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Abstract 
 
Cloud computing is one of the latest commercial ideas that has become popular and provides users with limitless 
access to virtual resources. Task scheduling in cloud computing refers to assigning VMs to cloud tasks. Due to service 
demand costs associated with the usage of software and hardware, such as bandwidth, storage, and processing, 
effective task scheduling and balancing the usage of VMs are essential for increasing data center efficiency and 
reducing energy consumption. Therefore, using an effective task scheduling algorithm that minimizes makespan and 
maximizes resource utilization is crucial. In many studies, different algorithms—such as Min-Min, Max-Min, and 
Adaptive Incremental Genetic Algorithm (AIGA)—have been developed to solve this problem, and these algorithms 
are used on many platforms. The goal of this study is to compare commonly used heuris tic-based algorithms, which 
include Min-Min and Max-Min, bio-inspired algorithm AIGA, and offer an exact solution guarantee through the 
Exhaustive Learning Optimization Algorithm (ELOA). With this aim, the instance types of Amazon EC2 have been 
used to implement virtual machines with various computing capacities on CloudSim. The results show that Min-Min 
and Max-Min algorithms provide computationally efficient feasible solutions, and AIGA also provides feasible 
solutions with adaptive and efficient processes. Finally, ELOA provides an optimal solution that minimizes makespan. 
This makes Min-Min, Max-Min, and AIGA suitable for large-scale task scheduling in cloud computing, while ELOA 
is a great choice for small-scale problems. 
 
Keywords  
Cloud Computing, Task Scheduling, Virtual Machines, Optimization, Exhaustive Learning Optimization Algorithm.   
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Introduction  
Nowadays, information technologies are becoming more important. In many industrial fields, technological 
innovations are increasingly used as they increase efficiency and service delivery (Ullah et al. 2024; Zhang et al. 
2023). Consequently, internet usage in society has increased considerably, leading to changes in consumer behavior 
and expectations (Naz et al. 2023). This change necessitates more efficient use of computing resources to effectively 
meet the needs of a large and ever-growing user base (Gulbaz et al. 2021). Examples include robust data processing 
capabilities, enhanced storage solutions, and advanced networking infrastructure to guarantee absolute and reliable 
access to information and services (Sahu et al. 2012; Gajbhiye & Shrivastva 2014). Thus, the increasing needs of 
consumers require new technological solutions and the continuous development of information technology. 
 
As one of the biggest technological solutions of recent years, Cloud Computing systems are used in many 
organizations thanks to their features such as scalability, dynamic and high-capacity computing (Radu 2017). 
Therefore, it becomes one of the biggest paradigms in the IT sector, providing applications such as business 
intelligence and data archiving to users (Rasheed 2014). According to the National Institute of Standards and 
Technology’s (NIST), Cloud Computing is a concept that makes it possible to access a shared network environment 
anywhere at any time (Mell & Grance et al. 2011). Cloud computing offers three main service models: Software as a 
Service (SaaS), Platform as a Service (PaaS), and Infrastructure as a Service (IaaS) (Mell & Grance et al. 2011; Duan 
et al. 2018; Mahmood et al. 2017). SaaS is a service model where a service provider hosts applications and consumers 
can access the applications from various client devices through a thin client interface, such as a web browser or a 
program interface. In a PaaS model, users are provided with libraries, programming languages, services, and tools to 
develop applications. IaaS systems provide users with computing resources that can include an arbitrary number of 
operating systems and applications on demand. These services are delivered with five essential characteristics: on-
demand self-service, broad network access, resource pooling, rapid elasticity, and measured service (Mell & Grance 
et al. 2011). With the on-demand self-service characteristic, consumers can access computing capabilities unilaterally 
when needed. Broad network access enables users to get benefits from the features of the cloud environment through 
standard networking methods.  
 
Resource pooling provides a valuable opportunity for network providers to dynamically aggregate computing 
resources while efficiently serving multiple users at the same time. Rapid elasticity ensures the flexible scaling of 
resources, adapting quickly to demand fluctuations. Additionally, measured service enables automated resource 
monitoring and control, optimizing efficiency and performance. These fundamental characteristics make cloud 
computing a highly adaptable and scalable solution for diverse industrial and research applications.Resources are 
instantaneously made available to users based on their needs thanks to cloud computing, creating a productive and 
dynamic ecosystem that promotes communication between the main stakeholders: users and cloud service providers 
(Duan et al. 2018). While consumers primarily focus on service costs, service providers aim to solve more users’ 
computing and storage tasks while reducing expenses and energy consumption (Liu & Wang 2020). Therefore, 
developing solutions to reduce costs for both consumers and service providers forms the basis of a sustainable and 
productive ecosystem. 
 
Among the services, this study focuses on IaaS, which provides customers with VMs that allow them to operate 
without physical devices. However, the increasing number of customers makes it challenging to allocate resources 
based on individual needs, although Cloud Computing provides service for complex tasks. This challenge highlights 
the importance of task scheduling and resource utilization in VMs. Task scheduling algorithms are the most efficient 
way to address these issues.  
 
1.1 Objectives  
This study aims to compare features of two popular heuristic algorithms, including Min-Min and Max-Min, the bio-
inspired algorithm Adaptive Incremental Genetic Algorithm (AIGA) and Exhaustive Learning Optimization 
Algorithm (ELOA). With the help of these algorithms, it is aimed to minimize makespan in task scheduling, which is 
essential to reducing cost and energy consumption. In addition, the performance of these algorithms has also been 
scrutinized through a series of extensive sets of experiments in order to compare the precision and optimality of the 
solutions provided by these algorithms.  
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2. Literature Review 
Management and the distribution of computational resources have been enhanced significantly by cloud computing. 
This has been done by offering both scalable and efficient solutions tailored to a wide range of computational 
requirements. These innovative solutions provide organizations with a valuable opportunity to seamlessly adapt to 
evolving demands, allowing them to optimize resource efficiency and effectiveness for peak performance. One of the 
most significant challenges in this domain is task scheduling, a problem that is inherently complex and classified as 
NP-hard, making optimal workload distribution a difficult task (Ebadifard & Babamir 2018). Effective task scheduling 
is crucial, as it directly impacts operational costs and overall cloud performance. This literature review explores 
different algorithms designed to tackle this challenge, with a focus on widely used heuristic algorithms, a bio-inspired 
approach, and an exhaustive search optimization algorithm. 
 
Heuristic algorithms, such as Min-Min (Laszewski 2003) and Max-Min (Mao et al. 2014), are widely used due to their 
simplicity and efficiency in various scenarios. The Min-Min algorithm begins by identifying all unassigned tasks and 
then allocates each one to the machine with the shortest completion time. It prioritizes tasks with the smallest overall 
completion time in each iteration, gradually reducing makespan (Braun et al. 2001). In contrast, the Max-Min 
algorithm improves resource utilization by focusing on the longest tasks first. It determines the minimum completion 
time for each task across available machines and assigns the task with the highest of these minimum times. This 
approach is particularly beneficial in environments that seek to optimize the performance of slower machines by 
assigning them the most computationally demanding tasks early in the scheduling process. While Min-Min and Max-
Min are effective in reducing makespan, their heuristic nature often prevents them from finding the most optimal 
solution, especially in more complex and diverse task environments (Duan et al. 2018). These algorithms assume 
uniformity in task execution and machine performance, which does not always hold in dynamic cloud environments. 
Furthermore, although they are fast and easy to implement, they can lead to inefficient task distribution, particularly 
under high workloads or when tasks have varying computational demands. 
 
To overcome these limitations, researchers have explored alternative algorithms inspired by natural processes. One 
notable example is the AIGA algorithm proposed by Duan et al. (2018). AIGA is a bio-inspired approach that mimics 
the adaptability of biological systems to optimize task scheduling. By dynamically adjusting its parameters based on 
system conditions, AIGA enhances search efficiency and adaptability, making it highly suitable for cloud 
environments where scheduling needs frequently shift and require flexibility.This study aims to compare various task 
scheduling algorithms—Min-Min, Max-Min, AIGA, and ELOA—to evaluate their applicability and efficiency in 
cloud computing. By analyzing their performance under different conditions, this research seeks to highlight their 
strengths and limitations, offering insights into their practical usability and guiding future advancements in cloud task 
scheduling. Through this comparative analysis, the study aims to draw definitive conclusions on the scalability, 
efficiency, and practicality of each algorithm in handling the dynamic and often unpredictable workloads of cloud 
computing environments. 
 
3. Proposed Methodology  
With the aim of minimizing makespan, scheduling jobs on parallel machines is well-known as a complex issue and is 
typically classified as NP-Hard. For these types of challenges, heuristic algorithms are often used to find solutions that 
may not necessarily give the optimal solution but provide near-optimal solutions (Kokash N., 2005; Hosseini Shirvani 
2020). These algorithms are particularly effective for tackling large-scale and computationally intensive problems. 
However, in small-scale problems, ELOA can be utilized if the objective is to find the exact optimal solution. In this 
study, Heuristic algorithms Min-Min, Max-Min, bio-inspired algorithm AIGA, and ELOA are focused on addressing 
the task scheduling problem in a cloud environment. On the exhaustive end of the spectrum lies the ELOA, which, 
unlike heuristic approaches, attempts to find the optimum solution by exploring all possible task assignments  
 
3.1 Task Scheduling Problem 
In cloud architecture, a data center is made up of several physical servers that run VMs based on user requests. Task 
scheduling in the cloud environment involves two main problems: selecting which host to deploy a VM and 
determining which VM to allocate to each task. To divide large-scale tasks into small subtasks, the Map/Reduce model 
is commonly used in the Cloud Environment.  These smaller tasks are then assigned to Cloud servers based on their 
status and the quality-of-service (QoS) requirements. This structure of the cloud environment is represented in Figure 
1. 
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Figure 1. Abstract Representation of the Cloud Environment. 
 

Implementing a proper scheduling algorithm is crucial to minimizing task completion time and associated costs. In 
this context, makespan can be considered an indicator of cost and used as an objective function.  
VMs are generally specified by CPU, memory bandwidth, and storage. For instance, Amazon uses a Compute Unit 
(CU) to describe the CPU capacities.  Since cloud services are billed by the number of hours consumed, CUs can be 
used to estimate the necessary execution time before requesting cloud resources. An EC2 Compute Unit (ECU) is 
equal to the CPU capacity of a 1.0-1.2 GHz 2007 Opteron or 2007 Xeon processor (Wen et al. 2015). Assume we 
have 𝑚𝑚 tasks 𝑇𝑇 = {𝑡𝑡1, 𝑡𝑡2, … , 𝑡𝑡𝑚𝑚}, and 𝑛𝑛 VMs 𝑉𝑉𝑉𝑉 = {𝑣𝑣𝑣𝑣1, 𝑣𝑣𝑣𝑣2, … , 𝑣𝑣𝑣𝑣𝑛𝑛}. Given that cloud services are paid for based 
on usage hours, CU can be used to estimate the needed execution time. The execution time 𝑡𝑡𝑖𝑖𝑖𝑖 for task 𝑡𝑡𝑖𝑖 on  
 
VM 𝑣𝑣𝑣𝑣𝑗𝑗 can be calculated as: 

𝑡𝑡𝑖𝑖𝑖𝑖 =
𝐿𝐿𝑖𝑖
𝐶𝐶𝑗𝑗

 (1) 

Where: 
𝐿𝐿𝑖𝑖: 𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿ℎ 𝑜𝑜𝑜𝑜 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑡𝑡𝑖𝑖, 𝑖𝑖 ∈ {1,2, … ,𝑚𝑚} 

𝐶𝐶𝑗𝑗: 𝐶𝐶𝐶𝐶 𝑜𝑜𝑜𝑜 𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣 𝑚𝑚𝑚𝑚𝑚𝑚ℎ𝑖𝑖𝑖𝑖𝑖𝑖 𝑣𝑣𝑣𝑣𝑗𝑗, 𝑗𝑗 ∈ {1,2, … , 𝑛𝑛} 

The total occupation time for VM 𝑣𝑣𝑣𝑣𝑗𝑗 can be calculated by: 

𝑇𝑇𝑗𝑗 = �
𝑚𝑚

𝑖𝑖=1

𝑥𝑥𝑖𝑖𝑖𝑖 ∙ 𝑡𝑡𝑖𝑖𝑖𝑖 
(2) 

Where 𝑥𝑥𝑖𝑖𝑖𝑖 ∈ {0,1} and: 

𝑥𝑥𝑖𝑖𝑖𝑖 = {1, 𝑖𝑖𝑖𝑖 𝑡𝑡𝑖𝑖 𝑖𝑖𝑖𝑖 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 𝑜𝑜𝑜𝑜 𝑣𝑣𝑣𝑣𝑗𝑗 0, 𝑜𝑜𝑜𝑜ℎ𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒  

3.2 Heuristic Based Task Scheduling Algorithms 
 
Max-Min Algorithm 
Using the Max-Min algorithm, the minimum completion time of each unmapped task across all computers is 
determined. The task with the maximum of these minimum completion times is then selected. The Max-Min algorithm 
is particularly suitable for problems with a large number of tasks that have shorter execution times, more than those 
with longer execution times, as it may lead to a rise in the makespan for submitted tasks (Aref et al. 2022). The Max-
Min algorithm can be implemented with the following steps: 

Step 1: Calculate Completion time for each task on each VM: 

𝐶𝐶𝑖𝑖𝑖𝑖 = 𝑆𝑆𝑗𝑗 + 𝑡𝑡𝑖𝑖𝑖𝑖 (3) 

Where: 

𝐶𝐶𝑖𝑖𝑖𝑖: 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑜𝑜𝑜𝑜 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑡𝑡𝑖𝑖 𝑜𝑜𝑜𝑜 𝑉𝑉𝑉𝑉 𝑣𝑣𝑣𝑣𝑗𝑗 
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𝑆𝑆𝑗𝑗: 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑜𝑜𝑜𝑜 𝑉𝑉𝑉𝑉 𝑣𝑣𝑣𝑣𝑗𝑗 
𝑡𝑡𝑖𝑖𝑖𝑖: 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑜𝑜𝑜𝑜 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑡𝑡𝑖𝑖 𝑜𝑜𝑜𝑜 𝑉𝑉𝑉𝑉 𝑣𝑣𝑣𝑣𝑗𝑗 

Step 2: Determine the minimum completion time for each task: 
𝑚𝑚𝑚𝑚𝑚𝑚𝑗𝑗�𝐶𝐶𝑖𝑖𝑖𝑖�, 𝑓𝑓𝑓𝑓𝑓𝑓 𝑒𝑒𝑒𝑒𝑒𝑒ℎ 𝑖𝑖 𝜖𝜖 {1,2, … ,𝑚𝑚} (4) 

Step 3: Select the task with the maximum value among these minimum completion times: 

 𝑚𝑚𝑚𝑚𝑚𝑚𝑖𝑖 �𝑚𝑚𝑚𝑚𝑚𝑚𝑗𝑗�𝐶𝐶𝑖𝑖𝑖𝑖��  (5) 

Step 4: Allocate the selected task to the corresponding VM and update the start time. 
𝑆𝑆𝑗𝑗 = 𝐶𝐶𝑖𝑖𝑖𝑖 (6) 

 
B. Min-Min 
The Min-Min algorithm prioritizes tasks with the overall minimum completion time at each step and allocates each 
unmapped task to the machine that offers the minimum completion time. Since the Min-Min algorithm increases the 
wait time for large tasks by prioritizing smaller tasks, it is more useful when the number of smaller tasks is greater 
than the number of larger tasks. The Min-Min algorithm can be implemented with the following steps: 
 
Step 1: Calculate Completion time for each task on each VM using Equation (3) 
 
Step 2: Determine the minimum completion time for each task using Equation (4) 
 
Step 3: Select the task with the minimum value among these minimum completion times: 
 

 𝑚𝑚𝑚𝑚𝑚𝑚𝑖𝑖 �𝑚𝑚𝑚𝑚𝑚𝑚𝑗𝑗�𝐶𝐶𝑖𝑖𝑖𝑖��   (7) 

 
Step 4: Allocate the selected task to the corresponding VM and update the start time using Equation (6). 
 
While the Min-Min algorithm is efficient and yields a relatively low makespan, and the Max-Min algorithm achieves 
better load balancing, both fail to guarantee optimal solutions due to their heuristic nature. For small-scale problems, 
ELOA can be employed to explore all possible task allocations, ensuring the optimal solution.  
 
C. Adaptive Incremental Genetic Algorithm 
Genetic Algorithm (GA) is a bio-inspired algorithm based on Darwin’s Theory of Evolution and the principle of 
natural genetics (Duan et al. 2018). In the GA, fitness value is used for the selection. With the greater fitness value, 
individuals have a higher probability of entering the next generation. In the crossover operation, individuals 
inherit characteristics from both parents. This process helps in preserving good traits. Also, the mutation operation 
contributes to producing new individuals. During GA, chromosomes representing candidate solutions are generated 
with these genetic operations. In AIGA, some tasks are selected from independent task sets for scheduling at each 
iteration. This approach helps reduce the computation time compared to a standard GA by limiting the number of tasks 
processed. The pseudocode of the AIGA is represented as Algorithm 1 (Duan et al. 2018). 
 
Algorithm 1. AIGA 
 
Input: Population size (Np), Maximum iterations (max_iter), Objective function, Control parameters, Task list (T), 
Virtual Machine (VM) types, Interval size 
Output: The global best solution 
 
1:  Select a subset of tasks from T, where the number of tasks equals the interval size. 
2:  Initialize population P with the number of Np individuals. 
3:  Evaluate each individual in P. 
4:  Set iteration = 0. 
5:  While iteration < max_iter do:  
6:      Calculate the probability to be chosen of each individual. 
7:      Select individuals for the new population P' based on their probabilty. 
8:      Sort P' in descending order of fitness. 
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9:      Compute mutation and crossover rates for each individual in P'. 
10:      For each individual in P': 
11:         If rand(0,1) < crossover_rate, perform crossover. 
12:         If rand(0,1) < mutation_rate, perform mutation. 
13:     End for 
14:     Update the global best solution if a better one is found. 
15:     iteration = iteration + 1. 
16: End while 
17: Update the occupation time of each virtual machine. 
 
3.2 Exhaustive Learning Optimization Algorithm  
This approach essentially tries every possible combination to reach the final optimal solution. With progress in 
technology and an increase in computer processing speed, ELOA has become more practical. This study focuses on 
the viewpoint of finding optimal solutions for task scheduling in the cloud environment. Algorithm 2 represents the 
pseudocode of ELOA. 
 
Algorithm 2. ELOA 
Input: Execution time matrix, task list, VM list 
Output: The best task order and minimum makespan 
1: Initialize the best makespan as infinity 
2: for each permutation of the task order do 
3:   Initialize VM times to zero 
4:   for each task in the current order do 
5:    Select the VM with the minimum (makespan + execution time of task) 
6:    Assign a task to the selected VM 
7:    Update the VM’s makespan 
8:   end for 
9:   Calculate the makespan of the current task order 
10:   if current makespan < best makespan then 
11:    Update the best makespan 
12:    Save the current task order as the best order 
13:   end if 
14: end for 
15: Return the best task order and best makespan 
 
In Algorithm 2, task orders are created randomly using permutations. Then, each task in the task order is assigned to 
the VM, which minimizes the sum of the machine’s current makespan and the task’s execution time. After assigning 
a task, the makespan of the selected VM is updated. This process is repeated for every task in the task sequence. Once 
all tasks in the order are assigned to VMs, the makespan for that order is calculated. If this new makespan is smaller 
than the best makespan found so far, it is updated as the best makespan. The process is then repeated for all possible 
task orders, and after all trials, the optimal makespan is determined. 
 
4. Data Collection 
The VM (instance) specifications used in this study reference the Amazon Elastic Compute Cloud schema, as detailed 
in Table 1 (Duan et al. 2018). The table presents the VM types along with their corresponding CU. 
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Table 1. VM Types and CU 
 

VM No. Instance Type CU 
1 c3: large 8 
2 c3: xlarge 16 
3 c3: 2xlarge 31 
4 c3: 3xlarge 62 
5 c3: 4xlarge 132 
6 c4: xlarge 7 
7 c4: 2xlarge 14 
8 c4: 3xlarge 28 
9 c4: 4xlarge 55 

10 c4: 8xlarge 108 
 
For the analysis, ten tasks with lengths in minutes [814.0,447.0,610.0,319.0, 876.0, 692.0, 663.0, 631.0, 626.0, 655.0] 
are utilized in this study (Duan et al. 2018). Using Equation (1), the execution times required by each VM to complete 
the assigned tasks are calculated, with the results displayed in Table 2 (Duan et al. 2018). 
 

Table 2. Execution Time of Each VM 
 

 Virtual Machines (VMs) 
VM0 VM1 VM2 VM3 VM4 VM5 VM6 VM7 VM8 VM9 

T
a
s
k
s 

0 101.75 50.88 26.26 13.13 6.17 116.29 58.14 29.07 14.8 7.54 
1 55.88 27.94 14.42 7.21 3.39 63.86 31.93 15.96 8.13 4.14 
2 76.25 38.13 19.68 9.84 4.62 87.14 43.57 21.79 11.09 5.65 
3 39.88 19.94 10.29 5.15 2.42 45.57 22.79 11.39 5.8 2.95 
4 109.5 54.75 28.26 14.13 6.64 125.14 62.57 31.29 15.93 8.11 
5 86.5 43.25 22.32 11.16 5.24 98.86 49.43 24.71 12.58 6.41 
6 82.88 41.44 21.39 10.69 5.02 94.71 47.36 23.68 12.05 6.14 
7 78.88 39.44 20.35 10.18 4.78 90.14 45.07 22.54 11.47 5.84 
8 78.25 39.13 20.19 10.1 4.74 98.43 44.71 22.36 11.38 5.8 
9 81.88 40.94 21.13 10.56 4.96 93.57 46.79 23.39 11.91 6.06 

 
5. Results and Discussion  
 
5.1 Numerical Results 
The task orders generated by the Min-Min, Max-Min, AIGA, and ELOA are [3,1,2,8,7,9,6,5,0,4], [4,0,5,6,9,7,8,2,1,3], 
[0,2,1,4,5,8,3,6,9,7] and [0, 2, 1, 5, 9, 4, 3, 6, 7, 8] respectively. Furthermore, the makespan for these algorithms is 
24.31, 19.5, 18.12, and 17.5, respectively. 
As the experiment demonstrates, ELOA achieves improvements of 28.01%, 10.26%, and 3.42% compared to the Min-
Min, Max-Min, and AIGA algorithms. Figure 2 illustrates the task assignment schemes to virtual machines and 
corresponding makespan values for the Min-Min, Max-Min, AIGA, and ELOA algorithms.  
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a) Min-Min 

 
 

b) Max-Min 

 
 

c) AIGA 

 
 

d) ELOA 
 

Figure 2. Assignment of Tasks to VM Schemes and Makespan Using Algorithms 
 
5.2 Validation 
For a more comprehensive evaluation of the previously mentioned algorithms for the scheduling of task operations 
under cloud computing, a series of extensive sets of experiments was conducted using randomly generated diverse 
task lengths. These task lengths are detailed in Table 3, where each row represents a unique test case scenario, and 
each column corresponds to the length of a specific task. With this structured evaluation approach, a critical analysis 
of each algorithm's efficiency and robustness in terms of varying computational environments has been conducted.  
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Table 3. Task Lengths for the Test Cases Used in the Performance Evaluation of Algorithms 

 

 
Length of Tasks  Length of Tasks 

 1 2 3 4 5 6 7 8 9 10   1 2 3 4 5 6 7 8 9 10 

S
c
e
n
a
r
i
o
s 

1 27
3 

79
6 

92
8 

48
6 

71
9 

31
9 

92
0 

28
0 

81
2 

16
0 

S
c
e
n
a
r
i
o
s 

1
1 

26
4 

94
4 

41
7 

94
9 

96
6 

21
4 

81
3 

55
4 

24
6 

22
4 

2 10
9 

20
5 

24
4 

29
8 

42
5 

97
7 

65
9 

88
2 

70
9 

78
4 

1
2 

62
0 

71
0 

36
5 

63
4 

40
8 

75
9 

23
8 

83
1 

87
6 

23
9 

3 23
9 

97
1 

64
9 

47
9 

94
9 

16
4 

72
0 

96
4 

16
4 

57
0 

1
3 

77
1 

27
3 

86
7 

57
0 

44
9 

49
4 

48
6 

54
4 

20
8 

24
3 

4 48
9 

43
2 

74
9 

85
9 

21
0 

70
5 

30
4 

13
4 

30
0 

70
3 

1
4 

64
4 

63
2 

37
9 

67
4 

29
5 

39
8 

11
4 

29
9 

77
3 

68
2 

5 93
8 

72
6 

14
4 

56
5 

61
1 

13
0 

59
3 

83
6 

92
4 

41
1 

1
5 

30
7 

13
5 

68
1 

46
9 

72
8 

11
4 

84
7 

13
8 

73
9 

22
0 

6 47
5 

96
8 

87
3 

51
6 

77
6 

45
4 

14
0 

42
1 

59
1 

23
6 

1
6 

87
5 

67
2 

63
4 

91
4 

85
0 

31
1 

22
3 

18
4 

57
2 

28
1 

7 80
0 

93
6 

98
7 

21
4 

28
5 

36
0 

98
6 

52
4 

17
4 

22
0 

1
7 

37
4 

15
0 

14
8 

11
2 

11
7 

98
0 

63
5 

95
2 

12
0 

61
4 

8 74
6 

74
9 

92
8 

33
8 

99
2 

16
4 

71
9 

11
1 

24
5 

67
0 

1
8 

39
3 

31
9 

98
1 

29
9 

71
5 

84
9 

56
3 

49
1 

57
6 

42
1 

9 91
0 

65
0 

34
6 

16
5 

62
1 

77
7 

11
4 

47
5 

55
7 

25
5 

1
9 

72
6 

76
7 

35
7 

40
6 

97
2 

28
1 

16
4 

98
8 

87
2 

92
2 

1
0 

50
5 

86
3 

43
7 

78
2 

33
5 

80
5 

23
9 

44
0 

70
7 

23
2 

2
0 

65
3 

32
5 

54
8 

32
6 

25
6 

18
8 

48
4 

60
9 

90
2 

38
3 

Note: The table displays lengths for each of the 10 tasks across the 20 different test cases used in evaluating the algorithm 
performances. 
 
The makespan of all the algorithms under the test cases (mentioned in Table 3) is illustrated in Figure 3. In the figure, 
the x-axis represents the test case indexes, while the y-axis represents the makespan values of each case. It can clearly 
depict that ELOA consistently outperforms the others, with Max-Min closely following its results. This visualization 
offers key insights into the relative efficiency of these algorithms, assisting in the selection of optimal task-scheduling 
strategies. 
 

 
Figure 3. Comparative Performance of Algorithms Across Test Cases 

 
Figure 4 presents a pairwise scatter plot illustrating the performance outcomes of each algorithm across multiple test 
scenarios. This visualization effectively distinguishes the performance correlations and variations between the 
algorithms variations across the diverse conditions set forth in the experiments.  
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Figure 4. Comparison of Task Scheduling Algorithms 
 
For a further comparison of the difference between the Min-Min, Max-Min, and AIGA algorithms relative to ELOA, 
a boxplot was created, as represented in Figure 5. This visualization accentuates the outliers, median, and quartiles of 
performance variations, thereby delineating the spread and central tendency of each dataset. Additionally, it facilitates 
a comparative analysis that aids in evaluating the robustness and consistency of each algorithm across various 
computational scenarios. According to boxplot analysis, it can be observed that the difference between the Min-Min 
Algorithm and ELOA results shows higher variation than the Max-Min Algorithm and AIGA compared to ELOA. 
Max-Min and AIGA algorithms give closer results to ELOA. However, for interpreting outliers in the boxplot analysis, 
it can be observed that, despite their heuristic nature, Min-Min does not exhibit significant outliers, but Max-Min and 
AIGA may show larger deviations from ELOA in some cases. 
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Figure 5. Boxplot Analysis of Makespan Differences Among Algorithms 

6. Conclusion  
To minimize the computational costs and conserve energy, efficient allocation of resources and the minimization of 
the time required to complete all the tasks, i.e. makespan, is crucial in the realm of cloud task scheduling. Among the 
strategies employed to address these challenges are the heuristic algorithms Min-Min and Max-Min, as well as the 
bio-inspired AIGA. While ELOA demands substantial computational power, it excels in smaller projects where 
sufficient resources are available. In order to identify the most efficient task order while ensuring the best possible 
outcome, this algorithm takes a constructive approach by thoroughly evaluates all possible task sequence. However, 
its exhaustive nature makes it computationally intensive. Our findings indicate that while heuristic-based algorithms 
like Min-Min, Max-Min, and AIGA operate efficiently and help control computing costs, they don’t always guarantee 
the optimal solution. For smaller-scale projects where precision is paramount, ELOA is often the superior choice, as 
it rigorously evaluates all potential solutions to find the best one. Among the heuristic approaches, AIGA performs 
closely to ELOA, while the Max-Min algorithm also proves to be a strong alternative. Notably, the makespan 
difference between Min-Min and ELOA can fluctuate more significantly than that between Max-Min and ELOA, 
highlighting the varying performance of these strategies across different cloud computing scenarios 
Further research could explore hybrid algorithms that merge the efficiency of heuristic methods with the thoroughness 
of exhaustive approaches. These hybrids may provide a well-balanced trade-off between computational efficiency and 
solution accuracy, especially for medium- to large-scale applications. Additionally, evaluating these algorithms in 
edge computing environments—where data is processed closer to its source—could be advantageous, given the 
growing role of edge computing in reducing latency for cloud services. 
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