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Abstract: Driven by technological advances from Industry 4.0, Healthcare 4.0 synthesizes medical
sensors, artificial intelligence (AI), big data, the Internet of things (IoT), machine learning, and
augmented reality (AR) to transform the healthcare sector. Healthcare 4.0 creates a smart health
network by connecting patients, medical devices, hospitals, clinics, medical suppliers, and other
healthcare-related components. Body chemical sensor and biosensor networks (BSNs) provide the
necessary platform for Healthcare 4.0 to collect various medical data from patients. BSN is the
foundation of Healthcare 4.0 in raw data detection and information collecting. This paper proposes
a BSN architecture with chemical sensors and biosensors to detect and communicate physiological
measurements of human bodies. These measurement data help healthcare professionals to monitor
patient vital signs and other medical conditions. The collected data facilitates disease diagnosis and
injury detection at an early stage. Our work further formulates the problem of sensor deployment in
BSNs as a mathematical model. This model includes parameter and constraint sets to describe patient
body characteristics, BSN sensor features, as well as biomedical readout requirements. The proposed
model’s performance is evaluated by multiple sets of simulations on different parts of the human
body. Simulations are designed to represent typical BSN applications in Healthcare 4.0. Simulation
results demonstrate the impact of various biofactors and measurement time on sensor selections and
readout performance.

Keywords: chemical sensors; biosensors; Industry 4.0; Healthcare 4.0; wearable devices; body
chemical sensors and biosensor networks (BSNs); sensor; wearable data collector; tennis elbow;
runner’s knee; shin splints; heel inflammation; blood flow velocity; successful number of readouts;
monitoring time

1. Introduction

Industry 4.0 is the fourth industrial revolution. Its initial focus is on improving and
optimizing manufacturing processes and supply chains. With its rapid development,
Industry 4.0 has brought deep impacts to different aspects of society and our lives. In
the healthcare sector, Industry 4.0 has promoted many advanced technologies to improve
human health via advanced technologies [1–3]. This effort boosts a new concept, which is
referred to as Healthcare 4.0.

Traditional healthcare practice relies heavily upon physical appointments, in-person
visits, manual examinations, and treatment procedures with deep human involvement.
Healthcare 4.0 takes advantages of many aspects from Industry 4.0 [4]. It synthesizes
medical sensors, artificial intelligence (AI), big data, the Internet of things (IoT), machine
learning, and augmented reality (AR) to transform healthcare with tech-driven applications
and processes [5,6]. Healthcare 4.0 creates a smart health network by connecting patients,
medical devices, hospitals, clinics, medical suppliers, and other healthcare-related compo-
nents [7,8]. In this smart network, medical and care delivery decisions are made with much
less human involvement; in some cases, even without any human participation [9,10].
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As a key platform to collect healthcare information, body chemical sensors and biosen-
sor networks (BSNs) [11–13] are essential to detect bio and medical data necessary for
Healthcare 4.0. BSN systems rely on various types of chemical sensors and biosensors to
sample, detect, and communicate physiological measurements of human bodies [14,15].
Chemical sensors are often utilized to detect the content and concentration of human body
liquid such as PH value, Ca+ concentration, glucose concentration, etc. [16,17]. In the
meantime, biosensors are widely used to detect antigens, antibodies, enzymes, hormones,
DNA, RNA, as well as microbes [18–20]. With technological advances and collaborations
to overcome the nontechnical barriers, BSNs are expected to demonstrate value for Health-
care 4.0 users to resolve impediments related to inconvenience, invasiveness, and general
discomfort. The global BSN market is predicted to grow at a compound annual growth rate
(CAGR) of 22.3%. It is estimated to be valued at about USD 229.8 billion by 2032, increasing
from USD 24.6 billion in 2021 [21].

Our previous study proposed an initial framework for designing a BSN system [22,23].
In this paper, we focus on modeling the in-body sensor networks for Healthcare 4.0 by
taking key parameters of BSNs into consideration. In particular, the process of body motion
and blood circulation involved in measurement is formulated. Time-dependent parameters
are included to represent changes of the related body part characteristics. The proposed
model aims to utilize the minimum amount of chemical sensors and biosensors to collect
sufficient measurements for healthcare purposes. Our previous study addressed hamstring
injury detection [22,23]. As another technical enhancement, this work evaluates more
medical cases to analyze the model’s performance. Typical injuries, such as tennis elbow,
runner’s knee, shin splints, and heel inflammation, are investigated. More datapoints are
provided in this work to analyze the performance of the enhanced BSN system model.

The rest of this paper is organized as follows: Section 2 overviews the BSN architecture
that supports Healthcare 4.0. Its key elements are introduced one by one. Major functions
of the key elements are reviewed. Section 3 presents the BSN model. It first explains the
layers for biomedical information processing. Then, it focuses on formulating the goal,
conditions, and constraints of BSNs using biomedical parameters. Factors in this model
are elaborated to illustrate their impact on BSN system design. Section 4 investigates
typical cases of human body injury detection. Multiple sets of simulations are conducted.
Simulation results are analyzed and discussed. Our future research directions are discussed
in Section 5. Conclusions of this work are drawn in Section 6.

2. Healthcare 4.0 and BSN Architecture
2.1. Healthcare 4.0 Elements

Healthcare systems are responsible for improving patient health and quality of care.
Four vital functions of healthcare systems are provision of health care services, resource
generation, financing, and stewardship [4,5]. Conventional healthcare practice deeply
relies on human involvement. Typical activities are physical appointments, office visits,
manual examinations, and on-site treatment procedures. Technological advances in medical
devices, pharmaceutics, communications, networking, and other fields are driving the
evolvement of healthcare practice. Healthcare systems are implicated in the rapid transition
to an intelligent, scientific, and technological society. This society consists of a wide
spectrum of business, industries, and governmental institutions. They conduct different
activities to provide various healthcare services including, but not limited to, medication,
caregiving, insurance, drug regulation, training, logistics, nutrition management, and
safety management.

The latest effort is referred to as Healthcare 4.0. It is motivated by the successful
progress of Industry 4.0. Key technologies from Industry 4.0, such as AI, big data, IoT,
machine learning, and AR, are gradually introduced to the healthcare sector. Healthcare
4.0 is expected to synthesize all healthcare-related elements and transform healthcare with
tech-driven applications and processes. It integrates various aspects of medical services
and healthcare related industries with innovative technologies. The authors of reference [4]
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discussed a general platform for Healthcare 4.0. They focused on data security and patient
privacy. A data storage and sharing method was proposed to conduct encryption and
authentication from users’ smartphones. The authors of reference [5] researched homecare
robotic system design for Healthcare 4.0. New features, such as cloud computing and
motion capture, were investigated for potential homecare applications. Reference [7]
enhanced platform security by using a method to protect highly sensitive data. In this
manner, privacy breaches and cyberattacks from unauthorized users could be reduced.
Reference [8] developed an integrated healthcare framework based on blockchain-based IoT
technologies. The framework weights data properties to facilitate user data processing. The
work in Reference [10] tackled the strategy of task distribution in the healthcare platform.
It assigned multiarea tasks to different elements in the platform, improving efficiency
and flexibility.

Our work aims to provide accurate data to realize Healthcare 4.0 for individual
users. Figure 1 illustrates the key elements of Healthcare 4.0. Patients are the center of
Healthcare 4.0. All services provided by Healthcare 4.0 share a common goal of patient care
improvement. The stakeholder elements in Healthcare 4.0 include healthcare providers,
authorities, and insurance companies. Hospitals, clinics, research centers, and rehab centers
are the infrastructure elements. Pharmaceutical industry and device industry are the
value chain elements which produce key supplies to healthcare services. Healthcare 4.0
enables the integration and interaction of the patients, stakeholder, infrastructure, and
value chain. It changes the traditional business model into a patient-centric and data-driven
intelligent society.
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Figure 1. Key elements in Healthcare 4.0.

BSN systems provide patient data for Healthcare 4.0. They are the information source
platform where original data are collected from the patients. In BSN systems, the chemical
sensors and biosensors work together to monitor physiological statuses in various biological
body fluids. These body fluids are interstitial fluid, blood, wound fluid, etc. Specific
biological functions, such as respiration, blood pressure, temperature, heart rate, and
electrocardiogram (ECG), are constantly measured by these sensors.

2.2. BSN Systems

By analyzing and processing the data collected from these sensors, the BSN systems
can radically increase the success rates of disease treatment and eventually improve the
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quality of life of patients. Figure 2 illustrates the BSN architecture. Chemical and biosensors
enter the patient’s body via injection or drinking. Once injected or entering the blood
circulation system, sensors flow with the blood through the patient’s body.
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The in-body sensors collect data on respiratory rate, blood pressure, heartbeat rate,
and body temperature. With technology advances in sensor design and material science,
the latest generation of chemical sensors and biosensors can detect more bioinformation
such as oxygen saturation, glucose levels, and cholesterol levels. All of these data are
important bioparameters for healthcare.

From the viewpoint of healthcare, the in-body sensors provide insights into how
patients’ bodies work. Healthcare providers and professionals can understand how medical
conditions develop over time. Health problems are better managed at the early stage.
Another benefit of the in-body sensors relies on the portability. The point of care is moved to
wherever the patient is located. As real-time health information is collected and processed
through the network, more responsive services can be provided. Bio data detected by
sensors are collected via wearable devices placed around a few body places. In the example
of Figure 2, wearable devices are placed around the patient’s hamstring, wrist, and ankle
areas. These wearable devices are also called data collectors. Data collectors are designed
with microcontrollers for data acquisition and transmission. They are smart electronic
devices worn close on the surface of the patient’s skin.

Data detected by sensors are transmitted to data collectors when a sensor flows
through an area covered by wearable devices. Collected data can be stored locally. They
can also be transmitted to the Internet via communication interfaces in the data collectors.
Other elements in Healthcare 4.0 use data provided by the BSN systems to conduct various
tasks such as patient monitoring, diseases diagnosis, health analysis, nutrition management,
as well as medication management.

3. BSN Modeling

Our model in this section is based upon the frameworks in IEEE 1906.1-2015 [24],
IEEE 1906.1.1-2020 [25], and IEEE 8802.15.6-2017 [26]. This set of IEEE standards specify
basic guidelines on sensor communications and performance evaluation. IEEE 1906.1-2015
specifies a conceptual framework on nanoscale communications. It supports informa-
tion transmission for both waves and particles. The metrics are designed to evaluate
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communication performance. IEEE 1906.1.1-2020 creates a common data model using
the next-generation language YANG. This model represents the fundamental physics of
nano communication systems. It also defines data structure for communication control
and management. IEEE 8802.15.6-2017 specifies the physical layer and necessary MAC
of the wireless body area network. It defines the frequency bands, launch power, and
data rate to support wireless communication within the surrounding area of the human
body. We customize the conceptual framework and data model defined in these reference
standards with a specific goal of in-body sensor network design and implementation. In
particular, our model is derived from the BSN architecture proposed in Figure 2. We aim to
use the minimum amount of sensor resources to achieve the required readouts for health
monitoring and other purposes. The problem settings and constraints are developed with
the biological and medical parameters applicable to the architecture in Section 2.

3.1. Information Processing in BSNs

In the proposed architecture shown in Figure 2, biomedical data are processed in mul-
tiple layers. Figure 3 shows the three layers of data processing: sensing layer, networking
layer, and application layer.
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The sensing layer lies at the bottom of the information processing chain. It consists of
the sensors in the patient’s body. These sensors flow with the blood through the patient’s
body. Depending on the actual implementation, the sensors could be in nanoscale or
microscale. Figure 3 shows nano sensors as an example. These sensors detect physiological
and medical information via physical, chemical, or biological methods. For example, to
measure a particular compound’s concentration in the blood, the sensor sends a fluorescent
signal that changes with compound concentration. The fluorescent signal can be detected
through the skin. The received signal from the skin provides a way to measure and
calculate the compound’s concentration. The detected information forms the raw data for
healthcare services.

The middle layer is referred to as the networking layer. Its key elements are wearable
devices, or data collectors. In this layer, wearable devices, such as watches, necklaces,
wristbands, headbands, rings, and gloves, are deployed on the patient’s body to collect
data from the in-body sensors. The wearable devices are designed with two types of
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communication interfaces. The southbound interface receives information from the in-
body sensors, while the northbound interface transmits the healthcare information to the
Internet. Note that the communication protocols implemented in the two interfaces could
be different. This is because the signal coverage, transmitter power, receiver sensitivity, as
well as data rate are different in the two interfaces. To continue the compound concentration
detection example in the sensing layer, we assume a patient wears a smart wristband. The
in-body sensor sends out fluorescent signal. The wristband keeps measuring the fluorescent
signal through the skin. It maps the received fluorescent signal strength to a compound
concentration value, and one readout is generated at the southbound interface. The readout
could first be stored locally in the wristband memory. When protocol allows, the collected
readouts would be transmitted to the Internet via the northbound interface. In some cases,
the wearable devices can preprocess the collected data from in-body sensors, making edge
computing or edge intelligence possible for the BSN system.

The top layer is the application layer. Unlike the sensing layer and the networking
layer, the application layer provides more complicated functions of information processing.
Healthcare data are stored with backups in the data center. The data center maintains
healthcare service continuity when failures occur in the connections and even network
nodes. In Healthcare 4.0, the data center also provides function modules to aggregate,
reformat, update, and fuse the raw data. Medical servers use the data processed by the
data center to help healthcare professionals with various tasks. Interrelated datasets that
provide complementary views of the same phenomenon could be correlated to allow more
accurate diagnosis. For example, physicians employ the tools installed in the medical
servers to monitor patient health conditions, diagnose chronic injuries, and make treatment
plans. Hospitals, clinics, and medical insurance companies employ the processed data to
make strategic decisions on business operations.

3.2. BSN Model

The in-body chemical sensors and biosensors flow with the blood through the human
circulatory system. Their velocity, v (cm/s), is the same as that of the human blood flow. It
is modeled as:

v(t) = Q(t)/A(t), (1)

where Q is the blood volume flow per unit time expressed in units of volume per unit time
(mL/s), and A is cross-sectional area of a blood vessel or a group of blood vessels expressed
in units of square centimeter (cm2). Area A is calculated as A = πr2, where r is the radius of
a single blood vessel or a group of blood vessels. Both Q and A are time-dependent because
the vessel characters change when sensors flow through the circulation system.

The path length, L, of the circulation system is calculated as:

L =
∫ TC

0
v(t)dt (2)

where TC is the time for blood to circulate through a human body. In each blood circulation
circle, the chance that a sensor passes the wearable data collector area is:

PC = w/L, (3)

where w is the length of the wearable data collector.
A readout is collected when a sensor transmits its data while flowing with the blood

through a data collector area. In this process, a transmission collision occurs if there are
other sensors attempting to transmit data. The successful probability (i.e., PS) of collecting
a readout from n sensors is expressed as:

PS = PC (1 − PC)n−1. (4)
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During a healthcare monitoring time, TM, the successful number of readouts from n
sensors is:

S = n PS TM. (5)

Replacing PS using Equations (1)–(4), the successful readouts from n sensors in TM
monitoring time are:

S = nTM
w∫ TC

0
Q(t)

πr2(t)dt
(1− w∫ TC

0
Q(t)

πr2(t)dt
)

n−1
(6)

Chemical sensors and biosensors are a scarce medical resource. In-body sensor usage in
patients should be limited to the extent of necessity. Each readout information transmission
consumes energy from both the sensor and the data collector. Data transmission reduces the
sensor lifetime. Our goal is to utilize the minimum number of sensors to collect sufficient
readouts from the patient’s body.

Table 1 summarizes the key parameters used in the aforementioned BSN model.

Table 1. BSN model parameters.

Item Meaning and Unit

n In-body sensor amount
S Successfully collected readouts

Smin Minimum number of readouts for healthcare decisions
v Sensor flowing velocity (cm/s)
Q Blood volume flow per unit time (mL/s)
A Cross-sectional area of a blood vessel (cm2)
r Blood vessel radius (cm)

TC Time for blood to circulate through a human body (s)
TM Healthcare monitoring time (s)
L Path length of the circulation system (cm)
w Length of the wearable data collector (cm)
PC Probability that a sensor passes the wearable data collector area
PS Successful probability of collecting a readout from n sensors

In this model of in-body sensor networks, our goal is to minimize the value of n
(i.e., sensor amount in the patient’s body) while achieving S successful readouts to satisfy
S ≥ Smin. Smin is the minimum number of readouts required for a healthcare professional to
make necessary decisions. The goal of the BSN modeling problem is stated in Table 2.

Table 2. BSN modeling: problem goal and constraints.

Goal of BSN System Design BSN System and Biomedical Constraints

Obtain the minimum n to satisfy S ≥ Smin

v(t) = Q(t)/A(t)

L =
∫ TC

0 v(t)dt

PC = w/L

PS = PC(1 − PC)n−1

S = nTM
w∫ TC

0
Q(t)

πr2(t)
dt
(1− w∫ TC

0
Q(t)

πr2(t)
dt
)n−1

Tc ∈
(
tmin,tmax

)
TM >> TC

r ∈
(
rmin,rmax

)
Q ∈

(
Qmin,Qmax

)
Parameters of our model can be divided into three categories. The first category is

human body biological parameters. These include the blood circulation time (i.e., TC), the
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blood flow velocity (i.e., v(t)), the blood volume flow per unit time (i.e., Q(t)), the blood
vessel cross-sectional area (i.e., A(t)), and the blood vessel radius (i.e., r(t)).

The second category represents the BSN system characteristics in Healthcare 4.0. It
consists of the in-body sensor amount (i.e., n), the wearable data collector length (i.e., w),
and the healthcare monitoring time (i.e., TM). The last category of parameters describes the
BSN system performance. These parameters include the successful probability of collecting
a readout (i.e., PS), the minimum readouts needed for healthcare (i.e., Smin), and the number
of successful readouts (i.e., S).

Various constraints should be taken into consideration when designing a BSN system.
For example, there are minimum and maximum time limits for a sensor circulating the
patient’s body (i.e., TC) [27,28]. Typical values are 45 s for the minimum and 60 s for the
maximum [29,30]. Another constraint is that healthcare monitoring time should be much
longer than the blood circulation time.

Other examples of BSN constraints are the blood vessel radius range of the patient’s
body and the blood flow volume range [31]. As far as the blood vessel radius is concerned,
it ranges from 4 µm in the capillaries to 12.5 mm for the aorta [32,33].

A heuristic algorithm named smart sensor selection (SSS) is proposed to search for
the sensor amount n to satisfy the requirement of providing more than Smin readouts. The
pseudocode of SSS is shown in Algorithm 1. Note that the initial values of PC, PS, and X
are all set as zero. SSS uses the monitoring time and the required readouts as input. It
determines the number of sensors needed for BSN and generates readouts no less than the
requirement. The SSS input is from the networking layer in Figure 3. The SSS output is
the sensing layer formation in Figure 3. Therefore, the SSS algorithm is a tool to design the
BSN system. Its complexity is mainly determined by Smin, TM, L, w, and v.

Algorithm 1: Smart sensor selection

Input: TM, Smin

Output: n, S
Initialize PC, PS, and X as zero
for i = 1: TC do

r(i) = random
(
rmin,rmax

)
Q(i) = random

(
Qmin,Qmax

)
A(i) = πr2(i)
v(i) = Q(i)/A(i)
L = v(i −1) + v(i)

end
Update probability PC that a sensor passes the wearable data collector area
for m = 1 do

Update successful probability PS of collecting a readout from m sensors
Update successfully collected readouts X from these sensors
if X ≥ Smin // when readouts are no less than the requirement

Update S
Update n
Break

end
m++ // Increase sensor amount when readouts are less than Smin

end

4. Case Study and Performance Evaluation

Performance of the proposed model in Section 3 was evaluated in several cases.
Simulations were conducted to study the BSN system performance. The parameters of each
simulation set were configured based on the real cases from published references. They
represent the common scenarios in which BSNs can be applied to help improve healthcare
practice. The simulations are implemented on an Intel Core i7-1185G7 with MATLAB and
Python 3.7.
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4.1. Elbow Injury

The first set of simulations evaluated tennis elbow injury. This is a chronic body injury
developing when tendons in the elbow are overloaded [34]. Due to repetitive wrist and
arm motions, the forearm muscles and tendons become damaged from overuse. Tennis
elbow injury often involves inflammation and/or micro-tearing of the tendons that join
the forearm muscles on the outside of the elbow [35]. When muscles in the forearm are
strained, tiny tears and inflammation can develop near the bony lump area of the elbow.

This chronic injury first leads to pain, burning, or an ache in the elbow. If the activity
that causes the injury continues, the pain may spread to the wrist. The impacted elbow
develops stiffness, and the range of elbow motion reduces. Tennis players are not the only
people who suffer tennis elbow. It is common in other groups, such as plumbers, painters,
carpenters, and butchers, whose jobs feature repetitive motions of the wrist and arm [36,37].

Typical parameters and constraint values of the tennis elbow injury were collected
from references [34–37]. They were plugged into the model and algorithm in Section 3.
Specifically, in our simulations on the tennis elbow injury, TC is set to 50 s, v(t) was set as
a time-dependent random process in the range between 1.5 cm/s and 19 cm/s, and the
data collector length w was assumed to be 20 cm to cover the elbow part. The monitoring
time TM was configured as 10 min. We designed this set of simulations to evaluate the
relationship between deployed sensors and collected readouts.

Figure 4 shows the collected readout amount changes as the in-body sensor amount
varies. Assuming the minimum readouts needed to diagnose the tennis elbow injury, Smin,
is 100, in order to collect more than 100 readouts, the deployed sensor amount should
be larger than 5 and less than 72. When 25 sensors are deployed in the patient’s body, a
maximum readout amount of 225 is achieved within the 10 min monitoring time. After
that, deploying more sensors would increase the chance of transmission collision, as more
than one sensor could simultaneously transmit when flowing through the wearable data
collector area. To meet the requirement of collecting 100 successful readouts, the most
efficient design would be utilizing 6 in-body sensors to monitor bioparameters of the
tendons and muscles in the elbow area. Note that in the elbow injury case simulated in
Figure 4, the maximum successful readout is 225. Determinant factors of this maximum
value include the blood circulation time and the healthcare monitoring time.
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Figure 4. BSN performance for tennis elbow injury monitoring.

The first set of simulations illustrates the relationship between the BSN resource
(e.g., sensor amount) and the performance (e.g., collected readouts). There are many factors,
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such as sensor transmission collision, blood circulation time, monitoring time, and blood
velocity variation, that come into play in the BSN system performance. It is not a linear nor
monotonic function between the sensor amount and the collected readouts. In other words,
given a particular goal of healthcare, the deployed sensor amount should be carefully
selected to meet the performance requirements.

The elbow injury case represents the BSN application in detecting a specific injury or
disease. When a patient experiences typical symptoms that are associated with an injury or
disease, healthcare professionals would use a wearable device to exam a particular part of
the patient’s body. This helps to accurately diagnose the root reason before any treatment
is selected.

4.2. Multiple Area Examination in a Single Routine

The second set of simulations are designed to evaluate multiple areas in a human
body. This type of BSN application is valuable in health monitoring and multi-injury
detection. Detecting injuries in runners may be used as an example. Runners often suffer
from multiple common injuries. These injuries include runner’s knee, shin splints, and
heel inflammation. Runner’s knee is caused by conditions that cause pain around the
kneecap. Other than running, any activity that repeatedly stresses the knee joint can cause
this disorder. This includes walking, skiing, biking, jumping, cycling, and playing soccer.
Recent research shows that people who are overweight are also prone to this type of knee
disorder [38,39]. Runner’s knee causes pain in and around the kneecap when patients
are active, or after sitting for a long time with the knees bent [40–42]. Patients may hear
rubbing, grinding, or clicking sound of the kneecap when bending and straightening knees.

Shin splints occur in athletes who have changed their training routines such as exercise
duration, frequency, or intensity. The increased activity overworks the muscles, tendons,
and bone tissue in the shin area [43]. The activity that causes shin splints is high impact
and repetitive exercise of the lower legs [44]. Runners, dancers, and gymnasts often suffer
from shin splints. People who have flat feet or high arches are at risk of shin splints [45–47].
Patients suffer with aching or dull pain down the front of one or both legs.

Causes of heel inflammation may include running, tightness in the calf area, Achilles
tendonitis, shoes with poor support, sudden inward and/or outward turning of the heel,
or landing on hard surfaces [48–50]. Other than exercise, certain medical conditions, such
as obesity, an inactive lifestyle, and high or low arches of the foot, can also lead to heel
inflammation [51–53].

In this set of simulations, our goal is to use one procedure to monitor the bioparameters
of these three areas in the patient’s body using the same group of sensors. This would
save the sensor usage as the same group of sensor resources are reused for the three areas.
Furthermore, it reduces the monitoring time because only one course of action is needed to
collect the required readouts. Typical parameters and constraint values of the injuries are
collected from references [38–53]. Specifically, the blood circulation time, TC, is set to 60 s.
The blood velocity, v(t), is set as a time-dependent random process in the range between
3 cm/s and 15 cm/s. The data collector length w is assumed to be 15 cm, 50 cm, and 10 cm
to cover the knee, shin, and heel areas, respectively. The monitoring time TM is configured
as 10 min.

Simulation results are shown in Figure 5. In the case of runner’s knee, a maximum
readout amount of 223 can be collected when using 36 sensors. The maximum readout
amount of shin splints is 231 when 10 sensors are deployed. For heel inflammation, the
maximum readout amount is 222 with 50 sensors in this set of simulations.

In order to collect 100 successful readouts from this patient, the runner’s knee case
needs to use 8 to 100 sensors, the shin splint checkup requires 2 to 29 sensors, and the
heel inflammation diagnosis needs at least 12 sensors. The most efficient design would be
utilizing twelve in-body sensors to monitor bioparameters of the three areas in a patient’s
body in one procedure.
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This set of simulations verifies that the same group of sensors can be used in one
procedure to fulfill multiple monitoring tasks for monitoring of the patient’s health or injury
detection. In other words, related chronic injuries or diseases can be examined in a single
procedure by sharing the same BSN resource. In the simulated cases, 3 parts (i.e., knee,
shin, and heel) of the same patient are examined by using the same group of 12 sensors in
a 10 min checkup procedure. The collected data provide 300 readouts (i.e., 100 readouts
for the knee, 100 readouts for the shin, and 100 readouts for the heel). These readouts are
sufficient for healthcare professionals to diagnose a patient’s condition. There is no need
to conduct separate exams for these three injuries. Both the sensor resource and the exam
time are saved.

The case shown in Figure 5 exemplifies the BSN application in physical examination
to check a customer’s overall health. This type of wellness check is critical to identify any
issues that may become medical concerns in the future, regardless of whether the customer
is feeling symptoms or not. In the current physical exam routine, a series of tests need
to be performed sequentially. In addition to visiting the primary care doctor’s office, a
customer must make a lab appointments to collect blood and urine samples. In the near
future, with Healthcare 4.0, multiple tests can be conducted simultaneously via BSNs to
determine general health status. The exam results would be obtained more rapidly, e.g., in
10 min, in the case of Figure 5. Furthermore, the BSN system delivers much more readouts
than the current physical exam, dramatically increasing the result accuracy.

4.3. Monitoring Time

The third set of simulations were designed to evaluate the impact of health monitoring
time. In this study, the shin injury simulation settings were used with the goal of collecting
at least 250 successful readouts. Typical parameters and constraint values of the shin injury
simulations were collected from references [43–47]. Specifically, TC was set to 60 s. The
blood velocity, v(t), was set as a time-dependent random process in the range between
3 cm/s and 15 cm/s. The data collector length w was assumed to be 50 cm to cover the
shin area. In total, 3 different monitoring times, i.e., 10, 12, and 14 min, were configured to
compare the successful readout amounts.

Simulation results are illustrated in Figure 6. When the monitoring time is set as
10 min, the performance is shown in the blue curve. The maximum number of readouts
that can be successfully received during this monitoring time is about 231. It is impossible
to meet the requirement of collecting 250 readouts or more from this procedure. In order to
accumulate the required readouts, a longer monitoring time is necessary.
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Figure 6 shows that when the monitoring time is increased to 12 min, the BSN system
is able to collect 260 readouts by using 7 in-body sensors. This is illustrated in the orange
curve in Figure 6. When the monitoring time is further increased to 14 min, the BSN
performance is shown in the gray curve. The employed sensor amount can be reduced to 5,
and the readout amount can still reach about 263.

This set of simulations demonstrates that the monitoring time is a determining factor
of the maximum readouts generated by the BSN system. When designing the BSN system,
it is critical to first decide the minimum monitoring time, making sure that the maximum
readouts are larger than Smin. After that, the step in which the number of sensors is
determined can be conducted. Increasing the monitoring time will increase the maximum
number of readouts.

5. Future Work

Our future work on this topic is planned in multiple fields.
First, more advanced technologies can be included in the architecture of our work. For

example, BSNs collect a high volume of raw data from the sensors. Data fusion could be
implemented in Healthcare 4.0 to integrate multiple data sources. This would generate
more useful information and improve healthcare service reliability. In particular, potential
data privacy and security concerns should be fully addressed. The BSN system is expected
to ensure that collected user data is handled in accordance with applicable regulations and
ethical principles. Towards this end, methods to protect BSNs from health data leakage
and cyberattacks can be included to secure data transmission, storage, and processing.

Second, we would explore more medical cases for Healthcare 4.0. In addition to
studying the injury cases, we can deep dive into a group of diseases. By taking advantages
of in-body sensors, we plan to start with a blood-related disease, such as thalassemia
or venous thromboembolism (VTE). The BSN architecture and system model need to
be customized to describe the unique characteristics of the disease. BSNs can also be
implemented in monitoring chronic conditions. This would effectively prevent diseases,
such as heart attack, cancer, and diabetes, which are the leading causes of death and
disability in our society.

Lastly, the BSN model needs enhancements. In this direction, our next step is to
introduce more biomedical parameters for various physiological characteristics. Vitals,
such as oxygen saturation, blood pressure, and glucose levels, can be derived or even
formulated from new parameters in the model. Their biomedical constraints should be
considered in designing the BSN system. In the current model, each data collector is
assumed to possess one receiver to detect the sensor signal. This limit can be relaxed in
our next step, as wearable devices are evolving with more smart functions and higher
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capabilities. These enhancements will increase the model complexity and, most likely,
machine learning algorithms can be utilized.

6. Conclusions

This work applies the basic framework of sensor networks and communications speci-
fied in IEEE Standards 8802.15.6-2017 and 1906.1-2015 in the area of healthcare monitoring
and examination. It employs in-body chemical and biosensors to collect medical data and
physiological measurements from patients. An architecture of utilizing chemical sensors
and biosensors for Healthcare 4.0 has been proposed. Key elements of the BSN system and
their functions have been discussed.

Within the proposed architecture, information processing is conducted in the BSN
system via a three-layer structure. A BSN model has been further developed to take the
related bioparameters and BSN system performance into consideration. The goal is to
design the BSN system for Healthcare 4.0 with minimum medical resources while delivering
sufficient physiological measurement data. In this model, key parameters are formulated as
time-dependent variables to represent in-body sensor movement. Biomedical and service
constraints are analyzed.

Typical healthcare cases are investigated based upon the proposed model. Multiple
sets of simulations have been conducted to evaluate the model’s performance. The first set
of simulations illustrates the relationship between sensor amount and collected readouts.
The second set of simulations reveals that a single group of sensors can be used for multiple
tasks. The last set of simulations demonstrates the importance of selecting the monitoring
time. Results have shown that the BSN system performance is decided by bioparameters
of the patient as well as the BSN system healthcare parameters. The model in this work
has provided feasible guidance on the BSN system design and healthcare data acquisition.
Possible enhancements have been discussed as our future directions, in order to improve
the BSN system design and performance.

Author Contributions: Conceptualization, L.H.; experimental design and implementation, L.H.; data
analysis, L.H.; resources, M.E. and J.S.; writing—original draft preparation, L.H.; writing—review
and editing, H.Z.; supervision, M.E., J.S. and H.Z. All authors have read and agreed to the published
version of the manuscript.

Funding: This research received no external funding.

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: Not applicable.

Conflicts of Interest: The authors declare no conflict of interest.

References
1. Gaugel, S.; Reichert, M. Industrial Transfer Learning for Multivariate Time Series Segmentation: A Case Study on Hydraulic

Pump Testing Cycles. Sensors 2023, 23, 3636. [CrossRef] [PubMed]
2. Qiu, T.; Li, B.; Qu, W.; Ahmed, E.; Wang, X. TOSG: A topology optimization scheme with global small world for industrial

heterogeneous internet of things. IEEE Trans. Ind. Inform. 2019, 15, 3174–3184. [CrossRef]
3. Vakaruk, S.; Karamchandani, A.; Sierra-García, J.E.; Mozo, A.; Gómez-Canaval, S.; Pastor, A. Transformers for Multi-Horizon

Forecasting in an Industry 4.0 Use Case. Sensors 2023, 23, 3516. [CrossRef] [PubMed]
4. Qiu, H.; Qiu, M.; Liu, M.; Memmi, G. Secure health data sharing for medical cyber-physical systems for the healthcare 4.0. IEEE J.

Biomed. Health Inform. 2020, 24, 2499–2505. [CrossRef] [PubMed]
5. Yang, G.; Pang, Z.; Jamal Deen, M.; Dong, M.; Zhang, Y.-T.; Lovell, N.; Rahmani, A.M. Homecare robotic systems for healthcare

4.0: Visions and enabling technologies. IEEE J. Biomed. Health Inform. 2020, 24, 2535–2549. [CrossRef]
6. Qiu, T.; Chen, B.; Sangaiah, A.K.; Ma, J.; Huang, R. A survey of mobile social networks: Applications, social characteristics, and

challenges. IEEE Syst. J. 2018, 12, 3932–3947. [CrossRef]
7. Almalawi, A.; Khan, A.I.; Alsolami, F.; Abushark, Y.B.; Alfakeeh, A.S. Managing Security of Healthcare Data for a Modern

Healthcare System. Sensors 2023, 23, 3612. [CrossRef]

https://doi.org/10.3390/s23073636
https://www.ncbi.nlm.nih.gov/pubmed/37050695
https://doi.org/10.1109/TII.2018.2872579
https://doi.org/10.3390/s23073516
https://www.ncbi.nlm.nih.gov/pubmed/37050575
https://doi.org/10.1109/JBHI.2020.2973467
https://www.ncbi.nlm.nih.gov/pubmed/32071015
https://doi.org/10.1109/JBHI.2020.2990529
https://doi.org/10.1109/JSYST.2017.2764479
https://doi.org/10.3390/s23073612


Sensors 2023, 23, 5754 14 of 15

8. Qahtan, S.; Sharif, K.Y.; Zaidan, A.A.; Alsattar, H.A.; Albahri, O.S.; Zaidan, B.B.; Zulzalil, H.; Osman, M.H.; Alamoodi, A.H.;
Mohammed, R.T. Novel multi security and privacy benchmarking framework for bockchain-based IoT healthcare industry 4.0
systems. IEEE Trans. Ind. Inform. 2022, 18, 6415–6423. [CrossRef]

9. López, J.L.; Espinilla, M.; Verdejo, Á. Evaluation of the Impact of the Sustainable Development Goals on an Activity Recognition
Platform for Healthcare Systems. Sensors 2023, 23, 3563. [CrossRef]

10. Wang, X.; Peng, M.; Lin, H.; Wu, Y.; Fan, X. A privacy-enhanced multiarea task allocation strategy for healthcare 4.0. IEEE Trans.
Ind. Inform. 2023, 19, 2740–2748. [CrossRef]

11. Derogarian Miyandoab, F.; Canas Ferreira, J.; Grade Tavares, V.M.; Machado da Silva, J.; Velez, F.J. A multifunctional integrated
circuit router for body area network wearable systems. IEEE/ACM Trans. Netw. 2020, 28, 1981–1994. [CrossRef]

12. Moin, A.; Thielens, A.; Araujo, A.; Sangiovanni-Vincentelli, A.; Rabaey, J.M. Adaptive body area networks using kinematics and
biosignals. IEEE J. Biomed. Health Inform. 2021, 25, 623–633. [CrossRef]

13. Xu, Y.-H.; Yu, G.; Yong, Y.-T. Deep reinforcement learning-based resource scheduling strategy for reliability-oriented wireless
body area networks. IEEE Sens. Lett. 2021, 5, 1–4. [CrossRef]

14. Mao, P.; Li, H.; Yu, Z. A Review of Skin-Wearable Sensors for Non-Invasive Health Monitoring Applications. Sensors 2023,
23, 3673. [CrossRef]

15. Peng, C.; Luo, M.; Li, L.; Choo, K.-K.R.; He, D. Efficient certificateless online/offline signature scheme for wireless body area
networks. IEEE Internet Things J. 2021, 8, 14287–14298. [CrossRef]

16. Misra, S.; Bishoyi, P.K.; Sarkar, S. i-MAC: In-body sensor MAC in wireless body area networks for healthcare IoT. IEEE Syst. J.
2021, 15, 4413–4420. [CrossRef]

17. Simonjan, J.; Unluturk, B.D.; Akyildiz, I.F. In-body bionanosensor localization for anomaly detection via inertial positioning and
thz backscattering communication. IEEE Trans. NanoBioscience 2022, 21, 216–225. [CrossRef]

18. Garcia-Pardo, C.; Andreu, C.; Fornes-Leal, A.; Castelló-Palacios, C.; Perez-Simbor, S.; Barbi, M.; Vallés-Lluch, A.; Cardona, N.
Ultrawideband technology for medical in-body sensor networks: An overview of the human body as a propagation medium,
phantoms, and approaches for propagation analysis. IEEE Antennas Propag. Mag. 2018, 60, 19–33. [CrossRef]

19. Mohamed, M.; Maiseli, B.J.; Ai, Y.; Mkocha, K.; Al-Saman, A. In-body sensor communication: Trends and challenges. IEEE
Electromagn. Compat. Mag. 2021, 10, 47–52. [CrossRef]

20. Yeung, K.K.; Huang, T.; Hua, Y.; Zhang, K.; Yuen, M.M.F.; Gao, Z. Recent advances in electrochemical sensors for wearable sweat
monitoring: A review. IEEE Sens. J. 2021, 21, 14522–14539. [CrossRef]

21. Body Area Network Market. FACT7208MR, April 2022. Available online: https://www.factmr.com/report/body-area-network-
market (accessed on 12 March 2023).

22. He, L. Hamstring injury detection using body-centric nano networks. In Proceedings of the IEEE Integrated STEM Education
Conference (ISEC), Virtual Event, 26 March 2022.

23. He, L.; Eastburn, M. Smart nanosensor networks for body injury detection. In Proceedings of the IEEE International Conference
on Smart Internet of Things (SmartIoT), Suzhou, China, 19–21 August 2022.

24. IEEE Standard 1906.1-2015; IEEE Recommended Practice form Nanoscale and Molecular Communication Framework. IEEE:
Piscataway, NJ, USA, 2015.

25. IEEE Standard 1906.1.1-2020; IEEE Standard Data Model for Nanoscale Communication Systems. IEEE: Piscataway, NJ, USA, 2020.
26. ISO/IEC/IEEE International Standard 8802-15-6; Local and Metropolitan Area Networks-Specific Requirements—Part 15-6: Wireless

Body Area Network. IEEE: Piscataway, NJ, USA, 2017.
27. Kannojiya, V.; Das, A.K.; Das, P.K. Simulation of blood as fluid: A review from rheological aspects. IEEE Rev. Biomed. Eng. 2021,

14, 327–341. [CrossRef]
28. Boisvert, J.; Poirier, G.; Borgeat, L.; Godin, G. Real-time blood circulation and bleeding model for surgical training. IEEE Trans.

Biomed. Eng. 2013, 60, 1013–1022. [CrossRef]
29. Fadnes, S.; Ekroll, I.K.; Nyrnes, S.A.; Torp, H.; Lovstakken, L. Robust angle-independent blood velocity estimation based on

dual-angle plane wave imaging. IEEE Trans. Ultrason. Ferroelectr. Freq. Control 2015, 62, 1757–1767. [CrossRef]
30. Ricci, S.; Ramalli, A.; Bassi, L.; Boni, E.; Tortoli, P. Real-time blood velocity vector measurement over a 2-d region. IEEE Trans.

Ultrason. Ferroelectr. Freq. Control 2018, 65, 201–209. [CrossRef] [PubMed]
31. Blumenfeld, J.; Kocinski, M.; Materka, A. A centerline-based algorithm for estimation of blood vessels radii from 3D raster images.

In Proceedings of the 2015 Signal Processing: Algorithms, Architectures, Arrangements, and Applications (SPA), Poznan, Poland,
23–25 September 2015; pp. 38–43.

32. Mosayebi, R.; Ahmadzadeh, A.; Wicke, W.; Jamali, V.; Schober, R.; Nasiri-Kenari, M. Early cancer detection in blood vessels using
mobile nanosensors. IEEE Trans. NanoBioscience 2019, 18, 103–116. [CrossRef]

33. Moretti, R.; Caruso, P. Small Vessel Disease: Ancient Description, Novel Biomarkers. Int. J. Mol. Sci. 2022, 23, 3508. [CrossRef]
34. Xie, G.P.; Qi, J.; Liu, B.P.; Zhong, R.S. Therapeutic effect of double needle acupuncture therapy for 63 case of tennis elbow. In

Proceedings of the International Conference on Information Technology and Contemporary Sports (TCS), Guangzhou, China,
15–17 January 2021.

35. Cutts, S.; Gangoo, S.; Modi, N.; Pasapula, C. Tennis elbow: A clinical review article. J. Orthop. 2019, 17, 203–207. [CrossRef]
[PubMed]

https://doi.org/10.1109/TII.2022.3143619
https://doi.org/10.3390/s23073563
https://doi.org/10.1109/TII.2022.3189439
https://doi.org/10.1109/TNET.2020.3004550
https://doi.org/10.1109/JBHI.2020.3003924
https://doi.org/10.1109/LSENS.2020.3044337
https://doi.org/10.3390/s23073673
https://doi.org/10.1109/JIOT.2021.3068364
https://doi.org/10.1109/JSYST.2020.3020306
https://doi.org/10.1109/TNB.2021.3123972
https://doi.org/10.1109/MAP.2018.2818458
https://doi.org/10.1109/MEMC.2021.9477235
https://doi.org/10.1109/JSEN.2021.3074311
https://www.factmr.com/report/body-area-network-market
https://www.factmr.com/report/body-area-network-market
https://doi.org/10.1109/RBME.2020.3011182
https://doi.org/10.1109/TBME.2012.2230326
https://doi.org/10.1109/TUFFC.2015.007108
https://doi.org/10.1109/TUFFC.2017.2781715
https://www.ncbi.nlm.nih.gov/pubmed/29389652
https://doi.org/10.1109/TNB.2018.2885463
https://doi.org/10.3390/ijms23073508
https://doi.org/10.1016/j.jor.2019.08.005
https://www.ncbi.nlm.nih.gov/pubmed/31889742


Sensors 2023, 23, 5754 15 of 15

36. Fallahtafti, F.; Alavikia, M.; Arshi, A.R. Bond graph application in sports engineering: Evaluating the effects of impact parameters
on tennis elbow injury. In Proceedings of the 20th Iranian Conference on Biomedical Engineering (ICBME), Tehran, Iran,
18–20 December 2013.

37. Vaquero-Picado, A.; Barco, R.; Antuña, S.A. Lateral epicondylitis of the elbow. EFORT Open Rev. 2016, 1, 391–397. [CrossRef]
[PubMed]

38. Chen, H.; Liu, C. Research on knee injuries in college football training based on artificial neural network. In Proceedings of the
IEEE Conference on Telecommunications, Optics and Computer Science (TOCS), Shenyang, China, 11–13 December 2020.

39. Mellinger, S.; Neurohr, G.A. Evidence based treatment options for common knee injuries in runners. Ann. Transl. Med. 2019,
7, 249. [CrossRef]

40. Petersen, W.; Ellermann, A.; Gösele-Koppenburg, A.; Best, R.; Rembitzki, I.V.; Brüggemann, G.P.; Liebau, C. Patellofemoral pain
syndrome. Knee Surg Sport. Traumatol. Arthrosc. 2014, 22, 2264–2274. [CrossRef]

41. Pereira, P.M.; Baptista, J.S.; Conceição, F.; Duarte, J.; Ferraz, J.; Costa, J.T. Patellofemoral pain syndrome risk associated with
squats: A systematic review. Int. J. Env. Res. Public Health 2022, 19, 9241. [CrossRef]

42. Bolgla, L.A.; Boling, M.C.; Mace, K.L.; DiStefano, M.J.; Fithian, D.C.; Powers, C.M. National athletic trainers’ association position
statement: Management of individuals with patellofemoral pain. J. Athl. Train. 2018, 53, 820–836. [CrossRef]

43. Alaia, M.J. Shin Splints. OrthoInfo, American Academy of Orthopaedic Surgeons, August 2019. Available online: https:
//orthoinfo.aaos.org/en/diseases{-}{-}conditions/shin-splints (accessed on 12 March 2023).

44. Menéndez, C.; Batalla, L.; Prieto, A.; Rodríguez, M.Á.; Crespo, I.; Olmedillas, H. Medial tibial stress syndrome in novice and
recreational runners: A systematic review. Int. J. Env. Res. Public Health 2020, 17, 7457. [CrossRef]

45. Reinking, M.F.; Austin, T.M.; Richter, R.R.; Krieger, M.M. Medial tibial stress syndrome in active individuals: A systematic review
and meta-analysis of risk factors. Sport. Health 2017, 9, 252–261. [CrossRef] [PubMed]

46. Mattock, J.; Steele, J.R.; Mickle, K.J. Lower leg muscle structure and function are altered in long-distance runners with medial
tibial stress syndrome: A case control study. J. Foot Ankle Res. 2021, 14, 47. [CrossRef] [PubMed]

47. Mattock, J.; Steele, J.R.; Mickle, K.J. Are leg muscle, tendon and functional characteristics associated with medial tibial stress
syndrome? a systematic review. Sport. Med. Open 2021, 7, 71. [CrossRef] [PubMed]

48. Heel Pain; Harvard Health Publishing: Cambridge, MA, USA, 2019. Available online: https://www.health.harvard.edu/a_to_z/
heel-pain-a-to-z (accessed on 12 March 2023).

49. Rhim, H.C.; Kwon, J.; Park, J.; Borg-Stein, J.; Tenforde, A.S. A systematic review of systematic reviews on the epidemiology,
evaluation, and treatment of plantar fasciitis. Life 2021, 11, 1287. [CrossRef]

50. Cho, B.W.; Choi, J.H.; Han, H.S.; Choi, W.Y.; Lee, K.M. Age, body mass index, and spur size associated with patients’ symptoms
in plantar fasciitis. Clin. Orthop. Surg. 2022, 3, 458–465. [CrossRef]

51. Aggarwal, P.; Jirankali, V.; Garg, S.K. Evaluation of plantar fascia using high-resolution ultrasonography in clinically diagnosed
cases of plantar fasciitis. Pol. J. Radiol. 2020, 85, e375–e380. [CrossRef]

52. Matthews, W.; Ellis, R.; Furness, J.; Hing, W.A. The clinical diagnosis of Achilles tendinopathy: A scoping review. PeerJ 2021,
9, e12166. [CrossRef]

53. Merry, K.; Napier, C.; Waugh, C.M.; Scott, A. Foundational principles and adaptation of the healthy and pathological achilles
tendon in response to resistance exercise: A narrative review and clinical implications. J. Clin. Med. 2022, 11, 4722. [CrossRef]
[PubMed]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.1302/2058-5241.1.000049
https://www.ncbi.nlm.nih.gov/pubmed/28461918
https://doi.org/10.21037/atm.2019.04.08
https://doi.org/10.1007/s00167-013-2759-6
https://doi.org/10.3390/ijerph19159241
https://doi.org/10.4085/1062-6050-231-15
https://orthoinfo.aaos.org/en/diseases{-}{-}conditions/shin-splints
https://orthoinfo.aaos.org/en/diseases{-}{-}conditions/shin-splints
https://doi.org/10.3390/ijerph17207457
https://doi.org/10.1177/1941738116673299
https://www.ncbi.nlm.nih.gov/pubmed/27729482
https://doi.org/10.1186/s13047-021-00485-5
https://www.ncbi.nlm.nih.gov/pubmed/34233725
https://doi.org/10.1186/s40798-021-00362-2
https://www.ncbi.nlm.nih.gov/pubmed/34626247
https://www.health.harvard.edu/a_to_z/heel-pain-a-to-z
https://www.health.harvard.edu/a_to_z/heel-pain-a-to-z
https://doi.org/10.3390/life11121287
https://doi.org/10.4055/cios21263
https://doi.org/10.5114/pjr.2020.97955
https://doi.org/10.7717/peerj.12166
https://doi.org/10.3390/jcm11164722
https://www.ncbi.nlm.nih.gov/pubmed/36012960

	Introduction 
	Healthcare 4.0 and BSN Architecture 
	Healthcare 4.0 Elements 
	BSN Systems 

	BSN Modeling 
	Information Processing in BSNs 
	BSN Model 

	Case Study and Performance Evaluation 
	Elbow Injury 
	Multiple Area Examination in a Single Routine 
	Monitoring Time 

	Future Work 
	Conclusions 
	References

