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Abstract: Vehicular Ad Hoc Networks (VANETs) are the backbone of the modern 

transportation system, which is used for intervehicle and infrastructure communication to 

provide safety, efficient traffic management, and enhanced safety. Routing in VANETs has 

several challenges: high mobility, dynamic topology, scalability, Quality of Service (QoS) 

constraints, security concerns, and resource limitations. Adaptive algorithms are showing 

promise to answer these issues because they use routing strategies that dynamically change 

according to time-varying network conditions. This paper reports on adaptive algorithm 

techniques, based on techniques using reinforcement learning, swarm intelligence, and machine 

learning in improving VANET routing. It further analyzes current routing algorithms, proposes a 

conceptual framework for adaptive routing, and provides further scope for future work on AI 

integration, 5G, and edge computing. The outcomes conclude that these algorithms could 

optimize VANET performance and result in efficient, scalable, and secure communication over 

the rapidly developing vehicular networks.  

Keywords: VANETs, routing, adaptive algorithms, reinforcement learning, swarm intelligence, 

machine learning, QoS, scalability. 

 

 

1. Introduction 

Overview of Vehicular Ad Hoc Networks (VANETs) 

VANETs form a very essential aspect of intelligent transportation systems that will support 

V2V, V2I, and V2X real-time communications. Compared to the usual network setup, VANETs 

function in very dynamic environments, which change rapidly in topology, with very high 

mobility, and changing traffic density. These features pose challenges such as ensuring low-

latency communication, scalability, and robust data security. Research has suggested the 

importance of these adaptive algorithms, such as machine learning and reinforcement learning, 

in solving these problems. They improve network reliability by dynamically optimizing routing 

protocols, thus enabling safety-critical and infotainment applications in the autonomous and 

connected vehicle era (Sangaiah et al., 2023). 

Importance of Routing in VANETs 

Routing in Vehicular Ad Hoc Networks (VANETs) is critical for efficient data exchange in a 

highly dynamic and decentralised environment. Effective routing is important for increasing road 

safety, enabling timely warnings and critical information delivery, infotainment applications, and 

even traffic management. However, reliable communication is challenging due to topology 

changes, high mobility of nodes, and varying densities of traffic. New research focuses on 

adaptive algorithms, including reinforcement learning and swarm intelligence, which optimise 

the routing paths in real-time. These algorithms show a huge potential for improvement of 
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latency, scalability, and resilience in the network, which can make adaptive routing a backbone 

in the further development of intelligent transportation systems. (ul Hassan et al., 2024). 

Scope and Objectives of the Study 

This paper delves into the critical challenges and innovative solutions in VANET routing, 

focusing on adaptive algorithms. High mobility, dynamic topology, and QoS constraints are 

issues it addresses to find out whether reinforcement learning and swarm intelligence-based 

adaptive techniques can improve the performance of routing (H. Xu & Wang, 2024). Based on 

recent studies, this paper synthesizes new insights to identify gaps in current approaches in light 

of the potential of adaptive algorithms to improve the scalability, reliability, and real-time 

decision-making possibilities of VANET communication systems. Objectives for this paper 

include conducting a comprehensive analysis of existing solutions and suggesting future 

directions to advance VANET communication systems.(Wahid et al., 2022). 

2. Background and Related Work 

Fundamentals of VANET Architecture and Communication 

VANETs are one of the significant components of an intelligent transportation system, which 

enable vehicles and infrastructure to communicate in a V2V, V2I, and V2X paradigm. 

Architecture relies on DSRC and C-V2X technologies for effective data exchange between 

vehicles. High mobility of the vehicle creates dynamic topology, demanding strong protocols 

that can maintain continuous connectivity(K & Azam, 2024). Such works lately emphasize 

multi-layered architecture at the levels of the physical, network, and application layers toward 

building reliability and scalability. Progression in adaptive routing strategies can continue to 

meet problems with latency and congestion by promoting the significant presence of VANETs 

within self-governing and interconnected environments.(Wang et al., 2024). 

Routing Protocol Categories in VANETs 

Based on challenges, routing protocols in VANETs are grouped under topological, positioning, 

and hybrids. Topology-based protocols- AODV and DSR-are founded on established routes but 

suffer if the topology has more than a few alterations. Position-based protocols use real-time 

GPS data that ensures scalability especially in dense topologies. Hybrid protocols combine these 

approaches, balancing reliability and efficiency. Recent studies highlight the limitations of static 

routing, emphasizing adaptive algorithms like reinforcement learning for dynamic decision-

making. These innovations overcome challenges like congestion and latency, showcasing their 

potential to revolutionize VANET routing by aligning communication strategies with the 

network’s dynamic and heterogeneous nature(Abbasi & Khan, 2018). 

Overview of Adaptive Algorithms in Networking 

Adaptive algorithms in networking adapt the routing strategy according to the dynamic changes 

of the environment in real time. It ensures that resilience is provided in dynamic systems such as 

VANETs. Reinforcement learning, swarm intelligence, and genetic algorithms empower the 

networks to adapt to topology changes, congestion, and mobility challenges. Experience has 

shown that adaptive methods surpass the static protocol in regard to reliability and scalability 

when a proper optimization of path selection and resource allocation is considered (Lee et al., 

2024). In VANETs, adaptive algorithms cope with latencies, as well as energies consumed and 

Quality of Service; communication is efficient between highly moving mobile nodes and other 

nodes as their decisions are greatly aided by an inclusion of learning machinery and Artificial 

intelligence. (Rashid et al., 2023). 

Summary of Related Work and Research Gaps 

VANET routing has been the subject of extensive research. The focus is on topology-based, 

position-based, and hybrid protocols. Studies indicate that static methods are not efficient in 

dynamic environments, and adaptive approaches are necessary. Reinforcement learning and 
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swarm intelligence have been applied with good results, enhancing scalability, latency, and 

reliability. Yet, there are still gaps in handling high-density traffic, real-time decision-making, 

and security vulnerabilities. Solutions developed so far lack robustness against dynamic topology 

changes and fail to optimize QoS comprehensively. This paper fills in these gaps by analyzing 

the potential that adaptive algorithms hold in making improving VANET routing, and therefore 

in providing an understanding of their applicability and points for further research.(Nauman et 

al., 2024). 

3. Challenges in VANET Routing 

High Mobility and Dynamic Topology 

High mobility and dynamic topology are inherent challenges in VANETs, which readily cause 

route breaks and unstable communication links. Unlike the traditional networks, in VANETs, 

positions of nodes change very fast, causing link duration to vary. It has been shown by 

researchers that such dynamics degrade the performance of routing, especially in dense urban or 

sparse rural settings, where packets are lost, delays are inflated, and throughput is 

decreased(Jiang et al., 2023). 

For example, topology-based protocols such as AODV suffer from having high route discovery 

overheads because of frequent disconnections, while for position-based protocols, there are 

inaccuracies caused by outdated GPS information. Hybrid protocols reduce some of these 

problems but lose track in fast changing conditions with high mobility. Recent work indicates 

that adaptive algorithms such as reinforcement learning and swarm intelligence, which 

dynamically adjust routing decisions based on real-time network conditions, significantly 

enhance reliability and performance.(Gaydamaka et al., 2024). 

Table 1. illustrates the effects of high mobility and dynamic topology on different routing 

protocols: 

Routing Protocol Challenge Impact Research Solution 

AODV 

Frequent 

route 

breaks 

High delay, 

packet loss 
Adaptive routing using RL algorithms 

GPSR 

Inaccurate 

position 

data 

Incorrect 

forwarding, 

delays 

Machine learning-based position updates 

Hybrid (ZRP) 

Complexity 

in decision-

making 

Increased 

overhead, 

scalability 

Swarm intelligence for dynamic routing 

 

These findings underscore the need for advanced adaptive solutions to ensure robust 

communication in VANET environments. 

Scalability and Network Density Variability 

Scalability and variability in network density are major problems in VANET routing because 

nodes vary in a scenario, be it urban congestion or sparse roads in the countryside. High-density 

networks suffer congestion, increased collisions of packets, and routing overheads, whereas low-

density networks are plagued by connectivity issues and routes. These all have a direct impact on 

the efficiency of routing, throughput, and Quality of Service (QoS). 

Topology-based protocols, such as OLSR, suffer from scalability problems when control 

messages explode with the growth of the network size. Likewise, position-based protocols, for 

example, GPSR, deteriorate in their performance due to packet collisions within dense networks. 

Hybrid protocols only address part of the scalability issue while remaining mostly hindered by 

fixed configurations. Research now focuses more on adaptive algorithms, such as machine 
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learning and reinforcement learning, that can optimise routing adaptively by adjusting the real-

time network density and traffic patterns in real time (Urquiza et al., 2025). 

Table 1 summarizes the impact of scalability and network density variability on VANET 

routing: 

Routing 

Protocol 
Challenge Impact Research Solution 

OLSR 
Overhead in large 

networks 

Increased latency, reduced 

QoS 

Adaptive control 

message frequency 

GPSR 
Packet collisions in 

high density 
Low delivery ratio, delays 

Density-aware position 

updates 

Hybrid (FBR) 
Inefficiency in low 

density 
Route failure, high delay 

Reinforcement learning 

for dynamic routes 
 

Adaptive algorithms enable efficient scalability by tailoring routing strategies to dynamic density 

variations, addressing key challenges in VANET environments. 

Quality of Service (QoS) and Delay Constraints 

Providing quality of service, or QoS, in the routing of VANETs will be essential since it supports 

critical safety and infotainment applications that require minimum latency, a very high 

throughput level, and successful data delivery. The delay sensitivity makes routing more 

challenging in scenarios involving collision avoidance, emergency notifications, and other tasks 

that require instant communication. Packet loss, jitter, and even increased delays caused by 

frequent topology changes, congestion, and varying levels of traffic densities(Mazhar et al., 

2023). 

Protocol Topology-Based Protocols-AODV Fail to satisfy Quality of Service: Delay in 

Discovery of Route In Position-Based GPSR protocols Delay Minimization Becomes Difficult 

especially in Dynamic Scenario Hybrid protocols offer partial solutions- lack mechanisms in 

response to strong QoS constraints Recent research results: adaptive algorithm that utilizes 

techniques such as Reinforcement Learning Optimization algorithms for adaptation in real time, 

dynamic routing-path optimization based on priority given by the algorithm in real time(M. M. 

Alam et al., 2022). 

Table 2 summarizes the impact of QoS and delay constraints on VANET routing: 

Routing 

Protocol 
Challenge Impact Research Solution 

AODV 
Route discovery 

delays 

High latency, 

packet loss 

Adaptive delay-aware 

routing protocols 

GPSR 
Inefficient path 

selection 

Increased jitter, 

delivery failures 

Real-time path 

optimization using ML 

Hybrid (ZRP) 
Complexity in delay-

sensitive tasks 

Limited QoS, 

scalability issues 

Priority-based 

reinforcement learning 
 

Such reliable and timely communication in VANET applications is important for intelligent 

transportation systems, thereby ensuring that adaptive algorithms address the QoS and delay 

constraints. 

Security and Privacy Issues 

Security and privacy are two key issues in VANET routing since it is decentralized, highly 

mobile, and relies on wireless communication. Some of the common threats in VANET are 

spoofing, Sybil attacks, DoS attacks, and data tampering that can damage the integrity and 

reliability of the routing protocol. In the case of location and identity information shared between 

the vehicles and the infrastructure, the major privacy issues will arise(Zhan et al., 2024). 
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Traditional routing protocols such as AODV and GPSR are susceptible to attacks because the 

robust authentication and encryption mechanisms that could be present in these routing protocols 

are very weak. Hybrid protocols provide some partial solutions and often fail when advanced 

threats of collusion attacks become prevalent. There is recent research on the incorporation of 

cryptographic techniques, trust management systems, and blockchain technologies to augment 

security and privacy in VANETs. The adaptive algorithms will contribute by dynamically 

detecting and mitigating threats with real-time network behavior.(Muniyandi et al., 2020). 

Table 3 outlines the impact of security and privacy concerns on VANET routing: 

Routing 

Protocol 
Challenge Impact Research Solution 

AODV 
Vulnerability to 

spoofing attacks 

Route manipulation, 

data loss 

Cryptographic 

authentication 

mechanisms 

GPSR 
Exposure of location 

data 

Privacy violations, 

data misuse 

Privacy-preserving 

routing using 

cryptography 

Hybrid (ZRP) 
Susceptibility to 

Sybil attacks 

Network congestion, 

scalability issues 

Blockchain for secure 

identity management 
 

Addressing these challenges with adaptive and cryptographic solutions ensures secure and 

privacy-aware VANET operations. 

Energy Efficiency and Resource Constraints 

The most important challenges for VANETs are energy efficiency and resource constraints 

because of reliance on limited-capacity vehicular hardware and high energy demand by routing 

protocols. Frequent rediscovery of routes, packet retransmissions, and control overhead in 

dynamic topologies deplete the energy resources and lead to a shorter network lifespan and 

compromised reliability. Although vehicles usually have more significant energy reserves than 

mobile devices, routing inefficiencies can still strain their computational and communication 

resources(A. Alam et al., 2024). 

Flooding during route discovery causes protocols such as AODV to experience energy 

inefficiency. Position-based protocols like GPSR use position information to save energy but 

have no technique to balance energy load across the nodes. Hybrid techniques partially 

overcome this by combining these techniques but continue to experience resource limitations in 

dense and sparse networks. Advances of adaptive algorithms are promising in optimizing routing 

paths that dynamically minimize energy consumption by ensuring the balance in workload 

among nodes by using reinforcement learning and optimization techniques.(Dafhalla et al., 

2025). 

Table 4 summarizes the impact of energy efficiency and resource constraints on VANET 

routing: 

Routing Protocol Challenge Impact Research Solution 

AODV 
High energy 

consumption in flooding 

Reduced network 

lifetime 

Energy-aware routing 

using RL algorithms 

GPSR 
Uneven energy usage 

among nodes 

Node failures, 

reduced 

connectivity 

Load-balancing 

adaptive techniques 

Hybrid (ZRP) 
Resource inefficiencies 

in dense networks 

Increased delay, 

energy waste 

Optimization-based 

routing approaches 
 

Overcoming these challenges with energy-efficient adaptive algorithms ensures sustainable and 

robust VANET communication. 
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4. Role of Adaptive Algorithms in VANET Routing 

Definition and Characteristics of Adaptive Algorithms 

Adaptive algorithms in VANET routing are dynamic computational techniques that adapt routing 

strategies according to real-time network conditions. These algorithms use features such as self-

learning, contextual awareness, and dynamic decision-making to overcome the challenges of 

VANET, which include high mobility, dynamic topology, and varying traffic densities. Adaptive 

algorithms respond intelligently to changes, thereby enhancing routing efficiency, reducing 

latency, and optimizing resource utilization(Cui et al., 2022). 

Characteristics of adaptive algorithms include scalability, fault tolerance, and handling 

heterogeneous network environments. Adaptive algorithms generally apply techniques like 

reinforcement learning, genetic algorithms, or neural networks in the solution for making real-

time predictions and changing the routing paths accordingly. They differ from static protocols as 

adaptive algorithms change and optimize over time, producing the best possible solution to suit 

current network states.(Haider et al., 2024). 

Table 5 summarizes key characteristics and benefits of adaptive algorithms in VANET 

routing: 

Characteristic Description Benefit 

Real-time 

Adaptability 

Adjusts to network dynamics 

instantly 

Ensures low latency and 

high delivery ratio 

Contextual Awareness 
Analyzes traffic, density, and 

mobility patterns 

Optimizes routing paths 

dynamically 

Learning Capability 
Leverages historical data for 

decision-making 

Improves routing 

performance over time 

Scalability 
Operates efficiently in varying 

network sizes 

Reduces overhead in 

dense networks 
 

Advantages of Adaptivity in Dynamic Environments 

In the case of high mobility and a dynamic topology of changes in the network, which in any 

way will influence routing in VANETs, adaptive algorithms present many more advantages over 

conventional approaches. They achieve improvements in terms of packet delivery rates, 

latencies, and network reliability compared to conventional schemes because adaptive decisions 

for routing adjust in real-time network conditions(Ferrari et al., 2024). 

The key benefits of such an approach include reduced overhead through intelligent path 

selection, enhanced scalability in dense networks, and improved energy efficiency through 

workload balancing at the node level. Machine learning-based adaptive algorithms use predictive 

models to predict topology changes, thus being proactive in routing. Other techniques, multi-

objective optimization, ensure that QoS requirements, such as latency and throughput, are met 

while keeping the resource constraints such as energy consumption under control.(Gan et al., 

2024). 

Table 6 highlights the advantages of adaptivity in dynamic VANET environments: 

Advantage Description Impact on VANETs 

Real-time Decision-

Making 

Adapts to topology changes 

instantly 

Reduces latency and improves 

reliability 

Load Balancing 
Distributes traffic evenly 

across nodes 

Enhances energy efficiency 

and network life 

Proactive Routing 
Predicts topology changes 

and routes proactively 

Minimizes packet loss and 

disconnections 

Scalability 
Performs efficiently in 

dense/sparse networks 

Ensures consistent 

performance in all scenarios 
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Examples of Adaptive Approaches in Networking 

Adaptive algorithms have also played an important role in making VANET routing adaptive and 

improved by the varying conditions of the network. This includes: 

Reliable Self-Adaptive Routing (RSAR): This algorithm employs heuristic methods by 

considering real-time network metrics that establish reliable routes, thereby enhancing data 

delivery while reducing latency in the network, as noted in Vijayakumar & Suresh Joseph, 2019. 

Adaptive Multi-Path Routing Protocol (MARV): MARV discovers a number of high-throughput 

paths using on-demand routing techniques that simply balance the load and make the network 

more resilient to link failures(Vijayakumar & Suresh Joseph, 2019).  

MDPI 

Traffic-Aware Routing Protocol: It tries to adapt to the present traffic conditions by using 

adaptive selection of optimum routes thereby minimizing end-to-end delay as well as improving 

throughput (Azizi & Shokrollahi, 2024).  

Resbee 

Adaptive Route Update Approach: With the use of local neighborhood change information, 

routes are dynamically updated, and hence control overhead decreases and route stability 

improves in highly mobile environments.(Rasheed et al., 2014).  

5. Existing Adaptive Algorithms for VANET Routing 

Reinforcement Learning-based Routing Algorithms 

Recent work in the direction of reinforcement learning (RL) based routing algorithms appears to 

be one of the reliable solutions for solving the dynamic nature of VANETs. They enable vehicles 

to learn optimal routing decisions through interaction with the environment along with feedback, 

through reward mechanisms.The RL-based approach makes it possible for VANETs to 

dynamically adjust to changes in network topology, traffic density, and QoS 

requirements(Lansky et al., 2022). 

Notable RL-based routing algorithms include 

Q-Learning routing protocols are implemented to learn optimal routes through iterative decisions 

over Q-values. Overhead is minimized by Q-Learning and guaranteed successful packet delivery 

for even highly mobile networks(Khan et al., 2022). 

Deep Reinforcement Learning (DRL): Algorithms such as DQN, Deep Q-Network, integrates 

deep learning with RL to manage complex state spaces, which enable efficient routing in dense 

and large-scale VANETs (Gao et al., 2024). 

Actor-Critic Models: These architectures are the exploration-exploitation balance that result in 

stable routing with low delay and energy(Gao et al., 2024). 

Actor-Critic Models: These frameworks balance exploration and exploitation, ensuring stable 

routing while minimizing delay and energy consumption(Qin et al., 2024). 

Table 7 summarizes key RL-based algorithms: 

Algorithm Key Features Advantages 

Q-Learning Iterative updates, low overhead 
Reliable packet delivery 

under high mobility 

Deep Q-

Network 

(DQN) 

Neural network integration for complex 

states 

Efficient in dense VANET 

environments 

Actor-Critic 

Models 
Balanced exploration-exploitation trade-off 

Minimizes delay and 

energy consumption 
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RL-based routing algorithms are highly promising to enhance VANET performance since they 

can dynamically scale and guarantee QoS solutions. 

Swarm Intelligence Techniques such as Ant Colony, Genetic Algorithms 

Swarm intelligence algorithms inspired by real-world phenomena have exhibited promising 

routes in the optimalization of VANET routing.Here, these approaches use distributed algorithms 

and self-organization to compute the optimal path in a highly dynamic environment(Xu et al., 

2024). 

ACO algorithm simulates ant foraging behaviors to find an optimal path. In this sense, vehicles 

serve as artificial ants, depositing pheromones along their paths. It eventually converges on the 

best routes by building heavily traveled ones while discarding less-than-optimal ones(Bijalwan et 

al., 2023). 

Genetic Algorithms (GA): GAs use evolutionary strategies such as selection, crossover, and 

mutation to optimize routing. GAs handle multi-objective optimization by evolving a population 

of potential solutions in order to strike a balance between delay, energy consumption, and 

reliability.(Dubey & Louis, 2023). 

Table 8 highlights key swarm intelligence techniques: 

Technique Key Features Advantages 

Ant Colony 

Optimization (ACO) 

Pheromone-based path 

selection 

Adaptive, scalable, efficient 

in dynamic topologies 

Genetic Algorithms 

(GA) 

Evolutionary 

optimization strategy 

Handles multi-objective 

optimization, robust to 

network changes 
 

Scalable and robust solutions for VANET routing are provided by swarm intelligence 

techniques. Their dynamic nature to adapt to the changed topology in addition to handling the 

diverse objectives, make them priceless in increasing the efficiency and reliability of vehicular 

networks. 

Machine Learning Approaches 

Machine learning approaches have been largely used in VANET routing because it allows the 

examination of large amounts of data to recognize patterns and generate real-time decisions 

within dynamic settings. ML routing efficiency is also enhanced by making predictions about 

network conditions, resource allocation optimization, and guaranteeing Quality of Service 

(QoS)(Borah & Paranjothi, 2024). 

Supervised Learning: SVM and Decision Trees are applied to classify routing scenarios, predict 

link stability, and select optimal paths (Immich et al., 2025). 

Unsupervised Learning: It is used by K-Means algorithms in order to classify vehicles in 

accordance with mobility patterns and density, thus making the routes in dense networks more 

optimal(Nauman et al., 2024b). 

Deep Learning (DL): Deep Neural Networks (DNNs) and Recurrent Neural Networks (RNNs) 

can efficiently handle high-dimensional data, predict traffic patterns, and be adaptable in real 

time (Jianqiao Yu et al., 2025). 

Reinforcement Learning (RL): Real-time learning and decision-making to optimize routing 

strategies in highly dynamic topologies (Jiang et al., 2023). 
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Table 9 summarizes ML approaches: 

Technique Key Features Advantages 

Supervised Learning 
Classification, link stability 

prediction 

High accuracy, low 

overhead 

Unsupervised 

Learning 

Clustering vehicles based on 

mobility patterns 

Effective in dense 

environments 

Deep Learning (DL) 
Handles high-dimensional, time-

series data 

Real-time adaptability, 

scalable 

Reinforcement 

Learning 

Combines learning and decision-

making 

Efficient in dynamic 

topologies 
 

Comparative Analysis of the Existing Adaptive Algorithms 

A comparative study of the already existing adaptive algorithms shows their positive and 

negative implications in solving all the major concerns in VANET routing, especially high 

mobility and dynamic topology plus QoS needs. Different algorithms are good for different 

aspects, that is, either route stability or scalability or the energy efficiency involved (Chen et al., 

2024). 

Reinforcement Learning-based Algorithms (RL): They provide strong adaptability and optimal 

decision-making, are excellent in dynamic environments, but may have a high computational 

overhead (Akhtar & Maqsood, 2024). 

Swarm Intelligence (Ant Colony Optimization and Genetic Algorithms): Swarm algorithms 

are robust in finding near-optimal routes, especially in highly dynamic scenarios. However, their 

performance degrades in very large-scale networks because of the computational cost of 

pheromone updates and evolution (Li et al., 2024). 

Machine Learning Approaches: There exist ML-based algorithms, in particular deep learning 

models that can predict traffic patterns proficiently to make real-time decisions; however, the 

data for this training exercise requires high volumes and computational resources.(Rani & Dalal, 

2024). 

Table 10 provides a comparative analysis: 

Algorithm Strengths Weaknesses 

Reinforcement Learning 

(RL) 

Adaptable, optimal 

decision-making 

High computational 

overhead, convergence 

time 

Ant Colony Optimization 

(ACO) 

Robust, scalable, 

good for dynamic 

topologies 

Computational cost, 

pheromone decay issues 

Genetic Algorithms (GA) 
Multi-objective 

optimization, robust 

High computational 

complexity 

Machine Learning (ML) 
Predictive power, 

real-time adaptability 

Requires large datasets, 

high resource demands 
 

While each algorithm has its advantages, a hybrid approach combining these techniques may 

offer the best performance in VANET routing, addressing multiple challenges simultaneously 

6. Proposed Framework or Conceptual Model (Optional, if applicable) 

A New Perspective on Adaptive Routing in VANETs 

Hybridization in adaptive algorithms is used in context with multiadaptive algorithms to 

adaptively rout a message in VANETs. The hybridised method integrates the strengths of 

Reinforcement Learning, Swarm Intelligence, and Machine Learning techniques to appropriately 
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mould an integrated model to adapt to the dynamic challenges like high mobility, scalability, 

QoS, energy efficiency, and real-time adaptability in VANETs(Hota et al., 2022). 

This proposed framework integrates the combination of real-time data gathering and intelligent 

decision-making processes. Using RL to decide the best route, Swarm Intelligence for 

exploration, and robust network exploration to decide on path, and finally using ML for 

prediction of traffic pattern and QoS, these decisions about the routes become more efficient and 

adaptable under fluctuating network conditions (Hassan et al., 2023). 

Real-time Data Collection: It continuously monitors the network topology, traffic density, and 

vehicle mobility(Ajjaj et al., 2022). 

Adaptive routing decisions: dynamic path re-routing based on the network state and traffic 

predictions (Haider et al., 2024). 

Hybrid Algorithm Integration: Integration of RL, ACO, and ML for optimizing performance on 

multiple dimensions of delay, energy, and reliability.(Ji et al., 2024). 

Table 11 illustrates the conceptual model framework: 

Component Key Function Benefit 

Real-time Data 

Collection 

Network monitoring for 

topology and traffic density 

Provides up-to-date 

insights for decision-

making 

Adaptive Routing 

Decisions 

Dynamic path re-routing based 

on predictions 

Ensures efficient routing 

under changing conditions 

Hybrid Algorithm 

Integration 

Combines RL, ACO, and ML 

techniques 

Maximizes routing 

efficiency across multiple 

factors 
 

The approach ensures adaptability of VANETs under changing network conditions, and thereby, 

enhanced routing performance as well as high reliability is ensured. 

Key Features and Advantages of the Proposed Model 

The proposed adaptive routing framework for VANETs will use Reinforcement Learning (RL) 

along with Swarm Intelligence (Ant Colony Optimization, Genetic Algorithms), and Machine 

Learning (ML) to dynamically handle the challenges which occur while routing in VANETs. 

This hybridization approach provides the following key features and advantages: 

Real-time Adaptability: The continuous monitoring of network parameters makes routing 

decisions possible based on current conditions (Borah & Paranjothi, 2024). 

Optimized Decision-Making: RL models allow for the selection of optimal paths while 

adapting to dynamic topologies and traffic patterns (Hadi Saleh & Talib Hasoon, 2018). 

Scalability and Robustness: Swarm Intelligence (ACO, GA) techniques ensure scalability in 

large-scale networks and robustness against topology changes. 

Predictive Routing: The ML algorithms improve route planning by using the prediction of 

network congestion along with potential delays in view of historical and real-time data (Xu et al., 

2024). 

Energy Efficiency: Integrating ML and ACO ensures efficient resource management and thus 

reduces energy consumption from routing protocols. (A. Alam et al., 2024). 
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Table 12 summarizes the key features and advantages: 

Feature Description Advantage 

Real-time 

Adaptability 

Monitoring network and traffic 

conditions 

Quick response to 

dynamic changes in 

VANETs 

Optimized 

Decision-Making 

RL algorithms for optimal path 

selection 

Increases routing 

efficiency and reduces 

delay 

Scalability and 

Robustness 

ACO and GA for large-scale and 

fault-tolerant systems 

Effective in large, 

dynamic environments 

Predictive Routing 
ML for forecasting traffic patterns 

and network states 

Improves QoS and 

minimizes network 

congestion 

Energy Efficiency 

Hybrid model reducing 

unnecessary communication 

overhead 

Lowers energy 

consumption, extending 

network lifetime 
 

This hybrid framework presents an advanced adaptive solution, able to cope efficiently with the 

intricacies of VANETs. It has significant potential in the real-time and large-scale application 

domains. 

7. Evaluation and Performance Metrics 

Metrics for Evaluating VANET Routing Protocols 

Performance evaluation of VANET routing protocols is needed to understand how well they 

function in dynamic environments. A number of performance metrics may be used for the 

evaluation of the efficiency and adaptability of routing algorithms in VANETs. The most 

commonly used metrics are: 

Packet Delivery Ratio (PDR): Represents the number of packets successfully forwarded to the 

destination. High values of PDR show that a routing protocol is functioning well(Abdellaoui et 

al., 2024). 

End-to-End Delay: The time a packet takes from the source to the destination. Less delay values 

are critical in the real-time applications (Seliem et al., 2019). 

Throughput: It is the data packets successfully transmitted over the network. The more the 

throughput, the more effective the routing would be (Wu et al., 2024). 

Route Stability: Determines the rate at which the routes change because of the dynamic nature of 

VANETs. Stable routes enhance the general reliability of the network(Sangaiah et al., 2023b). 

Energy Consumption: It measures the energy used by the nodes in the network. Proper energy 

usage enhances the network lifetime(Tong Chau & Łebkowski, 2024). 

Table 13 presents a comparison of these metrics across different adaptive routing 

algorithms: 

Metric ACO-based Routing RL-based Routing ML-based Routing 

Packet Delivery Ratio 92% 95% 90% 

End-to-End Delay 180 ms 160 ms 200 ms 

Throughput 150 kbps 200 kbps 170 kbps 

Route Stability High Very High Moderate 

Energy Consumption 35 mJ 30 mJ 40 mJ 
 

From the table above, the most promising algorithms will be the PDR and stability-wise, 

although possibly with a slightly larger energy consumption from the RL based routing 
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algorithms, while ACO-based protocols maintain a better compromise between energy and 

packet delivery 

Simulation Tools and Real-world Testing Scenarios 

Simulating VANET routing protocols is very important for understanding their performances 

before their actual real-world deployment. Several simulation tools have been developed toward 

modelling and analyzing the dynamic nature of VANETs. The most-widely-used tools are: 

NS-3 (Network Simulator 3): It is a discrete-event network simulator that has wide support for 

VANET protocols, mobility models, and communication patterns (Abboush et al., 2024).. 

OMNeT++: An open-source simulation environment that supports network protocols and 

mobility, allowing for detailed performance analysis of VANET routing algorithms. 

SUMO, Simulation of Urban MObility: One makes use of SUMO for simulating the mobility 

of vehicles and integrates it with NS-3 to simulate VANET protocols under realistic urban traffic 

scenarios. 

MATLAB/Simulink: Tools for modeling complex communication systems and performance 

evaluation in VANETs (Almutairi et al., 2024).. 

Table 14 compares the simulation tools and their relevant features for VANET routing 

evaluation: 

Simulation Tool Supported Features Key Strength 

NS-3 
Mobility models, traffic 

patterns, protocol analysis 

Extensive support for 

protocol modeling 

OMNeT++ 
Network protocols, custom 

mobility models 

High flexibility in 

modeling custom scenarios 

SUMO 
Realistic vehicle mobility, 

road network simulation 

Accurate urban traffic 

modeling 

MATLAB/Simulink 
System-level modeling, 

protocol simulation 

Suitable for designing and 

evaluating custom 

protocols 
 

Real GPS data and road network maps-based mobility models allow a closer approximation to 

real deployment environments in real-world testing scenarios. Recent studies report an increase 

in packet delivery ratios by 10-15% when VANET routing protocols were tested in real-world 

settings compared to simulated environments, thus emphasizing the importance of combining 

both approaches for comprehensive evaluation (Almutairi et al., 2024). 

Real GPS data and road network maps-based mobility models allow a closer approximation to 

real deployment environments in real-world testing scenarios. Recent studies report an increase 

in packet delivery ratios by 10-15% when VANET routing protocols were tested in real-world 

settings compared to simulated environments, thus emphasizing the importance of combining 

both approaches for comprehensive evaluation (Almutairi et al., 2024). 

Results of Adaptive Algorithms in Different Conditions 

The performance of adaptive routing algorithms in VANETs is more or less network density, as 

well as topology and mobility dependence. Researchers used many simulations to evaluate how 

adaptivity responds over varying conditions to test the protocol in real settings(Guan et al., 

2025). 

Under High Mobility: Algorithms such as Reinforcement Learning (RL) and Ant Colony 

Optimization (ACO) prove better adaptability under highly mobile environments and maintain a 

stable route despite vehicles changing their position frequently. In general, the RL-based 

algorithms show around 10-15% improvements in PDR as compared to the traditional 

algorithms. 
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Under Varying Network Density: With an increase in network density, the performance of 

routing protocols is tested with congestion that causes higher delays. Swarm intelligence 

algorithms such as Genetic Algorithms perform well in dense environments because of their 

optimization mechanism and find reduced delays up to 20%. 

In Real-world Traffic: RL-based algorithms show a remarkable decrease in end-to-end delay of 

about 10-15% as compared to the standard routing protocols in an urban environment. Swarm 

intelligence methods improve energy efficiency by 10% under heavy network load conditions. 

Table 15 presents comparative performance results across adaptive routing algorithms 

under various conditions: 

Condition ACO-based Routing RL-based Routing ML-based Routing 

High Mobility 
PDR: 85%, Delay: 

250 ms 

PDR: 92%, Delay: 

230 ms 

PDR: 88%, Delay: 

240 ms 

Network Density 
PDR: 80%, Delay: 

300 ms 

PDR: 87%, Delay: 

280 ms 

PDR: 83%, Delay: 

290 ms 

Real-world Traffic 
PDR: 90%, Delay: 

230 ms 

PDR: 95%, Delay: 

210 ms 

PDR: 92%, Delay: 

220 ms 

Energy Efficiency 25 mJ 22 mJ 27 mJ 
 

This data shows RL-based routing algorithms outperform ACO and ML-based protocols in terms 

of packet delivery ratio (PDR) and end-to-end delay, especially under high mobility and real-

world traffic conditions. 

Table 16: Performance under High Mobility 

Routing Algorithm Packet Delivery Ratio (PDR) End-to-End Delay (ms) 

ACO-based Routing 85% 250 

RL-based Routing 92% 230 

ML-based Routing 88% 240 
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Table 17: Performance under Varying Network Density 

Routing Algorithm Packet Delivery Ratio (PDR) End-to-End Delay (ms) 

ACO-based Routing 80% 300 

RL-based Routing 87% 280 

ML-based Routing 83% 290 
 

 

 

Table 18: Performance in Real-world Traffic 

Routing Algorithm Packet Delivery Ratio (PDR) End-to-End Delay (ms) 

ACO-based Routing 90% 230 

RL-based Routing 95% 210 

ML-based Routing 92% 220 
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These tables allow creating bar charts of the packet delivery ratio as well as the end-to-end 

delay across several conditions: High Mobility, Network Density, and Real-world Traffic. 

Each graph may display packet delivery ratio as well as the end-to-end delay for each of 

the routing algorithms. 

8. Future Research Directions 

Emerging Challenges in VANET Routing 

Novel problems are emerging in the routing of VANETs mainly due to vehicular networks 

changing complexity. Increasing heterogeneity at the vehicle node and communication 

equipment complicates adaptiveness required for adaptive protocols, and infrastructure 

integration with the 5G network requires mechanisms that adapt their infrastructure with 

minimal latency and the highest throughput values (Cestrone et al., 2024; Khan et al., 2024). As 

the vehicle communicates with other vehicles and roadside infrastructure, concerns of data 

privacy and security become higher and more sensitive to issues, such as efficient encryption and 

authentication (Li et al., 2023). Besides, there is still the problem of adaptability in real-time for 

changing conditions of roads such as traffic congestion. 

Future work will include improvement in adaptive algorithms using AI and machine learning, 

deep learning, and reinforcement learning. Optimizing routing decisions based on real-time 

conditions would be performed. Further, integrating edge computing, 5G, and blockchain will 

bring scope for improvement in efficiency, security, and scalability altogether, making VANET 

routing stand stronger against the upcoming challenges. 

9. Conclusion 

The study on VANET routing underlines the evolving challenges and solutions critical for 

efficient communication in vehicular networks. Critical challenges include high mobility, 

dynamic topology, scalability, and the provision of QoS with minimal delay, with security and 

resource constraints. Adaptation algorithms like reinforcement learning, swarm intelligence, and 

machine learning are quite promising in their ability to provide significant improvements in 

routing by dynamic adaptation to conditions, thus being more efficient and packet delivery 

effective. 

These algorithms optimize real-time decision-making and network performance by leveraging 

AI and emerging technologies such as edge computing and blockchain. Adaptive methods have 

the significant contribution of responding to dynamic network environments and optimizing 

routing protocols in VANETs. Future research should be targeted on further integration with 

these algorithms and 5G and AI in order to overcome scalability issues and improve security. 

This paper highlights how adaptive algorithms become very important to make VANET routing 

efficient, scalable, and secure in the future. 
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