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Abstract
In the Internet of Things (IoT) era, the demand for efficient and responsive comput-
ing systems has surged. Edge computing, which processes data closer to the source, 
has emerged as a promising solution to address the challenges of latency and band-
width limitations. However, the dynamic nature of edge environments necessitates 
intelligent load-balancing strategies to optimize resource utilization and minimize 
service latency. This paper proposes a novel load-balancing approach that lever-
ages learning automata (LA) to distribute real-time tasks between edge and cloud 
servers dynamically. By continuously learning from past experiences, the algorithm 
adapts to changing workloads and network conditions, ensuring optimal task alloca-
tion. The proposed algorithm employs a Service Time Measurement (STM) met-
ric to evaluate servers’ performance and make informed decisions about task dis-
tribution. The algorithm effectively balances the workload between edge and cloud 
servers by considering factors such as task complexity, server capacity, and network 
latency. Through extensive simulations, we demonstrate the superior performance of 
our proposed algorithm compared to existing techniques. Our approach significantly 
reduces average service time, minimizes task waiting time, optimizes network traf-
fic, and increases the number of successful task executions on edge servers. Com-
pared to previous approaches that partially addressed workload balancing, ALBLA 
offers a more comprehensive solution that optimizes resource utilization and mini-
mizes energy consumption. Additionally, ALBLA’s adaptive nature makes it well-
suited for dynamic edge-cloud environments with fluctuating workloads. Our pro-
posed approach contributes to developing more efficient, responsive, and scalable 
IoT systems by addressing the challenges inherent in edge computing environments.
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1  Introduction

The growth and development of Internet of Things (IoT) devices and smart mobile 
phones have led to a significant increase in data generated at the network’s edge 
[1–3]. However, these devices’ limited computing, storage, and battery life hinder 
their effective implementation. Cloud computing has been proposed as a solution 
for outsourcing computational tasks [4, 5]. Nevertheless, the significant distance 
between the cloud and the network’s edge presents challenges such as high band-
width consumption, latency, and security and privacy concerns [6]. Mobile edge 
computing (MEC) has emerged as a promising solution to address these challenges, 
particularly with the advent of fourth and fifth-generation mobile communication 
technologies [7]. This approach involves deploying numerous servers at the net-
work’s edge to process outsourced computational tasks closer to users, thereby 
reducing latency and enhancing the quality of service experienced by users. A 
general architecture of edge cloud computing and its relationship with end-users is 
shown in Fig. 1.

Although mobile edge computing has many advantages, it also faces challenges 
due to its emerging nature. Load balancing is considered a key challenge in this 
field. Effective load balancing is crucial for optimizing edge computing systems. 
Its primary objective is assigning tasks to available resources to enhance overall 
response time and ensure efficient resource utilization. With efficient load-balancing 
methods, users can avoid issues related to quality of service, service level agreement 
violations, unreliable data processing, and unresponsiveness [8, 9]. Consequently, 
developing efficient energy and load-balancing techniques and strategies is essential 
for the success of edge computing systems [10]. Recent studies [11–14] have applied 
reinforcement learning techniques to mobile edge computing to address comput-
ing offloading, task scheduling, workflow scheduling and load balancing, aiming to 
reduce energy consumption and improve system utilization. However, other stud-
ies [15–18], such as those utilizing deep reinforcement learning in heterogeneous 
IoT networks, have shown that neural network models can lead to increased task 

Fig. 1   A general architecture of edge cloud environment and end-users
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completion due to prolonged training. This delay can negatively impact network 
efficiency, responsiveness, and energy consumption. While these approaches have 
improved, learning automata [19] to reduce average task completion time remains 
relatively unexplored. Learning automata, as a reinforcement learning method, are 
highly adaptable to changes in their environment, which makes them an excellent 
fit for dynamic edge and cloud environments. By communicating and making local 
decisions, they can collectively reach the best possible outcome for the entire sys-
tem. This approach is beneficial in edge and cloud environments, where centralized 
algorithms can struggle with issues related to data accumulation and dissemination 
[20, 21]. Additionally, learning automata have minimal computational requirements 
and incur low communication costs when interacting with the environment [21, 22]. 
Furthermore, they can accurately model the topology of edge and cloud environ-
ments and simulate the evolving behaviour of nodes, considering their capacity to 
learn and adapt. The iterative process through which learning automata gather infor-
mation for decision-making ensures that potential errors do not significantly impact 
their performance, setting them apart from other algorithms [23]. Traditional load-
balancing methods often rely on static or heuristic approaches, which may not be 
optimal in dynamic edge computing environments. These methods struggle to adapt 
to changes in network conditions and workload patterns, leading to suboptimal per-
formance. Reinforcement learning-based methods, while promising, often require 
significant training time and computational resources [24]. Additionally, balancing 
exploration and exploitation can be challenging, and complex models may be dif-
ficult to implement in resource-constrained edge devices. To address these limita-
tions, we propose a novel load-balancing algorithm that leverages learning automata 
(LA) to adjust task distribution between edge and cloud environments dynamically. 
Unlike traditional methods, LA updates in real-time based on feedback (STM), mak-
ing it highly suitable for dynamic, real-time IoT environments where task demands 
change frequently. The innovation of our research lies in developing an adaptive 
load-balancing algorithm that utilizes Learning Automata (LA) to minimize time 
delays in allocating real-time tasks between edge and cloud servers, thereby enhanc-
ing average service time. Our novel approach for joint cloud-edge data centres maxi-
mizes the allocation of tasks with low latency requirements while surpassing con-
ventional methods in performance. Unlike traditional centralized algorithms that 
struggle with data accumulation and dissemination challenges, LA’s inherent adapt-
ability to environmental changes makes it particularly suitable for dynamic edge-
cloud environments. The system’s effectiveness stems from its ability to make local 
decisions through real-time updates based on Short-Term Memory (STM) feedback, 
allowing LA to collectively achieve optimal outcomes for the entire system while 
maintaining minimal computational requirements and low communication costs. 
This combination of features makes our solution highly effective for dynamic, real-
time IoT environments where task demands change frequently, and resource effi-
ciency is crucial. Our research makes several significant contributions to the field of 
edge computing. First, we propose a novel load-balancing algorithm that leverages 
learning automata (LA) to adjust task distribution between edge and cloud serv-
ers dynamically. This approach enables real-time adaptation to changing network 
conditions and workload patterns, improving task completion times and resource 
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utilization. Second, we introduce a novel server selection mechanism that considers 
task complexity, server capacity, and network latency to optimize task allocation. 
This mechanism enhances load-balancing strategies in dynamic distributed com-
putational environments. Finally, we propose a comprehensive algorithm for load 
balancing in joint cloud-edge data centres that maximizes the allocation of latency-
sensitive tasks while outperforming traditional methods. By leveraging the adaptive 
nature of LA and real-time feedback, our algorithm significantly reduces average 
service time and optimizes network traffic.

The rest of this paper is organized as follows: Sect. 2 summarizes related research. 
Section 3 explains learning automata, a type of reinforcement learning. Section 4 
introduces the proposed algorithm. Section 5 describes the simulation methodology, 
and Sect. 6 concludes the paper.

2 � Related work

Recently, a surge of research has focused on improving load balancing in collabora-
tive cloud-edge computing. These efforts aim to reduce latency, conserve energy, 
and achieve an optimal trade-off between latency and energy consumption in task-
offloading scenarios. This section will explore different studies focusing on mak-
ing task allocation and offloading more efficient in cloud-edge computing systems. 
Table 1 provides a summary of these studies.

Dong et  al. [25] introduced a method that optimizes task distribution among 
devices and minimizes energy consumption while offloading tasks to the cloud. 
Their approach incorporates strategies like Component Tagging and Merging to 
reduce complexity, an Offloading Valuable Basic (OVB) constraint to enhance per-
formance and a reliable system design based on the hierarchical structure between 
fog and edge servers. Wang et  al. [26] proposed a delay-focused architecture to 
improve performance in diverse fog-based systems. By utilizing dynamic queues 
and risk theory for reliable communication, this approach offers enhanced resource 
utilization and reduced total delay despite the inherent complexity of optimization 
problems. Lim et al. [27] presented a load-balancing algorithm for mobile devices 
in edge cloud computing, addressing workload distribution and edge server selection 
while accommodating device mobility. The primary advantage of this approach lies 
in its ability to distribute tasks to nearby edge servers efficiently. However, scalabil-
ity and complexity remain challenges that need to be addressed.

Hosseini et  al. [28] proposed a QoS-aware and cost-efficient task-scheduling 
method for fog-cloud resources in volunteer computing systems. This approach 
demonstrated superior performance regarding deadline-satisfied tasks and reduced 
violation costs. While achieving up to 95% PDST and 99.5% violation cost reduc-
tion, future improvements could focus on energy optimization and evaluation with 
diverse real-world datasets. However, the solution’s applicability is limited to vol-
unteer computing systems. Liu et  al. [29] introduced a near-optimal approach for 
online task offloading and resource allocation in edge-cloud orchestrated computing 
systems. By reformulating the problem and developing an algorithm for resource 
allocation and task offloading, the approach reduces completion time and energy 
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consumption and ensures high performance. Simulation results demonstrate its supe-
riority over other methods across various metrics. However, empirical validation is 
necessary to solidify the proposed approach further. Li et al. [30] aimed to enhance 
user satisfaction for time-sensitive IoT applications in edge computing by maximiz-
ing average total utility. The introduced algorithms and admission control policy 
address critical challenges and demonstrate promising evaluation performance. 
However, the approach overlooks security and privacy concerns, involves high com-
putational complexity, and requires consideration of long-term data patterns.

Dai et al. [31] introduced a deep reinforcement learning approach for task offload-
ing in vehicular edge computing within a cloud-edge environment. Long et al. [32] 
proposed TO-EEC, an algorithm for task offloading in the End-Edge-Cloud archi-
tecture. By addressing edge node delay, energy consumption, and load balancing 
through multi-objective optimization, TO-EEC employs an improved AR-MOEA 
method to achieve optimal solutions. Key advantages include avoiding local optima 
and faster convergence to the global optimum. Key contributions involve modelling 
the multi-objective problem, enhancing AR-MOEA components, and emphasizing 
cloud-edge collaboration. Tang et  al. [33] focused on a deep reinforcement learn-
ing method for IoT device task offloading in a collaborative cloud-edge-end setup. 
Addressing task dependencies, the approach solves a multi-objective optimization 
problem, prioritizing energy consumption reduction and low latency. The method 
efficiently allocates computing resources while considering edge servers’ commu-
nication and computation capabilities. However, it requires extensive training data 
and can be computationally expensive due to deep reinforcement learning model 
training.

Laili et  al. [34] proposed a parallel scheduling solution for large-scale tasks in 
industrial cloud-edge collaboration. By utilizing a hybrid evolutionary algorithm 
and a merge strategy, their approach minimizes energy consumption and delay. Siya-
datzadeh et  al. [35] presented ReLIEF, a real-time task assignment strategy using 
reinforcement learning for fault-tolerant fog computing. This approach outperforms 
other reliability and workload balancing methods. Ebrahim Pourian [36] suggested 
a learning automata-based approach to address the resource allocation problem in 
fog computing. Considering service time, cost, and energy consumption, the algo-
rithm excels in makespan and average response time compared to other methods. 
However, the proposed solution demands additional processing power and time for 
optimal solution computation, which may pose challenges in resource-constrained 
environments.

Du et al. [37] proposed a load-balancing technique based on Q-learning for pro-
cessing real-time tasks in edge-cloud networks. The method addresses issues such as 
uneven load distribution, network congestion, and limited processing capability of 
edge servers. By employing reinforcement learning with the Q-learning algorithm to 
distribute the workload between edge and cloud servers, the simulation results indi-
cate that this approach is more effective in reducing processing time than traditional 
static load balancing techniques. Liu et al. [38] introduced a three-layer architecture 
for efficient task offloading in Edge-Cloud environments centred around the Edge-
Cloud Broker (ECB). The ECB manages task requests, monitors resources, and 
employs offloading algorithms to improve task offloading, reduce energy usage, and 
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enhance IoT application performance. However, implementing the proposed archi-
tecture may require infrastructure changes and careful placement of the ECB.

Ullah et al. [39] proposed a Double Deep Q-Network (DDQN)-based framework 
to optimize task offloading and resource allocation in dynamic edge-cloud environ-
ments. The proposed framework aims to minimize task completion time, energy con-
sumption, and network congestion by learning optimal offloading decisions through 
interaction with the dynamic edge-cloud environment. Rahmani et al. [40] proposed 
a novel machine learning-based load-balancing technique for real-time heterogene-
ous systems. This approach aims to improve system performance and energy effi-
ciency by predicting application execution times and assigning tasks to underloaded 
devices dynamically. Wehbi et  al. [41] propose FedMint, a novel client selection 
approach for federated learning that addresses the challenges of random selection 
and newcomer device integration. FedMint employs a game-theoretic approach to 
match IoT devices with federated servers based on their preferences. Additionally, a 
bootstrapping mechanism assigns initial accuracy values to newcomer devices, ena-
bling their effective participation in the FL process.

In the paper by Bai and Chen [42], the authors propose a robust node selection 
strategy for federated learning (FL) tailored to UAV-assisted edge computing envi-
ronments, addressing challenges like limited data quality and network dynamics. 
The study introduces a three-layer FL architecture designed to optimize training 
by strategically selecting unmanned terminals (UTs), UAVs, datasets, and delays 
to reduce convergence gaps in model training. The authors validate their approach 
through simulations, showing significant improvements in training efficiency and 
accuracy under varying wireless conditions, making the framework highly effective 
for federated learning in mobile, resource-constrained settings​.

The studies provide a comprehensive overview of the state-of-the-art techniques 
for load balancing in cloud-edge computing. While these approaches offer valuable 
insights, a significant opportunity remains to optimize task allocation and resource 
utilization further. Our proposed approach addresses these challenges by leverag-
ing a novel learning automata-based algorithm to achieve efficient and adaptive load 
balancing in dynamic edge-cloud environments.

3 � Preliminaries

This section provides a concise introduction to learning automata as the foundation 
for the rest of the paper.

3.1 � Learning automata theory

A learning automaton [16] is designed to make adaptive decisions by learning 
from interactions with a random environment. It selects actions from a limited 
set, with each action carrying a probability of being rewarded by the environ-
ment. The automaton consistently learns to choose the optimal action through an 
iterative process. The adaptation mechanism begins with initializing each server 
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with a uniform probability distribution, making each equally likely to be selected 
for task allocation. Tasks are then assigned to servers based on this probability 
distribution. If a server completes a task within the Service Time Measurement 
(STM) threshold, its probability of being chosen increases, reinforcing the selec-
tion of high-performing servers. Conversely, servers failing to meet the STM have 
their selection probabilities decreased, penalizing underperformance. This prob-
ability update process allows the learning automaton to adapt continuously to 
changing conditions, dynamically selecting the most suitable server for each task. 
Adjusting probabilities in response to feedback enables the adaptive learning-
based load balancing algorithm (ALBLA) to efficiently manage workload vari-
ations, network conditions, and server availability, enhancing performance and 
energy efficiency in edge-cloud environments.

The environment [19] can be represented by a triple E{�, �, c} , where 
�{�1, �2,… , �r} indicates the finite set of inputs,�{�1, �2,… , �m} is the set of 
the values that the reinforcement signal can take, and c{c1, c2,… , cr} denotes 
the set of the penalty probabilities. Based on the type of reinforcement signal b , 
environments can be categorized as P-model, Q-model, and S-model. In P-model 
environments, the reinforcement signals can only take binary values, 0 and 1. 
Q-model environments allow a finite number of values between 0 and 1 for the 
reinforcement signal. In S-model environments, the reinforcement signal falls 
within the range [a, b] . Figure  2 illustrates the interaction between the learning 
automaton and the random environment.

Learning automata can be divided into two primary categories: fixed-structure 
learning and variable-structure learning. Variable structure learning automata are 
denoted by a triple ⟨�, �, L⟩ , where � represents the set of inputs, � represents the 
set of actions, and L represents the learning algorithm. The learning algorithm is 
a recursive formula that adjusts the action probability vector. Let �i(k) and p(k) 
represent the action chosen by the learning automaton and the probability vector 
defined. Over the action set at time k , respectively. Parameters aandb determine 
the degree of increase and decrease in action probabilities. The variable r rep-
resents the number of actions the learning automaton can take. At each time k , 
the action probability vector p(k) is updated using the linear learning algorithm 
described in (1) if the random environment rewards the chosen action αi(k), and it 
is updated as described in (2) if the action is penalized [19].

Fig. 2   The connection between the learning automata and its random environment
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When � = b , Eqs. (1) and (2) are referred to as the linear reward penalty (LRP) 
algorithm; if � is significantly greater than b , these equations are known as the linear 
reward-ε penalty (LRεP) algorithm. Finally, when b equals 0, they are referred to as 
the linear reward-inaction (LRI) algorithm. In the latter scenario, the action prob-
ability vectors remain unaltered when the environment penalizes the action.

4 � Proposed methodology

We propose using reinforcement learning to decrease the average time to complete 
tasks and transmit data between edge and cloud servers, commonly called service 
time. Service time encompasses the duration required for processing tasks and 
communicating between edge servers and cloud servers. The Service Time Meas-
urement parameter (STM) is based on the predicted time for processing each task 
and resource requirements. Following the assignment of each task to a server, the 
expected time and resource requirements are evaluated. The optimal condition for 
two tasks, i and j, is as follows [36]:

This paper utilizes the S environment model, an LRP learning automata. Initially, 
we will outline the data structure of the proposed algorithm, followed by an expla-
nation of the load-balancing algorithm. As described in Sect.  3, the probabilistic 
values adjusted based on environmental feedback are highly significant for decision-
making within learning automata.

4.1 � Structure design

To incorporate learning automata into our proposed algorithm, we introduce two 
key concepts: the current server (CS) and the available servers (AS). The CS refers 
to the server currently processing a task, while the AS represents a list of potential 
servers for task processing.

Here, S represents the set of neighbouring servers of the current server (CS), and 
Si denotes the i-th neighbour.

(1)Pj(n + 1) =

{
Pj(n) + a

[
1 − Pj(n)

]
j = i

(1 − a)Pj(n) ∀j ≠ ji

(2)Pj(n + 1) =

{
(1 − b)Pj(n) j = i(

b

r−1

)
+ (1 − b)Pj(n) ∀j ≠ ji

(3)
if
(
PredictedtimeTi ≤ PredictedtimeTj

)
&&

(
RequestTi ≤ RequestTj

)
,∀Ti ∈ T , i ≠ j

(4)S =
{
S1, S2,… |Si is the ith − neighbour of CS, i = 1, 2,…

}
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Each server employs a learning automata algorithm that maintains a list of avail-
able servers (AS). This list contains the ID of each server and an associated prob-
ability vector ( Pvector ). The Pvector consists of two probabilities:

P1i : The probability of offloading tasks to an edge server, and P2i : The likelihood 
of offloading tasks to the cloud. Initially, both probability vectors are set to 0.5 at 
the commencement of the algorithm execution. These probabilities are dynamically 
updated based on the server’s past performance and the feedback received from the 
environment. As illustrated in Fig. 3, the table structure represents the state of a spe-
cific server (CS) and its view of other available servers (AS). Each row in the table 
corresponds to an available server (ASi) and associated Pvector.

In this example, AS₁ is the first available server, P11 is the probability of AS₁ 
downvoting tasks to an edge server, and P21 is the probability of AS₁ downvoting 
tasks to the cloud. The Pvector for each available server is updated dynamically 
based on the learning automata algorithm, allowing the system to adapt to changing 
conditions and optimize task allocation (Table 2).

4.2 � Learning phase

Three types of stored tables are utilized for training the servers: the proximity-
hit- LA table contains servers that have successfully processed tasks on edge and 
adhered to STM conditions based on their previous processing history. The second 
table, Proximity- miss-LA, stores servers with processed functions at the edge but 
still need to meet STM conditions according to their last processing history. The 
storage format of these tables is identical to the Proximity-hit-LA table. The third 
category consists of servers that have forwarded tasks to the cloud for processing 
in previous processing stages, which are stored in a table named Processing-LA. It 
is evident that in this scenario, no servers will be accessible in this table. Figure 4 
depicts the process of analyzing tables.

Initially, a task is dispatched to a designated server for processing. If the current 
server does not meet the STM condition, the processing continues by examining the 

(5)Pvector = {P1i,P2i,… ,Pri|r is the number of actions for Si,Pki = 1}

Fig. 3   A simple format of CSs 
table for AS1
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stored tables. With each task submission, a new row is appended to the table of the 
respective current server. First, the proximity-hit-LA table is examined to verify if 
its tasks meet the STM condition. If the condition is satisfied, the servers with the 
highest probability of offloading tasks to the edge (according to their Pvector) are 
selected. These servers then process the task. The algorithm turns to the Process-
ing-LA table if the STM condition is not met in the proximity-hit-LA table. From 
the available servers (AS), all servers with the highest probability value from the 
Processing-LA table are selected for further processing. The selected servers then 
process the designated number of tasks. Once these servers are chosen, the specified 
tasks are forwarded for processing. In this scenario, the probability values within 
each server’s Pvector are determined based on their past performance, reflected by 
rewards and penalties received during previous processing cycles.

If the processing fails to meet the desired STM after analyzing the proximity-hit-
LA and Processing-LA tables, the algorithm resorts to the proximity-miss-LA table. 
This table stores servers that have previously processed tasks at the edge but vio-
lated the STM condition. From this table, servers with the highest probability value 
for offloading tasks to the edge are selected for further processing. If processing vio-
lates the STM conditions, the results are sent back through the path taken for server 
selection. All servers along this path adjust their Pvector based on their performance 
and the learning automata algorithm. The processing phase concludes when all tasks 
are processed or the desired STM is not achieved for any remaining tasks. Figure 5 
illustrates the workflow of the proposed method.

Table 2   Simulation parameters

Parameters Descriptions

System configuration Topology type: fully connected
Memory: 8.00 GB
OA: Windows 10 Enterprise

Simulator/language EdgeCloudSim/Python
Measurement testing Average service time

Delay
Network traffic
Number of successful task execution on edge

Scalability Testing Increase in the number of devices from 100 to 1000
Type of tasks Mixed reality

Remote environment monitoring
Weather forecasting application

Configuration Random task generation according to the kinds of applications

Fig. 4   The sequence of tables examination
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4.3 � Reward and penalty

In our proposed model, each server is managed by a learning automaton initial-
ized to allocate tasks evenly between edge and cloud processing. This initializa-
tion ensures a balanced likelihood for tasks being processed at either level, repre-
sented by the initial probability assignment, where the current server is penalized 
to minimize the probability of selecting unproductive servers. P1(i) = P2(i) = 0.5. 
This setup implies an equal likelihood of any server performing task processing, 
allowing the system to adapt based on performance feedback. As shown in pseu-
docode, the update mechanism hinges on the continuous evaluation of each serv-
er’s Service Time Measurement (STM). After each task execution, the server’s 
STM is assessed to determine if the task met a predefined performance thresh-
old. The update process then adjusts the probability vector of the corresponding 
server based on this feedback:

•	 Reward: If a server meets the STM condition (indicating efficient task comple-
tion), its probability in the vector is updated according to Eq. (1), increasing 
the likelihood of its future selection. This mechanism rewards high-perform-
ing servers by amplifying their probabilities in the task allocation process.

•	 Penalty: Conversely, if a server fails to meet the STM condition, Eq.  (2) 
reduces its probability, lowering its likelihood of being selected for future 
tasks. This penalty discourages the selection of underperforming servers, 
making the system more adaptive.

Fig. 5   Proposed load balancing algorithm flowchart
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The adaptation mechanism in our learning automata (LA) dynamically refines 
each server’s probability allocation through continuous feedback integration. 
This adaptive updating approach allows the LA to adjust effectively to changes 
in workload and server performance over time, ultimately steering task assign-
ments towards consistently productive servers. This ongoing feedback and prob-
ability adjustment ensures that the algorithm remains robust, even under varying 
workloads and network conditions, thereby maximizing performance and effi-
ciency in edge-cloud systems.

This structured initialization, updating, and adaptation approach reinforces 
the system’s ability to prioritize reliable servers, enhancing performance stabil-
ity across dynamic network conditions and workloads.

4.4 � Time complexity

The time complexity of the proposed algorithm is influenced by several factors, 
primarily the number of servers (n) and the number of tasks (m). Each server 
requires an initialization step to set its initial probability vector (P), resulting in 
an O(n) time complexity. For each task, the algorithm updates the probability 
vectors of all servers based on feedback, which takes O(n) time. Additionally, 
the algorithm selects the optimal server based on the highest STM score, which 
involves sorting or finding the maximum value in a list of size n, resulting in a 
time complexity of O (n log n). Considering both initialization and task assign-
ment, the overall time complexity of the algorithm can be approximated as O (m 
* n log n). This indicates that the algorithm scales linearly with the number of 
tasks and logarithmically with the number of servers.
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5 � Simulation

In this section, we outline the simulation environment and present the findings of the 
experimental results of our proposed algorithm. Section 5.1 details the simulation 
parameters and the evaluation approach, while Sect. 5.2 discusses the experimental 
results and their analysis.

5.1 � Simulation setup

To assess the proposed algorithms’ efficacy compared to other state-of-the-art tech-
niques, we leveraged EdgeCloudSim [43], a specialized tool based on CloudSim 
[44] tailored for edge computing environments. This tool is designed for edge com-
puting environments, enabling comprehensive experimentation considering compu-
tational and networking resources. By utilizing EdgeCloudSim, we could thoroughly 
evaluate the proposed method’s performance across diverse edge computing scenar-
ios, ensuring a holistic analysis of its effectiveness in real-world conditions, includ-
ing the impact of computing and networking resources.

Various metrics have been evaluated, including average service time, delay, net-
work traffic, and number of successful task execution on the edge across differ-
ent scales. We examined three distinct task types related to Mixed Reality (MR) 
[45], remote environment monitoring [46], and weather forecasting applications 
[47]. These applications have unique requirements; for example, MR requires low 
latency for seamless user experience [45]. However, remote environment moni-
toring demands timely processing and communication of results to enable prompt 
responses to changing environmental conditions [46]. Weather forecasting involves 
analyzing and processing vast amounts of data from various sources such as satel-
lites, weather stations, and climate models, thus requiring significant computational 
resources [47]. The algorithms’ policies play an essential role in deciding how tasks 
from mobile devices are distributed within a hotspot. To simulate this scenario, we 
configured a mobile device to generate random functions with three to eight items 
simultaneously, assuming sufficient edge servers in edge cloud environments based 
on specific application types.

Leveraging sufficient specialized edge servers in the edge cloud is crucial for 
optimizing task execution, enhancing performance, and effectively managing 
resources. The required number of edge servers depends on the specific workload 
and the desired level of parallelism for task completion.

5.2 � Experimental evaluation

We evaluated the performance of our proposed algorithm by comparing it to four 
other methods: Cloud First (CF), Probability, Graph Coloring-based Genetic Algo-
rithm (GG), Round Robin (RR), and An Energy-efficient VM Allocation Algorithm 
for IoT Applications in a Cloud Data Center (AFED-EF). Cloud First prioritizes the 
central cloud, connecting to it when accessible and resorting to edge servers only 
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when the cloud is busy [26]. The Probability method assigns tasks between edge and 
cloud servers using a fixed probability of 50%. The Graph Coloring-based Genetic 
Algorithm (GG) employs graph colouring and a genetic algorithm to efficiently dis-
tribute offloaded tasks to nearby edge servers [26]. An alternative approach is Round 
Robin, where mobile devices sequentially select edge servers for task offloading.

5.2.1 � Average service time

This section evaluates the average service time for five algorithms when the number 
of devices is 1000. As previously mentioned, average service time explains the aver-
age time it takes for a task to be processed and completed by a server. This includes 
the time it takes for the task to be assigned to a server and the time it takes for the 
server to execute the task. In other words, the service time is the overall duration 
needed to accomplish tasks and facilitate communication between edge and cloud 
servers [48]. Reducing average service time is essential for improving the network’s 
overall performance and user experience, as shorter service times lead to faster 
response times and higher throughput. Figure 6 compares the average time required 
to complete a task or service for our proposed algorithm, the Cloud First method, 
and the GG approach. Our proposed algorithm exhibits the shortest average time of 
slightly more than 0.8 s, primarily due to its adaptive behaviour in selecting the opti-
mal server for task processing. The Cloud First method, relying solely on the central 
cloud server for task offloading, incurs the longest average service time at around 
1.4 s. The proposed algorithm employs a learning-based approach to determine the 
best server for task processing, whether on the edge or in the cloud. As the number 
of devices increases, the algorithm’s ability to make informed decisions improves 
through iterative learning. In contrast, the GG approach uniformly allocates tasks 
to adjacent edge servers, limited by the maximum number of colours. This results 
in an average service time of approximately 0.9 s. Our proposed algorithm outper-
forms Cloud First, GG and AFED-EF approaches regarding average service time, 

Fig. 6   The average service time for different algorithms with a scale of 1000 devices
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demonstrating its adaptive and efficient behaviour in selecting optimal servers for 
task processing.

5.2.2 � Delay task processing

The time a task spends waiting in a queue before it is assigned to a server for pro-
cessing is referred to as its waiting time in the context of task management [49]. This 
can occur when more tasks are submitted to the network than the available serv-
ers can process. We evaluate the different algorithms across various scales to ana-
lyze task waiting times and compare their performance. As the number of devices 
increases, the delay increases, as shown in Fig. 7.

The Cloud First method exhibits a significantly long waiting time of more than 
2.5  s due to the high number of tasks simultaneously accessing the central cloud 
server. In contrast, the GG method has a relatively higher waiting time than the 
probability and the RR methods. This is because the GG method considers both the 
latency for edge servers and the duration needed to transfer tasks from edge servers 
to the central cloud server during offloading. In contrast, other methods only con-
sider waiting times for edge servers. Our proposed algorithm demonstrates supe-
rior performance in terms of task waiting time, especially for larger scales with a 
high number of devices. This is attributed to its ability to efficiently distribute tasks 
across edge and cloud servers, minimizing congestion and reducing waiting times. 
The experimental results demonstrate that both ALBLA and AFED-EF outperform 
other methods, showcasing their superior performance and scalability. However, our 
ALBLA algorithm exhibits slightly better performance, especially in high device 
counts scenarios, indicating its potential for even more efficient task execution in 
large-scale edge computing systems.

5.2.3 � Network traffic

Network traffic, encompassing the volume and flow of data transmitted between 
devices and servers, is critical in edge cloud networks. High traffic levels can lead 

Fig. 7   There is a delay with the different scales of devices
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to congestion, delays, and reduced throughput. This can include data generated by 
IoT devices and transmitted by other connected devices such as smartphones, lap-
tops, and tablets. Managing network traffic is critical for ensuring the reliability and 
performance of the network, as high traffic levels can lead to congestion, delays, and 
reduced throughput [50]. Load-balancing algorithms aim to optimize network traffic 
by efficiently distributing tasks across available servers. The Graph Coloring-based 
Genetic Algorithm (GG) method is the most effective in reducing network traffic, as 
demonstrated in Fig. 8. This is primarily attributed to its exceptional load-balancing 
capabilities, which significantly minimize the risk of network failures.

Our proposed algorithm performs similarly to the GG method, reducing over-
heads and unnecessary data transmission between servers. This is achieved through 
intelligent network traffic management and optimized resource utilization. The pro-
posed algorithm closely matches the GG method in terms of network efficiency, as it 
minimizes the amount of data that needs to be transmitted over the network, thereby 
reducing network congestion and improving overall system performance. On the 
other hand, the round-robin (RR) method experiences less network traffic than the 
cloud-first method. This is because the RR method experiences a higher rate of task 
failures primarily because there are no guarantees regarding the delay time. As a 
result, tasks are reassigned to other servers, which reduces the overall amount of 
data that needs to be transmitted over the network.

In contrast, implementing Cloud First substantially increases network traffic due 
to its heavy dependence on wide area networks (WANs). WANs are prone to failures 
and necessitate resending data and application files because of their vulnerability 
to failures. This increases traffic as data is repeatedly transmitted over the network, 
leading to congestion and reduced system performance. Our proposed algorithm, 
along with the AFED-EF method, offers a more efficient and reliable solution for 
managing network traffic in edge cloud networks and exhibits better performance in 
network traffic reduction, especially in scenarios with many devices.

Fig. 8   The network traffic when the number of devices is different
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5.2.4 � Number of successful task executions on edge

Figure  9 compares our proposed algorithm with four other algorithms based 
on the number of successful task executions on edge servers. The Cloud First 
approach, which does not utilize edge servers and relies solely on the central 
cloud server for task offloading, had the lowest success rate of approximately 33% 
due to its implementation despite having the highest number of task executions in 
the cloud. This is because the Cloud First approach results in heightened network 
traffic for task offloading, which can lead to congestion and decreased success 
rates. In contrast, our proposed algorithm effectively learns to forward tasks to 
optimal edge servers as the number of devices scales up. Consequently, our pro-
posed method outperforms the GG method, achieving a success rate of 84% when 
the number of devices is 600. This improvement is attributed to the algorithm’s 
ability to efficiently distribute tasks across edge servers, resulting in higher suc-
cess rates [51].

Moreover, as the learning process is repeated, the system becomes better 
equipped to comprehend various scenarios, resulting in proficient load distribu-
tion. This is evident in Fig. 10, as our proposed algorithm’s success rate continues 
to improve as the number of devices increases. Our proposed algorithm performs 
superior to other algorithms regarding successful task executions on edge servers.

In addition to achieving a high success rate for task executions, our proposed 
algorithm is inherently robust against node failures. When a node failure occurs, 
the algorithm’s decentralized structure allows it to dynamically reassign tasks 
to other available nodes, avoiding single points of failure. This ensures that the 
success rate remains stable despite unexpected node issues, as tasks are seam-
lessly rerouted to maintain continuous processing. As a result, our method main-
tains high performance and reliability across varied network conditions, further 
enhancing its suitability for dynamic edge-cloud environments.

Fig. 9   The number of successful executions with different scales of devices
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5.2.5 � Sensitivity analysis

To evaluate the robustness of our proposed algorithm, we conducted a sensitivity 
analysis using varying key parameters, including the number of devices/tasks and 
edge server capacity. Table 3 summarizes the results under four scenarios: Low Traf-
fic, Medium Traffic, High Traffic, and High Traffic with Increased Capacity. Each 
scenario illustrates the algorithm’s adaptability to varying network load levels and 
available resources. Impact of Device/Task Load: As shown in Table 3, an increase 
in the number of devices from 100 to 1000 leads to an increase in average service 
time and network traffic. For instance, under the high-traffic scenario, service time 
rises to 1.4 s with a success rate of 75%. This demonstrates the expected challenges 
with higher traffic loads; however, our algorithm maintains performance by dynami-
cally redistributing tasks, ensuring stable throughput even with increased network 
congestion. Effect of Edge Server Capacity: When edge server capacity is increased 
to 20 GB in the High Traffic scenario, the service time is reduced from 1.4 to 1.0 s, 
while the success rate improves to 90%. This suggests that enhancing edge server 
capacity significantly mitigates delays and improves task execution success rates. 
Our algorithm efficiently utilizes the increased capacity, highlighting its scalability 
and suitability for high-load environments.

These results underscore the algorithm’s adaptability to varying conditions, 
maintaining optimal service times and success rates with appropriate resource allo-
cation adjustments. Consequently, the proposed method proves resilient to shifts in 
workload intensity and resource availability, reinforcing its utility in dynamic edge-
cloud networks.

5.3 � Comparative analysis

This section provides a comparative analysis of our proposed ALBLA algorithm 
against several state-of-the-art techniques, including Round Robin (RR), Cloud First 
(CF), Probability-based, Graph Coloring-based Genetic Algorithm (GG), and recent 
approaches by Zhou et  al. [47, 48]. These algorithms are evaluated based on key 
performance metrics such as energy efficiency, adaptability, scalability, and task 
handling, particularly in edge-cloud environments.

As shown in Table  4, ALBLA outperforms existing energy efficiency, adapt-
ability, scalability, and task-handling approaches, especially in dynamic edge-cloud 
environments. By leveraging learning automata, ALBLA can effectively adapt to 

Table 3   Sensitivity analysis results

Scenario Tasks Capacity (GB) Service time (s) Network traffic Success 
rate (%)

Low traffic scenario 100 10 0.8 Low 95
Medium traffic scenario 500 10 1.1 Moderate 85
High traffic scenario 1000 10 1.4) High 75
High traffic with increased capacity 1000 20 1.0 Moderate 90
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changing network conditions and optimize resource utilization, making it a promis-
ing solution for future edge-cloud systems.

6 � Conclusion

This paper presents a novel adaptive load-balancing algorithm for edge-cloud sys-
tems, leveraging learning automata to optimize task allocation and resource utiliza-
tion. The proposed algorithm addresses the challenges of limited processing capac-
ity, inefficient load balancing, and extended communication links by dynamically 
selecting servers for task processing based on real-time feedback. The algorithm 
adaptively learns from past performance by employing learning automata to make 
informed decisions, improving its efficiency and effectiveness over time. The pro-
posed algorithm has been rigorously evaluated through simulations, demonstrat-
ing superior performance compared to existing methods regarding average service 
time, task waiting time, network traffic, and successful task executions on edge serv-
ers. Future research directions include integrating learning automata with energy-
aware [54] and deep learning techniques to enhance the algorithm’s adaptability and 
resilience to dynamic network conditions. Additionally, incorporating fault models 
for mobile devices and edge servers will improve the algorithm’s robustness and 
scalability.
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