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ABSTRACT 

 
The problem of load balancing has become one of the primary aspects of 

cloud computing because of the asymmetry of the allocation of duties, 

which may lead to an inefficient use of resources and breakdown of 

performance. Despite the various scheduling techniques that have been 

expounded, there is a desire to continue and have simpler and adaptive 

techniques, which can be able to operate effectively with huge and dynamic 

workloads. This study evaluates a load-aware scheduling approach designed 

to improve workload distribution across virtual machines in a cloud 

environment. A large-scale task scheduling dataset was preprocessed to 

construct job-level workloads, resulting in 80,000 jobs for analysis. Jobs 

were ordered by submission time and assigned to virtual machines in a 

simulation framework. The proposed method dynamically assigns each 

incoming job to the virtual machine with the minimum current load. Its 

performance was compared with First-Come-First-Serve (FCFS) and Round 

Robin scheduling using load variance, standard deviation, and fairness 

index. The results show that the load-aware approach significantly reduces 

workload imbalance, achieving approximately 99.9% reduction in load 

variance and over 96% reduction in standard deviation compared to both 

baseline methods. It also attains the highest fairness index, indicating a 

more uniform distribution across virtual machines. These findings suggest 

that simple load-aware scheduling can effectively improve resource 

distribution without introducing additional computational complexity, 

making it a practical solution for large-scale cloud environments. 
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1. Introduction 

Cloud computing has emerged as a new paradigm of providing scalable on-demand computation 

resources for a wide spectrum of applications. Its flexibility in terms of infrastructure has made it 

especially appropriate in data-oriented and distributed systems, such as current e-learning systems 

and enterprise services (Eljak et al., 2023). With the growing use of cloud systems, the need to 

ensure efficient use of resources has grown with it, especially where large and heterogeneous 

workloads exist. Reliability, availability and secure access are among the most important design 

factors in cloud environments, which affect the performance of the system and user experiences. 

This is a crucial challenge in terms of maintaining high availability as well as managing dynamic 

workloads, particularly in cases where resources that are shared need to serve several users 

(Mesbahi et al., 2018). Furthermore, the complexity of distributed resource management increases 

as evolving security frameworks, including zero-trust architecture, are becoming a norm in 

managing security, which is why efficient scheduling and resource allocation strategies are 

important (Mehraj & Banday, 2020). In the sense of this context, task scheduling is a key factor that 

defines the manner in which the workloads are allocated and implemented over the computing 

resources that are available. The task scheduling within cloud and distributed systems entails 

allocating jobs or tasks to computational nodes in a way that increases the performance of the 

systems. The scheduling techniques have been proposed to deal with various forms of workloads, 

especially the complex and large-scale distributed environments (Stavrinides & Karatza, 2018). In 

real-life situations, how to schedule the work should take into consideration the variability of 

workload, heterogeneity of resources and dynamism of the jobs. The related areas, including 

intelligent manufacturing systems, also face such difficulties as distributed scheduling problems 

necessitating the effective coordination of various processing units (Fu et al., 2021). On the same 

note, deadline-sensitive scheduling in an edge computing environment underlines the senses of 

adjusting scheduling strategies to system constraints and workload features (Zhu et al., 2018). 

Load balancing is closely correlated with scheduling and is necessary in the process of even 

distribution of workloads among the available resources. A successful load balancing enhances 

throughput in systems, minimizes execution delays, as well as eliminating bottlenecks of resources. 

The topic of load balancing methods in cloud computing has been examined in many works, where 

the author focuses on the issue of performance and scalability (Shafiq et al., 2022). The detailed 

reviews have also shown that the available methods are quite different in their complexity, flexibility, 

and functionality under the conditions of various workloads (Lohumi et al., 2023). In spite of these 

endeavors, there has been a consistent problem in ensuring uniformity in the distribution of loads in 

dynamic environments. The available load balancing and scheduling strategies may be broadly 

classified as both static and dynamic. The assignments that are made by first-come-first-served 

(FCFS) are classified under the category of static methods since they assign tasks according to the 

order of arrival without reference to prevailing conditions in the system. Dynamic scheduling 

methods, such as Round Robin, are trying to allocate tasks more fairly, but still can be ineffective in 

taking into consideration workload change (Sharma et al., 2021). More recent approaches are either 

predictive or adaptive; these are more likely to incur additional cost in computation and/or are built 

upon such complex models that they are not practical with large-scale systems (Ala’Anzy & 

Othman, 2019). Additionally, the fact that fault tolerance may also be considered and system 

reliability is another issue that contributes to the complexity of scheduling decisions, especially in 

distributed settings (Shahid et al., 2020). There are also a number of studies that concentrate on task 

scheduling algorithms tailored towards cloud computing settings, which point to the significance of 

efficiency to simplicity in scheduling design (Ibrahim et al., 2021). Although these strategies offer 

meaningful information, there is still a necessity for methods that will be able to cope with a high 

workload in large numbers without bringing unwarranted complexity. Especially, the less complex 

load-aware strategies that dynamically respond to the system state and yet retain low computational 

complexity have been relatively less studied. 

Referring to this observation, the research gap that will be used in this study is the scarcity in the 

literature regarding effective, but lightweight scheduling strategies that could be used to implement 
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efficient load balancing in large-scale cloud environments. Although the present methods are mostly 

aimed at optimization, or some advanced modeling tools, the effectiveness of the simplest, 

dynamically adaptive approaches under realistic workload conditions should also be considered. 

This research project will aim at creating and testing a load-sensitive scheduling method, which 

allocates jobs depending on the actual load of virtual machines. The proposed method is evaluated 

with the comparison of the baseline strategies, such as FCFS and Round Robin, with the help of the 

key performance indicators, such as load variance, standard deviation, and fairness index. With the 

emphasis laid on the workload distribution peculiarities, the study will offer information on the 

efficiency of the simple dynamic scheduling strategies regarding the resource utilization and system 

balance. 

 

2. Methodology 

2.1 Data Source and Preprocessing 

The research relies on a publicly available dataset of planned instances of tasks in edge-cloud 

settings (Dollinger & Caillard, 2025). Both job-based and task-based contents are available in the 

data set, e.g. resource requirements and submission times. 

Preprocessing was done to create a job-level representation that can be used to analyze the 

scheduling. Task-level resource requirements were aggregated to obtain the total workload for each 

job. The workload of a job is defined as: 

𝑜𝑘𝑜𝑑() = 𝑃 + 𝐴 + 𝑡𝑜𝑔 

After preprocessing, 80,000 jobs were retained for analysis. Jobs were ordered based on submission 

time to simulate the arrival sequence. 

2.2 System Model 

The system is modeled as a set of virtual machines  = {1, 2, . . . , }that processes incoming jobs. A VM has 

a cumulative load, which is defined as the cumulative number of workloads that are assigned to it. 
The number of virtual machines is determined as: 

 = 

where  is the number of jobs. All VMs are initialized with zero load, and jobs are assigned 

sequentially according to the scheduling policy. 

 

2.3 Scheduling Strategies 

2.3.1 Load-Aware Scheduling 

In the suggested solution, every incoming job is allocated to the virtual machine with the least 

current load. The assignment is dynamic and updated in relation to every allocation. 

 

Algorithm 1. Load-Aware Scheduling 

Input: Job list J, VM list V, workload of each job 

Output: Job allocation across VMs 

1. Initialize load of all VMs to zero 

2. Sort jobs based on submission time 

3. For each job in J do 

4. Identify VM with minimum current load 

5. Assign the job to that VM 

6. Update the load of the selected VM 

7. End for 

8. Return final allocation 
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𝑘 

2.3.2 Baseline Methods 

Comparison is done using two baseline strategies. In the First-Come-First-Serve (FCFS) method, 

the jobs are allocated in a sequence determined by the order of arrival without paying attention to 

the current load of the virtual machines. The Round Robin strategy is used when the distribution of 

jobs to the virtual machines is done cyclically so that there is a balanced distribution of the jobs 

among the virtual machines, but not the workload. 

 

2.4 Performance Metrics 

The following metrics are used to evaluate load balancing: 
Load Variance 

 

𝑛 = 
1 
∑ (𝑜𝑑(  ) − 𝑜 𝑑)2 

 

 
Standard Deviation 

 
 

 𝑘 
𝑘=1 

 = 
 

Jain’s Fairness Index  
∑𝑜𝑑(𝑘) 2 

 

 
2.5 Experimental Setup 

 = 
 ⋅ ∑𝑜𝑑( )2 

Every procedure was assessed in the same conditions. The work was done in submission order, and 

the allocation of work was done based on each of the scheduling strategies. The evaluation metrics 

were computed using the resulting VM loads. 

 

3. Results 

3.1 Comparative Performance of Scheduling Algorithms 

The proposed scheduling algorithm based on Load Awareness was tested and compared with the 

performance of First-Come-First-Serve (FCFS) and Round Robin (RR) scheduling algorithms based 

on the performance evaluation of a dataset holding 80,000 jobs. The comparison will be based on 

the major load balancing indicators, such as load variance, standard deviation, and fairness index. 

Table 1 summarizes the overall results. The values of load variance in both FCFS and Round Robin 

are high (1015), and this is indicative of a high imbalance in the workload allocation in virtual 

machines. Conversely, the Load-Aware algorithm decreases the variance to about 1012, showing a 

significantly better distribution of loads. 

 

Table 1. Scheduling Performance Comparison 

Algorithm Load Variance Std Deviation Fairness Index 

FCFS 3.12e+15 5.58e+07 0.999436 

Round Robin 3.07e+15 5.54e+07 0.999444 

Load-Aware 3.11e+12 1.76e+06 0.999999 

 

The variations in the load variance can also be shown in Figure 1, where the values are given in a 

logarithmic scale to demonstrate the amount of variation among the scheduling algorithms. The 

Load-Aware algorithm has a much lower variance compared to FCFS and Round Robin. Figure 2 

presents the comparison of the standard deviation of the load, where it can be noted that there is a 

significant decrease in the load dispersion when the proposed method is used. 
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Figure 1. Comparison of Load Variance Across Scheduling Algorithms (Logarithmic Scale) 
 

Figure 2. Comparison of Load Standard Deviation Across Scheduling Algorithms 

(Logarithmic Scale) 

 

3.2 Quantitative Improvement Analysis 

In order to measure the effectiveness of the suggested algorithm, the percentage of improvements in 

comparison to the baseline approaches was computed and is shown in Table 2. 

Table 2. Percentage Improvement of Load-Aware Algorithm 

Comparison 
Variance 

Reduction (%) 

Std Dev 
Reduction (%) 

Fairness 

Improvement (%) 

Load-Aware vs FCFS 99.9003 96.8424 0.0563 

Load-Aware vs Round 

Robin 
99.8989 96.8203 0.0556 
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Results show that the Load-Aware algorithm attains about 99.9% reduction in load variance and 

above 96% reduction in standard deviation as opposed to both the baseline methods. There is also a 

slight increase in the fairness index. 

 

3.3 Load Distribution Characteristics 

The virtual machines' workload distribution statistics are summed up in Table 3. 

Table 3. VM Load Distribution Statistics 

Algorithm Min Load Max Load Mean Load Std Dev 

FCFS 2.14e+09 2.48e+09 2.35e+09 5.54e+07 

Round Robin 2.14e+09 2.48e+09 2.35e+09 5.54e+07 

Load-Aware 2.35e+09 2.36e+09 2.35e+09 1.76e+06 

 

Figure 3 represents the allocation of workloads among virtual machines. The FCFS algorithm 

generates a larger range of load values as compared to the Load-Aware algorithm, which generates a 

narrow range symbolizing more balanced loads allocated. 

 

Figure 3. Distribution of Virtual Machine Load Under FCFS and Load-Aware Scheduling 

 

3.4 Fairness Evaluation 

Figure 4 provides the fairness of workload distribution that compares the fairness index of all the 

scheduling algorithms. Although all the methods have high values of fairness, the Load-Aware 

algorithm gets the closest value to 1, which means that there is a more balanced distribution among 

the virtual machines. 
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Figure 4. Fairness Index Comparison of Scheduling Algorithms 

 

4. Discussion 

The findings prove the evident better workload allocation in the case of the load-sensitive 

scheduling approach than in FCFS and Round Robin. The significant decrease in the load variance 

and standard deviation is evidence of the fact that the approach in question is quite effective in terms 

of reducing imbalance among the virtual machines. The load-aware mechanism differs from the 

baseline methods in that jobs are allocated without taking into account the current system state, 

which is continually modified in accordance with the changing workload distribution. This dynamic 

re-allocation ensures that tasks are not accumulated in certain machines and leads to the distribution 

of tasks in a more even manner. This observation is also supported by the distribution characteristics. 

The small difference between minimum and maximum load values and the concentrated distribution 

indicate that the scheduling process is consistent throughout the system. Conversely, the greater 

diffusion in FCFS and Round Robin denotes the failure to consider the variations in workload level. 

Although fairness values are comparably high in all the methods, the enhancement in the load-aware 

approach is in line with its lower dispersion, meaning the balance that has been attained is not 

random but rather enforced. 

The noted improvements can be attributed to the current literature, which highlights the need to 

include load information in scheduling decisions. Explicitly taking into account the load in the 

system when assigning tasks has been demonstrated to improve the efficiency of the distribution and 

improve imbalance (Chiang et al., 2023). Likewise, the allocation decisions based on the system 

state take on an improved form of balancing with the optimization-based scheduling techniques like 

particle swarm optimization techniques (Ebadifard and Babamir, 2018). Balancing between various 

demands on resources and being stable is an important matter that has to be considered when it 

comes to successful scheduling in a heterogeneous cloud environment. In the past, it has been noted 

that load-aware allocation is at the center stage in ensuring such a balance, especially in cases where 

the workloads differ significantly (Lin et al., 2019). There is also evidence showing that resource 

scheduling techniques with in-built load balancing techniques enhance service provisioning and 

system performance (Priya et al., 2019). 

Simultaneously, straightforward load balancing solutions have been identified as feasible solutions 

in the context of large-scale settings where the computational overhead should be reduced as much 

as possible (Kaur & Dhindsa, 2018). More sophisticated tools, such as hybrid and multi-objective 

optimization methods, can also be further improved but tend to offer more complexity (Kruekaew 

and Kimpan, 2022). Energy-conscious and threshold-based scheduling methods also show that 
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decision balancing affects the overall system behavior that is not dependent on workload allocation 

(Malik et al., 2021). The reliability-oriented approaches extend this argument and integrate system 

robustness into load balancing (Sefati et al., 2022). The current results are consistent with this 

literature as they establish that load-sensitive scheduling enhances the efficiency of distribution. 

Meanwhile, they emphasize that with the help of a comparatively straightforward allocation strategy, 

meaningful gains may be made without the involvement of the complicated optimization systems. 

The findings have real-life applications to cloud resource management. The decrease in workload 

imbalance indicates that load-conscious scheduling has the potential to make the system behavior 

more stable by avoiding local overload scenarios. This would be able to assist in better utilization of 

resources and minimize the probability of bottlenecks in performance. The ease of the strategy used 

in scheduling is also quite remarkable in terms of implementation. The method is based on the 

current load alone, so it is possible to adopt it in existing systems without a high computational load. 

This renders it appropriate in large-scale environments in which scalability and efficiency are vital 

factors to be considered. Also, the uniformity in the distribution between the virtual machines 

suggests that such a solution can normalize the performance of the system, which is crucial in 

ensuring the achievement of the quality of the services in the dynamic cloud environment. 

Although the improvements have been observed, a number of limitations are to be considered. This 

was tested on the basis of a simulation-based model where workload is aggregated, and this makes 

the real cloud system complex to evaluate. Resource demands were aggregated into one measure of 

workload, which is not a complete representation of the interaction of resources in a 

multidimensional way, like CPU, memory, and storage. The two baseline scheduling strategies were 

compared. In spite of the fact that FCFS and Round Robin are useful sources of reference, more 

advanced types of scheduling can be more profoundly assessed. The load balancing measures were 

also used to analyze and not in other performance factors such as the execution time, energy 

consumption and fault tolerance. The deficiencies may be addressed in future through the 

introduction of multidimensional resource modelling and analysis of the scheduling strategy in more 

complex and dynamic environments. Another extrapolation of the approach of also considering 

other performance objectives, such as energy efficiency or reliability, would provide a more global 

assessment of its relevance to real-life cloud systems. 

 

5. Conclusion 

Another major issue that is of concern as far as performance is concerned in cloud computing 

environments is load balancing, particularly in cases where the workload is variable and large. The 

findings suggest that the fundamental load-conscious scheduling method may help dramatically 

improve the workload distribution compared to FCFS and Round Robin. The suggested approach 

showed much less load dispersion and standard deviation during the entire workload of the analyzed 

workload, and a larger fairness index. These results indicate that existing VM load can be taken into 

account in the allocation decisions to improve the balance without the necessity to resort to complex 

optimization processes. The article substantiates the truth that small-scale scheduling reasoning can 

contribute significantly to lifting the giant cloud environment. In the meantime, the findings are to 

be presented on the background of the simulation design and selected appraisal metrics. Future 

research ought to investigate the approach with multidimensional resource limitations and extended 

performance levels, such as time of execution, energy consumption, and dependability. In general, 

the findings are in favor of the application of simple adaptive scheduling policies as a viable course 

of action to enhance load balancing in cloud computing systems. 
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