Spectrum of Engineering Sciences
ISSN (e) 3007-3138 (p) 3007-312X Volume 4, Issue 6, 2026

AN INTELLIGENT TASK SCHEDULING APPROACH FOR FOG

COMPUTING

Tuba Younas, Sana Mariyam Usman, *Imsal Shabbir Mirza,

*Salahuddin, *Hina Mohsin

"Department of Computer Science, Lahore College for Women University, Lahore.
’Department of Computer Science, University of the Punjab.
’Department of Computer Science, University of South Asia, Lahore
*Department of Computer Science, NFC Institute of Engineering and Technology, Multan,

Pakistan.

*Department of Computer Science, University of South Asia, Lahore.

B O |-

ltubayounas2020@gmail.com

Article History

Received: 12 May, 2026
Accepted: 17 June, 2026
Published: 18 June, 2026

Copyright @Author
Corresponding Author: *

Tuba Younas

Abstract

By extending cloud computing to the network's edge, fog computing is a
distributed computing paradigm that makes it possible to handle and analyze
data in real time closer to its source. However, efficient task scheduling is
necessary in fog computing optimize performance indicators such as latency,
power consumption, and resource utilization. To overcome these difficulties,
this study suggests ' Dynamic Scheduling Technique for Real-time
Applications (DSTRA) based on reinforcement learning methods. The goal
of the technique is to enhance the overall performance of fog computing
systems by lowering latency and power consumption. Using real-time
feedback from the fog nodes, DSTRA uses reinforcement learning to
dynamically modify task priorities and resource allocation. With this strategy,
the system can adjust to shifting circumstances and make the best scheduling
choices possible in a dynamic environment. To ensure that latency-sensitive
applications receive the necessary resources, tasks are prioritized based on
their importance and deadline constraints. The DSTAR algorithm is
evaluated through extensive simulations and realworld deployments,
showing a 90% to 98% improvement in efficiency across key metrics
including latency, power consumption, and overall system performance when
compared to traditional scheduling approaches. This study addresses the
critical resource needs of latency-sensitive applications by proposing a task-
prioritization framework focused on importance and deadline constraints.
We introduce the DSTRA algorithm, a robust solution for managing
heterogeneous parallel task flows under dynamic constraints. DSTRA
significantly outperforms conventional scheduling strategies. System delays
are reduced by 90% to 98% Marked improvements are observed in power
consumption and energy management, Overall resource allocation efficiency
and system performance are substantially enhanced. The results confirm
DSTAR'’s efficacy in navigating complex, uncertain environments while
maintaining optimal operational throughput.
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INTRODUCTION

The rapid advancement of technologies has led to

an influx of data, from various numerous places [1].

Cloud computing technologies can process this
data efficiently. However, the expectations of the
Internet of Things (IoT) for mobility and security
are too great for traditional cloud computing to
handle.

A form of distributed computing called fog
computing, often referred to as edge computing,
extends the possibilities and services of cloud
computing beyond the boundaries of a network. Its
goal is to provide computing, storage, and data
analysis to locations where data is produced and
required. In the context of Internet of Things (IoT)
devices, this is particularly significant since it allows
processing, real-time replies, and effective network
capacity utilization. The concept of fog computing
addresses some of the limitations often associated
with cloud computing, in scenarios that require
latency and optimal of network
bandwidth.

Furthermore, working on the diversity of fog
scalability comes as a challenge in large-scale Fog

utilization

environments with diverse & numerous devices. A
key problem in cloudfog designs is task
management. Making the best use of cloud-fog
resources to improve a number of qualitative
metrics, including processing latency, energy
consumption, execution time, and operating costs,
is a crucial problem. In a fog environment,
appropriate task scheduling lowers expenses and
delays in processing and communication. Finding
the most effective scheduling technique is one of
the challenges faced by researchers [2].

Developing intelligent task scheduling algorithms
that take into account variables like node
availability, workload, latency requirements, and
resource limits is necessary to address task
management problems and guarantee effective job
execution in fog computing.

Use predictive analytics to anticipate resource
demands and schedule tasks accordingly. The
dynamic nature of the fog environment, which is
defined by various resources, variable workloads,
and mobility, makes task scheduling in fog
computing a complicated challenge. Therefore,
effective methods are required for fogcloud

resource management and job scheduling [4],[5],[6].
Numerous  strategies, such as  heuristic,
optimization,  and learning-based
techniques, have been presented to deal with this
issue.

Furthermore, the variability in task scheduling is a
significant problem associated with fog computing.
In realtime systems, when activities must be
completed as rapidly and effectively as feasible, this
problem is extremely important. In real time
applications the fastest response with greater
accuracy is required, especially for sensitive data.
The goal of fog computing is to improve data
processing, intelligence, and accumulation nearer
to edge devices. DSTRA help to minimize latency.
Intelligent task scheduling is a crucial component
in fog computing systems, as it aims to address
these challenges by leveraging advanced techniques
from the fields of artificial intelligence, machine
learning, and optimization. Current methods fall
short in terms of energy efficiency optimization.
Fog computing environments and IoT workloads
are dynamic, existing scheduling methods are
unable to instantly adjust to these changes. DSTRA
will ‘use reinforcement learning (RL) to create a
dynamic and adaptive fog computing task
scheduling system in order to accomplish these
goals. Similar problems have been successfully
tackled by RL-based methods in dynamic, resource-
constrained contexts[9][10].

The DSTRA approach obtains the capacity to
adjust to changing circumstances by framing the
task scheduling problem as a model and teaching a
Reinforcement Learning (RL) agent to master the
ideal scheduling strategy. It targets reduced latency,
increased energy efficiency, and better resource
utilization by dynamically optimizing for several
performance parameters at once. In dynamic fog
computing environments, where conditions change
quickly, this adaptability is essential [8][9].

Creating a machine learning-driven task scheduling
system for fog computing that may exceed current
methods in terms of key performance measures is
the aim of this research. Utilizing machine learning
techniques, the suggested approach will be able to
accurately predict resource availability and job
execution durations. Dynamically assign jobs to the
bestfitting fog nodes in accordance with the

machine
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demands of the task and their existing capacities.
Optimize several goals at once, including resource
usage and latency. DSTRA ensures the system's
flexibility and scalability to adapt to the dynamic
and unpredictable conditions of fog computing
environments. The effectiveness of DSTRA was
validated through a dualpronged approach
utilizing the LEAF (Large Energy-Aware Fog)
framework. Large-scale simulations were conducted
algorithm's  scalability and
adaptability in networks comprising hundreds of
fog nodes[24]. Concurrently, controlled testbed
experiments provided empirical data on real-world
performance,  specifically =~ measuring  task
completion rates relative to deadlines, joules
consumed per operation, and the efficiency of
CPU and bandwidth allocation. This combination
of simulated scale and physical accuracy confirms
DSTRA's superiority in dynamic fog environments.
RELATED WORK

The cloud used to rule the computer industry. It
powered the digital age and processed data
remotely for years. However, a new problem
surfaced as billions of linked devices awakened at

to evaluate the

the network's edge—sensors in hospitals, cameras in
smart cities, and monitoring in industries. The
cloud was just too far away.

For applications that required immediate replies,
the latency the amount of time it took for data to
travel there and back broke the spell. A self-driving
automobile can't wait to travel all the way to a far-
off data center. While its data travels across the
internet, a health monitor cannot stop. Thus, fog
computing a layer of intelligence that is closer to
the ground and is made to process data where it
exists was created, bringing speed to the Internet of
Things.

However, this new power also brought with it a
new issue. How can you effectively and fairly
manage these dispersed resources! How can a life-
saving health monitor be prioritized over a smart
thermostat! How do you manage the conflicting
demands of workload, energy, and speed among
thousands of unexpected nodes? This is the
account of the scholars who accepted that
challenge a story of developing concepts, ingenious
algorithms, and the unwavering quest for efficiency
in a constantly changing world[3] . Initially, the

emphasis was on structure. Researchers realized
that the fog required its own rules and architecture
and could not just be an extension of the cloud.
They recognized that not every job was made equal,
particularly in vital fields like healthcare. The use
of hybrid load balancing techniques and work
scheduling algorithms has increased resource
consumption[4]. Another study, which
concentrated on scheduling deadline-sensitive tasks
using a dynamic priority queue, tackled the
problem of fulfilling stringent deadlines in
dynamic contexts [5]. Researchers sought to show
quantifiable gains in a number
performance metrics, such as shorter wait times,
fewer tasks waiting for assistance, a decreased
likelihood of delays, higher service standards, and
faster mean response times. The study used fuzzy
logic and the Analytic Hierarchy Process (AHP) to
identify the relative significance of tasks, allowing
for multi-criteria prioritization based on a variety of
pertinent aspects[5]. Building the frameworks and
queues that would bring order to an increasingly
complicated fog environment was the primary
focus in these early days. Researchers realized that
the fog required its own rules and architecture and
could not just be an extension of the cloud. They
recognized that not every job was made equal,
particularly in vital fields like healthcare. Recent
research has used sophisticated computational
methods to tackle the problems of dynamic
resource scheduling. For dynamic
scheduling tasks have been managed using
Recurrent Neural Networks (RNNs) and
Hierarchical Reinforcement Learning (HIRO),
allowing systems to adjust to sequential input and
intricate decision-making hierarchies. The authors
in [cite] provide a sustainable, energy-conscious
framework intended for fog computing settings to
supplement current methods. In order to reduce
execution mistakes and improve reliability in
resource-constrained environments, this paradigm
places a strong emphasis on the energy-efficient
execution of programs.

Additionally, a hybrid resource allocation
technique based on multiple linear regression has
been proposed due to the extremely dynamic
nature of fog environments[10]. By simulating the
connections between system variables, this method

of critical

example,
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seeks to more precisely forecast and distribute
resources. The main goal of these coupled
approaches, which make use of adaptive learning
and predictive analytics, is to greatly improve
overall system performance, especially with regard
to resource consumption, energy efficiency, and
latency reduction [17] [18].

Investigated  in of different IoT
(Internet of Things) devices, In order to lower
latency, users network access has been switched to
nearby servers via 5G-based mobile edge computing
(MEC) in which they introduce a
computational model for  Vehicular Ad Hoc
Networks (VANET) in smart city transportation [11]
[13] algorithm that operates programs in a fog
environment in an energy-aware
minimize execution mistakes [6]. Realtime task
scheduling with dynamic resource allocation is
another significant issue. [12]. Virtual fog
computing environments are employed to model
and assess performance, resource allocation, and
efficiency [17]. To solve job scheduling issues,
various approaches have been put forth, and
have further refined the heuristic
technique to increase scheduling performance[13].
Another major problem is Dynamic Resource
Allocation for Real-Time Task Scheduling [27]. For
this purpose, researchers use Virtual fog computing
environments to simulate and evaluate efficiency,
resource allocation, and performance. In the
extremely dynamic Fog environment, a hybrid
strategy based on multiple linear regression has
been utilized for resource allocation. The purpose
of this system is to enhance performance.

Some of the studies show comparisons between
different techniques, methods and optimization
algorithms to achieve performance, reduce latency,
and energy consumption of Fog Computing Model
(23] [23] [25]. To further optimize solutions, the
study investigates the concept of dynamic
offloading in flying fog computing, with the goal of
improving the performance of IoT networks that
use mobile drones [36]. A technique for work
scheduling in critical fog applications is put forth,
with a focus on activities with high computational
demands expressed in millions of instructions per
second (MIPs). This method emphasizes how
important it is to rank jobs according to their

architecture

SEIVers

manner to

academics

intrinsic value and importance in order to
guarantee the best possible use of resources and
system performance. The suggested methodology
seeks to improve scheduling efficacy in dynamic fog
computing settings by specifically taking workload
characteristics and job criticality into account[40].
A thorough task scheduling framework for cyber-
physicalsocial systems (CPSS) functioning in fog
computing infrastructures is created by expanding
this idea. The intrinsic complexity of such systems
which entail complex interactions between physical
devices, computational resources, and
elements is addressed by this paradigm. This
method integrates social dynamics and human
elements, such as user preferences and community
interactions, into the scheduling decision-making
process, in contrast to traditional scheduling
models that only
parameters[28][29].

A number of experiments and simulations are
carried out to confirm the efficacy of the suggested
multi-objective  scheduling  technique.  The
outcomes show how the framework can enhance

social

consider technical

overall system performance and flexibility in
practical situations. In particular, the results show
how this strategy can improve user experience,
system dependability, and operational efficiency for
cyber-physical-social systems used in fog computing
settings [35]. This approach marks a major
breakthrough in work scheduling for
generation distributed systems by bridging the gap
between technological optimization and human-
centric considerations [46]. Continuous efforts in
standardization and industry collaboration are
required to enable wider use of fog computing
while maintaining its security and reliability.
Proposed Technique

This research specify the elements of the proposed
algorithm, such as resource allocation, job
prioritization, and scheduling policies. DTSAR, is
flexible enough to adjust to changes in the fog
environment and is capable of efficiently managing
tasks in real time. Place a system that distributes
work in real time among nodes according to job
specifications and available Then,
routing policies that adapt to network conditions
and resource allocations are included [17] [18].
Routing policy work to make connections and links

next-

resources.
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between nodes and could send traffic to the
resources that are closest or most capable. Moving
work from overloaded to idle nodes is one of the
strategies utilized to balance the load and save
energy [19]. In order to reduce redundant data
processing and  transmission, caching and
offloading strategies has been used [31].

The proposed approach is used to validate the
study to maximize work scheduling and allocation
Architecture Diagram

Task Manager Task prigtiozation

RLMosel  ——» DSTAR Schedular

2 |
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Resource Manager

in computing environments, especially in fog
computing. It aims to dynamically adjust the
allocation of tasks to various computing resources.
The algorithm schedules and places tasks in a way
that balances the load across available resources,
ensuring that no single resource is overburdened.
This helps in maintaining system performance and
preventing bottlenecks.

Execution Queve

Implementation of DSTAR

In this research LEAF is used as a simulation tool
that is used for Large Energy- Aware Fog
Computing environments and conduct a testbed.
First get a dataset from only repositories like Kaggle
and GitHub. The dataset from smart cities was
used in this study. Several modes are being used to
create the dataset from the simulated environment.
Components are related to a smart city or IOT
(Internet of Things) scenario, where various
infrastructure and application components are
being monitored and analyzed for their power
consumption patterns.

Reinforcement Learning

Creating work scheduling algorithms in fog
computing environments seems to be a viable use
of reinforcement learning. Because fog computing
environments are very dynamic, with changing
resource availability, network circumstances, and
task requirements, reinforcement learning (RL) can
be used for dynamic adaptation. By continuously
absorbing information from the surroundings and

modifying their work scheduling decisions
accordingly, these algorithms are able to react to
these dynamic settings. They can be made to
optimize for a variety of

goals, including utilization, energy
consumption, and latency. Concurrently, resulting
in more comprehensive and successful scheduling
choices. For many applications of fog computing,
minimization of latency is an essential need.
Algorithms for scheduling that can help you to
make decisions that minimize the total delay
incurred by tasks using
reinforcement learning. Large-scale fog computing
installations can benefit from the scalability of
reinforcement learning-based algorithms, which
can be tailored to handle an increase in the
number of jobs and fog nodes. Fog computing
relies less on a centralized controller since each fog
node may learn to make scheduling decisions on its
own using local observations and interactions
thanks to its decentralized decision-making.

resource

can be created
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Algorithm used in Proposed System
Table 4: Algorithms used in this System

Name Working

Directed acyclic graph (DAG) likely a variant of the adjacency list algorithm or the
adjacency matrix algorithm

Breadth-First Search (BFS) or Depth-First Search (DFS) to iterate over the tasks
and data flows in the graph

Suggested DSTAR Algorithm likely a variant of the First-Fit algorithm or the Best-
Fit algorithm

Linear scaling algorithm likely a variant of the summing algorithm or the

Graph construction
Graph traversal
Resource allocation

Power measurement

aggregation algorithm

The algorithm used for this system is a
combination of graph algorithms and object
oriented programming.

1. Graph Construction Algorithm: The
Application class uses the networkx library to
directed acyclic graph (DAG)
representing the application. The graph is built by
adding tasks and data flows as nodes and edges,
respectively.

2. Topological Sorting Algorithm: The add
task method of the Application class checks if the
graph is a DAG using the nx.is directed acyclic
graph function. This implies that the algorithm
uses topological sorting to order the tasks and data
flows in the graph.

3. Graph Traversal Algorithm: The tasks and
data_flows methods of the Application class use
graph traversal algorithms (e.g. BFS or DFS) to
iterate over the tasks and data flows in the graph.

construct a

4. Resource Allocation Algorithm: Allocate
and deallocate methods of the Task and Dataflow
classes implement DSTAR a resource allocation
algorithm to manage the placement of tasks and
data flows on the infrastructure.

5. Power Algorithm: The
measure_power method of the Application class
calculates the total power consumption of the
application by summing the power consumption of
each task and data flow. Simple linear scaling
algorithm uses the Power Measurement class to
represent power measurements.

6. Resource allocation algorithms has been
used. to regulate link bandwidth and node
processing power, and a power measuring method
to measure the total power consumption of the
infrastructure.

Measurement
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Flowchart

[ : J (s
Simulation System Load experiment results from CSV files

In this study project, Python was utilized in Visual
Studio Code as the language and LEAF as 'the
simulation tool. An analytical modeling tool for
cloud, fog, or edge computing environments is
called LEAF It makes it possible to represent both
straightforward activities that run on a single node
and intricate application graphs on infrastructures
that are distributed, heterogeneous, and resource
constrained. LEAF is based on [NetworkX] for
modeling application graphs and [SimPy] for
discrete-event stimulation.

Simulation Result

The simulation result of the experiment is shown
in this section. This section shows a complete
comparison of DSTAR with existing system. The
comparison of both system configuration is shown
in the graph. The python script loads experiment
results from CSV files, processes the data, and
creates several types of plots using Plotly. The

into a dictionary, where each key is an experiment
name, and the value is a tuple of two Data Frames
(one for infrastructure and one for applications).
This section shows a timeline plot comparing the
power consumption of all experiments. Individual
plots for each experiment show the energy
consumption of infrastructure components and
applications over time. Simulation design is to
analyze and visualize the results of experiments that
measure energy consumption in cloud, fog, and
edge computing environments. The simulation
results reveal insightful trends in the power
consumption patterns of various infrastructure and
application components in a smart city setup.
These simulation results provide valuable insights
for optimizing power consumption and improving
the overall energy efficiency of smart city
infrastructure and applications.
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Accuracy of DSTAR with different methods
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Conclusion

The latency issues associated with traditional cloud
computing are significantly reduced by fog
computing, which processes data closer to the
source. Data travels less because of their close
proximity, which accelerates response times and
boosts overall network efficiency. Time-sensitive
applications, such as those in healthcare and smart
cities, can now operate more reliably and efficiently
thanks to the development of latency-aware
algorithms and architectures made possible by fog
computing. As research and development in this
field continue, fog computing is poised to become
an essential component of modern IoT ecosystems,
offering a dependable solution for latency
reduction and real-time data processing. . The

e
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& & & ® &
o ¢ J‘@ y
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optimal fog nodes for IoT tasks can be chosen with
the use of intelligent job scheduling algorithms,
which take into account wvariables like CPU,
accessible memory, storage, and bandwidth. This
helps to ensure that there are no bottlenecks in the
efficient management and allocation of the
Consequently, it is expected that
scheduling algorithms can reduce the time required
to process and reply by assigning latency-sensitive
IoT to fog nodes that are close to users and have
capacity available for processing orders. . This is
essential for realtime data IoT application cases.
One of the best tools for effectively managing the
diverse and complicated resources needed to run
Internet of Things applications in fog computing
settings is task scheduling.

resources.
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Thus far, job scheduling algorithms in fog
computing environments incorporating
reinforcement learning have shown great promise

in addressing three issues: latency, power
consumption, and system performance.
Latency, power consumption, and  system

performance are three concerns that the task
scheduling algorithms used in fog computing
environments with reinforcement learning have so
far demonstrated  significant potential  to
successfully meet. DSTAR intelligent scheduling
system, can quickly respond to changing conditions
in the fog network, is able to modify itself on its
own thanks to the application of reinforcement
learning. The evaluation of papers demonstrates
that schedulers based on reinforcement learning
can process feedback in real time, significantly
lowering latency. More features for dynamic load
balancing (to divide work among several fog nodes
to prevent bottlenecks during the performance of
other high priority applications) and latency-aware
scheduling (which assigns tasks a priority based on
their time sensitivity) are added to the underlying
abstractions by advanced fog
technologies. Furthermore, by doing away with the
need for a centralized coordinator, decentralized
decision-making facilitated by reinforcement
learning can help further reduce latency.

Applying the proposed method will help us to
lower the fog computing system's total power
footprint. The scheduling algorithms have
generated a thorough and efficient job execution
by concurrently taking latency, power consumption,
and other important factors into account. Fog-
based apps now benefit from increased quality of
service, enhanced user experiences, and increased
dependability. As the field of fog computing
develops, it is anticipated that the wuse of
reinforcement learning in task scheduling
algorithms will become more important.

orchestration

Reinforcement learning is a viable method for
realizing the full potential of fog computing in a
variety of sectors and applications due to its
capacity to scale to largescale installations,
optimize for various objectives, and adapt to
changing situations.

The proposed method enables the creation of

many fog nodes and linkages with different jobs
and data flows, resulting in more efficient results
while lowering latency and improving power
consumption.

REFERENCES

1. Waqas, M., & Khan, M. A. (2018). JSOPT: A
framework for optimization of JavaScript on
web browsers. Mehran University Research
Journal of Engineering & Technology, 37(1),
95-104.

2. Waqgas, Muhammd, Muhammad Atif Tahir,
and Rizwan  Qureshi. "Ensemble-based
instance relevance estimation in multiple-
instance learning." In 2021 9th European
workshop on visual information processing

(EUVIP), pp. 1-6. IEEE, 2021.

3. Shahzad, Inzamam, Jianquan Ouyang, and
Saif Ur Rehman Khan. "FedVC-ADDIM: a

federated learning framework for diagnosis of
alzheimer disease using deep learning."

Multimedia Systems 32, no. 3 (2026): 161.
https://doi.org/10.1007/500530-026-02229-6
4. Khan, SU.R,, Asif, S., Bilal, O. et al. Lead-
cnn:  lightweight  enhanced
reduction convolutional neural network for
brain tumor classification. Int. . Mach. Learn.
& Cyber. (2025).
https://doi.org/10.1007/s13042-025-02637-6.
5. Khan, S.U.R., Zhao, M. & Li, Y. Detection of
MRI brain tumor using residual skip block
based modified MobileNet model. Cluster
Comput 28, 248 (2025).
https://doi.org/10.1007/s10586-024-04940-3
6. Hekmat, A., et al., Brain tumor diagnosis
redefined: Leveraging image fusion for MRI
enhancement classification. Biomedical Signal
Processing and Control, 2025. 109: p. 108040.
7. Khan, M.A., Khan, SU.R. & Lin, D.
Shortening surgical time in high myopia
treatment: a randomized controlled trial
comparing non-OVD and OVD techniques in
ICL implantation. BMC Ophthalmol 25, 303
(2025). https://doi.org/10.1186/512886-025-
041353
8. Ishfaque, Muhammad, Saif Ur Rehman Khan,
and  Yulong Lou. '"Digitizing Health
Monitoring in Engineering Structures Using
Deep Learning: A Novel Block Architecture

dimension

https://thesesjournal.com

| Younas et al., 2026 |

Page 1951


https://doi.org/10.1007/s13042-025-02637-6
https://doi.org/10.1007/s10586-024-04940-3
https://doi.org/10.1186/s12886-025-04135-3
https://doi.org/10.1186/s12886-025-04135-3
https://portal.issn.org/resource/ISSN/3006-7030
https://portal.issn.org/resource/ISSN/3006-7030

Spectrum of Engineering Sciences
ISSN (e) 3007-3138 (p) 3007-312X

Volume 4, Issue 6, 2026

for Concrete Crack Prediction in Surface and

Sub-surface Dataset." Journal of Bionic

transformer."  Neural = Computing and

Applications 36, no. 12 (2024): 6659-6680.

Engineering (2026): 1-23. 17. Hekmat, Arash, Omair Bilal, Zuping Zhang,

9. Khan, Saif Ur Rehman, Asif Raza, Inzamam Saif Ur Rehman Khan, and Sohaib Asif.
Shahzad, and Ghazanfar Ali. "Enhancing "FRE-Net: A Fuzzy Richards Functions-Based
concrete and pavement crack prediction Ensemble Network for Brain Tumor
through hierarchical feature integration with Detection." Journal of Bionic Engineering
VGG16 and triple classifier ensemble." In (2026): 1-23.

2024 Horizons of Information Technology 18. Ur Rehman Khan, Saif, Omair Bilal, Arash
and Engineering (HITE), pp. 1-6. IEEE, 2024. Hekmat, Inzamam Shahzad, and Asif Raza.

10. Khan, S. U. R., & Khan, Z. (2025). Detection "Advancing food safety: deep learning for
of Abnormal Cardiac Rhythms Using Feature accurate detection of bacterial contaminants."
Fusion Technique with Heart Sound Memetic Computing 18, no. 1 (2026): 11.
Spectrograms. Journal of Bionic Engineering, 19. Mayumu, Nicanor, Xiaoheng Deng, Antoine
1-20. Bagula, and Patrick Mukala. "V2XJEPA: Self-

11. Waqgas, Muhammad, Syed Umaid Ahmed, Supervised Multi-Agent Joint Embedding
Muhammad Atif Tahir, Jia Wu, and Rizwan Predictive Architecture for Robust Vehicle-to-
Qureshi.  "Exploring multiple instance Everything Perception." IEEE Internet of
learning (MIL): A brief survey." Expert Things Journal (2026).

Systems with Applications 250 (2024): 123893.  20. Waqas, Muhammad, Muhammad Atif Tahir,

12. AlKhasawneh, Mahmoud Ahmad, Asif Raza, and Salman A. Khan. "Robust bag
Saif Ur Rehman Khan, and Zia Khan. "Stock classification approach for multi-instance
Market Trend Prediction Using Deep learning via subspace fuzzy clustering." Expert
Learning Approach." Computational Systems with Applications 214 (2023): 119113.
Economics (2024): 1-32 21. ‘Bilal, Omair, Arash Hekmat, Inzamam

13. Waqgas, Muhammad, Zeshan Khan, Shaheer Shahzad, Asif Raza, and Saif Ur Rehman
Anjum, and Muhammad Atif Tahir. "Lung- Khan. "Boosting Machine Learning Accuracy
Wise Tuberculosis Analysis and Automatic for Cardiac Disease Prediction: The Role of
CT Report Generation with Hybrid Feature Advanced Feature Engineering and Model
and Ensemble Learning." In CLEF (Working Optimization." The Review of Socionetwork
notes), pp. 1-10. 2020. Strategies (2025): 1-30.

14. Khan, Muhammad Ahmed, Mangiang Peng, 22. Khan, Saif Ur Rehman, Muhammad Nabeel
Ding Lin, and Saif Ur Rehman Khan. "Deep Asim, Sebastian Vollmer, and Andreas Dengel.
Learning Based Estimation of Blood Glucose "Temperature-driven robust disease detection
Levels from Multidirectional Scleral Blood in brain and gastrointestinal disorders via
Vessel Imaging." arXiv preprint context-aware adaptive knowledge distillation."
arXiv:2603.12715 (2026). Biomedical Signal Processing and Control 112

15. Khan, Saif Ur Rehman, Muhammad Nabeel (2026): 108671.

Asim, Sebastian Vollmer, and Andreas Dengel. 23. Khan, S. U. R,, Asif, S., Zhao, M., Zou, W., Li,
"FloraSyntropy-net: scalable deep learning with Y., & Xiao, C. (2026). ShallowMRI: A novel
novel FloraSyntropy archive for large-scale lightweight CNN with novel attention
plant disease diagnosis." Plant Methods (2026). mechanism  for Multi  brain  tumor

16. Wagas, Muhammad, Muhammad Atif Tahir, classification in MRI images. Biomedical
Sumaya Al-Maadeed, Ahmed Bouridane, and Signal Processing and Control, 111, 108425.
Jia Wu. "Simultaneous instance pooling and 24. A. Raza, Salahuddin, S. Latif, and G. Alj,
bag representation selection approach for “Refine Security Control Protocols for Block
multiple-instance learning (MIL) using vision chain in Textile Industry Supply Chain

https://thesesjournal.com | Younas et al., 2026 | Page 1952


https://portal.issn.org/resource/ISSN/3006-7030
https://portal.issn.org/resource/ISSN/3006-7030

Spectrum of Engineering Sciences
ISSN (e) 3007-3138 (p) 3007-312X

Volume 4, Issue 6, 2026

Management”, VFAST trans. softw. eng., vol.
14, no. 2, pp. 62-80, Apr. 2026.

. Bilal, O., Hekmat, A., Shahzad, 1. et al

Boosting Machine Learning Accuracy for

25. Khan, U. S., & Khan, S. U. R. (2025). Ethics Cardiac Disease Prediction: The Role of
by Design: A Lifecycle Framework for Advanced Feature Engineering and Model
Trustworthy Al in Medical Imaging From Optimization. Rev Socionetwork Strat (2025).
Transparent Data Governance to Clinically https://doi.org/10.1007/s12626-025-00190-w
Validated  Deployment.  arXiv  preprint 33. Asif Raza, Inzamam Shahzad, Ghazanfar Ali,
arXiv:2507.04249. and Muhammad Hanif Soomro. "Use

26. Waqgas, Muhammad, Muhammad Atif Tahir, Transfer Learning VGG16, Inception, and
and Rizwan Qureshi. "Deep Gaussian mixture Reset50 to Classify IoT Challenge in Security
model based instance relevance estimation for Domain via Dataset Bench Mark." Journal of
multiple instance learning applications." Innovative ~ Computing and  Emerging
Applied intelligence 53, no. 9 (2023): 10310- Technologies 5, no. 1 (2025).

10325. 34. Khan, Z,, Khan, S. U. R,, Bilal, O., Raza, A,,

27. Khan, S. U. R., Rehman, H. U., & Bilal, O. & Ali, G. (2025, February). Optimizing
(2025).  Alpowered cancer diagnosis: Cervical Lesion Detection Using Deep
classifying viable (live) vs non-viable (dead) Learning with Particle Swarm Optimization.
cells using transfer learning. Signal, Image and In 2025 6th International Conference on
Video Processing, 19(15), 1326. Advancements in Computational Sciences

28. Khan, S. U. R, Asif, S., Zhao, M., Zou, W., Li, (ICACS) (pp. 1-7). IEEE.

Y., & Xiao, C. (2026). ShallowMRI: A novel 35. Waqgas, Muhammad, Zeshan Khan, Shaheer
lightweight CNN with novel attention Anjum, and Muhammad Atif Tahir. "Lung
mechanism  for Multi  brain  tumor Wise Tuberculosis Analysis and Automatic
classification in MRI images. Biomedical CT Report Generation with Hybrid Feature
Signal Processing and Control, 111, 108425. and Ensemble Learning." In CLEF (Working

29. Khan, M. A., Khan, S. U. R., Rehman, H. U., notes), pp. 1-10. 2020.

Aladhadh, S., & Lin, D. (2025). Robust 36. Khan, S. U. R, Asif, S., Zhao, M., Zou, W., &
InceptionV3 with Novel EYENET Weights Li, Y. (2025). Optimize brain tumor multiclass
for Di-EYENET Ocular Surface Imaging classification with manta ray foraging and
Dataset: Integrating Chain Foraging and improved  residual  block  techniques.
Cyclone Aging Techniques. International Multimedia Systems, 31(1), 1-27.

Journal of Computational Intelligence 37. Asif Raza, Salahuddin, Ghazanfar Alj,
Systems, 18(1), 1-26. Muhammad Hanif Soomro, Saima Batool,

30. Wagas M, Bandyopadhyay R, Showkatian E, "Analyzing the Impact of Artificial Intelligence
Muneer A, Zafar A, Alvarez FR, Marin MC, Li on Shaping Consumer Demand in E-
W, Jaffray D, Haymaker C, Heymach J. The Commerce: A Critical Review", International
Next Layer: Augmenting Foundation Models Journal of Information Engineering and
with  Structure-Preserving and Attention- Electronic Business(IJIEEB), Vol.17, No.5, pp.
Guided Learning for Local Patches to Global 42-61, 2025. DOI:10.5815/ijieeb.2025.05.04
Context Awareness in Computational 38. Khan, M. A., Khan, S. U. R,, Rehman, H. U,,
Pathology. arXiv preprint arXiv:2508.19914. Aladhadh, S.,, & Lin, D. (2025). Robust
2025 Aug 27. InceptionV3 with Novel EYENET Weights for

31. Shahzad, Inzamam, Asif Raza, and Di-EYENET Ocular Surface Imaging Dataset:
Muhammad Wagqas. "Medical Image Retrieval Integrating Chain Foraging and Cyclone
using Hybrid Features and Advanced Aging Techniques. International Journal of
Computational Intelligence  Techniques." Computational Intelligence Systems, 18(1),
Spectrum of engineering sciences 3, no. 1 204.

(2025): 22-65.
https://thesesjournal.com | Younas et al., 2026 | Page 1953


https://doi.org/10.1007/s12626-025-00190-w
https://portal.issn.org/resource/ISSN/3006-7030
https://portal.issn.org/resource/ISSN/3006-7030

Spectrum of Engineering Sciences
ISSN (e) 3007-3138 (p) 3007-312X

Volume 4, Issue 6, 2026

39. Raza, Asif, Inzamam Shahzad, Muhammad 47. Mahmood, F., Abbas, K., Raza, A., Khan,M.A.,
Salahuddin, and Sadia Latif. "Satellite Imagery & Khan, P.W. (2019 ). Three Dimensional
Employed to Analyze the Extent of Urban Agricultural Land Modeling using Unmanned
Land Transformation in The Punjab District Aerial System (UAS). International Journal of
of Pakistan." Journal of Palestine Abhliya Advanced Computer Science and
University for Research and Studies 4, no. 2 Applications (IJACSA) [p-ISSN : 2158-107X, e-
(2025): 17-36. ISSN : 2156-5570], 10(1).

40. Khan, S. U. R., Asif, S., Zhao, M., Zou, W., Li, 48. HUSSAIN, S., Raza, A.,, MEERAN, M. T,
Y., & Li, X. (2025). Optimized deep learning IJAZ, H. M., & JAMALI, S. (2020). Domain
model for comprehensive medical image Ontology Based Similarity and Analysis in
analysis across multiple modalities. Higher Education. IEEEP New Horizons
Neurocomputing, 619, 129182. Journal, 102(1), 11-16.

41. Khan, Saif Ur Rehman, Asif Raza, Inzamam 49. Hekmat, A., Zuping, Z., Bilal, O., & Khan, S.
Shahzad, and Shehzad Khan. "Subcellular U. R. (2025). Differential evolution-driven
Structures  Classification in Fluorescence optimized ensemble network for brain tumor
Microscopic  Images." In  International detection. International Journal of Machine
Conference on Computing & Emerging Learning and Cybernetics, 1-26.

Technologies, pp. 271-286. Cham: Springer 50. Raza, A., & Meeran, M. T. (2019). Routine of
Nature Switzerland, 2023. Encryption in Cognitive Radio Network.

42. Magsood, H., & Khan, S. U. R. (2025). MeD- Mehran University Research Journal of
3D: A Multimodal Deep Learning Framework Engineering and Technology [pISSN: 0254-
for Precise Recurrence Prediction in Clear 7821, eISSN: 2413-7219], 38(3), 609-618.
Cell Renal Cell Carcinoma (ccRCC). arXiv 51. Meeran, M. T., Raza, A., & Din, M. (2018).
preprint arXiv:2507.07839. Advancement in GSM Network to Access

43. Raza, Asif, Salahuddin, & Inzamam Shahzad. Cloud Services. Pakistan Journal of
(2024). Residual Learning Model-Based Engineering, Technology & Science [ISSN:
Classification of COVID-19 Using Chest 2224-2333], 7(1).

Radiographs.  Spectrum of Engineering 52. Bilal, O., Hekmat, A., & Khan, S. U. R.
Sciences, 2(3), 367-396. (2025). Automated cervical cancer cell

44. Khan, S. U. R. (2025). Multilevel feature diagnosis via grid search-optimized multi-CNN
fusion network for kidney disease detection. ensemble networks. Network Modeling
Computers in Biology and Medicine, 191, Analysis in  Health  Informatics and
110214. Bioinformatics, 14(1), 67.

45. Salahuddin, Syed Shahid Abbas, Prince 53. Raza, Asif , Soomro, M. H., Shahzad, 1., &
Hamza Shafique, Abdul Manan Razzaq, & Batool, S. (2024). Abstractive  Text
Mohsin Ikhlaq. (2024). Enhancing Reliability Summarization for Urdu Language. Journal of
and Sustainability of Green Communication Computing & Biomedical Informatics, 7(02).
in Next-Generation Wireless Systems through 54. M. Wajid, M. K. Abid, A. Asif Raza, M.
Energy Harvesting. Journal of Computing & Haroon, and A. Q. Mudasar, “Flood
Biomedical Informatics. Prediction System Using IOT & Artificial

46. S. U. R. Khan, A. Raza, I. Shahzad and G. Alj, Neural Network”, VFAST trans. softw. eng.,
"Enhancing Concrete and Pavement Crack vol. 12, no. 1, pp. 210-224, Mar. 2024.
Prediction through Hierarchical Feature 55. N. Mayumu, D. Xiaoheng, P. Mukala, S. U. R.
Integration with VGG16 and Triple Classifier Khan and M. U. Saeed, "Omni-V2X: A Vision-
Ensemble," 2024 Horizons of Information Language Model for Actionable Insights in
Technology and Engineering (HITE), Lahore, Vehicle-to-Everything Systems," 2025
Pakistan, 2024, pp. 1-6. International Joint Conference on Neural

https://thesesjournal.com | Younas et al., 2026 | Page 1954


https://portal.issn.org/resource/ISSN/3006-7030
https://portal.issn.org/resource/ISSN/3006-7030

Spectrum of Engineering Sciences
ISSN (e) 3007-3138 (p) 3007-312X

Volume 4, Issue 6, 2026

56.

Networks (IJCNN), Rome, Italy, 2025, pp. 1-8,
doi: 10.1109/TJCNN64981.2025.11228491.

Wagqas, M., Vierra, C., Kaplan, D. L, &
Othman, S. (2019). Feasibility of low field
MRI and proteomics for the analysis of tissue

engineered bone. Biomedical Physics &
Engineering Express, 5(2), 025037.

64.

Ensemble," 2024 Horizons of Information
Technology and Engineering (HITE), Lahore,
Pakistan, 2024, Pp. 1-6, doi:
10.1109/HITE63532.2024.10777242.

Ishfaque, M., Khan, S. U. R,, & Lou, Y. L.
(2026). Towards efficient dam inspection:
crack detection via chirplet transform feature

57. Khan, S. R., Asif Raza, Inzamam Shahzad, & and a pruned VGGI16 architecture. Memetic

Hafiz Muhammad Ijaz. (2024). Deep transfer Computing, 1&1), 9.
CNNs models performance evaluation using 65. S. Ur Rehman Khan, O. Bilal, S. Mistry, N.
unbalanced histopathological breast cancer Deb, M. Mahmud and M. Bhuyan, "KDLight:
dataset. Lahore Garrison University Research A Lightweight Knowledge Distillation
Journal of Computer Science and Information Framework for Medical Image
Technology, 8(1). Classification," 2025 International Joint

58. M. Wagqas, Z. Khan, S. U. Ahmed and Asif. Conference on Neural Networks ([JCNN),
Raza, "MIL-Mixer: A Robust Bag Encoding Rome, Italy, 2025, pp. 1.8, doi:
Strategy for Multiple Instance Learning (MIL) 10.1109/1JCNN64981.2025.11228615.
using MLP-Mixer," 2023 18th International 66. Khan, S. U. R, & Lee, H. (2026). Deep
Conference on Emerging Technologies (ICET), Learning-Based Liver Tumor Segmentation: A
Peshawar, Pakistan, 2023, pp. 22-26. Scoping. Convergence, 2(1), 29-55.

59. S. ur R. Khan, Asif. Raza, Muhammad 67. Bilal, O., Hekmat, A., Khan, S. U. R., Raza,
Tanveer Meeran, and U. Bilhaj, “Enhancing A., & Ali, G. (2025, December). MS-STO-Net:
Breast Cancer Detection through Thermal A Multi-Scale State Transition Optimization-
Imaging and Customized 2D CNN Based Ensemble Network for Accurate White
Classifiers”, VFAST trans. softw. eng., vol. 11, Blood Cell Classification. In 2025 27th
no. 4, pp. 80-92, Dec. 2023. International Multitopic Conference

60. Yang, H., Khan, S. U. R,, Bilal, O., Chen, C,, (INMIC) (pp. 1-6). IEEE.

& Zhao, M. (2025). CEOENet: Chaotic 68. O. Bilal, S. Ur Rehman Khan, S. Mistry, N.
Evolution Algorithm-Based Optimized Deb, M. Mahmud and M. Bhuyan, "Towards
Ensemble Framework Enhanced with Dual- Efficient Pruning and Multi-Scale Feature
Attention for Alzheimer’s Transformations to  Uncover  Medical
Diagnosis. Computer  Modeling  in Diseases," 2025  International  Joint
Engineering & Sciences, 14X2), 2401. Conference on Neural Networks ([JCNN),

61. Chomba, B., Mukala, P, Mayumu, N., & Rome, Italy, 2025, pp. 18, doi:
Khan, S. U. R. (2025). DynaKG: Dynamic 10.1109/1JCNN64981.2025.11229047.
Knowledge Graph Attention With Learnable 69. Khan, S. U. R., Zhao, M., Tang, F., Li, Y., Xiao,
Temporal Decay for Recommendation. /EEE C., & Li, X. (2026). Lightweight medical
Access, 13, 216956-216970. diagnosis  via  uncertainty-aware  fuzzy

62. O. Bilal, Asif Raza, S. ur R. Khan, and knowledge  distillation.  Neurocomputing,
Ghazanfar Ali, “A Contemporary Secure 134093.

Microservices Discovery Architecture with 70. N. Mayumu, X. Deng, A. Bagula, S. u. R.
Service Tags for Smart City Infrastructures ”, Khan and P. Mukala, "V2XJEPA: Self-
VFAST trans. softw. eng., vol. 12, no. 1, pp. Supervised Multi-Agent Joint Embedding
79-92, Mar. 2024 Predictive Architecture for Robust Vehicle-to-

63. S.U. R. Khan, A. Raza, 1. Shahzad and G. Alj, Everything Perception," in [EEE Internet of
"Enhancing Concrete and Pavement Crack Things Journal, doi:
Prediction through Hierarchical Feature 10.1109/J10T.2026.3660030.

Integration with VGG16 and Triple Classifier
https://thesesjournal.com | Younas et al., 2026 | Page 1955


https://portal.issn.org/resource/ISSN/3006-7030
https://portal.issn.org/resource/ISSN/3006-7030

Spectrum of Engineering Sciences
ISSN (e) 3007-3138 (p) 3007-312X

Volume 4, Issue 6, 2026

71. Khan, S. R., Raza, A., Waqas, M., & Raphay

Zia, M. A. (2024). Efficient and Accurate
Image Classification via Spatial Pyramid
Matching and SURF Sparse Coding. Lahore
Garrison University Research Journal of
Computer  Science  and  Information

Technology, 7(4).

72. Shahzad, Inzamam, Asif Raza, Hasaan

Magsood, Saif Ur Rehman Khan, and
Ghazanfar Ali. "Towards Robust Breast Cancer
Diagnosis: A Hybrid Deep Learning Ensemble
Framework." In 2025 Horizons of Information
Technology and Engineering (HITE), pp. 1-6.
IEEE, 2025.

https://thesesjournal.com

| Younas et al., 2026 |

Page 1956


https://portal.issn.org/resource/ISSN/3006-7030
https://portal.issn.org/resource/ISSN/3006-7030

	INTRODUCTION
	RELATED WORK
	Reinforcement Learning
	Algorithm used in Proposed System


