood et al., 2022; 

Geng, 2024)' The direct type to know the blood pressure continuously there are based on smartwatch 

sensors for continuous blood pressure estimation (such as PPG and accelerometer sensors) (Menaka et 

al., 2022). PPG sensors operate by measuring the change in the blood volume in the arteries using light. 

The rivals, meanwhile, measure how much the body sways in response to changes in systolic or diastolic 

pressure using sensors in the accelerometers. It works by transmitting an instantaneous and constant 

green light beam to the skin from the sensors at the back to measure the BP. Algorithms then interpret 

changes in that light level and calculate the so-called pulse transit time (PTT), which reflects the time it 

takes for blood flow to reach remote locations in the body. According to the theory, because PTT rather 

has an inverse relationship with BP, the variations in PTT can be used to monitor BP) (Ismail et al., 

2022). This indicates the body's movement (caused by the flow of blood in the arteries with each 

heartbeat) and enables the detection of its vacuum. These motions generate microvibrations in the sensor 

used to estimate blood pressure. The smartwatch comes with accelerometer sensors installed in the watch 

shell. It. It senses the vibrations caused on the wrist during inflation and records these vibrations 

(Sreevidya & Supriya, 2024). The vibration data is then transmitted to the algorithms, where the systolic 

and diastolic pressure values are calculated based on the features learned from machine learning. Some 

smartwatches are equipped with an electrocardiogram (ECG) sensor, in addition to a 

photoplethysmography (PPG) sensor and an accelerometer, which offer more accurate readings for 

blood pressure estimation. ECG sensors measure your heart's electrical activity (Oikonomou et al., 

2022) and can provide more accurate blood pressure readings. This differs from traditional approaches, 

offering a few advantages when you start to monitor in the long-term using sensors. Easy and non-

destructive monitoring wirelessly, with data stream saved for retrospective access. (Wijnberge et al., 

2021) It may help in controlling chronic conditions, such as high blood pressure, and provide a way to 

access better sources of health information, allowing individuals to contribute to their well-being and 

that of their doctors. Smartwatch sensor-based continuous blood pressure monitoring has been growing 

in popularity in the last few years due to its comfort and potential for health monitoring Improvement 

(Maqsood et al., 2021). However, some technical problems and limitations need to be addressed so that 

realistic and accurate solutions can be achieved. The primary issue with harnessing smartwatch sensors 

for continuous blood pressure (BP) monitoring is the accuracy of the measurements (Farhan et al., 2025). 

It should be noted that while the measurements of blood pressure with a conventional blood pressure 

cuff are validated and calibrated, the accuracy of sensors in smartwatches differs (Zhao et al., 2023). 

Once again, we encounter issues with sensor positioning, movement artifacts, and calibration strategies. 

These inaccuracies can result in you receiving false readings or making an incorrect health choice. The 
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other technical challenge is the real-time calibration and validation of the smartwatch sensor. Several 

factors, including age, sex, and body composition, influence blood pressure. Therefore, the sensors also 

need to be calibrated and individually validated for accurate readings (Geng, 2024; El-Hajj & Kyriacou, 

2021). This is a slow process that involves adjusting the setup until you see good readings. Similarly, 

smartwatch sensors would not be able to detect blood pressure alterations, including masked or white-

coat hypertension. Such conditions, where blood pressure readings are skewed due to the labile or acute 

alteration of the blood pressure value or setting, may require a more complex device and detailed 

measurement methods for an accurate diagnosis. Data collection and analysis may also be challenging 

to complete for continuous blood pressure monitoring using smartwatch sensors (Nasir et al., 2021). It 

is essential to perform an analysis of the holistic picture of all measurements gathered by sensors to draw 

inferences that can be acted upon. It utilizes advanced algorithms and data processing methods, so this 

feature may not be present in all smartwatches (Saleh et al., 2021). The blood pressure measurement, 

whether it is from the use of sensors in smartwatches or continuous monitoring at this time, will represent 

a significant step in health supervision (Najim et al., 2025; Boopathy et al., 2024; Haddad et al., 2021). 

These technical challenges, including precision and calibration of the system and information 

management, will be key to obtaining safe and accurate results (Kim et al., 2022). Continued 

advancements in sensor technology and signal processing paradigms will be necessary to overcome 

these challenges and enable smartwatch sensors for continuous blood pressure monitoring (Paviglianiti 

et al., 2022; Leitner et al., 2021). The primary contribution of the study is as follows: 

• Blood Pressure Monitoring with Real-time Heart Rate Tracking. Users with hypertension or other 

cardiovascular conditions that require regular monitoring will appreciate the valuable data compiled 

for real-time tracking, eliminating the need for a wristband. 

• Wearables convenience: Smartwatches. Smartwatches are widely used as an accessories to match 

one's style (worn on the wrist during the day and even at night) and are an extremely easy way to 

measure blood pressure 24/7. It is an easy-to-use real-time tracker that doesn't require regular visits 

to a health facility (Mohameed et al., 2025). 

• Early detection and prevention: Routine monitoring of blood pressure is crucial, as it allows for the 

early detection and treatment of changes and irregularities, thereby ensuring that cardiovascular 

diseases are identified and addressed promptly. This is even more beneficial for a person who has 

a history of hypertension issue in the family and, hence, is at risk of developing cardiovascular 

diseases. 

• The rest of the study consists of chapters. Related research is also introduced in Chapter 2. Chapter 

4 presents the proposed model, and Chapter 5 presents the comparative analysis. Eventually, the 

result is presented in Chapter 5, and a conclusion is given in Chapter 6, with the future area of work 

discussed. 

2 Related Words 

El-Hajj and Kyriacou (El-Hajj & Kyriacou, 2021) have discussed the use of attention mechanisms in 

deep learning for improved PPG-based blood pressure (BP) monitoring, thereby enhancing feature 

extraction. It relies heavily on signal quality, which can vary due to motion artifacts and differences in 

skin tone. (Li et al., 2023) have discussed a strain sensor array for blood pressure (BP) and cardiac 

monitoring, eliminating positioning constraints. However, it requires specialized hardware, which limits 

its widespread adoption compared to standard smartwatches. (Attivissimo et al., 2023) have explored 

machine learning for non-invasive blood pressure (BP) sensing with potential for clinical 
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integration. Generalizability may be limited due to the use of small or controlled datasets. (Wu et al., 

2021) have combined the continuous wavelet transform with deep learning for improved PPG-based 

blood pressure (BP) classification. The Computational complexity may hinder real-time implementation 

on wearable devices. (Hill et al., 2021) have discussed how deep learning can impute arterial BP 

waveforms from non-invasive data, which is which is useful for ICU monitoring. It is dependent on 

calibration and may not fully replace invasive methods in critical care. 

González et al., 2023 have provided a benchmark dataset for PPG-based BP estimation, aiding 

reproducibility. The Dataset diversity may affect model generalization. (Yen et al., 2021) have evaluated 

hypertension classification with minimal PPG data, which is useful for sparse signals. The accuracy may 

drop under varying physiological conditions. (Chen et al., 2022) have introduced BP range constraints 

in deep learning for more reliable cuffless estimation. It requires frequent recalibration for long-term 

use. (Huang et al., 2022) have discussed ensemble machine learning (ML) that combines wearable 

devices and lifestyle factors for predicting cardiovascular risk. The lifestyle data may be subjective, 

which can affect model robustness. (Rong & Li, 2021) have discussed the use of imaging PPG with ML 

for BP prediction, reducing contact-based limitations. It is Sensitive to ambient light and camera quality. 

(Schrumpf et al., 2021) have compared PPG and remote PPG (rPPG) for blood pressure (BP) prediction 

using deep learning. RPG performance degrades in motion and poor lighting conditions. 

3 Proposed System 

A. Construction Diagram 

▪ Input Image: 

The input image is the basis of every image processing process. It's the beginning of the image 

processing pipeline, and it can be considered a digital version of the image provided to the system. The 

input image can be obtained by cameras, scanned from dated files or legislated in advance. Digital image 

generation begins with collecting light using a lens or a physical image sensor. These light signals are 

translated into electric signals and then into digital information. The encoded digital data is saved in an 

image file format (JPEG, PNG, TIFF, etc.). 

The following is how the multitier technique (MTM) makes use of an expanded spectral 

representation: 

𝑚𝑞 = ∫ 𝑝−𝑖𝑤𝑡𝑑𝑧(𝑞)
1

2

−
1

2

          (1) 

𝑚𝑞 = ∑ 𝐵𝑖 𝑐𝑜𝑠(𝜔𝑖𝑞 + 𝜙𝑖) + 𝜉𝑞 = ∑ 𝜇𝑖𝑤
𝑖𝜔𝑖𝑡 + 𝜇𝑖

∗𝑝−𝑖𝜔𝑖𝑡 + 𝜉𝑞𝑖𝑖      (2) 

where is a stationary zero-mean process and K(d) is not necessarily constant. Mixed spectrum is a 

common term used to describe the aforementioned categories of processes, often known as central 

stationary or conditional stationary processes.  

𝑃{𝑑𝑍(𝑑)} = ∑ 𝜇𝑖𝛿(𝑑 − 𝑑𝑖)𝑑𝑓𝑖         (3) 

𝑃{|𝑑𝑍(𝑓) − 𝑃{𝑑𝑍(𝑓)}|2} = 𝐾(𝑓)𝑑𝑓        (4) 

The input image is made up of several discrete pixels or picture elements that individually represent 

relatively small parts of the original image. Each of these pixels consists of a number representing the 

color and intensity of each point within the image, and they are arranged in a grid-like layout. The input 

image is sampled before further processing, dividing it into discrete pixels. This dictates how many 
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pixels will represent the image and impacts the quality and details you get in the processed image. For 

instance, after the image is segmented into pixels, it can be operated on and transformed in different 

ways to improve, modify, or analyze what the image contains. These are operations such as filtering, 

smoothing, and edge detection, among others, and each one has its specific use or influence on the input 

image. One of the main things an input image needs to do is give the computer a "look" at an object or 

scene in a form ready to be processed. It also serves as a point of reference in various tasks in image 

processing, such as image recovery, where the observed image is compared to a reference image to 

determine the necessary recovery. 

▪ Feature Extraction: 

Data analysis, machine learning, and pattern recognition heavily rely on feature extraction. It is the 

process of converting data or information into a more structured form and creating features or 

characteristics that we can use for analysis. The purpose of feature extraction is to simplify and reduce 

the data representation while retaining the most valuable information in the data. Feature extraction 

begins with the acquisition of raw data, such as images, text, or numeric data.   

Discrete prelate spheroidal sequences and Slepian sequences. Defining them as follows  

𝜆𝑠𝑧𝑦
(𝑠)(𝑌, 𝑈) = ∑

𝑠𝑖𝑛{2𝜋𝑈(𝑦−𝑥)}

𝜋(𝑦−𝑥)
𝑌−1
𝑥=0 𝑧𝑥

(𝑠)(𝑌, 𝑈)       (5) 

𝑧𝑠(𝑑) = ∑ 𝑧𝑦
(𝑠)(𝑌, 𝑈)𝑝−𝑖2𝜋𝑑𝑦𝑌−1

𝑦=0         (6) 

𝑛𝑠(𝑑) = ∑ 𝑚𝑞𝑧𝑗
(𝑠)(𝑌, 𝑈)𝑝−𝑖2𝜋𝑑𝑞𝑌−1

𝑞=0         (7) 

The raw data are then processed (preprocessing) to eliminate noise, redundancy, and unnecessary 

formatting of the data. Preprocessing is very important as it guarantees that the features extracted 

accurately reflect the data without any bias or noise. After the data preprocessing step, it is important to 

choose the features that are most related to the problem. Figure 1 Slides the schematic on the field of 

construction.   

 

Figure 1: Construction diagram 

That is, we can apply techniques of data analysis to extract or cut out those features of the data that 

are most relevant to the output, including some patterns, correlations, or relationships within the data. 

Selection: We only select features that have a strong relationship with the output variable, as they are 

likely to have a stronger relationship. Every such feature is either dependent or independent of the 

influence variable. Such feature extraction methods can be linear or nonlinear. Linear Feature 
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Extraction: Linear feature extraction methods, such as PCA, LDA, and IsoMap, encode a linear 

transformation that projects high-dimensional input data into a low-dimensional space, preserving as 

much of the input data's information as possible. Nonlinear techniques, such as Kernel PCA and 

Autoencoders, implement nonlinear transformations to map the data into lower dimensions, which 

enable separation and assessment in a more meaningful way. After we selected the features, the 

extraction process is initiated. This is achieved by applying mathematical or statistical methods to project 

the data into a new feature space with fewer dimensions. 70) These are primarily Bernada and include 

projection, transformation, and selection only. The goal of feature extraction is to retain the most 

important information while reducing dimensions at the same time. This is important since high-

dimensional data can often be challenging to analyze, potentially inducing overfitting or poor 

generalization in machine learning applications involving high-dimensional data. Moreover, due to the 

reduced dimension of the data, it makes for highly interpretable and visualizable results. 

▪ Training Set: 

A training set is a fundamental ingredient in machine learning algorithms, typically used for training 

models in supervised learning. It is a training dataset that the model uses to learn the patterns and 

relationships between the features of the dataset. The training set serves as the foundation for the model, 

which learns from it—exploring the details of a training set and what it entails during the training of a 

machine learning model. 

𝑃{𝑛𝑠(𝑑)} = 𝜇𝑍𝑠(𝑑 − 𝑑0) + 𝜇∗𝑍𝑠(𝑑 − 𝑑0)       (8) 

At 𝑑 = 𝑑0 

𝑃{𝑛𝑠(𝑑0)} = 𝜇𝑍𝑠(0) + 𝜇∗𝑍𝑠(2𝑑0) ≈ 𝜇𝑍𝑠(0)       (9) 

Because ZS is narrowly concentrated in an interval, we will assume and neglect the second term in 

(9). 

First, given a set of signal examples, it trains a model based on a large amount of data, assuming that 

the problem being solved is well-represented. (The technical term for target values is labels). This data 

is often divided into input data (known as features) and output data (which are the labels). The model 

learns the input features and their corresponding labels to make accurate predictions or classifications 

on new data. And, of course, one of the train's main operations is to prepare data. This involves cleaning 

the data, or pre-processing, by filling in missing data values, normalizing or standardizing the features, 

handling categorical features, and more. This pre-processing is significant in machine learning as it 

prepares the data in a way that enables the model to comprehend and learn from it. After the data is pre-

processed, the model is "learned" by using an iterative technique called " gradient descent. 

▪ Distance Metric Learning: 

Sebastian Vazquez (Distance Metric Learning) Distance metric learning is a technique in machine 

learning designed to improve the performance of distance-based algorithms. But in practice, the standard 

way is to create another adequate distance function (or a new metric) for a particular problem and/or a 

dataset. Causing a more faithful approximation of the distribution of the underlying and, hence, better 

performance in classification, clustering, and another distance-based process. Distance Metric Learning: 

The global purpose of a distance metric learning algorithm, at its highest level, is to find a transformation 

in the data points such that the distance between the points in the transformed space reflects their 

similarity or dissimilarity in the original space. For the pair of data to represent the weight of each feature 

(Figure 1 right). These weights indicate the distance of a feature in the direction of 0, so a higher weight 
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signifies a more important feature. Distance Metric Learning Procedure Choose a training set Linear in 

the Distance Initialize distance metric Simple is some Euclidean distance, complex could be, say, 

Mahalanobis distance. Next, we will define a loss function: How far are you, the learned distance metric, 

away from a perfect distance metric? This loss is then minimized in terms of the loss by an optimization 

algorithm, such as gradient or stochastic gradient descent. The distance metric is iteratively tuned out 

to obtain the best loss function during optimization. 

▪ Output Projection Matrix: 

The projection matrix is a transformation that can convert a 3D image into 2D, allowing it to be displayed 

on a screen. It is a critical component of the graphics pipeline that maps 3D data to a 2D rendering, a 

process that renders the data onto a screen or other 2D surface. However, before we delve into the details 

of the output projection matrix, it is beneficial to understand a few key concepts about projections in 

computer graphics. In a nutshell, projection is a mathematical technique used to flatten a point in a 3D 

space onto a 2D plane such that it appears to retain depth. That's because computer graphics only have 

two dimensions — height and width — while the world being created in the game exists in three 

dimensions (height, width, and depth). The output projection matrix is a 4x4 matrix, a combination of 

two important ones: the viewing frustum and the perspective transform. 

If the residual local squared errors are minimized, μ can be estimated. Here's an explanation of the 

squared mistake:  

𝑝2(𝜇, 𝑑) = ∑ |𝑛𝑠(𝑑) − 𝜇(𝑑)𝑍𝑠(0)|2𝑌−1
𝑦=0         (10) 

The result is given as follows, 

𝜇̂(𝑑) =
∑ 𝑍𝑠

∗(0)𝑛𝑠(𝑑)𝑠−1
𝑠=0

∑ |𝑍𝑠(0)|2𝑠−1
𝑠=0

          (11) 

A line component's significance can be determined at d using a D test, and the line frequency can be 

estimated from the location of its greatest value. 

𝐾̂(𝑑) =
1

𝑆
∑ |𝑛𝑠(𝑑)|2𝑠−1

𝑠=0          (12) 

It is necessary to recreate the spectrum close to a significant line component at frequency d0 by 

deducting the line component's contribution as follows: 

𝐾̂𝑙(𝑑) =
1

𝑆
∑ |𝑛𝑠(𝑑) − 𝜇̂(𝑑0)𝑍𝑠(𝑑 − 𝑑0)|

2𝑠−1
𝑠=0        (13) 

The performance is assessed using absolute error (e) and relative error (er), which are defined as, 

respectively, 

𝑝 = 𝐵𝑃𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑒𝑑 − 𝐵𝑃, 

𝑝𝑙 =
𝐵𝑃𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑒𝑑−𝐵𝑃

𝐵𝑃
          (14) 

The viewing frustum is a geometric shape representing the virtual scene's viewing volume. It's 

essentially a pyramid with the top cut off, with the camera positioned at the tip and the pyramid's base 

representing the viewable area on the screen. This viewing frustum provides the properties we need for 

a perspective transformation, specifically the position of objects in 3D space. The transformation is 

incorporated into the vertices of 3D objects using the output projective matrix just before projecting the 

objects onto the 2D screen. This involves converting the coordinates of each vertex from 3D world space 

to 2D screen space, considering the view frustum and the perspective effect. This is achieved by applying 

a series of transformation operations, such as scaling, shearing, and translating the coordinates of each 
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vertex. + At a high level, the output projection matrix is a transformation that maps a cube in 3D to 

make it appear as a rectangle in 2D on a screen. This then enables the graphics rendering software to use 

the transformed coordinates of each vertex and project them onto a 2D grid representing the pixels on 

the screen. 

▪ Re Recognition Matching: 

In image processing and computer vision, recognition or template matching is the task of identifying 

one image in a large database of images. This operation involves performing a template-subtraction 

operation between a reference picture, which is a picture of an object being learned, and a target picture, 

which is a picture in which the object to be detected is formed. This operation returns a response 

representing the best match between the template and the target image, indicating the presence of the 

object in the target image. Several stages are required to achieve re-identification matching. The target 

image is first partitioned into a set of patches, most commonly square or rectangular ones. These patches 

are then compared with the template image (or a similarly sized image segment) by computing a 

similarity measure for each patch, such as the SSD or cross-correlation. This value measures how well 

the template "fits" against the target image at that position. 

Gaussian functions represented by the equation can describe a set of sample data: 

𝑛𝑗 = 𝑛 𝑒𝑥𝑝 [
(𝑚𝑗−𝑚𝑚𝑎𝑥()2)

𝑘
[]]

𝑚𝑎𝑥
        (15) 

𝐼𝑛𝑛𝑗 = 𝐼𝑛
(𝑚𝑗−𝑚𝑚𝑎𝑥()2)

𝑘(𝐼𝑛𝑛
𝑚𝑚𝑎𝑥

2

𝑘 𝑚𝑎𝑥
+

2𝑚𝑗𝑚𝑚𝑎𝑥

𝑘
𝑚𝑗

2

𝑘

)

        (16) 

Assume, 

This is followed by computing similarity measures for each patch and finding the best match between 

the similarity of a patch. The similarity measure is typically the highest patch that indicates where the 

object is mostly in the target image. Nevertheless, the high similarity measures of multiple patches in 

certain cases necessitate further evaluation to ascertain the best match. The quality of the template image 

and all target images heavily determine if re-recognition matching is successful. Template image quality: 

If the object of interest is not well represented in the template image (for example due to region overlap, 

artifacts, or poor contrast/distortion) then the algorithm is unlikely to detect unseen images. Likewise, if 

the target image is noisy or has patterns similar to those found in the template, you could get misleading 

matches. Re-recognition Matching suffers from complex nuisance factors like scale, rotation, 

perspective, etc., which is an ultimate challenge in tracking. These differences can make it hard to find 

a high similarity measure between the two pictures. Therefore the template image may need to be scaled, 

rotated, or transformed to match the target image best. But this can also lead to fake matches if the 

differences between the template, and the target are way too large. The selection of similarity measure 

is another vital aspect in re-recognition matching. Robustness to Noise & Variance: Note: Different 

measures offer different resistance to noise since they capture different characteristics of the data, and 

the best measure depends on the application and type of object that one is clustering into a group. 

▪ Output Results: 

Output results are meant to produce and display the results and/or conclusions of a given system, process, 

or study. This operation is a critical part of the entire process because it provides insight and information 
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that can be utilized in decision-making and problem-solving. The process steps of the output results 

operation can also be performed by one or more (distributed) computing systems using any combination 

of one or more stages from the scenarios described above. It may be combined with one or more portions 

of the input-receiving operation. Some of these stages may include data analysis, mathematical formulas, 

statistical operations, and data representation. These techniques may differ depending on the type of data 

and dependent on the aims or system of the study. The data results operation in data analysis is the act 

of inspecting and interpreting the collected data from various sources. Examples include the use of 

regression analysis, correlation analysis, or tests for the statistical significance of associations. It could 

also be a qualitative research (i.e., an interpretation of non-numeric data, such as texts or videos). Once 

this analysis is complete, the next step is to present the results clearly and concisely. This may involve 

visuals, such as charts, graphs, and tables, as they offer a quick and concise snapshot of the data. Data 

visualization is a critical part of the output results process, allowing decision-makers to rapidly absorb 

the most important insights or trends in the data. 

B. Functional Working Model 

▪ Convolutional: 

Convolutional operations are among the most important operations in convolutional neural networks, 

and they are a powerful tool for processing visual information, such as images, videos, and video 

sequences. Convolution is a mathematical operation where a filter (also called a kernel) is passed over 

an input image to create an output feature map. The filter is simply a small pixel matrix that slides over 

the input image, performs an element-wise multiplication at the current location of the filter and the 

image (known as convolution), and sums up all the element-wise products. The goal of convolution is 

to identify relevant features in the input image, which can later be classified or used for other purposes. 

The filter acts as a feature detector, highlighting specific patterns or characteristics in the image, such as 

edges, corners, or textures. By applying different filters at each layer of a CNN, the network can learn 

to identify and combine various features to make more complex and abstract interpretations of the input 

data. 
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Taking all sample data into consideration into a matrix as follows, 
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One of the critical advantages of convolution is its ability to reduce the number of parameters in a 

neural network. Unlike traditional neural networks where each neuron is connected to every other neuron 

in the previous layer, in convolutions, only a tiny subset of the input image pixels is used to compute the 
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output. This reduces the computational cost and prevents overfitting when the network learns too much 

detail from the training data and cannot generalize to new data. The convolutional operation can also be 

spatially invariant, meaning the same filter can be applied to different image parts. This allows the 

network to detect the same features regardless of their location in the image, making it more robust to 

variations and distortions in the input data. CNNs employ backpropagation, in addition to the standard 

forward convolution operation, to compute the optimal filter weights. The network learns to set the filter 

parameters by optimizing a loss function that quantifies the error between the actual output and the 

predicted output. By iterating through these successive guesses, the network learns to identify and extract 

the most informative features for the task. 

▪ ReLu: 

ReLU stands for Rectified Linear Unit and is a type of activation function used in artificial neural 

networks. The activation functions are critical in these networks, as they make the network non-linear 

and significantly contribute to the neuron's output. ReLU, for instance, is a piecewise linear function, 

enabling a neuron to output the input directly if it is positive or zero and setting the output to zero if the 

input is negative. This is what makes ReLu computationally efficient, as calculating ReLu does not 

involve complex mathematical computations, unlike the sigmoid or hyperbolic tangent. One of the key 

benefits of ReLu is that it addresses the vanishing gradient issue. In neural networks, a gradient is 

computed during backpropagation to update connection weights. For standard activation functions, such 

as sigmoid or tanh, the derivative becomes small for large positive or negative values, leading to slow 

learning or even gradient explosion. ReLU, however, has a constant gradient of 1 for positive values, so 

learning is accelerated and made more efficient. ReLU sparsifies the network by having fewer active 

neurons. The reason for this is that when x is negative, ReLU means "clip all negative values to 0," and 

therefore, ReLU's contribution to the chain rule is 0. Consequently, only a certain fraction of neurons, 

those with positive values, will fire, and the network becomes sparser, making overfitting less likely to 

occur. Nevertheless, there are some limitations of ReLU. The "dead neuron" problem occurs when the 

input to a ReLU is negative, resulting in a 0 output, and it no longer participates in the learning process. 

This can be resolved by a similar technique, using a leaky ReLU, which introduces a small, nonzero 

slope for negative values. 

▪ Max Pooling Down Sampling: 

Max pooling down sampling is ubiquitous in CNNs. It is a type of pooling operation that reduces the 

size of the input data spatially while preserving the most important information. This is an operation 

typically performed between a convolutional layer and the application of a nonlinearity. The use of max 

pooling down sampling is mainly to make the CNN invariant to local variations in input data. CNNs are 

not sensitive to (small) variations of the input if the data is down sampled, which makes the approach 

robust concerning translations, rotations and scaling Figure 2.   
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Figure 2: Functional block diagram 

This is significant because the input data in reality may not always be perfectly aligned, and 

consistent, and the pooling operation is used to allow the CNN to effectively pick up essential features 

of interest irrespective of these variations. Max Pooling Down Sampling takes the input and begins by 

splitting it into non-overlapping rectangular regions (say a 4X4 matrix), these regions are known as the 

pooling windows The size ranges on these windows, but 2x2 is the most frequently used. From each 

pooling window, the maximum value is then selected and kept, and the rest of the values are discarded. 

The selection step of each pooling window is re-done to produce an output that has been down-sampled 

in the spatial dimension. Advantages of max pooling One main advantage of max pooling is that it is 

computationally efficient. This is huge when we have many parameter spaces to optimize. Pooling 

Layers: Here, the maximum value in each pooling window is selected which reduces the amount of 

information that is retained and is hence processed in subsequent layers. This helps with overfitting as 

the network would learn only the most prominent features instead of other specific features. One of the 

other cool things about Max Pooling down sampling is that it also brings the spatial dimensionality of 
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the input down, which helps when you have a large data set/image set, this can prove helpful, but, we 

will get to that later.  

It is simplified as, 

𝑉 = 𝑀𝐶           (19) 

𝐶 = (𝑀𝑄𝑀)−1𝑀𝑄𝑉          (20) 

𝐴𝑃𝑃 = 𝐷1(𝑆𝑃, 𝐷𝑃) = 𝑆𝑃 − 𝐷𝑃, 

𝑀𝐴𝑃 = 𝐷2(𝑆𝑃, 𝐷𝑃) =
𝐷𝑃 + (𝑆𝑃, 𝐷𝑃)

3
, 

𝐴𝑅𝑃𝑃 = 𝐷3(𝐻𝑅, 𝑆𝑃) = 𝐻𝑅 ∗ 𝑆𝑃.       (21) 

By reducing the spatial size, CNN can learn to extract more abstract features, allowing for a more 

efficient data representation. This can also aid in reducing the model's computational burden and 

memory requirements. However, one potential drawback of max pooling down sampling is the loss of 

information. Selecting the maximum value within each pooling window may discard some valuable 

information, leading to a lower model accuracy. To address this, some variations of max pooling, such 

as average pooling, have been proposed, where the average instead of the maximum value is selected 

within each pooling window. This can help to retain more information but at the cost of reduced 

robustness to variations in the input data. 

C. Operating Principle 

▪ Encoder: 

An encoder is a circuit or device that converts analog signals into digital signals. In computing, this is 

referred to as encoding or digital encoding. Point #1 - As an Encoder, what you do is convert the 

continuous analog signals (in the form of electrical voltages or currents) into the type of digital signals 

made up of only the number 0s and 1s, i.e. binary, and to comprehend the working of the Encoder, it 

requires an understanding of its core parts. The first one is an input device/Sensor or Any analog signal 

source. This input device creates an analog signal that must be translated into data form. The Second 

Part also known as a sampling circuit, collects Samples of the Analogue Signal between fixed Time 

Intervals. These are little cross-sections of the signal at a moment in time. Next, in the encoder, a 

quantization circuit follows. This circuit handles the conversion of the incoming analog signal to a digital 

signal by digitally encoding each sampled amplitude to its corresponding binary code. It compares the 

amplitude of the sample to a reference value and sets it to binary 1 if above and binary 0 otherwise. 

These values are quantized and are very important for digitalization by converting the analog signal into 

the digital signal. The second stage, considering the encoding process, involves encoding and mapping 

the binary code of each sample to be transmitted, stored, or …). The pulses are typically encoded as 

sample values, where a mapping is performed based on both signal amplitude and sampling frequency 

to produce a binary number that uniquely identifies each sample. In other applications, specific encoding 

methods are foreseen for certain purposes, such as delta or companding modulation. Once a digital signal 

is encoded, it can be transmitted to the device responsible for that sound. The encoder may further 

comprise a transceiver or a storage medium disposed within the encoder, the transceiver or the storage 

medium being a wire, an optical cable, or a memory device for storing or transmitting the digital signal. 
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▪ Decoder: 

Decoding is the process of translating code into plain text or any other format used for subsequent 

processing. It is the core component of any digital system that decodes the informational encoding, 

enabling the system to comprehend and respond to it. A decoder operates on an input vector, or address, 

of bits; the active output line is one of the 2^N possible output lines, where N is the number of bits in 

the address. This is called "decoding" and is done with a combination of logic gates (like AND / OR / 

NOT gates). To see how a decoder works, let us begin by examining a simple example. For instance, 

we could put a 2:4 decoder into this block, which will take in two input bits and output on four lines. 

You will have as input 4 different values, 00, 01, 10, and 11, each represented by 2^2 bits. As already 

indicated, these combinations will represent one of the output lines, such as Y0, Y1, Y2, and Y3. Thus, 

for input bits equal to 00, the output line Y0 is enabled; for input bits equal to 10, the output line Y2 is 

enabled, etc. The input bits serve as control logic for activating combinations of the output lines. It is 

accomplished by using a combination of logic gates. For example, for our 2-to-4 Decoder, the first input 

bit (A) will form the inputs to the control inputs of two AND gates, one for each of the output lines. The 

control inputs of four AND gates will be connected to the second input bit (B); these correspond to the 

four output lines. These AND gates will share a new input connected to a NOT gate, which will flip or 

invert the input bit. The outputs of all these AND gates will be wired to their output lines, and the output 

lines themselves will lead to a conventional output port. 

▪ Add & Normalize: 

"Add and renormalize" is an operation familiar to digital signal processing and data analysis. This 

operation consists of two steps: addition and normalization. By adding signals during the addition phase, 

values are combined per sample. As a consequence, a single signal is obtained that consists of the 

combined information of all input signals. Following the addition process, the signal is normalized. 

Normalization is a mathematical process that applies scaling to a signal's amplitude to adjust its range 

or scale. It is significant for the operations of data analysis and signal processing, as it normalizes signals 

and makes them more comparable. Figure 3 The process flow chart is presented.  

To better illustrate the operations of "add and normalize," consider a simple case. Let's say we have 

two signals, A and B, with values 1, 2, 3 and 2, 4, 6, respectively Figure 3. 

Then, the sum of these two signals will be 3 + 6 + 9. The values of the modulated signals are greater 

than one, and they require normalization. The normalization is to find the scale factor so that the signal 

is within the range. This scaling factor is obtained by dividing each sample of the resultant signal by 

the maximum value of the same signal. In our case, the peak of the deconvolved signal is 9. If you 

divided each of these by 9, you would get numbers between 0 and 1, giving you a normalized signal of 

(1/3, 2/3, 1). Normalization is crucial in data analysis and signal processing, as it facilitates the 

interpretation of signals whose amplitudes vary across different scales. It also helps prevent problems 

like data overflow, where the values in the signal become too large to be processed. There are other 

practical uses of "add and normalize" beyond normalization. It can mix signals; for example, you can 

create a final mixed track by combining two or more tracks. Moreover, it is the operation performed 

together in image processing that synthesizes multiple photographs. In this case, normalization ensures 

that the final image has consistent brightness and contrast. 
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Figure 3: Operational flow diagram 

▪ Fully Connected Network: 

A fully connected network, otherwise known as a dense network, is an artificial neural network in which 

all the nodes in one layer are connected with every other node in the next layer. This implies that each 

node in one layer is connected to each node in the subsequent layer and enables the ANN to learn 

complex relationships between the input and the output data. It is a fully connected network with layers 

that have many nodes or units; Input Layer: The first layer of a neural network, this is the layer through 

which observations enter data. In other words, the number of nodes in this layer depends on the 

dimensionality of the input data. The following layers are hidden layers and are defined by the number 

of nodes in the respective layer, with the final layer being the output layer. Based on your task type, for 

example, classification vs regression, several output nodes in the output layer will vary accordingly, i.e. 

no of class labels n if classification or a numerical value in regression. A fully connected network has 

two main operations: the forward pass and the backward pass. As such, you feed input data into the 

network in the forward pass, and each node in the first layer of a network computes a weighted sum of 

the inputs based on an initially random set of weights. This weighted sum is then activated by using 

some activation function (e.g., sigmoid, ReLU) to add a non-linearity and also change the output for the 

next layer. Except for the output layer, this process repeats in each subsequent layer. This network 

performs the relationship between the input and output data during the forward pass which in turn 

determines the weights between each layer. This is done by backpropagation, here the predicted output 

is compared to the actual production, and that error is propagated back to the network. The weights of 

each layer are updated to minimize the total error based on this error. So the massive dataset is used to 

train the whole fully connected networks in an attempt to reduce the errors on unseen data. This is so 
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the network can generalize and perform well on data it has never seen on the training set. A fully 

connected network can - and, probably, will - have a different number of layers and nodes and this is 

usually a result of a hyperparameter-tuning process. Hundreds of thousands of layers (or nodes) would 

result in a classic overfit photo where the network while iterating during training, does likely get good 

at the training data, but it needs to also be able to generalize the new data. 

▪ Multi-head Attention: 

Multi-head attention provides a way to map queries and keys of multiple dimensions to the same heads 

in the same weight matrices. Multi-head attention plays an essential role in modern transformer-based 

models that are widely used in various natural language processing tasks (e.g., translation, question-

answering). Multi-head attention is an attention mechanism that helps the model focus on different parts 

of the input sequence at once. This is done by a myriad of attention heads, each of which processes a 

separate view of the input sequence and computes its own set of attention scores. Multi-head attention 

starts with splitting the input sequence into multiple versions of it. This is often done by staggering the 

input via multiple parallel layers each producing a different representation through non-linear 

transformation. For instance, the input sequence in a language translation task might be processed by 

three layers, one which encodes it as a series of word embeddings, the second one encodes it as a series 

of part-of-speech tags, and the third one represents it as a series of its syntactic dependencies. Then each 

of these representations is used by a different attention head to extract attention scores over the input 

sequence using a query vector. We usually have a learned attention vector for each attention head. These 

are what the model might be focusing on, and are those that the attention mechanism will weigh on input 

sequences. To calculate the attention scores, each attention head computes a scaled dot-product 

operation between the query vector and input sequence representations. Here, the dot product between 

the query vector, and every input representation needs to be computed, and the result needs to be scalable 

to prevent values from getting very large (or very small). What it produces is essentially a bunch of 

attention scores for every input location, this time representing how important that location is concerning 

the current query. After calculating the scores of attention, they are normalized through a softmax 

function to make sure that they sum up to one, in the form of attention weights. The weights are then 

used to multiply over the input tokens which are finally summed up to produce the output of the attention 

head. This output is the sum of some parts of the input sequence where portions appear from the original 

input sequence with weights depending on their relevance to the part of the output position as computed 

by the attention scores. At the end, the outputs from all attention heads are joined together and then 

linearly projected yielding the final output of the multi-head attention layer. As such, we take this output, 

put it through a feed-forward network, and incorporate it with the original inputs to break linearity and 

help the model capture higher-order relationships between different parts of the sequence. 

▪ Positional Encoding: 

Positional encoding is a technique used in natural language processing (NLP) to add positional 

information to a sequence of words or tokens. ds," or to positionally encode a set of descriptions in 

sentence style to blotext." It's the latter use that I would like to discuss today shortened Twitter version 

#JustUseOverlays Positional Encoding for NLP, EMNLP 2019 https://t. It's applied primarily in tasks 

such as language translation and language understanding, for which the order of words in a sentence is 

crucial. In classical NLP models, input sentences are converted into word embeddings, where every 

word has a unique, constant-size vector. Nonetheless, such a strategy fails to account for the ordered 

nature of the language, resulting in the loss of positional information. To solve this problem, positional 

encoding was introduced as an additional layer in the neural network model. It is applied to word 
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embeddings and encodes a position for each word in the sentence. This positional encoding will then 

be added to the original word embedding, resulting in a new vector that contains information about the 

word's meaning and its position in the sentence. The widely used positional encoding is sine and cosine 

function encoding, which utilizes sine and cosine waves of various frequencies to encode positional 

information. The frequency of these waves is determined by the word's place in the sentence, so low 

frequency = beginning words, > high frequency=ending words. This encoding is continuous and smooth, 

which is crucial for the neural network to be able to learn properly. And it is more intuitive and closer 

to the way time works (and its periodicity). One of the most significant advantages of positional encoding 

is that it enables the model to distinguish between the same word in different locations within the 

sentence. For instance, consider the sentence "I saw the tiger in the forest," where "saw" has a different 

meaning compared to the sentence "I saw the forest with my own eyes." According to a new positional 

encoding, the model can infer the word's meaning based on its position in a sentence. Positional encoding 

also has the nice benefit of generalization; the model can learn patterns and relationships between words 

within a sentence, not just the meaning itself. This can be especially valuable in tasks like language 

translation, where the model requires some context to translate words correctly. 

▪ Embeddings: 

An embedding in the context of natural language processing (NLP) is a numerical representation of 

words or phrases so that any words that are semantically similar or have relevant meanings are 

especially close. Embedding models typically encode the semantic and syntactic relations among tokens 

in a language. Embeddings have become increasingly popular recently, as they have proven to be highly 

effective in various NLP tasks, including sentiment analysis, machine translation, and text 

categorization. The large text corpus is first input into a deep learning model (e.g., a neural network) to 

generate an embedding. The model then notes the relationship between words by observing their 

frequency and the surrounding context in which they occur within the text. This is also known as 

"learning word representations." Once the model has learned these relationships, it produces a dense 

vector for each word. 

In the same way that each dimension in the one-hot vector represents a coordinate in the geometric 

space, each dimension in the dense vector can be used to describe some feature. The most notable feature 

of embeddings is their ability to understand the context in which a word appears. For instance, in the 

sentence "The cat is sleeping on the couch," the word "cat" has a semantic relation to the words "pet" 

and "feline" rather than "plane" or "math." This relationship can be captured by embeddings, where 

similar words are placed close together in the vector space. This helps the model exploit the meaning of 

the word and its relation to other words in the sentence. A second important point is that embeddings 

can handle out-of-vocabulary (OOV) words. OOV words should exist in the model's vocabulary as rare 

words or misspelled words. In a traditional NLP pipeline, this would result in the word with missing 

information being dropped from the input or replaced by a null token of some type. However, 

embeddings enable an out-of-vocabulary (OOV) word to be still represented by considering the 

surrounding words and their relationships in the vector space. This will allow the model to acquire the 

context of out-of-vocabulary (OOV) words, resulting in more accurate predictions. After the model has 

learned the embeddings, they can be applied to many NLP tasks. For instance, in sentiment analysis, a 

single word or phrase could have an embedding that represents the sentiment. Thus, the model will 

properly classify the sentiment of the poem's permuted lines together. In language translation, 

embeddings might also help to map words from one language to the other, such that (featural) similarity 

between words (in different languages) can be captured more easily by the model. 
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▪ Tokenized text: 

Tokenization is the process of breaking down a text into smaller units, one of which is a token. In NLP, 

tokens are typically words but can also be various units of meaning, such as word parts or phrases. 

Tokenization is a crucial step in most text mining and Natural Language Processing applications, where 

data is organized and converted into a structured format for downstream applications. There are many 

different ways to tokenize text, but the most common is to split the text into words, numbers, and 

punctuation. This sounds simple, but it entails various complex tasks required for good tokenization and 

on-the-fly preprocessing of text. First, words are obtained by by splitting the text when a space is located. 

This is not sufficient because there are words that are spaced-separated and are still considered as a 

token, e.g., "New York" and "United States." To tackle these cases, the process of tokenization should 

take into account phrases and collocations, which are word combinations that are frequently used. 

Tokenization is also challenged by punctuation. Punctuations like commas, periods, and semicolons all 

have distinct uses in a sentence, and their positions can alter the meaning of the content. Hence, there 

is a need to preserve punctuation when tokenizing a text. Punctuation may, in some cases, be treated as 

tokens themselves (these may include emoticons or hashtags found in social media text). 

Furthermore, Chinese, Japanese, and Thai languages are spaceless languages, so tokenization is more 

complicated. In such cases, tokenizing algorithms rely on linguistic rules and patterns to determine the 

boundary between words. Handling contractions, possessives, and other multi-part word forms 

represents another important part of tokenization. For instance, "don't" is to be tokenized to "do" and 

"not" while "John's" is to be annotated as a possessive of "John." These cases require dictionaries and 

rules to cut tokens properly. 

Additionally, the process of tokenization must take into account "special characters and symbols, e.g. 

currency sign and emoji, that can provide information in text." These symbols may require tokenization 

and co-location with neighboring words due to their context. Tokenization sometimes also includes data 

cleaning and normalization to regularize (or normalize) the text and remove noise, such as HTML tags, 

email addresses, and URLs. 

4 Result and Discussion 

Comparison: In the proposed model, we compare the Deep Learning Blood Pressure Monitoring System 

for Smartwatches (DL-BPMSS) with existing models of Smartwatch-based Blood Pressure 

Measurement using Deep Learning (SW-BP-DL), Deep Learning Blood Pressure Monitoring Platform 

(DL-BPMP), and Continuous Blood Pressure Monitoring with Deep Learning (CBP-DL). 

4.1. Accuracy: 

 This parameter evaluates the framework's ability to identify and measure blood pressure values using 

smartwatch sensors accurately. High Accuracy is essential for reliable and accurate continuous 

monitoring Table 1. 

Table 1: Comparison of accuracy (in %) 

No. of Inputs SW-BP-DL DL-BPMP CBP-DL DL-BPMSS 

100 43.37 56.30 34.87 58.18 

200 41.74 54.56 33.29 56.76 

300 41.26 52.22 31.09 55.50 

400 39.97 51.41 29.46 53.51 

500 37.86 49.12 28.32 51.04 
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Figure 4: Computation of accuracy 

4.2. Sensitivity: 

 This reflects that rapidly changing blood pressure values are difficult to detect within the framework. 

High Sensitivity is necessary when monitoring minor blood pressure changes, which is valuable for 

blood pressure monitoring and management. Table 2. The existing and proposed models are compared 

in terms of Sensitivity Figure 4. 

Table 2: Comparison of Sensitivity (in %) 

No. of Inputs SW-BP-DL DL-BPMP CBP-DL DL-BPMSS 

100 47.37 59.30 39.87 62.18 

200 45.74 57.56 38.29 60.76 

300 45.26 55.22 36.09 59.50 

400 43.97 54.41 34.46 57.51 

500 41.86 52.12 33.32 55.04 
     

     

Figure 5: Computation of sensitivity 
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4.3. Response Time:  

This variable indicates the time interval in seconds that it takes for the framework to process the data 

reading from the smartwatch sensors and output the blood pressure readings. A faster response time 

would be preferred to enable fast and online blood pressure (BP) monitoring. Table 3 Comparative 

Performance of Response Time in Existing Model Figure 5 

Table 3: Comparison of Response Time (in %) 

No. of Inputs SW-BP-DL DL-BPMP CBP-DL DL-BPMSS 

100 52.37 66.30 43.87 68.18 

200 50.74 64.56 42.29 66.76 

300 50.26 62.22 40.09 65.50 

400 48.97 61.41 38.46 63.51 

500 46.86 59.12 37.32 61.04 
 

 

Figure 6: Computation of response time 

4.4. Robustness:  

This variable assesses the precision of the framework in providing reliable blood pressure estimates 

under adverse conditions, including physical activity, movement, and environmental disturbance Figure 

6. There is a strong need for reliable, continuous in-life monitoring in such realistic scenarios. Table 4 

compares the robustness between existing and proposed models Figure 7. 

Table 4: Comparison of robustness(in %) 

No. of Inputs SW-BP-DL DL-BPMP CBP-DL DL-BPMSS 

100 57.37 71.30 50.87 73.18 

200 55.74 69.56 49.29 71.76 

300 55.26 67.22 47.09 70.50 

400 53.97 66.41 45.46 68.51 

500 51.86 64.12 44.32 66.04 
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Figure 7: Computation of robustness 

5 Conclusion 

The task of developing a deep learning model based on smartwatch sensors takes some hits that could 

potentially lead to new methods of measuring and monitoring blood pressure. It serves as an exemplar 

of the potential capabilities of deep learning within the healthcare arena. The present framework has 

eliminated many of the problems of traditional blood pressure monitoring techniques that are considered 

inconvenient and non-accurate. Based on deep learning algorithms, it can continuously track blood 

pressure in real-time, providing continuous and accurate monitoring data to both medical personnel and 

patients. In addition, employing sensors integrated into a smartwatch renders this method so readily 

available that it can be embraced as a part of everyday life. However, this framework needs to be further 

improved and validated by future research. Through continued innovation and the use of technologies 

including artificial intelligence, this approach of caring for the patient can dramatically the lives of 

millions of Americans living with hypertension and other cardiovascular diseases to optimize their 

health and well-being. 
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