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Abstract 

The increasing adoption of smart mobility and connected vehicles necessitates significant improvements in underlying 

infrastructure, particularly in real-time data processing and decision-making. Vehicular Edge Computing (VEC) has emerged as 

a vital solution by enabling computation closer to data sources, thereby reducing latency and reliance on centralized cloud 

systems. However, efficient allocation of edge resources (processing power, bandwidth, and storage) remains a critical challenge 

due to the highly dynamic, decentralized nature of vehicular networks. Traditional optimization techniques often fall short under 

these conditions. This study explores a quantum-inspired optimization framework designed to enhance resource management in 

VEC environments by leveraging principles of quantum computing such as superposition and probabilistic state selection within 

classical hardware. Extensive simulations involving 10 vehicles and 3 edge servers were conducted to evaluate the framework's 

performance. The dynamic resource demand fluctuated between 7 and 18 units, and server utilization ranged from 0.2% to 1.4%, 

illustrating diverse operational conditions. The proposed quantum-inspired model showed superior efficiency, achieving up to 

35% improvement in fitness gain compared to traditional algorithms, with convergence to optimal fitness in just 45 iterations. 

The solution space was explored effectively using quantum state amplitude representations, which improved solution diversity 

and robustness in decision-making. Furthermore, fairness in resource distribution was evaluated using Jain’s Fairness Index, 

yielding a high score of 0.914, demonstrating equitable allocation among vehicles. Additional results revealed that task 

completion times ranged from 1.5 to 3.5 seconds, with processing delays being the major contributor. The system exhibited 

sublinear scalability, performing well up to 50 vehicles but declining as the vehicle count increased to 200, indicating a need for 

further optimization strategies. Although the model operates in a classical environment without quantum hardware, it offers 

substantial performance benefits. This research highlights the potential of quantum-inspired optimization for real-time, fair, and 

scalable resource management in vehicular networks. Future work should incorporate real-world vehicular trace data, expand 

scalability tests, and explore integration with 5G and energy harvesting mechanisms. These advancements will further support 

intelligent, secure, and sustainable transportation systems driven by edge computing technologies. 
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1. Introduction 

The underlying infrastructure that supports smart mobility 

and connected vehicles must change to keep up with the rapid 

integration of these innovations into daily life. Leading this 

change is Vehicular Edge Computing (VEC) which makes it 

possible to process data in real time and make wise decisions 

nearer to the networks edge where data is generated [1]. 

Critical applications like intelligent navigation traffic safety 

systems and autonomous driving are supported by VEC be-

cause it lowers latency and lessens dependency on centralized 

cloud systems. Allocating scarce edge resources effectively 

has become a critical issue though as a result of the growing 

complexity of vehicular networks and the rapid expansion of 

data demand [2]. Allocating resources in VEC environments 

is a complex process. Among moving vehicles with different 

demands connectivity conditions and service priorities it 

entails dynamically allocating processing power storage and 

bandwidth [3-5]. Although helpful traditional optimization 

techniques frequently fall short of the demands of these de-

centralized extremely dynamic systems. Usually based on 

linear models or static assumptions these approaches are 

inadequate in settings that call for scalable and adaptable 

solutions. The requirement to maintain low latency high re-

liability and equitable resource distribution in real-time [6, 7] 

makes the task even more difficult. A new area of study called 

quantum-inspired optimization uses ideas from quantum 

computing to improve on traditional algorithmic techniques 

[8]. Quantum-inspired algorithms use standard computing 

hardware to simulate some aspects of quantum behavior even 

though actual quantum computers are still in their infancy and 

not yet generally available. These include ideas that are 

modified to enhance the exploration and exploitation capa-

bilities of optimization techniques such as quantum tunneling 

entanglement and superposition [9, 10]. A new class of algo-

rithms that can solve intricate combinatorial problems more 

quickly than many conventional techniques is the end result 

[11]. There are exciting new possibilities when VEC resource 

allocation is approached using quantum-inspired optimization. 

When vehicles must choose between processing data locally 

and offloading it to edge servers for example these algorithms 

are better able to manage the large solution space involved in 

dynamic task offloading [12]. Moreover, they can facilitate 

predictive resource management and improve load balancing 

among several edge nodes by adjusting to network and traffic 

conditions in real time. Quantum-inspired techniques have the 

ability to quickly investigate several solutions at once in 

contrast to traditional methods increasing the possibility of 

finding globally optimal or nearly optimal solutions in a sub-

stantially shorter amount of time. The ability of quan-

tum-inspired optimization to handle the trade-offs between 

performance scalability and adaptability is what makes it 

especially attractive for VEC. When hundreds or even thou-

sands of vehicles interact with roadside units and mobile edge 

nodes in a typical urban traffic scenario the system needs to 

respond quickly to changing demands [13]. For instance, a 

model inspired by quantum mechanics can allocate resources 

to safety-critical tasks like collision avoidance while guaran-

teeing that infotainment or entertainment services are pro-

vided without sacrificing system performance. Intelligent 

transportation systems cannot operate smoothly without this 

degree of responsive resource management [14]. Furthermore, 

the more general objectives of intelligent and sustainable 

mobility are well served by these sophisticated optimization 

techniques. Greener transportation networks are a result of 

efficient resource use which lowers energy consumption and 

operating expenses. The incorporation of quantum-inspired 

techniques into VEC frameworks is a forward-thinking ap-

proach that strikes a balance between technological ad-

vancement and practical viability as cities work to become 

smarter and more connected [15]. To find out how these cut-

ting-edge algorithms can change how edge resources are 

managed in vehicular networks this study investigates the 

relationship between quantum-inspired optimization and 

vehicular edge computing. We intend to accomplish this in 

order to illustrate the approaches technical potential as well as 

its wider ramifications for the future of urban planning mo-

bility and real-time data-driven services. The key to releasing 

the full potential of connected vehicle ecosystems may lie in 

resource optimization inspired by quantum mechanics as we 

continue to push the limits of smart transportation. 

2. Literature Review 

In order to satisfy the demanding needs of latency-sensitive 

applications Vehicular Edge Computing (VEC) has become a 

paradigm shift in intelligent transportation systems [16]. VEC 

aims to bring computational resources closer to vehicles. The 

need for real-time data processing and making decision has 

increased as cars become more autonomous and networked 

which calls for effective resource allocation techniques in 

VEC environments. Classical optimization techniques have 

been the mainstay of traditional resource allocation methods 

in VEC. Similarly, reinforcement learning-based algorithms 

have been investigated to adaptively allocate resources in 

dynamic VEC scenarios. Although these methods have 

demonstrated promise they frequently struggle with scalabil-

ity issues and may find it difficult to quickly adapt to the 

highly dynamic and stochastic nature of vehicular networks 

[17, 18]. For example, game-theoretical approaches such as 

BARGAIN-MATCH have been proposed to model the in-

teractions between vehicles and edge servers optimizing re-

source allocation and task offloading decisions dot. Recently 

there has been interest in quantum-inspired optimization 

methods as possible answers to the intricate resource alloca-

tion problems in VEC. Compared to classical algorithms these 

techniques explore solution spaces more quickly by utilizing 

quantum computing concepts like superposition and entan-
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glement [19, 20]. In network optimization problems for in-

stance quantum-inspired genetic algorithms have shown im-

proved performance in terms of energy efficiency and latency 

reduction. Similarly, quantum-inspired particle swarm opti-

mization techniques have been suggested for energy-efficient 

task offloading in edge computing environments exhibiting 

better convergence rates and solution quality [21-23]. There is 

great potential for incorporating quantum-inspired optimiza-

tion into VEC resource allocation. Even in highly dynamic 

situations VEC systems may be able to achieve more efficient 

and balanced resource distribution by utilizing the probabil-

istic nature of quantum-inspired algorithms [24]. Additionally, 

these techniques can improve the system capacity to adjust to 

changing network topologies and workloads which are typical 

of automotive environments [25, 26]. Nevertheless, VEC is 

still in its infancy when it comes to the use of quan-

tum-inspired optimization [27]. Simulations or theoretical 

models in controlled settings have been the subject of the 

majority of previous research [26]. Empirical research that 

assesses these algorithms performance in actual VEC sce-

narios-taking into account variables like vehicle mobility 

patterns fluctuating network conditions and a range of appli-

cation requirements is desperately needed. Furthermore, is-

sues with quantum-inspired algorithms computational over-

head and integration with current VEC infrastructures must be 

resolved [27]. In summary the introduction of quan-

tum-inspired optimization presents a promising approach to 

tackling the intricate and ever-changing problems present in 

vehicular networks even though conventional optimization 

techniques have established the foundation for resource al-

location in VEC [25]. To fully utilize these novel strategies 

and guarantee effective scalable and flexible resource man-

agement in upcoming VEC systems more study and devel-

opment are necessary [28]. Consequently edge-based alloca-

tion has gained popularity as a research topic in recent years. 

The resource constraints study for the IoT-Edge-Fog-Cloud 

architecture is shown in Figure 1. 

 
Figure 1. Quantum Bit vs Classic Bit [28]. 

3. Methods 

3.1. Resource Demand Model 

This equation models the dynamic resource demand𝐷𝑖(𝑡) 

of vehicle i at time t, influenced by its workload 𝐿𝑖(𝑡) and 

communication needs 𝐶𝑖(𝑡). Coefficients α𝑖  and βi weigh 

the impact of each factor. 

𝐷𝑖(𝑡) = 𝛼𝑖 . 𝐿𝑖(𝑡) + 𝛽𝑖 . 𝐶𝑖(𝑡) + 𝛾𝑖𝑀𝑖(𝑡)          (1) 

𝐷𝑖(𝑡): Resource demand of vehicle i at time t 

𝐿𝑖(𝑡): Computational workload of vehicle i at time t 

𝐶𝑖(𝑡): Communication data rate for vehicle i at time t 

𝛼𝑖𝛽𝑖 , 𝛾𝑖: Weighting coefficients 

𝑀𝑖(𝑡): Determination of contributions of each component. 

3.2. Edge Server Utilization 

This equation calculates the utilization 𝑈𝑗(𝑡)  of edge 

server j at time t, where total demand from connected vehicles 

𝑁𝑗 is divided by the server’s total resource capacity 𝑅𝑗. 

𝑈𝑗(𝑡) =
∑ 𝐷𝑖(𝑡)

𝑁𝑗
𝑖=1

𝑅𝑗

                      (2) 
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𝑈𝑗(𝑡): Utilization of edge server j at time t 

𝑁𝑗: Number of vehicles connected to edge server j 

𝐷𝑖(𝑡): Resource demand of vehicle i 

𝑅𝑗: Resource capacity of edge server j 

3.3. Quantum-inspired State Representation 

The state vector |ψ⟩ is a superposition of M possible re-

source allocation solutions |𝑥𝑘⟩ weighted by amplitudes 𝑎𝑘: 

This allows simultaneous exploration of multiple solutions. 

|ψ⟩  = ∑ 𝑎𝑘
𝑀
𝑘=1 |𝑥𝑘⟩              (3) 

|ψ⟩: Quantum-inspired state vector 

|𝑥𝑘⟩: Basis state representing a solution k 

𝑎𝑘: Amplitude (weight) of state k 

3.4. Fitness Function for Optimization 

Explanation: The fitness function F(x) evaluates solution x 

by combining latency, energy consumption, and fairness 

using weighted coefficients 𝑤1, 𝑤2, 𝑤3. Higher values indi-

cate better resource allocations. 

𝐹(𝑥) = 𝑤1.
1

𝐿𝑎𝑡𝑒𝑛𝑐𝑦(𝑥)
+ 𝑤2.

1

𝐸𝑛𝑒𝑟𝑔𝑦(𝑥)
+ 𝑤3𝐹𝑎𝑖𝑟𝑛𝑒𝑠𝑠(𝑥) (4) 

F(x): Fitness of solution x 

Latency(x): Average latency under solution x 

Energy(x): Energy consumed under solution x 

Fairness(x): Fairness index of resource distribution 

𝑤1, 𝑤2, 𝑤3: Weights for each criterion 

3.5. Rate of Packet Loss 

Packet loss rate 𝑃𝑙𝑜𝑠𝑠(𝑡) at time t is calculated as the ratio 

of lost packets over sent packets, indicating communication 

reliability in simulations. 

𝑃𝑙𝑜𝑠𝑠 = 1 −
𝑁𝑟𝑒𝑐𝑒𝑖𝑣𝑒𝑑(𝑡)

𝑁𝑠𝑒𝑛𝑡(𝑡)
               (5) 

𝑃𝑙𝑜𝑠𝑠: Packet loss rate at time t 

𝑁𝑟𝑒𝑐𝑒𝑖𝑣𝑒𝑑(𝑡): Number of packets received successfully at 

time t 

𝑁𝑠𝑒𝑛𝑡(𝑡): Number of packets sent at time t 

3.6. Average Task Completion Time 

This computes the average completion time 𝑇𝑐𝑜𝑚𝑝  for 

tasks across N vehicles, summing task start delay, processing 

time, and communication delay. 

𝑇𝑐𝑜𝑚𝑝 =
1

𝑁
∑ (𝑇𝑠𝑡𝑎𝑟𝑡,𝑖 + 𝑇𝑃𝑟𝑜𝑐,𝑖 + 𝑇𝑐𝑜𝑚𝑚,𝑖)

𝑁
𝑖=1       (6) 

𝑇𝑐𝑜𝑚𝑝: Average task completion time 

𝑇𝑠𝑡𝑎𝑟𝑡,𝑖: Start delay for vehicle i 

𝑇𝑝𝑟𝑜𝑐,𝑖: Processing time for vehicle i 

𝑇𝑐𝑜𝑚𝑚,𝑖: Communication delay for vehicle i 

N: Number of vehicles 

Table 1. Quantum State Dataset [28]. 

S.No. State Probability 

1 1 16-Mar 

2 101 16-Mar 

3 110 16-Jan 

4 11 16-Mar 

5 100 16-Jan 

6 0 16-Jan 

7 111 16-Mar 

8 10 16-Jan 

The figure 2 diagram illustrates a quantum-inspired opti-

mization model for resource allocation in vehicular edge 

computing (VEC). Vehicles dynamically generate tasks with 

varying computational and communication demands. These 

requests are sent to the edge resource manager, which uses a 

quantum-inspired algorithm to evaluate optimal allocations. 

The algorithm encodes multiple resource allocation solutions 

using quantum amplitude encoding, selects the best-fit solu-

tion based on latency, energy, and fairness metrics, and dis-

patches tasks to edge servers. Feedback loops monitor server 

utilization and update quantum states accordingly. The com-

pact design captures the integration of VEC architecture, 

real-time optimization, and adaptive resource distribution in a 

scalable system. 

 
Figure 2. Quantum inspired Optimization. 

3.7. Efficiency Ratio 

Efficiency ratio 𝐸𝑟  compares the fitness values of quan-
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tum-inspired 𝐹𝑞𝑢𝑎𝑛𝑡𝑢𝑚  and traditional 𝐹𝑡𝑟𝑎𝑑𝑖𝑡𝑖𝑜𝑛𝑎𝑙 solutions, 

showing relative performance improvement. 

𝐸𝑟 =
𝐹𝑞𝑢𝑎𝑛𝑡𝑢𝑚

𝐹𝑡𝑟𝑎𝑑𝑖𝑡𝑖𝑜𝑛𝑎𝑙
                    (7) 

𝐸𝑟: Efficiency ratio 

𝐹𝑞𝑢𝑎𝑛𝑡𝑢𝑚: Fitness value from quantum-inspired method 

𝐹𝑡𝑟𝑎𝑑𝑖𝑡𝑖𝑜𝑛𝑎𝑙: Fitness value from traditional method 

3.8. Scalability Index 

Scalability index S evaluates how computation time 

changes when the system scales from 𝑁𝑏𝑎𝑠𝑒 to 𝑁𝑠𝑐𝑎𝑙𝑒𝑑vehi-

cles, with times 𝑇𝑏𝑎𝑠𝑒 and 𝑇𝑠𝑐𝑎𝑙𝑒𝑑. A higher S indicates better 

scalability. 

𝑆 =
𝑇𝑏𝑎𝑠𝑒

𝑇𝑠𝑐𝑎𝑙𝑒𝑑
×

𝑁𝑠𝑐𝑎𝑙𝑒𝑑

𝑁𝑏𝑎𝑠𝑒
                 (8) 

S: Scalability index 

𝑇𝑏𝑎𝑠𝑒 , 𝑇𝑠𝑐𝑎𝑙𝑒𝑑: Computation times before and after scaling 

𝑁𝑏𝑎𝑠𝑒 , 𝑁𝑠𝑐𝑎𝑙𝑒𝑑: Number of vehicles before and after scaling 

3.9. Responsiveness (Convergence Time) 

Explanation: Responsiveness R measures the minimum 

time t for the optimization algorithm to converge within an 

error margin 𝜖 of the optimal fitness F*. 

𝑅 = min {𝑡: |𝐹(𝑡) − 𝐹∗| < 𝜖}           (9) 

R: Responsiveness time 

F(t): Fitness value at time t 

F*: Optimal fitness value 

𝜖: Small error threshold 

3.10. Resource Utilization Fairness (Jain’s 

Index) 

Jain’s fairness index J measures how evenly resources 𝑈𝑖 

are distributed among N vehicles; values close to 1, indicating 

fair allocation. 

𝐽 =
(∑ 𝑈𝑖

𝑁
𝑖=1 )

2

𝑁 ∑ 𝑈𝑖
2𝑁

𝑖=1

                  (10) 

𝐽: Fairness index 

𝑈𝑖: Resource utilization of vehicle i 

𝑁: Number of vehicles 

4. Results and Discussion 

4.1. Vehicle Resource Demand over Time 

Figure 3 illustrates how the resource demands of 10 vehi-

cles fluctuate over 100 times step. Each vehicle displays 

unique demand patterns based on dynamically generated 

workload and communication needs. At peak moments, de-

mand levels reach up to approximately 18 units, while the 

minimum observed demand is about 7 units. These oscilla-

tions reflect the interplay of periodic workload and commu-

nication requirements in the dynamic resource model (Equa-

tion (1)). Notably, some vehicles, such as Vehicle 5 and Ve-

hicle 8, show more pronounced volatility, indicating higher 

variability in their operational resource usage over time. 

 
Figure 3. Vehicle Resource Demand over Time. 
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4.2. Edge Server Utilization over Time 

Figure 4 presents a 3D surface plot of utilization ratios 

across three edge servers over time, based on Equation (2). 

Server utilization ranges from about 0.2 to 1.4%, relative to 

each server's individual capacity. Peak utilization is evident in 

Server 2, indicating a higher aggregation of vehicle demand in 

that server’s domain. The surface height and color intensity 

depict higher load periods and potential overload risks. Vari-

ations arise due to both random assignment of vehicles to 

servers and time-varying resource demands, which cause 

uneven server loads, especially noticeable at time steps 

around t = 60–80 seconds. 

 
Figure 4. Edge Server Utilization over Time. 

4.3. Quantum State Representation 

Figure 5 displays quantum-inspired state amplitudes of 50% 

solution states using bar and polar plots, as described by 

Equation (3). The normalized amplitudes range from 0.001 to 

0.05 weights, with the highest amplitude observed around 

solution index 12. This quantum representation supports 

probabilistic selection of solution candidates, emphasizing 

those with higher amplitudes. The polar plot provides a cir-

cular view of these amplitudes, where outer points indicate 

more probable solutions. This approach mimics quantum 

computing behavior, offering better diversity in solution 

space compared to deterministic methods, which is advanta-

geous for solving complex optimization tasks in edge com-

puting. 

 
Figure 5. Quantum State Amplitudes. 

http://www.sciencepg.com/journal/ajnc


American Journal of Networks and Communications http://www.sciencepg.com/journal/ajnc 

 

53 

 

4.4. Fitness Function Landscape 

Figure 6 showcases a 3D landscape of the fitness function 

described in Equation (4), based on latency, energy, and 

fairness. The fitness value spans from 2.0 to 4.0%, peaking in 

regions with moderate latency and low energy costs. This 

surface illustrates how optimal combinations of these three 

objectives lead to improved system performance. Regions of 

steep gradients indicate sensitive zones where small changes 

in factors result in significant performance shifts. This visual 

representation helps identify balance points among competing 

metrics, with peak performance achieved when latency and 

energy usage are both efficiently managed. 

 
Figure 6. Fitness Function Landscape. 

4.5. Packet Loss Rate Analysis 

Figure 7 analyzes packet loss over time using Equation (5). 

The packet loss rate fluctuates between 0.0 and 0.18%, with 

the number of lost packets ranging from 0 to 9% per time step. 

The highest packet loss rate occurs around t = 45, possibly due 

to poor communication conditions or high demand congestion. 

The dual-axis plot clearly distinguishes the proportion (loss 

rate) and the absolute number (lost packets). This visualiza-

tion emphasizes how both metrics contribute to evaluating 

communication reliability and how performance degrades 

when too many packets are dropped during transmission. 

 
Figure 7. Packet Loss Rate Analysis. 
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4.6. Task Completion Time Breakdown 

Figure 6 illustrates the total task completion time and its 

components using Equation (6). The average task completion 

time ranges between 1.5 and 3.5 seconds, peaking around t = 

40–60. Start delay, processing time, and communication delay 

are shown as broken lines, with communication delay being 

the least and processing time the most dominant contributor. 

The area plot highlights how cumulative delays evolve over 

time. This breakdown provides insights into which task 

phases contribute most to latency, helping in optimizing 

processing algorithms or improving communication infra-

structure for better responsiveness. 

 
Figure 8. Task Completion Time Breakdown. 

4.7. Quantum vs Traditional Efficiency 

Figure 9 compares fitness gains from quantum-inspired and 

traditional optimization algorithms as per Equation (7). The 

quantum approach accumulates fitness values faster, reaching 

around 60% at t = 100, while the traditional method trails 

slightly below 100 seconds. The efficiency ratio (quan-

tum/traditional) peaks at 1.35, indicating up to 35% better 

performance using the quantum method. This comparison 

validates the improved adaptability and exploration ability of 

quantum algorithms, especially in dynamic and re-

source-constrained environments. The visual clearly supports 

the hypothesis that quantum-inspired models outperform 

traditional counterparts in long-term optimization tasks. 

 
Figure 9. Quantum vs Traditional Efficiency. 
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4.8. Scalability Analysis 

Figure 10 demonstrates how well the system scales using 

Equation (8). For vehicle counts of 20, 50, 100, and 200, the 

scalability index declines from 0.95 to 0.55, indicating sub-

linear scalability. The log-log plot compares the system's 

actual performance (blue line) to ideal linear scaling (red 

dashed line). Although the system maintains good perfor-

mance up to 50 vehicles, performance degrades noticeably 

beyond that, especially at 200 vehicles. This drop suggests the 

need for better resource allocation or more efficient schedul-

ing algorithms to maintain performance as demand scales up 

significantly. 

 
Figure 10. Scalability Analysis. 

4.9. Algorithm Convergence 

Figure 11 shows the responsiveness of the optimization 

algorithm in reaching optimal fitness as modeled in Equation 

(9). The fitness curve rises sharply and converges to the op-

timal value F = 10 at around iteration 45. The convergence 

point is visually marked by a vertical dashed line, indicating 

that the algorithm achieves near-optimal performance after 45 

iterations. The exponential growth pattern reflects a rapid 

improvement phase early in the process, followed by stabili-

zation. This indicates efficient optimization behavior, where 

the solution space is explored quickly and effectively before 

settling into a high-quality result. 

 
Figure 11. Algorithm Convergence. 
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4.10. Jain’s Fairness Index 

Figure 12 visualizes the fairness in resource allocation us-

ing Jain’s Index from Equation (10). The calculated fairness 

index is J = 0.914, signifying highly equitable distribution of 

resources among the 10 vehicles. The pie chart highlights that 

approximately 91.4% of the allocation is fair, while the re-

maining 8.6% accounts for minor disparities. This index is 

vital in edge computing systems where fairness ensures all 

vehicles receive a reasonable share of computational and 

communication resources, reducing the likelihood of bottle-

necks or service denials. The high fairness score confirms that 

the system maintains a balanced allocation strategy. 

 
Figure 12. Jains Fairness Index. 

5. Conclusions 

A quantum-inspired optimization framework for dynamic 

resource allocation in Vehicular Edge Computing (VEC) en-

vironments was proposed and assessed in this study. The 

growing complexity of real-time computation and communi-

cation resource management across extremely mobile and 

uncertain vehicular networks served as the driving force. In 

comparison to conventional optimization techniques the sug-

gested method showed notable gains in system performance by 

combining quantum-state representation with a multi-objective 

fitness function that takes latency energy efficiency and fair-

ness into account. The main findings demonstrated that quan-

tum-inspired approaches increased optimization efficiency by 

up to 35% achieving faster convergence (45 iterations to reach 

optimal fitness) and more equitable resource distribution (one 

vehicle Jains Fairness Index was 0. 914). The framework also 

showed insights into the dynamics of task demand with re-

source usage ranging from 7 to 18 units and edge server utili-

zation between 0 and 2 to 1 and 4 normalized units. These 

findings support the applicability of quantum-inspired strate-

gies for addressing the multifaceted and dynamic nature of 

VEC resource allocation problems. But there are some re-

strictions on the study. Even though the simulation environ-

ment was reliable it only had ten cars and three servers which 

might not accurately represent the size and complexity of the 

real world. Moreover, the quantum-inspired model does not 

make use of real quantum hardware and functions in a hybrid 

classical environment which could result in scalability issues as 

the number of cars or computing nodes increases dramatically. 

The absence of integration with security-aware scheduling 

which is essential in vehicular networks where data sensitivity 

is high is another drawback. Additionally, the study points out 

gaps that need to be filled by more research. One such gap is the 

lack of actual vehicle trace data which is necessary to validate 

the model in scenarios of network congestion and realistic 

mobility patterns. Also, incorporating energy harvesting 

methods with 5G-capable VEC infrastructures may enhance 

resource optimization in the context of upcoming smart trans-

portation paradigms. 
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