Data Gathering and Disease Detection in Healthcare
WSN

Subjects: Computer Science, Atrtificial Intelligence
Contributor: Anurag Sinha, Turki Aljrees, Saroj Kumar Pandey, Ankit Kumar, Pallab Banerjee, Biresh Kumar, Kamred Udham Singh,

Teekam Singh, Pooja Jha

Wireless sensor networks (WSNSs) consist of a multitude of distributed devices, equipped with sensors, to monitor physical
or environmental conditions. These devices, also known as nodes, collaboratively pass their data through the network to a
main location or sink where the data can be observed and analyzed. WSNs have emerged as a promising technology in
healthcare, enabling continuous patient monitoring and early disease detection.
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| 1. Introduction

The use of wireless sensor networks (WSNSs) for healthcare applications has attracted a lot of study to improve data
collection and disease diagnosis. To increase the operating life of resource-constrained sensor nodes, several
researchers have looked into energy-efficient data aggregation methods designed for WSNs in healthcare. In order to
increase accuracy and lower false positives, machine learning-based techniques for disease identification have been
investigated @, It has also been studied the use of dynamic routing protocols in healthcare WSNs, emphasizing its
importance in streamlining data gathering procedures. According to the goals of the proposed DANA algorithm and semi-
supervised clustering-based model, these connected studies together contribute to the creation of effective and precise
healthcare monitoring systems based on WSNs 2. In the field of wireless sensor networks (WSNs) for healthcare
applications, a wide range of related studies have been carried out to solve the urgent concerns of data collection
effectiveness and disease detection accuracy . In order to increase the operational lifespan of sensor nodes, which is
essential in settings when resources are few, researchers have dug into the complexities of energy-efficient data
aggregation approaches. Furthermore, supervised and unsupervised machine learning-based disease detection methods
in WSNs have been investigated in order to improve diagnosis accuracy and reduce false positives. In order to optimize
the gathering of healthcare data, the search for dynamic routing protocols in healthcare WSNs has also been a main
focus.

Recent research has also explored the fusion of data from various sensor sources in WSNs, providing insights into how
such data fusion can improve the accuracy and reliability of healthcare data, aligning well with the all-encompassing
approach embodied in the proposed DANA algorithm and semi-supervised clustering-based model. Machine learning has
been used to the field of real-time disease outbreak detection in order to quickly identify disease outbreaks using real-time
sensor data, demonstrating the potential use of cutting-edge machine learning technigues in healthcare monitoring
systems. Researchers have also looked on adaptive energy-efficient routing protocols, investigating ways to save energy
while assuring data accuracy—a topic that is relevant to the DANA algorithm energy-efficient data collecting feature.
Research on semi-supervised clustering methods is ongoing concurrently 41,

A thorough examination of the difficulties involved in integrating data from multiple sensor types and standards has also
become a crucial concern for healthcare WSN interoperability concerns. This assessment emphasizes the value of a
unified framework, a key concern addressed by the proposed DANA algorithm and integrated model, which seeks to
harmony and expedite data collection procedures from diverse sources.

| 2. Signal Processing Techniques

There are frequently high spatial and temporal correlations between sensor data. Giving inadequate information in this
situation is ineffective. The quantity of information supplied can be reduced by using the objective B and signal
processing, particularly changes and encoding compression (CEC) approaches. The hub gathers data in accordance with
the Shannon-SyQuest testing hypothesis to nearby CEC methods; these estimates are then changed and appropriately



encoded. Additionally, the outcome of such a modification is sent away from the washbasin and stored in at least one
packet in the payload. According to the particular application circumstances, specifically. Lossy algorithms are used to
compress the raw data [8. This enables the discarding of part of the original data. Increasing pressure levels while
remaining beneficial with a certain degree of precision, the data may be replicated. Certain kinds of observation, however,
need accuracy. It is implausible in some cases to expect that one will be aware of the scope of allowable observational
errors without affecting the genuine facts. In addition, some application domains (such as body area networks (BANS)),
where sensor hubs are continually present and filter and report critical information, call for sensors with high and cannot
accept estimates that have been ruined by exactness. practices that include pressure loss. In this wide variety of WSNs,
lossless data collection is both necessary and appealing. Authors of 4 have made suggestions for localized lossless
compression plans. Lossy pressure strategies have been analyzed and investigated in relation to recreation mistakes and
energy. Utilizations in &, in this work, they emphasize lossless methods. They believed it to be out of place. Nevertheless,
in some forms of verification, perceptual accuracy is crucial for comprehending the fundamental actual cycles. It is
implausible to expect to be able to decide the amount of observational mistakes that are tolerable without compromising
reliable data collecting in varied situations. As shown in Equation (1), some application areas (such as body region
networks (BRNs), where sensor hubs continually monitor and record fundamental indicators) are required for sensors with
high precision and cannot accept approximations polluted by lossy pressure processes.

The mathematical expression provided outlines a set of constraints concerning the 2-norms of vectors. In simpler terms, it
suggests that when a vector x undergoes transformation through a linear operator or matrix, the 2-norm of the resulting
vector is bound to stay within specific limits. More precisely, it will be confined to a range that is k times the original norm
of x. This type of inequality is common in mathematical scenarios where maintaining the vector’s norm is crucial, such as
in compressed sensing or in approximating matrices. The parameter k serves as a measure of allowance, ensuring the
system’s fundamental characteristics are preserved, even with slight alterations, as represented in Equation (1).
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e §;: This is the restricted isometry constant for sparsity level k. It quantifies how much the transformation ® deviates
from being an isometry (a distance-preserving operation) when applied to k-sparse vectors. A k-sparse vector is a
vector that has at most k non-zero entries. The value of ¢k is between 0 and 1, and smaller values indicate that ® better
preserves the distances between sparse vectors.

e x: This is a vector in the original signal space. The vector x is what we want to recover in compressed sensing
problems.

e ||x||2: This denotes the 2-norm (or Euclidean norm) of the vector x, calculated as the square root of the sum of the
squares of its entries.

e @: This represents a linear operator or matrix that performs a transformation on the vector x. In the context of
compressed sensing, @ is often the measurement matrix that is used to acquire compressed measurements of the
signal.

o Ox: This is the result of applying the transformation @ to the vector x.

e ||®x|,: This is the 2-norm of the transformed vector ®x.

| 3. Information Theory-Related Techniques

The focus of the data sink centric (DSC) clustering approach in wireless sensor networks (WSN) is on effective data
collection and transmission to a single data sink. This method involves the formation of clusters by the sensor nodes on
their own, with each cluster being run by a cluster head (CH) who is in charge of gathering and transmitting data locally.
DSC reduces redundant transmissions by focusing on data aggregation at the cluster level, which saves energy and
increases network longevity. The central sink is reached by the cluster heads after they have transmitted the aggregated
data, enabling an organized and power-saving data routing process. DSC clustering is a good choice for applications that
need real-time or near-real-time data, especially in cases like environmental monitoring when information is gathered from
scattered sensor nodes across a wide region. These applications benefit from dynamic adaptability and decreased
latency.



The association of data concurrently secured by many sensors may be employed by DSC approaches, which are driven
by the Slepian-Wolf assumption [&l. The DSC systems state that each sensor center point transmits its compressed
results to the sink for collective interpretation. This indicates that during pair gathers, the center points must cooperate for
one to contribute side information and the other to compress it to the Slepian—Wolf or Wyner—Ziv limit. Due to their
foundational belief that the full benefits of the secret data appointment should be understood early on 29, DSC techniques
are similarly challenging to implement in these situations. The most popular and useful DSC implementation is called
DISCUS U, where sensor center points are thought of as being divided into bundles. As side information, a center point
(the collecting head) communicates uncompressed data for each pack, while any additional centers send encoded (i.e.,
compacted) data. Permit us to assume that (quantized) assessments will fall between [0, 7] for the whole number and
that, when taken into consideration, all data from different sensors will be discriminated at (almost) the same time
contrast. To address unambiguous data from each sensor with regard to wireless sensor networks (WSNs), the DANA
algorithm, or the semi-supervised clustering-based model, “DSC” is not a widely used acronym or abbreviation. It is
possible that “DSC” refers to a specific term or concept within a particular research or project context. It is difficult to give
a detailed answer without more background or details. A WSN generally comprises of several small sensor nodes with
limited resources that are dispersed across a vast region. These nodes have sensors to gather data, computing units to
execute calculations, and wireless communication capabilities to send data to a centralized base.

In this case, sensor nodes in a wireless sensor network (WSN) are grouped into clusters, with each cluster having a
designated cluster head in charge of data aggregation. In order to communicate with the cluster head, the sensor nodes
encode the features they have seen. In particular, the binary representations 00, 01, 10, and 11 are used to express
independently properties that are thought to be similar and have a base distance of 4. The cluster head then groups these
encoded traits into four unique bins, numb0, 4, 1, 5, 2, and 3, and stores them in a common repository. When a sensor
node sends data with the encoded value 01, the sink, the main data gathering point, instantly decodes it as 5, identifying
the value as 5.

| 4. Clustering-Based Big Data Gathering in Densely Distributed WSN

When examining the arrangement of data gathering in WSN using a flexible sink, the best strategy to decrease energy
usage is to pick where data collection is coordinated. At the end of the day, a response to the process with two inquiries
will not be more significant than this issue. (1) Which computation is the most effective for classifying centers into packs?
(2) To decrease energy usage, how many clusters are advised? Reduce the square of data transmission distance inside
an organization using the best bundling calculation to lower energy consumption for data transmission. This is because,
according to our predictions, the energy used for data transmission at the center is inversely correlated with the square of
the transmission distance 2. Similarly, according to the statement, there is an inverse square relationship between the
transmission distance square and the amount of energy used to transmit data at the center. This connection is frequently
linked to the free-space route loss model in wireless communication, which describes how signal strength declines as
transmitter and receiver distances rise. The received signal power (received P received) is inversely proportional to the
square of the distance (d) between the transmitter and receiver in free-space route loss. This connection is denoted
mathematically by the following. The formula below shows how energy usage for data transmission is frequently
correlated with transmitted power (transmitted P sent).

Its adaptability is demonstrated by the model technique’s use in a variety of dynamical systems, including rare
occurrences and high-degree-of-freedom systems like boundary layer flow simulations, classic issues like the Lorenz
attractor, and other dynamical systems. This strategy works well even for complicated problems with a lot of degrees of
freedom, providing computational solutions without assuming any particular analytical structure for the model. In Figure 1,
the model expands its value when used in conjunction with a clustering networking model, where clusters are modeled
using various distance measurements and algorithms, such as Manhattan distance. The aforementioned model is utilized
in a situation where N sensor centers, each one representing a different circle, are present. To complete the assignment,
an adjustable washbasin must go through K focus points of bundles, each of which is addressed by a filled circle 12, This
implies that the model method is flexible enough to handle the challenges of clustering in networking, supporting a variety
of distance measurements and algorithms to efficiently move between and control the sensor hubs in the network.



/’.f
(z" Cluster 2 \\ Cluster 1
\\
\\\ (4
S WS
Manhattan
P . distance
7 Cluster 3 N\ .
/ \ G+ar
[ | L.
! y - akgnt
)
d \\ P
\__k_ - o’

Figure 1. Clustering networking model.

Equation (1) represents the binomial theorem, expressing the expansion of the power(x+a)". Here, x and an are terms
being raised to the power of n. The symbol Y denotes a summation, k is the index of summation, and (n'k) are binomial
coefficients, which determine the number of ways to choose k terms from n, aiding in the distribution of the powers across
the terms. The terms x* and o'~ represent the varying powers of x and a in each term of the expansion. This theorem is
fundamental in algebra for expanding expressions that are raised to a power.

Table 1 lists some strategies for acquiring data in wireless sensor networks (WSNSs) that is energy-efficient across a
variety of properties. Significant factors include heterogeneity, mobility, space complexity, memory utilization, length of
input data, clustering goals, and big data aspects like volume, variety, and efficiency. The suggested approach stands out
by addressing these characteristics thoroughly and including elements like overhead reduction, low-latency interference
reduction, storage optimization, energy-efficient data collection, and sophisticated analytics. By maintaining efficiency in
resource utilization and performance across several WSN variables, this approach tries to achieve a balance.

Table 1. Comparative study of several state of the art methods using different methods.

Attributes of Energy Efficient Gathering

Big Data
Approaches Space Memor Length Parameters
Hetrogeniousity  Mobility p . y of Input Clustering Ojective Like Volume,
Complexity Usage
Data Veracty
Effiency...
[24] 0 no i Avg. 0 Energy consumption no
[s] 0 no High 0 Scheduling no
&l 0 0 i High 0 Load balancing no
16l 0 0 High 0 Throughput no
mw 0 i i High Packet delivery 0
& 0 0 0 Data storage 0
e no no i Efficient 0 Processing 0
8] no no 0 Warehousing no
(sl no 0 i Avg. 0 Shrinkage 0
(9 I no I i Analytics 1



Attributes of Energy Efficient Gathering

Big Data
Approaches Space Memor Length Parameters
Hetrogeniousity = Mobility p . y of Input Clustering Ojective Like Volume,
Complexity Usage
Data Veracty
Effiency...
Overhead reduction,
reduction of low
Proposed i I i Efficient 0 latancy interference, 0
storage, energy
efficient data gathering,
analytics
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