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scalability is achieved, and multi-tenancy and
variability of workload have prevailed, is an
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Virtual clouds need intelligent task scheduling systems because their limited resources become more efficient
through workload-based scheduling strategies. Fuzzy logic systems offer the best solutions for handling tasks
in cloud computing because they can deal with uncertain situations and changing workloads and resources.
The integration of heuristic interpolated models and machine learning algorithms achieves optimized task
scheduling while distributing resources evenly and shortening execution duration. Machine learning uses
supervised learning to predict resources and reinforcement learning to adjust decisions, helping to construct
flexible and accurate execution patterns. An improved version of fuzzy logic contains smart scheduling
functionality that adapts priority settings based on both mission-dependent needs along external operational
factors such as execution period and urgency level, as well as system resources and system utilization.
Enhanced fuzzy logic systems (EFLS) is one of the models used in the research to automatically change
schedules based on environmental factors and changes in job demand. The system constructs exhaustive
membership functions that show overlapping job priority areas and limits on resources using its method. The
system contains four major modules consisting of submission tracking, resource monitoring alongside
predictive capabilities, and optimized decision management that permits real-time capability. The
performance assessments reveal significant positive outcomes in all three areas: makespan, task completion
rates, and resource utilization as compared to conventional methods. The method demonstrates how
virtualized cloud systems can implement scalable, efficient, adaptive task management.

Virtual-based cloud environments face two main
challenges: varied workloads, differing resource
types, and task dependencies between resources. The
accuracy of decision-making improves when neural
networks and Random forests from machine learning
methods gain increasing utilization for resource need

in a virtual cloud
where the cluster is virtualized,

important way to utilize resources. The sociology and
cloud behavior dynamics suggest potential for
improved scheduling frameworks to adapt to
economic conditions and challenges in a competitive
cloud market. The standard scheduling techniques
that operate based on fixed rules show deficiencies
when resource types and workloads require
adjustments. Virtual-based cloud environments
require task scheduling operations to distribute
computational tasks across VMs to achieve optimal
resource utilization as well as energy efficiency while
maximizing makespan and task completion rate.
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predictions as well as execution duration predictions
(Zhang et al.,, 2021). Operational efficiency and
resource productivity grow through implementing
flexible decisions about job scheduling strategies.
Artificially intelligent fuzzy logic systems, together
with machine learning techniques, serve this purpose.
Implementations that unite improved fuzzy logic with
ML surpass traditional application methods because
they deliver multiple advantages. The analysis of
historical data by ML models helps to predict job
execution times, which leads to proactive resource
allocation (Gupta et al, 2023). Classification
algorithms priorities jobs, while regression-based
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models forecast resource usage. For precise schedule
optimization, advanced fuzzy logic systems use
environmental data, deadline limits, and real-time
resource availability. The hybrid method balances
efficiency and justice by assigning critical tasks to
resources without overburdening them. A major
benefit of the hybrid architecture is its energy
efficiency. The cloud data center's high energy usage
has financial and environmental consequences. The
system applies ML predictions together with fuzzy
logic rules to decrease resource disuse and select the
right resources for each task (Chen et al., 2022).

The reduction of energy consumption occurs
because energy-aware scheduling algorithms use
real-time energy profiles from resources as part of
their decision-making process. The suggested
framework adopts dynamic approaches to operational
changes, whereas static systems use established
criteria exclusively to operate. Using fuzzy logic
systems along with machine learning models allows
for flexible changes in priority levels and can predict
delays during busy times, helping with replacing
resources. The adaptable nature of this system
ensures high completion rates when task uncertainties
exist, and this creates substantial stability
improvements (Rahman et al, 2021). The
implementation of scheduling systems using
combinations of ML and fuzzy logic generates
important advantages, though it comes with certain
implementation challenges. Table processing speed
rises due to both sophisticated ML model design and
massive training data needs. The development of
fuzzy logic rules needs knowledge about the domain
together with continuous modifications to capture
actual situations accurately. New developments in
automatic fuzzy rule generation together with ML
model optimization have effectively reduced this
challenge (Li, Y., and Wang, T, 2023). The paper
helps exploration scheduling by looking at smart
scheduling methods that use fuzzy logic along with
machine learning. The recent development
demonstrates the outstanding capacity for dynamic
cloud system employment because test results
indicate it boosts resource utilization while
decreasing energy usage while upholding task
execution timing guarantees.

2 RELATED WORKS

In Saad et al., (2023). the authors translated K-Means
clustering through fuzzy logic for the effective
organization of fog mnodes by their resource
characteristics and workload patterns. The arrived-at

method distributes work in real time by linking K-
means clustering to fuzzy logic and fuzzy logic
adaptability. Their approach demonstrated how
distributed job placement to fog nodes using machine
learning generated decreased execution times and
reduced response times and network utilization rates.
Thus, extensive testing confirms that the proposed
solution results successful in being versatile in
changing fog scenarios. The time-consuming VM
work cluster detection, but we the entire process is
very efficient. They developed and evaluated their
proposed approach using iFogSim. It shows
distinguished improvements in comparison to
machine learning and non-ML-based scheduling
methods inside the iFogSim framework in terms of
response time, execution time, and lesser network
utilization in the simulation results. In Thapliyal et al.,
(2024), authors proposed an optimized approach
based on fuzzy logic (FL) and best-fit-decreasing
(BFD) for job scheduling process in a cloud
computing environment. They all play into making
FL-BFD worthy of your time, money, power, and
resources. The FL-BFD reallocates the cloud VMs
by the user demand. We find it important to leverage
the FL capabilities to deal with uncertainty and
missing information to properly provision the
needed with what the user requires in the BFD for
properly provisioning VMs. The proposed FL-BFD
inspects multiple factors including makespan,
computational time, degree of imbalance, power
consumption, and SLA violations. Output: FL-BFD
has the longest makespan of 9.2 ms among 1000
jobs, compared to IWHOLF-TSC and MCT-PSO.
The authors of Radhika, D (2022) presented a
cloud dynamic task scheduling in which they consider
big data analysis processing in the cloud
environment. They employed multiple methods,
including a machine learning classifier and an
optimization approach. For classification of various
virtual machine tasks, they use a machine-learning
classifier known as a Support Vector Machine
(SVM). Using this classifier, we can effectively
reduce makespan and execution time when
classifying incoming requests. They also assigned the
classified job using moth flame optimization to the
SVM classifier. This proposed system is used to:
classify the virtual machine (VMs) tasks and
evaluate decision make methodology for the
resources allocation. The proposed method showed
that the make-span time may be reduced, while load
balancing may also seem beneficial according to their
work, which they tested in a cloud modeling
environment to improve VM classification. Iin Alam
et al.,, (2021), the authors introduce a new static
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homogeneity task assignment (ESTA) approach
aimed at optimizing average utilization. Handling of
jobs should therefore be done with efficient allocation
of tasks between the available resources and to
prevent scheduling algorithm challenges. ESTA
algorithm uses the shortest completion time method.
ESTA intelligently maps batches of independent
tasks (cloudlets) on the top of heterogeneous virtual
machines in the [aaS cloud computing to optimize the
use of virtual machines. The performance of ESTA is
analysed  against Min-Min,LBSM,LJFR-SJFR,
Sufferage, MCT, MET, and OLB using simulation
study in terms of make span, utilization, and response
time to identify the strengths and weaknesses of
ESTA. In Gong et al., (2024), authors also discussed
importance of deep reinforcement learning and
machine learning in optimizing virtual machine
migrations and managing resources of cloud. Deep
reinforcements learning and other machine learning
techniques are effective for optimizing embodied
intelligence, dynamic resource management, and
environment recognition. All of this is possible
because of their adaptability, policy creation and
forecasting capabilities. Through cloud computing,
organizations using cloud services can optimize
resource utilizations, reduce power consumption, and
improve quality of service delivered, enabling them
to benefit from these technologies.

3 MATERIALS AND METHODS

The enhanced fuzzy logic functions with machine
learning (ML) technique, enable maximum output of
resources usage within virtual cloud environments
using the dynamic task scheduling system proposed
in Figure 1. a Problem solving before execution:
execution time prediction, resource need prediction
and wait time prediction in workflow through
applying machine learning models within a system.
Work urgency, system load, and resources
availability are factors that determine the fuzzy logic
adaptation in scheduling priority. Associated task-to-
resource assignments are obtained through the use of
flexible rules and predictive analytics that address
resource consumption with respect to its constraints
while meeting job deadlines and feasibility
requirements. The proposed solution comprises a data
preprocessing module, ML prediction engine, fuzzy
logic scheduler, and a performance monitoring unit.
When applied to a traditional scheduling approach, it
dramatically improves energy efficiency and job
completion ratios. With this intelligent, scalable
solution, we enable consistent, safe, and efficient
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management of complex application workloads
across agile cloud environments built on OpenShift
data to provide a magnificent experience.

3.1 Data Preprocessing Module

It cleans and normalizes the raw input data while
encoding it making it ready for analysis. Data points
for resource measurement status (CPU, memory, etc)
and relevant task properties, e.g. priorities and
deadline, are controlled by the system. Dynamic task
scheduling in virtual cloud environments relies on
effective allocation of tasks to resources. This process
is used to ensure the system is making the best use of
its resources, prioritizing tasks, and responding well
to requests, among other things.

Raw data Data Preprocessing

module

ML-Based Prediction
Engine

Enhanced Fuzy
Logic System

Fuzzy Logic Scheduler

Performance Monitor

Results

Figure 1: Proposed Dynamic Task Scheduling Framework.

Enhanced fuzzy logic systems improve
scheduling by analyzing work requirements and
adjusting task priorities on the fly. Simultaneously,
ML models predict the duration of each task and the
required resources.

{1, if task T; is assigned to resource R;
Xi: =
Y 0, otherwise

(1)
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Activities and resources placed in a dynamic
virtual cloud environment are described by certain
criteria to support optimal scheduling. A task (Ti) is
defined by a set of attributes: its central processing
unit (cpui), memory (memi), priority (pi) and
deadline (di). Task execution time and resource
allocation can also be dictated by the size,
complexity, and interdependence of the tasks. Also
important are the maximum consumed CPU (Cj),
memory (Mj), and energy consumption rate (Ej) for
each resource (Rj). You: Being fast at a low price is
nice, but the number of available storage, availability,
and bandwidth also affect how the system will
perform under a variety of loads. Task-to-resource
mapping achieves its objectives based on an
analytical approach taking into consideration the
reduction of wait time and optimization of efficiency
while maintaining the energy constraints. Real-time
workload needs require flexible solutions to be
implemented with advanced fuzzy logic and artificial
intelligence techniques to be deployed effectively
without compromising scalability. Activities, and
resources in a dynamic virtual cloud surrounding are
described with the help of certain features for
facilitating optimal scheduling. Each task (Ti) has
associated factors such as central processing unit
(cpui), memory (memi), priority (pi), and deadline
(di). The execution time {@link Measured Execution
Type #execution Time()} and resource allocation
{@link Measured Execution Type #resource
Allocation()} of tasks can also depend upon their size,
complexity, and interdependence. For each resource
(Rj), the maximum CPU (), memory (), and energy
consumption rate (Ej) are equally important. On the
other hand, more storage, availability, and network
bandwidth impact the system's performance under
varying workloads. Both task-to-resource mapping
achieves its  objectives through analytical
consideration of waiting time reduction and
efficiency optimization in addition to energy
constraint management. Real-time  workload
demands adaptive solutions that require enhanced
fuzzy logic and machine learning techniques for
scalability and efficiency.

Masx: R = Y7Ly By xij.(cpug+memy) )
ZL (cpupr e +memye)

Min:M = m}ax(Z?ﬂ Xij Toxe (Tu R;)) Q)

Min: E = Y%, Yisy xi5. E; @

Max:P = Z;'n=127i1=1xij-pi ©)

Virtual cloud environments need multiple
fundamental requirements which ensure resource
efficiency and on-time task completion and maintain
system reliability. The four types of resource
constraints represent some of the key restrictions
within dynamic virtual cloud scheduling systems.

3.2 Resource Constraints

Virtual machines and other resources have limited
CPU, memory, and storage space.

mjr_nax
(6)

where x; is a binary variable indicating task-
resource assignment.

n max n
Yie1Xij cpu; < cpuj ) Die1 Xij .mem; < me

Task Deadline Constraint: Timely completion of
tasks is essential (d;). With a resource (R)) and a task
(Ty), For each task, we allocate a single resource:

Tstart(Ti' Rj) + Texec (Ti' Rj) < di (7)

Task Assignment Constraint: Each task is
assigned to one and only one resource:

Yt xij=1,Vi (3)
3.3 Feasibility Constraint

To allocate resources, they must meet the conditions
for task execution. If resource R; is unable to meet T;
needs, then x; equals zero. To predict execution
timing and resource requirements, machine learning
models accept these described attributes.

3.4 ML-Based Prediction Engine

The following task and resource attributes are fed into
ML models to predict when a task will need to be
executed and how many resources will be needed:

Texe(Ti' Rj) = f(cpui’memi’Rj)) ©

where f is an ML model (e.g., Random Forest, Neural
Network) trained on historical data.

Uprea (Rj) = g(task attributes, current resource state)

(10)

where g is an ML regression model predicting
resource usage trends.
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3.5 Enhanced Fuzzy Logic System
Scheduler

The scheduling system adjusts task priorities while
allocating resources through its enhanced fuzzy logic
model that considers urgency levels and hardware
capacity limits. Real-time job requirements, along
with environmental factors, drive the scheduling
system to both distribute resources effectively and
determine task execution time simultaneously.
Define membership functions for:

Upriority (Pi){Low, Medium, High, Critical ~ (11)

__Available Capacity 12
Hresource = Maximum Capacity ( )
Current Workload
Hioad = oo (13)

Maximum Workload

based on predefined priority levels.

4 RESULTS AND DISCUSSION

To implement the proposed dynamic task scheduling
framework, a robust set of tools and programming
languages is required. This framework combines
advanced fuzzy logic systems with machine learning
(ML). The main reason Python is used so often is
because of its large library support for machine
learning (e.g., Scikit-learn, TensorFlow, PyTorch)
and data analysis (e.g., NumPy, Pandas). Matlab's
flexibility as a modeling and simulation tool
facilitates the simple design and optimization of fuzzy
logic systems. CloudSim allows users to duplicate
procedures of resource allocation distribution
alongside virtual cloud scheduling functionality.
Visualization tools like Matplotlib and Seaborn
produce comprehensive graphs and plots. The
proposed framework receives analysis and quick
processing through Jupyter Notebook as an Integrated
Development Environment (IDE), which simplifies
tests while also improving debugging and the
combination of framework components.

The real-time operational system achieves
decision times that are 25% faster through this model
implementation. Allocation decisions execute well
combined with real-time prioritization because of
resource management and operational adjustment.
The ML-based fuzzy logic model demonstrates
superior performance compared to traditional and
purely ML scheduling approaches, as illustrated in
Table 1.
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Table 1: Analysis of Make Span.

Conventional | ML-Based FMu IZ‘;

Tasks Scheduling Scheduling Logiz

(min) (min) (min)
500 120 100 90
1000 240 210 190
1500 358 384 360
2000 480 435 405
2500 495 450 420

Figure 2 make span decrease shows how much
time it takes to finish all tasks when using traditional,
ML-based, and ML with improved fuzzy logic
scheduling methods. It emphasizes that the suggested
hybrid framework significantly reduces makespan as
compared to conventional methods. The hybrid
solution achieves continuous better performance with
increasing tasks because it dynamically adjusts work
priorities alongside resource allocation. Visual
representation by the hybrid technique demonstrates
its ability to extend project durations while reducing
delays to achieve successful completion of tasks in
virtual cloud environments.

o0
0
400
0

00
|
[ IJ i

50 1000 1500 200 2500
Tasks

Talkespan

I Conventona Scheduling (mn) WML Based Scheduling ()

ML + Fuzzy Logie (mun)

Figure 2: Performance Comparison of Makespan Across
Scheduling Methods for Varying Task Counts.

The hybrid strategy optimizes resource utilization
through its dynamic action to move underused
resources and eliminate bottleneck points (Table 2),
which keeps efficiency steady regardless of workload
changes.
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Table 2: Analysis of Resource Utilization.

. ML-Based ML +

Tasks Conventional Scheduling Fuzzy

Scheduling (%) (%) Logic
’ (%)
500 70 80 85
1000 65 78 84
1500 60 75 82
2000 56 70 74
2500 48 63 70

A comparison of resource utilization emerges in
Figure 3 regarding the three scheduling approaches,
including traditional, ML-based, and ML-with-
enhanced fuzzy logic scheduling. Task optimization
in combination with dynamic resource allocation,
improves the hybrid strategy because it delivers
sustained high resource utilization values. When task
numbers increase, the hybrid system preserves its
already effective performance level. Such resource
allocation optimizes performance because it
simultaneously  minimizes  bottlenecks  while
maintaining low idle resource conditions. Through
visualization, the framework demonstrates its ability
to distribute cloud resources effectively while
retaining balanced usage under any workload

conditions.
50 100 1500 2000 250

Tasks

s = =

P
= =

Resource utilization
.
=

W Convertional Scheduling (min) MML-Based Schedulng (mim) WML + Fuzzy Logic (mn)

Figure 3: Performance Comparison of Resource Utilization
Across Scheduling Methods.

The hybrid architecture achieves better task
success rates when properly setting high-priority jobs
because of its organizational structure (Table 3).

Table 3: Analysis of Task Completion Rate.

. ML-Based ML +
Tasks sg}?:gjﬁggr(lﬂa/},) Scheduling ngzy
(%) Logic (%)

500 90 95 98
1000 85 93 96
1500 80 88 92
2000 76 80 94
2500 65 72 90

Figure 4 shows that the standard method, along
with ML-based scheduling and ML-enhanced fuzzy
logic scheduling methods, produced different time-
frame completion metrics. The hybrid methodology
proves capable of finishing jobs speedily throughout
all workload levels. The smart resource distribution
as well as the critical activity prioritization system
enables this improvement. The framework
demonstrates its capability to adapt to changing
workloads thanks to its resource constraints as
reflected by the provided data. The hybrid strategy
succeeds in safeguarding performance dependability
and optimizing work throughput for virtual clouds
because it reduces deadline violations.

5 1000 l

=
=

=
=4

Task completion rate

0
0 1/ I
Tasks
WConveational Scheduling (mn) ~ WAL-Based Sheulng (tn)

0L + Fuzzy Loge (min)

Figure 4: Performance Comparison of Task Completion
Rates Across Different Scheduling Approaches.

5 CONCLUSIONS

We suggest the way of resource get optimum
utilization through advance techniques of machine
learning from fuzzy logic systems to virtual cloud
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environment, which allows resource optimally usage.
ML's predictive abilities allow this framework to
analyze historical and real-time data to proactively
allocate resources and prioritize jobs. Improved
fuzzy logic systems keep things flexible by
continuously making scheduling decisions that are
optimal based upon work requirements and external
input like system load and resource availability. It
outperforms the previous knowledge and work in
this area, evidenced through crucial performance
metrics with up to 25% makespan savings, 21.43%
resource utilization improvement and 8.89% higher
task completion rates results. The hybrid approach
delivers better scheduling performance than
conventional and standalone ML-based scheduling
approaches by considering dynamic workloads and
complicated resource constraints. The approach
supports both scalability and energy efficiency in
modern cloud systems to ensure optimal performance
in diverse operational environments. Overall, there
are two aspects of the framework which could further
improve it: A/ {ajthe dynamic development} on the
basis of reinforcement learning and B/{a|the platform
for the real-world distributed real-time deployments
studies}. This architecture represents a ground-
breaking method for complex job scheduling in
advanced cloud computing clouds.
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