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Abstract 

 

In VANETs, user equipment (UE) schedules tasks by prioritizing them based on urgency and resource availability to ensure timely 

and efficient communication and processing. Effective task scheduling and resource allocation in VANET are crucial for 

maintaining low latency, high reliability, and optimal resource utilization for real-time vehicular communications. However, 

existing works often face limitations such as inadequate handling of dynamic network conditions, leading to increased latency and 

suboptimal resource usage. In this paper, we introduced a precise model by proposing Optimizing Task Offloading in Vehicular 

Network named as OTO framework. Initially, UEs are clustered using an Improved Fuzzy Algorithm (IFA) to reduce latency and 

energy consumption, with optimal clusters determined by a cluster validity index. Clustering considers distance, location, RSSI, 

link stability, and trust values, and cluster heads (CH) chosen based on distance, trust, and link stability. Following this, tasks from 

UE are classified using a Hybrid Deep Learning (HDL) algorithm, with LiteCNN for classification into emergency and non-

emergency tasks and LiteLSTM for scheduling to reduce the weight matrix and overfitting. Dual scheduling based on task length, 

delay sensitivity, QoS, priority, resource consumption, and queue length reduces execution time and latency. Finally, the scheduled 

tasks are allocated to the optimal edge server based on task load, resource availability, waiting time, and distance using the RL-

based Multi-agent Deep Reinforcement Learning (MA-DRL) algorithm, where edge servers act as sellers and users as buyers, 

reducing latency due to high convergence. In order to, evaluate and prove the efficacy of proposed OTO framework, we performed 

comparative analysis in terms of several performance metrics where our proposed OTO model outperforms other existing 

approaches.  

Keywords: Task Scheduling; Game Theory; Resource Allocation; Task Classification; Hybrid Deep Learning (HDL); Multi-agent 

Deep Reinforcement Learning (MA-DRL) 

1. Introduction 

The evolution of vehicular networks has paved the way for significant advancements in intelligent transportation systems, 

autonomous driving, and connected vehicles [1]. These networks enable vehicles to communicate with each other and with 

infrastructure elements, facilitating a range of applications such as real-time traffic management, vehicle-to-everything (V2X) 
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communications, and advanced driver-assistance systems (ADAS). However, the increasing complexity and computational 

demands of these applications pose substantial challenges in terms of resource management and computational efficiency. This has 

led to the exploration of task offloading and resource allocation strategies within the hybrid edge-cloud computing paradigm 

[2].Task offloading is the process of transferring computational tasks from resource-constrained vehicular devices to more powerful 

external computing resources, such as edge servers (fog nodes) or cloud servers. In vehicular networks, offloading can significantly 

enhance application performance by reducing computational latency, conserving energy, and improving the overall user experience 

[3].Edge computing involves deploying computing resources at the edge of the network, closer to the end-users. In the context of 

vehicular networks, edge nodes (fog nodes) can be strategically placed at road intersections, traffic lights, or within vehicles 

themselves. These nodes can perform computational tasks locally, thus reducing the latency associated with cloud computing and 

enabling real-time processing for latency-sensitive applications [4].Cloud computing provides virtually unlimited computational 

resources located at centralized data centers. Offloading tasks to the cloud allows for handling more complex and resource-intensive 

computations that cannot be processed efficiently at the edge. However, this approach may introduce higher latency due to the 

physical distance between the vehicles and the cloud servers [5]. 

A hybrid approach leverages the strengths of both edge and cloud computing. Tasks are dynamically offloaded to either edge nodes 

or cloud servers based on their computational requirements, latency sensitivity, and current network conditions. This approach aims 

to optimize resource utilization and improve the quality of service (QoS) for vehicular applications by balancing the trade-offs 

between latency and computational power [6].Resource allocation in vehicular networks involves distributing available computing, 

storage, and communication resources among various tasks and applications to maximize efficiency and performance. Effective 

resource allocation is crucial for ensuring that offloaded tasks are processed in a timely and efficient manner. Allocating CPU and 

memory resources to offloaded tasks based on their computational requirements and priority [7] [8]. This includes dynamically 

adjusting resource allocations to match the varying demands of different applications, ensuring that critical tasks receive the 

necessary resources for prompt execution. Managing bandwidth and network connectivity to ensure reliable and low-latency 

communication between vehicles, edge nodes, and cloud servers [9][10]. This involves optimizing the use of available wireless 

communication channels, such as LTE, 5G, and dedicated short-range communications (DSRC), to maintain seamless data 

transmission. 

Allocating storage space for data generated by vehicular applications, such as sensor data, video streams, and telemetry information. 

Efficient storage management ensures that data is readily available for processing and analysis, enabling real-time decision-making 

and enhanced situational awareness. Despite the potential benefits of task offloading and resource allocation in vehicular networks, 

several limitations and challenges need to be addressed to realize their full potential [11][12].Many vehicular applications, such as 

collision avoidance and autonomous driving, require real-time processing with minimal latency. Ensuring low-latency 

communication and computation is challenging, especially in dynamic and unpredictable vehicular environments. Vehicular 

networks comprise diverse devices with varying computational capabilities, communication interfaces, and energy constraints [13]. 

Managing this heterogeneity and ensuring efficient resource utilization across different nodes is a complex task. High vehicle 

mobility and dynamic network conditions can lead to frequent changes in connectivity and resource availability. Developing robust 

offloading and resource allocation strategies that can adapt to these fluctuations is critical for maintaining consistent performance 

[14].Offloading tasks and data to external servers raises concerns about data security and user privacy. Ensuring secure 

communication channels, protecting sensitive information, and implementing robust authentication mechanisms are essential to 

prevent unauthorized access and data breaches [15] – [20]. 

Game theory-based hybrid task offloading effectively addresses the limitations of traditional offloading strategies in vehicular 

networks by leveraging strategic decision-making frameworks to optimize the allocation of computational tasks between edge and 

cloud resources. This approach minimizes latency and meets real-time requirements by dynamically selecting optimal offloading 

nodes based on current network conditions and task demands, using models such as Stackelberg games to prioritize low-latency 

options. It manages resource heterogeneity through cooperative game theory, where vehicles and computing nodes form coalitions 

to share resources efficiently, and leveraging diverse node capabilities. Mobility and network dynamics are tackled with repeated 

games and Markov decision processes (MDPs), enabling continuous adaptation to changing conditions and maintaining consistent 

performance despite high mobility and network volatility. Security and privacy are enhanced by non-cooperative game theory, 

modeling interactions with potential attackers to develop optimal defines strategies and secure communication channels, while 

incentive-compatible mechanisms promote honest behavior and cooperation among nodes. Scalability and resource management 

are improved using auction-based models and market-driven approaches, allowing nodes to bid for computational power based on 

needs and priorities, ensuring fair and efficient resource distribution even in large-scale deployments. Energy efficiency is optimized 

through evolutionary games that balance the trade-off between computational offloading and energy usage, developing strategies 

that prolong the operational life of vehicular devices. Finally, interoperability is enhanced by establishing standardized protocols 

and incentives for cooperation among different vehicular platforms, edge nodes, and cloud servers, ensuring seamless 

communication and data exchange. In summary, game theory-based hybrid task offloading provides robust solutions to the inherent 
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challenges of vehicular networks, promoting smarter, more efficient, and integrated transportation systems by addressing latency, 

resource heterogeneity, mobility, security, scalability, energy efficiency, and interoperability. 

A. Motivation & Objectives 

An IoT-Edge-Cloud environment encounters several challenges in task offloading due to mobility, security threats, and inefficient 

target detection. While existing solutions address some of these issues, they do not provide optimal results. This research focuses 

on the following problems:  

 High Latency - Tasks collected from individual IoT devices often experience high latency due to their heterogeneous nature. 

Many existing approaches select random target servers for task allocation and offloading, rather than optimal servers, resulting 

in increased latency.  

 Low Throughput - Failure to consider priority, QoS, and resource consumption in task scheduling leads to inefficient 

scheduling, reducing throughput. Most existing works overlook device mobility, causing poor scheduling and offloading, 

increased data loss, and reduced throughput. 

 High energy consumption- It is significant limitation in the IoT-Edge-Cloud environment. The need to constantly transmit data 

between IoT devices, edge nodes, and cloud servers drains battery life quickly. Inefficient task scheduling and offloading 

strategies further exacerbate this issue, leading to unnecessary energy use. Additionally, high energy consumption impacts the 

overall sustainability and operational costs of the IoT-Edge-Cloud system. 

B. Research Contribution 

To achieve betterment task scheduling and resource allocation approach we proposed multiple novel contributions which are 

articulated as follows, 

 Improved Clustering with IFA and Block chain Integration: The proposed OTO framework enhances the clustering process 

of UE in vehicular networks using an IFA, considering multiple metrics such as distance, location, RSSI, and link stability to 

optimize latency and energy consumption. 

 Hybrid Deep Learning for Task Classification and Scheduling: The framework introduces anHDL algorithm combining 

LiteCNN and LiteLSTM, which classifies tasks into emergency and non-emergency categories and schedules them efficiently 

by reducing the weight matrix and overfitting, resulting in improved execution time and reduced latency. 

 Efficient Task Offloading with MA-DRL: The OTO framework employs a novel RL-based MA-DRL algorithm for optimal 

task allocation to edge servers, modelled as a buyer-seller game, which enhances resource utilization and reduces latency 

through high convergence rates. 

C. Paper Organization 

The following tasks are structured as outlined: Section II provides a comprehensive overview of the task scheduling and identifies 

its research gaps. Section III depicts the network model of proposed OTO. Section IV details the research methodology, including 

relevant theoretical, diagrammatical, and mathematical explanations. In Section IV, the experimental results are presented, and 

evaluation outcomes compared with the latest versions of task scheduling, task offloading and resource allocation models. Section 

V concludes the research. 

2. Related works 

Author in [21], presents a novel approach to computation offloading in heterogeneous vehicular networks using deep reinforcement 

learning (DRL). The authors effectively leverage DRL to dynamically adapt offloading decisions, accommodating the diverse and 

dynamic nature of vehicular networks. The study is well-structured, with comprehensive experiments that demonstrate significant 

improvements in offloading efficiency and performance. However, while the approach shows promise, the complexity of the DRL 

model and its training requirements may pose practical implementation challenges. Future work could explore simplifying the 

model and reducing the computational overhead for real-world applications. Author in [22], focuses on reducing both delay and 

cost in computation offloading within vehicular edge computing environments. The paper presents a clear and concise formulation 

of the problem, followed by an innovative solution that balances these critical metrics. The proposed method is validated through 

extensive simulations, showing a substantial decrease in both delay and cost compared to traditional methods. One limitation is the 
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assumption of perfect knowledge of network conditions, which may not always be feasible in real-world scenarios. Future research 

could address this by incorporating predictive models or adaptive mechanisms to handle uncertainty in network conditions. In this 

paper [23], the authors propose an advanced deep learning-based approach for computational offloading in multilevel vehicular 

edge-cloud computing networks. The multi-tier architecture effectively distributes computation tasks between edge and cloud 

resources, optimizing resource utilization and reducing latency. The use of deep learning models to predict offloading decisions 

enhances the system's adaptability to varying network conditions. The experimental results are compelling, showing marked 

improvements over existing methods. However, the reliance on extensive training data for the deep learning model could be a 

drawback, and further exploration into reducing data dependency would be beneficial. Author in [24], explores partial computation 

offloading combined with adaptive task scheduling in 5G-enabled vehicular networks. The approach allows for more flexible and 

efficient use of network resources, taking advantage of 5G's high bandwidth and low latency. The authors provide a detailed analysis 

of the system's performance, demonstrating significant enhancements in both computational efficiency and task completion times. 

The partial offloading strategy is particularly innovative, offering a balanced trade-off between local computation and offloading. 

However, the paper could benefit from a deeper discussion on the potential impact of varying vehicular mobility patterns on the 

proposed system's performance. Author in [25], addresses the critical issue of energy efficiency in vehicular edge cloud computing 

through optimized computation offloading. The authors present a comprehensive model that minimizes energy consumption while 

maintaining computational performance. The proposed solution incorporates both energy and latency considerations, providing a 

balanced approach to offloading decisions. Experimental results show significant energy savings compared to conventional 

methods. One area for improvement could be the exploration of real-time implementation challenges, as the current model assumes 

ideal conditions. Future work could investigate adaptive algorithms that respond to real-time changes in vehicular network 

environments. 

The proposed algorithm balances energy consumption with SLA requirements, optimizing offloading decisions across both edge 

and cloud resources. The authors provide a thorough analysis and extensive simulations, demonstrating the algorithm's effectiveness 

in reducing energy consumption while meeting SLA constraints. However, the computational complexity of genetic algorithms and 

their convergence time might be concerns for real-time applications. Future work could focus on enhancing the algorithm's 

efficiency and exploring hybrid approaches that combine genetic algorithms with other optimization techniques. 

3. Methodology 

Two persistently challenging problems in dynamic multi-user virtual networks (VNs) are network congestion and high vehicle 

mobility. When numerous vehicles simultaneously transfer their computing tasks to the same edge servers, it leads to increased 

processing times due to congestion. Consequently, this diminishes vehicle performance. Therefore, assigning computing tasks to 

the nearest edge server is not always the optimal solution. Figure 1 illustrates such scenarios, showing that RSU1  becomes 

overloaded due to heightened offloading demands. The total workload that 𝒩 vehicles have offloaded to RSUi is then calculated 

as: 

ψi
MEC =∑𝜇𝜛𝑖

𝕟

𝑖=1

 

 Thus, the remaining computational capability of the MEC server, 𝜎𝑖 can be determined using Equation (2). 

 

𝜎𝑖 = 𝔽i
MEC − ψi

MEC 

Due to the overloaded issue, when 𝜎𝑖 < 0, the MEC server will need additional resources to complete the job. In this  
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Figure 1. Overall proposed OTO Framework

Situation, it becomes challenging to decide whether to transfer the computational task to a distant server or keep it on the MEC 

server. To address the overloaded issue of RSU1 and reduce reaction time, we propose an effective work offloading strategy based 

on game theory. In our suggested game model, each vehicle decides whether to offload computational tasks to a cloud server or a 

MEC server for processing. However, one of the main challenges with VNs is the high mobility of vehicles. Several scenarios 

depicted in Figure 1 are described below.  

 State 1: Vehicles V1 and V2 enter RSU1 coverage area and offload their tasks to the corresponding MEC server. While the 

MEC server successfully processes the task for vehicle V1, it encounters an overload issue when executing tasks for vehicle 

V2. 

 State 2: Vehicle V3 enters RSU2 coverage area and offloads a task to the corresponding MEC server. Before completing this 

task, the vehicle has moved through several RSU coverage areas. Once the task is completed, the vehicle enters the RSUM 

coverage area. 

Let ℒ = {1,2, 3, . . , ℒ} represent the collection of ℒ vehicles in the proposed model. Assuming each vehicle generates 𝒜 distinct 

tasks upon arrival, we denote the tasks as 𝒜 = {𝒜𝑖|𝑖 = 1,2, 3, . . , 𝒜} . Each computation task 𝒜𝑖  is characterized by 𝒜𝑖 =

{𝜍𝑖
𝑖𝑛𝑝
, 𝕔𝑖 , 𝕥𝑖

𝑚𝑎𝑥} . 𝜍𝑖
𝑖𝑛𝑝

 indicates the size of the input job for task 𝒜𝑖 . 𝕔𝑖  represents the required computing resources for task 

processing.𝕥𝑖
𝑚𝑎𝑥 denotes the maximum acceptable latency for task 𝒜𝑖. Each task can be completed in one of three ways: on the 

cloud server via the BS, on a cloud server via an RSU, or on the MEC server.Each truck has three options for offloading tasks: to 

the cloud server via the BS, to a cloud server via an RSU, or to the MEC server. Our proposed architecture considers a unidirectional 
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route with ℬRSU𝕤  positioned at equal intervals, each having the same coverage area. The collection of RSUs is denoted as RSU =
{RSU1, RSU2, . . , RSUℬ} , where {RSUi|𝑖 = 1,2, . . , ℬ} .The road is divided into ℬ  segments of length 𝕃 , denoted by {𝕃i|𝑖 =
1,2, . . , ℬ}, with vehicles randomly dispersed over these segments. Each RSU𝕓 can be accessed only when vehicles are within the 

corresponding 𝕓th segment. Every RSU has a communication range of 500 meters. Each RSU is equipped with a single MEC server, 

which has limited processing power and storage space to handle vehicle task offloading. The formula for each MEC server MECi 

is represented as MECi = {𝔽i
MEC, si

MEC} , where 𝔽i
MEC  and si

MEC  denote the computational and storage capacities of MECi 

respectively. 

Interaction and Computation Model: 

Our proposed model states that the offloaded operation can be completed by either an edge server or a remote cloud. In both cases, 

the overall job completion time is the sum of the task communication and processing times. 

Edge Offloading: 

For offloading calculation job 𝒜𝑖 , when vehicle 𝑖  selects a MEC server linked to RSU𝕓 , the overall processing time can be 

calculated as follows: 

𝕥𝑖,𝕓
𝑀𝐸𝐶 = 𝛼𝑖,𝕓

𝑢𝑝
+ 𝛼𝑖,𝕓

𝑒𝑥𝑒 + 𝛼𝑖,𝕓
𝑑𝑜𝑤𝑛 

where vehicle 𝑖 offloads its computational job to RSU𝕓, which is linked to the MEC server. Here, 𝛼𝑖,𝕓
𝑑𝑜𝑤𝑛, 𝛼𝑖,𝕓

𝑢𝑝
 indicates the downlink 

and uplink delay during transmission, and the 𝑖th vehicle receives the results. Additionally, 𝛼𝑖,𝕓
𝑒𝑥𝑒 represents the time it takes for 

vehicle 𝑖 job to be processed on the MEC server. This time is calculated as follows: 

𝛼𝑖,𝕓
𝑒𝑥𝑒 =

𝜍𝑖
𝑖𝑛𝑝

∁𝕓
𝑀𝐸𝐶 (1 − 𝕌𝕓

𝑀𝐸𝐶) 

In this case, the job size is denoted by 𝜍𝑖
𝑖𝑛𝑝

, and the computational power and usage of RSU𝕓 attached to the MEC server are 

indicated by ∁𝕓
𝑀𝐸𝐶  and 𝕌𝕓

𝑀𝐸𝐶 , respectively. 

Cloud Offloading: 

In our proposed approach, vehicles have two options to offload and compute their tasks at a remote server. When a vehicle offloads 

its work to a remote server via an RSU, the task's total processing time can be calculated as follows: 

𝕥𝑖,𝑅𝑆𝑈
𝑐𝑙𝑜𝑢𝑑 = 𝛼𝑖,𝑐𝑅𝑆𝑈

𝑢𝑝
+ 𝛼𝑖,𝑐𝑅𝑆𝑈

𝑒𝑥𝑒 + 𝛼𝑖,𝑐𝑅𝑆𝑈
𝑑𝑜𝑤𝑛  

where the uplink delay via the RSU  indicates 𝛼𝑖,𝑐𝑅𝑆𝑈
𝑢𝑝

 and downlink delays via the RSU  indicates 𝛼𝑖,𝑐𝑅𝑆𝑈
𝑑𝑜𝑤𝑛 . Additionally, the 

processing time to complete the work on the cloud is represented by 𝛼𝑖,𝑐𝑅𝑆𝑈
𝑒𝑥𝑒 . On the other hand, if vehicle 𝑖 uses the BS to offload 

the work to a distant server, the total processing time for vehicle 𝑖's task can be calculated as follows: 

 

𝕥i,BS
cloud = αi,cBS

up
+ αi,cBS

exe + αi,cBS
down 

where the uplink delay via the RSU indicates αi,cBS
up

 and downlink delays via the RSU indicates αi,cBS
down. Additionally, in the cloud, 

the task execution time is represented by αi,cBS
exe . The execution time αi,cBS

exe  is the same in both scenarios (task offloading through 

RSU or BS) and can be computed as follows: 

𝛼𝑖,𝑐
𝑒𝑥𝑒 =

𝜍𝑖
𝑖𝑛𝑝

∁𝑐𝑙𝑜𝑢𝑑
(1 − 𝕌𝑐𝑙𝑜𝑢𝑑) 

In this case, 𝕌𝑐𝑙𝑜𝑢𝑑 and ∁𝑐𝑙𝑜𝑢𝑑 represent the cloud server's average utilization and computing capacity, respectively. 

A. Mobility-aware Clustering 

Determining the optimal number 𝕔 of clusters is crucial because as 𝕔 increases, the amount of inter-cluster communication also 

increases. Conversely, with a smaller 𝕔, there is a higher volume of intra-cluster communications. To find the optimal number of 

clusters, we will use the silhouette score technique [47], or the silhouette coefficient (SC), as follows: 

SC(ηi) =
𝔟(ηi) − 𝔞(ηi)

𝑚𝑎𝑥{𝔞(ηi), 𝔟(ηi)}
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where 𝔞(ηi) represents the average intra cluster distance, or the average distance between sensor node (ηi) and every other sensor 

node within the same cluster. SC(ηi) denotes the silhouette coefficient of the sensor node (ηi). 𝔟(ηi) signifies the minimum average 

inter-cluster gap between sensor point (ηi) and all clusters to which (ηi) does not belong.The value of the SCranges from −1 to 1. 

A sensor node with a score of 1 is well-separated from other clusters and highly compact within its own cluster. Conversely, −1 is 

the lowest possible value. Scores near 0 indicate overlapping clusters. 

Cloud

CH

Sink

CH CH

Sensor 

mode

Sensor 

mode

Sensor 

mode  

Figure 2. IFA based Clustering 

FCM clustering: 

In this section, we present a centralized clustering algorithm that leverages the fuzzy 𝒸-means (FCM) as shown in figure 2, technique 

to partition the network into an optimal number of clusters. We assume that the network architecture is fully known to the base 

station(BS) node, and that each cluster head (CH) maintains a connection to the BS node. Using the information received from the 

sensor nodes (SN) , the BS  applies the FCM technique to determine the cluster centroids and allocate SN  to clusters 𝕔 =
{ℂ1, ℂ2, . . , ℂ𝕔}. Instead of assigning nodes to a single cluster, each node is given a degree of membership 𝒵𝑖𝑗  to each cluster ℂ𝑖. The 

objective of the iterative FCM process is to locally minimize the following objective function. 

𝔍𝑚𝑖𝑛 =∑∑𝒵𝑖𝑗
𝓂𝒹𝑖𝑗

2

𝓃

𝑗=1

𝕔

𝑖=1

 

where 𝒹𝑖𝑗 is the distance between sensor node SN𝑗 and the centre of cluster ℂ𝑖 and 𝒵𝑖𝑗represents the degree of membership of sensor 

node SN𝑗 to cluster ℂ𝑖. When 𝓂 is greater than 1, the number of sensor nodes and the number of clusters 𝕔 together influence the 

behaviour of the FCM-based clustering method. The clustering phase involves the following steps: 

1. Change the number of fuzzy clusters to 𝕔. 

2. Randomly choose 𝕔 for the first cluster centres. 

3. Determine the membership matrix using. 

𝒵𝑖𝑗 =
1

∑ (
𝒹𝑖𝑗

𝒹𝑘𝑗
)

2

𝓂−1𝕔
𝑘=1

 

4. Utilize the membership matrix to calculate the cluster centres. 

𝕔𝑗 =
∑ 𝒵𝑖𝑗

𝓂𝓃
𝑖=1 ηi

∑ 𝒵𝑖𝑗
𝓂𝓃

𝑖=1

 

 

5. Repeat steps 3 and 4 until the membership values of all nodes converge. This process can be expressed as follows: 

𝑚𝑎𝑥{𝒵𝑖𝑗
𝐼+1 − 𝒵𝑖𝑗

𝐼 } < 𝛾 
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Where 𝛾 is the termination criterion, ranging from 0 to 1, and 𝒵𝑖𝑗
𝐼  represents the membership matrix at the 𝐼-th iteration. Once 𝒵𝑖𝑗

𝐼  

converges, each node is assigned to the cluster where it has the highest membership.  

B. Efficient Task Classification and Scheduling 

Tasks from IoT devices are classified using a Hybrid Deep Learning (HDL) algorithm, where LiteCNN categorizes them into 

emergency and non-emergency tasks, and LiteLSTM schedules them to minimize the weight matrix and overfitting. Dual 

scheduling based on task length, delay sensitivity, QoS, priority, resource consumption, and queue length further reduces execution 

time and latency. 

Request 2

Cloud server 3 0.99 3.8

Request 5

Cloud server 2

1.78

0.5 Request 3

Request 3 Request 5Request 1

1.27 3.39 4.21 6.56
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Cloud server 1
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Request 4

Request 3
Request 2
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Edge server
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0.22
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offloading decision

Waiting time on the 

scheduled server

Processing time on the 

scheduled server  

Figure 3. Task Scheduling

Instead of building the model from scratch, the weights for the VGG16 layers were taken from the pre-trained VGG16 model on 

ImageNet, which contains millions of images. This allows for the extraction of features using highly optimized weights. Figure 4 

illustrates an example of features retrieved from several convolution layers, showing that deeper layers capture more precise details 

from the image. To ensure adequate learning capacity without overfitting, a robust architecture is essential. Consequently, after the 

fourth convolution block, a batch normalization layer is introduced to normalize the layer output and prevent overfitting. Batch 

normalization can be beneficial to any layer of the neural network. It is primarily used to create a stable distribution of activation 

values, which reduces internal covariate shift and helps to prevent overfitting [16]. For each dimension of the 𝕕-dimensional input, 

𝔶 = (𝔶(1)…𝔶(𝕕)), the normalization process is applied by 

𝔶̂𝑘 =
𝔶(𝑘) − 𝔼[𝔶(𝑘)]

√𝑉𝑎𝑟[𝔶(𝑘)]
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where 𝔶(𝑘) represents each individual activation, 𝔼[𝔶(𝑘)] =
1

𝑚
∑ 𝔶𝑖

(𝑘)𝑚
𝑖=1 , 𝑉𝑎𝑟[𝔶(𝑘)] =

1

𝑚
∑ (𝔶𝑖

(𝑘) − 𝔼[𝔶(𝑘)])
2
+ 𝕖𝑚

𝑖=1 denote the mean 

and variance, with 𝕖 being a constant added for numerical stability. The normalized value is typically scaled by 𝓈𝑘 and offset by 

𝕠𝑘 to ensure the input value is not constrained to a small range: 

𝔵(𝑘) = 𝓈𝑘𝔶̂𝑘 + 𝕠𝑘  

Normally, the final three fully connected layers of the VGG16 architecture are used for classification; however, in this instance, 

they are omitted. The mathematical representation of the standard LSTM structure is provided by: 

𝑖𝔱 = 𝑠𝑖𝑔(𝒲𝑖𝑖𝒜𝔱 +𝒲ℎ𝑖ℬ𝔱−1 + 𝕓𝑖) 

𝑑𝔱 = 𝑠𝑖𝑔(𝒲𝑖𝑓𝒜𝔱 +𝒲ℎ𝑓ℬ𝔱−1 + 𝕓𝑓) 

𝔤𝔱 = 𝑡𝑎𝑛ℎ(𝒲𝑖𝑔𝒜𝔱 +𝒲ℎ𝑔ℬ𝔱−1 + 𝕓𝑔) 

𝑜𝔱 = 𝑠𝑖𝑔(𝒲𝑖𝑜𝒜𝔱 +𝒲ℎ𝑜ℬ𝔱−1 + 𝕓𝑜) 

𝒞𝔱 = 𝑑𝔱 ∗ 𝒞𝔱−1 + 𝑖𝔱 ∗ 𝔤𝔱 

ℚ𝔱 = 𝑜𝔱 ∗ 𝑡𝑎𝑛ℎ(𝒞𝔱) 

where the sigmoid function 𝑠𝑖𝑔 is an element-wise logistic sigmoid activation function;𝒲 and 𝕓 represent the weight matrices and 

bias vectors, respectively; 𝒜𝔱 and ℬ𝔱 denote the input and hidden states at time step 𝔱; ∗ indicates element-wise multiplication; 𝑖𝔱, 
𝑑𝔱, and 𝑜𝔱 represent the input gate, forget gate, and output gate, respectively; and 𝒞𝔱 and 𝔤𝔱 denote the cell state and hidden vector, 

respectively.  

[

𝑖𝔱
𝑑𝔱
𝔤𝔱
𝑜𝔱

] = [

𝑠𝑖𝑔
𝑠𝑖𝑔
𝑡𝑎𝑛ℎ
𝑠𝑖𝑔

] ∗ (𝒲𝑖𝒜𝔱 +𝒲ℎℬ𝔱−1 + 𝔹) 

𝒲𝑖 = [𝒲𝑖𝑖 ,𝒲𝑖𝑓 ,𝒲𝑖𝑔 ,𝒲𝑖𝑜]
𝕋

 

𝒲ℎ = [𝒲ℎ𝑖 ,𝒲ℎ𝑓 ,𝒲ℎ𝑔 ,𝒲ℎ𝑜]
𝕋

 

𝔹 = [𝕓𝑖, 𝕓𝑓 , 𝕓𝑔, 𝕓𝑜]
𝕋

 

For IoT devices, the traditional LSTM model is often too large or complex. In typical LSTM models, most of the computational 

complexity arises from matrix-vector multiplications, specifically 𝒲𝑖𝒜𝔱  and 𝒲ℎℬ𝔱−1.  By using dimensionality reduction and 

singular value decomposition (SVD), we can reduce the computational complexity of these matrix-vector multiplications. Suppose 

we have a matrix 𝒲 ∈ 𝑅𝔪×𝔫 . Using SVD, we can decompose 𝒲 into 𝒳 ∈ 𝑅𝔪×𝔫 , 𝒴 ∈ 𝑅𝔪×𝔪 , and ℨ ∈ 𝑅𝔫×𝔫 . One approach to 

reducing the dimensionality of 𝒳, 𝒴, and ℨ is to set all small singular values to zero. By doing so, the corresponding 𝑠 columns of 

𝒳 and 𝒴 can also be removed if the 𝑠 small singular values are set to zero. 

𝒲𝔪×𝔫 = 𝒳𝔪×𝔪𝒴𝔪×𝔫ℨ𝔫×𝔫
𝕋  

≈ 𝒳𝔪×𝕣𝒴𝕣×𝕣ℨ𝕣×𝔫
𝕋  

= 𝒳𝔪×𝕣ℕ𝕣×𝔫 

Additionally, the energy in ℨ is determined by the number, 𝕣 of singular values. The proposed lightweight LSTM model involves 

decomposing 𝒲ℎ  into two matrices, 𝒲ℎ1  and 𝒲ℎ2 . 𝒲ℎ  has dimensions of 𝔪 × 𝔫, 𝒲ℎ1  has dimensions of 𝔪 × 𝕣, and 𝒲ℎ2  has 

dimensions of 𝕣 × 𝔫. Consequently, in the proposed LSTM, we only encounter (𝔪 × 𝕣 + 𝕣 × 𝔫) weights in 𝒲ℎ1 and 𝒲ℎ2 , whereas 

in the standard LSTM, we would find 𝔪 × 𝔫 weights in 𝒲ℎ. We similarly decompose 𝒲𝑖  into two matrices, 𝒲𝑖1 and 𝒲𝑖2, as we 

did with 𝒲ℎ. According to equation (10), the traditional LSTM cell involves8. (𝔪 + 𝔫)𝕣  matrix–vector multiplications. Therefore, 

the ratio of multiplications in the suggested LSTM cell to those in the traditional LSTM cell, also known as the compression ratio, 

is as follows. 

𝐶𝑅 =
(𝔪 + 𝔫)𝕣

𝔪𝔫
 

Applying dimensionality reduction to the matrices 𝒲ℎ and 𝒲𝑖  of the standard LSTM model, Figure 3 proposes a lightweight LSTM 

structure. For instance, if 𝒲ℎ  is of size 5 × 20 , we calculate 5 × 20 = 100  weights for 𝒲ℎ . The weight matrix can be 
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approximately represented as 𝒲ℎ ≈ 𝒲ℎ1𝒲ℎ2, and with a reduction in dimensionality setting 𝕣 = 2 . the dimensions of 𝒲ℎ1 and 

𝒲ℎ2  become 5 × 2  and 2 × 20 , respectively. Therefore, we only need to find 50  weights. In other words, by reducing the 

dimensionality, we can halve the complexity of the LSTM model. 

C. Trading based Allocation 

The traits that were extracted represent the state denoted by F. The objective is defined in two dimensions, incorporating both 

the ground truth error and detection. The first dimension of F facilitates measuring the distance between the actual and detected 

tumor locations. The formulation is provided below. 

Dist = min (
‖𝔻Tt

<𝑥,𝑦>
− 𝔾Tt

<𝑥,𝑦>
‖
2

Ξ
, 1.0) 

In the preceding equation, the ground truth position of the colon tumor is represented by 𝔾Tt
<𝑥,𝑦>

, while the detected tumor location 

in the first dimension is indicated by 𝔻Tt
<𝑥,𝑦>

. The normalizing constant Ξ is used to map the error distance within the interval 

[0,1]. The Euclidean norm operation is represented by the symbols ‖. ‖2. The ground boundary errors and detected tumor for the 

colon are provided in the second dimension. The formulation is as follows: 

∆Ξ𝑡 = 𝑎 tan ((𝔾𝑇<𝑌> −𝔻𝑇𝑡
<𝑦>

), (𝔾𝑇<𝑥> −𝔻𝑇𝑡
<𝑥>)) − Ξ𝑡 

The value of Ξ𝑡 in the equation above specifies the boundary of the colon tumor. To define the normalization of the tumor border 

error, one method is as follows: 

∆Ξt =

{
  
 

  
 
∆Ξt + 2ρ

ρ
, ifΞt < −2𝜌 

∆Ξt − 2ρ

ρ
, ifΞt > 2𝜌

∆Ξt
ρ
, Else

 

The adopted MA-DRL enabled decision maker uses the previously indicated boundary inputs to generate instructions in the form 

of actions, denoted as actt = [Localerr, Bounderr], where Localerr and Bounderr  represent the localization error and boundary 

error, respectively. The primary goal of the MADRL-aided decision is to ensure accurate tumor categorization. To enhance 

convergence efficiency, the reward function has been carefully designed. To make it more understandable, the reward function can 

be expressed as follows: 

rewt = rewFP + rewact + rewbound 

In the equation above, the boundary error reward is represented by rewbound, the action reward by rewact, and the false positive 

error reward by rewFP . Ultimately, the adopted Soft Actor Critic (SAC) intelligently learns the decision policy 

(℧(actt|rewt))based on the extracted features F from the DCA-ECTNet at time stamp 𝑡.To address the overestimation issue, the 

SAC algorithm utilized the dual ℚ-Network approach as a collaborative operation. Consequently, the Mean Bellman-Squared Error 

(MBSE) loss is employed to robustly reconstruct the MA-DRL-DCAECTNet critic parameters. This can be expressed as follows: 

Loss(θj) = ‖𝕢θj
ℸ (rewFP , actt) − (rewbound + ℷ. ℚ̂

ℸ)‖
2rewt~γ,actt~ℸ

ϵ

 

The state-action estimate function for the dual ℚ networks is derived from the preceding equation as follows: 

ℚ̂ℸ = [ ℚθj
ℸ tar(rewt+1, actt+1) − ð. log ℸ (actt+1|rewt+1)j=1,2

min ]
rewt+1~γ,actt+1~ℸ

ϵ

 

The trade-off parameter that ensures a balance between the stochastic policy and the state-action value is represented by the symbol 

ð in the equation above. It appears that the actor networks are updated by optimizing the soft state-action functions, which are 

expressed as follows: 

𝐿𝑜𝑠𝑠(𝜃) = [𝕢θj
ℸ (rewFP, actt) − ð. log ℸ𝜃 (actt+1|rewt+1)]

rewt~𝛾,actt~ℸ

𝜖

 

The algorithm fully demonstrates the proposed DCA-ECTNet-based MA-DRL enabled decision-making process. 

4. Numerical results and discussion 
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A. Simulation Setup  

We envision a 10-kilometer, one-way roadway for the experiment, as illustrated in Figure 3. To provide a more realistic simulation, 

the route is divided into sections. Additionally, we placed 20 RSUs evenly spaced along the road, with RSUs 1 and 20 located at 

the far ends of the segments to the left and far right, respectively. We anticipate that all vehicles will enter the road from the far-left 

side, within the RSU1 coverage region. During the simulation, we considered four distinct vehicle speeds: low (30 km/h), medium 

(60 km/h), high (100 km/h), and extremely high (200 km/h). Typically, a nearby RSU receives the computed tasks of the vehicles. 

We assume that each RSU has a coverage area of 500 meters and an access point with IEEE 802.11p capability. Each RSU is 

equipped with a single MEC server hosting four virtual machines (VMs). For the network delay model, we utilize the Markov 

modulated process (MMPP/M/1 queue model). In the context of V2R communication, we use an IEEE 802.11p protocol interface 

with a data rate of 10 Mbps to transmit the computed tasks. Our system can also transfer a vehicle's tasks to a cloud server via an 

RSU or an LTE base station. During the simulation analysis, we used the LTE BS following the measurements provided. 

Additionally, Table 3 lists other parameters, including job duration, maximum delay allowed, and upload and download data sizes 

for various applications. 

B. Performance Analysis 

To evaluate the performance of our proposed OTO model based on diverse scenarios by EdgeCoudSim simulator, we compared 

our proposed in two approaches: (i) with three traditional offloading schemes and (ii) several existing works for proving our model’s 

efficacy.  

 

Figure 4. Average Response Time 

Figure 4 shows the average response times (y-axis) versus the number of cars (x-axis, from 100 to 1000) to assess the OTO 

technique. As the number of vehicles increases, the average response time rises for all methods. The LRC scheme has a longer 

response time due to congestion, while other methods distribute tasks between the remote cloud and edge, preventing a similar 

increase. The OTO strategy achieves lower response times by adjusting task-offloading probability, reducing response time by 

47.6%, 32.6%, and 26.5% compared to LRC, random, and collaborative methods. Figure 5 shows that the task-failure rate remains 

low up to 500 vehicles but rises with more congestion. Figure 5 shows that the OTO system can manage 1000 cars without 

congestion, while the LRC scheme faces congestion after 400 vehicles, and the random and collaborative offloading schemes after 

600 vehicles. The LRC approach gets congested due to limited MEC server capacity. In contrast, the random and collaborative 

methods handle up to 600 vehicles by distributing tasks between the edge and the cloud, but then experience congestion due to 

WAN delays. The random offloading strategy also transfers some larger tasks to MEC servers, causing longer completion times.  
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Figure 5. Failed Task Due to RSU Capacity 

 

Figure 6. Effectively Completed Assignments for Different Quantities of Vehicles 

OTO strategy effectively uses MEC server resources and dynamically offloads tasks between MEC and the cloud, maintaining a 

stable equilibrium to handle 1000 cars without congestion. Figure 6 highlights task completion rates for different vehicle counts. 

Under light loads, all schemes successfully complete most offloaded jobs. As vehicle numbers increase, completion rates differ: the 

LRC scheme's success rate drops from 99.5% at 500 vehicles to below 91.4% at 1000 vehicles due to MEC server overload. The 

random offloading strategy’s success rate decreases from 99.6% to 85.4%. The OTO strategy shows a minor decline from 99.8% 

to 99.5%. The collaborative offloading scheme drops from 99.7% to 95.2% due to WAN delays. This demonstrates the OTO 

system's effectiveness in managing higher vehicle counts. Figure 6 shows that the OTO strategy completes more offloaded tasks 

than other methods by making better offloading decisions and efficiently using MEC resources. An additional experiment, shown 

in Figure 7, analyzed average response times by varying the ratio of latency-tolerant infotainment programs to latency-sensitive 

hazard assessment applications. Ratios ranged from 0:10 to 10:0 (e.g., 7:3 means seven infotainment apps for every three hazard 

assessment apps). At a 0:10 ratio, the average response times for LRC, random, collaborative, and OTO systems were 2.11, 1.43, 

1.13, and 0.69 seconds, respectively. Larger infotainment tasks caused longer response times, but reducing their proportion 

decreased response times. The OTO system consistently outperformed others, maintaining low response times across various task 

ratios without exceeding deadlines. 
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Figure 7.  Average Response Time across Different Ratios of Latency-Sensitive to Latency-tolerant Tasks 

 

Figure 8. Average Response Times across Various Task Sizes within Infotainment Applications 

 

Figure 9. Average Response Times across Various Task Sizes within Danger Assessment Applications 
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We conducted further tests, depicted in Figures 8 and 9, to examine the effects of different task sizes for infotainment and risk 

assessment applications. Analysis of these figures revealed that the average response time across all offloading schemes is nearly 

identical when the average job size is small. However, the response time increases with larger task sizes. The infotainment 

application has a slower average response time compared to the navigation application due to generating larger tasks. From this 

analysis, we conclude that our OTO solution performs better than others in every scenario. The OTO scheme dynamically processes 

offloaded tasks and converges to a unique equilibrium. The final simulation result, shown in Figure 10, examines the impact of 

different vehicle speeds on job failure rates. We used 500 cars with average speeds ranging from 30 to 180 km/h.  

(ii) Existing Task Offloading Schemes 

Figure 10 shows the energy consumption of vehicles using DR-ACO [21], ADL-CO [23], E2-CO [25], E-AGA [30] and OTO. 

OTO consumes the least energy due to its optimization strategy, which minimizes energy use for each request. E2-CO [25], which 

schedules requests only on edge servers and not the cloud, uses more energy and takes longer to process requests, increasing overall 

energy consumption. DR-ACO, although not highly efficient, uses less energy than E2-COby handling requests via the cloud, 

reducing both time and energy usage. ADL-CO and E-AGA consumes the most energy because it schedules requests randomly 

without considering SLAs, resulting in longer execution times and higher energy usage.Figure 11 displays the latencies of queries 

made with DR-ACO, ADL-CO, E2-CO, E-AGAand OTO, showing that all algorithms have latencies below the 500-millisecond 

maximum allowable latency. E2-CO has the shortest request latencies because it only considers the edge layer, unlike OTO, DR-

ACO, and ADL-CO, which also incorporate the cloud layer, resulting in higher latencies. 
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Figure 10. Performance Analysis of Energy Consumption 
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Figure 11. Performance Analysis of Latency 
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Figure 12 shows the processing times of requests using DR-ACO, E2-CO, ADL-CO, E-AGA and OTO. All requests processed with 

DR-ACO and OTO have processing times under the 5-second maximum due to their consideration of processing time constraints 

during scheduling. A zoomed-in view of DR-ACO and OTO processing times is provided for clarity. Not all requests for E2-CO 

and ADL-CO meet the processing time limit; ADL-CO doesn't account for this need, and E2-CO relies solely on edge servers, 

which can't always meet the requirement. As waiting times for requests increase with more cars, so does processing time in E2-CO 

and E-AGA. Figure 13 displays the total execution time of requests made with DR-ACO, E2-CO, ADL-CO, E-AGA and OTO. All 

queries using DR-ACO and OTO have execution times within the permitted window, due to their consideration of deadline 

constraints during scheduling. An enlarged view of DR-ACO and OTO execution timings is included for better understanding. E2-

CO and ADL-CO fail to meet the deadline constraint because E2-CO's edge servers can't handle requests in time, and ADL-CO 

ignores the deadline constraint. As the number of vehicles increases, execution times for E2-COand E-AGA also increase due to 

longer wait times at the edge servers. 
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Figure 12. Processing Request Time 
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Figure 13. Total Execution Request Time 

Figure 14 shows the fraction of total energy consumption using DR-ACO, E2-CO, ADL-CO, E-AGA and OTO, along with the 

overall energy usage of all requests. OTO has the lowest energy consumption with 0% SLAVs. DR-ACO also has 0% SLAVs but 

consumes more energy than OTO. E2-CO uses more energy than OTO and DR-ACO combined, with an SLAV percentage of 

99.5%. ADL-CO and E-AGA performs the worst in terms of energy usage, with 92.4% of SLAVs using ADL-CO. Figure 15 

illustrates the average latency, processing, and overall execution times of the algorithms. All algorithms have average latencies 

below the allowable limit. OTO and DR-ACO meet the processing and total execution time limits, while E2-CO and ADL-CO do 
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not meet deadlines and processing time requirements. In summary, OTO saves 60.26% of total energy consumption compared to 

E2-CO, 1.47% compared to DR-ACO, and 69.44% compared to ADL-CO, with no SLAVs. 

0

2

4

6

8
To

tal
 en

erg
y c

on
su

mp
tio

n (
W

att
-se

co
nd

s)

10

12

DR-ACO ADL-CO E2-CO E-AGA OTO  

Figure 14. Total Energy Consumption 

0

1

3

4

5

6

7

30

80

130

180

230

280

DR-ACO ADL-CO E2-CO E-AGA OTO

Latency
Processing Time
Total Execution Time
Latency Requirement
Processing Requirement
Deadline

Tim
e S

eco
nds

 

Figure 15. Average Processing, Total Execution Time and Latency 

6. Conclusion 

 

In recent years, VANETs have emerged as a pivotal technology for enabling efficient and reliable communication among vehicles 

and infrastructure. The dynamic and mobile nature of VANETs presents unique challenges in terms of task scheduling, resource 

allocation, and latency management. In this paper, we introduced the OTO framework designed specifically to address these 

challenges and enhance the performance of VANETs.The primary goal of the OTO framework is to ensure timely and efficient task 

execution by leveraging advanced algorithms and techniques tailored to the characteristics of vehicular networks. Key innovations 

include the use of the IFA for clustering UEs based on proximity, and signal strength. This initial clustering step is crucial as it 

forms the foundation for minimizing latency and conserving energy through optimized UE groupings.Moreover, the framework 

incorporates an HDL approach consisting of LiteCNN and LiteLSTM models. LiteCNN is employed for real-time classification of 

tasks into emergency and non-emergency categories, while LiteLSTM handles the dynamic scheduling of these tasks based on 

factors such as urgency, QoS requirements, and available resources. This dual-model approach not only reduces the complexity 

associated with traditional task management but also improves accuracy and responsiveness in decision-making processes within 

the network.Central to the OTO framework is its innovative approach to edge server allocation using a RL-based MA-DRL 

algorithm. This approach treats edge servers as sellers and UEs as buyers, optimizing task distribution based on load balancing, 
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resource availability, waiting time, and geographical proximity. By employing RL techniques, the framework adapts dynamically 

to changing network conditions and user demands, thereby mitigating latency spikes and enhancing overall network 

performance.Throughout our comparative analysis, we rigorously evaluated the OTO framework against existing methodologies 

across various performance metrics. Results consistently demonstrated that the proposed framework achieves significant 

improvements in latency reduction, resource utilization efficiency, and overall system performance. 
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