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Abstract – Due to the static and reactive nature of the traditional 

routing protocols like Ad-hoc On-Demand Distance Vector 

(AODV) and Dynamic Source Routing (DSR), theses protocols 

are not very efficient and face crucial challenges such as dynamic 

traffic patterns, frequent topology changes and high mobility, 

which are highly anticipated in the Urban Vehicular Ad Hoc 

Networks (VANETs). To overcome these issues, this paper 

proposes a reinforcement learning (RL) based adaptive routing 

protocol which is AI powered and customized according to the 

needs of modern VANETs. The model incorporates Q-learning, 

wherein each vehicle is treated as an autonomous learning agent. 

This agent selects optimal path at real time based on local 

feedback about vehicle mobility, neighbouring spots and traffic 

density. The model exhibits high simulation accuracy by 

integrating SUMO for real time mobility simulation and NS3 for 

network behaviour. To optimize the pivotal performance 

parameters such as routing overhead, packet delivery ratio, end 

to end delay, throughput, hop count a specialized reward 

function is designed. The proposed model is evaluated for the 

performance with previous popular models such as AODV and 

DSR across different modern traffic scenarios.  Undoubtedly it 

has given improved responsiveness, scalability and routing 

optimality and reliability in complex modern traffic 

environments. 

Index Terms – Intelligent Systems, Artificial Intelligence 

Reinforcement Learning, Q Learning, Modern Traffic, Adaptive 

Routing Protocols, VANETs. 

1. INTRODUCTION 

Vehicular Ad Hoc Networks (VANETs) are placed at the lead 
of contemporary urban mobility solutions due to the 

development and growing demand for intelligent 

transportation systems. Future intelligent transportation 

systems are built on top of Vehicular Ad Hoc Networks 

(VANETs)[1][2], which allow real-time communication 

between vehicles and with infrastructure elements.  The 

increasing number of connected vehicles in metropolitan areas 

highlights the critical need for sophisticated and flexible 

routing systems.  VANETs, in contrast to traditional mobile 

networks, function in a very dynamic environment that is 

marked by sporadic connectivity, fluctuating traffic 

intensities, and regular topological changes. VANETs support 

a diverse spectrum of navigation, traffic management and 

safety applications by providing a smooth and efficient 

communication across roadside infrastructure and vehicles. 
For real time exchange of data and optimization of routes 

dynamically, VANETs are critical especially in densely 

populated urban setups. Some complex challenges such as 

frequently changing topologies, intermediate connectivity, 

high speed movement of vehicles, frequently changing traffic 

density affects greatly the efficiency of VANETs. 

Due to the simple structure and adaptability, the conventional 

routing protocols such as Dynamic Source Routing and Ad 

hoc On-Demand Distance Vector [3] are extensively used in 

mobile networks. Still these protocols exhibit some 

limitations when they are explored in urban VANET 
environments. They face challenges to maintain stable routes 

and to respond in real time to the frequent changes in network 

conditions. This ultimately results in route failures, poor 

packet delivery performance and increased delay. Due to 

these challenges, there is need for more context aware routing 

mechanisms which also are intelligent in terms of operational 

infrastructure. 

Although in frequent dynamics of complex transport networks 

like changing traffic patterns in urban VANETs, the 
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performance of these algorithms declines drastically.  The 

inability of these protocols to respond to the frequently 

changing network conditions ultimately result into higher 

delay, route failures and bad packet delivery ratios. One of the 

solutions to address the challenges posed by these networks is 
the leveraging of AI approaches in the routing schemes of 

VANETs. By incorporating reinforcement learning (RL) [4], 

the vehicles can learn the best routing practices through 

communication with the environment. Eventually, the routing 

decisions can be enhanced by continuously adapting the 

dynamic network situations by leveraging RL based 

approaches. 

In dynamic environments, for improving the routing 

decisions, there is need for a breakthrough solution, which is 

based on recent developments in artificial intelligence and 

reinforcement learning in particular. Based on the real time 
feedback in the dynamic environment, based on the 

interactions between vehicle and the transportation 

infrastructure, the system can allow the network nodes to 

adapt the optimal routes. This ultimately makes 

Reinforcement learning an apt solution for VANETs, to 

develop adaptive routing protocols. 

The proposed approach is based on Q-learning [5] which is a 

model free RL technique. It enables the vehicles to mimic as 

intelligent agents, as the approach is based on AI powered 

routing protocol for urban VANETs. The proposed approach 

identifies the most efficient path in the network in real time. 

For this, it considers the local observations such as vehicle 
speed, traffic density and neighbourhood structure. This 

approach is tested using SUMO and NS-3 simulations which 

mimics the urban traffic and network scenarios. This study 

addresses the limitations of conventional protocols and also 

presents the base for devising an adaptive, scalable and 

intelligent routing systems to suit to a contemporary smart 

city setup. 

1.1. Research Objectives 

The research objectives are listed below: 

1. To find and resolve the challenges faced by conventional 

routing protocols in modern VANET environments, 
especially in the context of metrics such as packet delivery 

ratio, latency, adaptability and routing overhead in real 

time and high-density traffic environment.  

2. To explore Q learning to enable each vehicle to mimic as 

an intelligent agent having ability to make real time 

routing decisions based on the feedback obtained from the 

environment.  

3. To guide the RL agents for optimal routing behaviour in 

real time urban environment using an intelligent reward 

function  

4. To implement framework depicting the real time 

simulation by integrating SUMO and NS3 for dynamic 

modelling and network simulation. 

To assess the performance of the proposed approach with 

conventional algorithms using significant parameters, across 

various urban traffic densities such as- low, medium and high. 

VANETs serve as a crucial technology for supporting real 

time communication among infrastructure and vehicles in 

urban setups. A significant challenge for VANETs is posed by 

the dynamic topology, frequent link interruptions due to 

moving vehicles, congestion and varying traffic densities.  

The conventional protocols like AODV and DSR which are 

commonly used for routing in mobile ad hoc networks doesn’t 

adapt the complex dynamic situations posed by VANETs. 

These protocols get affected due to path instability, high delay 

and high control overhead specifically in environments with 
rapidly changing vehicle movements and high traffic density. 

This paper depicts following significant contributions in the 

above context: 

 Proposes a novel adaptive algorithm for routing in 

dynamic environment where vehicle acts as a learning 

agent which has ability to take intelligent decisions by 

learning the situations from real time environment.  

 It optimizes the crucial performance parameters such as 

end-to-end delay, packet delivery, routing overhead, etc 

by devising a special reward function which supports 

context awareness.  

 To integrate SUMO and NS3 for supporting accurate 
modelling of urban traffic and network dynamics for 

carrying out rigorous performance testing.   

 To analyze different traffic situations with low, medium 

and high density and compare the performance with 

conventional models like AODV and DSR based on 

metrics such as delay, routing overhead and throughput.  

 To lay a foundation for deploying intelligent AI driven 

solutions for routing traffic in real-time urban VANET 

infrastructures, ultimately to contribute towards 

development of upcoming self-enhancing vehicular 

networks.  

The research addresses crucial challenges of conventional 

routing algorithms in real time environments and also sets up 

an AI integrated and robust foundations for next generation 

VANET based intelligent transportation systems. 

In conclusion, the routing issues in urban VANETs are 

addressed by this work in a reliable and expandable manner. 

In addition to improving vehicular networks' performance, our 

protocol establishes the foundation for upcoming AI-

integrated transportation systems by utilizing reinforcement 

learning.  
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1.2. Problem Statement 

In dynamic urban traffic situation, conventional VANET 

routing protocols like AODV and DSR are not very effective 

to deal with high mobility, dynamic topology and dynamic 

traffic density, which results in increase in delay, decreased 
packet delivery rate and increased routing overhead; which 

eventually acts as the major driving force to design a novel 

approach to address these issues by using an intelligent 

adaptive routing solution that explores learning abilities of the 

entities to ensure best performance in complex real time 

environments. 

1.3. Organization of Paper 

The rest of the paper is organized as follows: A 

comprehensive review of literature is depicted in section 2 

which focuses on existing challenges in VANET routing and 

recent approaches based on AI. The details of proposed 
approach based on Q learning including the architecture, 

algorithm and reward function is presented in section 3. The 

simulation setup and the dataset descriptions along with 

performance testing is described in section 4. The detailed 

result analysis and comparison with conventional approaches 

are also included in this discussion. The conclusion is shown 

in section 5 which outlines the conclusions and the scope for 

future work. 

2. RELATED WORK 

For urban VANETs, a significant gain in network 

performance is observed specifically after the incorporation of 

reinforcement learning approach into the modern 
developments in AI integrated adaptive routing algorithms. 

The major challenges posed by urban traffic incurred due to 

frequently changing traffic patterns and dynamic structures 

often called as traffic topologies are addressed by these 

methods. 

In order to improve packet delivery and lower latency, Jiang 

et al. proposed the Environment-Aware Adaptive 

Reinforcement Routing (EARR) protocol, where the approach 

of reinforcement learning (RL) is integrated to dynamically 

make the routing decisions based on environmental 

parameters like signal strength and vehicle speed [1] This 
ultimately reduces the network delay and enhances the packet 

delivery rate. In dense vehicle networks, to elevate the 

efficiency of data transmission, a novel approach was 

proposed by Kim et al. who focused on resource allocation by 

using RL for dynamic channel allocation [2]. Liu et al. [3] 

exhibited results better than AODV and DSR through 

simulations by using Deep Q-Networks (DQN) to maximize 

packet delivery in urban traffic setups. To optimize the 

routing in urban networks and the related operations related to 

Flying ad hoc networks (FANETs), a hybrid model HIROL, 

that combines Artificial Bee Colony algorithms, DSR, OLSR, 

and ANNs was introduced by Reddy and Anusha [4]. In a 

hybrid RL-GPS routing algorithm proposed by Wang et al. [5] 

it was shown that scalability and reliability was improved by 

integrating the feedback from environment and node 

placements. Similarly, a scalable and robust reinforcement 

learning framework was created by Suh et al., that uses 
learning agents instead of having static setups to enhance 

efficiency and scalability in dynamic networks [6]. 

In VANETs, to improve routing performance and security it is 

important to identify hostile nodes and predict the best routes. 

For this, Hassan et al. designed a protocol based on Artificial 

Neural Network (ANN) that aggregates artificial neural 

network with modified AODV [7].  

For Delay Tolerant Networks that considers real time density 

and social-tie strength to identify the best message replication, 

Yesuf and Prathap introduced CARL-DTN which is a 

context-aware RL-based routing. It results in enhancing 
packet delivery ratios and reduces the network overhead, [8]. 

In case of Dragonfly networks, a multi-agent RL routing 

scheme based on Q adaptive learning was presented by Kang 

et al. [9] to carry out self-learning of the routing strategies to 

reduce delay and improve efficiency. This approach exhibited 

better packet delivery rations and better efficiency. 

Vishwanathrao and Vikhar developed a reinforcement 

machine learning-supported energy-efficient AODV protocol, 

RML-EEAODV, which dynamically makes routing choices to 

optimize energy and simultaneously preserves the 

considerable packet delivery ratios [10]. 

Bhavadharini et al. proposed an obstacle-aware routing 
protocol that enhances routing efficiency by predicting the 

link connections and by considering delay and energy 

consumption using multi-objective constraints and optimized 

Bi-LSTM [11]. An AI-enhanced Position Assisted Routing 

Protocol (PARP) that integrates deep reinforcement learning 

(RL) to enhance transmission efficiency was proposed by 

Anitha et al. [12].  It improves routing decisions based on 

placement of nodes and real time traffic situations. It 

minimizes packet loss and enhances transmission 

performance.  

Researchers are more concerned about integrating RL based 
adaptive routing approaches to address the challenges posed 

by traditional routing approaches in the context of dynamic 

urban traffic environments which are frequently observed in 

recent developments of VANETs. Vongpasith et al. [13] 

introduced a routing approach based on Q learning which 

drastically minimizes end-to-end delay by dynamically 

changing routes depending on traffic density and vehicle 

velocity.  

Additionally, a multi-agent reinforcement learning framework 

was proposed by Sun et al. [14]   in which every vehicle 

learns the best routes to address the challenge of route 

breakages. The superiority of actor-critic models in reducing 
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routing overhead, particularly in situations with heavy vehicle 

traffic, was shown in another noteworthy study by Upadhyay 

et al. [15]. In [16], Kandali et al. combined RL and vehicular 

mobility prediction to predict network stability, increasing the 

packet delivery ratio in the face of varying traffic. 
Additionally, Xie et al. [17] used SUMO-NS3 integration to 

assess reinforcement learning on grid-based city maps and 

discovered notable performance improvements over GPSR. 

Nan et al. [18] presented an edge-based RL system that 

enables computation offloading from cars to RSUs, improving 

learning speed and lowering latency. Federated reinforcement 

learning was investigated by Arya et al. [19] in order to 

protect data privacy and facilitate cooperative route 

optimization between cars.  

In order to achieve more realistic urban VANET performance, 

Wu et al. [20] lastly proposed a context-aware RL routing 
technique that made use of intersection delays and traffic light 

patterns. Numerous recent studies have demonstrated the 

efficacy of AI-integrated routing strategies as VANET 

research continues to advance. In order to reduce the 

overestimation bias and increase dependability in high-

mobility situations, Zhu et al. [21] proposed a prioritized 

routing system that uses double Q-learning. 

Bilban and Inan [22] presented a novel use of proximal policy 

optimization (PPO) in urban routing, showing quicker 

convergence in route selection. In the meantime, Li et al. [23] 

improved route stability by utilizing vehicle trajectories and 

urban layouts to integrate spatiotemporal variables into a 
DQN-based model. Another study by Wu et al. [24] presented 

a scalable reinforcement learning architecture that uses 

decentralized learning agents to adjust to vehicle flow.  

In order to mitigate the impact of rogue nodes, Felix et al. 

[25] also incorporated a trust-aware module into their RL-

routing system. Their findings revealed fewer dropped 

packets and increased route validity. To address changing 

traffic dynamics, Khan et al. [26] also suggested an RL 

method with variable learning rates, which produced greater 

flexibility than fixed-rate learners. In order to increase the 

resilience of vehicle data transmission in a variety of urban 
situations, Walid et al. used ensemble learning in conjunction 

with reinforcement techniques in [27].  

Furthermore, a meta-reinforcement learning framework that 

can generalize across various city maps was implemented by 

Sakr et al. [28], greatly lowering the need for retraining. In 

real-time video streaming use cases within VANETs, Emma 

et al. [29] presented a delay-sensitive Q-routing model that 

performed better than conventional protocols. Last but not 

least, Rajput et al. [30] concentrated on combining 

reinforcement-based decision-making with cloud-assisted 

learning for vehicles, greatly improving routing performance 

in situations with heavy traffic. 

Modern developments in the domain of AI have proven to be 

very relevant to increase the routing performance of 

VANETs. To enhance the scalability in dense vehicle 

environments, Li et al. [31] proposed a hierarchical 

reinforcement learning (HRL) technique, which will be able 
to discriminate between macro and micro-routing decisions. Ji 

et al. [32] proposed an approach by implementing a Dueling 

DQN-based model to identify the valuable routing actions in 

unknown topologies. To analyze the topological dynamics, Bi 

et al. [33] created a reinforcement learning approach based on 

graph neural networks (GNNs). It provided better results as 

compared to conventional models with respect to metrics such 

as route prediction accuracy. To protect data privacy and 

lessen reliance on a central server, Wei et al. [34] included 

federated reinforcement learning into VANETs in a different 

study. To enhance vehicle coordination, Galvavo et al. [35] 
integrated road condition data with multi-agent reinforcement 

learning (MARL). 

An optimal routing model with a low convergence time was 

presented by Singh et al. [36] using a hybrid RL and genetic 

algorithm.  Choi et al. [37] proposed a predictive Q routing 

system wherein; the current routing choices were predicted by 

utilizing the past trends in traffic movement. Lee et al. 

presented an improved approach for conventional routing in 

[38], by integrating a transfer learning technique, which 

allowed existing RL policies to be deployed to new route 

maps with minor retraining. Qiao et al. [39] applied 

Curriculum learning in reinforcement-based VANET routing 
where the model slowly learns from fundamental to complex 

traffic patterns. 

In time-critical VANET applications, Antonio et al. [40] 

achieved better results by proposing a delay-optimized RL 

framework that prioritized the high priority data packets 

without reducing overall performance. VANETs integrated 

with AI driven approaches have introduced novel 

reinforcement learning (RL) techniques in order to improve 

network performance. Cui et al. [41] suggested a topology-

aware reliable routing protocol that utilizes adaptive Q-

learning, to manage dynamic UAV network topologies and 
exhibit higher packet delivery rates and decrease overhead. 

For Dragonfly networks, Kang et al. [42] created Q-adaptive, 

a multi-agent RL-based routing method that showed notable 

gains in system throughput and latency reduction. 

By incorporating multi-agent deep reinforcement learning into 

pre-existing Q-learning-based protocols, Kaviani et al. [43] 

presented DeepCQ+, which produces scalable and reliable 

routing in extremely dynamic networks. Emergency vehicle 

trip times were significantly reduced when Su et al. [44] 

introduced EMVLight, a decentralized multi-agent RL 

framework for traffic signal control and emergency vehicle 

routing. In order to reduce hostile activity in VANETs and 

improve communication reliability, Sarker et al. [45] 
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suggested an RL-based neighbour selection architecture with 

adaptive trust management. In order to increase cache, hit 

rates and decrease latency in vehicle networks, Zhang et al. 

[46] created PRVC, a pre-trained RL-based caching 

technique. By combining deep reinforcement learning with 
policy gradient techniques for collision avoidance in 

VANETs, Ganesh and Ayyasamy [47] made it possible for 

cars to communicate with one another and maintain safe 

distances. To summarize, all the prominent approaches are 

presented in table 1 along with algorithms or methodology 

used, their advantages disadvantages. 

Table 1 Prominent Approaches Reviewed 

Methodology References Algorithms / Models Pros Cons 

RL-Based 

Routing 

[1, 2, 5, 13–15, 

18, 20, 22, 24, 

47] 

Q-Learning, DQN, PPO, Basic 

RL, RSU-RL, Mobility-Aware 

RL 

Adaptive, low overhead, 

suitable for dynamic 

networks 

Slow learning, lacks 

scalability in dense networks 

Deep RL (DRL) 

& GNN Variants 

[3, 15, 23, 31, 

33, 39] 

DRL, DRL+Graph, 

Hierarchical DRL, Curriculum 

RL 

Topology-aware, 

supports urban/logistics 

use cases 

Computationally intensive, 

needs training data 

Multi-Agent RL 

(MARL) 

[6, 9, 32, 34, 35, 

43, 44] 

DeepCQ+, Q-Adaptive, 

DDQN, EMVLight, MARL-

VLC 

Robust, scalable, 

distributed control 

Coordination overhead, 

training complexity 

Hybrid/Heuristic 

Learning 
[4, 10, 11, 36] 

HIROL, Bi-LSTM, Genetic + 

Firefly 

Energy-efficient, 

obstacle-aware 

High algorithm complexity, 

limited generalization 

Trust, Federated 

& Secure RL 
[7, 19, 25, 42] 

AODV+ANN, FL-IDS, Trust-

RL 

Privacy-preserving, 

secure communication 
High local processing demand 

Meta-RL, 

Transfer, TL-RL 
[8, 29, 38, 40] 

CARL-DTN, Meta-RL 

Caching, TL-RL, AIM5LA 

Faster adaptation, edge-

ready, latency-aware 

Needs pretrained models, 

memory intensive 

Caching & 
Content-Aware 

Models 
[16, 26, 27, 45] 

Segment Routing, Ensemble 

Classifier, PRVC 

Improves content 
delivery, jamming 

resilience 
Limited routing intelligence 

Game Theory / 

Others 

[28, 30, 41, 46, 

12] 

Game Models, Delay QoS, 

Adaptive Q-RL 

Encourages cooperation, 

QoS enhancement 

Complex logic, narrow use-

case focus 

The literature reviews mentioned above have shown a number 

of important research gaps that highlight the necessity of a 

novel AI-driven routing algorithm for urban VANETs. 

Although reinforcement learning (RL) algorithms have been 
used to VANET routing in many recent research, most of 

them still rely on oversimplified network assumptions or 

mainly validate theoretical models without being deployed in 

dense, realistic urban mobility environments. Current RL-

based protocols, such those that use Q-learning or Deep Q-

Networks (DQN), frequently test in isolated situations devoid 

of network congestion, infrastructure heterogeneity, or 

dynamic vehicle dynamics, disregard real-time scalability, or 

fail to incorporate real traffic simulation data. 

Furthermore, the majority of studies only assess performance 

on a small number of metrics, including packet delivery ratio 
or delay, and fail to take into account a variety of QoS factors, 

such as routing overhead, dependability, and flexibility. The 

restricted comparison with well-known classical protocols 

such as AODV and DSR under identical simulation 

conditions is another significant gap that makes it challenging 

to evaluate the practical advantages of AI-based techniques.  

To address these gaps, this paper presents a novel idea based 

on adaptive routing protocol leveraging Q learning approach 
where every vehicle is interpreted as an intelligent agent. The 

model selects the optimal routes based on the information 

about environmental parameters such as neighbour count, 

traffic density and mobility topology.   

This approach has shown a great performance elevation 

validated by simulation using SUMO for mobility and NS3 

for network framework realization. The paper’s contribution 

is significant in terms of creating a real time routing model, 

specially curated for grid based urban VANETs, building a 

reward function to optimize multiple routing metrics and later 

validating the model with existing traditional algorithms such 
as DSR and AODV across variety of datasets. This work will 

prove to be a significant paradigm shift in the 

implementations of AI-integrated routing in smart city 

transport systems. 
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3. PROPOSED MODELLING 

The proposed approach integrates a Q-learning approach for 

adaptive routing protocol. In this, each node in the VANET is 

mimics as an intelligent agent based on reinforcement 

learning (RL). The goal of the agent is to choose best possible 
next hop path to make sure that the data transmission is 

efficient, in the context of urban traffic having dynamic 

behavior and varying network environment. Each node 

records to local settings pertaining to the traffic density, 

current position and the status of neighboring nodes (e.g. 

mobility and position). These collected recordings are mapped 

into state space which represents the surroundings in which 

the agents interact.   

 

Figure 1 Data Flow Diagram for the Proposed RL-Based 

Model for Modeling Urban Traffic Using VANETs 

The action space holds information about the feasible next 

hop node that the vehicle can go next. To implement the 

optimal routing strategy, the RL agent uses the Q learning 

algorithm. Depending upon the rewards received after making 

a routing decision, the agent modifies its Q value at every 

step.  

The reward function is designed with a goal to reduce latency, 

improve reliable paths by considering parameters like 

successful packet delivery and end to end latency. The nodes 

continuously adapt to the dynamism in the traffic environment 
and network topologies and optimizes the route with the help 

of learning process.   

Every node has ability to select its next hop node depending 

on its learned experience. It improves the scalability and 

permits the network to deal with dynamic vehicular 

environment. The overhead of centralized control and route 

selection at regular intervals is reduced by using Q learning 

by proposed protocol. 

An urban traffic environment is simulated using a grid-based 

setup simulated in SUMO and NS3, for testing the 

performance of the model. The performance is compared with 

conventional algorithms like AODV and DSR. 

Figure 1 depicts the data flow diagram for the proposed RL-

based model for modeling urban traffic using VANETs. The 

key features provided by a Q learning based routing protocol, 

where every node is interpreted as RL agent are as follows: 

State Representation: It includes vehicle speed, number of 

neighbors, traffic density and vehicle’s current position. 

Action Space: Set of feasible next-hop nodes. 

Reward Function: Devised to ensure high reliability paths and 

low-latency by considering latency, packet delivery success 

and hop count. 

Learning Strategy: The nodes learn and adapt the features 

over the time from the Q-values, based on feedback from 

successful transmissions. 

The strategy presented below describes the Q-learning-based 

adaptive routing protocol designed for the urban VANETs: 

Strategy: Q-learning-based Adaptive Routing Protocol 

Input: A set of vehicles (nodes) in the VANET with their 

initial positions and mobility parameters, Traffic density and 
other relevant network conditions, Predefined action space 

(possible next-hop nodes), Reward function based on packet 

delivery success, latency, and hop count, Q-table initialized 

with zero values. The expected optimal routing decisions for 

each node in the network. 

Step 1: Initialize Parameters 

 Initialize the Q-table for each node: 

Q (state, action) = 0 for all possible states and actions. 

Define the learning rate (α), discount factor (γ), and 

exploration factor (ε). 

 Set the maximum number of episodes (iterations) for 

training. 

 Define state space: Each state consists of local 

observations (e.g., position, speed, number of neighbors, 

traffic density). 

 Define action space: Each action corresponds to selecting 

a next-hop node for data forwarding. 
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 Set the reward function: 

Reward for a successful packet delivery: reward = +1. 

Penalty for packet loss, high latency, or unsuccessful 

forwarding: reward = -1. 

Consider hop count and delay to refine rewards. 

Step 2: Q-learning Process (for each node) 

For each episode (representing a round of interactions): 

 Initialization: Randomly select a starting node. 

Set the initial state: state = current_observations. 

 Decision-making (Exploration or Exploitation): 

Exploration: With probability ε, select a random action (next-

hop node). 

Exploitation: With probability 1-ε, select the action that 

maximizes the Q-value (action = argmax Q(state, action)). 

 Action Execution: 

Perform the selected action (forward data to the chosen next-

hop node). 

Collect feedback from the environment (reward, next state). 

 Update Q-table: 

Update the Q-value for the chosen state-action pair.  

 Transition to Next State: 

Move to the next state based on the network and traffic 

conditions. 

 Termination Condition: 

If the maximum number of episodes is reached or 

convergence is achieved (i.e., the Q-values stabilize), stop the 

learning process. 

Step 3: Optimal Routing Decision 

 After the learning phase, each node will use the learned Q-

table to make real-time routing decisions: 

At each time step, the node selects the next-hop based on the 

highest Q-value for the current state as stated in equation (1): 

next_hop = arg max Q(state, action)                           (1) 

 The chosen next-hop node becomes the forwarding 

destination for the packet. 

Step 4: Performance Evaluation 

Evaluate the protocol’s performance based on key metrics 

such as Packet Delivery Ratio (PDR), Average End-to-End 

Delay, and Routing Overhead. 

Compare the results with traditional routing protocols (e.g., 

AODV, DSR). 

To improve the overall network efficiency in dynamic urban 

traffic setup, the proposed algorithm ensures that every node 

learns the optimum routing strategy using Q-learning, and 
adapts to the local environment. The mathematical model 

designs the problem as RL task. The model can be analyzed 

into simpler components such as- state space, action space, 

reward function and Q learning update strategy.    

3.1. State Space (S) 

All the feasible conditions a node can enter into the VANET 

setup is collected in a set called state space. Every node in the 

network exhibits following metrics to build its state:  

Si=(pi, vi, di, Ni), pi: Position of node i in the network (e.g., 

coordinates), Ni: Number of neighboring nodes in the range 

of node I, di: Traffic density in the area surrounding node i. 

vi: Velocity (speed) of node i. 

Thus, the state Si for node i is a vector of these environmental 

parameters, and the set of all possible states is 

S={S1,S2,.,Sn}. 

3.2. Action Space (A) 

The action space represents all possible decisions that the 

node can make. Each action corresponds to selecting a next-

hop node to forward a data packet to. Let the action space for 

node ii be Ai={a1,a2,,ak}, where aj represents selecting the j-

th next-hop neighbor. 

The action taken at each state is the selection of one of the 

available next-hop nodes. 

3.3. Reward Function (R) 

The reward function provides feedback to the RL agent based 

on the quality of its routing decision. The reward function is 

designed to incentivize efficient routing, minimizing packet 

delivery delays and avoiding congested or unreliable routes. It 

can be defined as equation stated in equation (2): 

𝑅(Si, aj) {

+1  𝑖𝑓 𝑝𝑎𝑐𝑘𝑒𝑡 𝑑𝑒𝑙𝑖𝑣𝑒𝑟𝑦 𝑖𝑠 𝑠𝑢𝑐𝑐𝑒𝑠𝑠𝑓𝑢𝑙, 𝑙𝑜𝑤 𝑙𝑎𝑡𝑒𝑛𝑐𝑦 𝑎𝑛𝑑 𝑓𝑒𝑤 ℎ𝑜𝑝𝑠,

−1   𝑖𝑓 𝑝𝑎𝑐𝑘𝑒𝑡 𝑖𝑠 𝑙𝑜𝑠𝑡 𝑜𝑟 𝑑𝑒𝑙𝑎𝑦𝑒𝑑 𝑠𝑖𝑔𝑛𝑖𝑓𝑖𝑐𝑎𝑛𝑡𝑙𝑦,                                   
−0.5  𝑖𝑓 𝑟𝑜𝑢𝑡𝑒 𝑖𝑛𝑐𝑢𝑟𝑠 ℎ𝑖𝑔ℎ 𝑜𝑣𝑒𝑟ℎ𝑒𝑎𝑑 𝑜𝑟 𝑐𝑜𝑛𝑔𝑒𝑠𝑡𝑖𝑜𝑛                            

     

                                                                                                                       (2) 

The reward is calculated based on: 

 Packet delivery success. 

 End-to-end delay. 

 Number of hops. 

 Routing stability (i.e., avoiding route breakages). 

 



International Journal of Computer Networks and Applications (IJCNA)   

DOI: 10.22247/ijcna/2025/33                         Volume 12, Issue 4, July – August (2025) 

  

 

   

ISSN: 2395-0455                                                  ©EverScience Publications       545 

     

RESEARCH ARTICLE 

3.4. Q-learning Update Rule 

The Q-learning algorithm learns the optimal action policy by 

updating the Q-values based on the feedback from the 

environment (reward). The Q-value represents the expected 

future reward of taking a certain action from a given state. 
The update rule is given by the equation stated by equation 

(3): 

𝑄(𝑆𝑖, 𝑎𝑗) =  𝑄(𝑆𝑖, 𝑎𝑗) +  𝛼[𝑅(𝑆𝑖, 𝑎𝑗) + 𝛾 𝑚𝑎𝑥
𝑎′

  𝑄(𝑆𝑖 +

1, 𝑎′) − 𝑄(𝑆𝑖, 𝑎𝑗)]                                                              (3)                          

                      

Where: 

 Q(Si, aj) is the Q-value for the current state Si and action 

aj. 

 α is the learning rate, controlling how much the newly 

received reward affects the Q-value. 

 γ is the discount factor, which determines the importance 

of future rewards. 

 R(Si,aj) is the reward obtained from performing action aj 

in state Si. 

 max a′Q(Si+1,a′)  is the maximum Q-value for the next 

state Si+1 after taking action aj, ensuring the agent focuses 

on the most rewarding future actions. 

3.5. Policy 

The policy π/pi defines the decision-making rule for selecting 

the next-hop node based on the current state. After the Q-
values have been learned, the policy is derived by choosing 

the action that maximizes the Q-value for the current state as 

shown in equation (4): 

𝜋(𝑆𝑖) =  𝑎𝑟𝑔 𝑚𝑎𝑥
𝑎′

 𝑄(𝑆𝑖, 𝑎𝑗)                                      (4) 

Thus, the policy selects the next-hop node aj that maximizes 

the expected long-term reward for node i, ensuring efficient 

data routing. 

3.6. System Dynamics 

The state of the network evolves dynamically as vehicles 
move through the urban grid, changing the network topology 

and traffic conditions. The system's state transition is 

influenced by: Vehicle mobility: pi(t+1)=f(pi(t),vi(t)), where 

the position pi of vehicle i at time t depends on its speed vi, 

by network topology i.e. Changes in the number of neighbors 

Ni and link stability and by traffic density i.e. Changes in di 

based on the location and speed of surrounding vehicles.  

The protocol continuously updates the Q-table as nodes 

experience and adapt to new network conditions, optimizing 

the routing decisions over time.  

 

3.7. Performance Metrics 

To evaluate the effectiveness of the proposed model, the 

following key performance metrics are used: 

Packet Delivery Ratio (PDR): The percentage of packets 

successfully delivered to the destination. 

PDR=Packets Delivered/Packets Sent×100 

Average End-to-End Delay: The average time it takes for a 

packet to travel from source to destination. 

Routing Overhead: The total number of control messages 

exchanged in the network divided by the total data delivered.  

The major steps are depicted in algorithm 1. 

Input: Set of nodes (vehicles) in a VANET 

State space S = {position, speed, traffic density, neighbors} 

Action space A = {next-hop candidates} 

Learning rate α, discount factor γ, exploration rate ε 

Reward function R(s, a) based on packet delivery, delay, hop 

count 

Output: 

Optimal next-hop routing decisions per node 

Steps are as follows: 

1. Initialize Q-table Q(s, a) to zero for all states s ∈ S and 

actions a ∈ A. 

2. For each episode (simulation iteration): 

3. For each node i in the network: 

4. Observe current state s from local environment. 

5. With probability ε, explore: select random action a. 

6. Otherwise, exploit: select a = argmax Q(s, a). 

7. Execute action: forward packet to next-hop node. 

8. Observe next state s' and receive reward r = R(s, a). 

9. Update Q-value using: 

10. Q(s, a) ← Q(s, a) + α [r + γ * max Q(s', a') − Q(s, a)]. 

11. 10. Set s ← s' and repeat until packet delivery or episode 

ends. 

12. 11. Repeat steps 3–10 for all nodes in the network. 

13. 12. After learning, each node uses argmax Q(s, a) for 

routing in real time. 

14. 13. Monitor and periodically retrain Q-values based on 

network dynamics. 
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15. 14.Evaluate performance: compute PDR, delay, 

overhead, throughput. 

16. 15.Compare results with conventional protocols 

(AODV, DSR). 

Algorithm 1 Q-Learning-Based Adaptive Routing for Urban 

VANETs 

 

 

Figure 2 Flowchart for the RL Based Proposed Model 

The uniqueness of this model as compared to the previous 

models is tabulated in table 2. 

Table 2 Comparison of Proposed Model with Previous 

Models on Various Aspects 

Aspect 
Previous 

Models 

Proposed RL-based 

Model 

Learning 

Approach 

Many used static 

or pre-defined 

rules (e.g., AODV, 
DSR), or 

centralized RL 

Uses distributed Q-

learning, where each node 
is an independent RL 

agent 

Decision 

Scope 

Central controller 

or static tables 

decide routes 

Nodes learn routing 

policies locally via real-

time experience 

Adaptability 

Limited 

adaptability; 

routes may not 

react to fast-

changing urban 

dynamics 

Continuously adapts to 

changing conditions 

(mobility, density, 

topology) 

State 

Parameters 

Often limited to 

position or 

neighbour info 

Includes position, speed, 

traffic density, number of 

neighbours 

Environment 

Understanding 
Partial or abstract 

Full context-aware 
modelling, enabling 

nuanced decisions 

Routing 

Flexibility 

Reactive; slow to 

adapt to new 

routes 

Proactive and adaptive in 

real time 

Scalability 
High overhead in 

dense networks 

Low routing overhead due 

to decentralized learning 

Congestion 

Management 

Poor under high 

vehicle density 

Handles congestion-aware 

routing 

4. RESULTS AND DISCUSSIONS 

The three artificial datasets utilized in the performance 

comparison of AI-driven adaptive routing with AODV and 

DSR, which is detailed in table 3, are as follows: 

The Urban_LowDensity dataset is perfect for evaluating 

baseline protocols because it replicates a low-traffic urban 
setting.  The configuration has low intersection congestion 

and moderate-speed mobility with about 50 vehicles moving 

in a 5x5 city grid.  

In this dataset, the data transmission is low and also the 

infrequent route disruptions are observed; hence the 

communication load is also low. The performance of protocol 

under low load can be observed and analysed using this 

dataset which proves to be helpful for evaluating the 

performance in the environment where traffic is predictable 

and controlled.   
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In contrast to this, a more dynamic and real-time urban 

environment can be mimicked by simulating the movement of 

about 100 cars, across 5x5 grid which helps in formation of 

the Urban_MediumDensity dataset. Here, in this environment, 

the vehicle mobility frequently changes with moderate speeds 
and exhibits occasional intersection congestion. As and when 

the communication load increases with traffic, the routing 

calls and data communication becomes more frequent. These 

setups help to assess the protocol in the situations where the 

routing methods respond to changing network conditions and 

manage mild stress. It depicts actual traffic throughout regular 

city hours. 

Lastly, the complexity of peak urban traffic with 

approximately 200 vehicles in a dense grid layout is captured 

by the Urban_HighDensity dataset. Significant traffic, 

particularly at junctions, frequent vehicle stops, and extremely 

unpredictable mobility patterns are all included. Due to 
congestion and mobility, the network has a high routing 

overhead and a higher probability of connection failures. The 

reliability and scalability of routing technologies are carefully 

tested using this dataset. It is essential for verifying 

performance in the most demanding and authentic urban 

settings. 

Table 3 Description of Datasets 

Dataset Name Description 
Number of 

Vehicles 

Traffic 

Density 

Grid 

Size 

Mobility 

Pattern 
Scenario Type 

Urban-LowDensity 

Sparse vehicle deployment in a 

5x5 city grid. Low probability 

of congestion. 

50 Low 5x5 

Uniform 

random 

movement 

Light Urban 

Traffic 

Urban-MediumDensity 
Moderate vehicle density 

simulating average city traffic. 
100 Medium 5x5 

Stop-and-

go traffic 

flow 

Moderate Urban 

Traffic 

Urban_HighDensity 

High vehicle density with 

frequent traffic jams and route 

interruptions. 

200 High 5x5 

Dense with 

frequent 

stops 

Heavy Urban 

Traffic 

4.1. Description of Metrics 

The five key performance metrics in VANET routing are: 

PDR, which measures packet delivery reliability; End-to-End 

Delay, indicating the time taken for data to reach its 

destination; and Routing Overhead, reflecting the control 

packet burden. Throughput measures the network’s data 

handling efficiency, while Hop Count assesses path optimality 

based on the number of intermediate nodes. Together, these 

metrics evaluate a protocol’s reliability, efficiency, and 

scalability under dynamic traffic conditions. These metrics are 

described in table 4. 

Table 4 Description of Performance Metrics 

Metric Description Importance  

Packet Delivery 

Ratio (PDR) 

The ratio of successfully delivered packets to the 

total number of packets sent.  

Measures reliability and success rate of the 

routing protocol. 

End-to-End Delay 
Average time taken for a packet to travel from the 

source to the destination. 

Indicates the latency and responsiveness of the 

protocol. 

Routing Overhead 
Total number of control messages or routing-related 

packets generated, relative to data packets delivered. 

Reflects the efficiency and scalability under 

dynamic conditions. 

Throughput 
The amount of data successfully delivered over the 

network per unit time (typically measured in kbps). 

Evaluates the data-carrying capacity of the 

protocol under traffic load. 

Path Optimality / 

Hop Count 

Average number of hops (intermediate nodes) taken 

to deliver a packet from source to destination. 

Indicates the route efficiency; fewer hops often 

mean lower delay and energy. 

4.1.1. Packet Delivery Ratio (PDR %) 

Packet Delivery Ratio (PDR) is a crucial metric for routing 

reliability. It reflects the percentage of clearly delivered 

packets against the total number of packets sent by the source. 

The reliability and robustness of model is assured by a greater 

value of PDR for varying traffic conditions. In every dataset, 
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the RL-Based approach performs better than both AODV and 

DSR as depicted in figure 3 RL can adjust to changing traffic 

situations since it maintains a high PDR of 96% in low-

density settings, which gradually drops as the density rises. 

As density rises, both AODV and DSR exhibit a discernible 
drop in PDR, with AODV typically outperforming DSR by a 

small margin. In the dataset Urban_LowDensity, it exhibits a 

PDR of 96%, and 91% for AODV and 89% for DSR. As 

traffic density rises, PDR reduces for all the models. The RL 

based model depicts higher adaptability with PDR of 87% in 

the High-Density dataset and clearly outperforms AODV 76% 

and DSR 72%. This indicates the proficiency of RL model to 

dynamically cope up to network parameters such as packet 

loss or changes in topology. 

 

Figure 3 Performance Comparison for the Metric Packet 

Delivery Ratio PDR 

4.1.2. End-to-End Delay (in ms) 

In a network, the average time taken by the packet to get 
delivered form source to destination is often termed as End-

to-End Delay. It includes latencies due to route finding, 

transmission, waiting time in queue, and transfer time. 

Low latency is very crucial for real time and context aware 

applications such as emergency response and autonomous 

driving. Amongst all datasets used for comparison, the 

proposed RL-Based protocol provides the best performance in 

terms of least end-to-end delay, especially in the high-density 

traffic setups as depicted in figure 4. It adapts to the network 

more efficiently by preventing the delay due to traffic 

congestion. The traditional algorithms AODV and DSR 

exhibit more delays and thus show their inefficiency to 
perform in fast communication and congested settings, 

especially in the Urban_HighDensity scenario. In 

Urban_MediumDensity, the delay for RL-based is 67ms, 

which is very less as compared to AODV’s 81ms and DSR’s 

89ms. For heavy traffic, the latency increases across all 

protocols, but RL-based remains comparatively lesser 

(optimum) at 90ms, while AODV and DSR exhibits 108ms 

and 115ms. This is because of learning based approach of RL 
based protocol for route selection, avoiding congested or 

dynamically changing paths. 

 

Figure 4 Performance Comparison for the Metric End to End 

Delay 

4.1.3. Routing Overhead (Packets) 

To maintain the network routing information, the number of 

control packets are required, this decides the Routing 

Overhead. The bandwidth requirement increases to cater this 

overhead, due to this, the available bandwidth reduces and 

congestion increases. 

 

Figure 5 Performance Comparison for the Metric Routing 

Overhead 
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Thus, lower overhead automatically leads to a more efficient 

model. RL-based protocol shows a decrease routing overhead 

than the AODV and DSR protocols, in all the datasets, 

particularly in the high-density traffic situations as shown in 

figure 5. This clearly implies that the RL based approach is 
effective in the context of the situations where fewer routing 

updates are available.  

AODV and DSR rely highly on reactive routing algorithms, 

due to which they reflect higher overhead, especially in higher 

density areas in metropolitan grids. The RL-based model 

exhibits significantly lower routing overhead, especially in the 

Urban_HighDensity scenario (280 control packets) as 

compared to AODV and DSR which shows 310 and 340 

control packets. This efficiency is due to the distributed 

learning mechanism in RL which avoids frequent route 

discoveries. 

4.1.4. Throughput in kbps 

Throughput is a measure of the total amount of successfully 

transferred data over the given time interval. It depicts the 

ability to handle data in a network. 

 

Figure 6 Performance Comparison for the Metric Throughput 

For all the datasets, the RL-based approach shows a 

significantly high throughput, especially in 

Urban_LowDensity and Urban_MediumDensity setup where 
there is less congestion as shown in figure 6. The throughput 

for AODV and DSR reduces with increase in network density, 

whereas the RL-Based approach produces higher throughput 

due to its adaptive nature.  

The RL-based protocol exhibits the highest throughput for all 

datasets. In Urban_MediumDensity, it depicts as 234 kbps, 

whereas it is 198 kbps (AODV) and 187 kbps (DSR). This is 

due to RL-based agents, who select paths with less congestion 

and more stable routes. 

4.1.5. Average Hop Count 

Hop Count defines the number of intermediate nodes a packet 

traverses from source to destination. Lesser hops ensure faster 

delivery and decrease the packet loss or path breaks. 

 

Figure 7 Performance Comparison for the Metric Average 

Hop Count 

The RL-Based protocol maintains an average hop count of 

3.8, which is less than AODV (4.3) and DSR (4.8) as shown 

in figure 7. Shorter path lengths imply more direct routes, 
minimizing delays and reducing the probability of link 

failures. 

RL-based routing approach provides a less hop count for all 

datasets. For example, it averages 3.2 hops in 

Urban_LowDensity and 4.0 in Urban_HighDensity, while 

AODV and DSR range between 4.1–5.3 hops. This 

optimization is by virtue of learning-based route selection 

avoids long or unstable routes. 

The result readings shown in table 5 clearly show that for all 

the datasets, the performance of RL based adaptive routing 

approach is better than traditional routing protocols like 
AODV and DSR. Its ability to adjust runtime to the frequently 

changing network conditions is a major benefit. This is 

particularly evident in the Urban_HighDensity setup, where 

the RL protocol performs far better than AODV and DSR 

particularly for the metrics such as Packet Delivery Ratio 

(PDR) and End-to-End Delay. The traditional algorithms rely 

on static and reactive route discovery, whereas the RL based 

adaptive routing method constantly learns from the 

environment, modifies the routing decisions based on real-

time traffic and network topology. 

The impact of RL based protocol for managing the network 

resources is obvious by its performance showed in terms of 
throughput and lower routing overhead. RL based approach 

has exhibited higher throughput, particularly in setups with 
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heavy network density by reducing congestion and the need 

for not so effective route changes required dynamically. 

AODV and DSR rely on static data and exhibit increase 

routing overhead. They perform worse because of their 

struggle to keep the routes study and effectively managing the 

dynamically growing traffic. They depend on frequent route 

finding and maintenance, so they show poor performance in 

highly dynamic setups. 

Table 5 Performance Comparison for the Datasets for Various Protocols 

Dataset Protocol 
PDR 

(%) 

Delay 

(ms) 

Overhead 

(Packets) 

Throughput 

(kbps) 

Average Hop 

Count 

Urban_LowDensity 

RL-Based 96 45 120 256 3.2 

AODV 91 58 125 223 4.1 

DSR 89 62 138 210 4.5 

Urban_MediumDensity 

RL-Based 92 67 190 234 3.8 

AODV 85 81 208 198 4.3 

DSR 81 89 230 187 4.8 

Urban_HighDensity 

RL-Based 87 90 280 218 4 

AODV 76 108 310 174 4.9 

DSR 72 115 340 162 5.3 

It is obvious from the results that amongst all the algorithms, 

RL based adaptive routing protocol performs better as 

compared to the traditional counterparts AODV and DSR 

across all the datasets, the same is exhibited. The ability of 

RL based approach to dynamically adapt the shifting network 

situations is the main advantage of it. In Urban_HighDensity 

scenario, where the RL protocol performs better than AODV 

and DSR in terms of Packet Delivery Ratio (PDR) and End-
to-End Delay, it is particularly noticed. RL based approach 

continuously learns from the environment and modifies the 

routing decisions by adapting the real time traffic situations 

and the changing network topologies.  

On the contrary, the conventional protocols depend fully on 

the static data to find the optimum routes. The RL based 

protocol exhibits its superiority in managing resources and 

proves it through its elevated performance in throughput and 

lowering the routing overhead. 

In the environments with heavy network traffic, the RL based 

approach reduces congestion and decreases the need for 
effective less route modifications thus it improves the 

throughput. The traditional protocols perform poorly in 

overall setups because they struggle to keep the routes stable 

and effectively to manage the increasing traffic and 

congestion situations.  

Thus, the RL based approach is very effective in congested 

and dynamic urban VANETs, due to its ability to learn from 

the environment and make proactive choices. It has capacity 

to completely transform routing approach in modern vehicle 

infrastructures by reducing delay, increasing efficiency, 

lowering routing overhead and maintain a higher packet 

delivery rate. 

The real world urban VANETs get benefited significantly by 
the proposed Q-learning-based adaptive routing algorithm.  Its 

capacity to learn from the surroundings and make distributed, 

context aware decisions to optimize the route discovery 

makes it highly effective in dynamic high density city traffic. 

The algorithm assures reliable and low delay communication 

for real time service needs such as ambulance or fire trucks, 

by making a real time optimum route discovery. In smart city 

setups, this model can improve adaptive traffic management 

by allowing vehicles to avoid the highly congested routes and 

thus enhancing the overall traffic routes. 

The distributed nature of the approach reduces the 
dependency on the infrastructure and makes it effective for 

areas which needs limited RSU coverage. The algorithm 

adapts by scaling effectively with node density and by 

maintaining the performance even under heavy traffic. 
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For vehicular IoT and electrical vehicles, it is vital to have 

lower routing overhead and reduced communication paths, 

which leads to decreased bandwidth usage and energy 

consumption. By leveraging the performance benefits of 

providing higher throughput and lower delay, it also helps n 
deploying real-time multimedia and safety-critical 

applications, such as collision avoidance and video 

transmission. 

To summarize, The RL-based model achieves better results 

because it combines the best of the aspect like Learning from 

experience (Q-learning), Real-time local sensing, Efficient 

route selection, Low overhead communication, High 

adaptability to changing traffic and topology. These factors 

lead to improved PDR, lower delays, higher throughput, 

lower hop counts, and minimal control overhead, especially in 

dense and dynamic urban environments. 

Furthermore, the approach acts as a base model for future AI-

integrated vehicle networks, including autonomous driving 

and 5G-based V2X systems. It can be integrated with deep 

reinforcement learning, edge computing, or federated learning 

for further deployment across intelligent transportation 

systems. 

5. CONCLUSION 

The research focused on improving real-time route planning 

for Urban Vehicular Ad-hoc Networks (VANETs). It 

developed an AI-powered, adaptive routing protocol using 

reinforcement learning. This new method consistently 

outperformed traditional routing approaches, like AODV and 
DSR. This was especially true in high-density traffic 

situations where conventional systems struggle to maintain 

reliable communication. When tested across diverse city 

traffic scenarios, the protocol showed significant 

improvements in key performance indicators such as Packet 

Delivery Ratio (PDR), End-to-End Delay, Routing Overhead, 

and Throughput. A core advantage of the Reinforcement 

Learning (RL) model was its inherent capacity to learn and 

automatically adapt to fluctuations in the network 

environment. This led to the establishment of more robust 

routes, a reduction in traffic bottlenecks, and an overall 
increase in network throughput. Moreover, the efficiency of 

the RL method in navigating intricate and dynamic vehicular 

networks was highlighted by its ability to decrease routing 

overhead and provide faster responses. The findings indicate 

that RL-driven protocols are well-suited to provide a 

dependable and adaptable solution for next-generation Urban 

VANET applications, especially in metropolitan settings 

characterized by variable traffic conditions. To sum up, this 

study shows how AI methods like reinforcement learning may 

be included into car networks to improve their functionality 

and open the door to the creation of smarter, self-optimizing 

transportation systems. For additional validation and 
improvement, future studies should concentrate on integrating 

deep reinforcement learning techniques and evaluating the 

suggested approach in extensive city simulations. 
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