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Abstract This paper designs an overall scheme for a wearable multi-sensor physiological monitoring system, which monitors
physiological parameters such as electrocardiogram signals and blood pressure. It combines CNN, LSTM, and MHA and
optimizes them using the NRBO algorithm to construct a CNN-LSTM-MHA hybrid neural network model. The performance
of this model in heart rate monitoring and blood pressure prediction is evaluated through experiments. In terms of heart rate
detection and blood pressure prediction, the CNN-LSTM-MHA model demonstrates the best overall performance and exhibits
superior robustness.

Index Terms hybrid neural network, CNN-LSTM-MHA, wearable monitoring system, physiological parameters

I. Introduction

As unhealthy lifestyles such as smoking, poor diet, and lack of exercise become increasingly prevalent among the population,
the risk factors associated with cardiovascular disease pose a threat to public health, with mortality rates from cardiovascular
disease showing an upward trend year by year [1]-[3]. Arrhythmia is a common heart condition caused by disorders in the
cardiac conduction system or myocardial electrophysiological function. Based on their underlying mechanisms and the rate of
heartbeat, arrhythmias can be classified into multiple types. Among the seven common types of arrhythmias, not all require
treatment; however, malignant arrhythmias can lead to sudden cardiac death within minutes and are the most common trigger
for sudden cardiac death, which is one of the primary causes of death among cardiovascular disease patients [4]-[8]-
Additionally, the normal blood pressure range for healthy individuals is a systolic pressure of 90-139 mmHg and a diastolic
pressure of 60-89 mmHg. If blood pressure is measured three times on non-consecutive days and the systolic pressure is >140
mmHg or the diastolic pressure is >90 mmHg, hypertension can be diagnosed. Hypertension is a major risk factor for
cardiovascular disease, exerting sustained pressure on the cardiovascular system and leading to structural and functional
changes in the heart and blood vessels, thereby increasing the risk of cardiovascular diseases such as coronary heart disease,
myocardial infarction, and heart failure [9]-[11]. Given the high incidence, acute nature, and heavy rehabilitation burden of
cardiovascular diseases, monitoring arrhythmias and blood pressure and implementing effective prevention and treatment
measures are crucial. This not only helps reduce the incidence of sudden cardiac death but also slows the progression of
cardiovascular diseases [12]-[14].

Electrocardiography (ECG) is an important diagnostic tool for cardiovascular diseases. Compared with other clinical
examinations, it has the advantages of being easy to operate, low cost, reusable, and non-invasive. However, traditional ECG
examination equipment is usually bulky, complex in structure, and expensive, which limits its use to specific locations such
as hospitals. This prevents continuous and effective ECG monitoring, leading to occasional abnormal symptoms being missed,
and diagnosed diseases may also be difficult to treat promptly due to the irregular nature of their onset cycles [15]-[19]-
Additionally, ECG testing requires further analysis by a physician, prolonging the diagnostic process.

With the continuous maturation of IoT and Al technologies, researchers have begun exploring the design of wearable
monitoring devices. These devices can promptly issue alerts to help users identify potential health risks and take corresponding
treatment measures, or users can independently view relevant physiological data to assess their health status, thereby achieving
disease prevention. Healthcare professionals can use the physiological data displayed by the devices to assist in diagnosis and
treatment, significantly improving diagnostic efficiency and accuracy [20]-[24]- Therefore, wearable monitoring devices play
a significant role in the prevention and treatment of cardiovascular diseases. For example, Hiraoka et al. [25] used an Apple
Watch equipped with a photoplethysmography (PPG) sensor to monitor postoperative atrial fibrillation in cardiac surgery
patients. Combined with ECG data, these measurements were analyzed using machine learning, achieving a detection accuracy
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of 94.16%. With the continuous advancement of “Internet+healthcare,” the integration of these technologies will continue to
create new application scenarios and business models, thereby driving the formation of new smart healthcare service models.
The future trend in wearable monitoring systems is to combine IoT and Al technologies with sensor devices to transmit patients'
physiological data in real time to cloud platforms, enabling doctors to conduct remote monitoring and diagnosis through these
platforms and provide personalized healthcare services [26]-[28]]- Kaisti et al. [29] developed a low-cost flexible wearable
wristband for continuous cardiovascular health monitoring, achieving an accuracy rate and sensitivity of 100% and 99.1%,
respectively, for heart rate monitoring, enabling effective remote and personalized cardiovascular disease care.

In research on arrhythmia detection, Sraitih et al. [30] compared the performance of three machine learning techniques—
support vector machines (SVM), k-nearest neighbors (KNN), and random forests (RF) —and their three hybrid methods in
constructing an ECG arrhythmia automatic detection system, with SVM achieving the best accuracy of 83%. Ullah et al. [31]
constructed one-dimensional and two-dimensional convolutional neural networks (CNNs) for ECG arrhythmia detection,
achieving classification accuracy rates of 97.38% and 99.02%, respectively. Mahmud et al. [32] shared an efficient deep CNN
architecture implemented with deep convolutional layers and temporal convolutions for automatically detecting and classifying
arrhythmias from denoised ECG beats, outperforming traditional detection methods. Liu et al. [33]] designed a new autoencoder
using long short-term memory (LSTM) networks for arrhythmia classification, eliminating the need for preprocessing ECG
signal data and addressing the gradient vanishing issue in traditional CNNs. Zeng et al. [34] proposed an ECG signal
decomposition method using adjustable Q-factor wavelet transform and complete set empirical mode decomposition, followed
by input into a hybrid neural network model combining 1D CNN and LSTM for arrhythmia detection, achieving a 96%
accuracy rate even when detecting seventeen types of heartbeats. Kuila et al. [35] combined LSTM with differential evaluation
algorithms to correct imbalanced ECG heartbeat data and optimize focus loss, achieving an accuracy of 98.23% in ECG
arrhythmia detection. Xu et al. [36] integrated a one-dimensional CNN with a gated recurrent unit network to establish an
automatic arrhythmia detection model, achieving detection accuracy and sensitivity of 99.45% and 98.35%, respectively, on
ECG signal data. He et al. [37] addressed the challenges of heartbeat recognition and the limitations of considering frequency
patterns and heart rhythm in arrhythmia detection based on feature engineering and deep learning. They designed an ECG
arrhythmia detection method supported by the Internet of Things, combining feature engineering-based dynamic heartbeat
classification and multi-channel heartbeat convolutional neural networks.

In blood pressure prediction research, Zhang et al. [38] used a support vector machine regression algorithm for blood
pressure prediction, enabling continuous blood pressure measurement. Compared to linear regression and backpropagation
neural network algorithms, this method achieved higher accuracy and effectiveness in blood pressure prediction. Rong and Li
[39] reported a multi-type feature fusion neural network model based on CNN and bidirectional LSTM for blood pressure
prediction under PPG signals, which not only reduced computational complexity but also improved accuracy. Liu et al. [40]
utilized blood pressure and wearable features to generate causal graphs, combined with spatio-temporal graph neural networks,
to obtain more precise continuous blood pressure prediction results. Koshimizu et al. [41] proposed a deep neural network-
based method for predicting blood pressure fluctuations, capable of forecasting blood pressure changes over the next four
weeks, though it is more suitable for individuals with significant blood pressure variability. Ali and Atef [42] utilized PPG
data in a classification-regression hybrid model combining LSTM and artificial neural networks to predict blood pressure,
thereby enhancing prediction accuracy while balancing performance and efficiency. Zhang et al. [43] introduced gradient-
boosted decision trees to analyze PPG and ECG signal data, enabling individual blood pressure prediction, though the
prediction accuracy for systolic and diastolic blood pressure did not reach 80%. Kamanditya et al. [44] designed a architecture
integrating convolutional and LSTM layers with PPG and ECG signals to extract signal features, improving blood pressure
prediction accuracy while simplifying the design architecture. Zhang et al. [45] applied PPG and ECG signal data, using the
SE block (Squeeze-and-Excitation Block) to enhance feature learning capabilities, and developed a one-dimensional
compression and excitation network for blood pressure prediction with the assistance of the LSTM algorithm. This method
achieved prediction accuracy rates of 94% and 91% based on systolic and diastolic blood pressure, respectively.

The paper first monitors physiological signals such as ECG and blood pressure from wearers of wearable monitoring devices.
After analyzing the application scenarios and requirements, it designs the overall structure and hardware/software solutions
for the wearable monitoring system, as well as the upper-level node design scheme. It integrates CNN, LSTM, and MHA, and
uses the NRBO optimization algorithm to optimize the parameters of the CNN-LSTM-MHA fusion model, thereby improving
the accuracy of arrhythmia detection and blood pressure trend prediction, as well as the model's performance. This paper
designs relevant experiments to collect and evaluate physiological signals from participants. The CNN-LSTM-MHA model
is compared with other monitoring methods to evaluate its performance in arrhythmia detection and blood pressure prediction.

II. Overall design of a wearable multi-sensor physiological monitoring system
1I. A. Physiological parameter monitoring plan
II. A. 1) Electrocardiogram signal monitoring

Although modern ECG acquisition systems have achieved high precision and stability, the inherent weak amplitude of ECG
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signals (typically ranging from 0.05 to 5 mV) inevitably leads to various noise interferences during actual acquisition.
The raw ECG signal, after being pre-amplified, undergoes analog-to-digital conversion (ADC). The resolution of the ADC
(typically 12 to 24 bits) and the sampling rate (typically 500 Hz to 1 kHz) determine the precision and temporal resolution of
the digital signal. The digitized ECG signal can then be further processed using a computer or specialized equipment.

To ensure signal quality, noise suppression must be addressed at both the hardware and software levels. In hardware design,
high common-mode rejection ratio preamplifiers, reasonable circuit design, and proper grounding measures should be adopted;
in software processing, the ability to analyze high- and low-frequency noise in both the time domain and frequency domain
is required, enabling the ECG signal to be decomposed into high- and low-frequency signal components at different scales.
This enables key steps such as noise suppression, baseline drift correction, and QRS complex detection.

First, a discrete wavelet transform with dynamic selection of wavelet bases is used to decompose the electrocardiogram
signal x[n] into the Jth-level approximation coefficients A4 [n] and detail coefficients D, [n], satisfying:

A[n] =3 h,, k14, [2n k] (1)

Dj[n] = Zg17/)lg[k]Aj+l[2n - k] (2)

Among these, A [n] represents the approximation coefficient of the Jth layer, indicating the low-frequency components
of the signal, D,[n] represents the detail coefficient of the Jth layer, indicating the high-frequency components of the signal,
h,,»8&,, represent the low-pass and high-pass filter coefficients corresponding to the optimal wavelet basis, respectively,
h[k] represents the low-pass filter coefficients used to extract low-frequency information, g[k] represents the high-pass
filter coefficients used to extract high-frequency information, and 4,,, represents the approximation coefficients of the
(J+1)th layer.

The threshold denoising process applies kurtosis weighting to traditional soft threshold processing, which improves the
processing accuracy of detail coefficients. The approximation component A4;[n] of the Jth layer captures low-frequency
baseline drift, and the detail components D,[n] of each layer correspond to different frequency bands (such as high-
frequency noise, QRS band, etc.).

First, the signal is layered through cascaded decomposition to separate different frequency band components. Then, adaptive
thresholds are applied to the detail coefficients D,[n] of each layer to suppress high-frequency noise and retain useful QRS
wave information:

D.i[n]:{o |D/[”] |>TJ (3)
T, =0,;N2InN(1 +ku%i)Dj)) 4)
o - median | D, | 5)

! 0.6745

Among these, 7, represents the threshold of the Jth layer, | D,[n]| represents the absolute value of the detail coefficient,
kurt(D,) represents the kurtosis factor, which enhances robustness against non-Gaussian noise, o; represents the estimated
standard deviation of the detail coefficient noise for the Jth layer, N represents the signal length (number of sampling points),
and median| D, | represents the median of the absolute value of the detail coefficient.

The baseline drift component is estimated using the approximation coefficient of the highest layer, and subtracted from the
signal to achieve baseline correction:

Baseline[n]= > h, [k]4, (”2_—].") (6)
X, [n] = x[n]— Baseline[n] (7)

Among them, 4, [k] represents the low—-pass filter used for reconstruction, Baseline[n] represents the estimated baseline
drift signal (from the highest-level approximation coefficient 4,),and x,,.[n] represents the corrected signal.

For QRS complex detection, the kth layer detail coefficient with the best match to the QRS frequency band is selected. First,
its energy envelope is calculated, and then an adaptive threshold is set as shown in Equation (8):
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MATLAB was used to simulate the ECG preprocessing algorithm and obtain the comparison results before and after
preprocessing. The figure shows that the original ECG signal was significantly affected by baseline drift and high-frequency
noise interference. After adaptive wavelet threshold denoising, the high-frequency noise was effectively suppressed while
retaining the main features of the ECG signal. The baseline drift correction process accurately estimated the low-frequency
drift component, and the corrected signal had a stable baseline.

II. A. 2) Blood pressure monitoring
(1) PPG signal

Photoplethysmography (PPG) is a biological signal that uses optical technology to measure changes in blood volume [46]-
PPG sensors typically consist of light-emitting diodes (LEDs) and light-sensitive detectors (such as photodiodes). The LED
emits light of a specific wavelength (usually red or infrared) onto the skin surface, which penetrates through the epidermis,
dermis, and other skin tissue layers. Due to the specific absorption characteristics of blood, when the heart beats, the blood
volume in the blood vessels undergoes periodic changes, leading to corresponding changes in the absorption and reflection of
light in the skin tissue.

(2) Principle of photoplethysmography for blood pressure measurement

Blood pressure monitoring based on PPG primarily relies on the extraction and analysis of pulse wave characteristic
parameters. Among these, pulse wave transmission time (PWTT) serves as an important indicator reflecting the functional
state of the cardiovascular system and exhibits a good correlation with blood pressure changes. By combining
electrocardiogram (ECG) and PPG signals, PWTT can be precisely calculated, enabling continuous, non-invasive blood
pressure monitoring.

When blood pressure increases, the pressure on arterial walls also increases. Prolonged exposure to high pressure can lead
to structural changes in arterial walls, making them harder (i.e., arterial sclerosis). This increased stiffness directly accelerates
the propagation speed of pulse waves in arteries, thereby shortening the pulse wave transmission time. When blood pressure
is low, the pressure on arterial walls is reduced, and arteries maintain better elasticity, slowing the propagation speed of pulse
waves and resulting in a longer pulse wave transmission time. The relationship between pulse wave velocity (PWV) and pulse
wave transmission time (PWTT) can be expressed as:

p=a-E+ fstd(E) (9)

In this context, E[n] represents the sliding energy envelope of the detail coefficient D,, W denotes the window length,
¢ is the adaptive threshold used for detecting the QRS wave, «,f are weighting coefficients, and F,std(E) represent
the mean and standard deviation of the energy envelope, respectively.

When E[n]>¢ and itis alocal maximum, the R wave candidate is marked, and the R peak is precisely located within the
small interval of x__ . Finally, the processed coefficient set {AJ.,D}---DI' } is reconstructed into a denoised and drift-

corr

corrected signal via inverse wavelet transform:

n

J+ 33 "] (10

-k
xd@nnise [n] = Z hrec [k]AI ( 2j
, =

Among these, &, [k]g,..[k] represents the reconstruction filter bank, D;. represents the detail coefficients after threshold
processing, 2’ represents the sampling factor for layer J, and x,, . [7] represents the clean ECG signal reconstructed from
the denoised coefficients.

Heart rate measurement is based on the detection of QRS complexes in the ECG. A QRS complex represents a single
contraction of the heart. By detecting the frequency of these QRS complexes and calculating the time interval between two

consecutive R waves (RR interval), the heart rate can be determined, as shown in Equation (11)):

Heart rate(BPM) = 60 (11)
R-R Interval (seconds)
__L (12)
PWTT

Among them, PWV represents the pulse wave velocity, which indicates the speed at which waves propagate through the
arteries, L represents the distance traveled by the pulse wave, and PWTT represents the pulse wave transmission time.
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Thomas Young proposed a formula for the propagation of wave velocity in an ideal fluid within an elastic pipe:

Eh
e -

In this formula, E,h represent the Young's modulus and wall thickness of the arterial vessel, respectively, p represents
the density of blood, and D represents the equilibrium inner diameter of the arterial vessel.
The relationship between arterial blood pressure and the elastic modulus of the arterial vessel is shown in Formula (14):

E=Ee" (14)

In this equation, £, E represents the initial elastic modulus of the blood vessel and the elastic modulus of the vessel wall,
respectively, r represents a constant characteristic of the blood vessel, typically ranging from 0.016 to 0.018 (mmHg™"), and
P represents the blood pressure value.

Substituting equations (9) and () into equation () yields:

1 [ 2PL )
P= {m[ % ] 21n(PWTT)} (15)

r 0

Assuming that changes in blood pressure cause negligible changes in the diameter of the artery and the thickness of the
arterial wall, equation (12) can be transformed to:

P 2

@ (16)
dT ~ r-PWIT

Based on the theory of vascular elasticity mechanics and fluid dynamics principles, combined with the derivation of
equations (9) to ([12), the inverse relationship between blood pressure and pulse wave transmission time shown in equation
(13)) is derived. However, under actual physiological conditions, the two exhibit complex nonlinear characteristics. This study
employs a polynomial fitting method to establish a more precise mapping model, representing blood pressure P as a polynomial
function of PWTT: P=a,PWTT’ +aPWIT' +a,PWTT’ +...+a,PWTT" where a,a,..a, are fitting coefficients
determined by the least squares method. This method effectively approximates the nonlinear relationship between blood
pressure and PWTT, thereby improving the accuracy of blood pressure estimation.

II. B. Application Scenarios and Requirements Analysis

This paper designs a wearable multi-sensor physiological parameter monitoring system capable of measuring skin temperature
signals, electrocardiogram signals, and pulse wave signals on the human body surface. It enables real-time continuous
monitoring of physiological parameters such as body temperature, blood pressure, blood oxygen saturation, and pulse rate.
The obtained data can be applied not only to personal daily health monitoring but also to disease auxiliary diagnosis, drug
efficacy tracking, and related scientific research.

II. C. Opverall System Structure and Hardware/Software Design
II. C. 1)  Overall System Structure Design

The specific functions of this system at each layer are as follows:

(1) At the sensor layer: This system uses negative temperature coefficient (NTC) thermistors to collect human skin surface
temperature signals; fabric electrodes to collect ECG signals; photodiodes (PD) to collect PPG signals; and inertial
measurement units (IMU) to collect ACC signals.

(2) At the measurement level: The temperature information contained in the thermistor's resistance is converted into a
voltage signal across the thermistor through a voltage divider circuit structure that connects it in series with a reference resistor,
and then acquired via an analog-to-digital converter (ADC). The voltage signals collected by the fabric electrodes are
converted into ECG signals through an analog front-end circuit composed of an instrumentation amplifier circuit, hardware
filter circuit, and ADC. For PPG signal measurement, photodiodes receive light signals transmitted or reflected from human
skin tissue to generate pulse wave signals; ACC signals are measured using an inertial measurement unit based on Newton's
second law.

(3) At the processing level: Voltage signals are input into a temperature-voltage conversion formula fitted from a large
amount of experimental data to obtain temperature values; ACC signals synchronously collected with PPG signals are used to
provide motion artifact information, i.e., to determine the subject's motion state during measurement, then the PPG data is
filtered based on the motion state, and the synchronously collected ECG data undergoes the same processing. The processed
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PPG data is then input into a pulse rate calculation program to obtain the pulse rate value, input into a blood oxygen saturation
calculation program to obtain the blood oxygen value, and input together with the processed ECG data into a feature extraction
program to obtain a feature set for blood pressure prediction. Finally, the feature set is input into a trained machine learning
model to obtain the blood pressure prediction result.

(4) Transmission, display, and storage: This system uses low-energy Bluetooth (BLE) as the wireless communication
method between devices. The dongle serves as the host, while the ECG acquisition device, temperature acquisition device,
and pulse wave acquisition device serve as the clients. After the host receives data from the clients, it parses and packages the
data before sending it to the PC via a serial port. On the PC side, a host software application is developed using the Python
graphical user interface development library PyQt5. This software can display measurement results for body temperature,
blood pressure, blood oxygen saturation, and pulse rate on the main interface in either numerical or waveform format.
Additionally, the software can store various physiological parameters and raw signals in formats such as txt and xIsx.

II. C. 2) Overall System Hardware and Software Design

The system consists of hardware components including an electrocardiogram (ECG) acquisition device, a pulse wave
acquisition device, a skin temperature acquisition device, a data reception device, and a PC. The software components include
programs for each signal acquisition device, a program for the data reception device, and a host computer program. From the
perspective of the physiological parameters measured, temperature measurement is performed by a temperature acquisition
hardware device combined with its accompanying embedded program. Pulse rate and blood oxygen measurement is performed
by a pulse wave acquisition hardware device combined with its accompanying embedded program. Blood pressure
measurement results are output by the blood pressure monitoring software module in the host computer software, with the raw
signal information used by this module provided by the electrocardiogram acquisition device and pulse wave acquisition device.

II. D. Host Node Design Plan

The design scheme for the host computer node is shown in Figure 1. The host computer node consists of two parts: a Bluetooth
dongle that receives and forwards data, and a PC equipped with host computer software. In Bluetooth transmission, the dongle
acts as the host, receiving data sent from the temperature acquisition module, ECG acquisition module, and pulse wave
acquisition module. It then sends the received data to the PC via a serial port using DMA technology in a specific data format.
In addition to forwarding data, the host computer sends low-power commands to the dongle via serial port interrupts. After
parsing the received commands, the dongle sends these low-power commands to the specified data acquisition devices via
Bluetooth using write feature values.

For the host computer software on the PC, after configuring the corresponding serial port, Subthread 1 stores the data
received via the serial port into RAM and parses it. For the three pre-calculated physiological parameters—body temperature,
pulse rate, and blood oxygen saturation —the main thread directly displays them on the main interface in the form of waveform
charts and numerical values. For the two sets of synchronized data (one set consisting of ECG and acceleration data, and the
other set consisting of single-channel pulse wave and acceleration data), subthread 2 calculates blood pressure values through
a series of steps including data preprocessing, feature extraction, and blood pressure prediction, and displays the results in two
formats on the main interface via the main thread.

.
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Figure 1: The first machine node design case
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ITI. Classification prediction model based on hybrid neural networks
This model combines a convolutional neural network (CNN), a long short-term memory network (LSTM), and a multi-head
attention mechanism (MHA), and uses the Newton-Raphson optimization algorithm (NRBO) for parameter optimization [47]-
The CNN-LSTM-MHA model can extract features from electrocardiogram and blood pressure signals in terms of time series,
spatial, and feature relationships, significantly improving classification accuracy and model performance.

Overfitting is a common issue in machine learning and deep learning, referring to a situation where a model performs well
on training data but poorly on test data or unseen data. Solutions include increasing training data, simplifying the model,
regularization, and early stopping. To mitigate overfitting, this design employs Dropout regularization, batch normalization,
and the Adam optimizer to optimize the model.

(1) Dropout Regularization

Dropout is a regularization method used in neural network training to mitigate overfitting. Its core idea is to randomly
disable some neurons during training, forcing the network to rely on different subsets of neurons for training in each iteration.
This method effectively reduces the model's dependence on specific neurons, enabling the network to learn a wider range of
features and thereby enhance its generalization ability when handling unseen data, ultimately improving its performance on
new data.

During training, each neuron is retained or discarded with a certain probability p. The retention probability is p, and the
dropout probability is 1— p. For the neurons in the i th layer, generate a Bernoulli distribution random vector » with the
same dimension, where each element has a probability of p to be 1 and a probability of 1—-p to be 0. Multiply this random
vector by the neuron output element by element:

W=r0h (17)

Where £/ is the output of the i th layer neuron, and [J denotes element-wise multiplication.
In the testing phase, to ensure consistency of the output, the neuron output needs to be scaled by multiplying the retention
probability p by the output:

h=p-i (18)

(2) Batch Normalization

is a method of normalizing neural networks. It normalizes the input data before the activation function in each layer. This
makes the input distribution in each layer more stable, thereby accelerating training and improving model performance. Since
the mean and variance of each mini-batch are random during training, Batch Normalization has a certain regularization effect,
which can reduce dependence on Dropout. The calculation steps for Batch Normalization are as follows.

Calculate the mean and variance of the mini-batch. For layer [/, the mini-batch B ={x,,x,,...,x, }, where m is the size
of the mini-batch:

X, (19)

i

1 m
He =—
m i

1 &
O‘é = ;Z(Xi — Uy )? (20)
i=1

Standardize the input data so that its mean is O and its variance is 1.

I X — H
X = > 3‘ (21)
\O, +0

Here, o0 is a small constant used to avoid division by zero errors.
Learnable parameters y and g are introduced so that the standardized data has different means and variances.

v, =yx+p (22)

(3) Adam Optimization Algorithm

Adam is an adaptive learning rate optimization algorithm [48] that combines the advantages of momentum and RMSProp
optimization methods and is suitable for handling large-scale data and high-dimensional parameter optimization problems.
Adam adapts the learning rate for each parameter by calculating the first-order moment estimate and second-order moment
estimate of the gradient, enabling it to quickly find optimal parameters during training and significantly accelerate training
speed.

Detailed application process of the Adam algorithm:
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(1) Initialization

Initialize some variables and hyperparameters. The initial parameters of the model are 6, , the initial value of the momentum
termis m, = 0, the initial value of the root mean square propagation term is v, =0, the current iteration countis ¢ =0, and
the learning rate is typically set to « =0.001 by default. the decay rate for the first-order moment estimate is typically set
to B, =0.9 by default, the decay rate for the second-order moment estimate is typically set to 3, =0.999 by default, and
the small constant to prevent division by zero is typically set to 6=10" by default.

(2) Calculate the gradient

At each time step ¢, calculate the gradient of the loss function L(6,_,) with respect to the current parameters 6, ;:

g =Vo_L(@.) (23)

(3) Update the first-order and second-order moment estimates.
Update the first-order moment estimate m; and the second-order moment estimate v, :

m, = pm,_ +(1-p)g, (24)
Vi :ﬁzvt—l +(1_ﬂ2)gtz (25)

(4) Perform bias correction.
Perform bias correction on the first-order and second-order moment estimates to reduce the bias at the initial moment:

. m
m,=—"— (26)
1- ﬂl
. v
= — (27)
1- ﬂz
(5) Update parameters
Use the corrected moment estimates to update the parameters:
m
0,=0_-a : (28)

AV, tO

IV. Experimental analysis

1V. A. Physiological Signal Acquisition and Analysis

This study recruited five college students as subjects (designated A-E), including three males and two females, aged 18-22
years. The test values were the average of five measurements taken from each subject, and the reference values were the
measurements from the Mindray uMEC7 monitor.

The subjects' blood oxygen saturation, heart rate, and blood pressure data are shown in Table \1\ As shown in Table |1, the
blood oxygen saturation values of the 5 subjects ranged from 97.6% to 98.5%, heart rate from 66.3 to 76.1 beats per minute,
systolic blood pressure from 109.2 to 138.6 mmHg, and diastolic blood pressure from 65.5 to 86.7 mmHg, all within the
normal range for human distribution. Compared with the calibrated values of physiological parameters measured by the
Mindray uMEC7 monitor, the maximum relative errors of blood oxygen saturation, heart rate, systolic blood pressure, and
diastolic blood pressure measured by this monitoring system were 1.34%, 0.80%, 0.50%, and 1.87%, respectively. All test
errors were within 2.00%, validating the effectiveness of this system in measuring blood oxygen saturation, heart rate, and
blood pressure data.

This study analyzed the individual differences in the physiological data shown in Table \1. The results showed that the P-
values of the t-test analysis of the physiological parameter measurements of individual subjects were all less than 0.05,
indicating that there were significant differences in the physiological parameter values of individual subjects. On the one hand,
this was due to differences in the physiological parameters of subjects of different genders. On the other hand, it was because
the psychological and physical states of the subjects during the data collection process were different, leading to differences
in their physiological parameter values.
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Table 1: Blood oxygen saturation, heart rate and blood pressure data of the subjects

A B C D E
Test value 98.5 98.1 98.3 97.8 97.6
Blood oxygen saturation ;
% Nominal value 97.2 98.8 98.4 97.8 97.9
Y Relative error 1.34% 0.71% 0.10% 0.00% 0.31%
Test value 75.2 66.3 76.1 65.2 72.4
Heart rate /min Nominal value 74.6 66.1 76.3 64.8 72.5
Relative error 0.80% 0.30% 0.26% 0.62% 0.14%
Test value 138.6 109.2 136.2 110.3 125.5
Systolic pressure /mmHg Nominal value 139.3 109.6 136.5 110.7 125.0
Relative error 0.50% 0.36% 0.22% 0.36% 0.40%
Test value 85.3 86.7 78.4 65.5 75.6
Diastolic pressure 3
Nominal value 84.6 87.2 77.8 65.2 74.2
/mmHg
Relative error 0.83% 0.57% 0.77% 0.46% 1.87%

IV. B. Quality Assessment Performance Comparison
IV. B. 1) Comparative analysis of heart rate detection results

To evaluate the performance of CNN-LSTM-MHA, it was compared with algorithms based on manual features and
mainstream classification task models. The mainstream classification task models compared include ResNet, DenseNet,
MobileNetv2, ShuffleNetv2, and DNN for ECG signal classification. We have made every effort to manually tune the
hyperparameters of the aforementioned convolutional network models to their optimal levels, and these models were
implemented within the same framework as CNN-LSTM-MHA.

The comparison results of the CNN-LSTM-MHA algorithm with other methods on the wearable ECG dataset are shown
in Table \2\ The results in Table \2\ indicate that CNN-LSTM-MHA outperforms handcrafted feature-based algorithms across
all listed evaluation metrics. This may be due to the difficulty of handcrafted features in identifying ECG data that contains
noise but is of acceptable quality. Additionally, these handcrafted feature-based algorithms were modeled on small-scale
public datasets collected in hospitals, making them unsuitable for large-scale wearable ECG signal datasets collected by non-
professional operators.

Table \2\ also shows that CNN-LSTM-MHA outperforms the carefully constructed lightweight CNN model in all metrics
except inference time. CNN-LSTM-MHA achieves an ACC of 95.43%, an AUC of 97.16%, an F1 score of 94.13%, and an
MCC of 85.24%. The inference time of CNN-LSTM-MHA in the Android emulator is not the shortest; however, the
millisecond-level latency has minimal impact on user experience and still meets the real-time requirements for ECG signal
quality assessment on mobile devices. Additionally, compared to a DNN with 10 times more parameters, the AUC of CNN-
LSTM-MHA is only 0.29% lower.

Table 2: Comparison between other methods and CNN-LSTM-MHA on wearable ECG dataset

Method Params (K) | ACC (%) SEN (%) SPE (%) AUC (%) F1 (%) MCC (%) | FLOPs (%) | Time (ms)
Moody - 85.28 55.79 97.45 73.06 57.03 59.23 - -
SOIs - 86.16 76.04 88.96 87.99 89.62 60.65 - -
SOIs+SVM - 84.35 63.69 88.65 84.02 71.98 64.59 - -
Orphanidou - 88.17 88.23 76.64 92.74 85.75 64.49 - -
DNN 7256.34 90.32 97.18 92.62 97.45 85.82 77.85 - -
Resnet 78.62 85.16 86.44 94.15 84.58 91.22 78.58 34.52 46
Densenet 83.45 92.24 94.79 94.37 87.35 87.67 81.62 33.69 64
ShuffleNetv2 70.69 91.41 95.07 95.07 90.15 93.51 83.23 31.58 92
MobileNetv2 66.48 93.37 85.15 96.36 95.46 91.91 82.59 33.46 50
Ours 65.03 95.43 87.68 97.07 97.16 94.13 85.24 35.78 75

To comprehensively evaluate CNN-LSTM-MHA, experiments compared its performance against four existing quality
assessment methods on the PICC 2011 dataset. Comparisons were also conducted with the convolutional network model
described in the previous section. To validate the robustness of the proposed hybrid neural network CNN-LSTM-MHA
algorithm and arbitrary lead selection strategy, the same network architecture as the quality assessment models described in

the aforementioned experiments was employed. The experiments split the 12-lead ECG signals from the PICC 2011 dataset
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into 12 single-lead signal samples, assigning quality labels to each lead sample during training. During testing, the overall
quality score for the 12-lead ECG signal was obtained by averaging the quality scores of the 12 leads generated by the model
under the arbitrary lead strategy. Since the private test set of PICC 2011 is not publicly available, five-fold cross-validation
was employed for this experiment.

The performance comparison of the CNN-LSTM-MHA algorithm against other methods on the PICC 2011 dataset is shown
in Table \3\ The ACC of CNN-LSTM-MHA was slightly lower than that of Algorithm and Algorithm DW, potentially due to
differences between proprietary wearable ECG signals and PICC 2011 signals. CNN-LSTM-MHA was optimized using
ProxylessNAS on a wearable ECG dataset collected via the Mason-Likar lead system, whereas the PICC 2011 dataset was
acquired using the Wilson lead system. Nevertheless, CNN-LSTM-MHA still achieved higher ACC than other algorithms.
These results further validate the effectiveness of the proposed method.

CNN-LSTM-MHA achieved an ACC of 94.85%, AUC of 97.23%, F1 score of 94.96%, and MCC of 85.74%,
outperforming other lightweight CNNs across all metrics. Moreover, most of these lightweight CNNs still performed well in
the quality assessment of the PICC 2011 dataset, demonstrating the robustness of the proposed CNN-LSTM-MHA strategy.

Table 3: The performance of other methods and CNN-LSTM-MHA on PICC 2011 dataset

Method ACC (%) SEN (%) SPE (%) AUC (%) F1 (%) MCC (%)
Pan-tompkins 97.56 - - - - -
Hamilton 90.82 - - - - -
Martinez 90.52 90.38 90.18 - - -
Lourenco 92.41 89.45 96.84 - 85.22 -
DNN 94.36 85.74 90.66 97.58 94.63 84.56
Resnet 88.79 79.86 94.05 96.41 89.47 73.32
Densenet 92.46 75.42 99.16 96.03 91.57 82.09
ShuffleNetv2 82.84 66.49 85.78 84.66 83.64 52.46
MobileNetv2 90.63 7245 97.15 95.42 91.74 7749
Ours 94.85 87.37 96.08 97.23 94.96 85.74
Table 4: Comparison of blood pressure prediction results
Volunteer Measure method SBP DBP Dm+SD (mmHg)
Dm (mmHg) SD (mmHg) Dm (mmHg) SD (mmHg)
Moody 0.62 3.17 0.38 2.05
SOIs 0.36 2.59 0.23 1.81
SOIs+SVM 0.78 245 0.53 2.35
Orphanidou 0.45 2.61 0.42 1.86
Male DNN 0.22 3.21 0.33 2.22
Resnet 041 2.02 0.23 2.92
Densenet 0.95 2.71 0.11 2.87
ShuffleNetv2 0.43 2.39 0.47 2.63
MobileNetv2 0.85 2.16 0-39 2.34
Ours 0-09 1.21 0.05 1.47
Moody 1.62 1.85 1.43 1.89 8
SOIs 1.49 2.32 0-83 2.27
SOIs+SVM 1.43 1.97 1.31 2.31
Orphanidou 0.61 2.33 0.77 2.32
Female DNN 0-86 2.15 0.55 2.06
Resnet 1.66 2.41 1.31 2.15
Densenet 0.72 1.99 1.14 2.59
ShuffleNetv2 0.87 1.97 1.41 2.52
MobileNetv2 1.25 2.26 1.09 2.41
Ours 0.67 1.75 0.45 1.79

IV. B. 2) Comparative analysis of blood pressure prediction results
Further validation of the accuracy of the blood pressure monitoring system proposed in this paper. The comparison of blood
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pressure prediction results according to AAMI standards is shown in Table 4. This paper calculated two metrics for blood
pressure measurement as defined by the Association for the Advancement of Medical Instrumentation (AAMI): mean error
(Dm) and standard deviation (SD). As shown in the table, the Dm and SD values of all 10 methods meet AAMI requirements.
However, the absolute values of Dm and SD for the CNN-LSTM-MHA blood pressure prediction method proposed in this
paper are smaller than those of other blood pressure signal monitoring methods, indicating that the CNN-LSTM-MHA blood
pressure prediction method has higher accuracy. The minimum Dm and SD for blood pressure prediction are 0.05 and 1.21
mmHg, respectively, while the minimum Dm and SD for other blood pressure prediction methods are 0.22 and 1.81 mmHg,
respectively.

V. Conclusion

This paper investigates hybrid neural networks used in wearable monitoring systems for detecting arrhythmias and predicting
blood pressure trends. It proposes a classification prediction model based on hybrid neural networks and evaluates its
performance through experiments.

All participants' blood oxygen saturation values, heart rate, systolic blood pressure, and diastolic blood pressure conform to
the general distribution patterns of the human body, with testing errors within 2.00%, indicating the validity of the collected
data. In terms of heart rhythm detection, the CNN-LSTM-MHA method demonstrated the best overall performance,
outperforming other models in all metrics except inference time. Its ACC, AUC, F1, and MCC values were 95.43%, 97.16%,
94.13%, and 85.24%, respectively. On the PICC 2011 dataset, the CNN-LSTM-MHA method achieved ACC, AUC, F1, and
MCC values of 94.85%, 97.23%, 94.96%, and 85.74%, respectively, outperforming other lightweight CNN methods and
demonstrating better robustness. In terms of blood pressure prediction, the average error and absolute standard error of the
CNN-LSTM-MHA blood pressure prediction method in this paper are smaller than those of other blood pressure signal
monitoring methods, achieving the highest prediction accuracy.
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