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Abstract

Efficient task scheduling in cloud computing is essential for minimizing makespan, balancing
virtual machine (VM) load, and improving overall resource utilization. Examining algorithms in
nature that are used for scheduling tasks in cloud computing is the focus of the present study,
which aims to determine the best possible schedule for completing tasks in the least amount of
time. Another fascinating algorithm is the Crow Search Algorithm (CSA), which mimics the crow's
foraging behavior to locate food. this research proposes a Modified Crow Search Algorithm
(ECSA) that integrates four enhancements: minimum completion-time based task selection, load-
aware VM allocation, adaptive awareness probability for dynamic exploration control, and
exponential flight-length adjustment for improved convergence. The modified algorithm was
implemented in CloudSim and evaluated against Max-Min, ACO, GA and CSA. Experimental
results confirm that ECSA achieves lower makespan, reduced degree of imbalance, and higher VM
utilization across workloads ranging from 100 to 1000 tasks. The observed improvements
demonstrate that the proposed modifications significantly enhance scheduling efficiency and

stability in heterogeneous cloud environments.

Keywords: Crow Search Algorithm, CSA, Nature Inspired, VM, Task Scheduling, Cloud
Computing.

Introduction

The crow is a common bird that may be found almost wherever on Earth. Flocks of these birds are
exceedingly common, and despite their apparent simplicity, they are very complex social
organisms. What we learn about crows through observing their habits and behaviors is both
unexpected and fascinating [1]. In it, the brainy qualities of crows including their capacity for
memory and learning, their ability to communicate, their resourcefulness in the face of adversity,
and their inherent intelligence are shown. A crow's memory is strong and can retain information for
extended periods of time, allowing it to recall its favorite meals and hiding places as well as the
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faces of its partners and other birds. It has a significant impact on the reproductive population's

capacity for open and honest information sharing [2].

All organisms on Earth, including humans, need food to survive. In most cases, a crow will eat
anything that it can get its beak on. So, it scavenges for food amongst things like cereal crops,
flesh, insects, dead objects, and the like. The harvested food is often stored for later consumption.
Hideaway or hideout is the name it gives to the spot where it hides food, and it remembers the
precise position. It has its own food reserves, yet it still wants to find something even better to eat.
It could attempt to scavenge from other pairs or look for novel food sources. It consists mostly of
stealing food from one's companions [3]. It follows the activities of its potential mates and other
nearby birds to learn more about where they feed and where they hide. Because it has learned
where the host birds conceal their food, it is able to raid their nests while the host isn't there. This
manner, it may keep a larger supply of food and other items in its lair. It also watches over its own
food supply to prevent any of the other members of the group from stealing it. In other
circumstances, the crow could accurately foretell when another member of the flock would begin to
watch it suspiciously. Once it realizes it's being spied upon, it takes swift and cunning action by
diverting its foraging efforts to a new location. This distracts the other members of the surveillance
crew. Crows' food-gathering behavior may appear deceptive, but it's really the foundation of

community supported agriculture.

Cloud Computing

Cloud computing is a highly dynamic distributed environment that has become essential due to the
ever-increasing demands placed on computer resources. Outsourcing a whole system or resource-
heavy programs, cloud computing is the natural evolution of grid computing. Building a computer
system on such a massive scale would provide significant technological hurdles in terms of
resource management due to the need to assemble a huge number of servers into a cluster, also
known as a data center [4]. Big data analytics, machine learning, social networks, online search,

and so on all benefit from the infrastructure that the cloud offers.

The virtualized resources in the cloud are accessible on an as-needed basis [5]. A company has a
need for computing resources but has no desire to pay for them. Instead, it relies on shared
infrastructure and cloud services. As a result of adopting this method, users may forego buying

computing equipment, making it ideal for the user or organization that often requires a new sort of
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hardware or software configuration for calculation while saving a substantial amount of money.

Appropriate rules regulate user access to and use of cloud resources. In a cloud computing

environment, the service provider both supplies and controls the service.

Scheduling in Cloud

It's abundantly evident that the cloud, with its many middleware components, resources, and apps,
is a very heterogeneous setting. With cloud computing, several users from different locations may
simultaneously submit requests to run the same programs. There are many different apps, and each
of them has its own set of duties that must be completed using the computer system's resources. As
the number of requests rises, the scheduler must evaluate how to fairly allocate available computer
power. The scheduler's primary concern is with processing the requests and providing the proper

resources to meet the requirements because of the high volume of requests for resource allocation
[6]

The scheduling procedure comprises determining what computer resources will be made available
to the job, how many of those resources will be made available, and when those resources will be
made available. Providers often deploy computing resources like VMs onto nodes in their
datacenters based on the kind and quantity of computing resources requested by customers for their
applications. The job is executed without hiccups, the desired computing resource type is a good fit
for the available workload characteristics of resources, and the requested quantity is adequate to
fulfill the limitations. It is equally vital to evaluate whether to make such modifications in an elastic

environment like the cloud, where users might request or return resources on a more ad hoc basis

[7]1.

Literature survey

Efficient task scheduling in cloud computing remains a complex optimization challenge due to
resource heterogeneity, dynamic workload behavior, and multi-objective performance goals. Initial
scheduling methods such as Min-Min, Max-Min, and FCFS provide baseline execution but fail in
large-scale environments because they cannot adapt to fluctuating demand or heterogeneous VM

performance characteristics. Studies such as Agarwal and Srivastava [1] and Bhoi and Ramanuj [8]
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highlighted that static scheduling increases makespan and leads to resource underutilization,

particularly when tasks vary in computational intensity. To address these shortcomings,
metaheuristic and swarm-intelligence methods have become prominent alternatives to traditional

schedulers.

The introduction of the Crow Search Algorithm (CSA) by Askarzadeh [2] marked a significant
shift toward intelligent optimization. CSA, inspired by the natural foraging and memory-saving
behavior of crows, demonstrated competitive performance across constrained optimization
scenarios. Its capability to balance solution memory and exploration makes it suitable for NP-hard
scheduling problems. However, applications of CSA in cloud scheduling still suffer from
premature convergence and performance stagnation in large search spaces, as demonstrated by
Shirke and Udayakumar [9] when the crowd population becomes memory-dominant. Similarly,
Prasanna Kumar and Kousalya [10] applied CSA to cloud environments and reported
improvements in makespan and resource utilization, but acknowledged issues related to fixed
parameter settings such as constant Awareness Probability (AP) and Flight Length (FL), which
limit adaptability in dynamic workloads.

Other nature-inspired algorithms have also been explored to improve scheduling efficiency. Honey
Bee and Ant Colony models [3] [6] [11] incorporate cooperative foraging logic but often require
parameter fine-tuning to remain stable. Genetic Algorithm-based approaches [7] [12] provide broad
global search but converge slowly due to evolutionary process overhead. Hybrid strategies, such as
the combination of GA with ACO [13] and Moth Search with Differential Evolution [14],
demonstrate enhanced performance but introduce increased computational cost. Comparative
evaluations consistently show that although heuristic and evolutionary models outperform
traditional schedulers, parameter sensitivity and lack of adaptive control mechanisms restrict their

effectiveness.

Recent studies emphasize that multi-objective optimization and convergence control are crucial for
real-world cloud scheduling. Zhao et al. [15] and Chen et al. [16] applied chaotic and hybridized
intelligence components, demonstrating that controlled randomness helps avoid local minima.

Whale [17], Grey Wolf [18], and Squirrel-based optimizers [19] have been applied in scheduling
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scenarios, achieving better exploration but still facing exploitation-phase inefficiencies when

workload density increases. In addition, hybridized or improved CSA variants [20], [21], [22], [23],
[24] show that enhancing memory usage and movement strategies improves convergence speed
and system stability. These results suggest that adaptive parameter control and workload-aware

decision mechanisms are necessary to sustain performance across variable task sizes.

Specifically within cloud task scheduling, recent work has focused on improving three performance
dimensions: execution time (makespan), load balance, and VM utilization. Omara and Arafa [7]
and Ebadifard and Babamir [4] show that makespan minimization alone is insufficient, as it can
overload specific VMs and degrade throughput. Conversely, load balancing-oriented methods [6]
[11] improve fairness but sacrifice computational speed. Thus, research consensus indicates that an
ideal scheduler must balance these objectives without sacrificing one metric for another. This
aligns with Wang and Chen [17], who argue that real-world cloud schedulers must dynamically
adjust their exploration strength to adapt to workload transitions. Similarly, Patel et al. [25] report
that multi-objective optimization and adaptive movement strategies significantly improve the
robustness of crow-based methods.

From the literature, three major gaps are identified:

1. Fixed parameters restrict CSA performance — Constant AP and FL values reduce
adaptability, causing early stagnation [2] [10].

2. Lack of workload awareness — Most CSA variants do not evaluate VM load distribution
before assignment, creating imbalance [7], [11], [12].

3. Weak convergence behavior — Existing approaches struggle to maintain exploitation
capability during later stages of iteration [9], [20], [23].

The emergence of adaptive and self-tuning metaheuristics provides motivation for enhancement.
Studies integrating decay-based control [17], chaos theory [15], and hybrid movement [26] indicate
that dynamic parameter tuning is essential for improved performance. Building on this

understanding, an Enhanced Crow Search Algorithm (ECSA) addresses these gaps through:
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e Adaptive Awareness Probability that decreases with iterations to transition from exploration

to exploitation;

e Dynamic Flight Length to reduce movement range and fine-tune solutions near optimal
states;

e Load-aware VM selection to avoid hotspots and ensure balanced resource distribution [27];

e Priority-based task selection to reduce makespan by executing fastest-finishing tasks earlier
[27].

Thus, the literature clearly indicates that while classical CSA contributes a strong optimization
foundation, scheduling performance can be further improved using parameter adaptivity, workload
feedback, and memory-driven decision reinforcement. The proposed ECSA model is aligned with
this direction and extends existing methodologies by providing a dynamic, convergent, and

resource-efficient enhancement suitable for heterogeneous cloud environments.

Research Methodology

The CSA takes into account 'n' crows; at first, each crow is dispersed around the search area at
random. In it, the crow would often change locations in order to locate the other mates' food hiding
places or to defend its own food source from the other mates. Therefore, it would move throughout
each CSA iteration in the search space. Crow; is a representation of the i crow. depicts the crow's
current location in the search area. The Crowi's location during iteration k is indicated by the
symbol i, k (k=1, 2, 3. max). Aside from this, each Crow; would save in its memory the finest
investigated location information. The i, k designates the Crow; hideaway that was best

investigated during iteration k.

To demonstrate the CSA, the two crows Crow; and Crow; are taken into account in the search
space. The Crow; chooses to follow any of its flock members in iteration k in order to locate their
hiding place. Crow; then makes the decision to retreat to its hiding place. The Crow; chooses to
follow the Crow; in order to take food from the hideaway after keeping an eye on the latter's
movements. Two scenarios might result from this situation. The success rate for the Crow; to steal
the food supply of the Crowj; is boosted in Case 1 when the Crow; is unaware of the spying activity
of the Crowi, however in Case 2, the Crow; feels the looting activity of the Crow; and manoeuvres

about the search area to distract Crow;. Crow; chooses to assume a random position in this.
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Figure 1 shows the position change procedure between Crow; and Crow;. Crow; and Crow; are

present in this at positions | k, and j, k, respectively. Assuming that Crow; flies in such manner,
Crow; chooses to follow Crow;j in order to find its source of food. Similar to example 1, the Crow;
is unaware of the Crow;'s looting action. Therefore, Crowi would go in the direction of Crow;'s food

supply. The new movement of Crowi's location is calculated as shown in Equation.

phk pikil pik
o @ L
(crow j) (crow i next position) (crow i)

«— movement direction

Figurel: Position movement of Crow; based on Crow; [10]
Cptk  : Position of crow j at iteration k
[p"K : Position of crow i at iteration k
[1p"k*1: Updated position of crow i at iteration k+1

(1 Arrow. shows the movement of crow i toward another position or memory point.

pl'Fc+J.: Pl’k +':”|‘ . Al’k*{.r_i'k _PI';::]:]

Wherer i is a random value with uniform distribution, generated between 0 and 1. Flight length
(M%) denotes the distance travelled by the Crow; during the k' iteration. The fall of the search
domain in the local or global domain would depend on the flight length. The search would be led

by the smaller values of in the local area and by the bigger values of in the broader domain.

If Crow; discovers Crowis spying behaviour, it will alter its flight path to protect its food supply
from Crow; and arrive at a random location in the search area, which may be far from Crowj's food

source. Crowj's random moving method is seen in Figure 2
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Figure 2: Random position movement of Crow;

Equation shows the two situations mentioned previously.

pttl = [p 4 [r: « A (P - g "]) 2 6 a random position otherwise

Wherer j also represents a random number between 0 and 1. The awareness probability( ) is another
intensification and diversification element in CSA. The detection capacity of the Crow; is
established using the. The risk of the crow mates discovering a hiding rises for the minimal value

of. The crow partners choose the place in the search space at higher values at random.

It is preferable to assess the viability of the new position of the crow in the decision space in order
to avoid making unworkable position modifications. The crow's new location is taken into
consideration if it is more feasible than its old position; otherwise, it is ignored. The locations are
changed at the conclusion of the CSA, and a fitness value is determined based on those changes. If
the new fitness value is higher than the old fitness value, the modifications are stored in memory;

otherwise, they are discarded.
Task Scheduling Using CSA

The natural food-gathering behavior of crows demonstrates their ability to repeatedly explore and
relocate better food sources over time. Inspired by this behavior, the Crow Search Algorithm
(CSA) can be effectively applied to optimization problems to obtain improved solutions. In the
context of cloud task scheduling, CSA is employed to minimize makespan and degree of imbalance
while enhancing virtual machine (VM) utilization. In this model, each crow represents a candidate
task—VVM assignment, while VMs act as resources influencing fitness evaluation and each VM is
treated as a food source distributed across the search space. Initially, every task is assigned to a VM
and simultaneously participates in the search for a more suitable VM. Whenever a task identifies a
VM that offers better performance, the current assignment is replaced with the newly discovered
VM.

Makespan:
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Task set is defined as T= {t1,t2,.....tm}, Where m stands for how many tasks there are, and vm set is

defined as vm ={vmi,vmy,...vmn} Where n stands for the number of virtual machines, the
makespan can be expressed as: The makespan is a widely used statistic for gauging the
effectiveness of a schedule in a cloud context. The total time that takes from the start to the finish
of the process is known as makespan.

Makespan=maxieasks{Fi},

where Fi denotes the finishing time of task i.

Degree of imbalance:
The Degree of Imbalance (Dol) is a metric used to measure how unevenly the workload is
distributed across virtual machines in a cloud environment. It is calculated using the formula:

Degree of imbalance (Dol):
[:LMAE B LMH'.-')

Dol =
Lave

In this expression, Lmax=represents the load on the most heavily utilized VM, Lmin=denotes the load

on the least utilized VM, and Lavg=is the average load across all VMs.

A lower imbalance value reflects balanced resource utilization, preventing VM overload and idle
resource conditions. This metric is widely used in scheduling research to assess load distribution
efficiency, system stability, and overall scheduling performance.
Step-wise Crow Search Algorithm (CSA):
Step 1: Initialization

1. Initialize the number of crows N, flight length fl, awareness probability AP, and maximum

iterations max.
2. Randomly initialize the positions of all crows in the search space.
3. Evaluate the fitness of each crow’s position.

4. Store each crow’s position in memory as its best known position.

Step 2: Iterative Search Process

5. Set iteration counter k=1.
6. While k<max, perform the following steps:
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Step 3: Crow Position Update

7. For each crow i=1 to N:

a. Randomly select another crow j (j#1) to follow.

b. Generate a random number r.€ [0,1].

c. Awareness check:
o If r>AP (crow j is unaware):
o Pt =pF+r XfIX (mji_Pfkj
Else (crow j is aware):
Assign a random feasible position to crow i.
Step 4: Feasibility Check

8. Check whether the new position p.*** is feasible.
o If not feasible, discard the new position.

o If feasible, accept it temporarily.
Step 5: Fitness Evaluation
9. Compute the fitness value of the new position.
10. Compare the new fitness with the previous fitness:
e If new fitness is better, update the crow’s memory with the new position.
e Otherwise, discard the position change.

Step 6: Iteration Update

11. Increment the iteration counter: k=k+1.
12. Repeat Steps 6-11 until the maximum number of iterations is reached.

Step 7: Termination
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13. Output the best position stored in memory as the optimal solution.

14. Stop the algorithm,

Here

p;*¥ = Current position of the i*" crow at iteration k

p,**! = updated position of the i*" crow at iteration k + 1

m.* = memory position of the j* crow at iteration k

]
r.=Random number uniformly distributed in the range [0,1].

FI (Flight Length) =A control parameter that determines the step size of the crow’s
movement

i_'\-_-| i-‘}: 7 £ " e T T r . oy I ] r T
'[m_l. P Direction vector from the current position of crow iii toward the memory position of crow |

In CSA, each crow represents a candidate solution in the search space, and its position corresponds
to a potential solution of the optimization problem. At the start of the algorithm, a population of
crows is randomly initialized within the feasible search space, along with control parameters such
as flight length, awareness probability, and maximum number of iterations. The fitness of each
crow’s position is evaluated using the objective function, and each crow stores its current position
in memory as the best solution it has found so far. This memory mechanism reflects the natural

ability of crows to remember hiding places and plays a crucial role in guiding the search process.

During the optimization process, crows iteratively update their positions by following one another
in an attempt to discover better solutions. In each iteration, a crow randomly selects another crow
to follow and generates a random number to model uncertainty in awareness. If the selected crow is
unaware of being followed, the moving crow updates its position by flying toward the memory
position of the target crow, with the flight length parameter controlling the step size of movement.
This behavior encourages exploitation of promising regions in the search space. Conversely, if the
selected crow is aware of being followed, it deceives the follower by changing its behavior, forcing
the moving crow to relocate to a random feasible position. This mechanism enhances exploration

and helps the algorithm avoid premature convergence to local optima.

After updating positions, feasibility checks are performed to ensure that newly generated solutions

satisfy all problem constraints. Infeasible solutions are discarded, while feasible ones are
955 Arvind Upadhyay et al 945-966



Journal of Computational Analysis and Applications VOL. 33, NO. 4, 2024

10.48047/jocaaa.2024.33.04.29

Initialize Crow Population
Initialize Memory Positions

I

Set Parameters:
APmax, APmin
Flmax, o
Max Iterations Tmax

Input Task List T
Input VM List

Iteration Counter
Initialize t = 1

For each Task Ti:
Compute Completion Time

Select Task with Minimum
Completion Time (Tselected)

Compute Average VM Load
AvgLoad = TVMload / N

Shortlist VMs:
Load < AvgLoad

| Select VM with Minimum

Free (Idle) Time (VMselected)

Update Awareness Probability AP(t)
AP(t)=APmax — (t/Tmax)(APmax—APmin)

Update Flight Length FL(t)
FL(t)=FLmax - e™(—at)

| Generate Random Number r

—— v - AreT_——

es No

Position_i = Position_i + r-FL(t)(Memory_ j — Position_i) (Avoid Deception)

\/

Move Crow i Toward Memory of Crow j ‘ | Perform Random Search

| Ewvaluate Fitness (Makespan) ‘

Is New Fitness Better?
Fitness(new) < Fitness(memory)

Stop Condition Met?
(t = Tmax OR Convergence)

Increment Iteration
t=t+1

Figure 3: Flow chart of modified CSA (ECSA)
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temporarily accepted for evaluation. The fitness of each new position is then computed and

compared with the crow’s previously stored memory. If the new solution yields better fitness, the
crow updates its memory with this improved position; otherwise, the previous memory is retained.
This memory-based selection process ensures that only improved solutions influence future search
directions. The iterative process continues until the maximum number of iterations is reached, at
which point the algorithm terminates and returns the best solution stored in the memory of the crow
population as the optimal or near-optimal solution. Owing to its simple structure, balanced
exploration—exploitation mechanism, and low computational overhead, CSA has been widely
applied to complex optimization problems such as task scheduling, resource allocation, and load

balancing in cloud computing environments.

ECSA Algorithm for Task Scheduling

Proposed modified CSA(ECSA) Algorithm:

Initialization

Initialize population of crows (solutions), memory positions, and parameters.
Define:

Initial Awareness Probability AP(t) (adaptive)

Initial Flight Length FL(t) (dynamic)

Tasks list T and VM list VM

Step 1: Evaluate Tasks
e For each task Ti, compute completion time.

e Select the task with the minimum completion time:
Tselected = min(CompletionTime(T;))

Step 2: Filter & choose VM
e Calculate average VM load:

AvglLoad=Y VMiead/N
Shortlist VMs having:
e Load <Avg Load
e Minimum free (idle) time

V Mselectea=arg min (FreeTime(VM;j))where Load(VM;)<AvgLoad
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Step 3: Adaptive Awareness Probability (AP)

AP decreases over iterations to balance between exploration and exploitation:
AP(t) :APmaX_(t/Tmax) (APmax_APmin)
e Early iterations — high AP i.e. explore more

e Late iterations — low AP i.e. converge faster
Step 4: Dynamic Flight Length (FL)
Flight length shrinks as algorithm converges:
FL(t)=FLmax*e ™
(o = decay coefficient)

Step 5: Position Update
If rand > AP(t):

Crowi moves towards memory of Crow;
Position; = Position; + rand * FL(t) * (Memory; - Position;)
Else:

Crowi performs random search (avoid deception)

Step 6: Memory Update
If new solution is better (less makespan )update memory:

If Fitness(newpos) < Fitness(Memory;):

Memoryi = neéWpos
Step 7: Stop Condition

Repeat until:

e Maximum iterations reached OR

e Convergence achieved
The Enhanced Crow Search Algorithm (ECSA) improves task scheduling in cloud environments
by intelligently mapping tasks to Virtual Machines (VMs) based on execution time, load
conditions, and adaptive search behavior. The algorithm begins by initializing a population of
solutions where each crow represents a task-to-VM assignment. A memory structure is maintained

to store the best solutions discovered during the optimization process. Two key adaptive
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parameters—Awareness Probability (AP) and Flight Length (FL)—are introduced to control the

balance between exploration and exploitation.

symbol Table Proposed modified CSA

Symbol Description
T Set of all cloud tasks, T={T1T>.... Tm}
m Total number of tasks
VM Set of available virtual machines, VM = {VMi, VMo, ...... VMn})
n Total number of virtual machines
N Population size (number of crows / candidate solutions)
I ] Indices representing the i-th and j-th crow, respectively
t Current iteration number
Tmax Maximum number of iterations
Position; Current position (task—VVM mapping) of crow;
Memoryi Best solution found so far by crow i
Memoryj; Best solution stored by crow |

CompletionTime(T;) | Estimated completion time of task T;

Tselected Task selected for scheduling based on minimum completion time
VM _load Current workload assigned to a virtual machine
AvgLoad Average workload across all virtual machines
FreeTime(VM;) Idle (free) time of virtual machine VIM;

V Mselected Virtual machine selected for executing the chosen task
AP(1) Awareness Probability at iteration t

APmax Maximum awareness probability value

APnin Minimum awareness probability value

FL(t) Flight length at iteration t

FLmax Maximum (initial) flight length

o Decay coefficient controlling flight length reduction
rand Random number uniformly distributed in ([0,1])
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Fitness(. ) Obijective function value (makespan)

new_pos Newly generated solution after position update

Initially, the algorithm evaluates all tasks and identifies the one with the smallest completion time
as a priority candidate for scheduling. VM selection is then performed by filtering machines with
load below the average system load and having the minimum idle time, ensuring balanced
execution. The Awareness Probability (AP) decreases across iterations, allowing broad exploration
during early stages and focused convergence toward optimal solutions later. Simultaneously, the
Flight Length (FL) decays gradually, reducing the step size of search movements and improving

fine-tuning near promising solutions.

Position updates are performed using either guided movement, where a crow moves toward a better
memory position, or random exploration to escape suboptimal solutions. After each update, the
memory is revised only if the new position offers an improved fitness value, typically reflected by
lower makespan. The process iterates until convergence or the maximum number of iterations is

reached, at which point the best task—\VVM mapping is returned as the final scheduling solution.

Result and Discussions of ECSA

The CloudSim simulator is used to test the Max-Min algorithm, ACO, CSA, GA, and ECSA. With
16 virtual machines and jobs ranging from 100 to 1000, the simulation environment is set up
adjusting the iterations from 10 to 200. Initial Flight Length is kept 2.5 (Large at start so that wide
exploration, avoid local minima) and the awareness probability are set at 0.90 (High awareness
probability to encourage random exploration during early iterations).

The graph in figure 4 illustrates the makespan comparison of four scheduling algorithms—Max-
Min, GA, ACO, CSA, and the proposed ECSA—over task sizes ranging from 100 to 1000. As the
workload increases, all algorithms show a rising makespan trend; however, the proposed ECSA
consistently achieves the lowest values, indicating faster task completion. CSA, GA ,ACO, perform
moderately, while Max-Min records the highest makespan across all task levels. The results

demonstrate that proposed ECSA improves resource allocation efficiency and achieves better
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scalability for growing cloud workloads.

Makespan Comparison with Increasing Number of Tasks

14000 —8— Max-Min
ACO
—8— GA
12000 — —a— CSA
—&— ECSA (Proposed)
@
T 10000 A
o
[}
@
n
— 8000 -
5]
(=N
(T3]
gL
= B000 -
=
4000
2000

T T T T T
200 400 600 800 1000
Number of tasks

Figure 4: Max-Min, ACO, GA, CSA, proposed ECSA makespan comparison

Figure 5 compares the makespan reduction over increasing iterations. The convergence comparison
demonstrates that the proposed ECSA achieves faster convergence and lower makespan compared
to, ACO, GA, CSA, and Max-Min. While Max-Min shows minimal improvement due to its greedy
nature, ECSA rapidly reduces makespan in early iterations and stabilizes at the lowest value,

confirming its superior exploration—exploitation balance.

Due to advancements made in the VM selection process, CSA and ECSA, as compared to ACO,
GA and Max-Min algorithms, lower the degree of imbalance even when the number of tasks is
steadily increased, as shown in Figure 6. Max-Min, ACO and GA exhibit higher imbalance due to
uneven resource distribution and limited adaptability to dynamic workloads, while CSA performs
moderately better owing to its exploration capability. The proposed ECSA consistently maintains
the lowest imbalance, indicating more stable and uniform VM load allocation. This improvement is
primarily attributed to the adaptive awareness probability and dynamic flight length mechanisms,

which enable better exploration—exploitation balance during scheduling. Furthermore, the
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incorporation of average-load-based VM filtering prevents overutilization of specific VMs and

distributes tasks more evenly. As a result, ECSA effectively mitigates performance degradation
under high workload conditions. Overall, ECSA improves scheduling balance as task count

increases, demonstrating superior load management in cloud environment.

Degree of Imbalance Comparison
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Figure 5: Makespan-based Max-Min, ACO, GA, CSA and ECSA iteration performance

Convergence Comparison of Scheduling Algorithms
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Figure 6: Max-Min, GA, ACO, CSA, proposed ECSA imbalance comparison
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The VM utilization is taken into account as another parameter. The CSA and ECSA utilize the VM

in a better way while comparing with ACO, GA and Max-Min as shown in Figure 7. Max-Min,
ACO, GA perform lower due to inefficient mapping, while CSA improves utilization moderately
through better resource allocation. ECSA demonstrates superior VM usage efficiency, indicating
balanced workload distribution and improved scheduling accuracy in cloud environments.

VM Utilization Comparison
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Figure 7: Max-Min, ACO, GA, CSA, and proposed ECSA VM utilization comparison
Conclusions

This work presented a Modified Crow Search Algorithm (ECSA) to enhance cloud task scheduling
by integrating minimum completion-time task selection, load-aware VM allocation, adaptive
awareness probability, and dynamic flight length adjustment. Comparative evaluation in CloudSim
against Max-Min, ACO, GA, standard CSA demonstrated that ECSA consistently achieves
superior performance. The proposed model reduces makespan, maintains a lower degree of
imbalance, and improves VM utilization as workload increases, indicating better convergence and
resource distribution. Results show that performance gains are more prominent at higher task
volumes, where traditional methods face instability. Overall, proposed ECSA provides an efficient,
scalable, and balanced scheduling mechanism for heterogeneous cloud environments. Future work
may integrate container/serverless platforms and hybrid learning models to further enhance

adaptability and real-time decision-making.
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