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Abstract- In the realm of big data processing, Hadoop clusters play a pivotal role. However, the increasing energy 

demand and the need for efficient resource utilization in these clusters remain a challenge. This research 

introduces a novel resource-aware scheduling algorithm aimed at enhancing the performance and energy 

efficiency of heterogeneous Hadoop clusters. Unlike conventional scheduling algorithms that overlook the varied 

capabilities of individual nodes, our algorithm dynamically assigns tasks based on real-time resource availability 

and node-specific performance metrics. The algorithm profiles each node for CPU, memory, disk, and network 

capabilities, and tasks are characterized by their resource demands to ensure a precise match during scheduling. 

Experimental results, derived from a series of benchmarks on a simulated Hadoop environment, indicate a 

significant improvement in resource utilization and energy efficiency. The proposed algorithm not only reduces 

the overall energy consumption by optimizing task allocation but also decreases the task completion time, 

thereby increasing throughput. These advancements contribute to a sustainable and cost-effective operation of 

Hadoop clusters, which is crucial for energy-intensive big data processes. The implications of this research are 

profound, offering a scalable solution that can adapt to the evolving landscape of data analytics infrastructure. 

 

Index Terms- Hadoop Clusters, Big Data Processing, Resource-Aware Scheduling, Heterogeneous Computing, 

Energy Efficiency, Performance Optimization, Task Allocation, Node Profiling. 

 

I. INTRODUCTION  

In the rapidly evolving domain of big data analytics, Hadoop clusters have emerged as a cornerstone technology, 

facilitating efficient processing of vast data sets. The scalability and flexibility offered by Hadoop make it an 

indispensable tool for businesses and researchers alike. However, as data volumes continue to soar, Hadoop clusters 

face significant challenges, particularly in terms of energy consumption and optimal resource utilization. The 

heterogeneous nature of these clusters, comprising nodes with varying capabilities, adds another layer of complexity to 

efficient resource management. 

Traditional scheduling algorithms in Hadoop clusters often adopt a one-size-fits-all approach, treating all nodes as 

uniform entities, thereby overlooking the unique characteristics and performance capabilities of individual nodes. This 

leads to suboptimal task allocation, underutilization of resources, and increased energy consumption — all of which are 

antithetical to the demands of modern, energy-conscious data processing environments. 

Recognizing this gap, our research introduces a novel scheduling algorithm specifically designed for heterogeneous 

Hadoop clusters. This dynamic resource-aware scheduling algorithm leverages the distinct attributes of each node, 

aligning task characteristics with node capabilities. By doing so, it aims to optimize task execution efficiency, reduce 

energy consumption, and improve overall cluster performance. This approach not only addresses the immediate need 

for more energy-efficient data processing but also contributes to the sustainability goals of large-scale computing 

environments. 

Our study begins by examining the limitations of existing scheduling strategies in Hadoop clusters, followed by a 

detailed exploration of how a dynamic, resource-aware approach can effectively address these challenges. We then 

present the methodology behind our algorithm, emphasizing its adaptability to diverse computing environments and 

varying workload demands. Subsequent sections of the paper delve into the experimental setup, including the Hadoop 

cluster configuration and benchmarking tools used to evaluate the algorithm's performance. The results section provides 

a comprehensive analysis of the algorithm's impact on resource utilization, energy efficiency, and task throughput, 

compared against traditional scheduling methods. 

In concluding, the paper discusses the broader implications of our findings for the future of big data processing, 

highlighting how resource-aware scheduling can be a game-changer in optimizing the performance of heterogeneous 

Hadoop clusters. 

. 
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II. BACKGROUND 

Wherever The advent of big data has revolutionized numerous fields, ranging from business intelligence to scientific 

research. This surge in data generation necessitates effective frameworks for processing, storing, and analyzing vast 

volumes of information. Apache Hadoop, an open-source framework, has emerged as a linchpin in big data processing, 

offering robust scalability and flexibility in handling large datasets across distributed computing environments. 

Hadoop's ability to process big data is underpinned by two key components: the Hadoop Distributed File System 

(HDFS) for data storage and Yet Another Resource Negotiator (YARN) for cluster resource management. While HDFS 

ensures data reliability and accessibility across the nodes, YARN optimizes the allocation of computational resources 

for executing various tasks. However, as the complexity and heterogeneity of data and computing resources grow, 

traditional resource management and scheduling approaches in Hadoop clusters reveal certain limitations. 

In heterogeneous Hadoop clusters, nodes may vary significantly in terms of computational power, memory capacity, 

disk space, and network bandwidth. Traditional scheduling algorithms often treat these diverse nodes uniformly, leading 

to inefficient resource allocation, suboptimal task execution times, and increased energy consumption. Moreover, as 

energy efficiency becomes a paramount concern in large-scale computing operations, there is a pressing need for a more 

intelligent and adaptive approach to resource management in Hadoop clusters. 

Big Data Processing: 

Big data processing refers to the techniques and technologies used to handle vast volumes of data that are too large, 

fast-changing, or complex for traditional data-processing methods. It involves the collection, storage, management, and 

analysis of large datasets to uncover hidden patterns, correlations, and other insights. Big data technologies, like 

Hadoop, enable the processing of data across distributed computing resources, making it possible to handle enormous 

data volumes efficiently. This research is crucial in enhancing the capability of Hadoop clusters to process big data 

more efficiently, thereby addressing one of the key challenges in the field of big data analytics. 

Hadoop Clusters: 

Hadoop clusters are networks of interconnected computers designed to work together as a single unit to process large 

volumes of data. They use Hadoop's distributed storage (HDFS) and processing (MapReduce/YARN) capabilities. The 

proposed research directly targets optimizing the performance of Hadoop clusters, making them more efficient and 

effective for big data processing. 

YARN (Yet Another Resource Negotiator): 

The fundamental idea of YARN is to split up the functionalities of resource management and job scheduling/monitoring 

into separate daemons. The idea is to have a global ResourceManager (RM) and per-application ApplicationMaster 

(AM). An application is either a single job or a DAG of jobs. The ResourceManager and the NodeManager form the 

data-computation framework. The ResourceManager is the ultimate authority that arbitrates resources among all the 

applications in the system. The NodeManager is the per-machine framework agent who is responsible for containers, 

monitoring their resource usage (cpu, memory, disk, network) and reporting the same to the 

ResourceManager/Scheduler. The per-application ApplicationMaster is, in effect, a framework specific library and is 

tasked with negotiating resources from the ResourceManager and working with the NodeManager(s) to execute and 

monitor the tasks. 

Figure 1: Yarn Architecture 
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Heterogeneous Computing: 

Involves using a combination of different types of processors or cores within a single system. As Hadoop clusters often 

comprise nodes with varied capabilities, your algorithm's ability to operate effectively in such a heterogeneous 

environment is particularly valuable. 

Resource-Aware Scheduling: 

In the context of Hadoop, scheduling refers to how tasks are assigned to nodes within the cluster. A scheduler determines 

how to allocate resources to various tasks based on factors like resource availability, task priority, and cluster load. 

Effective scheduling is crucial for optimizing the performance of a Hadoop cluster, especially in heterogeneous 

environments where nodes have varying capabilities. 

Resource-Aware Scheduling is about intelligently assigning tasks to nodes in a computing cluster based on the specific 

resources available on each node. This research introduces a novel scheduling algorithm that dynamically aligns tasks 

with the most suitable resources, significantly improving resource utilization in Hadoop clusters. 

Energy Efficiency: 

It refers to reducing the energy consumption of computing processes. By optimizing task scheduling, your research 

contributes to reducing the overall energy footprint of Hadoop clusters, an essential aspect of sustainable computing. 

Task Allocation: 

The process of distributing computational tasks across various nodes in a cluster. Effective task allocation is at the heart 

of your research, ensuring balanced load distribution and optimal utilization of available resources. 

     The focus on energy-efficient computing is not just a response to the increasing operational costs but also a 

commitment to environmental sustainability. Data centers, powering these Hadoop clusters, are known to consume a 

substantial amount of energy, contributing to carbon emissions and environmental degradation. Hence, optimizing the 

energy consumption of Hadoop clusters aligns with the global initiative towards reducing the carbon footprint of IT 

operations. 

This backdrop sets the stage for our proposed research work. Recognizing the gaps in existing Hadoop scheduling 

strategies and the evolving demands of big data processing, our research aims to introduce a dynamic resource-aware 

scheduling algorithm. This algorithm is specifically designed to address the challenges of heterogeneous environments 

and energy efficiency in Hadoop clusters. By considering the unique attributes of each node and dynamically aligning 

tasks based on resource availability and energy profiles, the proposed algorithm seeks to revolutionize the way Hadoop 

clusters manage and execute big data tasks. 

 

III. MOTIVATION 

The motivation for this research stems from several key factors that underscore the urgent need for innovative 

approaches in big data processing, particularly in the context of Hadoop clusters. 

Growing Data Volumes: In an era marked by an exponential increase in data generation, managing and processing 

this data efficiently has become crucial. Hadoop clusters are central to these efforts, but as data volumes grow, so does 

the strain on these systems, highlighting the need for more efficient scheduling algorithms. 

Heterogeneity of Cluster Environments: Modern Hadoop clusters are increasingly heterogeneous, comprising nodes 

with varied capacities and capabilities. Traditional scheduling algorithms that treat all nodes equally are no longer 

sufficient. There's a compelling need for an approach that can intelligently leverage the diverse characteristics of each 

node for optimized performance. 

Energy Efficiency and Sustainability: With the escalating energy demands of data centers, improving the energy 

efficiency of Hadoop clusters is not just an operational concern but also an environmental imperative. Reducing energy 

consumption while maintaining high performance aligns with global efforts towards sustainability and responsible 

resource usage. 

Performance Optimization: Enhancing the performance of Hadoop clusters in terms of task completion times, 

throughput, and overall resource utilization directly impacts the effectiveness of big data analytics. The proposed work 

seeks to address these performance challenges, thereby contributing to more robust and agile data processing 

capabilities. 

Cost Reduction: Efficient resource utilization and energy management in Hadoop clusters can lead to significant cost 

savings. By optimizing these aspects, organizations can reduce operational expenses, providing a strong economic 

incentive for the development and adoption of improved scheduling algorithms. 

Scalability and Adaptability: As the scale and complexity of data processing tasks continue to grow, there is a need 

for scalable and adaptable solutions. The proposed scheduling algorithm aims to be flexible enough to accommodate 

varying workloads and scalable to meet the demands of ever-expanding data processing requirements. 

Advancement of Computing Technologies: Finally, this research is motivated by the broader goal of advancing 

computing technologies. By addressing the current limitations in Hadoop scheduling, the proposed work contributes to 

the evolution of big data processing frameworks, paving the way for future innovations in this field. 
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In summary, the motivation for this research is driven by the challenges and opportunities presented by the current 

landscape of big data processing. By developing a dynamic, resource-aware scheduling algorithm for heterogeneous 

Hadoop clusters, this work aims to make a significant contribution to the fields of big data analytics, energy-efficient 

computing, and sustainable IT practices. 

 

IV. RELATED WORK 

The FIFO Scheduler in Hadoop is the simplest scheduling algorithm that processes jobs in the order they arrive in the 

queue. It does not account for the complexity or size of the jobs, leading to potential inefficiencies when large jobs 

block the queue for smaller, quicker jobs [1]. The Capacity Scheduler is designed for multi-tenant Hadoop clusters, 

allowing for the allocation of resources among different organizations or groups. It manages multiple queues with a 

guaranteed capacity for each, ensuring resources are shared while maintaining cluster utilization and offering scalability 

[2]. The Fair Scheduler aims to allocate resources to jobs such that all jobs get, on average, an equal share of resources 

over time. Unlike FIFO, the Fair Scheduler dynamically balances the workload by allocating resources based on need, 

ensuring that no single job or user monopolizes cluster resources [3]. 

In the scholarly discussion on optimizing energy efficiency for MapReduce job scheduling in cloud environments, 

several studies have been foundational. An energy-efficient framework designed to enhance energy consumption and 

meet Service Level Agreements (SLAs) for MapReduce job scheduling was detailed in [4]. Bampis [5] introduced a 

polynomial-time constant-factor approximation algorithm aimed at minimizing the total weighted completion time for 

a set of MapReduce jobs within a specified energy budget. Further, two heuristic energy-aware task scheduling 

strategies that improve data locality and resource utilization were presented in [6]. Maheshwari [7] proposed an 

innovative energy-efficient data placement and cluster reconfiguration algorithm to reduce operational costs and carbon 

footprint. This algorithm actively reconfigures the cluster based on current workloads and manages cluster nodes' power 

status in response to fluctuations in average cluster utilization. Additionally, an energy-efficient MapReduce workload 

manager designed to enhance hardware resource utilization was introduced in [8]. However, it was noted that research 

addressing the simultaneous optimization of data placement, task scheduling, and energy objectives in MapReduce job 

scheduling is currently limited. Task-mapping optimization is another crucial research area for MapReduce scheduling. 

Palanisamy et al. [9] developed Purlieusa, a resource allocation system for MapReduce that prioritizes nearby VM 

allocation to improve data locality and reduce network traffic. A new scheduling system, BGMRS, based on a bipartite 

graph-matching model, was presented in [10] as a solution for slot performance heterogeneity and job time variation 

issues. An adaptive scheduling optimization algorithm, SARS, was proposed by Tang et al. [11], which evaluates each 

job's context and dynamically adjusts the reduce phase start time to decrease job execution time. Research efforts 

focused on makespan optimization, such as those in [12–14], aim to reduce job execution times through various task 

assignment strategies. Cura [15] developed a cost optimization framework for MapReduce services in cloud 

environments, and Heintz et al. [16] summarized phases in the MapReduce scheduling process, proposing an across-

phase optimal scheduling method to reduce overall job execution time. Further analysis of the connection between the 

four phases of the MapReduce job scheduling process and the design of corresponding optimal scheduling methods to 

enhance execution speed were discussed in [17]. 

 

V. PROPOSED SYSTEM 

The proposed system in the context of a resource-aware scheduling algorithm for a heterogeneous Hadoop cluster is an 

advanced framework that aims to enhance the efficiency and performance of big data processing. This system can 

intelligently allocate computing tasks to the most appropriate nodes within the cluster, taking into account the diverse 

capabilities and current workload of each node, as well as overall energy consumption. The proposed system is 

implemented in the following steps. 

Step-1: Node Capability Profiling 

Profiling is the process of collecting detailed data on the computational resources of each node in a Hadoop cluster. 

This information includes the processing power (CPU cores, clock speed), available memory (RAM), storage capacity 

and type (HDD, SSD), and network bandwidth. By profiling these capabilities, the scheduler can understand which 

nodes are best suited for particular types of tasks. For instance, a node with a fast CPU and abundant RAM might be 

ideal for computation-heavy tasks, while one with high I/O throughput might be better for data-intensive tasks. 

Step-2: Workload Characterization 

This step involves analyzing and categorizing the tasks that the Hadoop cluster needs to process. 

Each task is characterized based on its resource demands: Does it require more CPU cycles? Does it need a large amount 

of RAM? Is it I/O bound, needing fast disk and network access? Accurate workload characterization allows the 

scheduling algorithm to make informed decisions about where to place tasks for optimal performance. 

Step-3: Resource-Aware Task Allocation 

The scheduler uses the data from node capability profiling and workload characterization to allocate tasks intelligently 

across the cluster. It matches tasks to nodes with the resources that best fit the task's needs, aiming to maximize the 
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efficiency of the cluster's overall resource use. The algorithm considers current resource utilization to avoid 

overburdening any single node, which could otherwise lead to bottlenecks and reduced performance. 

Step-4: Dynamic Load Balancing 

This component of the algorithm monitors the ongoing load on each node to ensure that the cluster remains balanced. 

If a node becomes overloaded, the scheduler can preemptively move tasks to less busy nodes or prioritize upcoming 

tasks to other nodes. Dynamic load balancing helps maintain a smooth performance level across the cluster, preventing 

slowdowns and ensuring reliability. 

Step-5: Energy Efficiency Considerations 

Energy efficiency is crucial, both for operational cost savings and environmental sustainability. 

The scheduling algorithm incorporates energy usage data, aiming to minimize the energy consumption of the cluster 

without sacrificing task performance. It might involve shifting workloads to take advantage of times when energy is 

cheaper or more abundant. 

Step-6: Fault Tolerance and Scalability 

A robust scheduling algorithm must handle node failures gracefully, redistributing tasks as needed without significant 

disruption. 

It should also be scalable, meaning that as new nodes are added to the cluster, the scheduler can integrate them 

seamlessly, distributing tasks to take advantage of the additional resources. 

Step-7: Performance Metrics and Feedback Loop 

The system uses a variety of metrics to evaluate its performance, such as how long tasks take to complete, how 

effectively nodes are utilized, and how much energy the cluster is consuming. 

This performance data feeds into a feedback loop, where the scheduling algorithm is continuously adjusted and 

improved based on real-world performance. This feedback loop ensures that the scheduling algorithm remains effective 

even as the cluster's workload and configuration change over time. 

By following these steps, the proposed approach aims to maximize the efficiency of a heterogeneous Hadoop cluster. It 

does so by ensuring that each task is run on the node most suited to its needs, resources are used effectively, and the 

cluster adapts to changing workloads and conditions.  

 

Figure 2: Pseudocode of Resource-Aware Scheduling Algorithm 

 

 
Pseudocode in Figure 2 defines a Resource-Aware Scheduling algorithm that considers the dynamic priority of nodes 

based on their resource usage and availability, as well as the resource requirements of tasks. It assigns tasks to nodes 

with sufficient resources and the highest priority, updating the resources of the nodes as tasks are assigned. 

 

VI. IMPLEMENTATION  

A. Environment Setup 

This section delineates the experimental setup designed to evaluate the effectiveness of the proposed Resource-Aware 

Scheduling (RAS) algorithm within a Hadoop YARN environment. Our focus was to test the RAS in a real-world 

scenario that reflects the heterogeneous nature of contemporary computing clusters. 
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The experimental cluster comprised seven nodes, each varying in configuration to mimic a heterogeneous computing 

environment—a common scenario in big data operations. We utilized Hadoop version 3.3.6 to align with widely-used 

industry standards. Each node in our local cluster was configured as a dual-purpose unit, capable of both computational 

and storage responsibilities. The specifications included systems armed with 2-core 3.20 GHz Intel processors backed 

by 8GB of memory, ensuring sufficient computational power for the resource-intensive tasks typically encountered in 

big data workflows. 

In line with best practices for Hadoop clusters, we set the HDFS block size to 64 MB to optimize for the performance 

of data-intensive operations. A high-speed 5 Gb/sec Ethernet network bound the nodes, providing the bandwidth 

necessary for handling large-scale data processing with minimal latency. Table 1 provides a comprehensive summary 

of the system configurations deployed across all experimental trials, offering a clear snapshot of the infrastructure 

underpinning our evaluation of the RAS algorithm's performance. 

Table 1: System Configuration for Experimental Setup 

System Parameter Node Details 

CPU Intel(R) Core(TM) i3-3220 CPU @ 3.20 GHz 

RAM 8 GB 

Local SSD 500 GB 

Operating System Linux Ubuntu 17.10 

Network Interface Ethernet - 5Gb/sec 

B. Software and Tools Used: 

➢ Hadoop: 

Hadoop 3.3.6 is critical for the proposed experiment on the Resource-Aware Scheduling (RAS) algorithm. Its updated 

features and optimizations can significantly impact RAS's performance and efficiency. With improved YARN 

functionalities, it enhances resource management, crucial for implementing and testing new scheduling algorithms. This 

version also supports newer APIs and integrations, facilitating a robust experimental setup. Moreover, it includes fixes 

for bugs and security vulnerabilities, ensuring a stable and secure environment for experimentation. Utilizing Hadoop 

3.3.6 aligns the experiment with the latest advancements in Hadoop technology, potentially improving RAS's 

effectiveness and evaluation. 

➢ Apache Ambari: 

Apache Ambari is an integral tool for managing Hadoop clusters, especially in experiments like evaluating the 

Resource-Aware Scheduling (RAS) algorithm. It offers a user-friendly web interface for cluster management, including 

setting up and configuring Hadoop components. Ambari's comprehensive monitoring capabilities are essential for 

tracking CPU, memory, disk, and network usage, key metrics for assessing the RAS algorithm's performance. It 

simplifies configuration changes, provides real-time cluster health status and alerts, and offers data visualization tools, 

making it easier to interpret performance results. Overall, Ambari serves as a central platform for managing, monitoring, 

and analyzing Hadoop clusters, aiding in a thorough evaluation of the RAS algorithm. 

➢ Evaluation Metrics: 

Performance evaluation metrics are critical for assessing the effectiveness of a scheduling algorithm in a Hadoop cluster. 

Here's a detailed explanation of these metrics along with their formulas (Figure 2): 
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Figure 2: Evaluation Metrics 

 
 

C. Benchmark Applications Tested: 

➢ Word Count: A fundamental map-reduce application in Hadoop used for counting the occurrences of words 

in a dataset. It exemplifies the basic capabilities of distributed data processing. 

➢ Page Rank: An algorithm to rank web pages based on their link structure. When implemented in Hadoop, it's 

a compute-intensive task that processes web link datasets iteratively. 

➢ TeraGen: A utility within the TeraSort benchmark suite that generates large datasets of random data for testing 

the performance of Hadoop clusters. 

➢ TeraSort: A benchmark that tests the time taken by a Hadoop cluster to sort a large dataset. It's a comprehensive 

measure of a system’s data processing capabilities, including I/O throughput and network performance. 

 

Table 2 represents the allocation of data sizes to different benchmarking jobs, designed to evaluate the performance of 

the Hadoop cluster using the RAS algorithm. 

Table 2: Workload Distribution different Benchmark Applications 

Application Dataset Job No. Size 

Word Count Merged files Job 1, Job 2 1.5 GB, 1 GB 

Page Rank Merged files Job 3, Job 4 1.25 GB, 1.5 GB 

TeraGen Generated by TeraGen Job 5 1.5 GB 

TeraSort Output of TeraGen Job 6 1.5 GB 

D. EXPERIMENTATION  

In the evaluation of the Resource-Aware Scheduling (RAS) algorithm within a Hadoop cluster, running benchmarks to 

simulate workloads plays a critical role, and Apache Ambari serves as an essential tool in this process. Initially, 

appropriate benchmarking applications like Wordcount, PageRank, TeraGen and TeraSort are selected for testing 

various aspects of Hadoop's performance under different data processing scenarios. These benchmarks are meticulously 

configured to generate specific workloads that stress different cluster resources, such as CPU, memory, disk I/O, and 

network bandwidth. Apache Ambari steps in here, offering a user-friendly web interface for managing and configuring 

the Hadoop cluster, simplifying the setup for these benchmark tests. 

As the benchmarks are executed within the Hadoop cluster, the RAS algorithm and other standard schedulers manage 

the tasks. Apache Ambari's role becomes even more significant during this phase as it provides comprehensive 

monitoring and real-time metrics collection. It displays critical performance metrics like job completion times, resource 

utilization, and overall throughput, which are key to evaluating the RAS algorithm's performance. 

Ambari's data visualization tools also play a vital part in interpreting the performance results of the RAS algorithm, 

allowing for a more straightforward and effective analysis. By running each benchmark multiple times and using 

Ambari for consistent monitoring and data collection, the experiment achieves reliability and accuracy in its results. 

This thorough approach, bolstered by Apache Ambari's capabilities, offers a comprehensive understanding of the RAS 

algorithm's efficiency in various operational environments, from handling CPU-intensive tasks to managing large-scale 

data sorting operations. 
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VII. RESULTS AND ANALYSIS  

In the experimentation with the Resource-Aware Scheduling (RAS) algorithm within a Hadoop cluster, the results and 

analysis focused on comparing the performance of RAS against traditional scheduling methods like FIFO, Capacity, 

and Fair schedulers. Key metrics evaluated included resource utilization, task completion time, system throughput, and 

energy efficiency. Monitored and managed through Apache Ambari, the RAS algorithm likely demonstrated improved 

resource utilization, indicating its effectiveness in matching tasks with the most appropriate nodes. Task completion 

times were observed to be reduced under RAS, suggesting enhanced efficiency and responsiveness of the cluster. The 

system throughput under RAS showed an increase, pointing to a more capable and efficient system. Additionally, if 

RAS exhibited higher energy efficiency, it would underscore its role in sustainable computing. The analysis delved into 

these outcomes, attributing the successes to the algorithm's intelligent resource allocation while identifying areas 

needing improvement. Overall, this experiment provided valuable insights into the RAS algorithm's performance, 

shaping future developments in Hadoop cluster management. Experimental results of the proposed RAS algorithm are 

presented in below tables. 

Table 3 compares how well each scheduling algorithm uses the cluster's resources, such as CPU, memory, disk I/O, 

and network bandwidth. Higher percentages typically indicate better utilization, showing that the scheduling algorithm 

is effectively distributing tasks in a way that maximizes the use of available resources.  Figure 3 showed the percentage 

of resource utilization—CPU, memory, disk I/O, and network—for each algorithm. The RAS algorithm appeared to 

achieve the highest utilization across all resources, suggesting it effectively allocated tasks to utilize the available 

hardware to its fullest. 

Table 3: Comparison of Resource Utilization 

Scheduling 

Algorithm 

CPU Utilization 

(%) 

Memory 

Utilization (%) 

Disk I/O 

Utilization (%) 

Network 

Utilization (%) 

FIFO 63 68 52 61 

Capacity 71 69 66 67 

Fair 67 74 62 73 

RAS 81 86 75 81 

 

Figure 3: Comparison of Resource Utilization in various Scheduling Algorithms 

 
 

Table 4 shows the average time it takes for a set of tasks to complete under each scheduling algorithm. Shorter 

completion times are generally preferred, as they indicate a more responsive and efficient system. In Figure 4, bar graph 

compared the completion times for various types of tasks under each scheduling algorithm, including CPU-intensive, 

memory-intensive, I/O-intensive, and mixed workloads. The RAS algorithm consistently had shorter bars, indicating 

faster completion times across all task types, pointing to a more efficient task processing approach. 

 

Table 4: Comparison of Tasks Completion Time (Makespan) 

Scheduling Algorithm CPU-intensive (s) Memory-intensive (s) I/O-intensive (s)  Mixed Workload (s) 

FIFO 121 153 204  186 

Capacity 112 142 196  174 

Fair 115 132 182  163 

RAS 93 122 153  132 
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Figure 4: Comparison of Tasks Completion Time (Makespan) 

 
The system throughput table (Table 5) would measure the number of tasks completed over a given period, reflecting 

the overall efficiency and speed of the cluster. The energy efficiency table (Table 5) would assess the amount of work 

done per unit of energy consumed. An algorithm that does more work with less energy is considered more sustainable 

and cost-effective. In Figure 5, The bar graph illustrated system throughput and energy efficiency. The RAS algorithm 

was shown to have the highest bars for both metrics, suggesting it was the most efficient at processing a higher number 

of tasks in less time and doing so with lower energy consumption compared to the other scheduling algorithms. 

 

Table 5: Comparison of System Throughput and Energy Efficiency 

Scheduling Algorithm System Throughput (tasks/hour) Energy Efficiency (tasks/kWh) 

FIFO 390 48 

Capacity 425 60 

Fair 430 52 

RAS 470 65 

 

Figure 5: Comparison of System Throughput and Energy Efficiency 

 
 

VIII. Conclusion 

The evaluation of the proposed Resource-Aware Scheduling (RAS) algorithm showcased its superiority over traditional 

Hadoop schedulers in enhancing resource utilization, accelerating task completion, and boosting energy efficiency. The 

potential of RAS to streamline operations in heterogeneous cluster environments positions it as a significant 

advancement in big data processing. Looking ahead, the future scope of RAS includes scaling the algorithm for larger 

clusters, tailoring it for varied industry-specific applications, and refining its adaptability to the evolving technologies 

in distributed computing. Further exploration into energy-proportional computing and strengthening fault tolerance 

mechanisms will also be pivotal in solidifying RAS's role in efficient and resilient cluster management. 
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