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ABSTRACT 
In a cloud computing environment, resource scheduling and load prediction are closely related concepts that are 

closely related to each other. The cloud environment is a virtualized, elastic computing platform that provides various 

computing resources to users through the network. The cloud environment can provide high scalability and flexibility 

to meet user demand for computing resources. Load prediction is based on historical data and models to predict and 

estimate the load in the cloud environment. Load usually refers to the user's demand for computing resources, such 

as CPU utilization, memory usage, network traffic, etc. The purpose of load prediction is to understand the future 

load situation in advance in order to plan and schedule resources in the cloud environment reasonably. Resource 

scheduling is the process of reasonably allocating and managing computing resources in a cloud environment. It is 

based on the results of load prediction, according to user needs and performance goals, dynamically allocating 

resources such as computing instances and storage to different tasks and users. The goal of resource scheduling is to 

optimize resource utilization, improve system performance, ensure service quality and meet user needs. Therefore, 

the cloud environment, resource scheduling and load prediction are interdependent. Load prediction provides 

information about future load conditions and provides a basis for resource scheduling decisions. Resource scheduling 

dynamically adjusts resource allocation based on load prediction results to meet the needs of different tasks and 

users. Through the coordinated work of load prediction and resource scheduling, resource utilization, performance 

and user experience in the cloud environment can be optimized. It should be noted that load prediction and resource 

scheduling are dynamic processes. Due to the uncertainty and variability of the load, prediction and scheduling need 

to be continuously monitored and adjusted to adapt to real-time demand and environmental changes. Therefore, load 

prediction and resource scheduling are important research and technical fields in the cloud computing environment, 

which are essential for improving the efficiency and performance of cloud services. 
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INTRODUCTION 

 

Resource scheduling refers to the reasonable allocation and management of resources in the cloud 

environment based on the current load situation and load forecasting results, to meet the needs of 

applications and optimize system performance (Nayak & Shetty, 2023). The goal of resource scheduling 

is to achieve efficient use of resources under limited resources, ensuring system availability, performance, 

and user experience. 

Load forecasting refers to the process of predicting and estimating the load situation for a future 

period of time in a computing system (Mamun et al., 2020). Load refers to the workload or request volume 

borne by the system, which can be computing tasks, network traffic, user requests, etc. The purpose of 

load forecasting is to effectively plan resources, optimize system performance, improve user experience, 

and meet the reliability and availability requirements of the system (Xu et al., 2022). 

Load forecasting provides an important reference for resource scheduling (Gao et al., 2020; 

Mapetu et al., 2021). By accurately predicting the load situation, resources can be allocated and adjusted 

in advance before load fluctuations occur, avoiding problems of resource shortage or waste. At the same 

time, load forecasting can also help resource scheduling algorithms better understand load patterns and 

trends, thereby formulating more reasonable scheduling strategies (J. Kumar & Singh, 2020). It can be 

said that to a certain extent, load forecasting is the basis for resource scheduling. 
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PROBLEM STATEMENT 

 

In the cloud environment, resource scheduling and load prediction still face many challenges. The cloud 

environment usually has the characteristics of large scale, heterogeneity and dynamic changes, so 

resource scheduling and load prediction face complex environmental and system requirements (Y. Chen 

et al., 2020; Fu & Zhou, 2020). It is necessary to consider multiple resource types, multiple task 

requirements, different performance indicators, etc., which increases the complexity of scheduling and 

prediction (Vashistha & Verma, 2020; Yadav et al., 2021). Load prediction involves estimating future 

loads, but due to the uncertainty and volatility of the load, accurately predicting future loads is still 

challenging (Hung et al., 2021; J. Kumar & Singh, 2021). The suddenness, instability and unpredictability 

of the load will affect the accuracy of load prediction. Load prediction and resource scheduling rely on 

historical data and real-time monitoring data. However, data quality issues such as incomplete data, data 

noise, data delay, etc., may affect the accuracy of prediction and the effectiveness of scheduling decisions. 

Load prediction and resource scheduling involve selecting appropriate algorithms and models and 

adjusting their parameters to adapt to specific environments and needs(Hou et al., 2021; Shen & Hong, 

2020). However, algorithm selection and parameter adjustment may face difficulties. It is necessary to 

comprehensively consider the performance and adaptability of different algorithms and adjust them 

according to actual conditions (Karmakar et al., 2020; Lin et al., 2020). The cloud environment usually 

requires real-time response and adjustment of resource allocation, so load prediction and resource 

scheduling need to be real-time. However, real-time requirements may increase the complexity of 

prediction and scheduling, while requiring higher computing and processing capabilities (Nanjappan & 

Albert, 2022). Resource scheduling needs to balance system performance and cost-effectiveness. For 

cloud service providers, it is necessary to maximize resource utilization and user experience while 

controlling costs and the efficiency of resource allocation. 

Therefore, this article reviews resource scheduling and load prediction in the cloud environment, 

finds research gaps and existing problems, and provides a theoretical basis for the feasibility of 

subsequent research. 

 

 

LITERATURE REVIEW – Resource Scheduling  

 

Resource scheduling is one of the research hotspots in the field of computer science and distributed 

systems. With the rapid development of technologies such as cloud computing, big data, and artificial 

intelligence, resource scheduling is facing increasingly complex and challenging problems (Wadhwa & 

Aron, 2022). These include the following aspects: 

Load imbalance: The goal of resource scheduling is to achieve load balancing, that is, to evenly 

distribute the load to various resources (Subhash & Udayakumar, 2021; Wadhwa & Aron, 2022). 

However, due to the dynamic and uncertain nature of the load, resource scheduling may lead to load 

imbalance problems, where some resources are overloaded while others are underloaded. This can lead 

to performance degradation, resource waste, and system instability. 

Inaccurate prediction: Resource scheduling usually relies on load prediction to predict future 

load trends and changes (Potu et al., 2021; Yuan et al., 2021). However, load prediction is a complex 

problem affected by multiple factors such as load fluctuations, seasonal changes, and abnormal events. 

Inaccurate predictions can lead to unreasonable resource allocation, inability to meet load demand or 

resource waste. 

Data center scale: As the scale of data centers continues to expand, resource scheduling faces greater 

challenges. Large-scale data centers involve a large number of resources and tasks. Scheduling algorithms 

and mechanisms need to be able to handle large-scale data and complex scheduling decisions (Geetha & 

Robin, 2021; Wu et al., 2021). In addition, cross-data center resource scheduling and collaboration are 

also important issues. 
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Dynamism and real-time: Resource scheduling needs to monitor the status of loads and 

resources in real-time and make corresponding scheduling decisions (Geetha & Robin, 2021; Tianqing 

et al., 2022). However, the dynamic nature of loads and resources makes the scheduling process complex 

and challenging. Scheduling algorithms need to have real-time response capabilities to adapt to load 

changes and quickly adjust resource allocation. 

Multi-dimensional constraints: Resource scheduling usually involves multiple constraints such 

as resource capacity, network bandwidth, service quality requirements, etc. Considering multiple 

constraints at the same time may make the scheduling problem complex and NP-hard (Huang et al., 2022; 

Singhal & Singhal, 2021). Therefore, designing efficient multi-dimensional scheduling algorithms and 

strategies is a challenging problem. 

High energy consumption and green computing: With the increasing prominence of energy 

issues, resource scheduling needs to consider energy efficiency and green computing. Unreasonable 

allocation of resources by resource scheduling may lead to energy waste and high energy consumption 

(Fan et al., 2021; Strumberger et al., 2019). Therefore, it is necessary to design energy-saving scheduling 

algorithms and strategies to reduce system energy consumption. At present, many resource scheduling 

algorithms have been proposed and studied to meet the resource scheduling needs in different scenarios. 

Load-balancing-based scheduling algorithms: Load balancing is one of the core goals of 

resource scheduling (Y. L. Chen et al., 2021; Zheng et al., 2011). Researchers have proposed various load 

balancing algorithms such as shortest job execution time-based, least connections-based, weighted round-

robin-based etc. These algorithms achieve load balancing by reasonably allocating tasks or requests to 

different resources. 

Prediction-based scheduling algorithms: Prediction-based scheduling algorithms use load 

prediction technology to predict future load conditions and make resource scheduling decisions based on 

prediction results (Jain et al., 2022). Common prediction algorithms include time series analysis (such as 

ARIMA models), machine learning (such as regression models, neural networks), and deep learning 

(such as recurrent neural networks). These algorithms achieve reasonable resource allocation and load 

balancing by predicting future loads. 

Priority-based scheduling algorithms: Priority-based scheduling algorithms prioritize tasks 

based on their priority or importance and schedule them accordingly (Khodar et al., 2019). These 

algorithms prioritize high-priority tasks based on factors such as urgency, importance, deadline etc., 

allocating resources first in order to meet task requirements and system performance requirements. 

Heuristic-based scheduling algorithms: Heuristic-based scheduling algorithms use heuristic 

strategies based on experience and rules for resource scheduling (Javadpour et al., 2022). These 

algorithms are usually based on some heuristic criteria such as Minimum Slack First (MSF) algorithm or 

Maximum Slack First (MaxSF) algorithm etc. Heuristic-based scheduling algorithms usually have low 

computational complexity and fast scheduling speed. 

Genetic algorithm-based scheduling algorithms: Genetic algorithm is an optimization algorithm 

based on evolutionary ideas applied to resource scheduling problems (J. Kumar & Singh, 2020). These 

algorithms optimize resource scheduling solutions by simulating biological evolution processes. Genetic 

algorithm has global search capability which can find better solutions for schedule optimization. 

Machine learning-based scheduling algorithms: In recent years machine learning technology has been 

widely used in resource scheduling (Fu & Zhou, 2020). Researchers use machine learning algorithms 

such as decision trees, support vector machines or random forests etc., learning from historical data about 

how best to schedule resources. 
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Table 1: SWOT Analysis of existing Resource Scheduling Algorithm 
 Algorithm Strengths Weaknesses Opportunities Threats 

1 Scheduling 

Algorithm 

Based on Load 

Balancing 

(Lavanya et 

al., 2020) 

To achieve a 

balanced 

distribution of tasks 

or requests to 

various resources, 

improve resource 

utilization, reduce 

the load pressure on 

individual 

resources, improve 

system 

performance, and 

have a certain 

degree of elastic 

adaptability. 

This method may 

introduce certain 

scheduling 

overhead, 

adaptive 

limitations, and 

may lack 

optimization for 

other constraints, 

such as energy 

efficiency and 

network 

bandwidth. 

With the 

development of 

technologies such 

as machine 

learning and deep 

learning, there is 

an opportunity to 

apply these 

technologies to 

load balancing-

based scheduling 

algorithms to 

improve load 

prediction 

accuracy and 

scheduling 

effectiveness. 

Optimization is 

performed on the 

basis of 

considering 

multiple 

constraints. 

Some load 

balancing 

algorithms may 

face challenges in 

complexity and 

scalability when 

dealing with large-

scale systems or 

complex 

scenarios. 

2 Scheduling 

Algorithm 

Based on 

Prediction 

(Li et al., 

2020) 

It is possible to 

accurately predict 

future load trends 

based on historical 

data and predictive 

models, improving 

the effectiveness of 

resource scheduling 

and planning in 

advance. 

Due to the 

uncertainty and 

complexity of load 

changes, there 

may be prediction 

errors, resulting in 

inaccurate 

resource 

scheduling. It is 

not possible to 

respond to sudden 

load changes in 

real time. 

The prediction 

model can be 

improved to 

increase the 

accuracy and 

timeliness of 

predictions. 

Combined with 

other constraints, 

multi-dimensional 

resource 

scheduling 

optimization can 

be performed. 

The prediction 

model needs to be 

updated in a 

timely manner to 

adapt to changing 

load patterns and 

environments, but 

the cost and 

frequency of 

model updates 

may have a 

negative impact on 

system 

performance. 

3 Priority-Based 

Scheduling 

Algorithm 

(Wang et al., 

2020) 

Resources can be 

allocated 

reasonably 

according to the 

priority or 

importance of tasks 

to ensure that high-

priority tasks are 

met in a timely 

manner, providing 

good service quality 

and meeting the 

deadline and 

performance 

requirements of 

tasks. 

The priorities of 

different tasks 

may conflict, 

requiring a 

balance of 

priorities between 

different tasks, 

which may result 

in a decrease in the 

performance of 

some tasks, may 

not be able to 

flexibly adapt to 

dynamic loads and 

changing 

environments, and 

limit the 

By combining 

machine learning 

and adaptive 

algorithms, the 

priority of tasks 

can be intelligently 

adjusted to adapt 

to dynamic loads 

and environmental 

changes. 

This may lead to 

the problem of 

unfair resource 

allocation, where 

low-priority tasks 

may be ignored or 

not met for a long 

time. 
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applicability of the 

algorithm. 

4 Heuristic 

Scheduling 

Algorithm 

(Zhang et al., 

2021) 

With lower 

computational 

complexity and 

faster scheduling 

speed, it can quickly 

respond to load 

changes. Based on 

experience and 

rules, it usually has 

good 

interpretability, 

easy to understand 

and adjust. 

Usually based on 

fixed rules and 

strategies, lacking 

self-learning and 

adaptive 

capabilities, it is 

difficult to adapt 

to complex load 

patterns and 

environmental 

changes. It may 

fall into a local 

optimum and 

cannot globally 

optimize resource 

scheduling 

problems. 

Combining with 

reinforcement 

learning 

algorithms, the 

heuristic algorithm 

has the ability to 

learn and 

optimize, 

improving the 

quality and 

adaptability of 

scheduling 

decisions. 

Combining 

heuristic 

algorithms with 

other scheduling 

algorithms, fully 

utilizing their 

respective 

advantages, and 

improving 

scheduling effects 

and performance. 

Performance and 

effectiveness 

highly depend on 

the selection of 

appropriate 

heuristic rules and 

parameters, and 

improper selection 

may lead to a 

decline in 

performance. 

5 Scheduling 

Algorithm 

Based on 

Genetic 

Algorithm 

(Saif et al., 

2021) 

It has global search 

capabilities and can 

find better 

scheduling 

solutions. Through 

crossover and 

mutation 

operations, it can 

maintain the 

diversity of the 

population and 

avoid falling into 

local optima. 

It usually takes a 

long time to 

evolve and 

optimize, and is 

not suitable for 

real-time 

scheduling 

scenarios. The 

performance of 

the genetic 

algorithm highly 

depends on the 

selection of 

appropriate 

parameter 

settings, and 

improper 

parameter 

selection may lead 

to a decline in 

performance. 

By improving the 

crossover, 

mutation, and 

selection operators 

of the genetic 

algorithm, as well 

as optimizing the 

scheduling 

strategy, the 

performance of the 

genetic algorithm 

in resource 

scheduling can be 

improved. 

Combining the 

genetic algorithm 

with parallel 

computing and 

distributed 

architecture can 

improve the 

efficiency and 

scalability of the 

algorithm. 

The performance 

and results of the 

genetic algorithm 

largely depend on 

the selection of 

appropriate 

genetic algorithm 

parameters, and 

improper selection 

may lead to a 

decline in 

performance. 

6 Scheduling 

Algorithm 

Based on 

Machine 

Learning 

Able to learn from 

historical data, 

extract patterns and 

rules, and optimize 

scheduling 

decisions. Machine 

The demand for a 

large amount of 

high-quality 

training data is 

high. If the data 

quality is poor or 

By using transfer 

learning 

techniques, 

existing models 

and knowledge 

can be utilized in 

Machine learning 

algorithms have a 

high dependence 

on high-quality 

training data. If the 

data quality is 
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(Rani & 

Geethakumari

, 2021) 

learning algorithms 

have a certain 

adaptability and can 

update and adjust 

models based on 

new data and 

environmental 

changes. 

insufficient, it may 

affect the 

performance of 

the algorithm. 

Some machine 

learning 

algorithms may 

lack 

interpretability, 

making it difficult 

to explain and 

understand the 

decision-making 

process and results 

of the algorithm. 

different 

environments and 

domains to 

accelerate the 

training and 

optimization 

process of 

scheduling 

algorithms. 

poor or 

insufficient, it may 

affect the 

performance and 

prediction 

accuracy of the 

algorithm. 

 

The review presented in Table 1 has identified a number of weaknesses and issues with current and 

existing algorithms. Major issues are listed as:  

 

i. Lack of optimization constraints in energy efficiency and network bandwidth. 

ii. Uncertainty and complexity of load changes,  

iii. Prediction errors,  

iv. Inaccurate resource scheduling.  

v. Inability to respond to sudden load changes in real time. 

vi. Conflict of priorities and balance between different tasks may conflict,  

vii. Decreased adaption flexibility to dynamic loads and changing environments, 

viii. Based on fixed rules and strategies,  

ix. Lack of self-learning and adaptive capabilities,  

x. Risk of falling into a local optimum and might not globally optimize resource scheduling 

problems. 

xi. Long time to evolve and optimize,  

xii. Not suitable for real-time scheduling scenarios.  

xiii. High dependence on the selection of appropriate parameter settings,  

xiv. Lack of interpretability, making it difficult to explain and understand the decision-making process 

and results. 

 

 

LITERATURE REVIEW – Load Prediction 

 

Load forecasting refers to the process of predicting the future load situation of a system based on 

historical data and models. In cloud computing environments, load forecasting is an important component 

of resource scheduling. The accuracy of load forecasting directly affects the effectiveness of resource 

scheduling and system performance (Y. Chen et al., 2020) . The research on load forecasting mainly 

focuses on the following aspects: 

 

i. Prediction methods: There are various methods for load prediction, including time series analysis, 

machine learning methods, statistical methods, etc. (Yadav et al., 2021; Zhang et al., 2021). Time 

series analysis methods are commonly used for load forecasting, which can capture the trend and 

seasonality of load changes over time. Machine learning methods such as neural networks, support 

vector machines, etc. are also widely used in load prediction. These methods can handle complex 

load patterns and have high prediction accuracy. 
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ii. Data source: Load forecasting relies on high-quality data. The data sources usually include 

historical load data, real-time monitoring data, etc. (M. Kumar & Sharma, 2020; Niri et al., 2020). 

However, data quality issues such as incomplete data, noise, and latency may affect the accuracy 

of load forecasting. Therefore, when conducting load prediction, data pre-processing is necessary, 

such as data cleaning, feature selection, etc. 

iii. Prediction accuracy: The accuracy of load prediction is an important indicator to measure its 

effectiveness. High precision load forecasting can provide accurate information for resource 

scheduling, thereby optimizing resource allocation and improving system performance (Rani & 

Geethakumari, 2021). However, due to the complexity and unpredictability of the load, the 

accuracy of load prediction still faces challenges. In order to improve prediction accuracy, 

researchers have proposed various improvement methods, such as combination prediction, 

ensemble learning, etc. 

iv. Time range of prediction: Load prediction can be short-term prediction, medium-term prediction, 

or long-term prediction. The application of predictions in resource scheduling varies across 

different time ranges (Cao et al., 2022; Zhang et al., 2021). Short term forecasting is typically used 

for real-time resource scheduling, while long-term forecasting is used for resource planning and 

management. Choosing an appropriate prediction time range can improve the efficiency and 

accuracy of resource scheduling. 

v. Load pattern recognition: An important task in load prediction is to identify load patterns. Load 

mode refers to the pattern and characteristics of load changes over time. By identifying load 

patterns, the dynamic characteristics of loads can be better understood, thereby improving 

prediction accuracy (Chicco, 2021; Gawlikowski Student Member et al., 2021) . The methods of 

load pattern recognition include clustering analysis, pattern matching, etc. 

 

 

METHODOLOGY 

 

This article adopts the literature analysis method to summarize the research status, existing problems, 

and future research directions of resource scheduling and load forecasting in cloud environments through 

the study and analysis of relevant literature. Firstly, by searching relevant academic papers, conference 

papers, technical reports, and other literature, a large amount of information related to resource 

scheduling and load forecasting was obtained. Then, the content analysis method is used to classify and 

organize this literature, identifying key issues and challenges in resource scheduling and load forecasting. 

Finally, based on the characteristics of cloud computing environments, future research directions and 

possible solutions are proposed. 

 

 

RESULTS AND DISCUSSION 

 

Through the analysis of literature, this article summarizes several key issues and challenges in resource 

scheduling and load forecasting in cloud environments. Firstly, the accuracy of load forecasting directly 

affects the effectiveness of resource scheduling. In order to improve the accuracy of load forecasting, it 

is necessary to adopt more advanced forecasting models and combine multiple forecasting methods. 

Secondly, resource scheduling needs to consider multidimensional constraints such as resource capacity, 

network bandwidth, and service quality requirements. The complexity of these constraints increases the 

difficulty of resource scheduling. In addition, with the continuous expansion of data center scale, resource 

scheduling is facing greater challenges. Therefore, future research should focus on developing resource 

scheduling algorithms and mechanisms that can handle large-scale data and complex constraints. 
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CONCLUSION 

 

This article provides an overview of resource scheduling and load forecasting in cloud environments, 

identifies existing research problems and challenges, and proposes future research directions. Firstly, the 

accuracy of load forecasting is a key factor affecting the effectiveness of resource scheduling. Therefore, 

future research should focus on developing more accurate predictive models and methods. Secondly, 

resource scheduling needs to consider multidimensional constraints such as resource capacity, network 

bandwidth, and service quality requirements. Therefore, researchers need to develop scheduling 

algorithms that can handle these complex constraints. Finally, with the continuous expansion of data 

center scale, the challenges faced by resource scheduling are also increasing. Future research should focus 

on developing resource scheduling mechanisms that can handle large-scale data and complex 

environments. Overall, by discussing resource scheduling and load forecasting and their related 

algorithms, the advantages and limitations of different algorithms in practical applications are 

summarized. The research and development of resource scheduling and load forecasting is crucial for 

improving the efficiency and reliability of cloud computing systems and is a field that needs to be 

continuously developed. 
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