Jurnal Ilmiah Teknik Elektro Komputer dan Informatika (JITEKI)

Vol. 10, No. 2, June 2024, pp. 385-405

ISSN: 2338-3070, DOI: 10.26555/jiteki.v10i2.28767 385

Measuring on Physiological Parameters and Its Applications:

A Review

Hazzie Zati Bayani', Basari'-

! Biomedical Engineering, Department of Electrical Engineering, Faculty of Engineering, Universitas Indonesia
2 Research Center for Biomedical Engineering, Faculty of Engineering, Universitas Indonesia

ARTICLE INFO

ABSTRACT

Article history:

Received April 30, 2024
Revised July 02, 2024
Published July 15, 2024

Keywords:

Data Acquisition;

Deep Learning;
Machine Learning;
Physiological Parameter;
Portable Device;

In providing patient care, it is essential to know the patient’s status to avoid
incorrect treatment. Patient status includes various physiological parameters
such as heart rate, blood oxygen saturation, blood pressure, body temperature,
and respiratory rate. Measuring each physiological parameter requires data
collection and analysis. Data acquisition in measuring physiological
parameters can be categorized into contact methods, non-contact methods,
invasive methods, and non-invasive methods. After data collection, it is
crucial to analyze the collected data to ensure accurate and reliable
measurements. This analysis can utilize RF signals, PPG signals, machine
learning, and deep learning, depending on the specific needs and objectives
of the study. This paper aims to identify studies based on types of data
acquisition and analysis methods developed. These studies will be reviewed

Wearable Device to understand the limitations of the data acquisition methods and analysis
methods used. Additionally, this paper will discuss and classify the types of
applications developed in these studies over the last five years, focusing on
functionality, device design, and body-to-device connectivity. This review
will identify whether the studies developed wearable or portable, wired or
wireless devices, and their purpose whether for diagnosis, monitoring, or
both. This review will also highlight the limitations and provide a brief
perspective on future developments.
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1. INTRODUCTION

Knowing a person’s health status is related to the value of physiological parameters that are measured. It
is frequently discovered in people receiving outpatient or inpatient care. Physiological parameters are
characteristics that refer to humans, which describe the physiological processes that occur in the body.
Physiological parameters processes in the human body are associated with electrical, chemical, kinematic, and
acoustic changes. The results of this process will be shown in the form of data such as numbers, graphs, etc
[1].

Characteristics of the human body consist of more than one characteristic, representing a physiological
process that occurs in the human body. Hence, there are different types of physiological parameters like heart
rate (HR), body temperature, NIBP (non-invasive blood pressure), electrocardiogram (ECG), and pulse rate.
Each of these parameters has a different interpretation, such as ECG, which will interpret electrical activity in
the heart [2]. These parameters are essential for monitoring an individual’s health status and can provide
valuable insights into their overall well-being and potential health risks [3], [4].

Knowing physiological parameters is crucial because they reflect an individual's state of health at that
particular moment. For this reason, they are frequently utilized as one of the key indicators that need to be
observed when a patient is receiving therapy. By monitoring changes in the patient's health on a minute basis,
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the doctor's analysis can be facilitated by changes in these physiological signs that are related to changes in
time [5].

Although these measurements may not allow for direct physiological assessment or diagnosis, they
provide valuable information about human activity and physiology. This information is particularly useful
when monitoring anatomical systems in the human body, such as the cardiovascular and respiratory systems.
Additionally, physiological parameters are essential for assessing the impact of environmental factors on
health, such as the adverse effects of ambient pollutants on vital signs and physiological parameters.
Furthermore, physiological parameters play a crucial role in personalized and continuous health monitoring,
allowing for the detection of abnormalities and tracking of changes in an individual's health status over time
[5], [6].

Therefore, to know physiological parameters, there are several methods for performing physiological
measurements, among them the non-contact method, the contact method, the invasive method, and the non-
invasive method. We refer to these methods as data acquisition methods. The difference between these methods
is how to measure physiological parameters to obtain the required values or data. For example, the non-contact
method works by limiting direct physical touch between sensors or devices and the human body. This method
is only utilized when it is required, when discrete measures are taken, when the patient is in a small area, or in
another place where their health condition needs to be secured. to secure their health status [7]. These methods
are followed by different analysis methods as needed. The analysis methods that are often applied in measuring
physiological parameters are signal processing (PPG signal, RF signal) and machine learning, or a combination
of both. For example, Nishan ef al. (2024) use machine learning with SVR models and PPG signal optimization
as a non-contact and non-invasive method to measure blood pressure [8].

The medical devices currently available are very diverse and have different functions depending on their
specifications. There are many medical devices intended to measure physiological parameters, such as pulse
oximetry to measure blood oxygen saturation and pulse rate in the body, thermometers to measure body
temperature, and sphygmomanometers to measure non-invasively blood pressure, etc. The use of these medical
devices is to assist medical officers in making decisions regarding further patient care and obtaining important
information regarding the patient’s health status according to the measured physiological parameters. In
addition to these devices, there are types of medical devices that can measure more than one parameter, namely
vital sign monitor and patient monitor. Both devices have the same function of measuring several physiological
parameters at a time; the difference is the number of parameters that can be measured [9]. The Vital Sign
Monitor can measure basic vitals, i.e., heart rate, respiratory rate, blood pressure, and body temperature, while
the Patient Monitor can track more than basic vitals. They can also record ECG (electrocardiogram), ETCO»
(end-tidal carbon dioxide), SPO> (blood oxygen saturation), EMG (electromyography), IBP (invasive blood
pressure), and more. So in its use, the Patient Monitor is often used for comprehensive and continuous
monitoring of critically ill or unstable patients, and the Vital Monitor is more frequently used for routine checks
and monitoring of stable patients [9], [10].

Many research studies have been performed during the last five years to optimize physiological parameter
monitoring or diagnosing. These research studies can be defined by applying them to patients or working
specifically on research methods. Zhang et al. (2023), use the non-contact method to detect heart rate and
respiratory rate by using an RF signal. The signal is structured into a photonic radar system with fiber optics
(laser, photodetector, etc.) as the medium of transmission of RF signals. The research has been tested on human
breathing simulators and cane toads as human proxies and has not been tested on humans in person, but use
with this system can reach resolutions up to a 13,7 micrometer (mm) scale, so it can detect motion on objects
and reduce gaps in heart rate and respiratory rate measurement data [11]. Subsequent research involves the use
of PPG signals in the continuous measurement of arterial blood pressure by involving machine learning to
develop methods that can monitor arterial blood pressure, as carried out by Ma ef al. (2024). The type of model
used in this study is the SE-MSResUNet model to create an effective approach to non-invasive blood pressure
monitoring and contact methods that enable packaging in wearable devices [12]. Similar research has been
carried out by Nishan et al. (2024) to do continuous blood pressure measurements with PPG signals and using
machine learning. The model used is the SVR model to obtain the values of SBP (systolic blood pressure),
MAP (mean arterial pressure), and DBP (diastolic blood pressure) by measuring cuffless (non-contact) and
non-invasive [8]. From these studies, many types of data acquisition and analysis methods can be studied and
tested for measuring physiological parameters, both as diagnosis and as monitoring, according to the needs or
purpose of the research. The other related works to the detection of physiological parameters will be described
in this paper.

This research reviews the physiological parameters, including blood pressure, respiratory rate, heart rate,
body temperature, blood oxygen saturation, and how to measure it. The measurement of physiological
parameters will be seen from data acquisition methods (non-contact, contact, invasive, and non-invasive
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methods) and analysis methods (PPG signal, RF signal, deep learning, and machine learning). Furthermore, it
will discuss the implementation of techniques over the past 5 years in measuring physiological parameters,
both for diagnosing and monitoring, based on the studies carried out. In this paper, we reviewed related research
in the last 5 years related to data acquisition, analysis methods, and their implementation related to
physiological parameters and compiled it in a literature review.

2. PHYSIOLOGICAL PARAMETER TYPES

Physiological parameters are quantifiable measures of a person’s health and functioning. These
parameters provide valuable information about various aspects of the body’s physical and biochemical
processes [1]. Each of these physiological parameters interprets how different body parts work, making it useful
as assessment data to assess a person’s health. Following are the various types of essential physiological
parameters, along with their definition, uses, and measuring techniques, that will be reviewed in this section.

2.1. Blood Pressure

The force of blood against artery walls during a heartbeat is known as blood pressure and is expressed in
mmHg. It is essential for the early diagnosis of cardiovascular illnesses, which are the world’s largest cause of
death and morbidity. Blood pressure will be expressed in systolic and diastolic terms; while diastolic pressure
measures the pressure in the arteries in between heartbeats, systolic pressure measures pressure in the arteries
throughout a heartbeat. A normal blood pressure reading is 120/80 mmHg, though this might vary based on
factors like age, gender, and physical condition. If the blood pressure value exceeds this, it is known as
hypertension. Hypertension, a disease where the strain against artery walls is continuously too high and can
result in major health issues, is frequently linked to blood pressure monitoring [13], [14].

An inflatable cuff attached to a pressure gauge is called a sphygmomanometer, and it is used to measure
blood pressure. This non-invasive technique is based on the conventional stethoscope auscultation of the
brachial arteries, without causing direct harm to the patient. Oscillometric approaches are used to enhance non-
invasive blood pressure measures. During cuff deflation, the software analyzes oscillometric waveforms and
estimates blood pressure using sensors and algorithms [15], [16].

2.2. Respiratory Rate (RR)

One of the most important physiological markers for identifying anomalies in the human body is
respiratory rate. An essential physiological measure that indicates the effectiveness of the respiratory system
is the respiratory rate (RR), which is obtained from the number of breaths someone takes in a minute. The
normal respiratory rate in an adult is 12-18 bpm. The measurement of this parameter is performed by the
medical officer by counting the patient’s breathing for 1 minute (60 seconds), taking into consideration other
factors including the patient’s condition [17]. Moreover, it may be integrated into wearable technology and
monitor respiration rates using machine learning and signal processing techniques like PPG signals [18], [19].

Respiratory rate measuring can be used to detect abnormalities in breathing patterns that may be signs of
diagnosis or intervention. Measurements of respiratory rate also provide important on the respiratory health
and recovery status of a patient [20]. This measure is particularly helpful for keeping an eye on high-risk
patients who have diseases like asthma or Chronic Obstructive Pulmonary Disease (COPD), where early
identification of acute breathing pattern abnormalities is essential for timely treatment [18].

2.3. Heart Rate

Heart rate (HR), which rises with increased exercise intensity and responds to body movement, is an
essential indicator for diagnosing and evaluating health. It is connected to a lifetime and controlled by the
autonomic nervous system. Weak heart response can raise the risk of death in some patient populations, such
as those with heart failure [21]. Adults typically have a heart rate between 60 and 100 bpm; a cardiac rhythm
above 100 bpm at rest is referred to as tachycardia, and a rhythm below 60 bpm at rest is referred to as
bradycardia [22].

Some methods used for measuring heart rate are arterial pulse count, photoplethysmography (PPG) signal,
electrocardiograph  (ECG), ballistocardiograph, acoustic methods, temperature monitoring, and
echocardiography [23], [24]. Traditional procedures, including arterial pulse count, were used before the
development of more contemporary techniques. ECG-based methods quantify cardiac electrical activity;
ballistocardiograph records mechanical pulses; and high-resolution temperature monitoring records heart rate
and respiration [24]. In addition, heart rate data is measured and displayed in real-time by optical sensors or
electrical signals in heart rate monitors, smartphones, and wearable fitness trackers. Furthermore, they combine
elements like fitness bands and smartwatches and save the data for further research [21].
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2.4. Body Temperature

The internal temperature which is produced by the body’s metabolism and controlled by the
thermoregulation system is known as body temperature. Human body temperature normally varies between
36.1-37.2 °C. Although it varies from person to person, a normal body temperature is often maintained within
the range necessary for the best possible physiological functioning [25]. Time, environment, gender, and age
all have an impact on body temperature [26].

Hyperthermia, or a high body temperature, and hypothermia, or a low body temperature, are the two types
of abnormal temperature that can impact organ function, and metabolic processes, and potentially cause tissue
damage [27]. There are several ways to take an adult’s body temperature, and one of them is placing non-
contact infrared thermometers in the forehead or the inner corner of the eye [25].

2.5. Blood Oxygen Saturation (SpO2)

Blood oxygen saturation (SpOy) is one of the most significant indicators of oxygen transfer from the lungs
to the body’s tissue. It determines the fraction of total hemoglobin that is oxygen-bound to hemoglobin in the
blood. Values between 95% and 100% are regarded as normal, whereas those under 90% suggest hypoxemia.
In medical settings like the ICU and the operating room, it is vital to keep an eye on a patient’s SpO. It is a
crucial sign of how well oxygen leaves the lungs and reaches the body’s tissues [28].

There are several methods for measuring blood oxygen saturation, but one of the most common and non-
invasive methods is pulse oximetry. Pulse oximetry uses photoplethysmography (PPG) that can measure how
much light is absorbed or reflected by the tissue to estimate its oxygen saturation level [29], [30]. The device
detects the difference in red and infrared light absorption between oxygenated and deoxygenated blood. Certain
methods, including arterial blood gas analysis and co-oximetry, are more intrusive and therefore to be reserved
for critical medical situations [31].

These physiological parameters are commonly found in medical devices for the diagnosis and monitoring
of patients. Other parameters like ECG and ETCO, are currently present in patient monitors that are used for
higher-level patient surveillance and inspection in hospitals, such as an ICU (Intensive Care Unit) [9],[10].

3. DATA ACQUISITION METHODS

Depending on the type of physiological parameter to be measured, different data collection and analysis
methods can be used to obtain measurement results on physiological parameters. The term “data acquisition”
refers to various types of data collection techniques, including contact, non-contact, invasive, and non-invasive
methods for physiological parameters, as shown in Fig. 1.
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Fig. 1. Measurement Methods of Physiological Parameters

This section will analyze the comprehension of this method, give examples of how it has been used in
previous research, evaluate the advantages and disadvantages of each method, and present tables showcasing
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research from the past 5 years categorizing the types of data acquisition methods used to measure physiological
parameters, as illustrated in Table 1.

Table 1. Type of Acquisition Data Methods for Measuring Physiological Parameters Based on Latest Research
Type of Data Acquisition Methods

Type of Physiological

Author Parameters Contact Non-Contact Invasive Non-Invasive Ref
Methods Methods Methods Methods
Nishan et al. Blood Pressure N N [8]
Heart Rate
Zhang et al. Respiratory Rate y v [11]
Ma et al. Blood Pressure y v [12]
Zanoguera et Electrocardiogram v v [32]
al. &
. Blood Oxygen Saturation
Motin et al. Heart Rate J \ [33]
Rong et al. Heart Rate N v [34]
Blood Oxygen Saturation
Blood Pressure
Marathe et al. Body Temperature v N [35]
Electrocardiogram
Blood Pressure
Nwibor et al. Heart Rate v v [36]
Blood Oxygen Saturation
Blood Oxygen Saturation N
Ahmad et al. Heart Rate v [37]
Body Temperature y
Morlsahllrna et Body Temperature y \ [38]
Muralidharan ez Blood Oxygen Saturation N N [39]
al. Heart Rate J
. Heart Rate
Chamim et al. Body Temperature J v [40]
Hoseinzadeh et Body Temperature N N [41]
al. Blood Oxygen Saturation
Sarbaras et al. [42]
Moller et al. . [43]
Rahman e al. Electrocardiogram v v [44]
Naranjo et al. [45]
Edwan et al. Blood Pressure v v [46]
Heart Rate
Alietal. Blood Oxygen Saturation v v [47]
Body Temperature
Respiration Rate
Zahra et al. Body Temperature v v [48]
Jhora et al. Body Temperature N \/ [49]
Azhari et al. Body Temperature N v [50]
Pulse Rate
Ahmed et al. Blood Oxygen Monitor v v [51]
Khan et al. Pulse Rate v v [52]
Body Temperature N
Dubey et al. Blood Oxygen Saturation v \/ [53]
Electrocardiogram v
Heart Rate
Zhou et al. Blood Oxygen Saturation v v [54]
Cinel et al. Respiratory Rate \/ \/ [55]
Heart Rate
Sharma et al. Respiratory Rate v \ [56]
Sahrul ef al. Blood Oxygen Saturation N N [57]
Body Temperature
Boonsong et al. Body Temperature \ \ [58]
Sriraam et al. ECG \/ N [59]
Lyra et al. Body Temperature V v [60]

In Table 1, several studies only measure a single type of physiological parameter. For example, Sriraam
et al. (2023) conducted a study in which they developed a 3-lead ECG. They used the AD8232 sensor, and the
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prototype is attached to the chest using a belt-like concept. This research is classified as using the contact
method and non-invasive method for measurement [59].

In addition, research has been conducted by Ahmad ez al. (2022) to develop a method for measuring
multiple physiological parameters. Their study measures three physiological parameters - blood oxygen
saturation and heart rate using the MAX30102 sensor, and body temperature using the MLX90614 sensor. The
research utilized three different acquisition methods for a single prototype. The measurement of blood oxygen
saturation and heart rate was done using both contact and non-invasive methods, while body temperature was
measured using non-contact and non-invasive methods. The information about the type of sensor used in the
study indicates that the MAX30102 sensor requires the finger to be placed on it, whereas the MLX90614 sensor
needs to be placed at a certain distance on the forehead, mouth, or ear [37].

Table 1 indicates that most of these studies utilized contact or non-contact methods, with some even using
a combination of non-invasive techniques. This approach may be attributed to the focus on creating user-
friendly studies that pose minimal risks and side effects for long-term measurement of physiological
parameters.

3.1. Contact Methods

The contact method is a measurement method that involves sensors or sensor elements placed directly on
the subject’s body to obtain the necessary data or information. For example, in respiratory rate measurement,
this method is aimed at monitoring and measuring a person’s respiratory activity with accuracy and in real-
time in a variety of conditions and activities [20].

Many studies have used the contact method to measure the physiological parameters listed in Table 1.
Zanoguera et al. (2020) developed a portable ECG measurement using the AFE AD8232 microchip. The
purpose of this open-source research is to these components to generate 3-lead (LA, RA, and RL) output). To
the sensor to continuously record ECG signals and save them on a microSD card, this research uses the contact
method, attaching each electrode to the left arm, right arm, and right leg then connecting it to the prototype
[32]. Another example of research using contact methods is research by Motin et al. (2021). They created a
compact pulse oximeter for measuring and monitoring blood oxygen saturation and heart rate. This prototype
can be used at home and remotely because it has a Bluetooth feature that allows measurement data to be
transferred to a mobile application. The MAX30102 sensor was used in this research’s contact method, which
makes it simple for users to place one finger directly on the prototype’s MAX30102 sensor [33].

There are some advantages and disadvantages of using contact methods for measuring physiological
parameters, as mentioned in Table 2. These can be affected by the patient’s condition, the environment, or the
way of use. This type is usually provides more accurate data because it makes direct contact, though the patient
may feel uncomfortable during the measurement. Furthermore, the prototype’s low-cost testing and calibration
techniques and its ability to minimize motion artifacts must be considered in the development process [20].

3.2. Non-Contact Methods

Methods of measuring physiological parameters that do not involve making direct contact with the
person’s body are referred to as non-contact methods. In this case, technology like cameras is used to get the
required data measurements, reducing the need to contact the patient directly. This non-contact method
eliminates the need for physical sensors attached to the person’s body and allows for effortless, non-invasive
measurements to be taken from a distance [61].

Table 2. Pros and Cons of Contact Method in Measuring Physiological Parameters
Contact Method of Measuring Physiological Parameters
Pros (+) Cons (-)
Intrusive: The use of sensors in direct contact with the body

Accuracy: This method often provides more accurate results,

like respiratory measurements because the sensor is in direct
contact with the body.

Real-time monitoring: This method allows real-time
monitoring of physiological parameters such as respiratory
rate, which is important in situations where a quick response
is required.

Sensitivity: This method can be more sensitive in detecting
changes such as breathing patterns and respiratory activity for
respiratory rate.

Wide applications: Contact methods are applicable in a
variety of settings, such as clinical environments, workplaces,
and sports.

may be considered disturbing or intrusive to the patient,
especially in situations where freedom of movement is
important.

Potential for motion artifacts: body movement or physical
activity can cause interference or noise in physiological
parameters, like respiratory rate measured using contact
methods.

Sensor position limitations: Some contact methods may
require placing the sensor in a specific position on the body,
which may limit flexibility of use.

Cost and maintenance: Additional expenses for sensor
calibration and maintenance may be needed for some contact
methods.
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Similar to the contact method, non-contact methods are often used in research to measure physiological
parameters. For example, Rong et al.’s research (2021) is listed in Table 1. In their research, they developed
impulse signals for microwave ultra-wideband (UWB) radar systems, which use radio frequency (RF) signals.
The objective of this system is to identify tiny movements on the skin that are brought on by breathing and
heart rate when an RGB camera catches them up. Therefore, all the patient has to do is sit in front of the camera
that is attached to the device that measures heart rate [34].

This method can make patients feel more comfortable because it is done remotely, like using an infrared
sensor for body temperature measurement [62], [63]. However, due to its dependence on several factors,
including the measuring position, the size of the area being measured, or the environment around it, its use
may be less accurate than that of the contact method, as explained in Table 3 regarding the advantages and
disadvantages of non-contact methods in measuring physiological parameters like heart rate measurements
[61], [34].

Table 3. Pros and Cons of Non-Contact Method in Measuring Physiological Parameters
Non-Contact Method for Measuring Physiological Parameters

Pros (+) Cons (-)
Sensitivity to Environmental Conditions: These methods may be
influenced by lighting conditions, motion artifacts, and other
environmental factors, which could affect the accuracy and reliability
of the measurements.
Complexity of Signal Processing: These methods often require

Convenience and Comfort: These methods are more
user-friendly because they don’t require any physical
sensors to be attached to the body.

Hygiene: This method reduces the possibility of

infection and cross-contamination, which is especially
crucial in clinical environments.

Continuous Monitoring: This method allows for
long-term, continuous monitoring without putting the
user through discomfort, which is helpful for
applications such as stress or sleep monitoring.

Application in Diverse Settings: This method can be
applied in a range of situations, such as clinical
environments, remote monitoring, and even regular

complex algorithms and signal processing techniques to extract
accurate physiological parameters, such as heart rate data from video
or radar signals, which can increase the computational load.

Cost and Equipment: While some non-contact methods can be
implemented with common devices such as cameras, others, such as
those using radar, may require specialized and potentially expensive
equipment.

Limited Accuracy in Motion: Non-contact methods may struggle to
maintain accuracy when the subject is in motion, as movement can
introduce significant noise and artifacts into the signal.

things like smartphones.

3.3. Invasive Methods

An invasive method is a technique that includes entering the body through the tissue, organs, or skin to
try to collect information or deliver the treatment. An invasive method of measuring physiological parameters
usually involves inserting a device or sensor in the body to get accurate and direct data from the source [64],
[65]. While using this method may cause pain or discomfort because the samples are obtained directly from
the patient’s body, they can also provide highly precise and accurate data. However, there is a risk of infection
or tissue damage, so proceed with caution and precision, as listed in Table 4 regarding the advantages and
disadvantages of this method [64], [66].

Table 4. Pros and Cons of Invasive Method in Physiological Parameters
Invasive Method for Measuring Physiological Parameters
Pros (+)

Cons (-)
Risk of Infection: Involves entering the body to
perform procedures that carry a risk of complications,
such as bleeding or infection.

High Accuracy: Data obtained from direct pressure measurement
from within the ventricle or artery is highly accurate.

Comprehensive: Capable of considering all factors affecting SEVR,
such as LV isometric contraction, LV isometric relaxation, and
intraventricular diastolic pressure.

Responsive: Accurate measurement of arterial blood pressure allows
for quick and sensitive detection of changes, enabling prompt
medical intervention.

Intrusive: During the application of these methods,
patients may experience pain or discomfort.

Cost and Resources: It is more costly and requires
additional resources due to the need for specialized
equipment and medical staff.

In a study by Jiang ef al. (2024), a comparison was made between invasive and non-invasive methods for
measuring arterial blood pressure in patients with sepsis. The invasive method involved inserting an arterial
catheter directly into the patient's arterial blood vessel to assess blood pressure. This method requires a medical
professional to perform an invasive procedure by introducing a catheter into the patient's artery, usually the
femoral or radial artery. A pressure monitor attached to the artery catheter allows for fast and accurate blood
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pressure readings. Due to its high accuracy, this invasive method is considered the clinical reference standard
for blood pressure measurement in critically ill patients.

For non-invasive blood pressure measurement, the oscillometric method uses a cuff placed on the
patient’s arm. Non-invasive blood pressure monitoring using oscillometric measurement is commonly used in
various clinical settings, including intensive care units. This method involves attaching a cuff to the patient's
arm and then measuring the changes in arterial pressure as the cuff is compressed. The data obtained from this
process can be used to determine the mean, diastolic, and systolic blood pressure values. Accurate arterial
blood pressure data was obtained using the invasive method compared to the non-invasive method. This
illustrates one of the advantages of invasive methods, while non-invasive methods are more suitable for general
clinical needs [66].

3.4. Non-Invasive Methods

"Non-invasive methods" refer to approaches or procedures that do not penetrate or enter the patient’s
body. Non-invasive blood pressure monitoring, for example, does not require any penetration of the skin or
blood vessels. This means that methods such as non-invasive blood pressure measures do not involve
puncturing the skin or implanting a catheter. Instead, they can be carried out using a blood pressure cuff on the
arm or a sensor on a finger [67], [68]. To ensure that patients feel safe and secure while using this method,
which is also easier to use, it demonstrates the benefits of utilizing this method despite its accuracy being lower
than invasive methods. As a result, according to Table 5, this method is better suited for routine measurement
rather than for assessment in critically ill patients. Table 5 presents the advantages and disadvantages of using
non-invasive methods in measuring physiological parameters [67].

Several studies utilize non-invasive methods, as detailed in Table 1. One such study was conducted by
Marathe et al. (2019). In their research, they developed a wireless prototype for measuring ECG, blood oxygen
saturation (Sp02), blood pressure, and body temperature using non-invasive methods. This can be observed
from the types of sensors employed, such as the AD8232 sensor for ECG and MAX30100 sensors for blood
oxygen saturation (SpO2) [35]. Nwibor et al. (2023) conducted further research and developed a prototype to
measure blood pressure, heart rate, and blood oxygen saturation (SpO2) using a non-invasive and contact
method. They used the MAX30102 sensor to measure blood oxygen saturation and heart rate, and the
MAX32644D sensor to measure blood pressure [36]. Overall, as shown in Table 1, measurements using non-
invasive methods can be combined with either contact or non-contact methods.

4. ANALYSIS METHODS

As seen in Fig. 1, there are data acquisition methods as well as analysis methods for measuring
physiological parameters. Analysis methods aim to evaluate the information gathered by data acquisition
methods in order to assess the physiological parameter values that were measured. The analysis methods for
measuring physiological parameters (PPG signal, RF signal, machine learning, and deep learning) will be
reviewed in this section. The introduction of each analysis method is followed by examples of studies that used
it and a table including studies from the previous five years that have utilized this kind of analysis method. The
studies are categorized by the kind of sensor or algorithm that was used, the kind of physiological parameters
that were measured, and the research results that are listed in Table 6.

Table 5. Pros and Cons of Non-Invasive Methods in Physiological Parameters
Non-Invasive Methods for Measuring Physiological Parameters

Pros (+)

Cons (-)

Convenience and Comfort: Because these methods do
not require skin entry or puncture, the patient is not
bothered during physiological measurements, such as
blood pressure monitoring.

Low Risk of Infection: This method has a lower risk of
infection compared to invasive methods that require
punctures or catheter insertion, as it does not involve skin
penetration.

Useful: This method is suitable for long-term monitoring
as it can be regularly performed without the risk of harm
or consequences and is easy to use.

Suitable for Routine Measurement: This method does
not involve difficult or intrusive procedures; it is
appropriate  for routine physiological parameter
measurements, such as blood pressure.

Accuracy Differences: Non-invasive and invasive methods may
differ in terms of accuracy, particularly in clinical settings when
highly accurate blood pressure measurements are necessary, such
as in patients who are critically ill.

Subject to External Interference: This method is vulnerable to
outside interference, such as body motion or incorrect sensor
alignment, which could skew the test results.

Limited Information Detail: When it comes to extra
hemodynamic parameters required in certain clinical situations,
these methods may not always offer the same level of detail as
invasive methods.

Limitations in Special Conditions: Patients with specific or
physically challenging conditions may not be able to use these
methods, requiring the use of an invasive approach to accurately
monitor blood pressure.
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Table 6. Type of Analysis Method for Measuring Physiological Parameters Based on Latest Research

Type of Type of
Author Physiological  Analysis Sensor/Component Algorithm Parameter Result Ref
Parameter Method
2.49 mmHg
. Blood Machine SVR, KNR, (sys)
Nishan et al. Pressure Learning ) DTR, RF MAE 1.43 mmHg [8]
(dias)
Heart Rate Resolution 13.7 mm
. . . Correlation
Zhang et al. Respiratory RF Signal Photonic Radar - Coefficient 0.746 [11]
Rate
®
PPG o (59
Blood Signal & SE-
Ma et al. Pressure Machine ) MSResUNet MAE=SD 2.1653.75 [12]
Learning mmHg
(dias)
Respiratory PPG &
Shuzan et al.  Rate Machine - ESTV li’lfg} MAE 0.89bpm g
SpO2 Learning T 0.57%
Morishima et Body Machme ) LSTM RMSE 0.90% [38]
al. Temperature Learning
0,
Blood Oxygen I_’PG MAX30102 98%
Heart Rate Signal 89%
Ahmad et al. Bod - Accuracy [37]
Y Infrared MLX90614 95%
Temperature
Blood MAX32664D 3 mmHg
Nwibor et al Pressure PPG - Accurac [36]
" Heart Rate Signal MAX30102 y 98.7%
Blood Oxygen 99.5%
Body .
Hoseinzadeh ~ Temperature ADC MAX30205 Standard 0.6 [41]
etal. Heart Rate PPG ) Deviation 1.84 bpm
SpO: Signal MAX30102 0.75%
Body . Infrared Array o
Jhora et al. Temperature RF Signal SensorGrid-EYE - Error 0,18% [49]
Pulse Rate PPG e 0.8175%
Ahmed et al. Blood Oxygen Signal MAX30100 - Deviation 0.425% [51]
Respiratory Correlation 0.93
Sharma et al.  rate RF Signal NCS - coefficient ’ [56]
Heart Rate (r) 0,95
il (539
Tazarv etal. 00 signal & - CNN,RNN,  \iAReSD 0242340 [69]
Pressure Deep & MLP
Learning mrpHg
(dias)
5.95 mmHg
Schlesinger Blood Deep (sys)
etal. Pressure Learning ) CNN MAE 3.41 mmHg 701
(dias)
Bianeral,  Respiratory Deep ; RNN MAE+SD 25506 19y
Rate Learning brpm
SpO2 0.9440.56%
-2.10+£7.07
PPG mmHg (sys)
Wang et al. Blood Signal AFE IC nRF52832 N/A ME+SD 0,047 34 [72]
Pressure
mmHg
(dias)
Heart Rate 2.75 bpm
Respiratory 1.25
. Rate PPG breaths/min
Nabavi et al. SpO: Signal MAX30102 N/A MAE 0.64% [73]
Body 0.22°C
Temperature
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4.1. PPG Signal

Photoplethysmography is a non-invasive optical technique that measures blood volume variations in
peripheral blood vessels. PPG uses light to detect variations in the way tissue reflects or absorbs light [74],
[75]. Since the blood volume flowing through the vessel is proportionate to the voltage signal from the PPG,
even minute changes in blood volume can be detected using this method. The PPG waveforms consist of a
pulsatile (AC) component caused by cardiac coordinated increases in blood volume with each pulse, and a
slowly changing (DC) baseline with several low-frequency components [29], [76]. In both pathological and
non-pathological analytical applications, photoplethysmography (PPG) is an affordable bio-optical sensing
technique that allows for the non-invasive, contact method or contactless monitoring of physiological
parameters and real-time quality assessment [77].

PPG signals are utilized as an analysis method in some of the latest research shown in Table 6 for the
measurement of physiological parameters, including studies conducted by Ahmad et al. (2022) and
Hoseinzadeh et al. (2022). The MAX30102 sensor, which utilizes PPG and LED-based technologies, is
employed in both studies to measure heart rate and blood oxygen saturation. The sensor emits LED light into
the skin to measure heart rate. Blood vessels in the skin absorb and reflect some of this light. The sensor detects
changes in light absorption due to the pulsing effect of the heartbeat on blood flow. The PPG signal is derived
from the systolic and diastolic peaks. Beats per minute (BPM) are calculated by counting the number of peaks
over a predetermined time interval, typically one second, and multiplying this count accordingly.

In detecting blood oxygen saturation, the sensor uses two LEDs (red and infrared) to measure changes in
light absorption in oxygenated and deoxygenated blood. Oxyhemoglobin absorbs more infrared light (950nm),
while deoxyhemoglobin absorbs more red light (650nm). By calculating the ratio of absorption between these
two wavelengths (red/infrared), the sensor determines the SpO2 level using a pre-determined equation
involving constants derived from comparative measurements with medical-grade SpO2 sensors [37], [41].

The two studies used different parameters in attaching test results to blood oxygen saturation and heart
rate, as listed in Table 6. In the research by Ahmad ef al. (2022), they evaluated accuracy by comparing the
prototype with a commercial product (Philips IntelliVue X3), where the blood oxygen saturation reached 98%
and the heart rate reached 89% [37]. The research by Hoseinzadeh et al. (2022) focused on the standard
deviation, which measures the variation or dispersion of heart rate and blood oxygen saturation values between
the prototype and the comparison of the tool, with blood oxygen saturation reaching 0.75% and heart rate
reaching 1.84 bpm [41]. Both studies concluded that the MAX30102 sensor can effectively measure blood
oxygen saturation and heart rate, making it a reliable monitoring device.

When using the MAX30102 sensor in these studies, several shortcomings need to be considered. The
PPG signal generated by the MAX30102 sensor can sometimes experience noise due to various factors such
as dense optics and the length of the illuminated network path. This can make it difficult to identify the systolic
and diastolic peaks of the resulting signal. Additionally, during the heart rate measurement, there is a possibility
of motion artifacts that can affect the accuracy of the readings. This is especially true when the user makes
movements or changes position during the measurement, which can interfere with the final measurement
results. The accuracy of PPG measurements is also greatly affected by the proper placement of the sensor on
the user’s body. If the sensor is not placed correctly, this can result in inaccurate readings. For better
development, improvements need to be made to ensure the accuracy and consistency of readings between the
prototype and the tested medical device [37].

This method commonly utilized in wearable technology, such as pulse oximetry and fitness trackers, to
monitor physiological parameters continuously. Integrating PPG acquisition functionally into wearable devices
enables discreet physiological parameter tracking suitable for ongoing patient status monitoring [78].

4.2. RF Signal (Radio Frequency Signal)

An electromagnetic wave known as an RF signal, which is useful in the medical field, enables wireless
data transfer [79]. An RF sensor is a device that tracks and detects a range of factors, such as a person's motions,
activities, and physiological data. RF sensors have many applications, including Wi-Fi, RFID technology, and
active or passive radar systems. These sensors have the potential to improve patient autonomy and quality of
life in the healthcare sector by facilitating remote monitoring of patients with chronic conditions [80], [81].
Radio-frequency (RF) sensors are a possible technology for supporting living in the medical area since they
can be utilized as an inexpensive, non-intrusive, and real-time data source [81].

There are several studies that use RF signals as an analysis method in measuring physiological parameters
listed in Table 6, one of which is the research by Sharma et al. (2020) that uses NCS in detecting heart rate and
respiration rate. NCS (near-field coherent sensing) employs the principle of radio frequency (RF). It involves
the near-field coupling of ultra-high frequency waves with dielectric boundary motion. With a transmitter and
receiver on the body, the sensor detects motion on the surface as well as movements within boundaries. The
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UHF waves are modulated by the mobility of the internal dielectric boundary during respiration and heartbeat,
and the receiver then picks them up. The NCS sensor records physical alterations in organs related to breathing
and heartbeat and offers non-invasive physiological parameter data. Compared to direct far-field reflection, it
is less susceptible to environmental changes and provides better signal isolation from interferences and inter-
sensor collisions. In this research, the NCS sensor was placed on the chests of twenty volunteers with a range
of genders and BMI indices. According to the study's test result, the correlation coefficients (r) for heart rate
and respiratory rate were 0.95 and 0.93, respectively. Although it can detect heart rate and respiration rate, this
study highlights the possibility of errors or low data quality in the respiration and heart rate data from the
sensors used. These issues can lead to low consistency in respiratory rate and heart rate measurements, thereby
reducing their accuracy [56].

Furthermore, there is research from Zhang et al. (2023) which uses photonic radar in detecting the same
parameters are heart rate and respiratory rate. Photonic radar systems generate RF signals in the form of
stepped-frequency (SF) signals with a bandwidth of 10 GHz in the Ka-band (26.5-40 GHz). These RF signals
are used to reflect electromagnetic waves from moving objects, such as the human chest or experimental
animals. The RF signals reflected from the moving object are recorded and analyzed by the photonic radar
system. Changes in these reflected RF signals provide information about body movements, including changes
in chest volume associated with breathing and heart rate. By analyzing these changes, the photonic radar system
can extract physiological parameters information such as heart rate and respiratory rate. The detected changes
in RF signals can be converted into numerical information representing heart rate and respiratory rate.

The photonic radar system can achieve high distance resolution (13.7 mm) and micrometer-level accuracy
in detecting respiratory activity, with a correlation coefficient of 0.746, as shown in Table 6. This allows the
system to detect small changes in body movements associated with heart rate and respiration with a high degree
of accuracy. By using RF signals and photonic technology, this radar system can provide accurate and non-
contact physiological parameters detection, suitable for real-time monitoring in various settings.

Although photonic radar systems are capable of achieving high distance resolution and good detection
accuracy, the information obtained from detecting physiological parameters such as heart rate and respiratory
rate may need confirmation by other methods or integration with additional clinical data to gain a more
comprehensive understanding of a person’s health condition. While this study successfully demonstrated the
ability of the photonic radar system to detect physiological parameters in experimental animals, such as frogs
used as human models, the use of animals as test subjects may have limitation in representing the full response
of the human body. Therefore, the results obtained from animal testing need to be further verified in humans
to ensure their applicability in clinical applications and to explore wider health applications [11].

4.3. Deep Learning and Machine Learning

The development of advanced technical systems that can carry out complex activities that have
historically required human ability is known as artificial intelligence (AI). Al includes subfields like computer
vision, machine learning, deep learning, and natural language processing [82], [83]. Deep learning, a type of
artificial intelligence, uses algorithms modeled after the architecture and operations of neural networks found
in the human brain. These algorithms are designed to learn from massive volumes of data without being
explicitly programmed, allowing them to spot patterns and draw conclusions based on data [84]. Physiological
parameter identification often makes use of deep learning and machine learning, optimizing measurements
within time limits and using strategies such as PPG signals, as shown in Table 6 [85].

Based on Table 6, there are several studies that use machine learning or deep learning in measuring
physiological parameters. One example is the research by Tazarv et al. (2021), which uses deep learning to
develop a method for measuring blood pressure. The research uses PPG signals that have been preprocessed
before being included in the model, which utilizes Multi-Layer-Perceptrons (MLP), Convolutional Neural
Network (CNN), and Recurrent Neural Network (RNN) by using MIMIC II and UQVSD datasets.
Furthermore, the trainable weights in the CNN are optimized to extract the most informative features for blood
pressure value estimation. The model is trained using the leave-one-window-out validation method, where the
one-time window is tested separately from the rest of the data. The performance of the model was evaluated
using the mean absolute error (MAE) and standard deviation (SD) metrics, with 0.21+6.27 mmHg for systolic
and 0.24+3.40 mmHg for diastolic [69].

Ma et al. (2024) conducted research that uses a combination of PPG and machine learning, as shown in
Table 6. This research aims to create an accurate and efficient method for continuous, non-invasive monitoring
of arterial blood pressure using the SE-MSResUNet network by processing PPG data and predicting blood
pressure. The work process starts with data collection, where PPG data is recorded from sensors placed on the
skin to detect optical signals from changes in blood volume. Next, the raw PPG data is processed to remove
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noise, normalize the signal, and prepare the data for further analysis, which is called the data preprocessing
stage. Then, feature extraction is performed on the PPG data, extracting time features, frequency, statistics, and
other physiological features that can provide information about blood pressure. Machine learning models such
as neural networks, convolutional neural networks (CNN), or other models are then trained using the PPG data
along with the corresponding blood pressure labels. After training, the machine learning model can be used to
predict blood pressure values from new PPG data. It is then evaluated using mean absolute error (MAE) and
standard deviation (SD) metrics, yielding values of 3.88+6.17 mmHg for systolic and 2.164+3.75 mmHg for
diastolic blood pressure.

The research conducted by Tazarv et al. (2021) used many datasets, including MIMIC-II and UQVSD,
but Ma et al. (2024) only used one dataset, MIMIC-II. However, this the one explanation for different metric
evaluation results aside from different algorithm usage. In both of these studies, several weaknesses were
identified, including dependence on training data, as the performance of machine learning models is strongly
influenced by the quality and representation of the training data used. If not properly addressed, the model may
experience overfitting or underfitting. Additionally, it was mentioned that the model’s performance on external
validation datasets (such as MIMIC-II) may be low due to poor data quality or individual differences.
Therefore, it is necessary to focus on external validation to ensure the model’s reliability outside the training
dataset. Limitations in the amount of data or variations in the dataset may affect the model’s ability to produce
generalized and accurate predictions. In addition, both studies require large computing resources and long
training times, making them difficult to apply in the environment quickly. Thus, further evaluation and
development are needed using varied datasets with a sufficient amount and high-quality data [12], [69].

Both deep learning and machine learning can be used as analytical methods for measuring physiological
parameters. These models may include detection, diagnosis, and monitoring. However, for these models to be
used as needed, they must be constructed from the data used, processing steps, assessment model, and security
data.

5. DISCUSSION

The previous studies discussed various methods for data acquisition and analysis in the measurement of
physiological parameters, as detailed in Table 1 and Table 6. These methods included different types of
applications, functions, device designs, and device-to-body connectivity, as illustrated in Fig. 2. The studies
had various objectives, including diagnosis, monitoring, and both. Moreover, they used different types of
device designs, such as portable and wearable devices, each offering different body connectivity options, such
as wired or wireless, tailored to the specific study's needs.

Based on Function
|/ DIAGNOSIS
MONITORING
\\ DIAGNOSIS
AND

MONITORING

PORTABLE
. DEVICE

APPLICATION OF | Buset_:l on

PHYSIOLOGICAL Device

PARAMETERS - | wearasie  Design
— DEVICE

|— WIRED
I— WIRELESS

Based on Device-to-Body
Connectivity i

Fig. 2. Types of Applications for Measuring Physiological Parameters

The information in Table 7 presents studies on the measurement of physiological parameters, categorized
by application as shown in Fig. 2. The table includes the type of function, device design, and device-to-body
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connectivity for the past 5 years. It also outlines the physiological parameters studied, which include heart rate
(HR), pulse rate (PR), blood oxygen saturation (SpO2), blood pressure (BP), body temperature, respiratory rate
(RR), electrocardiograph (ECG), and end-tidal carbon dioxide (ETCO2), which are identified in each study.

5.1. Diagnosis in Physiological Parameters

Physiological parameters are measured in the research indicated in Table 7 to aid in monitoring and
diagnosing, as measuring physiological parameters is necessary for accurate diagnosis. Fig. 2 shows the
different types of applications according to their functions: wearable devices and portable device.

A portable device is a type of lightweight and compact device that is designed to be easily carried around.
This design is often used by healthcare businesses for their medical devices to make them more appealing and
convenient for users. Portable devices are usually powered by batteries, only power sources, or both. Battery
systems enable the measurement of physiological parameters without needing a direct connection to a fixed
power source. One of the studies that implements a portable device for diagnosing physiological parameters is
the research by Muralidharan et al. (2023), as listed in Table 7. This research involved developing a prototype
to detect blood oxygen saturation (SpO2) and heart rate using the MAX30100 sensor. The device is designed
to be portable because the components used are small in size without compromising performance. The
components used in this study include an Arduino Nano as a microcontroller and an LCD 12C 16x2 as a displa.

In addition to portable devices, there is a type of wearable device found in the studies in Table 7. This
type allows the device to be worn on the body or clothing and is essential for disease prevention, monitoring
physiological parameters, and diagnosing [102]. The devices have multiple applications in healthcare, ranging
from being skin-based to biofluidic-based. These adaptable devices can conform to physiological parameters
and help in treating diseases by providing insights into physiological changes. Research often involves the use
of textile and skin-based wearable devices [103]. One of the studies that utilized wearable devices for
diagnosing physiological parameters in Table 7 is by Wang et al. (2022). They used AFE ICs and PPG signals
in their prototype, to detect physiological parameters, including blood pressure, heart rate, and blood oxygen
saturation. Due to its watch-like design, this research is classified as a wireless type, and the device ensures
accurate and safe results [72].

According to the ease of use category wearable and portable devices are easy to use and comfortable due
to their everyday design that doesn’t interfere with daily activities. These devices can be used for continuous
and real-time monitoring based on the user’s needs. However, the available features are not as extensive as
those in medical devices such as patient monitors and accuracy systems, so they are not as advanced as those
found in clinical settings. Because of this, these devices can be used in a way that best suits the user’s needs.

5.2. Monitoring in Physiological Parameters

Monitoring applications on physiological parameters is an effort to make the measurement process on
physiological parameters take place continuously for early diagnosis, monitoring of chronic diseases, and
others. The form of monitoring physiological parameters can be utilized to build a system on a module
connected to the prototype. For example, Rahmat ef al. (2019) as shown in Table 7, developed a monitoring
system with the Bluetooth HC-05 module in their prototype. This makes it possible to use an application using
Bluetooth to remotely observe the ECG measurement results from the prototype. The weakness of this
prototype is that it cannot be used for remote monitoring due to the limitations of Bluetooth features. Therefore,
it is necessary to develop remote monitoring using other features such as WiFi or by developing an application
or web platform [44].

Telemedicine, a form of remote health monitoring, can diagnose and treat patients to optimize the
monitoring of physiological parameters. Medical professionals can analyze, diagnose, and treat patients by
using technology including secure messaging, phone calls, alarm systems, and video conferencing [104]. This
item is very useful in remote areas and during the COVID-19 pandemic [105], [106].

Ding et al. (2020) analyzed the concept of telemedicine, which uses cellular communications and
embedded technology to enable real-time remote data and alarm signal transmission over the Internet. This
prototype collects and displays a wide range of physiological parameters, including blood oxygen saturation,
heart rate, NiBP (non-invasive blood pressure), and body temperature. Telemedicine monitoring systems can
monitor physiological parameters in real time by connecting to medical devices and transmitting the data via
wireless GPRS or the internet. This technology helps medical professionals understand patient’s health status
and safeguards patient’s safety. However, there are a few weaknesses such as the lack of an appropriate alert
module, which reduces the system’s ability to warn users when physiological parameters surpass the standard
of measurement. Since the home environment is the focus of this research, its applicability in larger medical
settings, such as hospitals, may not be fully maximized [2].
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Additionally, Antor ef al. (2021) studied a web-based telemedicine system for COVID-19 patients,
including hospital integration, doctor registration, remote consultations, communication between doctors and
patients, a user-friendly interface, and connectivity with Google Maps. Patients may obtain medications, keep
medical records, and have remote consultations with doctors because of this system. Furthermore, by allowing
medical professionals to register and designate specialists for specific departments, it enhances accessibility
and the user experience. Meanwhile, a very safe password protection system is needed to safeguard patient and
medical professionals data and ensure reliable network access that can be accessed from anywhere [105].

Table 7. Application in Multi-Physiological Parameters Based on Recent Research

Categories Physiological Parameter
Author Function  ©h Wb W/WL HR PR SpO, BP ?:;{) RR ECG ETCO, R
Chu et al. Diagnosis WD W N [18]
Buekers et al. Diagnosis WD W N v [31]
Motin et al. Diagnosis PD w v v [33]
Marathe et al. Diagnosis PD w Y Y N S [35]
Mur:ilg?aran Diagnosis PD WL v v [39]
Moller et al. Diagnosis PD W v [43]
Cinel et al. Diagnosis WD WL N [55]
Sharma eral.  Diagnosis WD w v N [56]
Sahrul et al. Diagnosis PD W v N [57]
Sriraam et al. Diagnosis WD w v [59]
Wang et al. Diagnosis WD WL v Y Y [72]
K“Zg’*al;og]“ Diagnosis WD WL N [86]
Long ef al. Diagnosis WD W v Y [87]
Passler et al. Diagnosis WD WL N [88]
Davies et al. Diagnosis WD WL v [89]
Ding et al. Monitoring - WL v v v v [2]
And:;de et Monitoring - WL v v v \ v [9]
Ndukaetal.  Monitoring - WL V [90]
Nemz;)va el Monitoring - WL v v v [91]
Wei et al. Monitoring - WL V [92]
Diagnosis
Nishan e al. and WD WL v [8]
Monitoring
Diagnosis
Zhang et al. and PD WL v V [11]
Monitoring
Diagnosis
Ma et al. and WD WL v [12]
Monitoring
Diagnosis
Zanoguera et and PD W N [32]
al. .
Monitoring
Diagnosis
Nwibor e al. and WD WL v 0 0 [36]
Monitoring
. Diagnosis
Hoseinzadeh and PD WL N N [41]
etal. .
Monitoring
Diagnosis
Sarbaras et and PD w N [42]
al. .
Monitoring
Diagnosis
Rahman et al. and PD W \ [44]
Monitoring
Diagnosis
Naranjo et al. and WD w Y [45]
Monitoring
Diagnosis
Edwan et al. and PD W v [46]
Monitoring
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Categories Physiological Parameter

Author Function  ©rywb W/WL HR PR SpO, BP ?::1{) RR ECG ETCO, R¢f

Diagnosis
Alietal. and PD W R N v N [47]
Monitoring
Diagnosis
Azhari et al. and PD WL N [50]
Monitoring
Diagnosis
Dubey e al. and PD WL y N Y [53]
Monitoring
Diagnosis
Zhou et al. and WD WL \ Y [54]
Monitoring
Diagnosis
and PD WL N [58]
Monitoring
Diagnosis
and WD WL N [93]
Monitoring
Diagnosis
Bakar et al. and PD W v v [94]
Monitoring
Diagnosis
Fazio et al. and WD W N [95]
Monitoring
Diagnosis
Naggar et al. and PD W v y N N Y [96]
Monitoring
Diagnosis
Alam et al. and WD WL N [97]
Monitoring
Diagnosis
Bae et al. and PD w v v v v v ol [98]
Monitoring
Diagnosis
Wong e al. and WD WL v v V V \ [99]
Monitoring
Diagnosis
Jamil et al. and PD w v v v v ol [100]
Monitoring
Diagnosis
Fan et al. and WD W N v v N [101]
Monitoring
Note: PD (Portable Device); WD (Wearable Device); W(Wired); WL(Wireless)

Boonsong et
al.

Ghassemi et
al.

Based on Table 7, overall, there are studies that use both wired and wireless body-to-device connectivity
in the prototypes they develop. for example, Marathe ez al. (2019) used the wired type in their prototypes
because it employs electrodes as intermediaries between the AD8232 sensor and the human body to measure
ECG, categorizing it using the contact method as stated in Table 1 [35]. Conversely, research by Lyra et a.
(2021) utilized the wireless type, employing deep learning to detect body temperature and using a camera to
take measurements. Therefore, this study used a non-contact method to measure body temperature, as shown
in Table 1 [60].

The use of wired and wireless types in prototypes for measuring physiological parameters each have
distinct advantages and developmental needs. Wired prototypes, such as those using electrodes connected to
an AD8232 sensor, offer stable and reliable data transmission, making them ideal for controlled environments
like hospitals. However, their main drawback is the limitation on user mobility and comfort due to the physical
connections. Development in this area could focus on making wired systems more flexible and less intrusive,
perhaps by using more ergonomic designs and materials that reduce discomfort for users or patients [35]. On
the other hand, wireless prototypes provide greater flexibility and convenience, allowing for continuous
monitoring without the constraints of physical cables. This is particularly beneficial for applications requiring
patient mobility, such as wearable health monitors for daily activities or remote patient monitoring systems.
However, wireless systems can face challenges with data transmission reliability, battery life, and potential
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interference from other wireless devices. Future developments could aim at enhancing the battery efficiency,
data security, and minimizing latency in data transmission to ensure accurate and uninterrupted monitoring
[60]. Both types have seen advancements in recent years, but there is a continuous need for innovations to
address their respective limitations. For wired systems, integrating more advanced sensors that require less
invasive connections could improve user experience. For wireless systems, improving wireless protocols and
power management technologies can enhance performance and reliability, making them more suitable for a
wider range of applications in healthcare.

6. CONCLUSION

According to this review paper, physiological parameters are essential for understanding an individual’s
health condition. Each physiological parameter represents specific characteristics that reflect the body’s
functions. For example, blood oxygen saturation and respiration rate are related to the respiratory system, heart
and blood pressure are associated with the cardiovascular system, and body temperature indicated the heat
level of the body. Different measurement methods are used to determine physiological parameters, depending
on the type of parameter being measured. These measurement methods are divided based on data collection
techniques and analysis methods, chosen according to specific needs. Data acquisition methods for
physiological parameters include contact methods, non-contact methods, invasive methods, and non-invasive
methods. Contact and non-contact methods pertain to whether the measurement is taken directly or indirectly
using sensors, while invasive and non-invasive methods relate to whether the measurement involves
penetrating the body. These four methods are interrelated, such as contact and invasive, contact and non-
invasive, or non-contact and non-invasive, as shown in Table 1.

Various methods measure physiological parameters, including RF signals, PPG signals, machine learning,
and deep learning. PPG signals use optical technology, RF signals use electromagnetic waves, and machine
learning and deep learning create non-contact, non-invasive for measurements. Ma et. Al (2024) combined
PPG and machine learning to develop a continuous, non-invasive method for monitoring arterial blood pressure
using the SE-MSResUNet network. The model predicted blood pressure with MAE and SD values of 3.88+6.17
mmHg for systolic and 2.16+3.75 mmHg for diastolic blood pressure. However, ensuring model reliability
remains a challenge due to issues such as data variability and computational demands. Further research is
needed to optimize these technologies for widespread clinical use, focusing on improving accuracy, reliability,
and practical deployment in diverse healthcare settings.

Based on research from the past five years, several aspects can be classified in these studies, including
function, device design, and device-to-body connectivity. Physiological parameters are essential for accurate
diagnosis and monitoring, with portable and wearable devices serving these purposes effectively. Portable
devices, like those in Muralidharan et al.’s (2023) study, offer user-friendly solutions for continuous health
monitoring in heart rate and blood oxygen saturation. These devices, while convenient and adaptable to daily
life, may lack the extensive features and precision of traditional medical equipment, making them suitable
primarily for personal use and early intervention.

Monitoring applications for physiological parameters enables continuous monitoring measurement for
early diagnosis and chronic disease management. Rahmat et al. (2019) developed a system using the Bluetooth
HC-05 module to remotely observe ECG measurements, but its limited range necessitates further development
using WiFi or web platforms for better remote monitoring. In conclusion, ongoing advancements in
physiological parameters technologies present exciting opportunities for personalized healthcare. However,
addressing challenges such as data quality, mode reliability, and practical integration into clinical practice
remains crucial. Future research should prioritize refining these technologies to enhance accuracy, usability,
and impact on patient outcomes across diverse healthcare environments.
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