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However, effectively managing energy consumption (EC) remains a critical challenge due to the
complexities of task scheduling. This paper proposes an enhanced task scheduling approach based on
learning automata (LA) and neural network modeling to minimize fitness, makespan (MK), and
associated costs in fog environments. Furthermore, an additional radial basis function (RBF) model is
introduced to predict interdependencies among MK, fitness, and cost relative to virtual machine (VM)
configurations. A Comparative analysis demonstrates the superior performance of the proposed LA-driven
scheduling model over existing methods, achieving more efficient resource allocation and environmental
impact reduction across key metrics. This study advances FC task scheduling techniques, highlighting the
potential of integrated neural network models to optimize energy-aware computation.
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I. INTRODUCTION

The rapid proliferation of 10T devices and smart systems has led to increased demand for real-time data processing across numerous
fields, including healthcare, transportation, and smart cities. The networks generate vast amounts of data, which traditionally require
extensive cloud resources for processing [1-3]. However, transmitting data to remote cloud centers incurs latency, bandwidth issues,
and energy costs, often compromising the quality of service (QoS) in time-sensitive applications. FC has emerged as an efficient
model that processes data closer to the data source, bridging the gap between end devices and the cloud [4-7]. Fog environments
introduce complexities in task scheduling, which significantly impact energy usage, MK, and operational costs [8]. With
computational power distributed across numerous virtual machines (VMs) in a fog network, an effective scheduling mechanism must
balance task allocation to optimize energy consumption, reduce delays, and minimize expenses [9, 10]. Task scheduling in FC is
inherently complex and an NP-hard problem, where ineffective scheduling can increase energy demand and carbon emissions due to
prolonged machine use. Addressing these scheduling [11, 12] constraints requires intelligent resource allocation that dynamically
aligns with real-time processing demands and resource availability [13-16]. Recently, neural networks have emerged as powerful tools
for addressing a range of complex problems, including optimization, pattern recognition, and predictive modeling [17-19]. Their
ability to learn non-linear relationships makes them suitable for diverse applications, from engineering and data processing to resource
management in distributed systems [20, 21]. Recent studies demonstrate the effectiveness of neural networks in optimizing decision-
making processes, particularly in dynamic, resource-constrained environments such as fog computing [22, 23]. Learning-based
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approaches have shown substantial promise for optimizing task scheduling in fog networks [24]. In this paper, we introduce an LA-
based scheduling model enhanced by radial basis function (RBF) neural network modeling. This model leverages the RBF network's
ability to learn complex data patterns, enabling efficient scheduling decisions that minimize MK and energy consumption. Known for
their effectiveness at capturing non-linear relationships, RBF networks enhance the precision of scheduling predictions, enabling more
adaptive, resource-conscious task allocation within fog networks. The literature on task scheduling in fog computing has explored
various heuristic and learning-based strategies, such as particle swarm optimization (PSO) [25, 26], grey wolf optimizer (GWO) [27,

28], ant colony [29, 30], and bat-inspired algorithm (BIA) [31, 32] to minimize MK and energy cost.

i

In recent years, various hybrid scheduling techniques have been proposed to optimize task allocation in fog computing environments.
However, most existing models focus on specific objectives, such as minimizing makespan or energy consumption, without
effectively balancing multiple factors such as cost and performance in dynamic and resource-constrained environments. This paper
introduces a novel approach that combines learning automata (LA) with RBF neural networks to address these limitations. The LA
component provides adaptive task allocation based on real-time feedback, while the RBF network enhances the model's ability to
predict and optimize key parameters such as makespan, energy consumption, and cost. By integrating these two methods, our
approach offers a more comprehensive solution for efficient and cost-effective task scheduling in fog computing, filling a crucial gap
in existing research. Results show that the proposed algorithm significantly reduces energy consumption, MK, and cost while
maintaining low carbon dioxide emissions. Moreover, the RBF network demonstrated strong predictive accuracy for key metrics,
enabling the LA-RBF scheduler to make more informed decisions regarding VM allocations.

I1. LEARNING AUTOMATA

LA is a reinforcement-based adaptive decision-making model that optimizes actions by learning from environmental feedback. In an
LA framework, an automaton selects actions based on a probability distribution, which is adjusted iteratively according to the rewards
or penalties it receives from its environment. This adaptability allows LA to operate effectively in dynamic and uncertain conditions,
making it suitable for complex scheduling problems like those found in FC. By continuously refining its decision policy through a
trial-and-error approach, LA can minimize penalties, which translates to improved performance in computational tasks. This quality is
particularly beneficial in FC environments, where the LA model can dynamically allocate tasks to fog nodes, taking into account
factors like energy constraints, MK, and available resources to maximize system efficiency. In the proposed scheduling approach, LA
plays a pivotal role in guiding task assignments by leveraging a variable-action-set model. This configuration enables the automaton to
adaptively manage task scheduling based on resource availability and specific task requirements. Additionally, the LA-based
scheduler optimally integrates with neural networks, allowing it to predict scheduling performance across parameters such as VM
length and cost. By combining LA with RBF models, the proposed approach gains an intelligent decision-making capability that can
enhance scheduling efficiency, reduce latency, and lower energy consumption. This hybrid framework positions LA as a key
component in the optimization of fog environments, aligning scheduling decisions with energy efficiency and cost-effectiveness goals.

I11. TASK SCHEDULING IN FOG COMPUTING

Task scheduling is a critical component in the design and optimization of fog computing environments, where computational
resources are distributed across numerous nodes. Unlike centralized cloud systems, fog computing places computational power closer
to end-users, reducing latency and enabling more responsive services. However, effective task scheduling in fog environments poses
challenges due to the resource limitations of fog nodes and the diverse requirements of tasks. Ineffective scheduling can lead to
suboptimal resource utilization, increased energy consumption, and prolonged MK, which negatively impact both performance and
environmental goals. This complexity is further compounded by the need to maintain quality of service (QoS) while accommodating
the fluctuating demands of loT-driven networks. In this study, task scheduling is approached as a multi-objective optimization
problem, aiming to balance critical parameters such as EC, MK, and cost. The proposed scheduling model leverages an LA-based
approach, augmented with neural networks, to dynamically assign tasks to fog nodes based on available resources and task
requirements. The LA scheduler operates in tandem with RBF networks, where the ANN model captures complex task allocation
patterns, and predicts MK, fitness, and cost with respect to VM length. This integrated approach enables the system to make informed,
adaptive scheduling decisions that optimize resource allocation and reduce energy usage, ultimately enhancing the efficiency and
sustainability of the fog computing infrastructure.

A. Makespan

MK represents the total time required to complete all scheduled tasks within the system, measured from the start of the first task to
the completion of the last. In a fog computing environment, reducing MK is essential to ensure prompt task execution and enhanced
responsiveness, especially in applications that require real-time data processing. By minimizing MK, the system achieves a higher

throughput, effectively handling more tasks within a given timeframe. There is also an allocation matrix called Aij . When the task T,
is assigned to a virtual machine Vm, , its value is 1. Otherwise, it is 0 [33].

—G)@ L :
http://doi.org/10.58564/1JSER.4.4.2025.352 @ Bv_sa https://ijser.aliragia.edu.iq



s,

Ry . N N
i7#%  Al-lragia Journal for Scientific Engineering Research, Volume 4, Issue 4, December 2025 26 of 36
~. ISSN: 2710-2165

m W, .
Etj = i=1Aij ><eij , eij =?, MK =MAX (Etj),J =12,...,n (D)
j
B. Fitness

Fitness is a composite metric that considers both energy consumption and MK to evaluate the overall efficiency of the scheduling
model. This parameter is crucial for balancing the trade-offs between computational speed and energy usage. By optimizing for
fitness, the model aims to maintain a balance between rapid task completion and sustainable energy consumption, thereby supporting
both performance and environmental objectives. In the proposed model, fitness serves as a key indicator of how effectively tasks are
assigned to nodes within the fog network.

Fitness = 7 xtotal _energy +(1-7)xMK,7=0.8 )
C. Cost

Cost is an important metric that reflects the resource expenditure associated with task execution on virtual machines. It includes
factors such as the cost of CPU cycles, memory usage, and bandwidth utilization. Lowering the cost parameter directly impacts the
operational efficiency of the fog system by reducing the expense of task scheduling across distributed nodes. Cost minimization
ensures that the model remains economically viable while delivering high-quality services, making it a critical consideration for
resource allocation strategies.

Total _cost = Z'j‘:lcostj xEt, 3)

D. Energy consumption

VMs can be in an active or idle state. The majority of their energy consumption is when they are active. Therefore, the energy
consumed by the VM is equal to the sum of the energy consumption in the active and idle states. The idle time of the virtual machine
is equal to the subtraction of the execution time of the virtual machine from MK. The idle time of the virtual machine is MK — Et;

Also, Etj is the total processing time of T on the VM ;- The energy consumed by each machine is calculated as follows [34].

Energy YM ;) = (Et; x B, + (MK —Et,)xa;)xs;, B, =10°x(S,%), a; =0.6x B, (4)

TABLE I. MODEL NOTATIONS
Symbol Definition
MK Makespan
T; Task
o Weight coefficient for M in fitness function
B Weight coefficient for energy in fitness function
Energy Total energy consumption
Et; The total processing time of T,
Cost Total operational cost
SD Standard deviation
p p-value in statistical testing
T Weight for energy consumption in the fitness function=0.8
A Allocation matrix
¢j Execution time of task j on a reference machine
Si Machine speed - Processing capability of machine j
wj Task length - Computational size of task | (number of instructions)
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IV. PROPOSED ALGORITHM

The proposed algorithm aims to assign tasks & ={¢&,&,,..., &, } efficiently to fog nodes y ={y,,w,,...,, }, while minimizing both

MK and EC within the fog environment. Given the limited resources and high energy demands of fog nodes, effective task scheduling
becomes essential to achieving optimal resource utilization and energy efficiency. To address this, an LA approach is employed,
which bases task allocation decisions on predicted processing times and the specific resource requirements of each task. The LA-based

scheduler, denoted as A ,operates by selecting actions that represent task scheduling decisions. These actions, defined as
T
i
Y; :{,TA\ Vi e&={&,S,,....&,}} sallow the scheduler to assign tasks based on current system conditions. To facilitate this, an

i i
action probability vector P ={P |V e{L,2,...,N ,}} is maintained, where each P reflects the likelihood of selecting a particular
T s

S

task for processing. Initially, all tasks are assigned equal probability, allowing each task an equal chance to access fog resources. At
each iteration, the automaton a randomly selects an action y from the action probability vector, effectively permitting task &, to enter
T S

the fog computing system for processing. If no tasks remain or if the system lacks adequate resources to fulfill a task, the algorithm
terminates. Otherwise, the algorithm evaluates whether the resource requirements for processing &, are within the available resources

of the fog system and checks if the predicted execution time for ¢, is the shortest among all pending tasks. If both conditions are met,

the algorithm rewards the selected task, penalizes other tasks in the APV, and updates the probability vector accordingly. In cases

where these conditions are not satisfied, such as when resources are insufficient or the task's predicted processing time exceeds other

tasks, the algorithm penalizes the selected task and rewards the remaining tasks, thereby adjusting the probability vector to favor more

suitable candidates. Any task that has been successfully scheduled is removed from the action set of a , reducing the selection pool
T

for subsequent iterations. After each scheduling decision, the automaton resets and reinitiates the selection process, iteratively
optimizing task allocation until all tasks are processed or resources are exhausted. By iterating through this adaptive reward-penalty
mechanism, the proposed LA algorithm effectively minimizes MK and EC, ensuring that fog node resources are utilized optimally and
that tasks are scheduled in alignment with the system’s dynamic conditions.

Task scheduling algorithm based of learning automata (TSLA)

Input : & ={&, &, & }

Output : Scheduled &,

If rf is empty, the TSLA algorithm was terminated.
Else
Begin

For §={§1;§2’-"!§m}

Ei = One of the tasks is randomly selected based on the probability vector.

If (Length of Ei < Length Fog) && (The processing time required Z; is the smallest)

I
Then
Begin
Reward the selected task in probability vector also penalize the other tasks

Fog resources are assigned to the =; , Execution

The selected task is removed from the input list and the probability vector and both
Lists are updated
End
Else
Begin

The selected E‘i is penalized and other tasks are rewarded then the probability vector

Updated.
End
End
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V. DATASET DESCRIPTION
Regarding the implementation of the algorithm, three scenarios are defined. Table 2 shows the two scenarios defined for implementing

the proposed algorithm in a homogeneous environment. Also, the third scenario is implemented to examine the performance of the
proposed algorithm in a heterogeneous environment based on the CISCO loT TRACE [1] dataset.

TABLE Il. ALGORITHM IMPLEMENTATION SCENARIOS
Length of tasks #VM
First scenario Different sizes = [100,1000] Fixed number = 50
Second scenario Fixed-length = 500 Different sizes = [10,100]
Third scenario Based on Cisco IoT=5000 Weak, Medium and Strong nodes

A. Implementation of the proposed algorithm using the first scenario

This experiment was conducted with a fixed number of virtual machines in order to investigate the effect of increasing the length of
tasks on MK parameters and energy consumption in the Fog environment. It is clearly known that the increase in the length of tasks
increases the workload in virtual machines, which will lead to delays in the completion of tasks and an increase in MK. The results
obtained for MK are shown in Figure 1. Also, we can see that the proposed algorithm has the lowest MK among all algorithms. In
addition, the total energy consumed in the fog environment for task processing is shown in Figure 2. This result shows that the
proposed algorithm has achieved the lowest energy consumption among other algorithms.
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S 40 -
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_g“ 30 1 OWALS
20 1 BHHOLS
10 DOLaTSF
0 B T T T T
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Figure 1. Makespan versus task length in Scenario 1 (homogeneous fog with 50 VMs). Task length increases from 100 to 1000 while the number of VMs stays fixed.
We compare our LaTSF scheduler with seven baselines (FALS, BALS, PSOLS, MVALS, GWOLS, WALS, HHOLS). As tasks get longer, the makespan rises for all
methods, but LaTSF stays lowest across the range, showing better scalability under heavier workloads.
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Figure 2. Comparison of energy consumption (in thousands of units) for different scheduling algorithms when running fixed-length tasks on 50 VMs. The LaTSF
algorithm consistently achieves the lowest energy consumption among all the compared methods (FALS, PSOLS, GWOLS, HHOLS, BALS, MVALS, WALS). The
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results show that GWOLS consumes the highest energy, followed by other algorithms, while LaTSF optimizes energy usage effectively, highlighting its efficiency in
fog computing environments.

B. Implementation of the proposed algorithm using the second scenario

In this step, the proposed algorithm has been implemented using tasks with fixed length and VMs with different processing capacities.
Also, the obtained results have been compared with seven other algorithms. The results obtained from the proposed algorithm for the
fitness parameter and their comparison with other algorithms are shown in Figure 3. In this implementation, it is clear that the TSLA
algorithm has obtained the lowest fitness value among these other methods. Also, the energy consumption, MK, and processing power
of the VM affect the fitness changes. It should be noted that the activity of virtual machines increases energy consumption. Figure 4
shows that increasing the length of the VMs will decrease the MK. Figure 5 shows that the TSLA algorithm has the lowest energy
consumption among other algorithms. On the other hand, Figure 6 shows that running the proposed algorithm on a virtual machine has
the lowest cost compared to other algorithms.

79000 A O FALS
B BALS
76000 H O PSOLS
0O MVALS
a3
S 73000 o
= B GWOLS
O WALS
70000
@ HHOLS
O LaTsSF
67000 +
10 20 30 40 50 60 70 80 90 100
VM length

Figure 3. Comparison of fitness values for 500 tasks and VMs of varying lengths (from 10 to 100) using different scheduling algorithms. The results show that LaTSF
consistently achieves the lowest fitness value, demonstrating superior performance in optimizing both energy consumption and task completion time. The other methods
(FALS, BALS, PSOLS, MVALS, GWOLS, WALS, HHOLS) show higher fitness values, indicating less efficient resource utilization and scheduling compared to
LaTSF.
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Figure 4. Makespan for 500 fixed-length tasks as VM length increases from 10 to 100 in Scenario 2. Each group compares LaTSF with other methods on the same
workload. As VM capacity grows, makespan drops for all methods, but LaTSF stays lowest across the range, showing better use of stronger VMs and faster overall
completion.
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Figure 5. Comparison of energy consumption (in units of 10,000) for the proposed LaTSF algorithm and seven other scheduling methods in Scenario 2 (500 tasks with
VMs of varying lengths). LaTSF consistently exhibits the lowest energy consumption, demonstrating its efficiency in resource utilization. In contrast, GWOLS consumes
the highest energy, followed by other methods, highlighting the superiority of LaTSF in optimizing energy use.
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Figure 6. Comparison of operational cost (in units of 10,000) for 500 fixed-length tasks and VVMs of varying lengths (10 to 100) using different scheduling algorithms.
The LaTSF algorithm consistently achieves the lowest cost, demonstrating its ability to optimize resource usage while minimizing financial overhead.

C. Implementation of the proposed algorithm using the third scenario

In addition to the two scenarios 1 and 2, we implemented the proposed method in a heterogeneous fog environment using a CISCO
IoT TRACE dataset consisting of 5000 tasks and 50 fog nodes with three different lengths (20 weak nodes, 20 medium nodes, and 10
strong nodes). This experiment clearly demonstrates the superiority of the proposed method compared to other methods. Figure 7
shows that the proposed LATSF algorithm with the lowest total MK has the best performance among the compared algorithms. The
significant difference in the performance of the proposed algorithm compared to other methods is due to the use of an LA in task
allocation, which leads to a balanced workload distribution and reduced waiting time in processing queues. It should also be noted that
based on the results obtained in the scenario, it is shown that the proposed method has competitive performance in key criteria and can
be used in large-scale environmental conditions. Figure 8 shows the energy consumption of seven different scheduling algorithms with
the proposed method in a heterogeneous fog environment. As can be seen in the figure, the proposed LATSF algorithm has the lowest
energy consumption among the other compared algorithms. In Figure 9, the proposed algorithm with the lowest Fitness value of 0.42
has the best overall performance among the other compared algorithms. This result shows that the proposed algorithm has been able to
optimize both energy consumption and execution time metrics simultaneously in a desirable manner. By considering the cost of using
each resource and avoiding excessive use of expensive resources (such as powerful nodes) for simple tasks, the LATSF algorithm has
been able to significantly reduce operational costs so that it has the lowest cost among others, as can be seen in Figure 10.
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Figure 7. Comparison of Makespan (MK) for the proposed LaTSF algorithm and other scheduling methods in a heterogeneous fog environment. The results show that
LaTSF achieves the lowest makespan, demonstrating its efficiency in completing tasks in a shorter time compared to the other algorithms.
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Figure 8. Comparison of energy consumption (in units of 10,000) for the proposed LaTSF algorithm and other scheduling methods in a heterogeneous fog environment.
LaTSF demonstrates the lowest energy usage, highlighting its efficiency in minimizing energy consumption compared to the other algorithms, which consume
significantly more energy under the same conditions.
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Figure 9. Comparison of fitness values for the proposed LaTSF algorithm and other scheduling methods in a heterogeneous fog environment. Fitness is a combined
metric considering both energy consumption and makespan, which LaTSF achieves the lowest fitness value.
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Figure 10. Comparison of the cost for the proposed LaTSF algorithm and other scheduling methods in a heterogeneous fog environment. The cost parameter reflects the
operational expenses associated with task execution across different algorithms, and LaTSF achieves the lowest cost.

VI. STATISTICAL VALIDATION OF RESULTS

To statistically substantiate the performance superiority of the proposed LaSTF algorithm, independent t-tests were conducted on the
results obtained from the first experimental scenario, focusing on three key performance indicators: MK, fitness, and energy
consumption. The statistical analysis revealed that LaSTF consistently outperforms competing approaches across all evaluation
metrics with a high level of significance:

e MK: LaSTF achieved the lowest average MK of 46.46, demonstrating a statistically significant improvement (p < 0.009).
e Fitness: The proposed algorithm obtained the lowest mean fitness value of 68,880.0 £ 758.3 (SD), indicating stable and
superior optimization performance.
e Energy Consumption: LaSTF recorded the minimum energy usage of 952 units, confirming its energy efficiency. The
statistical validity of this result is further supported by the t-test outcomes presented in Table 3.
In summary, the t-test results confirm that LaSTF’s advantages are not limited to numerical improvements but are also statistically
significant, highlighting its robustness and effectiveness across multiple performance dimensions.

TABLE III. STATISTICAL COMPARISON OF ALGORITHMS USING INDEPENDENT T-TEST
Algorithm MK Fitness energy Statistical t-value p-value
Mean MK£SD P-value Mean F£SD P-value Comparison 4.81 0.0015
LaTSF 46.46 £27.29 NA 68880.0 = 758.3 NA 952 963.8 NA
BaseLine 48.53 £26.80 0.0013 71085.0 £ 1954.5 0.0000008 963.8 NA NA
FALS 48.48 £26.84 0.0012 72448.0 +£3492.8 0.000002 964 NA NA
PSOLS 48.35+£26.72 0.0010 72498.0 +3492.8 0.000002 963 NA NA
GWOLS 48.46 £26.79 0.0011 72498.0 +3492.8 0.000002 978 NA NA
HHOLS 49.90 +27.31 0.0002 72498.0 +3492.8 0.000002 957 NA NA
BALS 48.70 £26.79 0.0008 72595.0 £3518.9 0.000002 962 NA NA
MVALS 47.60 £ 26.65 0.009 72785.0 £3565.9 0.000001 961 NA NA
WVALS 48.53 £26.80 0.0008 68880.0 = 758.3 0.000002 962.6 NA NA

VIl. PROPOSED RBF NEURAL NETWORK MODEL

The radial basis function (RBF) network is a type of artificial neural network commonly used for function approximation,
classification, and time-series prediction. It consists of three layers: an input layer, a hidden layer with radial basis activation
functions, and an output layer. The hidden layer uses a distance metric, often the Euclidean distance, between the input and a set of
central points known as "centroids" to determine the activation of each neuron. This network is particularly effective at solving
engineering problems, such as signal processing and pattern recognition, due to its ability to approximate complex nonlinear functions.
The proposed RBF structure is illustrated in Figure 11. As seen, a hidden layer with 20 neurons is considered for the proposed RBF.
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Figure 11. Structure of the propose RBF network.
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The performance of the proposed RBF model for the fitness output parameter during the training phase is shown in Figure 12. This
plot shows the MSE of the training data versus different epochs, which shows good convergence of the RBF network in the training

level.
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Figure 12. Performance of the training phase of the proposed RBF model for fitness output parameter.

Results of the predicted test and train data using the proposed RBF model for three output parameters of MK, cost, fitness in the train
and test phases are plotted in Figure 13. According to the results, cost and fitness parameters are predicted more accurately compared

to the MK parameter.
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Figure 13. Results of the predicted test and train data using proposed RBF model. Predicted values of MK parameter in (a) train and (b) test phases. Regression plots of
the MK parameter in (c) train and (d) test phases. Predicted values of cost parameter in () train and (f) test phases. Regression plots of cost parameter in (g) train and
(h) test phases. Predicted values of fitness parameter in (i) train and (j) test phases. Regression plots of the fitness parameter in (k) train and (1) test phases.
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The calculated MRE error results of the predicted output parameters are listed in Table 4. For the proposed RBF network with the
considered outputs, the obtained low MRE suggests that the network is performing well in approximating the target functions across
all output dimensions.

TABLE IV. CALCULATED MRE ERROR RESULTS OF THE PROPOSED RBF NETWORK

Output Parameter MRE Train MRE Test
MK 0.022976 0.12648
Cost 0.002109 0.0028419
Fitness 0.0017878 0.0033881

VIIl. PRACTICAL DEPLOYMENT AND FUTURE DIRECTIONS

A. Practical deployment outlook

The proposed LaTSF algorithm is well-suited for real-world IoT and fog computing applications, such as healthcare, transportation,
and smart cities. The algorithm effectively addresses the challenges of resource heterogeneity by categorizing fog nodes into different
tiers and assigning tasks based on available node capabilities. This ensures that more resource-intensive tasks are handled by high-
capacity nodes while simpler tasks are assigned to lower-capacity ones. To minimize system overhead, LaTSF utilizes local task
scheduling decisions and reduces communication requirements. In terms of security, it is recommended to integrate encryption, secure
communication protocols, and access control mechanisms to ensure data privacy and the integrity of the system. These practical
considerations make the LaTSF approach a feasible and efficient solution for deployment in resource-constrained, dynamic
environments.

B. Limitations and future work

According to the findings, the proposed hybrid model based on learning automata and RBF neural networks has achieved better
performance in reducing execution time, energy consumption, and costs in heterogeneous fog environments compared to other
methods. However, there are limitations such as increased computational complexity when running in large environments, scalability
challenges in large-scale networks and the need for greater adaptability for environments with dynamic workloads. In future work, we
will seek to address these challenges. We plan to develop an adaptive scheduler for dynamic workloads using advanced reinforcement
learning techniques. Integration with 5G/6G networks will also be explored to exploit capabilities such as network slicing to improve
quality of service (QoS) and scalability. Finally, we aim to develop a more comprehensive framework by integrating lightweight
security protocols to improve the model's practical applicability in the real world.

IX. CONCLUSIONS

This paper presents a novel approach to task scheduling in fog computing by combining a Learning Automata (LA)-based scheduling
algorithm with RBF neural network models. The proposed method addresses key challenges in fog environments, including energy
consumption, MK, and operational cost, while optimizing task allocation across distributed virtual machines (VMs). To investigate the
comprehensive performance of the proposed algorithm, we conducted extensive experiments in three distinct scenarios, in large-scale
homogeneous and heterogeneous fog environments using the Cisco 10T Trace dataset. The integration of the RBF model enhances the
system’s predictive capabilities, allowing for accurate estimation of MK, cost, and fitness in response to changes in VM length. The
RBF network, specifically structured with 20 neurons in the hidden layer, demonstrated strong performance in approximating these
output parameters. Results indicate that cost and fitness were predicted with high accuracy, as evidenced by low MRE values in both
training and test phases. Although MK predictions exhibited slightly higher MRE, the model’s overall effectiveness in function
approximation was validated by low error rates across all outputs, showcasing the RBF’s capacity for precise modeling of complex,
nonlinear relationships within the fog network. Additionally, the RBF network showed good convergence during training, with MSE
decreasing consistently over epochs, as illustrated in the regression plots for the fitness parameter. Through simulations, the proposed
LA-RBF approach achieved notable reductions in MK and energy consumption compared to conventional scheduling methods,
underscoring its potential to support energy-aware fog computing. The performance of the proposed method and the accuracy of the
obtained results were also accurately confirmed through independent t-tests (p-value < 0.009).
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