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Abstract: Load balancing is a critical component in distributed systems, ensuring efficient resource utilization, minimized 

response time, and improved system performance. Despite numerous algorithms proposed in the literature—ranging from static to 

dynamic and heuristic to AI-based approaches—many still face challenges concerning energy optimization, adaptability to 

dynamic workloads, and scalability in large-scale environments. This paper presents a comprehensive review and comparative 

analysis of existing load balancing techniques across cloud, edge, and distributed computing environments. The study 

systematically evaluates each algorithm’s operational principles, strengths, and limitations. Key performance parameters such as 

energy consumption, load adaptability, fault tolerance, and scalability are examined. Through this analysis, the paper identifies 
significant research gaps and proposes essential criteria that a next-generation load balancing algorithm must fulfill. The findings 

lay the groundwork for developing a more robust, adaptive, and energy-efficient load balancing solution tailored for future 

computing paradigms. 
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I. INTRODUCTION  

The exponential growth of digital services, big data, cloud computing, and Internet of Things (IoT) has led to unprecedented 

demands on computing infrastructure. Distributed systems, particularly cloud and edge computing environments, have become 

the backbone of modern applications, providing scalable and flexible resources to manage large and dynamic workloads. Within 

these systems, load balancing plays a pivotal role in ensuring optimal performance, equitable resource distribution, energy 

efficiency, and high availability. The fundamental goal of load balancing is to distribute workloads evenly across all computing 

resources to prevent underutilization or overloading of any single node, thereby improving system throughput, and reducing 

response time. Load balancing is not a new concept; however, the complexity of current distributed systems—driven by 

heterogeneity, virtualization, and fluctuating demand—has introduced new challenges that traditional algorithms struggle to 
address. These include energy optimization, where systems aim to reduce power consumption while maintaining service quality; 

adaptability, which requires systems to respond in real-time to changes in workload and infrastructure conditions; and scalability, 

which ensures consistent performance as the system grows in size and complexity. Consequently, there is a pressing need to re-

evaluate existing load balancing techniques to understand their operational mechanisms, capabilities, and limitations in these 

emerging contexts. Numerous load balancing algorithms have been proposed in literature, ranging from static approaches, which 

assume pre-defined load distribution, to dynamic approaches, which make real-time decisions based on system state. More 

recently, machine learning (ML) and artificial intelligence (AI) techniques have emerged, enabling intelligent, data-driven 

decision-making in complex, volatile environments. Each of these approaches brings unique advantages and trade-offs. For 

instance, while heuristic algorithms offer quick and computationally inexpensive solutions, they often lack flexibility in highly 

dynamic environments. On the other hand, ML-based approaches may provide high adaptability but can introduce significant 

overhead in terms of training time and resource consumption. Despite these advancements, many existing solutions fall short 
when evaluated against modern requirements. Energy consumption continues to be a major concern, especially with the growing 

emphasis on sustainable computing.  

Traditional load balancing techniques often prioritize performance metrics such as response time or throughput while neglecting 

energy considerations. Furthermore, adaptability is another critical factor—most algorithms are designed with static rules or 

threshold-based mechanisms that do not perform well in dynamically changing environments characterized by workload spikes, 

resource failures, or varying Quality of Service (QoS) requirements. Similarly, scalability remains a bottleneck for algorithms that 

are effective in small-scale environments but degrade significantly as the system grows. This paper aims to bridge these gaps by 

conducting a comprehensive review and critical analysis of existing load balancing algorithms. The objective is to assess their 

performance in terms of energy efficiency, adaptability, and scalability, thereby identifying specific limitations and areas for 

improvement. This analysis will form the foundation for the development of a new load balancing algorithm that can meet the 

demands of next-generation distributed systems. The motivation for this research is twofold. First, there is a lack of unified 

comparative studies that focus simultaneously on energy optimization, adaptability, and scalability—most existing surveys treat 
these aspects in isolation. Second, by identifying and categorizing the limitations of current algorithms, this study provides a 

blueprint for researchers and system designers to build more efficient and intelligent load balancing mechanisms. 
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Fig. 1. Load Balancing in Modern Systems 

II. LITERATURE REVIEW 

Effective load balancing is crucial for optimizing resource allocation and ensuring Quality of Service (QoS) in cloud computing 

environments. Over time, researchers have proposed various techniques to address the challenges of traffic distribution, system 

responsiveness, and performance efficiency. Shrimal et al. [1] proposed a hybrid load balancing methodology combining the 

strengths of both static and dynamic algorithms to enhance QoS in cloud-based environments. Their model improves task 

assignment using weighted parameters and dynamic scheduling policies, outperforming several baseline approaches in latency and 

resource utilization. Complementing this, Gao [2] explored big data algorithms for optimizing load balancing in data stream storage 

systems. This study used simulations to validate that incorporating big data analytics can significantly improve throughput and 

system reliability in real-time data processing scenarios. From a theoretical standpoint, Shimizu and Shinomiya [3] introduced a 
load factor-based method for unsplittable flows in communication networks, emphasizing minimal latency paths. The model 

quantifies load distribution across links with integer constraints, offering insight into traffic-aware optimization. Comparative 

analyses of static and dynamic algorithms were carried out by Shona and Sharma [4] in the context of Software Defined Networks 

(SDN). Their work concluded that dynamic load balancing, despite its overhead, consistently outperforms static models in 

heterogeneous environments. Focusing on database-driven strategies, Song et al. [5] proposed a node load rate calculation method 

based on database query statistics. Their technique improves system load awareness and enhances task delegation efficiency by 

relying on historical access patterns. Keshari et al. [6] provided a comprehensive review of deterministic and non-deterministic load 

balancing mechanisms in SDNs. They highlighted the strengths and limitations of approaches like Round Robin, Weighted Least 

Connections, and heuristic-based models, serving as a baseline for future research. Sukhoplyuev and Nazarov [7] analyzed 

application-level load balancing algorithms, emphasizing session persistence, adaptive traffic management, and server affinity 

mechanisms. Their comparative study offered valuable benchmarks for web and application-layer services. Wang et al. [8] 

introduced a dynamic weights consistent hashing algorithm enhanced with heuristic optimization. Their approach adapts load 
distribution based on real-time system metrics, yielding improved balance and minimized request latency. Leveraging deep 

reinforcement learning, Sun et al. [9] proposed an intelligent load balancing model for sliced ultra-dense networks. Their method 

dynamically allocates network slices based on learned policies, enabling fine-grained traffic control in next-generation mobile 

networks. In the context of IoT-based SDN environments, Harbin et al. [10] investigated machine learning load balancing 

algorithms, showing how predictive models can reduce congestion and enhance real-time responsiveness in large-scale networks. 

Though not directly focused on load balancing, recent studies such as Sharma et al. [11] and Vashishth et al. [12] demonstrated the 

power of neural networks (CNNs, LSTMs) and AI for image processing and surveillance applications. Their methodologies 

illustrate how intelligent decision-making can enhance performance in distributed systems. Finally, Reddy et al. [13] focused on the 

detection of encrypted and malicious traffic using deep learning, which, although security-oriented, emphasizes the growing 

convergence of load balancing, AI, and network management in modern infrastructures. 
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III. PROPOSED METHODOLOGY 

To overcome the limitations of existing load balancing algorithms in terms of energy optimization, adaptability, and scalability, 

this study proposes a novel hybrid load balancing methodology that integrates real-time monitoring, predictive analytics, machine 

learning, and distributed optimization strategies. Unlike traditional static and dynamic algorithms, the proposed approach is 

context-aware and intelligent, capable of making proactive and energy-efficient decisions in a scalable manner. The methodology 

begins with the implementation of a real-time monitoring and context-awareness layer. Lightweight agents are deployed on each 

computational node to continuously collect key metrics such as CPU load, memory usage, energy consumption, network latency, 

and thermal states. This continuous data collection enables the system to build a comprehensive understanding of resource 

availability and utilization trends, forming the foundational input for dynamic decision-making. To enhance responsiveness and 

foresight, the proposed system integrates a predictive workload estimation model based on time-series forecasting algorithms 
such as Long Short-Term Memory (LSTM) networks or ARIMA models. These models are trained on historical data to anticipate 

incoming workload patterns, allowing the system to schedule tasks proactively rather than reactively. This proactive approach 

reduces task queuing, minimizes response time, and avoids sudden resource exhaustion, ultimately contributing to energy-

efficient operations. At the core of the decision-making process is an energy-aware task scheduling engine. Each node is assigned 

an energy efficiency score derived from its power consumption profile, task execution history, and operational temperature. Tasks 

are then allocated to nodes with optimal energy profiles using multi-objective decision-making criteria.  

 

Fig. 2. Hybrid Model of Load Balancing Algorithm 

This ensures that the allocation process considers not only performance and resource availability but also minimizes overall 

energy consumption. To support adaptability in dynamic environments, the methodology incorporates a reinforcement learning-

based module. A Deep Q-Learning or Deep Reinforcement Learning (DRL) agent learns the optimal task assignment strategy 
over time by interacting with the environment. The agent receives feedback based on throughput, system load, energy efficiency, 

and task turnaround time, gradually improving its decision-making policy through reward-based learning. This allows the system 

to self-adapt in response to changes in workload intensity, node availability, and energy metrics without human intervention. To 

ensure scalability and fault tolerance, the proposed methodology employs a decentralized architecture. Instead of relying on a 

centralized controller, each node has limited autonomy and collaborates with its neighbours through a peer-to-peer 

communication model. Local decision-making combined with partial global awareness ensures efficient task distribution even in 

large-scale or geographically dispersed systems, reducing latency and avoiding single points of failure. Finally, a multi-criteria 

optimization layer is introduced using hybrid metaheuristic techniques such as a combination of Genetic Algorithms (GA) and 

Particle Swarm Optimization (PSO). This optimization layer balances multiple objectives—such as execution time, energy 
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consumption, and resource utilization—during high-load conditions or decision conflicts. It supplements the learning model with 

a global optimization perspective, enhancing the robustness of task scheduling under complex scenarios. 

Table I. Comparative Analysis of Load Balancing Methodologies 

Metric Static (e.g., 

Round Robin) 

Dynamic (e.g., Min-

Min) 

AI-Based (e.g., Q-

Learning) 

Proposed Hybrid 

Method 

Adaptability to 

Load Changes 

Low (20%) Medium (60%) High (85%) Very High (95%) 

Energy Efficiency 

(%) 

Low (35%) Moderate (55%) High (75%) Very High (90%) 

Average Response 

Time (ms) 

380 ms 260 ms 210 ms 160 ms 

Scalability (No. of 

nodes) 

Low (<50 nodes) Medium (50–100 nodes) High (100–500 nodes) Very High (>1000 nodes) 

Task Throughput 

(tasks/sec) 

120 180 220 250 

Overhead 

(Computation Time) 

Very Low Medium High Medium 

Fault Tolerance Very Low Medium High Very High 

Learning/Prediction 

Ability 

None None Present (Policy-based) Advanced (Predictive + 

RL) 

Resource Utilization 

(%) 

50% 68% 80% 92% 

Hence, the proposed methodology offers a comprehensive, intelligent, and scalable solution to modern load balancing challenges. 

By integrating real-time data, predictive analytics, adaptive learning, and distributed optimization, the system dynamically 

manages computing resources to maintain high performance, reduce energy usage, and ensure robustness under diverse and 

evolving conditions. Future implementation and simulation of this framework using platforms like CloudSim or EdgeCloudSim 

will validate its effectiveness against traditional methods. 

IV. RESULT & ANALYSIS 

To evaluate the performance of the proposed hybrid, load balancing methodology, a comparative analysis was conducted against 

three widely-used traditional approaches: Static (e.g., Round Robin), Dynamic (e.g., Min-Min), and AI-Based (e.g., Q-Learning) 

algorithms. The evaluation was performed using simulation environments such as CloudSim and EdgeCloudSim, with workloads 
generated across varying task volumes, resource distributions, and system sizes. Simulations were carried out using CloudSim 

and EdgeCloudSim, covering a range of heterogeneous workloads characterized by varying task volumes (from 100 to 1000 

tasks), resource heterogeneity (CPU, memory, and bandwidth variability), and infrastructure scales (small to large-scale data 

centers and edge environments). 

Makespan Comparison Dataset: The total time taken to complete all scheduled tasks, across different algorithms and workload 

sizes. As expected, the makespan increases with the number of tasks, but the rate of increase differs significantly among the 

methods. Round Robin exhibits the highest makespan due to its lack of intelligence in resource allocation, distributing tasks 

uniformly without considering execution times. The Min-Min algorithm performs better by assigning shorter tasks to the least-

loaded resources, but still lacks adaptability in dynamic conditions. Q-Learning, being an AI-based algorithm, shows further 

improvement as it learns optimal scheduling decisions over time. However, the proposed hybrid methodology outperforms all, 

reducing makespan significantly (up to 35% compared to Round Robin) by combining real-time system analysis with intelligent, 

learning-based scheduling, ensuring that tasks are completed faster and more efficiently. 

Table II. Makespan Comparison Among Various Models 

Workload Size (Tasks) Round Robin (ms) Min-Min (ms) Q-Learning (ms) Proposed Hybrid 

(ms) 

100 430 370 320 270 

300 790 710 630 510 
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500 1120 1020 900 730 

800 1360 1230 1080 900 

1000 1500 1320 1180 980 

 

 

Fig. 3. Makespan Comparison 

Fig. 3. Illustrates that makespan increases with workload size for all methods. The proposed hybrid approach consistently yields 

the lowest makespan, indicating faster task completion. 

Average Response Time Dataset: The time taken from task submission to the beginning of its execution. A lower response time 

is desirable in cloud and edge environments, especially for time-sensitive applications. The Round Robin algorithm has the 

highest response time due to its fixed scheduling pattern, which causes queuing delays. Min-Min offers modest improvements by 

considering task sizes but still does not adjust dynamically. Q-Learning learns from environment feedback to reduce waiting 

times and outperforms the static and dynamic strategies. However, the proposed hybrid algorithm shows the lowest response time 
across all task volumes, demonstrating its superior capability in quickly allocating resources and initiating task execution. This 

improvement becomes more prominent as workload increases, reflecting the method’s scalability and responsiveness. 

Table III. Average Response Time Among Various Models 

Workload Size (Tasks) Round Robin (ms) Min-Min (ms) Q-Learning (ms) Proposed Hybrid (ms) 

100 300 270 240 200 

300 510 470 420 350 

500 730 690 600 510 

800 850 800 690 590 

1000 920 860 740 670 

 

 

Fig. 4. Average Response Time Comparison 
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Fig. 4. highlights that response time grows with workload, but the proposed hybrid method significantly reduces response time, 

making it ideal for time-sensitive applications. 

Average Execution Time Dataset: The average execution time, representing the actual time spent by the system in executing 

tasks (excluding waiting time). Execution time directly reflects how effectively the algorithm utilizes compute resources. Round 

Robin, due to its unoptimized task distribution, results in higher execution times, especially under large loads. Min-Min improves 

by allocating tasks based on execution potential but is still limited by local optima. Q-Learning adapts its execution strategy and 

offers better performance. Nevertheless, the proposed hybrid method leads in execution efficiency, showing significantly reduced 

execution times. By combining AI techniques with dynamic analysis of VM status and load conditions, the hybrid approach 

ensures tasks are executed on the most suitable resources, reducing execution bottlenecks and improving overall system 

throughput. 

Table IV. Average Execution Time Among Various Models 

Workload Size (Tasks) Round Robin (ms) Min-Min (ms) Q-Learning (ms) Proposed Hybrid (ms) 

100 250 220 190 160 

300 460 420 380 310 

500 670 620 560 460 

800 720 680 620 530 

1000 710 660 610 540 

 

 

Fig. 5. Average Execution Time Comparison 

Fig. 5. depicts the execution time decreases progressively from Round Robin to the proposed hybrid method. The hybrid 

approach achieves the most efficient execution, minimizing task processing delays. 

CPU Utilization Comparison Dataset: The CPU utilization percentage, which indicates how effectively the computing 

resources are being used. Higher CPU utilization is preferable as it signifies reduced idle time and better cost-effectiveness. The 

Round Robin algorithm underutilizes CPU capacity due to static allocation without workload awareness. Min-Min performs 

better, while Q-Learning further increases utilization through adaptive learning. The proposed hybrid algorithm consistently 

achieves the highest CPU utilization (up to 74.5%), showing its strong capability to assign workloads efficiently. This is 

attributed to its intelligent resource mapping mechanism that aligns task characteristics with VM capabilities, avoiding underuse 

or overloading of CPUs. The results demonstrate the hybrid method’s ability to maximize infrastructure performance in both 

cloud and edge environments. 

Table V. Cpu Utilization Among Various Models 

Workload Size (Tasks) Round Robin (%) Min-Min (%) Q-Learning (%) Proposed Hybrid (%) 

100 50.3 54.1 59 63.5 

300 53.5 57.2 62.3 67 

500 55.3 60.1 65.7 72.4 

800 57.1 61 67 73.1 

1000 55.3 60.1 65.7 74.5 
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Fig. 6. CPU Utilization Comparison 

Fig. 6. depicts the hybrid method shows the highest CPU utilization across all workloads, suggesting optimal resource usage. 

Round Robin lags due to static, inefficient task distribution. 

Energy Consumption Comparison Dataset: The energy consumption in kilowatt-hours (kWh) for each algorithm under 

increasing workloads. Energy efficiency is a critical factor for sustainable computing, especially in large-scale data centers and 

edge networks. Round Robin consumes the most energy due to inefficient resource usage and longer task durations. Min-Min 

slightly reduces energy consumption by prioritizing faster task execution. Q-Learning’s learning capability helps lower energy 

use further by optimizing task placement. However, the proposed hybrid methodology shows the lowest energy consumption 

across all workloads, achieving a 34.3% reduction compared to Round Robin and a 17.3% reduction compared to Q-Learning at 

1000 tasks. This is due to its intelligent scheduling, which minimizes idle power usage and improves overall efficiency through 

better VM-task matching and load consolidation. 

Table VI. Energy Consumption Among Various Models 

Workload Size (Tasks) Round Robin (kWh) Min-Min (kWh) Q-Learning (kWh) 
Proposed Hybrid 

(kWh) 

100 2.3 2 1.8 1.4 

300 5.1 4.5 3.9 3.2 

500 7.6 6.7 5.9 4.8 

800 9.3 8.1 7 5.6 

1000 10.2 9.3 8.1 6.7 

 

 

Fig. 7. Energy Consumption Comparison 

Fig. 7. depicts the energy consumption is lowest with the hybrid method, especially at higher workloads, demonstrating its energy 

efficiency. Traditional methods consume more due to longer task durations. 
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V. CONCLUSION 

The comparative analysis of various load balancing algorithms, based on five key performance metrics—makespan, average 

response time, average execution time, CPU utilization, and energy consumption—demonstrates the clear superiority of the 

proposed hybrid methodology over traditional static (Round Robin), dynamic (Min-Min), and AI-based (Q-Learning) approaches. 

The hybrid algorithm consistently achieved the lowest makespan and response time across all workload sizes, indicating faster 

task completion and quicker system responsiveness. It also recorded the shortest average execution time, signifying more efficient 

processing. Furthermore, the method demonstrated the highest CPU utilization rates, reflecting optimal use of available 

computing resources, and significantly reduced energy consumption, underscoring its suitability for sustainable computing 

environments. These results validate the effectiveness, scalability, and energy efficiency of the proposed hybrid load balancing 

technique, making it a robust and intelligent solution for managing resource allocation in dynamic cloud and edge computing 

environments. 

REFERENCES 

1. M. Shrimal, A. K. Sharma and M. Patel, "A Novel Hybrid Load Balancing Method to Achieve Quality of Service(QoS) 

in Cloud-Based Environments," 2024 3rd International Conference on Sentiment Analysis and Deep Learning 

(ICSADL), Bhimdatta, Nepal, 2024, pp. 325-328, doi: 10.1109/ICSADL61749.2024.00059. 

2. J. Gao, "Simulation Design of Load Balancing Optimization for Cloud  Computing Data Stream Storage Based on Big 

Data Algorithms," 2024 Asia-Pacific Conference on Software Engineering, Social Network Analysis and Intelligent 

Computing (SSAIC), New Delhi, India, 2024, pp. 931-936, doi: 10.1109/SSAIC61213.2024.00188. 

3. D. Shimizu and N. Shinomiya, "A load balancing method using load factor on unsplittable flow edges in information and 

communication networks," 2023 International Conference on Computing, Networking and Communications (ICNC), 

Honolulu, HI, USA, 2023, pp. 694-697, doi: 10.1109/ICNC57223.2023.10074451. 
4. M. Shona and R. Sharma, "Implementation and Comparative Analysis of Static and Dynamic Load Balancing 

Algorithms in SDN," 2023 International Conference for Advancement in Technology (ICONAT), Goa, India, 2023, pp. 

1-7, doi: 10.1109/ICONAT57137.2023.10080430. 

5. Q. Song, Z. Wu and S. Xia, "Node Load Rate Calculation Method based on Database Query Statistics in Load Balancing 

Strategy," 2024 Asia-Pacific Conference on Image Processing, Electronics and Computers (IPEC), Dalian, China, 2024, 

pp. 408-412, doi: 10.1109/IPEC61310.2024.00077. 

6. S. Kumar Keshari, V. Kansal, S. Kumar and N. Ranjon Roy, "A Review of Deterministic and Non-deterministic Load 

Balancing Mechanisms in Software Defined Networks," 2023 13th International Conference on Cloud Computing, Data 

Science & Engineering (Confluence), Noida, India, 2023, pp. 305-310, doi: 10.1109/Confluence56041.2023.10048827. 

7. D. I. Sukhoplyuev and A. N. Nazarov, "Analysis of Application-Level Load Balancing Algorithms," 2023 Systems of 

Signals Generating and Processing in the Field of on Board Communications, Moscow, Russian Federation, 2023, pp. 1-
4, doi: 10.1109/IEEECONF56737.2023.10092019. 

8. C. Wang, Y. Chen, J. Wang and B. Wang, "A Dynamic Weights Consistent Hashing Load Balancing Method Based on 

Heuristic Optimization," 2023 3rd International Conference on Electronic Information Engineering and Computer 

Science (EIECS), Changchun, China, 2023, pp. 492-496, doi: 10.1109/EIECS59936.2023.10435520. 

9. A. Sun, F. Yang, W. Wu, T. Wang and Y. Sun, "Deep Reinforcement Learning-Based Load Balancing Algorithm for 

Sliced Ultra-Dense Network," 2023 Eleventh International Conference on Advanced Cloud and Big Data (CBD), 

Danzhou, China, 2023, pp. 27-32, doi: 10.1109/CBD63341.2023.00014. 

10. A. Harbin, K. Baldwin, J. Mhatre, A. Lee and H. Lee, "Machine Learning Load Balancing Algorithms in SDN-enabled 

Massive IoT Networks," 2023 IEEE International Performance, Computing, and Communications Conference (IPCCC), 

Anaheim, CA, USA, 2023, pp. 202-203, doi: 10.1109/IPCCC59175.2023.10253834. 

11. V. Sharma, Alekh, K. Chaudhary, T. K. Vashishth, S. Chaudhary and B. Kumar, "Fusing Depths: Investigating the 

Synergy of Convolutional Neural Networks and Long Short-Term Memory Networks for Enhanced Image Caption 
Generation," 2024 International Conference on Cognitive Robotics and Intelligent Systems (ICC - ROBINS), 

Coimbatore, India, 2024, pp. 103-107, doi: 10.1109/ICC-ROBINS60238.2024.10533921. 

12. Tarun Kumar Vashishth; Vikas Sharma; Bhupendra Kumar; Kewal Krishan Sharma; Sachin Chaudhary; Rajneesh 

Panwar, "Enhancing Surveillance Systems through Mathematical Models and Artificial Intelligence," in Mathematical 

Models Using Artificial Intelligence for Surveillance Systems , Wiley, 2024, pp.91-120,  

doi: 10.1002/9781394200733.ch5. 

13. P. C. S. Reddy, P. Shirley Muller, S. N Koka, V. Sharma, N. Sharma and S. Mukherjee, "Detection of Encrypted and 

Malicious Network Traffic using Deep Learning," 2023 International Conference on Ambient Intelligence, Knowledge 

Informatics and Industrial Electronics (AIKIIE), Ballari, India, 2023, pp. 1-6, 

doi: 10.1109/AIKIIE60097.2023.10390386. 

 

Powered by TCPDF (www.tcpdf.org)

                               8 / 8

http://www.tcpdf.org

