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ABSTRACT. Traditional physiological state monitoring often relies on manual recordings
or non-real-time devices, which limits the ability to assess and analyse the physiological
state of an athlete or individual in real time at different exercise intensities. With ad-
vances in sports science and personal health management, there is a growing need for
devices that can remotely monitor, store large amounts of data and perform sophisticated
analyses. To address these two issues, this work proposes an exercise physiological health
monitoring system based on the OneNet IoT cloud platform and deep learning. Firstly,
through IoT technology, the monitoring device is able to collect and transmit physiological
signals (e.g., heart rate, blood pressure, and body temperature) to the OneNet cloud plat-
form in real time, which ensures the continuity and real-time monitoring, thus enabling
timely detection and response to health problems. Secondly, after uploading the data on
the OneNet cloud platform via the wireless data communication module, deep learning
algorithms (CNN-LSTM) are applied to the collected data to automatically identify ab-
normal patterns and provide a more accurate assessment of health status. In addition,
the performance of the deep learning model can be further improved by combining opti-
misation algorithms such as Particle Swarm Optimisation (PSO). Ezperimental results
show that the CNN-PSO-LSTM model improves the classification of physiological signals
by 3.8% compared to the benchmark experimental model. The designed system enables
coaches, athletes and medical professionals to access and analyse data regardless of their
location, enabling remote monitoring and assessment of athletes’ physiological status,
thus solving the problems of data silos and resource sharing in traditional methods.
Keywords: internet of things; OneNet; physiological signals; health monitoring; CNN;
PSO; LSTM

1. Introduction. Traditional methods for monitoring physiological status often rely on
regular physical examinations or data collection using bulky equipment, which is not only
inefficient but also difficult to achieve real-time monitoring and analysis [1, 2, 3]. In
addition, the processing and analysis of large amounts of physiological data is beyond
the capabilities of traditional methods [4]. With the development of exercise science and
personal health management, there is an increasing demand for the ability to remotely
monitor, store large amounts of data and perform complex analyses. Therefore, how
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to realise real-time and accurate monitoring of the physiological status of athletes and
fitness enthusiasts using state-of-the-art technology has become a hot topic for research
and application [5, 6].

With the rapid development of Internet of Things (IoT) technologies and deep learn-
ing algorithms, unprecedented opportunities and challenges have emerged in the field of
exercise physiological health monitoring. OneNet, as a representative of the IoT cloud
platform, provides powerful data collection, storage, and processing capabilities, which
make remote monitoring and analysis possible [7, 8]. In addition, the introduction of
deep learning techniques, especially the application of Convolutional Neural Networks
(CNN) [9, 10] and Long Short-Term Memory Networks (LSTM) [11, 12], has greatly
improved the ability to extract features and identify abnormal patterns from complex
physiological signals. After collecting a large amount of physiological data, it is a chal-
lenge to process them effectively and extract useful health information from them. Deep
learning models, especially CNNs and LSTMs, excel in processing complex physiological
signals and recognising patterns. By applying deep learning algorithms to the collected
data, the system is able to automatically identify abnormal patterns and provide a more
accurate assessment of health status.

The aim of this study is to develop a system capable of monitoring and analysing
physiological signals of an individual in an exercise state in real time by integrating the
OneNet [oT cloud platform [13, 14] and an advanced deep learning model. The system
combines the remote data collection and transmission capabilities of IoT and the efficient
data processing and analysis capabilities of deep learning, aiming to improve the accuracy
and real-time performance of physiological state monitoring. By monitoring key indicators
such as heart rate, blood pressure and body temperature, the system is able to detect
abnormal physiological signals in a timely manner, providing a scientific basis for health
management and training optimisation of athletes. In addition, this study also explores
how to further improve the performance of deep learning models in physiological signal
analysis by particle swarm optimisation (PSO) algorithm [15, 16]. By implementing this
comprehensive system on the OneNet cloud platform, we expect to provide an efficient
and reliable technical solution for sports science research, athlete health monitoring and
personal health management, as well as to open up new paths for research and application
in related fields.

1.1. Related work. Over the past few years, the application of [oT and deep learning
technologies in the field of health monitoring has made significant progress. Much research
has focused on the development of systems that can monitor and analyse physiological
signals in real-time in order to detect health problems and intervene in a timely manner.

Augustyniak [17] proposed a wearable device-based heart rate monitoring system that
assesses exercise intensity and health status by analysing heart rate data in real time. The
study showed that wearable devices have potential for real-time monitoring, but there is
still room for improvement in terms of accuracy and user compliance. Chandrasekaran
et al. [18] proposed a smartphone-based blood pressure monitoring method that remotely
monitors blood pressure by analysing sphygmomanometer readings taken by the user. Al-
though this method is convenient and easy to deploy, it relies on the accuracy of user inputs
and may be affected by subjective factors. Rai et al. [19] proposed a deep learning-based
method for detecting electrocardiogram (ECG) abnormalities. By training a CNN model,
the study successfully identified arrhythmia from ECG signals. This work demonstrates
the effectiveness of deep learning in processing physiological signals and identifying health
problems. Rabby et al. [20] presented the application of LSTM in predicting changes in
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blood glucose levels in diabetic patients. The ability of LSTM models to capture the long-
term dependence of blood glucose levels provides a new tool for diabetes management.
Dang et al. [21] proposed a comprehensive health monitoring system for the elderly by
combining [oT technology and cloud computing. The system not only monitors physiolog-
ical parameters but also provides health management recommendations by analysing the
data. Elmasry et al. [22] proposed the application of particle swarm optimisation (PSO)
algorithm in optimising hyperparameters of deep learning models. It was shown that the
PSO algorithm is effective in selecting the optimal network structure and parameters to
improve the performance of the model. Hanif et al. [23] proposed a deep learning-based
face recognition technique for monitoring sleep apnoea. The technique provides a new
approach for the diagnosis of sleep disorders by analysing facial expressions and small
movements to detect breathing patterns. Mohammed et al. [24] proposed an IoT-based
smart sports monitoring system that tracks athletes’ performance and physiological re-
sponses in real time. By analysing the collected data, the system provides personalised
training recommendations to the athletes.

1.2. Motivation and contribution. These studies show that IoT technologies, deep
learning algorithms and cloud computing platforms have great potential for application
in exercise physiological health monitoring. However, how to effectively combine these
technologies to improve the accuracy, real-time performance and user-friendliness of mon-
itoring remains an issue worthy of further research. The work in this paper is based
on these related studies and proposes an integrated solution that aims to address the
limitations of existing approaches and to advance the development of health monitoring
technologies. The main innovations and contributions of this work include:

(1) A physiological health monitoring system based on IoT and OneNet is designed with
data acquisition modules for temperature measurement, blood pressure measurement and
pulse measurement. A wireless data communication module supporting Wi-Fi communi-
cation and cellular network communication is designed to ensure data transmission from
the exercise physiological health monitoring device to the OneNet cloud platform.

(2) A CNN-PSO-LSTM deep learning model is proposed to conduct in-depth analysis
of heart rate, blood pressure, body temperature and other data stored in the OneNet
cloud to automatically and accurately detect abnormal physiological signals, providing a
scientific basis for health management and training optimisation of athletes.

2. Analysis of relevant principles.

2.1. Convolutional neural networks. CNN is a deep learning architecture that has
achieved remarkable success in areas such as image recognition, video analytics, and
natural language processing. The core idea of CNNs is to use convolutional layers to
automatically learn spatial hierarchical features from the input data, which makes them
well suited for processing data with a lattice topology, such as images and time-series
signals. In exercise physiological health monitoring, CNNs can be used to extract useful
features from physiological signals. For example, real-time monitoring of abnormal states
can be achieved by training a CNN model to recognise abnormal patterns in pulse signals.
CNNSs typically consist of the following layers:

(1) Convolutional Layer: Local features of the input data are extracted by means of a
convolutional kernel (or filter). Convolutional operations capture the spatial dependence
of the data while reducing the number of parameters and the risk of overfitting. To make
full use of the local features of an image, a neuron is usually described as a M x N x D
neural layer consisting of D feature maps of size M x N. The 3D structure of the
convolutional layer is shown in Figure 1. Z? denotes the output of the p-th neuron in the
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Z layer, WP denotes the weight matrix of the neuron, 0 denotes the bias of the neuron,
and P denotes the number of neurons, that is, the number of output features.

Convolution Feature mapping group X*  Feature mapping Feature mapping group Y?

kernel WP 7 f”p X

M

=

s

Figure 1. Three-dimensional structure of convolutional layers

D

(2) Activation Function: Usually followed by a convolutional layer that introduces
nonlinear factors to enable the network to learn more complex features. reLU (Rectified
Linear Unit) is one of the most commonly used activation functions.

(3) Pooling Layer: also known as the down-sampling layer, used to reduce the spatial
size of the data, improve computational efficiency, and provide a certain degree of spatial
invariance.

(4) Pooling Layer: also known as the down-sampling layer, used to reduce the spatial
size of the data, improve computational efficiency, and provide a certain degree of spatial
invariance.

Each neuron in the convolutional layer focuses on only one local region of the input
data, which mimics the local receptive field in the biological visual system. In the con-
volutional layer, the weights of the same convolutional kernel are shared over the entire
input data, which greatly reduces the number of parameters in the model. Through pool-
ing operations, the CNN is able to remain invariant to small translations, rotations and
scaling in the input data.

2.2. Recurrent neural networks. RNN is a neural network for processing sequence
data that is able to capture the dynamics of the information at each time point in the
sequence by using the output of the previous time point as part of the input of the current
time point [25]. The core of the RNN is a hidden layer that stores the information from
the previous time points in the sequence. This structure allows RNNs to excel in tasks
such as speech recognition, natural language processing and time series analysis.

The state update method for the RNN hidden layer can be represented as [26]:

he = f (Whnhi—1 + Wepxy + by) (1)

where h; is the hidden state at the current time step; h;_; is the hidden state at the
previous time step; x; is the input at the current time step; Wpy, W, are the weight
matrices from the hidden layer to the hidden layer and from the input to the hidden
layer, respectively; by is the hidden layer bias; f is usually a nonlinear activation function
such as tanh or ReLU.

The RNN output layers are

Yy = Whyht + by (2>

where y; is the output of the current time step; W5, is the weight matrix from the hidden
layer to the output layer; b, is the output layer bias.

LSTM is a special type of RNN designed to solve the long-term dependency problem
during RNN training. It regulates the inflow, retention, and outflow of information by
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introducing three control gates (forgetting gate, input gate, and output gate) to enable
the network to better learn long-term dependencies in sequential data.
The Oblivion Gate determines which information is discarded.

fe =0 Wy [hi1, ] + by) (3)

where o is the sigmoid activation function; W; is the weight matrix of the forgetting gate;
h;_1 is the hidden state of the previous time step; x; is the input of the current time step;
by is the bias term of the forgetting gate.

Input gates determine which new information is stored in the cell state.

it =0 (Wz : [ht—la l’t] + bz) (4)
Cy = tanh (We - [hy_1, 2] + be) (5)

where 7; is the activation value of the input gate; C, is the candidate cell state; W; and
W¢ are the corresponding weight matrices; b; and bc are bias terms.
The way to update the cell state is shown below:

Cy :ft*ct—1+it*ét (6)

The cell state C; is updated by weighting the previous cell state C;_; with a forgetting
gate and adding the new input weighted candidate cell state.
The output gate determines the next hidden state.

op =0 (W, - [hi—1,z¢] + o) (7)
hy = oy * tanh (C}) (8)

The output gate o; determines how much information from the cell state C; will be output
to the hidden state h;. The hidden state is the output of the LSTM network, which
contains information from the current time step and context information from previous
time steps.

These core principles and formulations form the theoretical basis for the application of
recurrent neural networks and their variant LSTM in the field of exercise physiological
health monitoring. LSTM is able to efficiently transfer information in long sequences and
maintain long-term dependencies by means of well-designed gating mechanisms. LSTM
is able to efficiently process and predict time-series data in applications such as exer-
cise physiological health monitoring, e.g., heart rate, through the above mechanisms, step
frequency and other dynamically changing physiological signals. It is able to recognise ab-
normal patterns, such as abnormal heart rate, and thus provide early warning of potential
health problems.

2.3. Physiological signalling theory. Physiological signals play a key role in exercise
physiological health monitoring, particularly blood pressure and pulse signals. These
signals can provide important information about an individual’s cardiac function and
circulatory status.

Body temperature is an indication of the body’s internal heat balance and is usually
measured through the mouth, armpit or rectum. Abnormal changes in body temperature
may indicate disease or other health problems. Blood pressure is the pressure exerted by
blood against the walls of blood vessels and is usually expressed as Systolic BP and Dias-
tolic BP. Measurement of blood pressure is essential for assessing cardiovascular health.
Pulse signals, on the other hand, are closely related to the body’s circulatory system and
can provide information about vascular function and blood flow status. The normal quiet
heart rate in adults is 60 to 100 beats per minute, and the ideal heart rate is 55 to 70
beats per minute.
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In exercise physiological health monitoring, by analysing the above physiological signals,
an individual’s exercise response, fatigue level and recovery status can be assessed.

3. Design of a physiological health monitoring system based on IoT and OneNet.

3.1. Overview of system hardware design. The proposed exercise physiological health
monitoring system aims to achieve real-time monitoring and analysis of physiological sig-
nals, such as body temperature, blood pressure, and body temperature, of individuals
during exercise. The hardware system must be designed to ensure that these physio-
logical signals can be accurately and stably captured, and the data can be transmitted
and processed through the OneNet IoT cloud platform in order to realise the remote
monitoring and early warning functions.

In the physiological health monitoring system based on the OneNet cloud platform,
hardware design is the basis for physiological parameter acquisition and wireless data
transmission. The main goal of the system hardware design is to ensure the accuracy,
real-time and reliability of data acquisition, while maintaining the low power consumption
and portability of the system. The system hardware is mainly composed of the following
parts:

(1) Physiological signal acquisition modules: responsible for collecting physiological
parameters such as body temperature, blood pressure and pulse. These modules usually
include various sensors and signal conditioning circuits, such as infrared temperature
sensors, pressure sensors and photoelectric pulse sensors.

(2) Data storage and processing module: the collected analogue signals need to be
processed by amplification, filtering and analogue-to-digital conversion, and then the mi-
crocontroller (MCU) will process and store the digital signals.

(3) Wireless communication module: the processed data is sent to the OneNet cloud
platform through the wireless module. The wireless module adopts Wi-Fi technology.

Through the comprehensive consideration of the above core components and design
points, our goal is to build an efficient, accurate and portable exercise physiological health
monitoring system, which can not only provide users with real-time health monitoring
services, but also achieve long-term data storage, analysis and remote medical consultation
through the cloud platform, providing powerful support for users’ health management.
The specific design and implementation of each hardware module will be described in
detail next.

3.2. Temperature measurement module design. There are two main methods of
temperature measurement, contact and non-contact. Contact measurement methods,
such as using a mercury thermometer or an electronic thermometer, require direct con-
tact with the human body, while non-contact measurement, such as an infrared ear ther-
mometer, does not require direct contact with the human body. For sports physiological
health monitoring systems, non-contact measurement methods are more appropriate be-
cause they are not only fast and convenient, but also reduce the risk of cross-infection.
Considering that real-time monitoring of an athlete’s body temperature during training
or competition is crucial to avoid health risks associated with overheating, this module
uses non-contact infrared temperature sensing technology to ensure a non-invasive and
continuous measurement process.

Non-contact infrared temperature sensors are a widely used technology for body tem-
perature monitoring today. It is based on the principle that the energy of infrared radia-
tion emitted by an object is proportional to its surface temperature, and measures body
temperature by capturing infrared radiation emitted from the surface of the human body
(e.g. forehead). Infrared thermometry is mainly based on the blackbody radiation law.
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M. Planck’s theorem gives the relationship between the spectral radiant power and the
absolute temperature, T. The theorem is based on the blackbody radiation law.

C1 1
POT) = 5 —7— (9)

where P(AT') denotes the radiation outgoing degree of the blackbody; A denotes the
wavelength; T' denotes the absolute temperature; ¢, cy denote the radiation constants.
According to Planck’s theorem, the relation curve in Figure 2 can be obtained.
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Figure 2. Spectral analysis of black body radiation

As can be seen from the figure, the higher the temperature 7', the greater the degree
of radiation emission, that is, the stronger the energy of radiation. The higher the tem-
perature T', the more to the left of the peak of the radiant energy appears, that is, the
direction of the short wavelength. According to the theorem, the blackbody radiance is
proportional to the fourth power of the temperature 7T'.

P(T) = oT* (10)
where P,(T) denotes the total radiance, i.e., the total radiant energy radiated from the

unit area of the blackbody when the temperature is T'; o denotes the Stefan-Boltzmann
constant.

P(T)
€= 11
By(T) =
where ¢ is the emissivity, which characterises the ratio of radiances.
P(T) = ePy(T) = eoT* (12)

The temperature of the measured object is.

T (P(T))i (13)

0

The human body mainly radiates infrared waves at a wavelength of 8~11 pm, and
to accurately measure the body’s temperature it is sufficient to pass through the body’s
radiant energy. In temperature measurement, the sensor needs to be calibrated to the
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specific emissivity of the body, which is usually assumed to be 0.98. The infrared radiation
captured by the sensor is calculated and converted by the inbuilt microprocessor and the
final output is the Celsius temperature value.

The MLX90614, an infrared temperature sensor with high accuracy and fast response
characteristics, was chosen to provide medical-grade temperature measurement accuracy
(£ 0.2 °C). The signal captured by the infrared sensor needs to be processed by analogue-
to-digital converter (ADC) and digital filtering technique to remove possible noise inter-
ference to ensure the accuracy of the data.

3.3. Design of the blood pressure measurement module. Blood pressure measure-
ments are usually made using the oscillometric method, a method that indirectly measures
blood pressure by detecting vibrations caused by blood flow as the cuff pressure changes.
When the cuff is inflated beyond the patient’s systolic pressure, blood flow is blocked. As
the cuff pressure is gradually released, blood begins to flow again and vibrates against the
vessel walls with each heartbeat. These vibrations are detected by the pressure sensor
and converted into electrical signals, which are subsequently analysed by signal processing
algorithms to determine systolic and diastolic blood pressures.

The vibration signals captured by the pressure transducers are fed into a signal pro-
cessing module which analyses the changes in intensity and frequency of the signals to
determine the systolic and diastolic pressures. The relationship between blood pressure
and vibration frequency is shown below:

f=* (14)

where f is the vibration frequency, v is the blood flow rate, d is the diameter of the artery.

The blood pressure measurement module uses the MPX5050GP blood pressure mea-
surement sensor, an integrated pressure sensor from NXP Semiconductors designed to
measure a wide range of pressures and ideally suited for implementing blood pressure
measurements. The MPX5050GP sensor provides a stable and reliable pressure mea-
surement solution for non-invasive blood pressure monitoring systems. blood pressure
monitoring systems. The sensor’s linear voltage output simplifies the interface with mi-
crocontrollers, making signal reading and processing more efficient. This, combined with
its fast response time and wide operating temperature range, ensures measurement ac-
curacy and reliability in a variety of environments and sporting conditions. In the blood
pressure measurement module, the MPX5050GP can be installed in the trachea tube con-
nected to the cuff for real-time monitoring of pressure changes inside the cuff. The main
performance parameters of the MPX5050GP are shown in Table 1.

Table 1. MPX5050GP Main Performance Parameters

Parameters Descriptions
Model number MPX5050GP
Producers NXP Semiconductors
Pressure range 0 kPa to 50 kPa
Output signal Linear voltage output, 47 mV /kPa
Supply voltage 4.75V to 5.25V
Accurate +2.5% maximum error (temperature range 0 °C to 85 °C)
Response time Not more than 1 ms

Operating temperature range -40°C to +125°C
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3.4. Pulse Measurement Module Design. To implement the design of the pulse mea-
surement module, Maxim Integrated’s MAX30102 was selected as the key component.
The MAX30102 is an integrated pulse oximetry and heart rate monitoring sensor that
combines PPG and heart rate monitoring. The PPG technology utilises the principle of
absorption or reflection of light to detect changes in the volume of blood that This results
in a pulse waveform. When the heart contracts, blood is pumped into the arteries, result-
ing in an increase in the volume of blood in the vessels, which accordingly absorbs more
light; when the heart diastoles, the volume of blood decreases and less light is absorbed.
By monitoring the change in light intensity through the skin, the pulse waveform can be
obtained and the heart rate calculated.

The MAX30102 has built-in red and infrared LEDs for emitting different wavelengths
of light suitable for oximetry and pulse measurements. The MAX30102 supports an
I?C interface for easy communication with a wide range of microcontrollers (MCUs).
The MAX30102 detects light passing through the user’s skin through its built-in LEDs
and photosensitive detectors, enabling monitoring of pulse fluctuations and blood oxygen
levels. This process does not require direct contact with the blood, providing a safe
and comfortable way for users to monitor. By analysing the captured PPG signal, heart
rate and blood oxygen saturation can be calculated, providing important data for sports
physiological health monitoring.

Analysis of the pulse waveform can provide important information such as heart rate
(HR). Heart rate can be calculated by measuring the time interval (7'T") between two
consecutive pulse waveform peaks in the PPG waveform as shown below:

60
HR = — 1
R= (15)

where HR is the heart rate (beats per minute) and 77 is the time interval (in seconds)
between two consecutive pulse wave peaks.

3.5. Wireless Data Communication Module Design. This work designs an efficient,
stable and low-power wireless data communication module to ensure delay- and loss-free
data transmission from the exercise physiological health monitoring device to the OneNet
cloud platform. The module needs to support Wi-Fi communication and cellular net-
work communication to facilitate applications in different environments, including out-
door sports, gym training, etc. The wireless module should be able to automatically adapt
to different network environments, such as automatically switching to cellular networks
when the Wi-Fi signal is weak, to ensure the continuity of data transmission.

The low-cost Wi-Fi module uses the ESP8266 manufactured by Espressif Systems. The
ESP8266 has a built-in TCP/IP stack that allows easy connection to the Internet and
supports multiple encryption modes to ensure secure data transmission. The ESP8266
pins are illustrated in Figure 3. The cellular network modules use SIM800L, which sup-
ports GSM/GPRS networks and can provide stable data transmission capability in areas
lacking Wi-Fi coverage. They are equipped with a small SIM card slot that enables re-
mote data communication. The data collected from the sensors is packaged into a JSON
format suitable for transmission so that it can be parsed and processed by the cloud plat-
form. Finally, the data packets are sent to the OneNet cloud platform via protocols such

as HTTP/HTTPS or MQTT.

3.6. OneNet Cloud Platform Application Design. The OneNet cloud platform ap-
plication design is the core of the entire exercise physiological health monitoring system,
which is responsible for collecting, storing, processing and analysing data from the hard-
ware devices and providing a user interface for medical personnel and users to access and
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Figure 3. Description of ESP8266 Pins

interpret the data. The OneNET cloud platform provides rich API interfaces, which can
be invoked via HTTP/HTTPS. The OneNET cloud platform The resource model diagram
is shown in Figure 4.

User

v v
Product Product Product

Device | Device | Device Master Apikey Trigger | | Trigger Application

Apikey || Apikey

Trigger

Application

Data flow || Data flow || Data flow

Apikey

Figure 4. OneNET Cloud platform resource model diagram

The core functions of the OneNet cloud platform application include data storage,
data processing and analysis, and alarm mechanism. Firstly, a stable and reliable data-
base is established through MySQL for storing the collected physiological data, such as
heart rate, blood pressure, and body temperature, as well as timestamps and device in-
formation. The data model and indexing strategy are optimised according to the data
type and access frequency. Then, data analysis and machine learning model development
were performed using integrated open source tools (Python’s Pandas and Scikit-learn li-
braries). Data preprocessing includes data cleaning, formatting and outlier handling. The
machine learning based time series anomaly detection model will be described in detail
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subsequently. Finally, alerts are generated based on preset thresholds or analysis results,
and users or healthcare professionals are notified in a timely manner via email, SMS, or
in-app notifications. SSL encryption, authentication and authorisation mechanisms are
implemented to protect user data and privacy.

4. Model for monitoring abnormal physiological signals during exercise.

4.1. CNN-PSO-LSTM model. The main objective of designing the CNN-PSO-LSTM
model is to utilise the feature extraction capability of CNN| the time series data processing
capability of LSTM, and the optimisation mechanism of the PSO algorithm in order to
achieve efficient monitoring of abnormalities of physiological signals (e.g., heart rate, blood
pressure, and body temperature) during exercise.

CNN part: used to automatically extract features from physiological signal data. The
CNN layer captures local features in the signal through convolutional operations and re-
duces the number of parameters and computational complexity through pooling layers
to obtain higher level abstract features. PSO algorithm: used to optimise the param-
eter selection of the LSTM model. PSO is an optimisation algorithm based on group
intelligence, which simulates the social behaviour of a flock of birds to find the optimal
solution. In the CNN-PSO-LSTM model, PSO is used to optimise the hyperparameters of
the network to improve the performance of the model. LSTM part: processes the feature
sequences extracted through CNN [27, 28]. LSTM effectively processes and remembers
the long-term dependent information through its special gating mechanism, and is suit-
able for analysing the dynamic changes in the time-series data and predicting the future
state.

CNNs are used to automatically extract spatial features from raw physiological signals.
Suppose there is an input data X € R¥"_ where d is the feature dimension and n is the
sequence length. The CNN extracts the features by means of a convolution kernel.

(X«W)+b=2 (16)

where * denotes the convolution operation, W is the weight of the convolution kernel, b
is the bias term, Z is the output of the convolution layer.

PSO is used to optimise the hyper-parameters of the LSTM network such as the learning
rate and the number of neurons in the hidden layer. The PSO algorithm iteratively
updates the position and velocity of the particles:

Ul(?rl) _ wvz(f]? + ey (pbestgf])- — xE?) + cory (gbestj — xi?) (17)
D = 50 4 D (18)

where v; ; is the velocity of the i-th particle in the j-th dimension; w is the inertia weight;
c; and cp are the learning factors; r; and ry are the stochastic factors; pbest;; is the
personal best position of the particle ¢ in dimension j; gbest; is the global best position.

4.2. Monitoring of physiological signal abnormalities. Before training the model,
the physiological signal data first need to be preprocessed to ensure the data quality and
adapt to the model input requirements. Then, based on the characteristics of time series,
the data are partitioned into training set, validation set and test set for model evaluation
and selection.

The preprocessed data were trained using CNN-PSO-LSTM model. Time series fea-
tures of physiological signals are extracted by CNN layer. The combination of convolution
operation and activation function helps to capture local features and nonlinear relation-
ships. Particle swarm optimisation algorithm is applied to tune the hyperparameters of
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the LSTM layer including learning rate, number of neurons in the hidden layer. Sequen-
tial learning of features using LSTM layer and optimisation of network weights by back
propagation algorithm:

oL

where W is the network weight; a is the learning rate; L is the loss function.
L=-) (ylog(h)+(1—y)log(l—h)) (20)

where y is the true label; h; is the output of the model at time t.

After training, the model is used to detect anomalies in the new physiological signal
data. Let y; be the physiological signal value predicted by the model, and y“ be the
actual observation, the anomaly detection can be defined as: D; = }yt — yaetual| if D,
exceeds the preset threshold, the anomaly is considered to be detected at time ¢.

Through the above steps, the CNN-PSO-LSTM model combines the advantages of the
three, which can not only effectively extract the features of the physiological signals, but
also adaptively optimise the model parameters and accurately analyse the time-series
data, so as to realise the efficient monitoring of abnormal physiological signals in the
exercise state.

5. Experimental results and analyses.

5.1. Benchmark experimental model. In order to further validate the experimental
performance of the proposed new model, this paper sets up a benchmark experiment
based on the traditional simple CNN and establishes a benchmark model [29]. The CNN
model adopts the alternation of convolutional layers and pooling layers, and the model
base includes four convolutional layers, three pooling layers and a fully connected layer
containing 128 nodes, and ultimately achieves classification. As shown in Table 2, a list
of parameters of the baseline model is shown. The model construction process kind of
uses the tfkeras high-level interface, with a total of 30 training rounds, a batch size of
128, and a share of the test set of 0.3.

Table 2. CNN Baseline Model Parameters

Storey Convolution kernels Output
Number size size
Convolutional layer 1 4 21*1 300*4
Pooling layer 1 4 3*1 150*4

Convolutional layer 2 16 23*1 150*16
Pooling layer 2 4 3*1 75*16
Convolutional layer 3 32 25%1 75%32
Pooling layer 3 4 3*1 38%32
Convolutional layer 4 64 27*1 38%64

5.2. Verification of PSO optimisation effect. In the initialisation process of PSO
parameters, it is necessary to set the relevant parameters, mainly including the number
of particles in the population, the learning factor, the maximum number of iterations and
the inertia weights of the four parameters [30], the PSO algorithm initialisation parameter
settings are shown in Table 3.

The fitness curves can be used to evaluate the search performance and result quality
of PSO algorithm and provide reference for the hyper-parameter adjustment during the
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Table 3. Initialisation parameter Settings of PSO algorithm

Population size Maximum number of generations Learning factor Inertial weights

10 10 [1.5, 1.5] 0.9, 0.4]

optimisation process. The results of the fitness curves of PSO algorithm to optimise the
LSTM model are shown in Figure 5.
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Figure 5. Fitness curve results of LSTM model optimised by PSO

It can be seen that when iterating to the 4th generation, the algorithm converges
rapidly, and when iterating to the 6th generation, the fitness value is close to 0.071, which
is already in a converged state, and no more substantial changes occur, and the algorithm
is close to the optimal solution, which indicates that the PSO optimisation algorithm has
significant effect and stability for optimising the hyperparameters of the LSTM model.

5.3. Model comparison. Based on the test results of the two models, Accuracy, Pre-
cision, Recall and Micro-F1, a total of 4 evaluation indexes were calculated, as shown in
Table 4. It can be seen that the direct processing of physiological signals through the
CNN model has obtained a very high accuracy rate, with an average accuracy rate of
92.8%. And the improved model still has some improvement for the classification of phys-
iological signals, with an improvement of 3.8%. Overall, the new model has significantly
enhanced the recognition ability for physiological health signals, and there is also some
improvement in the overall recognition rate.

Table 4. Model evaluation indicators

Evaluation indicators CNN CNN-PSO-LSTM

Accuracy 0.9127 0.9443
Precision 0.9269 0.9691

Recall 0.9169 0.9509
Micro-F1 0.9267 0.9599

Average value 0.9208 0.95605
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6. Conclusions. In this work, an IoT system based on OneNet and CNN-PSO-LSTM
is proposed to provide real-time and accurate exercise physiological health monitoring. A
physiological health monitoring system based on IoT and OneNet is designed with data
acquisition modules such as temperature measurement, blood pressure measurement and
pulse measurement. A wireless data communication module supporting Wi-Fi communi-
cation and cellular network communication is designed to ensure data transmission from
the exercise physiological health monitoring device to the OneNet cloud platform. Sec-
ondly, a CNN-PSO-LSTM deep learning model is proposed to deeply analyse the heart
rate, blood pressure, body temperature and other data stored in the OneNet cloud to
automatically and accurately discover abnormal physiological signals. The experimental
results show that the PSO optimisation algorithm has significant effect and stability for
optimising the hyperparameters of the LSTM model. For the classification of physiolog-
ical signals, the average evaluation index of CNN-PSO-LSTM is improved by 3.8% to
95.61% compared with the CNN model. As the number of IoT devices increases, edge
computing provides an effective way to alleviate the pressure on the cloud and reduce the
latency of data transmission. Follow-up research plans to deploy deep learning models
to edge devices for local data processing and analysis, which can enable more real-time
health monitoring and alerting.
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