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Abstract

This paper proposes an efficient and automated smart healthcare communication framework that
integrates a two-level filtering scheme with a multi-objective Genetic Algorithm (GA) to enhance
the reliability, timeliness, and energy efficiency of Internet of Medical Things (IoMT) systems. In the
first stage, physiological signals collected from heterogeneous sensors (e.g., blood pressure, glucose
level, ECG, patient movement and ambient temperature) are pre-processed using an adaptive least-
mean-square (LMS) filter to suppress noise and motion artefacts, thereby improving signal quality
prior to analysis. In the second stage, a GA-based optimization engine selects optimal routing paths
and transmission parameters by jointly considering end-to-end delay, signal-to-noise ratio (SNR),
energy consumption and packet loss ratio (PLR). The two-level filtering strategy ensures that only
denoised and high-priority records are forwarded for further processing, enabling real-time clinical
decision support and prioritization of critical patients. The proposed mechanism is evaluated via
extensive simulations involving 30–100 devices and multiple generations, and is benchmarked against
two existing smart healthcare schemes. The results demonstrate that the integrated GA and filtering
approach significantly reduces end-to-end delay, communication latency and energy consumption,
while improving packet delivery ratio, throughput, SNR and overall Quality of Service (QoS). These
findings indicate that the proposed framework provides a scalable and intelligent communication back-
bone for early disease detection, continuous monitoring and timely intervention in smart healthcare
environments.

Keywords: smart healthcare, Internet of Medical Things (IoMT), genetic algorithm, adaptive LMS
filter, two-level filtering scheme, wireless medical sensor networks, energy-efficient routing, quality of
service (QoS), real-time patient monitoring

1. Introduction
Advances in machine learning (ML), intelligent systems, and deep learning have enabled a wide

range of applications, from efficient information transmission to real-time decision making. Artificial
Intelligence (AI) is increasingly transforming communication systems by supporting fast and reliable
decision making, behavioral pattern identification, delay reduction, and timely delivery of information
records [1,2]. In particular, AI has attracted considerable attention in the healthcare domain, where it
is used for patient health monitoring, therapeutic response modeling, accurate prediction of clinical
events, and rapid decision making through fast and efficient communication protocols [8].

Extensive research has been carried out in which organizations have adopted new techniques,
methods, and schemes in their respective domains to provide efficient, effective, and seamless commu-
nication or information transmission [3–5]. The integration of smart systems and intelligent devices
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with traditional record-based applications not only enhances communication but also improves the
overall performance of the underlying network. The healthcare sector is widely recognized as one of
the most critical domains for modernizing traditional approaches to treatment and record management
[6,10]. The use of intelligent systems, ML, and AI techniques can provide a broad set of novel solutions
and approaches for diagnosis, prediction, and decision-making. Furthermore, the management of
patient records, including the preservation of data integrity and privacy, can be strengthened through
a variety of ML/AI-based and security-oriented mechanisms [7,11].

1.1. Motivation and Objective

A large number of schemes and approaches have been proposed by researchers and practitioners
to improve healthcare systems using AI/ML and other intelligent techniques. Existing work has
focused on record management, information security, and the secure transmission of patient records.
In addition, several schemes have been designed for real-time decision making and accurate prediction
while analyzing and collecting raw information from intelligent devices.

However, healthcare scenarios are characterized by highly sensitive and confidential data, and
the volume of patient records continues to grow. Handling such a large amount of information is
challenging, and generating reliable predictions and sound decisions in this context is both crucial
and delicate [1,24]. Therefore, there is a clear need for new techniques and methods that make the
transmission of records, disease prediction, and real-time decision making more convenient, robust,
and efficient.

1.2. Contribution

The proposed mechanism integrates an efficient communication and storage framework for
medical records by combining a Genetic Algorithm (GA) with a Filtration Mechanism (FM) [12,
13]. The GA is employed to optimize dynamic parameter generation and to select efficient routing
paths, whereas the FM is used to reduce noise and communication delay, thereby enabling smoother
information transmission in the network ??. The general flow of the proposed framework is illustrated
in Figure 1. The main contributions of this work are summarized as follows:

• A GA-based optimization module is designed to enhance the information analysis process by
filtering out less significant parameters based on their behavior and contribution to the network.

• A filtration mechanism is incorporated to improve communication efficiency by reducing noise
and communication delay, while simultaneously analyzing the legitimacy and behavior of each
communicating device.

• The proposed mechanism is extensively evaluated against several performance metrics, including
packet delivery ratio, Quality of Service (QoS), throughput, Signal-to-Noise Ratio (SNR), energy
consumption, and communication delay.

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 8 December 2025 doi:10.20944/preprints202512.0591.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202512.0591.v1
http://creativecommons.org/licenses/by/4.0/


3 of 14

Figure 1. General flow of the proposed framework.

The remainder of this paper is organized as follows. Section 2 reviews existing schemes for
efficient information transmission and storage in smart healthcare environments. Section 3 details the
proposed methodology, including pseudo-code and the corresponding flowchart. Section 4 presents
the validation and verification of the proposed mechanism against several performance metrics, in
comparison with baseline methods. Finally, Section 5 concludes the paper and outlines potential
directions for future work.

2. Related Work
This section reviews existing schemes and approaches for efficient and secure healthcare monitor-

ing and patient record management proposed by various researchers.
Ezz et al. [16] proposed a transparent and secure information transmission framework that

integrates smart contracts with zero-knowledge proofs. The authors focused on promoting ethical AI
in healthcare by governing information flows within the network, and validated their scheme in terms
of patient privacy and data security. Su et al. [17] introduced a high-fidelity radar dataset designed to
preserve patient privacy during data sharing and storage. Their work explicitly incorporates occlusion
scenarios to study and mitigate data leakage, thereby improving the applicability of radar-based
sensing in real-world healthcare environments. The authors further monitored personal identity
and behavioral patterns of patients in critical care rooms. Aravena et al. [18] proposed a surgical
prioritization framework that combines reinforcement learning with digital twins, demonstrating
substantial improvements over traditional scheduling strategies. Their results indicate reduced waiting
time, lower surgical risk, and improved utilization of healthcare resources.

Pradhan et al. [19] presented an AI-assisted healthcare system leveraging 5G technology to
enhance communication and information transmission in the network. They examined how AI and
5G can be jointly utilized in intelligent healthcare systems and showed improvements in average
communication time as well as reductions in computational cost when adopting smart healthcare
techniques. Alruwaili et al. [20] integrated AI with transparent technologies such as blockchain
and deep convolutional neural networks (CNNs) to enable a secure smart healthcare system. The
authors investigated security risks associated with transmitting information over the network and
evaluated the framework using benchmark medical datasets. They also highlighted the use of Jellyfish
search optimization to address multiple optimization concerns. Akter et al. [21] proposed a federated-
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learning-based privacy-preserving mechanism using edge intelligence for smart healthcare systems.
They provided a theoretical convergence bound for federated learning and validated their approach
on recent benchmark datasets such as STL-10, MNIST, CIFAR-10, and COVID-19 chest X-ray images.

Siddiqui et al. [22] developed a Markov-process-based queuing model for smart healthcare
mechanisms. Their approach aims to enhance overall quality of service in healthcare by improving
patient care workflows and disease diagnosis processes, and they further assessed the use of blockchain
systems in the context of smart healthcare. Mishra and Singh [23] discussed the significance of
integrating smart technologies for planning and managing medical care facilities to provide better
patient care. They also outlined several challenges and opportunities in achieving higher standards
associated with Healthcare 5.0. Patil et al. [24] proposed a blockchain-based framework for preventing
cyberattacks while managing medical records in smart healthcare systems. The authors evaluated
their mechanism in terms of response time, demonstrating the effectiveness of Hyperledger-based
smart contracts when compared with several existing approaches and mechanisms.

Table 1. Summary of Related Work and Limitations.

Author Name Description Limitation

Ezz et al. [16]

The authors have proposed a
transparent and secure information
transmission integrating smart
contract and zero-knowledge
proofs.

The authors have targeted ethical
AI in healthcare.

Su et al. [17]
The authors have proposed a
high-fidelity radar dataset for
ensuring privacy of patients.

The complexity and increased cost
while ensuring the security in the
network.

Aravena et al. [18]

The authors have proposed a
surgical prioritization scheme
while integrating reinforcement
learning and digital twins.

The integration of AI and digital
twins may enhance the storage
overhead.

Pradhan et al. [19]

The authors have proposed an
AI-assisted healthcare system using
5G technology for improving the
communication and transmission.

There is a delay while transmitting
the information in the network.

Alruwaili et al. [20]
The authors have integrated the AI
and transparent techniques such as
blockchain and deep CNN.

The block verification delays the
communication process.

Akter et al. [21]

The authors have generated a
federated learning based privacy
mechanism using edge intelligence
for smart healthcare systems.

The proposed mechanism
enhanced the storage overhead in
the network

Siddiqui et al. [22]

The authors have proposed a
Markov process model using a
queuing system for smart
healthcare mechanisms.

The communication process may
further delay the transmission
process.

Mishra and Singh [23]

The authors have discussed the
significance of integrating smart
technology for managing and
planning

The integration of processes
enhances the complexity and cost
of communication

Patil et al. [24]

The authors have proposed a
blockchain-based framework for
preventing cyberattacks while
managing the records

The block verification delay further
increase the communication delay
in the network.

2.1. Problem Statement

The number of efficient and effective smart healthcare approaches while ensuring the secure
transmission of information along with data storage and transmission is proposed by several existing
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researchers/scientists. Though several schemes have been proposed focusing on integrating intelligent
and smart healthcare schemes in traditional data analysis and diagnosis of medical records. It is further
needed to propose an efficient way of processing and analysis of records in the healthcare systems.

3. Proposed Approach
The aim of this manuscript is to propose an efficient and effective smart healthcare mechanism

integrating a genetic algorithm for optimizing the dynamic optimization and filtering algorithm for
noise reduction. As intelligent devices generates tons of information in every hour, it is further neces-
sary to filter the significant information from the received data for providing an efficient transmission
of information. Genetic algorithm is used to filter or select the routing parameters for filtering out the
transmission power and energy consumption of each communicating device. In addition, filtration
mechanism adapt the wireless fluctuating conditions along with reducing the noise distortion and
communication delay.

3.1. System Workflow

Figure 2 presents the workflow of the proposed mechanism integrating FA and GA consisting of
several components for smooth data transmission and communication for smart healthcare network.

Figure 2. System Architecture.

• Data Collection and Acquisition: The information is collected from the sensors that are placed in
patient room by collecting the signals such as BP, glucose, ECG, movement of patient, temperature
of room etc.

• Data Pre-processing: The raw information collected from the sensors is passed through LMS filter
in order to remove the noise ad motion artifacts in order to eliminate the interference.

• GA optimization: The GA selects the optimal routing path by measuring the transmission power,
nature, behavior, channel allocation and minimum delay required to process the record.
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• Integrated FA and GA: The GA process only those records received from the FA after noise
reduction and less communication delay devices/sensors in order to optimize the communication
process after each epoch.

• Data transmission: The optimized record is further transmitted by the devices to their edge
servers by performing real-time data analysis.

• Looping: The network conditions are continuously recorded by updating the channel noise and
filtration process of each record.

The LMS adaptation rule w(n + 1) for optimizing the information by reducing the noise is further
processed as:

w(n + 1) = w(n) + µes(n)x(n) (1)

Where, w(n) is filter weight vector, µ is optimized route, es is error signal and x(n) is input vector
received from the sensors.

Further, GA function (F) is further computed as:

F = α1(1/D) + α2(SNR) + α3(1/E) + α4(1/PLR) (2)

Where, D is delay, SNR is Singal-to-Noise Ration, E stands for energy and PLR stands for packet loss
ratio.

The pseudo code of above integrated mechanism is further presents in Algorithm 1.

Algorithm 1 Integrated FA and GA for smart healthcare communication in the network

Require: Devices as D = d1, d2, ...dn), signals x(n), GA parameters as µ, routing path, Transmission
power and fitness weights w = α1...α4

Ensure: Efficient and cleaned signal of information to the edge
1: Deploy the FA with default weights as w0
2: The GA initialized the population
3: for all i = 1 device in Population size
4: Generate chromosome ci as routing, Ptx, µ
5: Estimate the fitness F(ci) as

F(ci) = α1(1/D) + α2(SNR) + α3(1/E) + α4(1/PLR) (3)

6: Apply the GA by choosing the probability of mutation, crossover, repair by evaluating the
F(child)

7: Select the best chromosome for final population

The GA distribution of output along with filtration mechanism adaption is further presented in
Algorithm 2.
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Algorithm 2 Distribution and Adaptation of GA and LMS outputs

Require: Devices as D = d1, d2, ...dn), signals x(n), GA parameters as µ, routing path, Transmission
power and fitness weights w = α1...α4

Ensure: an Efficient and clean signal of information to the edge
1: Devices send the best chromosome by selecting the optimal routing path to IoMT device as:

GA output : Device(RT, Tx, µ, w0) (4)

Where, RT is the routing table, Tx is the transmission time, w0 is weight and µ filtered device
2: Filtration process further adopts the sample paths running on each device d as:

Y(n) = w(n)Tx(n) (5)

3: Further error rate is defined as:
e(n) = d(n)− y(n) (6)

4: Filtration adaptation rule is further applied as:

w(n + 1) = w(n) + µes(n)x(n) (7)

4. Performance Analysis
The proposed is further validated against the existing baseline approaches over GA and FM

approaches. While performing the implementation, the chromosomes are represented as a mixture
of integer genes as routing path, channel ID, transmission power, and initial weights. The fitness
estimation is further computed as speed, an analytical estimator using path statistics and probe
packet generation. Further, constraints are handled as a penalty function for infeasible chromosomes
exceeding the power budget. For validating the proposed approach, the population size is considered
as 30-100 devices, generation are defined as GenMax between 50-200, crossover rate ci is considered
between 0.7 − 0.9, filtration length is defined between 8 − 32.

4.1. Baseline Approaches

The proposed mechanism is validated against several performance-based metrics such as packet
delivery ration, Quality of Service (QoS), throughput, Signal to Noise Ration (SNR) , energy consump-
tion, and communication delay against two considered existing approaches as EA1 and EA2. Alruwaili
et al. [20] have integrated the AI and transparent techniques such as blockchain and deep CNN
while enabling a smart healthcare system that is considered as EA1. The authors have examined the
security risks while communicating the information over network along with executing the benchmark
medical datasets. The authors have further highlighted the Jellyfish search optimization by measuring
several concerns. Whereas Mishra and Singh [23] considered as EA2 have discussed the significance of
integrating smart technology for managing and planning the medical care facilities for enhancing the
better care of patients. The authors have further discussed several challenges along with achieving the
higher standards of healthcare 5.0. Both are approaches are further considered in comparison of PA
validation and verification over several parameters.

4.2. Evaluating Metrics

The performance metrics are further considered as discussed below for simulation and experi-
mentation of proposed and existing approaches.

End-to-End Delay: it is defined as the average latency time required per successfully receiving of
packets by the device.

End − to − EndDealy :
1
N

Ns

∑
i=1

(tr, i − ts, i) (8)
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Where, tr, i and ts, i are defined as receiving and sending of information i in the network and Ns is
defined as the number of successful receiving of packets.

Packet Delivery Ratio: It is defined as the ratio of number of packets received versus number of
packets sent by the device d.

PDR =
PNr

PNs
(9)

Throughput: It is defined as the useful data successfully received by the device d per unit of time.

Th =
∑Nr

i=1 Payloadbits
Tot

(10)

Where ot stands for observation time.
Energy Consumption: It is defined as the amount of energy required to transmit information from

one device to another.

EC = ∑
k

Pt,k × tt,k (11)

4.3. Results and Discussion

This section presents the graphs generated over several discussed parameters in comparison of
existing and proposed approaches.

Figure 3 presents the end-to-end delay graph means the amount of time required to receive the
packet by a device d in the network. The delay in the case of the proposed mechanism is very less
compared to existing approaches, as the proposed mechanism reduces the noise and also filters the
unnecessary parameters required to analyse the behaviour of a communicating device in the network.
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Figure 3. End-to-end delay versus run time for baseline approaches (BA1, BA2) and proposed approach (PA).
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Figure 4. Packet delivery ratio versus number of devices for baseline approaches (BA1, BA2) and the proposed
approach (PA).

Figure 5 presents the throughput. The proposed mechanism outperforms the existing approaches
because of filtering out the noise and unnecessary parameters while transmitting and sending of
records in the network. The optimal selection of parameters further selects the best suited path for
transmission of packets in the network.
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Figure 5. Throughput versus number of devices for baseline approaches (BA1, BA2) and BA3.

Further, Figure 7 and Figure 6 present the QoS and SNR of the proposed mechanism over 10 run
cycles, showing the continuous improvement in quality while sending the records and noise reduction
because of the involvement of the filtration mechanism.
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Figure 6. SNR ratio versus run cycle for the proposed approach.
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Figure 7. Quality of Service versus run cycle for the proposed approach.

Furthermore, Figure 8 presents the energy consumption of the proposed mechanism in comparison
of existing approaches. The integration of FA and GA an efficient and smooth transmission of
information while collecting the raw data from intelligent devices.
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Figure 8. Energy consumption versus run time for baseline approaches (BA1, BA2) and the proposed approach
(PA).
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In addition, Figure 9 presents the communication delay while transmitting the information among
devices. The involvement of ideal behavioral devices in the network provides less communication
delay compared to devices that can’t be analyzed at the initial stage.
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Figure 9. Communication delay versus run time for baseline approaches (BA1, BA2) and the proposed approach
(PA).

4.4. Summary

The integration of GA and FA enhanced the communication efficiency in the smart healthcare
system by optimizing the routing paths, network conditions, transmission power and reduced noise
while transmitting the information in the network. The hybrid proposal ensures the less-delay,
efficient throughput, SNR ratio, energy consumption and better packet delivery ratio in comparison of
conventional approaches. The proposed mechanism offer an intelligent and robust communication
framework while collecting the raw information of the patient by continuous monitoring, recourse
constraint and emergency alerts.

5. Robustness and Sensitivity Analysis
In this section, we investigate the robustness of the proposed GA and two-level filtering framework

with respect to key algorithmic and network parameters. Specifically, we study the sensitivity of the
main performance indicators (end-to-end delay, packet delivery ratio, throughput, SNR, and energy
consumption) to the GA hyperparameters, the LMS filter configuration, and the network size.

5.1. Sensitivity to GA Hyperparameters

The GA configuration strongly influences convergence speed and the quality of the selected
routing solutions. We varied the population size between 30 and 100 individuals and the maximum
number of generations, GenMax, between 50 and 200, while keeping the crossover and mutation rates
within the ranges used in Section 4. The results show that, although the absolute values of delay and
energy consumption slightly change with the GA configuration, the proposed framework consistently
outperforms EA1 and EA2 in all tested settings. This indicates that the performance gains are not
limited to a narrow hyperparameter configuration but are robust to reasonable changes in the GA
setup.

5.2. Effect of LMS Filter Parameters

To analyze the impact of the filtration stage, we varied the LMS filter length between 8, 16,
and 32 taps and adjusted the step size µ within a stable range. Increasing the filter length leads to
improved SNR and QoS at the cost of a modest increase in computational complexity per sensor node.
Importantly, even with the smallest filter length, the two-level filtration scheme significantly improves
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the PDR and reduces the end-to-end delay compared to the baseline approaches, confirming that the
filtration stage is a key contributor to the observed performance improvements.

5.3. Scalability with Network Size

Finally, we examined the scalability of the proposed mechanism by increasing the number of
IoMT devices from 50 to 150 under higher traffic loads. While all schemes experience an increase in
delay and a slight degradation in PDR as the network becomes denser, the GA and filtration-based
framework exhibits a slower performance degradation than EA1 and EA2. This behavior can be
attributed to the adaptive selection of routing paths based on delay, SNR, energy, and packet loss ratio.
These findings demonstrate that the proposed system can support larger smart healthcare deployments
while maintaining acceptable QoS levels.

6. Conclusions
This work presented an automated smart healthcare communication mechanism that combines

a two-level filtering scheme with a multi-objective Genetic Algorithm to address key challenges in
IoMT-based healthcare networks, namely noisy physiological signals, constrained energy resources
and stringent latency requirements. At the sensing layer, an adaptive LMS-based filtration mechanism
was employed to mitigate channel noise and motion artefacts, thereby improving the quality of
physiological signals before transmission. At the network layer, the GA was used to optimize routing
paths and transmission parameters by simultaneously considering delay, SNR, energy consumption
and packet loss, resulting in more reliable and resource-aware data delivery.

The integrated framework was validated through simulation and compared against two state-of-
the-art smart healthcare approaches. The proposed mechanism consistently achieved lower end-to-end
delay and communication latency, higher packet delivery ratio and throughput, improved SNR and
QoS, and reduced energy consumption. These improvements stem from the joint effect of denoising
at the signal level and selective, GA-driven routing at the network level, which together ensure that
legitimate, high-quality medical records are transmitted through the most suitable paths.

From a practical perspective, the proposed system can support continuous patient monitoring,
early detection of anomalies and prioritization of high-risk cases in smart healthcare environments,
particularly where many heterogeneous devices generate large volumes of data. By reducing false
alarms and communication overhead, the framework has the potential to improve responsiveness and
reliability in clinical decision-making.

Future work will focus on extending the proposed framework with end-to-end security and
privacy mechanisms, such as lightweight authentication, access control and privacy-preserving data
sharing, to better protect sensitive medical records. In addition, validating the approach on real-world
clinical datasets and deploying it on testbed IoMT platforms will be important to assess scalability,
interoperability and robustness under realistic operating conditions, and to integrate the mechanism
more tightly with existing healthcare information systems.
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