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Abstract

Hypertension is the predominant cardiovascular disease (CVD) risk factor, but the standard method
of blood pressure (BP) assessment has proven unreliable. This has led to an increasing interest in
developing more sophisticated and accurate methods. In this paper, we present a novel technique
that incorporates deep learning, sensor fusion, and feature selection strategies for precise blood
pressure measurement. This approach requires no additional records beyond the data from blood
pressure cuffs, ECG, photoplethysmography (PPG), and sensor data, and features with a strong one-
to-one positive relationship with blood pressure are identified. A deep-learning model using these
features, sensor fusion, and feature selection techniques is trained over the dataset. Deep learning
model - trained on a large dataset of blood pressure values to know the complex correlations between
the features and blood pressure. The results of our research, presented in Section 6, show that our
novel methodology significantly increased the accuracy of the blood pressure rate by 8% on average.
Our deep learning approach is orders of magnitude more sensitive and substantially more resistant
to sensor noise and artifacts compared to classical approaches, allowing even minute changes in
blood pressure measurements to be accurately captured. This makes our method applicable in
practice where accurate and reliable blood pressure measurements are required. Crucially, we can
also apply our method to blood pressure monitoring in chronic patients for telemedicine. In this
sense, considering the increasing omnipresence and acceptance of wearable devices, we foresee the
integration of our proposed methodology, hopefully in the form of such wearables, to enable
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noninvasive and continuous blood pressure (BP) monitoring. In general, this approach offers a
promising alternative for improving the accuracy of BP rate measurements. This work demonstrates
the potential to leverage information from multiple sensors by utilizing deep learning for sensor
fusion and feature selection processes, resulting in more accurate and reliable blood pressure (BP)
measurements. That could make a significant difference in the accuracy of diagnosing or treating
high blood pressure with the potential to improve patient outcomes and reduce healthcare costs in
the long run.

Keywords: Accurate Blood Pressure, Sensor Fusion, Individual Heartbeats, Accelerometer Signals,
Measurement Tools.

1 Introduction

Why monitoring your blood pressure is important: Knowing how your total blood pressure can affect
you and others, including healthcare providers. The accurate assessment of blood pressure plays a crucial
role in the diagnosis and treatment of various cardiovascular diseases. (Hassan et al., 2022) Nonetheless,
obtaining accurate blood pressure (BP) values is challenging due to multiple potential sources of Error,
including human heterogeneity (variations in operator performance), device limitations (older models
may have limitations in precision), and patient variability. Healthcare professionals utilize various
techniques and devices to enhance the accuracy of blood pressure readings. (Mathboob et al., 2024) One
traditional method for measuring blood volume in the blood vessels is the auscultatory method, which
utilizes a stethoscope and sphygmomanometer to listen to and record the sounds of blood flow in the
arteries. However, you're also winging it, which is not the safest or healthiest way, so there might be
errors. Some of the reasons the method may not work include ambient noise, incorrect positioning of
the stethoscope and reading of the blood pressure, and observer variation between the person reading
the blood pressure and the person recording it. (El Attaoui et al., 2021) To address these issues and
provide more accurate measurements of blood pressure, several new technologies have been developed,
resulting in various automated devices for measuring blood pressure. [Never mind that that machine
works with "Oscillo metric technology" it has sensors in an armband and picks up on the vibrations
produced as blood flows through the arteries to make calculations of blood pressure.] These instruments
eliminate human Error and remove any kinds of distractions, including but not limited to noise, that can
influence the final result. (Krishnan & Dandekar, 2022) Repeated measurements by these instruments
can, over time, yield multiple readings, providing an indicator of the instrument's accuracy and
reliability. Other patient-related variables, including the correct arm position, cuff size, and patient
movement, may also impact the accuracy of blood pressure (BP) measurement. Healthcare professionals
are trained to minimize the effects of these confounders by ensuring that the patient is relaxed and in a
seated position with their feet flat on the floor, using the proper cuff size on the patient's arm, and
minimizing movement during measurement. (Chao et al., 2021) Furthermore, wearable blood pressure
monitors have enabled continuous blood pressure monitoring throughout the day, providing more
comprehensive and stable data (Mathboob et al., 2024). These devices feature small, comfortable cuffs
that patients can wear on their wrist or upper arm all day, making them easier to use and reducing the
risk of measurement bias. (Veera Boopathy et al., 2024) These findings have implications suggesting
that successful diagnosis and treatment of cardiovascular diseases may depend on accurate blood
pressure measurement>(‘constraints’) (jQuery); -- Through these approaches, along with technology-
based advances, healthcare providers may be better able to measure someone's blood pressure and use
that information to make more effective — and appropriate — decisions about a person's care. (Islam et
al., 2024) Frequent teaching and protocol implementation can also enhance the accuracy of blood
pressure measurement. BP (blood pressure) - The pressure that blood flows against the walls of vessels
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as it travels through them. (Biswas & Tiwari, 2024) It is also a vital process that serves as an indicator
of an individual's health and is the basis used in diagnosing and treating cardiovascular diseases. The
accurate measurement of pressure is crucial for making an accurate diagnosis and initiating an effective
treatment, as measurement errors can lead to a wrong diagnosis and incorrect treatment. Numerous
technical problems affect the accuracy of blood pressure rate measurement. (Ismail et al., 2022) Another
significant technical problem related to OCT factors that prevent the repeatability of IOP measurements
is the use of old or suboptimal OCT devices. Some cheap blood pressure monitors only include a poor
and inaccurate manual blood pressure gauge. Additionally, automated blood pressure meters may be out
of calibration, have a low battery, or use old sensor components that don't read correctly. Healthcare
provider-associated erroneous practices: (Sikarwar et al., 2025) Improper monitoring techniques may
contribute to the improper measurement of blood pressure by healthcare providers. Patients should be
seated quietly and comfortably for at least 5 minutes, during which time their blood pressure (BP) is
measured. Read these tips on how to get an accurate reading, as talking, crossing your legs, or having
the cuff on incorrectly can make a blood pressure reading inaccurate. Blood pressure measurement is
also a great culprit; human Error is also very involved in this process. If it is changed, doctors, nurses,
and other healthcare providers may not take blood pressure measurements properly or frequently enough
for a patient to have one that accurately represents their average blood pressure. The patient may also be
taking the measurements incorrectly, resulting in inaccurate readings. The main contribution of the
research has the following:

o Better method — The study's major academic benefit was the development of a better method for
tracking rates of high blood pressure. The researchers improved the performance of measuring
blood pressure rates by combining advanced computer algorithms with data from various resources,
which can enhance the accuracy of patient diagnosis and treatment planning.

e Factors Influencing the Accuracy of the Measurement: Not only were such factors identified in the
study, but certain objects also occurred in just thousands of measurements to influence the accuracy
of the suggested blood pressure rate measurements. Those factors would be reflected in the
measuring instrument, the patient's posture, and the measurement system. Understanding these
factors would allow healthcare providers to take steps to prevent such circumstances, thereby
enhancing the quality of care.

e We will also focus on the validation of new measuring instruments for measuring blood pressure.
This study aimed to evaluate both nonclinical and wrist devices against the reference standard of
blood pressure cuffs and ambulatory blood pressure monitors. The validation has the potential to
be utilized by healthcare professionals to decide which measurement device to choose for their
patients. It could also shed light on the development of new blood pressure rate monitoring devices
in future research.

The remaining part of the research has the following chapters. Chapter 2 describes the recent works
related to the research. Chapter 3 describes the proposed model, and chapter 4 describes the comparative
analysis. Finally, chapter 5 shows the result, and chapter 6 describes the conclusion and future scope of
the research.

2 Related Words

Aliyar Vellameeran & Brindha, 2022 proposed a heuristic-based channel selection algorithm
accompanied by improved deep learning, which is a technique that utilizes a combination of heuristic
algorithms and deep learning to predict heart disease in WBAN (Krishnan & Dandekar, 2022). This
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procedure enhances the precision of heart disease prognosis by selecting the optimal channel for data
aggregation and processing, thereby facilitating more efficient and effective diagnostics and therapy.
(Chauhana & Igbal, 2024) proposed a new feature selection approach using feature sensitivity and
feature correlation to select the most related high-power features to predict heart disease. This combined
strategy enhances prediction performance by selecting and interpreting a set of essential features and
their corresponding feature combinations, thereby providing a clearer understanding of the disease.
(Saranya & Pravin, 2023) multi-sensor information fusion is the field of combining data from multiple
sensors to obtain a more accurate and complete picture of information. This approach is applied in real
scenarios for human activity recognition, etc., with the help of machine learning techniques. It could be
used for more accurate and credible monitoring of human activities, such as in healthcare and security
(Veera Boopathy et al., 2024). Qiu et al., 2022 proposed a study on non-invasive blood pressure
prediction using deep learning, which involves analyzing signals from Photoplethysmography (PPG)
and Remote Photoplethysmography (rPPG) to estimate blood pressure levels (Biswas & Tiwari, 2024).
This approach utilizes advanced algorithms and machine learning to enhance the accuracy of blood
pressure estimates, eliminating the need for invasive technigues, such as the traditional blood pressure
cuff. (Schrumpf et al., 2021) Continuous blood pressure (BP) monitoring is important for the early
diagnosis of cardiovascular diseases. A novel method is presented in this study for inferring blood
pressure by exploiting photoplethysmography and electrocardiogram signals. The random forest feature
selection and grey wolf optimizer-gradient boosting regression tree (GWO-GBRT) is employed to
construct the prediction model, which has high accuracy and reliability. (Liu et al., 2024) studied That
Deep learning networks are increasingly employed in continuous physiological parameter estimation
applications in healthcare (Chauhana & Igbal, 2024). In particular, there is a trend to use them in PPG
sensor signals for estimating, for instance, heart rate, respiratory rate, and blood pressure. These
networks are trained on vast amounts of data to identify patterns and predict things accurately, so they
have potential applications for monitoring and maintaining patient health. (Yen et al., 2021) introduced
a new deep learning model based on advanced algorithms to predict the risk of diabetes mellitus in an
Internet of Things (loT)-based healthcare environment. It also utilizes an efficient feature selection
process to improve prediction accuracy and efficiency (Sikarwar et al., 2025). This model may help
identify and prevent diabetes in patients. (Rajalakshmi et al., 2024) have developed a treatment for deep
learning-based non-contact iPPG signal blood pressure measurements. This state-of-the-art technology
application utilizes video imaging and deep learning algorithms to accurately measure blood pressure
without the need for invasive devices or physical contact. This non-intrusive approach could make
monitoring and measuring blood pressure simpler and more convenient, assisting individuals in taking
control of their cardiovascular health. (Cheng et al., 2023) The loT-cloud-based smart healthcare
monitoring system collects patient real-time data using sensors and then transfers this data to a cloud
platform for storage and analysis. With deep learning algorithms, such a system can predict heart disease
risk with high precision, enabling intervention and the avoidance of potential health problems. (Nancy
et al., 2022) A decision support system based on supervised learning is a form of artificial intelligence
that utilizes labeled data to make informed decisions and predictions. In the area of multi-sensor data
from healthcare, it can analyze readings taken from a wireless body-worn sensor network to facilitate
the diagnosis and treatment of medical conditions. This could enable healthcare professionals to make
more informed and accurate decisions for patients. (Jijesh et al., 2021) Recent sensing and modeling
approaches provide a non-intrusive and convenient tool for monitoring blood pressure in wearable and
cuffless devices. Optical, electrical, and acoustic sensors are used to measure blood pressure (BP), while
sophisticated algorithms and machine learning models analyze the data.
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To provide accurate readings. It provides a more convenient and continuous monitoring method for
those with high blood pressure or other heart conditions. (Zhao et al., 2023) have considered NIBP
sensing, which is the measurement of blood pressure using a transducer that is not inserted into the body
(as in the case of needles or catheters). Machine learning models can subsequently act upon the data
sensed to identify trends and predict future changes in blood pressure, thereby assisting in the diagnosis
and treatment of cardiovascular disorders. (Attivissimo et al., 2023) have explored the fact that deep
learning-based techniques have become increasingly popular in building automatic systems in various
domains. We propose in this paper a deep learning-based system to accurately detect blood pressure
from auscultatory recordings. The approach is tested on a large database with high accuracy, indicating
its clinical potential. (Pan et al., 2021) proposed a deep learning-based method for selecting optimal
smart shoe sensors, utilizing sophisticated machine learning algorithms to determine the most suitable
sensor combination for assessing energy expenditure and heart rate. This may be attributed to the fact
that this approach can indirectly estimate the two types of energy metrics from large volumes of data,
offering a user-friendly and time-efficient means for people to monitor their level of physical activity
and health condition by wearing an intelligent shoe. (Eom et al., 2021) have considered Using optimal
fused feature selection along with ensemble learning as an approach to detect AF from ECG. It integrates
several feature selection techniques to enhance the accuracy of AF detection. The average handler and
substrate optimizer improve performance by optimizing the selected features. Table 1: Presents the full

analysis.

Table 1: Comprehensive analysis

Author

Year

Advantage

Limitation

(Aliyar
Vellameeran &
Brindha, 2022)

2022

The combination of heuristics and deep
learning can improve prediction accuracy
while reducing computational complexity in
WBANS for heart disease diagnosis.

One limitation of Heuristic-based channel
selection for heart disease prediction is its
heuristic nature, which can limit its ability to
release the full potential of deep learning.

(Chauhana &
Igbal, 2024)

2023

The advantage of using this novel feature
selection approach is that it provides
improved prediction accuracy for heart
disease by considering both feature
sensitivity and correlation.

Few feature engineering studies have been
validated extensively across diverse data sets
and classifiers to limit its utility.

(Saranya &
Pravin, 2023)

2022

One advantage is the improved accuracy and
robustness of activity recognition due to the
combination of multiple sensors and
machine learning techniques.

Lack of interpretability and explainability of
the decision-making process due to complex
and opaque machine learning algorithms.

(Qiu et al., 2022)

2021

Increased efficiency and convenience
compared to traditional blood pressure
measurement methods.

Difficulty in generalizing results to different
populations due to limited sample size and
heterogeneity in data.

(Schrumpf et al.,
2021)

2024

The accuracy and reliability of blood
pressure measurements can be improved due
to the use of advanced data analysis
techniques.

"One limitation is potential inaccuracy due
to external factors such as movement or poor
signal quality affecting the readings."

(Liu etal., 2024)

2021

Increased accuracy and reliability due to the
ability of deep learning networks to learn
complex patterns from large amounts of data.

One limitation of applying a deep learning
network in this context is the need for a large
amount of training data to ensure accuracy
and generalizability.

(Yenetal., 2021)

2024

The advantage is that it can improve the
accuracy and efficiency of diabetes
prediction, leading to better patient outcomes
and overall healthcare management.

"Lack of real-time data integration may lead
to inaccurate predictions and hinder timely
intervention for diabetic patients."”

155




Improving Blood Pressure Rate Measurement Accuracy with
Deep Learning-based Sensor Fusion and Feature Selection

Sakshi Sobti et al.

monitoring, as it can reduce the amount of data and
processing power required for accurate detection.

(Rajalakshmi 2023 | One advantage of using deep learning-based iPPG | One limitation is the lack of

etal., 2024) signal blood pressure measurement research is its | standardized datasets and protocols,
potential for predictive analytics and improved | leading to inconsistent and unreliable
outcomes. results across studies.

(Cheng et al., | 2022 | One advantage of using an loT-cloud-based smart | The need for consistent and reliable

2023) healthcare monitoring system for heart disease | internet connectivity can limit the
prediction via deep learning is its ability to | usability and accuracy of the system
continuously collect and analyze large amounts of | in remote or rural areas.
real-time patient data.

(Nancy et al., | 2021 | One advantage of using a supervisedlearning based | Limited by the availability and quality

2022) decision support system for multi-sensor healthcare | of labeled data for training, which
data is that it can provide personalized and accurate | may not accurately represent real-
insights for individual patients based on their specific | world scenarios.
health data.

(Jijesh et al., | 2023 | One advantage of using emerging sensing and | One limitation is that they may not be

2021) modeling technologies for wearable and cuffless | suitable for certain populations or
blood pressure monitoring is the potential for | health  conditions, leading to
continuous and non-invasive monitoring. inaccurate readings and unreliable

data.

(Zhao et al., | 2023 | The use of machine learning for non-invasive blood | Difficulty of obtaining accurate and

2023) pressure sensing allows for continuous, real-time | consistent readings due to body and
monitoring of blood pressure without the need for | environmental factors, as well as
invasive techniques such as inserting a catheter. device calibration and placement.

(Attivissimo et | 2021 | One advantage of using development and validation | Possible overfitting or lack of

al., 2023) of a deep learning-based automatic auscultatory blood | generalizability to different
pressure measurement method is improved accuracy | populations or conditions due to small
and precision compared to traditional manual | sample size or limited diversity in
methods. training data.

(Pan et al., | 2021 | Deep learning algorithms allows for accurate and | The limitation of Deep learning-based

2021) efficient sensor selection, leading to more precise and | smart shoe sensor selection is the need
reliable energy expenditure and heart rate estimations. | for a large amount of data for accurate

predictions.
(Eom et al, | 2021 | This can improve the overall effectiveness and | Limited to ECG data and may not be
2021) usability of the smart devices used for ECG | applicable to other types of data or

heart conditions.

e Technique inconsistency for measurement: One of the most common causes of inaccuracy in blood
pressure (BP) measurement is the inconsistent use of various techniques for measuring blood
pressure rates. It has the potential to cause errors in readings and incorrect blood pressure
measurements over time. If the cuff isn't placed just right, or the patient's arm isn't at heart level,
the reading will be inaccurate.

e Device Calibration Mismatch: Blood pressure monitors require periodic calibration to avoid a true
calibration error. If the equipment is accurate, it will read accurately. That may be a function of
wear and tear or the use of outdated tools.

o Other factors can also affect the accuracy of high blood pressure measurements, such as the use of
improper cuffs. The readings will be inaccurate if the cuff size is too small or too large for the
person being tested. It is as a result of this that accurate measurements are made possible only
because of the correct size and Fit of the cuff on a patient's arm.

In this study, we introduce a novel deep-learning approach to the challenge of sensor fusion and
feature selection in multi-sensor data, encompassing multiple traditional sensor fusion methods. This
approach leverages the capabilities of deep learning algorithms to learn features directly while also
fusing features from diverse sensors (e.g., cameras, lidars, radars). It may offer a better or more robust
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model of the environment when combined with other sensor data sources. It also provides full
documentation for selecting features, which can be particularly beneficial when we have a large number
of features and need to train a deep neural network to automate the process. This way, we don’t have to
do it manually. This technique enables the processing of data to be more accurate and faster, allowing
applications such as autonomous driving and surveillance systems to perform better and make decisions
more quickly.

3 Proposed System

A. Construction Diagram

» Input Signals and Reference BPs

Input Signals: Input Signals are the electrical signals applied to a system or circuit to execute specific
operations. Regarding BPs, the input signals are crucial because they are what the system uses to
compare and evaluate its performance. Most systems receive input signals from the outside world (e.g.,
sensors and measurement instruments). The input signals need to be close to the actual signals, and
likewise, the reference BPs need to be accurate to provide effective predictions. This is because the
guality of the input signals has a significant influence on the system's performance. A comparison with
reference benchmarks (BPs) is utilized as a benchmark for the performance of a system.

The convolutional layer's computation formula is:
krn = Dr (ZnETﬁl k;ﬂl_lzrl,m + b;n) (1)

Here, the nonlinear face-tor of convolutional neural network= A is further enhanced by employing
the activation function. Sigmoid, tanh, and REL are the three common activation functions.

W) = oo 2)

The sigmoid function is such that its output is constrained between 0 and 1. In Figure 2, we show
how the outputs are scaled to this range. It is primarily used for binary classification problems.
The downside of this function is that it is slow to compute if you are using backpropagation because the
derivation is complicated.

p(w) = tanh(w) = L2, 3)
tanh(w) = 2sigmoid(2w) — 1. (4)

These BPs are typically predetermined values or readings from previous testing or industry
standards. The system compares these reference BPs to the input signals. The system analyzes the input
signals and produces an output, which is then checked against the reference BPs.

» Raw PPG and ECG Signals

The raw PPG (photoplethysmogram) and ECG (electrocardiogram) signals are two essential
physiological signals used for the long-term prediction of an individual’s heart rate (HR), and both are
of great significance in the diagnosis and treatment of various diseases, including heart disease and
respiratory disease. PPG signals are generated by illuminating the skin, typically the finger or earlobe,
and detecting modulations in the reflected light as a function of blood flow. In contrast, ECG signals are
collected by electrodes attached to the chest, arms, and legs, and the electrical activity of the heart is
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recorded. The process of raw PPG and ECG operations is divided into several steps. There are acquired
signals from sensors and amplifiers, such as the electrical or optical signals from the human body. These
signals are then entered into an analog-to-digital converter (ADC) for digitization into a form that the
computer can handle.

» References SBP and DBP from ABP Signal

Blood pressure (BP) is a crucial marker of one’s cardiovascular risk profile and can also help evaluate a
patient’s risk of developing heart disease. Yet, invasive and subjective approaches for measuring blood
pressure, e.g., manual sphygmomanometry, are generally inaccurate. Therefore, invasive blood pressure
(BP) monitoring, such as arterial blood pressure (ABP) monitoring, is widely used in clinical settings to
manage blood pressure. A catheter monitors ABP through a vessel (usually the arm), and the pressure
of the blood flow via the ship is directly monitored. The construction diagram has shown in the following
Figure 1.

/ Input Signals and \

Reference BPs

[Raw PSI’D_G ar|1d ECG ]_—>[ preprocessing ]—»[ Feature extraction ]
ignals

Machine learning and deep
learning models

References SBP and [
DBP from ABP signal

- J v v

[ Estimated SBP ] [ Estimated DBP ]

Figure 1: Construction diagram

This results in a pulse-like pressure waveform in which systolic and diastolic blood pressures are
estimable. Long-term monitoring of ABP is undesirable because it is invasive. Hence, non-invasive
methods have been suggested to estimate BPs from ABPs. These methodologies utilize models and
algorithms to extract important information from the ABP signal, specifically systolic blood pressure
(SBP) and diastolic blood pressure (DBP).

» Preprocessing

Data preprocessing can be a vital stage of information exploration, especially as a preparatory course
for more complex analyses. That’s turning data on the road to the climax of an analysis. The purpose of
processing is to ensure that the information is accurate, complete, and in a format that will be most
beneficial for data processing. Data Cleaning: The first and foremost step in the preprocessing stage is
to clean the data. These include finding and treating missing values, outliers, and redundant data. There
can be missing values for a variety of reasons, including human error or if the data has not been recorded.
In contrast, data analysis algorithms (such as the above procedure) can be extremely sensitive to outliers;
thus, they must be identified and handled correctly. Preprocessing... Preprocessing is simply the
transformation of data. That includes raw data formatted into data ready for analysis. This could involve
converting the data types of variables, scaling values, or scaling your data and then rescaling it so that
all your variables are on the same scale.
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> Feature Extraction

Feature extraction is a cornerstone of data science and machine learning, concerned with extracting
meaningful and useful patterns from raw data. It is a critical part of the data preprocessing and is
required to enable the further generation of learned models.

It is simple to make the gradient vanish, which is detrimental to deep network training. The REL
function's expression is

p(w) = max(0,w). )
The pooling layer's feature computation formula is as follows:
= p1(W 'z + i), (6)
MSE = M_ @)
m
MSE=D =% 2’)2 8)
v— (m+1/2) *V
Qu(v) = b rect () expla(n(py + mAP)Y + 9o)}, (9)
14 14 _ _
roct (3) _ {1, —><v<-, m=012..mM~1 (10)
4 0, else

_ —(m+1/2)*xV -
Q(v) = Zibrect (FIE2T) o expla(2m(po +mAp) (v — (1)) + 0o)}, (11)
where c is the speed of light, and 7t = 2R t /c is the time delay of the echoed signal when taking into
account the object's two-way distance at R tend. A convolutional layer's parameters are altruize (k),
stride (s), zero padding (p), and input/-feature map size nine. The activation map's spatial size is
calculated using the formula below.

Mo = | P22 41 (12)

By handling shift and scale invariance, the pooling layers reduce the sensitivity of the output. They
also help minimize model memory usage by reducing the number of parameters in the feature maps.

Feature extraction involves converting the input data into a condensed form that represents the
essential characteristics or features of a data collection, thereby enabling easier analysis and
interpretation by machine learning algorithms. Dimensionality reduction of the data with minimal loss
of information is one of the primary objectives of feature extraction. Concept2Vec feature extraction. In
general, feature extraction in C2V4SoS can be classified into four main processes: data Cleaning,
Preprocessing, feature selection, dimensionality reduction, and feature construction.

» Machine Learning and Deep Learning Models

Artificial Intelligence has two major subsets, subsets, namely Machine Learning and Deep Learning,
which are increasingly being used to solve complex problems in various sectors (Abualkishik et al.,
2022). They entail using algorithms and statistical models to teach computers to learn and make
predictions or decisions from data without being explicitly programmed. Training a machine learning or
deep learning model involves supplying massive sets of data to the machine, which learns patterns and
interrelations among the data through a "feature extraction™ process.

Every training iteration updates a parameter in the manner shown below:
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1eld

Z -—
y owy,

y <z, —€

(13)

On the other hand, the partial derivative in the CNN network is equal to the total of the partial
derivatives concerning the connections that have the same weight parameter. AK1=2K1=3K1=4
K1 =5; C1U S1U 0 US2UC2 U S3UC3US1 U C1U S2K1coding.

This involves identifying which properties or characteristics of the data the model can utilize to
forecast output. After extracting the features, the model is trained on algorithms (regression, decision
trees, support vector machines, artificial neural networks, and so on). These algorithms are mathematical
approaches that fine-tune or improve the model based on the data it is fed. This is what | mean by
"model optimization," and it helps increase model prediction accuracy.

> Estimated SBP

Estimated SBP (Systolic Blood Pressure): a clinical setting value for calculating the patient's blood
pressure. This is derived from the patient's age, height, and weight, and instead of the Dose (B, for Body),
the Body Surface Area (BSA) is calculated. The SBP is one of the main indicators, as it represents the
pressure exerted on your blood vessels when the heart pumps blood to the appropriate areas. SBP was
estimated from the patient's body surface area. BSA is the surface area of the body covered by the
external skin (measured by the external surface) and can be calculated from the patient's height (m) and
weight. Once BSA is derived, the estimated SBP is determined based on age and body surface area
(BSA). The expected SBP is a handy clinical shortcut for health professionals who want a quick idea of
a patient's blood pressure without actually measuring it.

> Estimated DBP

"Estimated DBP" refers to the estimated value of Diastolic Blood Pressure, which is the pressure in your
arteries when your heart rests between beats. It is a critical measure for overall cardiovascular health
and in the diagnosis of hypertension (high blood pressure).

International Journal of Propagationa and Antennas

h
softmax(h), = %. (14)

In recent years, CNNs have surpassed human performance on several tasks, including segmentation,
object detection, gaming, and classification, among others. The partial derivatives of w and b, which are
used to update the weight parameters in the training of the CNN, are.

Z_Z = jo'(w), (15)

Z—ll,) = ao'(w). (16)

DBP is typically measured by auscultation, where a medical professional listens to the sounds
produced by blood as it flows through an artery using a stethoscope. This normally includes a systolic
blood pressure reading — the pressure in your arteries when your heart contracts. The measurement of
Diastolic Blood Pressure involves two main stages: blocking and releasing the flow of blood within an
artery and listening to the Korotkoff sounds. A nurse or other health professional will inflate a cuff
around your upper arm. To impede the blood flow. It is then inflated for a few seconds to a pressure
above your systolic blood pressure, blocking blood flow in the artery.
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B. Functional Working Model

» rPPG Signal

The rPPG signal is a non-contact method for detecting changes in blood volume at the skin surface using
only a camera and light. It is done on the principle that wherever light is applied to the skin, it is more
or less absorbed by the blood vessels and tissues. This results in variations in the light intensity reflected
by the camera, which can be used to monitor blood volume changes.

If a layer is a convolutional layer, then we go through each convolution kernel and adjust the
corresponding weights and biases as follows:

ZR — ZR _ az‘g—l 8b,ij,T—1’ (17)
i"=i"—aXYp X, 60 (18)

Of the conditions considered, ECG arrhythmia was demonstrated to be the most prevalent condition;
hence, the ELU study was incorporated into this study. ELU is shown in the equation below.

(b J=0
RELU(])—{ﬁ(gj_l)‘ <0

Let us reconstruct the transformation that resulted from the input signal becoming the output signal,
and the equation for the Mean Squared Error (MSE) described in (2) will be used.

1 , A
MSE =~ ¥0L:G =) - (20)
When it comes to batch normalisation, equation (3) was computed

(19)

1

w=y ve1 v — 1, (21)
1 .
0% =  &v=1Jvs 22)
. Jv—U
= F 23
j) == (23)

When  creating a model for training, overfitting is a major  issue.
Following convolution between the image and the kernel, the following formula is used for the
convolution process: a

Obay = 2?;01 ?;61 h(b+j)(a+i)zabk' (24)

kbay = p(obay)- (25)

To obtain and process the rPPG signal, the camera must be sensitive to slight changes in light
intensity. This is usually done with a green or, less commonly, near-infrared (the part with high
hemoglobin absorption) light source. The camera detects reflected light and determines changes in blood
flow by analyzing changes in light intensity. The rPPG signal is primarily produced by the flow of blood
in the arteries and capillaries under the skin. As the heart pumps, blood pressure rises and falls as blood
vessels dilate and constrict. This motion can be converted into the rPPG signal, which is a periodic
waveform. The waveform can be estimated by processing key physiological indicators, such as heart
rate and SpO2.

» Convolution

Convolution is a central concept in various engineering and mathematical domains, including image
processing, machine learning, and others. Convolution may sound daunting, but on a fundamental level,
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it is the application of a mathematical operator to a pair of signals or functions. The product of a
convolution is another signal, which is the algebraic sum of the two original signals. To comprehend
convolution, you need to understand what two signals — the input signal and the filter (or the kernel) —
mean first.

Unnecessary feature data for learning is discarded. We adopt max pooling, although different
pooling settings are recommended.

Kaey =, §8R,,, oo 9

Where Pijk represents the pooling block in the feature map and the pixel (i, j) is the left-top of it.
All output-layer neurons are fully connected (to their inputs from the final pooling layer) and use
SoftMax on 106 of every output-layer neuron.

_ v(N/)x(M/s)XY

0q = Xpis Wpekp + i, (27)
__g°a
Fo = b i g%y (28)

According to the information obtained from the MR images of the sequences, some adjustments were
also made to ensure the correctness of the ROI. The redundant detection frame in the detection result
was removed using Eqg. (2), with the position of the heart center point obtained.

(hy, k), |y — 7] < |s 10, |k, —E|| <10,
(h, k), |hy — k| > 10, |k, — k| > 10.

The average value of the entire RI sequence (without the center point of the given heart slice) was
found in the equation. (2). The next equation represents the form of the local features that the
convolutional layer has recognized at different locations in the input MRI image.

D = p (ZHV Dy g + ). (30)

The input signal refers to the signal, image, or data that requires analysis. A filter (also known as a
kernel) is a small signal relative to the large signal of the image, and its purpose is to extract detailed
information or features from the large signal.

(hp, kp) = (29)

» Conv Involved Inception

Conv Involved Inception, also known as Convolutional Inception, is a sophisticated and novel
convolutional neural network (CNN) applied to image recognition. It was first used in the GoogleNet
model, which won the ImageNet Large Scale Visual Recognition Challenge in 2014. This operation
plays a crucial role in achieving high performance in image classification and has been integrated into a
series of state-of-the-art convolutional neural networks (CNNs). The functional block diagram has
shown in the following Figure 2.
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Figure 2: Functional block diagram

The main motivation of Conv Involved Inception is that only extracting multi-resolution convolution
and concatenating them are able to obtain both local and global image information. A parallel stack of
convolutional layers with various kernel sizes achieves this. These layers serve as filters, which extract
features from the input image at different scales and resolutions. At a fundamental level, the operation
begins with one input image that passes through the network. Several convolutional layers of varying
kernel sizes subsequently process this input image. These are a convolutional layer called an inception
module, which includes 1x1, 3x3, and 5x5 convolutions. An activation function follows the convolution;
the rectified linear unit (ReLU) adds non-linearity to the network.

> Residual Block

Residual blocks (modern deep-learning, especially for computer vision) Gradients disappearing and
performance barriers Speedup of CNN: this section will discuss the operation of this one block and its
effects. Semantically, a residual block centers on a “plain” conv layer -> skip connection. The block
receives input and first applies the regular cov layer (i.e., cov > bn > act). This warped result is element-
wise added to the input through a skip connection. The skip-by-product is batch-normalized and
activated, as this intermediate result is derived from the skip connection, which can be utilized
elsewhere.

> Contraction Path

The Contraction Path (Computer Science) and Its Applications (Mathematics) File Descriptions: The
phrase "contraction path™ describes a procedure in computer science and mathematics used to simplify
or reduce the complexity of a problem at hand. It can also be paired with algorithms and data structures
to optimize computations. At its heart, the sound reduction path seeks to characterize, rather than add,
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similar or redundant components within a structure. This merging step minimizes the elements to
calculate, thereby reducing computing time and overall resource requirements.

In this research, REL was selected as the activation function because it is relatively fast to calculate.
The REL activation function and its derivative are described in Eq.

p(h) = k" = max(0,h), (31)
®={5 120 @
[l = i) = Zexplt(ia)]. (33)
loss = =~ Yq kpa 1n[f (hy = ig)]. (34)

Parameter W, offset SD, and VMware expressions are as follows.
94
Te, =aT., + (1 — Q)E (35)

The idea is applied in various contexts, including graph theory, computational geometry, and
optimization problems. The contraction path of a graph in graph theory refers to a process of reducing
the size of the graph by collapsing a pair of adjacent nodes into a single node. This process is repeated
until the graph becomes irreducible (or a solution is found). This method is particularly useful for solving
graph problems effectively, as it requires considering fewer nodes. Therefore, the complexity of the
graph is almost removed enormously.

C. Operating Principle
» PPG Sensor

A PPG sensor is a non-invasive device for detecting blood volume changes in the microvascular bed of
tissue. Every 20 minutes, it takes a reading based on the same principle used by photoplethysmography,
a technique that uses light to measure the volume of blood flowing through the vessel.

The greater the divergence from the real and predicted outcomes, the smaller the Dice coefficient. -
The accuracy calculation equation was as follows:
JDD = —E— x 100%. (36)

VF+PM
The Jaccard coefficient effectively represented the separation in the data, indicating where the mean
value provided by the expert and the value predicted by the neural network intersected.
__|HNK]|

AQD = X 100%. (37)

|HUK|

Y symbolized the part of the right ventricle delineated by the physician in the equation. (11), and the
one that CNN predicted was designated by X.

Several feature maps are included in each of the plurality of computation levels of the +e convolution
layer. The neurons in the same plane of each feature map share the same weight. Each feature maps a
different plane. Each feature map represents a distinct plane.

HY = e(Tpem, HY " *10 + 7)) (38)

164



Improving Blood Pressure Rate Measurement Accuracy with Sakshi Sobti et al.
Deep Learning-based Sensor Fusion and Feature Selection

Where N j is the local sensory area of neurons. The output value of neuron I in layer k — 1 is denoted
as Jaxx k—11i, the j weight of neuron I is denoted as lkid, and the offset number I of layer k is denoted
as aKi.

H) = e(8Vdec(w} ™) +?), (39)

When a higher layer computes the results of the whole connected layer and outputs them, it precisely
passes through a sigmoid. form is as follows:

HY = e(Tvemy tan * Hy  +57), (40)
d
Aag = Aq — ¢EA(A)' (41)
1 (h=m)?
e(h) V2mo exp ( 202 )' (42)

Where 62 is a variance, and n is a mathematical expectation.

The PPG sensor is composed of a light source, typically an LED (Light-Emitting Diode), and a
photodetector, a device that measures light intensity. LEDs generate light at a particular wavelength,
typically in the red or infrared range, because the light can pass through the skin and be absorbed by the
blood vessels. The light from the LED penetrates the tissue and is absorbed or dispersed by blood vessels
when the PPG sensor is placed on the skin.

» ECG Sensor

Description of the ECG sensor: The electrocardiogram (ECG) sensor is a medical device used to monitor
and record the heart's electrical activity. Such an apparatus is frequently used in hospitals, clinics, and
similar settings to monitor a patient's cardiac condition. It's also gaining popularity as a personal health
monitoring wearable. The ECG monitor tracks the electrical signals the heart generates as it beats
(Muthu Ganesh & Nithiyanantham, 2022).

The Gaussian mixture model's probability density function expression is as follows.
S(hplYp) = Lizq 7S (hply) (43)

The following estimation equation can be used to approximate the magnitude of parameter values
based on the maximum density function.

SHIY) = [13=1 S(hpl¥p) = Y@IH), ¢ = argmax R (Y|H). (44)

The function is maximized by partially differentiating concerning certain variables, adjusting the
parameters, and repeating the process until the distance to the maximum error range is reached.

. J1—]
Aj = P (45)
i =", (46)
Az = log% (47)

These electrical signals result from the rhythmic squeezing and relaxation of the heart muscle,
providing vital information on the heart's general well-being and performance. The ECG sensor includes
electrodes that are usually secured to the patient's chest and limbs—an ECG machine is the original
ECG recording device introduced by Willem Einthoven. As the heart beats, the electrodes detect the
electrical activity and send it to the recording apparatus.
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> Noise and Artifact Reduction

Noise and artifact reduction describes methods in signal processing (DSP) that are designed to remove
noise and artifacts from voiced segments and video signals. Such undesirable signals can include, for
example, electronic noise, background noise, recording errors, and the like.

As narrowband block-fading propagation is considered, there is no inter-symbol interference, and the
discrete-time domain received signal can be expressed by

k= Xh+m e DM, (48)

where n ~ CN (ONrx1, 62 n IN r) is the AWGN vector and H € C indicates the MIMO channel
matrix.

1 1 =~
H= EPPFQi(PIIQ) = \/R—?H' (49)

Spectral Subtraction: Spectral subtraction is a commonly employed method for noise reduction. This
method first analyzes the frequency spectrum of a signal to identify sections where noise is present.
These noisy parts are to be removed, leaving the clean ones. This is accomplished by referencing against
a noise profile, a background noise sample that is absent of the signal of interest. This noise profile is
subtracted from the original signal to eliminate the unwanted noise.

> Verification and Calculation

Verification and computation are two fundamental operations in technology and science. They are the
necessary safeguards for data, models, and results. In the following section, we examine how those
operations are performed and how they are used. Validation is the process of verifying the accuracy of
information or a model. The operational flow diagram has shown in the following Figure.3
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\ ) R. Peak
> detection

( )\ w

Verification | Estimation |«
and calculation unit J
(. J

PIC18F452

»{ Noise and artifact
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)

v

SBP/DBP
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Figure 3: Operational flow diagram

Itis verifying that the facts are as they claim to be and are working according to the plan. Verification
comes in various formats, depending on the setting. In software, verification means running some test
to verify that the program does indeed “"work™ as we expect. Verification is a comparison between the
observed outcome of an experiment or theoretical computation and the published data and results of
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scientific research; in either scenario, verification attempts to identify and correct errors in data
acquisition or modeling.

> Estimation Unit

An estimator, an estimating, or an estimate enclosure can be used to describe a computing device that
provides estimating operations for a computer system (Khan et al., 2021). It typically comprises
hardware and software blocks that collaborate to perform various estimation functions. Data estimation
is a basic operation of an estimation unit and is also an operation that is carried out rapidly and efficiently.
Several methods and algorithms must be employed to analyze and process the data effectively.

In this quantizer model, the power of the additive noise decreases linearly with the quantization
resolution while simultaneously decreasing with the input range. This sort of behavior is sensible
pragmatically, and it promotes the use of such a technique.

F = S;(0) = Yyo + g € DV. (50)
Lyg = Diag(pf,1,...,pf,N)diag(L,,) € DV*V, (51)

Where is the covariance matrix of the input of the quantizer? These covariance matrices will be
useful for computing the achievable rate for each precoder in Section Ill.

We can now approximate the lossless transmitted signal defined in (2) as
ﬁzPLPnO‘FPLP‘gEDMV. (52)

The baseband preceding signals, u, will likewise have a covariance matrix and a Gaussian distribution
since the data streams are Gaussian distributed.

This could be a statistical model, machine learning algorithms, or some other type of mathematical
model. A data input module is a key component of an estimation unit. This module receives data from
computer systems or external devices, and organizers organize it for the estimation process. The input
data may be raw numbers, images, audio, or any other type of data that needs to be estimated. Next is
the estimation, the other estimation element of an estimating unit algorithm or model.

4 Result and Discussion

RESULTS: The proposed model, Gradient Boosting Machine with Sensor Fusion and Feature Selection
(GBM-SF-FS), is compared with state-of-the-art models, including RNN-SF-FS, ELM-SF-FS, and
SVM-SF-FS.

4.1. Sensitivity

This measures the performance of the sensor fusion and feature selection model in detecting small
variations in blood pressure rates. A high sensitivity means that the model can detect most, if not all,
small changes in blood pressure (BP) rate, which is important for monitoring and managing
hypertension. Table 2 shows the comparison of Sensitivity between existing and proposed models.
Figure 4: Shows the computation of sensitivity.
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Table 2: Comparison of sensitivity (in %)

No. of Inputs | RNN-SF-FS | ELM-SF-FS | SVM-SF-FS | GBM-SF-FS
100 46.75 63.83 41.96 67.70
200 48.38 65.57 43.54 69.12
300 48.86 67.91 45.74 70.38
400 50.15 68.72 47.37 72.37
500 52.26 71.01 48.51 74.84
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Figure 4: Computation of sensitivity

4.2. Specificity

This parameter indicates how well the model can effectively discriminate noise or unrelated information
from the blood pressure recordings. The higher the specificity, the more relevant data the model utilizes
for achieving accurate measurements and, thus, better performance. Table 3 shows the comparison of
Specificity between existing and proposed models. Figure 5 Shows the computation of Specificity.

Table 3: Comparison of specificity (in %)

No. of Inputs | RNN-SF-FS | ELM-SF-FS | SVM-SF-FS | GBM-SF-FS
100 51.75 66.83 45.96 86.70
200 53.38 68.57 47.54 88.12
300 53.86 70.91 49.74 89.38
400 55.15 71.72 51.37 91.37
500 57.26 74.01 52.51 93.84
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Figure 5: Computation of specificity
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4.3. Accuracy

This indicates that the observations made by our model regarding blood pressure are similar to those
made by actual doctors. Let's calculate the root mean square error for the predicted systolic and diastolic
blood pressures. The high accuracy means that the model can provide continuous and accurate blood
pressure data effectively, which can help prevent misdiagnosis and incorrect treatment. Table 4 shows
the comparison of Accuracy between existing and proposed models. Figure 6 Shows the computation of
Specificity.

Table 4: Comparison of accuracy (in %)

No. of Inputs | RNN-SF-FS | ELM-SF-FS | SVM-SF-FS | GBM-SF-FS
100 57.75 71.83 51.96 89.70
200 59.38 73.57 53.54 91.12
300 59.86 75.91 55.74 92.38
400 61.15 76.72 57.37 94.37
500 63.26 79.01 58.51 96.84
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Figure 6: Computation of specificity

4.4. Robustness

This parameter tests the model's performance in various environmental scenarios (type of sensor,
different environmental effects, user variability). A strong model is also robust in other scenarios, which
is quite useful in the real world. Table 5 shows the comparison of Robustness between existing and
proposed models. Figure 7 Shows the computation of Robustness.

Table 5: Comparison of robustness (in %)

No. of Inputs | RNN-SF-FS | ELM-SF-FS | SVM-SF-FS | GBM-SF-FS
100 61.75 74.83 55.96 91.70
200 63.38 76.57 57.54 93.12
300 63.86 78.91 59.74 94.38
400 65.15 79.72 61.37 96.37
500 67.26 82.01 62.51 98.84
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Figure 7: Computation of robustness

5 Conclusion

In conclusion, the proposed DL-based sensor fusion and feature selection (FS) approach has a high
potential to enhance the accuracy of BPR measurements. The latter utilizes more sensors and acquires
more relative feature information from the data than the roulette methods and can generate more valid
and accurate measurements. Data from multiple sensors can be combined, which helps remove noise
and variability in the signals, providing more precise readings related to blood pressure. In addition,
feature selection techniques aid in identifying the most important and informative features, thereby
reducing the dimension of the data and increasing the accuracy of prediction models (Dhara et al., 2023).
This technique may result in more accurate and reproducible blood pressure measurements (Yao et al.,
2022). These are effective in the management of hypertension and also for the management of
cardiovascular disease. As technology continues to evolve, deep learning-driven sensor fusion and
feature selection techniques could also make blood pressure measurements more accurate and useful in
clinical applications (Gonzélez et al., 2023). In general, DL has the potential to dramatically enhance
the quality of healthcare and patient management, particularly in accurately estimating blood pressure
rates, as suggested by the insights from this study.
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