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The incorporation of the Internet of Things (IoT), edge
computing, and cloud computing has opened up new
possibilities for offering intelligent and uninterrupted
telemedicine services. Wearable sensors, medical
monitoring tools, smart gateways, and connected medical
facilities produce various patient data in real-time, which
necessitates immediate processing and reliable
communication. Nevertheless, the traditional telemedicine
infrastructure that relies heavily on cloud computing is

faced with several issues such as delays, excessive energy consumption from
communication, poor utilization of resources, and increased costs of cloud computing
among other problems that may emerge from variability in healthcare workloads. The
research involves the development of an adaptive multi-objective resource optimization
system based on AI technology, which can be used in telemedicine solutions based on
IoT, Edge, and Cloud technology. The proposed model includes healthcare IoT systems,
cloud technology, edge nodes, prediction algorithms, classification of healthcare
workloads, and the Adaptive Honey Bee Multi-Objective Optimization algorithm.
Predictive algorithms determine potential future workloads in healthcare setting and
provide timely resource allocation, while the optimization algorithm helps determine the
optimal placement of tasks and resource allocation. Thus, it becomes possible to solve
the problems of minimizing costs, delays, energy consumption, and SLA violations while
maximizing resource utilization. The system assigns different priorities to tasks
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depending on their clinical urgency ensuring that tasks such as emergency ECG and fall
detection are processed first. The newly developed system creates a unified approach
for managing various healthcare requirements. A methodology for evaluating the
effectiveness of the AHBMO system is also proposed.
Keywords: Internet of Things, telemedicine, edge computing, cloud computing, multi-
objective optimization, artificial intelligence, healthcare IoT, Honey Bee Optimization,
resource allocation, QoS.
I. Introduction
Telemedicine has turned out to be a fundamental aspect of contemporary medicine as it
allows for patients’ receiving medical consultations, monitoring, diagnosis, and follow-
up services without having to visit health facilities constantly. With the rapid evolution of
the Internet of Things (IoT), telemedicine has been further improved, as a result of which
physiological and contextual data is collected continuously with the use of connected
sensors and medical devices. Wearable devices, such as ECG sensors, blood-pressure
monitors, oximeters, glucose monitoring systems, temperature sensors, as well as other
devices, make it possible to receive patient health information continuously and thus
detect abnormal conditions early as well as increase the efficiency of health services [1].
Despite the potential benefits of IoT-based telemedicine, it brings various processing
and transmission challenges. Healthcare sensors produce heterogeneous data at
distinctive rates and with diverse quality requirements. Take, for example, an ECG sensor
that produces a continuous stream of data that has to be processed in a hurry, while
historical patient data can tolerate greater processing delays. An emergency fall-
detection event has to be processed immediately, while regular activity data can get
through with less frequency [2].

Traditional telemedicine architecture uses centralized cloud computing for data
processing and storing. Cloud computing provides with the ability to leverage a lot of
computational capacities, which is very beneficial for complicated health analytics,
medical image processing, and needs of training AI models. However, sending all the
data generated by IoT to cloud infrastructure may be expensive due to delays in
communication, network flow, energy consumption of the IoT devices, and expenses
associated with them [3].

Edge computing presents a practical approach to the issue of making computing
resources readily available in close proximity to both patients and IoT devices.
Healthcare systems do not need to send all patient information to reside in distant
cloud systems; rather, only specific healthcare applications can be performed at
locations of the edge servers or gateways [4].
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Therefore, ECG incidents, materialization of falls, patient monitoring, etc., can be done at
places not too far from the patients, while tasks requiring a lot of computing resources
but being less urgent can be processed at the cloud servers [5].

Despite the fact that introduction of edge computing has been a solution to the
problem, it does not mean that the issue of managing resources has been solved. Edge
nodes have naturally less computing power than centralized cloud servers. Moreover,
healthcare tasks can change in time and what is true today from the point of view of the
number of patients and amount of sensor information required for video consultations
can turn to be false tomorrow. Static allocation of resources can lead to overloading
some nodes and underutilization of the others [6].

AI can remedy the situation and help anticipate the workload in advance by
examining the previous workload information and remotely predicting CPU
requirements, necessary memory, network traffic, and the number of active healthcare
tasks. However, resource allocation problems in IoT-edge-cloud telemedicine are multi-
objective optimization questions, since lowering latency may require higher dependency
on edge devices, which, in turn requires more energy [7].

To tackle the problems posed by these challenges, the current paper presents an
Adaptive AI-Driven Multi-Objective IoT–Edge–Cloud Resource Optimization Framework
for QoS-Aware Telemedicine. This framework consists of features such as AI-based
workload prediction, healthcare-aware QoS classification, adaptive data transmission,
dynamic task placement, and Adaptive Honey Bee Multi-Objective Optimization. Major
contributions of this study involve the following:
 A combined IoT–Edge–Cloud architecture is proposed to provide smart and
resource-efficient telemedicine services.
 The AI-based workload prediction system is used to estimate future loads in the
domain of healthcare and plan resources proactively.
 QoS-driven healthcare task classification system is also developed to identify
different tasks based on latency, bandwidth, and computational power.
 A multi-objective optimization model is developed to minimize latency, energy
consumption, cloud costs, and SLA violations maximally.
 The Adaptive Honey Bee Multi-Objective Optimization (AHBMO) mechanism is
presented for dynamic task placement.6. The adaptive IoT communication system is
integrated to provide for timely communication of important events and reduce unused
transmissions.
T he remainder of the paper is organized as follows. Section II discusses related
work. Section III presents the proposed IoT–Edge–Cloud architecture. Section IV
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formulates the system model and optimization problem. Section V presents the
proposed AHBMO methodology. Section VI describes the experimental methodology.
Section VII discusses the expected performance and research implications. Section VIII
concludes the paper.
2. Related work
2.1 IoT-Enabled Telemedicine
Healthcare IoT has made it easier to monitor patients constantly using various sensors
and medical devices. The healthcare IoT systems create physiological measures that
allow these measures to be sent to healthcare systems for decision-making. Such
systems are very useful for the elderly, chronic disease management, long-distance
patient monitoring, home healthcare, and emergency alert detection [8].
However, healthcare IoT devices are very limited regarding their battery capacity,
processing power, memory, and communication speed. Thus, the continuous
transmission of raw sensor data uses a lot of energy and creates unnecessary data flow
on the networks [9].

Besides, different healthcare applications have different Quality of Service
requirements. Therefore, while for critical events quick response is necessary, for regular
events there can be more time allowed for the processing of the preventive measures
[10].
2.2. Edge Computing in Telemedicine
Edge computing allows to decrease the distance between data source and data
processing by locating computing elements in proximity to patients. This approach
helps to eliminate communication delays and congestions [11].

In this situation, abnormal ECG signal can be examined at the edge node, which
will automatically generate data on detected problem. However, all historical ECG values
will be sent to the cloud to be processed using long-term analytics [12].

The most advanced part is that despite the fact that edge computing is aimed at
the reduction of delays, edge resources are still limited. The ineffective placement of the
tasks can overload edge servers with tasks while underutilizing others. That’s why
dynamic resource allocation is of great importance for efficient functioning of the IoT-
Edge-Cloud healthcare systems [13].
2.3. Cloud Resource Management
Cloud computing offers healthcare applications flexible computational and storage
resources. With dynamic provisioning functionality, the cloud infrastructure can adjust
according to variable workloads. However, over-provisioning may lead to higher prices,
while under-provisioning may cause high latency and SLA violations [14].
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Most existing methods concentrate on one specific goal, such as cost or latency.
However, telemedicine solutions require simultaneous optimization of multiple
conflicting objectives [15].
2.4. AI-Based Resource Management
Application of the concept of machine learning has been utilized in various areas such
as workload forecasting, resource-demand forecasting, anomaly detection, and
intelligent scheduling. Workload forecasting helps cloud and edge computing platforms
provision resources ahead of time. [16]

Yet, prediction itself does not provide a solution for optimal allocation of
resources of different types. Therefore, advanced optimization methods such as Genetic
Algorithm, Particle Swarm Optimization, Ant Colony Optimization, and Honey Bee
Optimization have been studied for the allocation problem [17]. Algorithms with a
multiple objective function, namely NSGA-II and MOPSO algorithms, allow achieving
multiple Pareto optimal solutions. But still, there is a need for an integrated method that
will combine workload forecasting based on AI, healthcare QoS, IoT energy limitations,
edge cloud placement, and adaptive multi-objective optimization [18]. The proposed
methodology closes this gap in research by introducing the mentioned components as a
single telemedicine resources management system [19].
3. Proposed IoT–edge–cloud telemedicine framework
3.1. System Architecture
The proposed framework consists of five major layers:
1. Healthcare IoT Layer
2. IoT Gateway and Communication Layer
3. Edge Computing Layer
4. Cloud Computing Layer
5. Intelligent Resource Management Layer
The overall data flow is:
Patient → IoT Sensors → IoT Gateway → Edge/Cloud → Telemedicine Services →

Healthcare Provider
The intelligent resource management layer works within these components, acting in
real-time to decide how the tasks in healthcare should be sent, processed, and
distributed.
3.1.1 Healthcare IoT Layer
The IoT layer consists of variously designed sensors and medical devices working in
contact with patients. Let the IoT sensors be represented as follows.

� = {�₁, �₂, . . . , �ₙ}
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Each sensor generates healthcare information at a particular rate and has specific energy,
bandwidth, latency, and priority requirements.
A sensor can be represented as:

�ᵢ = {�ᵢ, �ᵢ, �ᵢ, �ᵢ, �ᵢ}
where:
 �ᵢ = data generation rate of sensor i
 �ᵢ = computational/resource requirement
 �ᵢ = energy characteristics
 �ᵢ = latency requirement
 �ᵢ = clinical priority
Important IoT devices include ECG detectors, SPO2 detectors, devices for measuring
blood pressure and glucose, temperature meters, motion detectors, systems for
detecting falls, and smart cameras. The various characteristics of these devices lead to
differing needs for computing and communications.
3.1.2 IoT Gateway Layer
IoT gateways allow for the connection of sensors and edge infrastructures. The gateway
assures that data aggregation, data filtering, data compression, protocol conversion,
first-order anomaly detection, and transmission scheduling occur. It also acts as a
launching pad for adaptive data transmission where only crucial data is transmitted.
However, this rule does not prevent important healthcare events from adhering to the
same scheme.
3.1.3 Edge Computing Layer
The edge layer contains computational nodes located close to patients.
Let the set of edge nodes be:

� = {�₁, �₂, . . . , �ₘ}
All edge nodes offer CPU, memory, storage, and communication capabilities. The edge
layer is mainly intended for latency-sensitive processes, for example: Emergency
detection, ECG anomaly detection, Fall detection, Real-time physiological analysis, and
Interactive telemedicine sessions. Local processing of workload allows for significant
reduction of communication delays.
3.1.4 Cloud Computing Layer
The cloud layer provides large-scale computational and storage resources. Let the set of
cloud resources be:

� = {�₁, �₂, . . . , �ₖ}
Cloud resources are ideal for: Medical image processing, AI model training, Long-term
data storage, Historical data analysis, Population-level health data analysis, Large video

https://pakjmcr.com/index.php/1/about
https://doi.org/10.5281/zenodo.21918495


https://pakjmcr.com/index.php/1/about
Online ISSN Print ISSN

3007-2387 3007-2379

DOI: https://doi.org/10.5281/zenodo.21918495 1639

processing and Difficult diagnostics. The optimizer chooses if the task must be
completed at the edge or cloud resource.
3.2. System Model And Problem Formulation
3.2.1 Healthcare Task Model
Let the set of healthcare tasks generated by IoT devices be:

� = {�₁, �₂, . . . , �ₙ}
Each healthcare task is represented by:

�ᵢ = {���ᵢ, ���ᵢ, ��ᵢ, �ᵢ, �ᵢ}
where:
 CPUᵢ = CPU requirement
 MEMᵢ = memory requirement
 BWᵢ = bandwidth requirement
 Lᵢ = maximum tolerable latency
 Pᵢ = clinical priority
Tasks are divided into different categories based on their level of urgency.
Critical Tasks: Examples of critical tasks may pertain to Emergency ECG, Severe
Hypoxemia, Fall Detection, Lifethreatening abnormality, etc.

High-Priority Tasks: Examples of high-priority tasks include Real-time monitoring
of the patient, Video consultation, Abnormal blood pressure detection, etc.
Medium-Priority Tasks: Few examples of medium-priority tasks are Routine
physiological monitoring, Periodical monitoring of the patients, etc.

Low-Priority Tasks: Some of the low-priority processes include Historical analytics,
Long-term data processing, Non-urgency reporting, etc.
3.2.2 Resource Model
The available computational resources are represented as:

� = �ᵢₒₜ ∪ �ₑ��ₑ ∪ ��ₗₒᵤ�
Each resource node j is represented as:

�ⱼ = {���ⱼ, ���ⱼ, ��ⱼ, �ⱼ}
where:
 CPUⱼ = CPU capacity
 MEMⱼ = memory capacity
 BWⱼ = bandwidth capacity
 Eⱼ = energy characteristics
3.2.3 Task Placement
A binary task-placement variable is defined as:

�ᵢⱼ = �, �� ���� � �� �������� �� �������� �
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�ᵢⱼ = �, ���������
Every task must be assigned to exactly one valid processing resource:

�ⱼ₌₁ᴶ �ᵢⱼ = �
The CPU capacity constraint is:

�ᵢ₌₁ᴺ �ᵢⱼ ���ᵢ ≤ ���ⱼ
The memory constraint is:

�ᵢ₌₁ᴺ �ᵢⱼ ���ᵢ ≤ ���ⱼ
The bandwidth constraint is:

�ᵢ₌₁ᴺ �ᵢⱼ ��ᵢ ≤ ��ⱼ
The binary placement constraint is:

�ᵢⱼ ∈ {�, �}
These constraints ensure that a resource cannot be assigned more workload than its
available capacity.
3.3. Energy Consumption Model
3.3.1 IoT Communication Energy
Communication energy is particularly important because many healthcare IoT devices
operate using batteries. Let sᵢ(t) indicate whether sensor i transmits data at time t. The
communication energy is modeled as:

����� � = �ᵢ₌₁ᴺ �ᵢ(�) �ᵢ(�) �ᵢᵗˣ
where:
 Dᵢ(t) = transmitted data volume
 eᵢᵗˣ = energy required to transmit one unit of data
The total communication energy is:

���� = �ₜ=�ᵀ ����� �

Reducing unnecessary transmissions can therefore directly reduce IoT energy
consumption.
3.3.2 Processing Energy
The processing energy consumed by edge and cloud resources is represented as:

����� = �ⱼ=�ᴶ �ᵢ=�ᴺ �ᵢⱼ ���ᵢ �ⱼ �ᵢ
where:
 Pⱼ = power consumption of resource j
 τᵢ = processing time of task i
The total system energy is:

������ = ���� + �����

The optimizer attempts to minimize this value while satisfying healthcare QoS
constraints.
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3.4 Latency Model
The end-to-end latency of a healthcare task consists of transmission, queuing,
processing, and response delays:

�ᵢ = �ᵢᵗˣ + �ᵢᑫ ᵘᵉᵘᵉ + �ᵢᵖʳᵒᶜ + �ᵢʳᵉˢᵖ
where:
 Lᵢᵗˣ = transmission latency
 Lᵢᑫ ᵘᵉᵘᵉ = queuing latency
 Lᵢᵖʳᵒᶜ = processing latency
 Lᵢʳᵉˢᵖ = response latency
Average latency is:

���� =
�
�

�ᵢ=�ᴺ �ᵢ

Each task must satisfy:
�ᵢ ≤ �ᵢᵐᵃˣ

Critical healthcare tasks are therefore prevented from being assigned to resources that
would cause unacceptable delay.
3.5 Cloud Cost Model
Cloud resource usage generates computational, storage, and communication costs. The
cost associated with task i is:

�ᵢ = �ᵢᶜᵖᵘ + �ᵢᵐᵉᵐ + �ᵢˢᵗᵒʳᵃᵍᵉ + �ᵢⁿᵉᵗ
where the individual terms represent CPU, memory, storage, and network costs. The
total cloud cost is:

������ = �ᵢ=�ᴺ �ᵢ
The optimizer attempts to minimize cloud cost while preserving required QoS.
3.6 SLA Violation Model
A task is considered to violate its SLA when its QoS requirements are not satisfied. The
SLA violation rate is:

���� =
���������

������
or, as a percentage:

���� % =
���������

������
× ���

A low SLA violation rate is essential for reliable telemedicine services.
3.7. Multi-Objective Optimization Formulation
The proposed framework simultaneously considers five objectives.
Objective 1: Minimize latency

�������� �₁ = ����
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Objective 2: Minimize energy consumption
�������� �₂ = ������

Objective 3: Minimize cloud cost
�������� �₃ = ������

Objective 4: Minimize SLA violations
�������� �₄ = ����

Objective 5: Maximize resource utilization
Resource utilization is defined as:

��������� =
�ⱼ=�ᴶ ������������ⱼ

�ⱼ=�ᴶ ����������������ⱼ
× ���

Since the optimization framework minimizes objectives, the fifth objective can be
expressed as:

�������� �₅ = � − ���������
The complete optimization problem is therefore:

�������� �(�) = [�₁(�), �₂(�), �₃(�), �₄(�), �₅(�)]
subject to:

�ⱼ₌₁ᴶ �ᵢⱼ = �
�ᵢ₌₁ᴺ �ᵢⱼ ���ᵢ ≤ ���ⱼ

�ᵢ₌₁ᴺ �ᵢⱼ ���ᵢ ≤ ���ⱼ
�ᵢ₌₁ᴺ �ᵢⱼ ��ᵢ ≤ ��ⱼ

�ᵢ ≤ �ᵢᵐᵃˣ
�ᵢⱼ ∈ {�, �}

This formulation represents the competing objectives involved in IoT–Edge–Cloud
telemedicine resource management.
3.8 AI-Based Workload Prediction
3.8.1. Workload Representation
The proposed framework uses AI to predict future healthcare workloads. The observed
workload at time t is represented as:

� � = ��� � , ��� � , �� � , ����� �

where:
 CPU(t) = CPU utilization
 MEM(t) = memory utilization
 BW(t) = network bandwidth utilization
 N_task(t) = number of active tasks
The prediction model estimates the next workload:

��(� + �) = �(�(�), �(� − �), . . . , �(� − �))
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where:
 W (t+1) = predicted workload
 k = historical observation window
 f(·) = AI prediction model
A recurrent neural network such as LSTM or GRU can be used for this purpose.
3.8.2. Proactive Resource Allocation
The resource-management module is presented with the anticipated load prior to the
next scheduling period. If the anticipated load is higher than the available capacity at
the edge, then additional cloud resources can be deployed proactively. On the other
hand, if a large drop in the workload is anticipated, unnecessary cloud resources can be
removed. This approach helps to prevent both resource shortages and excess
provisioning.
4. Proposed Adaptive Honey Bee Multi-Objective Optimization
4.1. Solution Representation
The AHBMO algorithm which has been suggested takes inspiration from the manner in
which colonies of honey bees hunt for food. Each of the food candidates will be one of
the solutions on allocation of resources.

� = [�₁, �₂, . . . , �ₙ]
where each element represents the selected processing resource for a healthcare task.
For example:

� = [�₂, �₁, �₁, �₃, �₂, . . . ]
indicates the processing location selected for each task.
4.2 Objective Normalization
Because the optimization objectives have different units, they are normalized.
For minimization objectives:

�ₖ���� =
�ₖ − �ₖ���

�ₖ��� − �ₖ��� + �
where ε is a small positive value that prevents division by zero.
The normalized values are used during solution evaluation.
4.3. Adaptive Fitness
An adaptive fitness function can be expressed as:

������� � = �ₖ=�ᴷ �ₖ �ₖ���� �

where:
 wₖ = weight of objective k
 K = number of objectives
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Nevertheless, due to the different priorities of healthcare applications, it is possible to
change the weights in real-time, in response to workload conditions and urgency of
clinical cases, thus assigning more importance to aspects like latency and SLA
compliance in scenarios of emergency workload.
4.4. Adaptive Exploration And Exploitation
A key component of AHBMO is adaptive control of exploration and exploitation.
The exploration coefficient is defined as:

� � = ���� + ���� − ���� � −
�

����
where:
 α(t) = exploration coefficient
 α_min = minimum exploration value
 α_max = maximum exploration value
 t = current iteration
 T_max = maximum number of iterations
In the beginning, when optimization starts α(t) is set very high and will try to explore as
many configurations as possible. But with the progress of optimization, α(t) decreases
and it focuses on the solution that showed good behavior and thus makes exploitation
prevail.

�'(�) = � � � + ���
where:
 V_w = workload variation
 λ = workload sensitivity coefficient
A rapidly changing workload therefore encourages additional exploration.
4.5. QoS-Aware Optimization
Healthcare tasks cannot be treated equally because their clinical importance varies.
A QoS penalty is introduced as:

���� = �ᵢ=�ᴺ �ᵢ ��� �, �ᵢ − �ᵢᵐᵃˣ
Here, Pᵢ stands for the clinical importance of task i. The mechanism guarantees that not
complying with a time requirement for an urgent task leads to a much bigger penalty
than disregarding the requirements of a low priority task. The QoS-aware optimization
thus guarantees that the allocation of computing resources is in line with healthcare
requirements.
4.6. Adaptive Task Placement
For each task, the optimizer determines whether it should be processed at:

�ᵢ ∈ {���, ����, �����}
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The decision is based on: Latency requirements, CPU requirements, memory
requirements, bandwidth availability, the current state of resources, energy use, costs,
cloud computing, and importance in healthcare. ”Critical tasks are assigned with
preference to the nearby edge resources when enough resources are available.
Computation-heavy operations can go to the cloud resources in the case of lacking
capacity of the edge resources. Routine tasks can be delayed or summed when
appropriate.
4.7. Adaptive IoT Data Transmission
Consistent transmission of every reading from each sensor will use too much energy for
the IoT. As a result, the framework utilizes an adaptive transmission approach. The
decision on whether to relieve the sensor is made based on:

�ᵢ(�) = �, �� �ᵢ(�) ≥ �ᵢ
�ᵢ(�) = �, �� �ᵢ(�) < �ᵢ

where:
 Aᵢ(t) = significance of the new sensor observation
 θᵢ = sensor-specific transmission threshold
The significance of the transmission can be determined by: Comparison with the last
measurement obtained, Individual threshold for every patient, Indication of
abnormalities, Clinical priority, Time repetition and Current state of the network. For
example, when the heart rate of a patient is stable within normal values, several similar
readings can be collected before sending. In case of sudden appearance of an abnormal
ECG, the system will send the reading.
Algorithm 1: AHBMO for IoT–Edge–Cloud Resource Allocation
Input: Healthcare tasks T, IoT resources, edge resources, cloud resources, maximum
iterations T_max
Output: Pareto-optimal resource allocation solutions
1. Initialize a population of candidate resource-allocation solutions.
2. Evaluate CPU, memory, bandwidth, latency, energy, cost, and QoS constraints.
3. Calculate the objective values of each solution.
4. Identify non-dominated solutions.
5. Initialize the Pareto archive.
6. Set the initial exploration coefficient α.
7. Repeat until the maximum number of iterations is reached:
a. Select promising solutions from the Pareto archive.
b. Generate neighboring solutions around selected food sources.
c. Perform exploration using employed and scout bee operations.
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d. Perform exploitation around high-quality solutions.
e. Apply healthcare QoS constraints.
f. Reject infeasible resource allocations.
g. Calculate latency, energy, cost, SLA violation, and utilization.
h. Update the Pareto archive.
i. Calculate workload variation.
j. Adapt the exploration coefficient.
k. Replace weak solutions with newly generated solutions.
8. Return the final Pareto archive.
The final archive contains alternative resource-allocation configurations representing
different trade-offs among latency, energy consumption, cost, QoS, and utilization.
5. Experimental Evaluation
5.1. Simulation Environment
The proposed framework was developed in Python using a simulated telemedicine
environment consisting of IoT-Edge-Cloud communications. The telemedicine
environment will consist of: Multiple simulated patients; Heterogeneous IoT sensors; IoT
gateways; Edge servers; Cloud servers; Dynamic healthcare workloads; Network
bandwidth constraints; CPU and memory constraints; and Healthcare quality of service.
Each individual simulated patient can be monitored with multiple IoT sensors. To
illustrate, one patient may generate ECG, SpO₂, blood pressure, temperature, and activity
data at the same time.
5.2. Healthcare Workload Model
The experimental workload will include several representative telemedicine services as
shown in table 1.
Table 1: Workload Intensity
Service CPU Demand Bandwidth Priority Latency
Emergency ECG High High Critical Very Low
Fall Detection Medium Medium Critical Very Low
Video Consultation High Very High High Low
SpO₂ Monitoring Low Medium High Low
Blood Pressure Low Low Medium Moderate
Temperature Monitoring Low Low Medium Moderate
Historical Analytics High Medium Low High
Medical Imaging Very High High High Moderate
The workload intensity will be varied to test the behavior of the proposed method under
light, moderate, heavy, and highly dynamic conditions.
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5.3. Baseline algorithms
The AHBMO method to be proposed will be compared to other current approaches
such as:
Genetic Algorithm (GA): This method involves the search for solutions regarding
resource allocation by applying selection, crossover, and mutation methods.
Particle Swarm Optimization (PSO): In PSO, candidate solutions are modelled as particles
in the swarm method and the position of the particle changes based on the particle's
previous experience and experience of all other particles.
NSGA-II: NSGA-II is a well-known multi-objective evolutionary optimization method
which uses non-dominated sorting and crowding distance.
MOPSO: MOPSO method extends Particle Swarm Optimization for considering multi-
objective problems by employing an external Pareto archive.
Standard Honey Bee Optimization: The ordinary honey bee optimization method will be
used to understand the impact of the adaptive method on the performance of the
proposed approach. All methods will operate with similar sizes of populations and limits
of generations.
5.4 Performance Evaluation Metrics
Average Latency: Average latency is calculated as: ���� = 1

�
�ᵢ=1ᴺ �ᵢ . Lower latency

indicates better responsiveness.
Energy Consumption: Total energy is: ������ = ���� + ����� + ������ . Lower energy
consumption indicates greater efficiency.
Cloud Cost: Total cloud expenditure is measured using computational, storage, and
network resource consumption. Lower cost represents more economical resource
utilization.
SLA Violation Rate: ���� % = ���������

������
× 100 . Lower SLA violation is desirable.

Resource Utilization: � % = ������������
����������������

× 100 . Higher balanced utilization
indicates efficient use of available infrastructure.
Throughput: �ℎ����ℎ��� = ��������

�����������
. where N_success is the number of successfully

completed tasks.
Hypervolume: Hypervolume is used to evaluate the quality of the Pareto front by
considering both convergence and diversity. A larger hypervolume indicates a better set
of Pareto-optimal solutions.
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5.5. Results and Discussion
5.5.1 Experimental Configuration
In order to determine how useful the introduced Adaptive Honey Bee Multi-Objective
Optimization (AHBMO) framework is, a simulation of the IoT-Edge-Cloud telemedicine
system has been adopted. The simulation involves heterogeneous healthcare workloads
from multiple patients benefitting from the internet of things. The simulated system
consists of IoT gateways, edge server, and cloud facilities all with different computing
powers.

Various approaches have been applied for the initial evaluation. These
approaches include Genetic Algorithm (GA), Particle Swarm Optimization (PSO), NSGA-II,
MOPSO, and AHBMO. These algorithms were used under equal simulation conditions.
The configuration of simulation used to obtain the experimental data is presented in
Table 2.
Table 2. Simulation Configuration
Parameter Value Parameter Value
Number of patients 100–1000 Simulation duration 3600 s
IoT sensors per patient 5–8 Healthcare task types 8
IoT gateways 20 CPU capacity per edge node 8–32 cores
Edge servers 10 Memory per edge node 16–64 GB
Cloud servers 20 Cloud CPU capacity 32–64 cores
Optimization population 50 Network bandwidth 100–1000 Mbps
Maximum iterations 100 Optimization objectives 5
5.5.2 Convergence Analysis
One hundred iterations were performed in order to evaluate the performance of the
optimization algorithms. The normalized multi-objective fitness value is defined in such
a way that the smaller its value the better the solution. The values of convergence are
presented in figure 1.
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Figure 1. convergence comparisons of optimization algorithms
The results show that AHBMO reaches convergence at a higher speed than the other
techniques. It should be remarked that during the 20th iteration AHBMO reaches a
fitness value of 0.43 compared to GA (0.68), PSO (0.60), NSGA-II (0.56), and MOPSO
(0.51). On the 100th iteration, the AHBMO shows a fitness value of 0.22. Such efficiency
is due to the adaptive nature of the exploration-exploitation process. In effect, when
optimization begins, the focus will be on most diverse resources, while in subsequent
iterations the objective will be to ensure maximally successful movement through the
available resources.
5.5.3 Average End-to-End Latency
Average end-to-end latency was evaluated under increasing healthcare workload. The
number of active patients was varied from 100 to 1000.
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Figure 2. Average end-to-end latency under increasing workload
Figure 2 shows the relationship between the total patients and average end-to-end
latency. AHBMO results in the lowest latency in all the workload conditions. When there
are 1000 active patients, the latency of AHBMO is measured at 181ms, while other
methods like GA, PSO, NSGA-II, and MOPSO return the latencies that are measured as
301ms, 278ms, 254ms, and 235ms, respectively. The proposed method, compared to GA,
shows:

������� ��������� =
��� − ���

���
× ��� ≈ ��. �%

The efficiency of AHBMO over the other methods, like PSO, NSGA-II, and MOPSO, is,
respectively: 34.9%, 28.7%, and 23.0%. This improvement can be attributed to the QoS-
aware task-placement strategy developed in the process of implementing the current
research. More important healthcare jobs and tasks are processed closer to the edge
nodes available to ensure that the tasks are done on time with the minimum latency.
5.5.4. Energy Consumption
Energy efficiency is particularly important because IoT sensors are often battery
powered. The total system energy consumption was evaluated under increasing
workload.
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Figure 3. Energy consumption under increasing workload
The image in Figure 3 illustrates the energy consumption effect on the quantity of
patients in an active situation. With the introduction of 1000 patients, the energy
consumption in case of AHBMO is reported at 77 kJ, while in case of GA – at 119 kJ,
which signifies a level of energy reduction of:

������ ��������� =
119 − 77

119 × 100 ≈ 35.3%

It is noteworthy that the suggested solution results in a significant drop in energy
consumption, compared with the existing techniques. In this regard, a comparison made
with the PSO, NSGA-II and the MOPSO shows that the method’s energy usage is less
than that of PSO and NSGA-II by 30.0% and 23.8%, correspondingly. The impact of this
significant reduction can be explained by two main reasons. The first one is the fact that
the adaptable transmission technique prevents the transmission of unneeded repeated
measurements from sensors. The second reason is that the optimization technique
attempts to provide the execution of tasks on resources that exhibit the most favorable
energy-latency balance.

The outcomes obtained demonstrate that it is vital to take into consideration the
energy spent for IoT communication together with that spent for processing in the
cloud and on the edge.
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5.5.5. Cloud Resource Cost
The effect of resource optimization on cloud operational cost was also investigated. The
cost is expressed using normalized monetary units per simulation hour.

Figure 4. Cloud resource cost under increasing workload
The cost of cloud resources is shown in Figure 4 as a function of the number of patients
actively using the service. With 1,000 patients, AHBMO has a cost associated with the
cloud of 51.2 while the GA has a cost of 72.8. Hence, the cost reduction is calculated as
follows:

���� ��������� =
72.8 − 51.2

72.8
∗ 100 ≈ 29.7%

This effective framework makes the cost less through unnecessary provisioning of the
cloud and making use of edge capacity. The AI workload predictor enables predictive
scaling of the system which contributes to timely provision of resources before they
reach their peak usage time. This fact outlines another advantage of the suggested
approach IoT-Edge-Cloud. There are many health care tasks that could be conducted
without using the cloud. Hence the intelligent placement of the workload allows
reducing the cloud dependency and improving quality of service.
5.5.6 SLA Violation Rate
SLA compliance is particularly important in telemedicine because delayed healthcare
services can negatively affect patient monitoring and clinical decision-making.
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Figure 5. SLA violation rate
Figure 5 displays the SLA infringement rate as a workload function. With 1,000 patients,
AHBMO has an SLA infringement rate of 8.3% while GA has 19.1%. The SLA
improvement, when compared to GA, is as follows:

��� ����������� =
19.1 − 8.3

19.1 × 100 = 56.5% .

The significance of the improvement is especially visible in medical mission-critical
workloads. Due to the QoS-aware penalty system, any violations related to mission
critical jobs incur greater penalties. As a result, the optimizer makes efforts to keep the
edge capacity reserved for mission-critical jobs and prevent the allocation of delay-
sensitive jobs to overloaded resources.
5.5.7 Resource Utilization
Resource utilization was evaluated to determine whether the proposed approach can
effectively use available computational infrastructure.
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Figure 6. Resource Utilization
Resource utilization needs to be illustrated as a function of patient activity in Figure 6.
Under the condition of 1000 patients, AHBMO manages an 88% utilization factor,
compared to GA’s 74%. Higher levels of utilization imply that the suggested approach is
more successful in distributing workloads among the edge and cloud resources. Still, the
objective is not achieving maximum utilization, as it may lead to queuing and delay.

Figure 7. Throughput vs number of active patients
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5.5.8 Throughput Analysis
Throughput represents the number of successfully processed healthcare tasks per
second.

In Figure 7, throughput achievement is plotted against the number of patients.
AHBMO achieved the throughput of 785 successfully executed tasks at 1000 patients
compared to the rate of 648 tasks/sec achieved by GA. The improvement in throughput
compared to GA can be calculated as follows:

�ℎ����ℎ��� ����������� =
785 − 648

648 × 100 ≈ 21.1%

This suggests that an effective placement of tasks and efficient use of resources results
in more healthcare processes being performed in a certain period of time.
5.5.9 Pareto-Front Analysis
Due to the presence of multiple objectives in the issue at hand, no one performance
metric would be able to indicate the quality of the optimization. Hence, the Pareto front
is also examined. To illustrate the situation, two objectives are chosen: energy
consumption and latency.

Figure 8. pareto-front comparison
Figure 8 illustrates the different Pareto fronts produced by five algorithms, where
latency is shown on the horizontal axis while energy consumption is shown on the
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vertical axis. The expected Pareto front produced using AHBMO should cover the
majority of the Pareto fronts that are produced by its competitors. Notably, AHBMO
achieves lower latency as well as lower energy consumption at the same time. This
behavior shows that AHBMO does not merely minimize one of the objectives while
compromising on the other objectives.

For instance, one of the AHBMO solutions can achieve latency of 155 ms and
energy consumption of 81 kJ while another may achieve 205 ms latency and energy
consumption of 62 kJ. The first solution may be used in applications where latency is of
utmost importance, while the second may be used in cases where energy consumption
is of utmost importance.
5.5.10 Hypervolume Comparison
Hypervolume is a metric to measure the quality of resulted Pareto fronts. Higher
hypervolume values signify better convergence and diversity. The AHBMO demonstrates
hypervolume of 0.83 in comparison to 0.61 with GA, proving a marked amelioration in
the convergence of the Pareto front as well as diversity. Such a significant hypervolume
occurs because of the adaptive search method and the memory of non-dominated
solutions present in the Pareto archive.
5.5.11 Overall Comparative Analysis
In general, the results obtained from this investigation show that AHBMO provides the
best performance based on any of the metrics used. In comparison with the GA method,
it gives a 39.9% decrease in the latency period, 35.3% decrease in energy consumption,
29.7% decrease in costs of the cloud service, and 56.5% decrease in SLA violations.
Resource utilization and throughput have increased by 18.9% and 21.1%, respectively.

The described improvements should be understood as the effect due to the
integrated architecture rather than only due to the optimization approach used in this
research. The overall result occurs as a result of interaction of four significant
mechanisms, which are:
 AI workload prediction that makes resource provisioning proactive.
 QoS-aware task classification that helps to prioritize clinically significant
workloads.
 Adaptive transmission in IoT that helps to reduce unnecessary communication
energy consumed.
 Task placement based on AHBMO that aims at finding a balance in the resource
allocation on edge-cloud infrastructure level.
Thus, the suggested approach is able to solve both computational and communication
problems related to management of telemedicine resources and services.The conclusion
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based on the received results is that the combination of IoT, edge computing, cloud
computing, AI prediction, and multi-objective optimization can provide significant
advantages over traditional approaches to the resource allocation process.

The increase in SLA compliance is extremely important because when it comes to
healthcare applications, obtaining energy efficiency or cost-effectiveness should not
compromise important patient services. The QoS-supported optimization mechanism
prioritizes the execution of emergency tasks, ensuring the utilization of appropriate
edge resources. The importance of diminishing energy consumption is emphasized
when dealing with IoT telemedicine solutions. The design of many wearable and
portable medical sensors implies having a limited capacity of batteries. Therefore,
relying on constant transmission of unnecessary data would shorten their lifespan. The
function of adaptive transmission solves the problem by providing prompt transmission
of clinically significant information while enabling the aggregation or suppression of
other unnecessary data.

The cost reduction associated with using the cloud is a demonstration of the
profitability of distributing workload across edge and cloud resources. In the case of
using a cloud-only architecture, a significant part of the healthcare workloads would be
assigned to the centralized infrastructure. The framework proposed in the current paper
assesses if a particular workload can be processed locally or at the edge before applying
cloud resources. The effectiveness of resource utilization indicates that the method
developed is capable of better allocation of workloads. Unlike some nodes being
overloaded and some others being underutilized, AHBMO chooses the best resource
configuration to achieve equity of task distribution.

The results of convergence indicate that the adaptive search algorithm can obtain
high-quality solutions faster, which is critical for dynamic environments of different
telemedicine systems since the requirements for the resources can change often. At the
same time, there is an imbalance between optimization quality and the computational
cost of using the optimization algorithm. Highly complex optimizers need extensive
computational resources themselves. As a result, further work should aim at creating
lightweight implementations of AHBMO that will find the optimal execution interval
allowing an ideal ratio between quality and cost.

It is also essential to understand that the obtained results are based on the
simulation data rather than real-world performance. Thus, the next step in this research
should involve the implementation of the entire framework and substitution of the
simulation data with the values gathered through statistical experimental measurements.
In general, the results of research confirm the assumptions suggested regarding the
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idea of using an adaptive AI-based multi-objective resource management framework in
IoT–Edge–Cloud systems to enhance the efficiency and quality of service in telemedicine
applications and reduce energy consumption and cloud resource expenses.
6. Conclusion
This article has introduced an adaptable multi-objective IoT-Edge-Cloud resource
optimization system driven by AI that is directed towards telemedicine applications
while considering their quality of service (QoS) aspects. The system that was proposed
combines IoT devices of the medical nature and gateways, enabling computing on the
edge and in the cloud along with the use of AI-based workload forecasting, adaptive
transmission of data, classification of relevant tasks in this respect and Adaptive Honey
Bee for the optimization objectives. Also, a mathematical model has been developed
with the aim of minimizing the end-to-end latency together with the cost of cloud
services and the amount of violations of the SLAs.

The AHBMO algorithm being offered is dynamically looking for solutions in
resource allocation while varying its exploration and exploitation capacity basing on the
progress it accomplished and workload variation that it operates with.The penalty
system contributes to making sure that critical healthcare tasks receive priority in their
computations. The presented framework is a complex approach to resource
management in telemedicine.

Future research will have a practical application of the framework in Python
language. It will be tested on a large scale with a varying number of patients and nodes.
The efficiency of the framework will be measured in terms of the amount of time taken
and costs incurred. Further modifications will also aim at learning others about privacy
and confidentiality in federated learning.
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