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Abstract. Edge computing reduces latency by bringing computation closer to end de-

vices, but the growing scale and heterogeneity of edge networks make resource man-

agement increasingly complex. Load balancing is essential for efficient resource use and 

low response times, yet static approaches struggle in dynamic environments. In this pa-

per, a novel load-balancing model is proposed in which task sequences are first gener-

ated using a trained mathematical model, and each generated sequence is further opti-

mized using genetic algorithms. Use of genetic algorithm has increases the efficiency 

as dynamic situation is manage by the algorithm. Experiments are conducted across 

various environments, and the results demonstrate that the artificial immune-based 

model outperforms the group search algorithm in terms of overall performance. 
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I. Introduction 

 

To support modern Internet communities, the Internet of Everything (IoE) intercon-

nects a vast number of intelligent communication devices and integrates them across 

diverse and heterogeneous networks [1]. This connectivity enables the development of 

many critical applications, including smart buildings, surveillance systems, target 

tracking, and industrial automation. A typical wireless sensor network (WSN) consists 

of thousands of small, low-cost sensor nodes that operate with limited processing 

power, communication capability, memory, and energy resources [2]. Despite these 

constraints, such technologies serve as valuable data sources for networked systems 

and continuously generate large volumes of data. 
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Every day, the Internet of Things (IoT) produces and collects enormous amounts of 
sensor data [1]. Processing this data efficiently has become a major challenge, as trans-
mitting it to centralized cloud servers often results in increased latency and performance 
bottlenecks [2]. To address this issue, cloud computing and fog/edge computing have 
emerged as effective solutions for managing large-scale data processing in IoT envi-
ronments [3]. 
 
Edge computing refers to computational resources deployed at the edge of the network, 
closer to data-generating devices such as sensors and mobile systems. By processing 
data near its source, edge computing significantly reduces latency, enhances security, 
lowers operational costs, and improves system reliability and scalability. For these rea-
sons, edge computing is well suited for handling the massive data volumes generated 
by IoT applications [4]. 
 
However, edge nodes operate under strict resource constraints, including limited pro-
cessing capacity, memory, and energy. When these limits are exceeded, edge devices 
can become overloaded, leading to performance degradation. Therefore, effective load-
balancing mechanisms are essential in edge computing to distribute workloads evenly 
and prevent resource exhaustion across edge nodes. 
 
To ensure efficient load balancing, the proposed approach incorporates detailed 
knowledge of edge server resources, including processing capability, memory availa-
bility, and disk capacity. By considering these factors, the system can make well-in-
formed decisions that account for the heterogeneous nature of the infrastructure. To 
enhance system stability and reliability, a queue-based mechanism is employed in 
which each edge server maintains its own task queue. This design helps prevent task 
loss while minimizing resource contention among servers. 
 
The remainder of the paper is structured as follows. Section 2 reviews related studies 
in the area of load balancing. Section 3 presents the proposed learning-based load-bal-
ancing approach for coordination between cloud and edge servers. Section 4 discusses 
the performance evaluation and experimental results. Finally, Section 5 concludes the 
paper and highlights key findings. 
 
II. Literature Survey 
 
F. Zhang et al. [5] proposed an AxTD3-based deep reinforcement learning approach to 
achieve effective load balancing while minimizing system latency. In their work, each 
edge server is assumed to host multiple virtual machines, and a workload distribution 
strategy is introduced to evenly balance computation across these virtual machines. The 
overall system is modeled as a reinforcement learning framework, where the state and 
action spaces are carefully analyzed. To reduce computational complexity without af-
fecting performance, the authors simplify the state and action representations. Further-
more, they introduce models, which divide a neural network into multiple parallel sub-
networks. This design significantly reduces the size of the state and action spaces, re-
sulting in faster learning convergence. 
 
Dong et al. [6] focused on the dynamic operational conditions of edge-layer computing 
nodes in IoT environments, particularly CPU and memory utilization. Based on these 
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real-time resource states, tasks are dynamically assigned to either edge or cloud nodes. 
Their optimization-based load-balancing strategy aims to minimize overall task com-
pletion time by adapting to changing system conditions. 
 
Li et al. [7] considered both static and dynamic parameters for load balancing in edge 
computing systems. Static parameters include hardware characteristics such as physical 
memory capacity, CPU frequency, number of processor cores, and disk size, while dy-
namic parameters involve real-time CPU and memory usage. Using these combined 
metrics, their optimization-based approach categorizes edge nodes into different work-
load states—light, normal, or heavy—and assigns tasks to the most appropriate nodes 
to improve execution efficiency. Similarly, the proposed EdgeUP model in our study 
incorporates dynamic resource information, such as CPU and memory utilization, to 
support effective load-balancing decisions.  
 
T. Li et al. [8] formulated the load-balancing scheduling problem as a multi-objective 
optimization task and developed a Distributional Reinforcement Learning (DRL) 
framework to address it. Their approach incorporates quantile regression to learn the 
distribution of cumulative rewards during the scheduling process, enabling more accu-
rate decision-making. Based on this model, they proposed a dynamic load-balancing 
scheduling algorithm. To support training and evaluation, the authors also built a clus-
ter-based environment capable of real-time batch job processing, which simulates real-
istic job arrival patterns for training the DRL-based scheduling agent. 
 
An et al. [9] introduced a hybrid evolutionary algorithm that integrates real-time order 
acceptance with condition-based preventive maintenance to create robust scheduling 
solutions. However, most existing approaches, including this one, are primarily evalu-
ated using standard benchmark datasets such as the Lawrence or Brandimarte instances. 
These datasets differ significantly from real-world industrial environments, limiting the 
practical applicability of the results. 
 
A. N. Khan et al. [10] presented an enhanced learning-assisted task scheduling ap-
proach based on a Criticality and Collapse Aware Scheduling (CCAS) strategy. The 
proposed framework consists of two key components: a task scheduling module that 
considers task criticality and system collapse awareness, and an ensemble prediction 
model based on Gradient Boosting Decision Trees (GBDT) for proactively estimating 
machine utilization and task execution safety. By learning task-related features, the en-
semble model provides high-level abstractions for predicting system states. Addition-
ally, an intelligent scheduling mechanism is designed to optimize resource allocation 
and maximize production in resource-constrained smart manufacturing networks. Ex-
tensive experiments and comparative evaluations against the traditional Rate Mono-
tonic (RM) algorithm demonstrate the effectiveness of the proposed method. 
 
III. Proposed Methodology 
 
This section explains the proposed job load-balancing model, in which the transfor-
mation of incoming job loads into an optimized job sequence is illustrated through the 
block diagram shown in Fig. 1. Each job is evaluated based on its fundamental resource 
requirements, such as processor execution time, memory usage, data transmission 
bandwidth, and communication cost. Using these parameters, a trained prediction 
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model estimates the resource demands, after which a genetic algorithm is applied to 
optimize the job execution sequence. Overall, the proposed framework follows three 
main stages: feature extraction, machine learning–based prediction, and sequence opti-
mization. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 1 Block diagram of proposed model. 
 
Feature Collection In this study, two distinct sets of features are considered: one re-
lated to edge devices and the other related to the incoming jobs [11]. Although the 
features are generally common in nature, they are categorized based on their source. 
Job Features: Each input job is characterized by four resource-related parameters: 
maximum memory requirement (Rm), processor requirement (Rp), bandwidth require-
ment (Rb), and communication cost (Rc). 

J{Rm,Rp,Rb,Rc} 
Edge Features: Similarly, each edge device is defined by its available resource limits, 
including maximum memory (ERm), processing capability (ERp), bandwidth (ERb), 
and communication cost (ERe). 
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E{ERm,ERp,ERb,ERe} 
These job and edge parameters are combined to form the job sequence feature set (JSF), 
which is used for training the prediction model. 

JSF{ Rm,Rp,Rb,Rc,ERm,ERp,ERb,Ere} 
Machine learning model  
In this work, diverse job requirements are generated for IoT devices, and corresponding 
execution sequences are created for edge nodes. An mathematical model is trained to 
learn and generate effective job sequences for IoT tasks [12]. The trained mathematical 
model is then used to initialize the population for the Elephant Herd Optimization 
(EHO) process [13]. Unlike many optimization approaches that rely on random or 
Gaussian-based population initialization, the proposed method exploits learned job pat-
terns from previous sequences to guide the search process more effectively. 
 
The mathematical training input consists of IoT resource attributes such as processor 
usage, memory demand, bandwidth requirement, and related parameters. In addition, 
the model also considers the average resource availability at edge nodes. These two 
categories of features jointly contribute to training the model, where the input is repre-
sented by the Job Sequence Feature (JSF). The desired output, referred to as the Desired 
Job Sequence (DJS), corresponds to the assignment order of jobs to edge devices. 

MMMathematical_Model(JSF, DJS) 
Generate Elephant Using the trained mathematical model, an initial population of IoT 
job sequences is generated. To ensure diversity among candidate solutions, the gener-
ated job sequences are shuffled before being passed to the optimization stage. 

JSPPopulation(IJ, E) 
Fitness The fitness function evaluates the quality of each job sequence produced during 
the Elephant Herd Optimization process. In this study, the makespan of a job sequence 
is used as the fitness metric. A sequence with a shorter makespan is considered more 
efficient, as it reflects better workload distribution and reduced overall execution time. 
Consequently, the job sequence achieving the minimum makespan in a given iteration 
is selected as the best solution. 
Clan Updating (Position Update) 
In the Elephant Herd Optimization approach, solution updates are guided by the fitness 
of each elephant within the population, directing the search toward the most promising 
job sequence, referred to as the best solution JSb  [13]. Once the leading elephant (rep-
resenting the optimal job sequence) is identified, selected elements of other job se-
quences are randomly adjusted. This process moves weaker solutions closer to the 
structure of the best-performing sequence, allowing them to inherit its beneficial char-
acteristics and gradually improve their quality. 

JSPCaln_Update(JSb, JSP) 
Mutation To maintain diversity and avoid premature convergence, a separation mech-
anism is applied in which certain jobs within a sequence are randomly exchanged with 
others from the job pool. This controlled randomization introduces exploration into the 
search process by allowing new job arrangements to emerge. The number of job ex-
changes may vary, typically involving one to three swaps, depending on the population 
structure and iteration stage. 

JSPSeparation(JSP) 
Update Population The clan updating and separation operations are executed repeat-
edly over a predefined number of iterations. After each iteration, the fitness of the newly 
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generated job sequences is evaluated. If a newly generated sequence demonstrates bet-
ter performance than its predecessor, it replaces the older solution in the population; 
otherwise, the original sequence is retained. After completing a fixed number of itera-
tions, the job sequence with the highest fitness (best affinity) is selected as the final 
output of the proposed model. 
IV. Evaluation Parameters 
 
The experimental study was conducted under various environmental conditions, where 
the number of edge nodes and the IoT job sequences were modified. The proposed 
model was implemented using MATLAB software on a system equipped with a 12th-
generation Intel i3 processor and 8GB of RAM. To evaluate its performance, the model 
was compared with PBSM, [14]. The comparison was carried out using the existing 
Preference-Based Stable Matching (PBSM) model proposed in [18]. 
 
Results 
 

Table1 Makespan-based comparison of edge load balancing models. 

Edges PBSM Proposed Model 

8 158.02 156.21 

16 158.47 155.34 

24 159.12 154.97 

32 158.05 154.72 

40 156.94 155.68 

 

 
Fig. 2 Comparison of makespan parameter of different models. 

 
Table 1 compares the makespan, i.e., the total time required to complete all tasks, under 
different numbers of edge nodes. As the number of edges increases, both models exhibit 
relatively stable makespan values. However, fig. 2 shows that Proposed Model consist-
ently achieves lower makespan than PBSM, indicating more efficient task distribution 
and reduced completion time across edge nodes. This demonstrates the effectiveness of 
the proposed Proposed Model approach in minimizing overall execution delay. 
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Table 2 Total Flow Time-based comparison of edge load balancing models. 

Edges PBSM Proposed Model 

10 15740 15620 

20 15790 15530 

30 15910 15505 

40 15790 15485 

50 15680 15610 

 

 
Fig. 2 Comparison of total flow time parameter of different models. 

 
Table 2 Total flow time represents the sum of completion times of all tasks. Lower 
values indicate faster system responsiveness. Fig. 2 shows that Proposed Model con-
sistently produces lower total flow time compared to PBSM, especially as the number 
of edges increases. This suggests that Proposed Model effectively schedules tasks with 
reduced waiting time, thereby improving overall system throughput. 
 

Table 3 Edge utilization-based comparison of edge load balancing models. 

Edges PBSM (%) Proposed Model (%) 

10 94.8 95.7 

20 89.5 90.1 

30 84.6 86.2 

40 79.4 81.3 

50 71.6 74.2 
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Table 3, shows Edge utilization value that estimate how efficiently the available edge 
resources are used. As the number of edges increases, utilization gradually decreases 
due to workload distribution across more nodes. However, proposed model consistently 
achieves higher utilization than PBSM, reflecting its superior ability to evenly distrib-
ute tasks and reduce idle resources within the edge computing environment. 
 

Table 4 Execution time-based comparison of edge load balancing models. 

Edges PBSM (s) Proposed Model (s) 

10 0.0668 0.0621 

20 0.0856 0.0559 

30 0.0712 0.0654 

40 0.0781 0.0689 

50 0.0954 0.0647 

 
Execution time refers to the actual processing time required to execute tasks. The results 
demonstrate that Proposed Model generally achieves lower execution time compared 
to PBSM, particularly at higher edge counts. This improvement highlights the effi-
ciency of the proposed model in reducing processing overhead and improving real-time 
performance in edge computing scenarios. 
 

V. Conclusion 
 
This work proposed a learning-assisted edge load balancing model that integrates job–
edge feature collection with Elephant Herd Optimization (EHO) for efficient IoT task 
scheduling. Job requirements and edge resource attributes were combined into a unified 
Job Sequence Feature (JSF) set, enabling informed and adaptive task assignment. A 
trained mathematical model was used to generate high-quality initial job sequences, 
improving the optimization process compared to random initialization methods. Exper-
imental evaluation demonstrated that the proposed model consistently outperforms the 
Preference-Based Stable Matching (PBSM) approach. The results show an average 1.8–
2.7% reduction in makespan, indicating faster overall task completion. Similarly, total 
flow time was reduced by approximately 1.5–2.6%, reflecting improved system respon-
siveness and lower job waiting time. Edge utilization improved by about 1.5–3.5%, 
confirming more balanced workload distribution and reduced resource idleness. 
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