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Abstract

A framework known as "smart healthcare” makes use of technologies like wearable's, and the Internet of Medical Things (1oT), In
order to intelligently manage and respond to the needs of the health environment, we need to combine data, machine learning
algorithms, wireless communication technology, and the Internet of Things (1oT) to link people, resources, and organizations; make
health records easily accessible; and share the data widely. Medical sensors, or 10T, are one of the key components of smart
healthcare. Due to the complexity of illnesses, Disease diagnosis often necessitates the use of multiple types of medical signals. The
most crucial concern when employing multimodal signals is how to fuse them, which is a topic of growing interest among researchers.
The newest generation of personal portable gadgets for telemedicine practice is wearable health monitoring systems. However, due to
the inapplicability of the building process used for standard semiconductor equipment, wearable healthcare equipment research and
commercialization are currently progressing at a very sluggish rate. Despite these obstacles, developments in materials flag, chemical
analysis techniques, apparatus, and manufacturing processes created a groundwork for whole new wearable technology, which has
continued to evolve.

Keywords- Wearable sensors, Healthcare, Medical system.

l. INTRODUCTION

For millions of years, people have suffered from health issues. Having a disease may be extremely painful and anxious [1-3].
Traditional healthcare services necessitate highly skilled staff and robust testing equipment, which forces patients to visit the hospital
each time they seek medical attention [23]. One of the most active research topics right now is wearable electronics. As a result, the
importance of creating next-generation wearable technologies is rising in both academia and industry. These technologies can take a
number of forms, including smart clothing, watches, bands, patches, wristbands, eyeglasses, and electronic skin, among others. The
core of wearable electronics technology, wearable sensors, are often interfaced with the human body by either laminating onto the
skin's surface or embedding in body-worn textiles and other consumer goods [25]. These sensors can track a variety of physical,
chemical, or biological health-related signals, including body temperature, skin mechanics, breathing patterns (such as rate and depth
of respiration), pulse rate, blood pressure, body motion, muscle movement, electrophysiological signals, levels of biomolecules, body
odor, etc. Wearable sensors and electronics are one of the most recent innovations that have generated a lot of attention due to their
ability to continuously monitor people's health [25]. On flexible substrates, a broad range of chemical, physical, and optical sensors
are individually or collectively integrated with complementing circuits for signal conditioning and data readout. Data are wirelessly
communicated to nearby computer equipment or on the cloud, where they are examined by medical specialists, who then issue the
appropriate commands based on the patient's health circumstances [24]. With fast, remote, wearable, and portable characteristics,
wearable flexible electronic technology will revolutionize medical equipment and alter conventional diagnostic procedures. Wearable
medical devices have greatly benefited from the fast advancement of electrical sensors and flexible electronic technologies. The
advantages of wearable healthcare systems are exceptional instantaneity, adaptability, additionally, compatibility with large-area
processing technologies. Distinctive wearable system configurations have emerged in recent years. Sensing materials and device
structures have proven to be highly sensitive in simulating human somatosensory systems, allowing for the tracking of biophysical and
biochemical signals such as body temperature, blood pressure, body movements, metabolites, functional proteins, and
oligonucleotides with minimal effort and no surgical intervention. Wearable healthcare gadgets not only improve one's health but also
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greatly contribute to the advancement of medical technology by collecting massive amounts of data and combining systemic
information about human health. [23]. The wearable device sector is growing quickly, but the development of wearable healthcare
systems with real-world applications is lagging. The following problems might be to blame. The healthcare system's primary need is
to be skin- or body-friendly, making it suitable for wear. In addition, it must be resistant to wear and tear. Therefore, the widespread
use of brittle materials with integrated circuit technology in the semiconductor industry is impractical. As a second point, the human
body is very complex. During the monitoring process, the sensing device may be exposed to a number of different stimuli at once. So,
it's important to be able to tell apart desirable from irrelevant traits. Despite these obstacles, wearable bio-signal sensing technology
has been developed over a long time to meet the growing need for virtual reality, continuous fitness tracking, and health monitoring
[23]. Concerns about expanding the device's capabilities have increased the need for system integration, especially among wearable
medical devices. In reality, state-of-the-art wearable medical systems have been extensively used for everything from head to toe,
including the non-invasive real-time monitoring and analysis of human physiological health indicators like blood pressure, respiration,
metabolites, and wound healing [23]. The Internet of Medical Things (IloMT), edge and cloud computing, 4G/5G/6G wireless
connectivity, and the users are all included in the smart healthcare system>

1. METHODS USING VARIOUS SENSORS TO MONITOR HUMAN HEALTH

A. Internet of Medical

Things (IMoT) technologies [1] The use of a database specifically designed to detect falls serves as a benchmark for evaluating the
efficacy of wearable sensors as part of the Internet of Medical Things platform. There are four ways to evaluate the reliability of
databases (artificial neural network, k closest neighbor, support vector machine, and kernel Fisher discriminant). This database was
constructed using information gathered in the field by three tri-axial sensors. When we last left off, we were talking about how the
wearable device-based database would be set up, what the data naming rules would be, and how the data would be collected. The raw
characteristics may be broken down into the following three groups: a high sample size (9,379 data points from 50 participants); a
wide variety of behaviors (11 types of ADL and 4 types of falls); the authenticity of the recorded activities; accurate information; and
a well-

organized framework. because there was more room for data in the warehousethe measuring system consists of a computer and a
wearable sensor unit that keeps track of a person's ADLs and falls. For precise readings, the individual wears sensing equipment that
includes a gyroscope, an accelerometer, and a magnetometer. The low-pass filter is linked to three sensors. With nine-axis sensors,
data collection is feasible. To measure the performance of wearable sensors as part of the Internet of Medical Things infrastructure, a
database created for the sole purpose of identifying falls is used as a reference point. There are four ways to evaluate a database's
reliability (artificial neural network, k closest neighbor, support vector machine, and kernel Fisher discriminant). In-field information
from three tri-axial sensors was used to compile the database. After introducing the measuring system and the activities being
assessed, we moved on to discussing the wearable device-based database setup, data naming standards, and data collecting methods.
The raw characteristics may be broken down into the following three groups: a high sample size (9,379 data points from 50
participants); a wide variety of behaviors (11 types of ADL and 4 types of falls); the authenticity of the recorded activities; accurate
information; and a well-organized framework. because there was more room for data in the warehouse. It is possible to obtain
information from nine-axis sensors.

electrocardiogram (ECG) signals, electromyography (EMG) signals, motion posture, body temperature [6] Integrating the Internet of
Things and Wearable Sensors for Use in Athletic Rehab. With the help of the Internet of Things, we were able to create a tracking
system that not only monitors ECG and EMG signals but also movements posture, core temperature, and other physiological
indicators necessary for the rehabilitation training process. a sports rehabilitation monitoring system built on a foundation of wearable
sensors and loT technologies. To meet the needs of physiological parameter tracking during rehabilitation training, an loT-based
monitoring system was developed that includes electrocardiogram (ECG) signals, electromyography (EMG) signals, motion posture,
body temperature, and other physiological parameters. This was accomplished by building a terminal node for monitoring sensory
sensor sensors. Wearable inertial sensor systems (accelerometer (Accle), gyroscope sensors) [7] Wearable sensor networks with the
Internet of Things for sports-related health monitoring are computationally efficient. assisted by the fog Using computationally
reliable wearable sensor networks, loT-based health monitoring systems for athletes have been built (FCEWSN). Researched the
effectiveness of wearable monitoring devices for monitoring physiological variables during exercise. The data from the sensors is also
sent to the 10T connection system's Ethernet module, where authorized users may access it online to keep tabs on the athletes' well-
being. Using computationally reliable wearable sensor Networks, fog-assisted loT-based health monitoring systems have been
developed for athletes (FCE-WSN). A fog layer formed at an entry point to the health monitoring system, causing delays that were
both effective and brief. The suggested queuing model has been evaluated and cross-validated using simulation data. In order to
determine the severity of an event, the number of times it occurs on the fog layer is tracked in real-time. In the context of
chronological facts, many events are linked to wise decision-making. The cloud service recipient's access to this data is crucial for
treating patients.IMU sensors (3D accelerometer and 3D gyroscope) [12] The efficacy of treatment may be more benefit by using real-
time feedback systems. The architectures of the therapist, user, and cloud system feedback systems are defined and examined.
Rehabilitation treatment was carried out using swimming sessions as a foundation. According to the outcomes of field testing, the
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recommended sensor and real-time therapist feedback implementation supply adequate precise, and reliable data for effective
assessment of bathing parameters, such as stroke time and stroke rotation angle symmetry. The feasibility of creating an affordable
system for real-time monitoring, assessment, and therapist interaction is shown via a case study on swimming treatment. One 6DoF
inertial sensor device is all that is needed to identify stroke type, count strokes, calculate stroke rate, and examine symmetry for
critical metrics in swimming workouts. Rehabilitation therapists must be able to use the system without the help of knowledgeable and
skilled technological experts. Due to the widespread use of apps employing wearable sensor devices, big data analyses will be able to
enhance healthcare, wellbeing, and quality of life in cloud-based systems.

B. BANSs of physiological (IEE802.15 technologies)

IEE802.15.6, IEE802.15.4 [2] Analysis of the Efficiency of MAC Protocols for Use in Body Area Networks in Medical Care
Implemented Strategy Specifications for Media Access Control in IEEE 802.15.4 and IEEE 802.15.6. The performance of the IEEE
802.15.6 protocol may be improved by modifying the access mode in ways that reduce the latency of incoming packets and increase
the total number of packets received. we looked at the MAC protocols used by WBANSs in IEEE 802.15.4 and IEEE 802.15.6. IEEE
802.15.6 is a standard for wireless communications with poorer coverage, whereas IEEE 802.15.4 offers secure communications and
has a low data rate that supports an average of 20 kbps, 40 kbps, and 250 kbps. This specification was developed with low-power,
wearable devices in mind. The maximum data transfer rate is 10 Mbps. This standard has several advantages, such as safety,
reliability, the goodness of service, intervention prevention, and decreased energy consumption, when considering the entry points and
modes of contact. After that, we used OMNET++ and the Castalia emulator to look at how well it performed in terms of packet loss,
packet reception, and latency. The Exclusive Access EAPL and Exclusive Access EAP2 timeslots are set aside for priority traffic,
including reporting an emergency accident. Typical traffic patterns make use of RAP1, RAP2, and CAP timings, which stand for
Random Access Phase 1, RAP2, and Contention Access Phase, respectively. Depending on the use case, the coordinator may disable a
period by setting its duration to zero. This thinking informed the implementation of this function, which improved the efficiency of the
802.15.6 protocol in a setting where the primary focus was on networks for actual healthcare delivery. Thus, the goal is to extend the
RAP (Random Access Phase) of the superframe, which is intended for typical use. That case involved a healthcare system form for an
in-patient at a medical facility. This means that when transmitting a patient's daily measurements to a remote medical server, normal
traffic is prioritized. Finally, it was suggested that the Random Access Phase (RAP) of the Baseline Mac Protocol be expanded to
analyze node mobility. The feasibility of the plan was shown via the simulation.

blood glucose (BG), pulse sensor, temperature (Temp) sensor, motion sensor or accelerometer (Accel), ECG, EEG, EMG,
magnetometer, gyroscope sensors [3] Priority-based IEEE 802.15.4 MAC with adaptable GTS for supporting diverse traffic in
medical settings. IEEE 802.15.4, a Medium Access Control (MAC) protocol, was developed specifically to ensure the timely transfer
of medical data while also satisfying the quality-of-service requirements of healthcare implementations based on wireless form sensor
networks. To guarantee energy efficiency, reduced delay, higher throughput, etc., it is proposed to allocate Guaranteed Time Slots
(GTS) in line with the changing heterogeneous data transmission rates recorded by different sensor nodes. The patient's unexpected
severe condition causes a spike in data average, which is sent to the sensor node with the highest priority and the most extra GTS.
Temporal variation, which incorporates the body's mobility, captures the fading caused by the changing environment and the nodes'
constant motion. It's in this sense that the nodes' real practical variety is made available. Six different approaches to managing data
traffic have been analyzed; the first of these distribute no GTS to any nodes, the second gives each node a fixed number of GTS, and
the third suggests dynamic GTS distribution based on data traffic fluctuations. These three illnesses are assessed for temporal and non-
temporal differences. Healthcare uses of WBSN are the main topic of this article. Two differentWBSNs were simulated, with case 1
having 8 nodes and case 2 having 11. At regular intervals, a wide range of key signal sensors built into each node transmits
information to the coordinator node, which then distributes GTS in light of the heterogeneous nature of the incoming data. Many
different strategies for handling everyday and unexpected events are considered. As such, the proposed MAC approach assigns more
weight and more GTS to health data that quickly increases due to a patient's serious illness. A simultaneous increase or decrease in the
total number of sensors or signals is also permitted. Therefore, it ensures that the caregiver will always get the most up-to-date
information at the right moment. The practical use of the work is shown by using the temporal type in the MAC protocol to WBAN-
based data sensing and gain, which helps evaluate the execution of the proposed planner taking body mobility into account. The sole
perfect scenario, which accounts for no motion (and hence no time), could be lethal when it comes to delivering aid to victims in a
medical emergency. Results show that both 8 and 11 nodes considerably decreased energy consumption by 20%. Plus, the number of
packets that made it to the coordinator node within the permissible delay has increased by 76% and 66% for 8 nodes and 11 nodes,
respectively. Therefore, the varyGTS, Temporal, and varyGTS, noTemporal disposition is not only useful in normal conditions, but
also in contingency conditions, where a number of slots are dynamically assigned, leading to an increase in the number of packets
received by the sensors within a given time boundary and a decrease in power exhaustion—both of which are good for the WBAN's
dependability.display Tracking devices in 8- and 11-node wireless sensor network.

C. Recurrent neural network (RNN) technology, Graphics Processing Unit (GPU)

Electrocardiogram signals from ECG sensor, Gyroscope sensor, Acceleration sensor, magnetometer sensor
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[4] A smart healthcare system that makes use of edge computing is made possible by wearable sensors that anticipate future actions
for action prediction using recurrent neural network (RNN) technology at an edge device (i.e., a special computer or laptop). Wearable
healthcare sensors including magnetometers, accelerometers, gyroscopes, and electrocardiography (ECG) sensors provide information
into the system. The characteristics are used to train a recurrent neural network. used a recurrent neural network (RNN) to provide
efficiency forecasts. This research looks at several modal human action prognosis systems by using a deep learning approach called
RNN in conjunction with a number of different wearable healthcare tracers, such as an electrocardiogram (ECG), magnetometer,
accelerometer, and gyroscope. Using a piece of edge hardware (like a laptop gathered the sensor data that was then analyzed to train a
deep RNN to mimic 12 unique human behaviors from the publicly available MHEALTH dataset. Similarly, the trained RNN has been
used to create predictions about the unknown activity underlying sensor data. The recommended method achieves a maximum mean
prediction performance of 99.69% on the public dataset. The proposed method is resilient since the best results that could be achieved
using conventional methods (i.e., HMM and DBN) only resulted in an average recognition execution of 92.01%. With the advent of
cutting-edge technology, the GPU of an edge device may be utilized to speed up real-time assessment and prediction of human
activities in intelligently controlled environments, and the RNN-based several modal systems may be an excellent choice for any
healthcare benefit. The cloud, the internet, and the edge: display a sample of the architectural design of a cloud-based healthcare
service. An edge or sink device in the system collects information from sensors on the body and transmits it to a mediator who
oversees health-related responsibilities. Client credentials given by the hospital are validated, and sensor data is analyzed by the
healthcare duty dilator. Then, the user's health status is correlated with the features by using the learned deep learning model.

D. Automatic Nervous System (ANS) technology

Electro dermal activity (EDA)sensor, heart rate sensor, skin temperature sensor, and locomotion sensor[5] An Integrated Wearable
Sensor for Unobtrusive, Continuous Measurement of Autonomic Nervous System. described a novel method that uses SensorRing, to
precisely monitor EDA, HR, motility, and temperature in a completely integrate system. the effort focuses on testing and comparing
the suggested sensor's performance with a system that is already on the market. The following is a summary of this paper's main
contributions: design and creation of a wearable sensor built on rings that can measure temperature, EDA, and HR; real-time data
transfer keeps computational complexity down as a result; Hibernation mode's extremely low power usage; a cost-effective fix;
modest survey tracking pupils' strain levels. unique, small, and inexpensive wearable ring sensor that can simultaneously monitor
temperature, EDA, HR, and motion. The finger serving registration location to several vital signals, the downsizing of the entire
system, and the design of the suggested system that enables comfortable assessment of physiological biomarkers are the innovative
aspects of work. the system plan(b) and the finger Sensor Ring(a) created for the wearable technology

E. support vector machine (SVM) technologies

electroencephalogram (EEG), electrocardiogram (ECG)[8] Several physiological indicators are used by a wearable gadget to
categorize a person's emotional state. To examine the link between these signals and human emotions, a wireless device was
developed to capture a single-channel electroencephalogram (EEG), breathing, electrocardiogram (ECG), and body position. This is
due to the fact that alterations in emotions are associated with other physiological signals. EEG, ECG, respiration and head position
are only some of the physiological inputs used to determine a person's passion level; by using them, we may simplify the underlying
algorithms and avoid the need for costly EEG equipment. While the approach does require collecting many kinds of physiological
data, the total number of signals is much reduced, and all of the required features may be extracted with relative simplicity. It
proposed a method for reducing EOG interference that would allow for all computations to be performed locally on the wearable
device in real-time while keeping hardware expenses to a minimum. As a result of using the proposed technique, rating one's passions
is more practical, and the system may be worn by a person as they go about their day. When it came time to classify emotions, eleven
readily extracted variables were selected from single-channel EEG, ECG, breathing resistance, and head positioning because they
correlated with emotions in validation testing. Experiment findings show that the proposed strategy employing SVM greatly improves
classification accuracy at a far lower cost than traditional multi-channel EEG-based approaches. The system collects a variety of
physiological signs using many wearable sensors, uploads the data through Wi-Fi, and is controlled by the main node. The wearable
main node processes and analyzes data in real-time with help from the DSP core. The multi-function sensor node permits the
collection of single-channel EEG and head position.

. Electrodermal activity (EDA) and skin temperature (TEMP) sensors

[20] machine learning's sensitivity to variations in physiological sensor data. Three different methods of machine learning are taught
to make sense of data from two separate sensors, the RespiBAN Professional (RespiBAN) and the Empatica E4, which monitor
electrodermal activity (EDA) and skin temperature, respectively (TEMP). Rectus abdominis EDA and sternal leatherTEMP are both
measurable with RespiBAN. The electrical dispersion analysis (EDA) of the carpus and skin temperature are recorded using the
Empatica E4 sensor (TEMP). Three different support vector machine (SVM) models were trained to distinguish between calm and
tense states using EDA and skin TEMP data. The first model (SVMR) was trained with data from the RespiBAN wearable sensor, the
second model (SVM-E) using data from the Empatica E4, and the third model (SVM-E+SVMR) with data from both sensors (SVM-
RE) Using SVM-R, it was found that the accuracy of machine learning was impacted by differences in the kind and positioning of
wearable sensors. Having an understanding of how sensor type and sensor location affect the execution of machine learning
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algorithms is necessary for the development of governance requirements for machine learning algorithms. Customers are more likely
to have confidence in Al when it is constrained

F.  Deep Convolution Neural Networks (DCNN) technology

binary sensors [9] Using Anonymous Binary Sensors and DCNN for Discreet Activity Recognition in Elderly Residents Living Alone.
included PIR motion sensors and door sensors as anonymous binary sensors in a Deep Convolutional Neural Network (DCNN)
system. The proposed classifiers are put to the test and refined using the Aruba open dataset. The testing findings showed that the best
DCNN classifier had an F1-score of 0.79 compared to the simulated classifiers for all 10 actions and 0.951 for eight actions (excluding
Leave Home and Wash Dishes). In light of this, we may infer that the proposed activity recognition model is a convenient and useful
instrument for keeping tabs on the routines of older people living independently.

G. Machin learning technologies

Inertial sensors (acceleration and gyroscope)[10] loT and Big Data-enabled fall detection devices for the elderly. It uses a wearable
6LowPAN gadget with a 3D-axis accelerometer to capture data on the movements of senior citizens in real-time. The sensor signals
are treated and analyzed utilizing a decision tree-based Big Data model depending on an intelligent loT gate to afford senior
competence in fall detection. The system automatically replies by transmitting messages to the organism responsible for caring for the
elderly when a fall is detected, activating an alert. the system offers cloud-based favors. from a medicinal viewpoint, there is a store
service that gives access fall data to healthcare professionals so they may undertake additional analysis. However, the system also
offers a favor that utilizes data to build a fresh machine-learning model at each once a fall is discovered. The Internet of Things is a
brand-new paradigm that enables universal and more customized care and offers the good life for the adult population. presented the
FD-system, an 10T system for exposing falls in an adult population. It uses ML processing techniques based on decision trees and is
built on a Big Data concept. The model was developed and trained using historical data from a dataset of available falls and ADLs,
and it is operated on an intelligence 10T gate with fog computing capabilities. The FD system records movement data from the elderly
as acceleration in the x, y, and z axes using a 3D-axis accelerometer sensor combined with a wearable instrument powered by
6LowPAN. for falls forecast, this information is employed. The device, which the elderly were wearing around their waists, offers a
suitable interior choice for use by any elderly person. The system uses Quality of Service (QoS) methods to remotely notify care,
emergency response teams, merging centers, and the senior person's family members when a fall event occurs. Additionally, Through
the use of protocol conversion technologies, the Smart 10T Gateway ensures that all of the system's components may communicate
with one another without any hitches. The components of the proposed FD system, , are a wearable device, a wireless communication
network, a smart 10T gateway, and cloud services. As a method of identifying falls.

inertial sensors [14] This unique monitoring framework based on wearable technology has the ability to mirror the performance of
professional therapists and was utilized in the first studies of a wearable monitoring system for stroke recovery at home. we used a
supervised machine learning approach to compare therapists' assessments of patient movement data from partial to complete
observation. Tests of the proposed system's estimated performance using F-Measure, Receiver Operating Characteristic Area, and
Root Mean Square Error demonstrated that it could be educated to evaluate the quality of the whole workout motion after just the first
5s of execution. The proposed platform has the potential to help ensure the highest quality of exercise performance is maintained
throughout at-home rehabilitation by providing instantaneous access to virtual feedback from trained therapists. To aid in the most
effective possible functional recovery of stroke patients during at-home treatment sessions, a supervised learning approach was
provided to construct a monitoring system that can analyze qualitative performance in the target-specific exercise movement. There is
promise in the suggested method, since the performance difference is not statistically significant even when the classifier uses the
partial movement observation of the first 5s, and 30.77 percent of the gathered movement data was conducted for more than 5s.
However, when data gaps of 3s or fewer were added, results across the board suffered significantly. This might be because the original
motivation for developing kinematic characteristics was to examine the execution of the whole movement rather than simply its
component portions.

H. Segmentation and recognition

H.a. triaxle accelerometer (ADXL325) sensor and a triaxle gyroscope (LPR550AL) sensor[11] Utilizing on-body inertial sensors for
motion analysis. the segmented stage, Pre-segmentation of motion sequences was performed using SVD during the segmentation stage
to expedite the procedure of segmentation as much as feasible. Then, a brand-new similarity metric called MSHsim is suggested to
carry out the precise segmentation. An HMM is utilized to identify the Kinetic pattern during the recognition step. employed four
inertial sensors to gather information about human movements. A recognition framework is suggested, which consists primarily of the
stages of data collection, analysis, and recognition, to achieve Human motion analysis, including segmentation and recognition
utilizing wearable inertial measurement units. Human motion data are gathered using four inertial sensors. Pre-segmentation and fine
segmentation are two of the segmentation's two stages. SVD is used to remove unnecessary information from the human motion
sequences during the pre-segmentation process. To achieve Fine-segmentation accuracy for motion sequences, a unique similarity
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measure called MSHsim has been developed. The recognition phase involved the usage of an HMM. The suggested approaches are
validated using motion sequences from four test data individuals.

I.  optical fiber-based (OF) technology

FPI optical fiber sensors for ankle kinematics monitoring[13] Devices that use a Fabry-Perot optical fiber sensor for remote physical
therapy: Kinematics of the Ankle Joint. The usage of a wearable optical fiber-based technology for measuring ankle plantar-dorsi-
flexion to assess how well physical rehabilitation treatments are working. The proposed apparatus is a cheap in-line Fabry-Perot
interferometer and cutting-edge dynamic interrogation methods that provide angular monitoring of the ankle-shank joint while the
subject is walking. It is small, straightforward, and painless to use for walking. Physical impairments are becoming more common as a
result of an aging population and younger generations' sedentary lifestyles. Wearable sensor technologies can be utilized to continually
track the progress of such disorders' rehabilitation. He presented a novel approach aimed at health and sports applications to provide
more precise metrics of activity monitoring for physical rehabilitation. It tracks the motion properties of the ankle while walking with
wearable sensor device-based fiber optics. The sensor system is based on an FPI-integrated optical fiber and has an entirely new
dynamic interrogation technique that a novel kind of dynamic questioning assures the sensors' precision and accuracy, which are
critical for this sort of application.

J.  GSM, GPS technology

Accelerometer Sensor [15] Using External GPS and Accelerometer Sensors, We Can Precisely Determine Where a Fall Occurred
Inside the Home. As soon as his or her vitals drop below a certain point, the suggested system—comprised of a bio-sensor, a
localization module based on GPS, a controller unit, and a GSM unit—will transmit signals to carers detailing his or her health state
and geolocation (latitude and longitude coordinates). Through the use of mean absolute error analysis, the proposed method was
verified to be effective. The proposed FDB-FTAM algorithm, which contrasted acceleration magnitude and fall threshold values,
showed that the fall detection system could distinguish between falls and typical activities of the elderly with an accuracy of 99.2
percent. Smaller and more convenient, the proposed FDs were built for the specific purpose of detecting falls in patients. The ATmega
328P-based microcontroller board was programmed to respond to input from a tri-axial ACC ADXL345 sensor. The proposed FDB-
FTAM approach has a sensitivity of 98.93%, a specificity of 99.3%, and an accuracy of 99.2% for detecting falls. With the proposed
approach, the mean absolute error of geolocation may be reduced to 1.327105 o (longitude) and 1.938105 o (latitude). The proposed
FDs are effective and might be used to remotely monitor the acceleration, heart rate, and fall detection of the elderly. Furthermore,
FDs can make decisions when the body falls and check to see if the heartbeat is normal.

K.  Penologist technology

patch-type sensor [16] Piezologist Is the First Wearable Cardiorespiratory Monitoring System Powered by Piezoelectric Sensors, it is a
little device that is worn on the upper body, comprised of a sensor in the form of a patch and an accompanying smartphone app. The
sensor's piezoelectric component detects cardiorespiratory signals, and a MetaWearC board collects the data, Bluetooth Low Energy
(BLE), used for transmitting unprocessed signals, is supported by the board as well. A poll of 15 users provided valuable insight into
the device's ease of use and the system's adaptability.

L. i-sens system

inertial sensor (i-Sens) (triaxle accelerometer, gyroscope sensors)[17] Body-Worn Sensors for Gait Analysis: Ambulatory
Measurement and Estimation of Joint Angle Kinematics in the Sagittal Plane provide an innovative wearable instrument based on
wireless inertial sensors (i-Sens) for measuring joint angles in the sagittal plane. An accelerometer, gyroscope, microprocessor, and
Bluetooth module make up the i-Sens hardware. It may be taken anywhere and serves as well inside or out. The sensor data fusion
system includes the filter algorithm. Portable and inexpensive, the i-Sens gadget was designed to evaluate the knee joint angle
required in the walking analysis. The primary objective was to develop an inertial-sensor-based wearable device for gait analysis that
was both user-friendly and portable. With this end in mind, initially conducted tests with a single inertial sensor unit at the knee,
comparing the trajectory of the knee walking angle for a single stride to typical data. The joint angle estimation is reliable since the

results from all four subjects fall within the typical range of data.

M. deep neural network DNN technology

electrocardiogram (ECG)[18] An ECG that may be worn can automatically identify different types of heart arrhythmia. The SDAE is
then used to learn the representation of ECG features with a sparsely constraint. The ECG beats are then classified using softmax
regression. The fine-tuning step makes use of active learning to boost performance. used a technique that correlates measures of
confidence with posterior probabilities from a DNN to choose the most informative samples for active learning. Both the Breaking-
Ties (BT) and the modified Breaking-Ties (MBT) methods are used to select representative samples. The proposed method was
confirmed by comparing ECG data from the wearable device with the well-known MIT-BIH arrhythmia database. provide an SDAE-
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based wearable device for ECG classification and monitoring 13without human intervention. used a mixture of softmax regression and
supervised learning on ECG features to classify heartbeats. The DNN is fine-tuned with the help of active learning to boost overall
system efficiency. Both SVEB and VEB detections are superior to the majority of state-of-the-art methods, as shown by the
classification results on the MIT-BIH arrhythmia database. It also has excellent performance on the WDDB database. This data
supports the conclusion that the proposed approach is a reliable and accurate means of analyzing ECGs. The wearable device that
records ECG data is seen in

N. multi-modality cerebral monitoring system MCMS system

NIRS-based cerebral and systemic hemodynamic sensors, STA tonometry sensor, ECG, and accelerometer sensors. [19] Wearable
Technology Advances in Real-Time Monitoring of Cerebral Hemodynamics and Blood Pressure We measure arterial blood pressure
continuously using superficial temporal artery tonometry (STAT) with pulse transit time-based drift correction and measure brain
hemodynamics using sensors algorithms based on near-infrared spectroscopy (NIRS). development of a method for several readings
of cerebral blood flow to be taken while the patient is in motion. At a sampling rate of 250Hz, the device may capture the user's vital
signs while they go about their day. This includes their BP, ECG, and body posture and movement. The device can also monitor and
record the user's cerebral hemodynamics (changes in tissue total hemoglobin concentrations). This first-of-its-kind combination of
continuous cuff less blood pressure (at the brain level) with wearable multimodality monitoring paves the way for vital research into
brain function, such as cerebral auto regulation. For instance, the system's event buttons may accurately co-register information from
many modalities with any occurrences of relevance during blood pressure monitoring. see the NIRS-based hemodynamic sensors
(including the autography sensors, ECG electrodes, and cerebral and systemic sensors).

I11. CONCLUSION

In conclusion, the problem of effective real-time medical services has been successfully addressed by wearable sensors and related
healthcare systems. A new age in disease diagnosis, treatment, and prevention will be ushered in by developments in structural
engineering, integrated circuit design, manufacturing technology, material science, and wearable healthcare systems. If wearable
health monitoring devices are introduced without the user's knowledge, more people could try them. As a consequence, potentially
dangerous problems can be identified early. Future medical technology must be able to predict changes in health before symptoms
appear. Wearable health monitoring devices can therefore help with concerns like the burden on physicians and the growing expense
of healthcare.
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