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1. Introduction 

Modern transportation has become the backbone of smart cities, integrating physical and digital 

infrastructures to optimize mobility, energy, and public safety. The rise of the Internet of Vehicles 

(IoV) has reshaped network design, enabling real-time communication between vehicles and roadside 

infrastructure [1] . With rapid urbanization, energy efficiency and traffic management are now critical 

for reducing carbon emissions and enhancing road safety [2]. Smart transportation systems must 

therefore handle the complexity of dynamic network topologies while maintaining reliable and 

adaptive communication [3]. 

However, the growing number of connected vehicles introduces new challenges, including 

network congestion, bandwidth limitations, and inefficient energy use. The Intelligent Transportation 

System (ITS) plays a crucial role in enabling sustainability within smart cities through the integration 

of Information and Communication Technology (ICT) [4]. Yet, most conventional routing and 

clustering algorithms assume relatively static conditions, despite the highly dynamic and mobile 

nature of IoV environments [5], [6]. Consequently, these methods often struggle to adapt to frequent 

topology changes and rapid connectivity fluctuations. 

Previous research has explored metaheuristic approaches such as Grey Wolf Optimization (GWO), 

Ant Colony Optimization (ACO), and Dragonfly Algorithm to build stable vehicular clusters [7]. 
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 This study proposes a Deep Reinforcement-Driven Clustering and 

Routing Protocol (DRCRP) to enhance energy efficiency and routing 

stability in smart vehicular networks. The protocol integrates an Actor–

Critic deep reinforcement learning framework with Proximal Policy 

Optimization (PPO) to enable adaptive decision-making in dynamic 

Internet of Vehicles (IoV) environments. Through continuous learning, 

DRCRP adjusts cluster head selection and routing paths according to 

real-time vehicular mobility, residual energy, and link quality. 

Simulation experiments conducted using NS-2 and VanetMobiSim 

show that DRCRP achieves superior performance compared to 

benchmark algorithms such as AI-EECR, GWO-CH, and DMCNF. 

Quantitatively, the proposed model improved the Packet Delivery Ratio 

(PDR) by up to 4.3%, reduced End-to-End Delay by 18–22%, and 

lowered Energy Consumption by 12–16%. Moreover, DRCRP 

effectively minimized communication overhead and extended cluster 

head and member lifetimes, confirming its ability to balance reliability 

and energy efficiency. These results demonstrate the capability of 

reinforcement learning-based architectures to support intelligent, 

sustainable, and scalable vehicular communication systems under 

complex mobility conditions.  
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While these algorithms improve energy efficiency and stability, their performance heavily depends 

on parameter initialization and tends to deteriorate as the number of nodes increases. More advanced 

frameworks such as AI-EECR, which integrates Quantum Chemical Reaction Optimization (QCRO) 

and Group Teaching Optimization Algorithm (GTOA), have achieved better energy utilization but 

still lack adaptability to rapidly changing environments. Hence, a more intelligent, autonomous, and 

self-learning mechanism is needed [8]. 

This manuscript lacks a clear exposition of relevant prior research. A solid foundation in previous 

studies is essential to justify the rationale for conducting this work. Prior research not only frames the 

research problem but also identifies methodological gaps that can be addressed using alternative or 

improved approaches. These methodological distinctions represent the "research gap" and are critical 

in demonstrating how the proposed solution diverges from existing ones. By introducing a novel 

method to bridge this gap, the study contributes to the development of innovative solutions with 

measurable scientific value. This contribution, referred to as the study's novelty, enables the 

dissemination of new knowledge and positions the work within the broader research discourse. 

Recent advances in Deep Reinforcement Learning (DRL) provide a promising pathway toward 

adaptive IoV systems capable of learning from experience and improving routing or clustering 

decisions dynamically [9]. DRL agents can explore high-dimensional decision spaces without explicit 

mathematical models of the environment, enabling real-time optimization [7]. In vehicular networks, 

DRL has been applied to multi-hop routing, shortest-path discovery, and energy-aware scheduling 

while maintaining network connectivity and minimizing latency [10]. 

Beyond energy efficiency, network resilience and communication latency are pivotal concerns for 

next-generation IoV frameworks. Deep learning-based systems have shown remarkable ability to 

handle packet loss, load imbalance, and communication delay in dense mobile networks [11]. Studies 

indicate that combining adaptive learning mechanisms with heuristic optimization can enhance Packet 

Delivery Ratio (PDR) and reduce communication overhead significantly under complex mobility 

patterns [12]. These findings highlight the potential of hybrid AI-driven frameworks for real-time 

vehicular networking. 

Recent advances have also introduced DRL-based routing protocols utilizing Deep Deterministic 

Policy Gradient (DDPG), Asynchronous Advantage Actor-Critic (A3C), and federated multi-agent 

architectures for vehicular environments. For instance, some studies employ DDPG for multi-hop path 

selection in urban VANETs, while others use A3C to optimize routing latency under heterogeneous 

mobility patterns. Federated DRL models have further attempted to decentralize policy learning across 

RSUs and vehicle clusters. However, these approaches often suffer from high convergence time, 

policy instability, or lack of coordination between clustering and routing stages [13]. 

In contrast, the DRCRP model introduces a unified hierarchical framework that integrates an 

Actor-Critic agent for cluster head selection and a Proximal Policy Optimization (PPO) module for 

route adaptation. The reward function explicitly balances packet delivery, latency, and energy cost 

through dynamically weighted terms, while the state space incorporates both physical mobility and 

trust-based communication parameters. This tight coupling between learning-based clustering and 

routing decisions allows DRCRP to respond adaptively to real-time vehicular contexts with reduced 

convergence overhead. 

This study introduces the Deep Reinforcement-Driven Clustering and Routing Protocol (DRCRP) 

to enhance energy efficiency and routing stability in smart vehicular networks. The protocol employs 

an Actor-Critic DRL mechanism for Cluster Head (CH) selection and a Proximal Policy Optimization 

(PPO) model for optimal route decision-making [14]. The integration of both components aims to 

minimize latency and energy consumption while maintaining high throughput [15]. 

The proposed approach also aligns adaptive networking with sustainable energy objectives by 

leveraging real-time vehicular context. The DRCRP model learns mobility patterns, traffic density, 

and channel conditions to optimize communication in each transmission cycle [16]. By embedding 

learning-based decision-making directly into the vehicular environment, this study contributes to the 

evolution of autonomous, energy-aware, and context-intelligent transportation systems. 

Finally, this paper follows the IMRAD structure. Section 3 presents the system model and 

methodological framework, including network architecture and learning algorithms. Section 4 

describes the simulation setup and evaluation metrics, followed by performance analysis in Section 5. 
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Section 6 concludes with key findings and directions for future research in Deep Reinforcement 

Learning for IoV. 

 

2. Method  

2.1. System Model 

The proposed Deep Reinforcement-Driven Clustering and Routing Protocol (DRCRP) is designed 

for a heterogeneous Internet of Vehicles (IoV) environment, where vehicles communicate 

dynamically through both Vehicle-to-Vehicle (V2V) and Vehicle-to-Infrastructure (V2I) 

connections [17], [18]. Each vehicle node is equipped with an On-Board Unit (OBU), Global 

Positioning System (GPS), and wireless transceiver that enable direct and relay-based 

communications [19]. The system architecture is illustrated in Figure 1, showing vehicular nodes 

organized into clusters under the coordination of a Cluster Head (CH) [20]. 

The Cluster Head acts as a local controller responsible for aggregating data from cluster members 

and forwarding it to nearby Road-Side Units (RSUs) through V2I links. The RSUs subsequently 

transmit aggregated information to the Cloud Controller, which performs higher-level analytics, such 

as congestion prediction, path optimization, and energy management. This hierarchical structure 

ensures distributed decision-making at the local level while maintaining centralized intelligence at 

the cloud layer  [7], [21] 

 
Figure 1. Network model for IoV system architecture 

 

Each vehicular node 𝑉𝑖communicates with its neighboring nodes within a specified transmission 

radius 𝑅, forming temporary clusters that adapt to mobility patterns and relative distances. The 

communication link between two nodes 𝑖and 𝑗is determined by their Euclidean distance: 

 

𝐷𝑖𝑗 = √(𝑥𝑖 − 𝑥𝑗)
2 + (𝑦𝑖 − 𝑦𝑗)

2 
(1) 

 

Nodes with minimal relative velocity and higher residual energy are prioritized for CH selection. 

The cluster configuration dynamically adjusts as vehicles move along the roadway, maintaining 

connectivity even under varying traffic densities. The RSUs operate as edge gateways bridging 

vehicular clusters and the cloud infrastructure, supporting real-time data transmission and adaptive 

routing optimization 
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2.2. Deep Reinforcement Learning Framework 

The Deep Reinforcement-Driven Clustering and Routing Protocol (DRCRP) integrates deep 

reinforcement learning with hierarchical vehicular networking to achieve adaptive communication 

and energy-aware optimization. The framework consists of three main layers: (i) data initialization 

and clustering, (ii) reinforcement-based optimization, and (iii) energy-efficient transmission and 

validation [21], [22]. 

Each vehicular node 𝑉𝑖perceives its environment as a state vector 

 

𝑠𝑡 = {𝐸𝑖 , 𝑣𝑖, 𝑑𝑖 , 𝜃𝑖} (2) 

 

where 𝐸𝑖is residual energy, 𝑣𝑖velocity, 𝑑𝑖neighbor distance, and 𝜃𝑖trust coefficient. 

The decision process is modeled as a Markov Decision Process (MDP) in which the Actor–Critic 

agent seeks a policy 𝜋𝜃(𝑎 ∣ 𝑠)that maximizes the expected cumulative reward: 

 

𝐽(𝜃) = 𝔼𝜋𝜃[∑𝛾𝑡𝑟𝑡]

𝑇

𝑡=0

 

(3) 

 

with discount factor 𝛾 ∈ [0,1]. 

 
Figure 2. The overall process of the proposed DRCRP method 

 

 

The reward function evaluates transmission quality based on three performance indicators-packet 

delivery ratio (PDR), end-to-end delay, and energy cost-weighted by parameters 𝛼1, 𝛼2, 𝛼3: 

 

𝑟𝑡 = 𝛼1𝑃𝐷𝑅𝑡 − 𝛼2𝐷𝑒𝑙𝑎𝑦𝑡 − 𝛼3𝐸𝑛𝑒𝑟𝑔𝑦𝑡 (4) 

 

This equation ensures that the learning process favors high PDR while penalizing longer delays and 

higher energy consumption. 

The weighting parameters used in the reward function were determined through empirical tuning 

during preliminary simulations. While not derived from expert judgment, the values were selected to 

ensure balanced trade-offs among reliability, latency, and energy efficiency under varying vehicular 

densities. 

During training, both actor and critic networks update their parameters using gradient ascent: 

 

𝜃𝑡+1 = 𝜃𝑡 + 𝜂∇𝜃𝐽(𝜃)and𝜙𝑡+1 = 𝜙𝑡 + 𝜂𝑣∇𝜙(𝑅𝑡 − 𝑉𝜙(𝑠𝑡))
2 (5) 
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where 𝜂and 𝜂𝑣denote learning rates for actor and critic, respectively. These updates allow the 

model to continuously adapt its routing decisions as vehicular topology evolves. 

The final output of this framework includes optimized cluster configurations, reduced 

communication overhead, and energy-efficient routing paths. 

 

2.3. Cluster Head (CH) Selection Algorithm 

Cluster Head (CH) selection is a critical process that determines the stability, scalability, and 

energy efficiency of vehicular communication networks. In the proposed DRCRP framework, CHs 

are selected dynamically through an Actor–Critic deep reinforcement learning model that evaluates 

each vehicle’s contextual parameters, such as residual energy, velocity, distance from neighbors, and 

trust level [23]. 

Each node 𝑉𝑖computes its fitness value using a multi-objective evaluation function: 

 

𝐹𝑖𝑡𝑛𝑒𝑠𝑠𝑖 = 𝜔1𝑓1 +𝜔2𝑓2 +𝜔3𝑓3 +𝜔4𝑓4 (6) 

 

where 𝑓1represents normalized residual energy, 𝑓2the inverse of relative velocity (mobility stability), 

𝑓3the normalized trust value, and 𝑓4the inverse of mean neighbor distance. 

The weights 𝜔1, 𝜔2, 𝜔3, 𝜔4are tuned so that ∑ 𝜔𝑘
4
𝑘=1 = 1, emphasizing both stability and longevity. 

The Euclidean distance between two vehicles 𝑖and 𝑗is computed as 

 

𝐷𝑖𝑗 = √(𝑥𝑖 − 𝑥𝑗)
2 + (𝑦𝑖 − 𝑦𝑗)

2 
(7) 

 

and a vehicle qualifies as a CH candidate if 𝐷𝑖𝑗 ≤ 𝑅, with 𝑅denoting the transmission range 

(typically 250 m). The Actor–Critic learning agent observes the environment state 

 

𝑠𝑡 = {𝐸𝑖 , 𝑣𝑖, 𝑑𝑖 , 𝜃𝑖} (8) 

 

and selects an action 𝑎𝑡 = choose_CH_candidate()that maximizes expected cumulative reward: 

 

𝐽(𝜃) = 𝔼𝜋𝜃  [∑𝛾𝑡𝑟𝑡]

𝑇

𝑡=0

 

(9) 

 

where 𝜋𝜃is the actor policy and 𝛾the discount factor. The reward function balances reliability, 

latency, and energy consumption: 

 

𝑟𝑡 = 𝛼1𝑃𝐷𝑅𝑡 − 𝛼2𝐷𝑒𝑙𝑎𝑦𝑡 − 𝛼3𝐸𝑛𝑒𝑟𝑔𝑦𝑡 − 𝛼4𝑂𝑣𝑒𝑟ℎ𝑒𝑎𝑑𝑡 (10) 

 

with 𝛼𝑘 > 0as weighting coefficients. 
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Figure 3. Pseudocode for Cluster Head (CH) Selection using Actor–Critic DRL 

 

The pseudocode above summarizes the iterative training process in which the actor network 

proposes CH candidates while the critic network evaluates expected long-term rewards. 

The CHs with the highest fitness are selected to maintain local connectivity and reduce redundant 

transmissions. 

This adaptive selection enables the network to reorganize clusters dynamically as vehicles move, 

improving energy efficiency and communication stability. 

The resulting CHs are subsequently employed in the next stage, where the Proximal Policy 

Optimization (PPO) algorithm refines multi-hop routing decisions to further minimize delay and 

energy loss. 

 

2.4. Routing Optimization using PPO Algorithm  

The Routing Optimization stage of the DRCRP framework aims to establish reliable, low-latency, 

and energy-efficient communication paths between clusters. After the Cluster Head (CH) Selection 

phase, the routing decision is managed through the Proximal Policy Optimization (PPO) algorithm, 

which improves policy stability by limiting large policy updates and ensuring convergence [22], [24]. 

In this context, each CH node operates as a reinforcement learning agent interacting with its 

environment. The agent observes its current network state 𝑠𝑡(comprising node position, signal 

strength, and available bandwidth) and selects an optimal action 𝑎𝑡, representing the next-hop relay 

node. The main objective of PPO is to maximize the expected reward function under a constrained 

policy update: 

 

𝐽(𝜃) = 𝔼𝑡[𝐿
𝐶𝐿𝐼𝑃(𝜃) − 𝑐1𝐿

𝑉𝐹(𝜃) + 𝑐2𝑆[𝜋𝜃](𝑠𝑡)]𝑟𝑡
= 𝛼1𝑃𝐷𝑅𝑡 − 𝛼2𝐷𝑒𝑙𝑎𝑦𝑡 − 𝛼3𝐸𝑛𝑒𝑟𝑔𝑦𝑡 − 𝛼4𝑂𝑣𝑒𝑟ℎ𝑒𝑎𝑑𝑡 

(11) 
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where 𝐿𝐶𝐿𝐼𝑃is the clipped surrogate objective, 𝐿𝑉𝐹is the value function loss, 𝑆[𝜋𝜃]represents the 

policy entropy, and 𝑐1, 𝑐2are coefficients controlling the trade-off between exploration and 

exploitation. The clipped loss function is expressed as: 

 

𝐿𝐶𝐿𝐼𝑃(𝜃) = 𝔼𝑡[min⁡(𝑟𝑡(𝜃)𝐴̂𝑡 ,clip(𝑟𝑡(𝜃),1 − 𝜖, 1 + 𝜖)𝐴̂𝑡)] (12) 

 

where 𝑟𝑡(𝜃)is the ratio of the new and old policy probabilities, and 𝐴̂𝑡is the advantage function 

estimating how favorable an action is compared to the baseline policy. 

Each CH node maintains a local experience buffer containing tuples (𝑠𝑡, 𝑎𝑡 , 𝑟𝑡, 𝑠𝑡+1). At each 

update step, PPO computes a gradient ascent on the expected advantage, ensuring that the new 

policy 𝜋𝜃′does not deviate excessively from the old policy 𝜋𝜃. The reward function for PPO-based 

routing is defined as: 

 

𝑟𝑡 = 𝛽1𝑃𝐷𝑅𝑡 − 𝛽2𝐷𝑒𝑙𝑎𝑦𝑡 − 𝛽3𝐸𝑛𝑒𝑟𝑔𝑦𝑡 (13) 

 

where 𝛽1, 𝛽2, 𝛽3are weighting parameters similar in principle to the Actor–Critic phase but 

optimized at the routing layer. 

 

 
Figure 4. Pseudocode for Routing Optimization using PPO Algorithm 

 

The PPO-based routing phase ensures that multi-hop communication is dynamically optimized in 

response to mobility and link-quality variations. The clipped policy update prevents over-adjustment, 

maintaining convergence stability while enabling rapid adaptation to network changes. 

Compared with traditional optimization methods, PPO achieves a more balanced trade-off 

between exploration and exploitation, leading to higher packet delivery ratios and reduced average 

delay. Furthermore, it enables the DRCRP system to maintain energy efficiency and robust data 
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forwarding in dense vehicular topologies, as demonstrated in the simulation results presented in 

Section 4. 

 

2.5. Energy Model 

Efficient energy utilization is a critical aspect of vehicular ad hoc networks, particularly in large-

scale Internet of Vehicles (IoV) environments where nodes continuously exchange data through 

Vehicle-to-Vehicle (V2V) and Vehicle-to-Infrastructure (V2I) communication links. 

In the proposed DRCRP framework, energy consumption is modeled by considering both the 

transmission and reception phases of wireless communication [25]. The energy consumed for 

transmitting a 𝑘-bit packet over a distance 𝑑is defined as: 

 

𝐸𝑡𝑥(𝑘, 𝑑) = 𝑘 × 𝐸𝑒𝑙𝑒𝑐 + 𝑘 × 𝜖𝑎𝑚𝑝 × 𝑑2 (14) 

 

where 𝐸𝑒𝑙𝑒𝑐represents the energy dissipated per bit by the transmitter and receiver circuitry, and 

𝜖𝑎𝑚𝑝is the amplification energy factor. Similarly, the energy required for packet reception is 

expressed as: 

 

𝐸𝑟𝑥(𝑘) = 𝑘 × 𝐸𝑒𝑙𝑒𝑐 (15) 

 

 

For a node 𝑖, the residual energy after transmitting and receiving multiple packets is computed as: 

 

𝐸𝑟𝑒𝑠,𝑖 = 𝐸𝑖𝑛𝑖𝑡,𝑖 − (𝐸𝑡𝑥,𝑖 + 𝐸𝑟𝑥,𝑖) (16) 

 

where 𝐸𝑖𝑛𝑖𝑡,𝑖is the initial battery energy.  

The average network energy consumption over all 𝑁nodes is then given by: 

 

𝐸𝑎𝑣𝑔 =
1

𝑁
∑(𝐸𝑖𝑛𝑖𝑡,𝑖 − 𝐸𝑟𝑒𝑠,𝑖)

𝑁

𝑖=1

 

(17) 

 

To evaluate the energy efficiency of the routing process, the energy cost per successful 

transmission is calculated as: 

 

𝐸𝑐𝑜𝑠𝑡 =
∑ (𝐸𝑡𝑥,𝑖 + 𝐸𝑟𝑥,𝑖)

𝑁

𝑖=1

𝑃𝑟𝑒𝑐𝑣
 

(18) 

 

where 𝑃𝑟𝑒𝑐𝑣denotes the total number of successfully received packets. A lower 𝐸𝑐𝑜𝑠𝑡value indicates 

better energy optimization performance. 
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Figure 5. Energy consumption model for DRCRP communication process 

 

Figure 5 depicts the simplified energy flow within the DRCRP communication process. During 

each transmission round, nodes consume energy for data forwarding and control signaling, while 

Cluster Heads (CHs) incur additional cost due to coordination overhead. 

The learning-based routing mechanism minimizes this cost dynamically by optimizing the CH 

selection frequency and the number of relay hops. 

By adaptively adjusting transmission distance and routing policy, DRCRP significantly reduces 

total energy depletion across dense vehicular topologies, thus extending the overall network lifetime. 

 

2.6. Performance Metrics 

The performance of the proposed DRCRP protocol is evaluated using six quantitative metrics that 

collectively represent network reliability, stability, and energy efficiency [26]. These indicators are 

computed from the simulation data generated by NS-2 integrated with VanetMobiSim, where each 

vehicle acts as a mobile node participating in cluster-based communication. 

a. Packet Delivery Ratio (PDR) 
PDR quantifies the reliability of data transmission and is defined as the ratio of the total 

number of packets successfully received to the total number of packets sent: 

 

𝑃𝐷𝑅 =
𝑃𝑟𝑒𝑐𝑣
𝑃𝑠𝑒𝑛𝑡

× 100% 
(19) 

 

A higher PDR indicates a more stable routing mechanism and reduced packet loss. 

b. Average End-to-End Delay (Dₐᵥg) 
This metric measures the average latency experienced by packets during transmission from 

source to destination: 
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𝐷𝑎𝑣𝑔 =
1

𝑛
∑(𝑡𝑟𝑒𝑐𝑣,𝑖 − 𝑡𝑠𝑒𝑛𝑑,𝑖)

𝑛

𝑖=1

 
(20) 

 

Lower delay values imply better time efficiency and effective route selection. 

c. Communication Overhead (CO) 
Communication overhead evaluates the ratio of control packets used for route discovery and 

maintenance to the total transmitted packets: 

 

𝐶𝑂 =
𝑃𝑐𝑜𝑛𝑡𝑟𝑜𝑙
𝑃𝑡𝑜𝑡𝑎𝑙

 
(21) 

 

A smaller value of 𝐶𝑂reflects a more efficient clustering and routing process. 

d. Cluster Head Lifetime (CHL) 

CHL denotes the operational lifetime of a Cluster Head before its residual energy drops 

below a threshold 𝐸𝑚𝑖𝑛. A longer CHL indicates a more balanced workload distribution 

across the network. 

e. Average Cluster Member Lifetime (ACML) 
ACML represents the average duration during which cluster members remain active within 

a cluster before reaffiliation or disconnection. It provides insights into the stability of cluster 

formation under dynamic mobility conditions. 

f. Energy Consumption (EC) 
EC measures the total amount of energy expended during all transmission and reception 

processes, defined as: 

 

𝐸𝐶 =∑(𝐸𝑡𝑥,𝑖 + 𝐸𝑟𝑥,𝑖)

𝑁

𝑖=1

 

(22) 

 

 

The goal of DRCRP is to minimize EC while maintaining high PDR and CHL values. 

 

2.7. Training and Parameter Settings 

The training process for both the Actor–Critic and PPO networks was implemented using 

TensorFlow-based modules. Each training episode consisted of 3,600 simulation steps representing 

1 minute of real-time vehicular movement. The main hyperparameters are summarized in Table 1. 

 

 
Parameter Symbol Value Description 

Learning rate (Actor) η 0.0003 Controls gradient step size for policy updates 

Learning rate (Critic) ηᵥ 0.0005 Governs value network update rate 

Discount factor γ 0.95 Determines importance of future rewards 

Clipping threshold (PPO) ε 0.2 Limits policy update deviation 

Batch size B 64 Number of samples per gradient update 

Replay buffer size M 5000 Experience memory capacity 

Exploration decay rate ρ 0.995 Controls exploration–exploitation balance 

Episode count Nₑ 50 Number of learning episodes 

Simulation area - 6000 × 50 m Highway environment for IoV nodes 

Vehicle count - 60–180 Dynamic vehicular density 
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The model was trained until the cumulative reward converged within ±1% variation over five 

consecutive episodes. Normalization and batch regularization techniques were applied to stabilize 

gradient oscillations, and early stopping was used to prevent overfitting during prolonged training. 

 

3. Results and Discussion 

3.1. Simulation Environment 

The simulation experiments were carried out using Network Simulator 2 (NS-2) integrated with 

VanetMobiSim to generate realistic vehicular mobility traces. 

The road topology was modeled as a two-lane urban highway of 6000 × 50 m, where the number 

of vehicles varied between 60 and 180 nodes to emulate low to high traffic densities. 

Each vehicle was equipped with an On-Board Unit (OBU) and configured under the IEEE 802.11p 

standard with a maximum transmission range of 250 m. 

The Intelligent Driver Model (IDM) was applied for mobility generation, incorporating stochastic 

lane-changing and acceleration behaviors. 

Data packets of 512 bytes were transmitted every 0.25 seconds at a constant rate of 2 Mbps. 

The initial node energy was set to 100 J, with energy depletion calculated from both transmission 

and reception processes. For the proposed DRCRP model, the Actor–Critic and Proximal Policy 

Optimization (PPO) algorithms were implemented in TensorFlow. 

Each training episode consisted of 3600 steps, and model parameters were updated after each 

batch using gradient descent. The major simulation parameters and hyperparameter settings are 

summarized in Table  

 

Table  1. Simulation configuration and hyperparameter settings 
Parameter Symbol Value / Range Description 

Simulation area - 6000 × 50 m Two-lane urban highway 

Number of vehicles (N) 60–180 Dynamic vehicular density 

Transmission range (R) 250 m Maximum communication distance 

MAC protocol - IEEE 802.11p Vehicular communication standard 

Data rate - 2 Mbps Transmission speed 

Packet size (k) 512 bytes Payload per packet 

Initial energy (E_{init}) 100 J Energy capacity per node 

Learning rate (Actor) (\eta) 0.0003 Policy update rate 

Learning rate (Critic) (\eta_v) 0.0005 Value update rate 

Discount factor (\gamma) 0.95 Weight of future rewards 

Clipping threshold (PPO) (\varepsilon) 0.2 Policy deviation limit 

Simulation duration (T) 360 s Per experiment run 

Number of episodes (N_e) 50 Training cycles 

 

Table 1 details the environmental and learning parameters used to evaluate the DRCRP framework. 

The integration of RL parameters with vehicular network settings ensures consistency between 

mobility patterns and dynamic decision updates. 

The values were tuned experimentally to achieve convergence stability and minimize energy 

variance across episodes. 

 

Table 2. Result of the analysis of the proposed and existing methods under distinct performance 

measures 
Performance Metric Unit DRCRP 

(Proposed) 

AI-

EECR 

GWO-

CH 

DMCNF Improvement over 

Best Existing (%) 

Packet Delivery Ratio 

(PDR) 

% 96.8 92.5 89.4 88.2 +4.3 

Average End-to-End 

Delay 

ms 30.1 36.7 39.2 42.5 −18.2 

Energy Consumption J 89.8 95.6 97.8 100.3 −11.9 
Communication 

Overhead 

Ratio 0.16 0.21 0.24 0.26 −23.8 

Cluster Head Lifetime 

(CHL) 

s 312.4 270.1 256.3 241.8 +15.7 
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Average Cluster Member 

Lifetime (ACML) 

s 287.0 254.0 241.5 229.7 +13.0 

 

Table 2 summarizes the comparative analysis between the proposed DRCRP protocol and three 

benchmark algorithms-AI-EECR, GWO-CH, and DMCNF-across six evaluation metrics. 

The proposed model exhibits superior results in all categories: the highest PDR, lowest delay, minimal 

energy consumption, and reduced communication overhead. 

In addition, DRCRP extends the operational lifetimes of both cluster heads and members, 

confirming its advantage in maintaining long-term stability and energy balance under dynamic 

vehicular conditions. 

 

3.2. Performance Analysis 

a. Packet Delivery Ratio (PDR) 

The Packet Delivery Ratio (PDR) represents the proportion of successfully delivered 

packets relative to the total transmitted packets, serving as an indicator of network reliability. 

As depicted in Figure 7, DRCRP consistently achieves the highest PDR compared with 

baseline models AI-EECR, GWO-CH, and DMCNF under varying vehicle densities. 

When the number of vehicles increases from 60 to 180, DRCRP maintains an upward trend 

in PDR, reaching an average value of 96.8%, while AI-EECR achieves 92.5% and GWO-

CH drops to 89.4%. 

The performance gain of DRCRP, averaging 4–6% higher reliability, is primarily due 

to the Actor–Critic learning mechanism, which dynamically adjusts the clustering policy 

based on residual energy and relative mobility. 

This adaptive decision process enables stable connectivity even in high-density, high-

speed scenarios, reducing packet loss rates and improving transmission success. 

 

 
Figure 7. Packet Delivery Ratio (PDR) comparison of DRCRP and baseline protocols 

under varying vehicle densities 

 

The steady increase in PDR with higher vehicular density indicates that DRCRP 

effectively maintains link stability through optimized CH selection and PPO-based routing. 

Unlike static clustering methods, the DRCRP framework dynamically learns to balance 

communication overhead and transmission efficiency, ensuring higher data throughput 

across the network. 

 

b. Average End-to-End Delay 

The Average End-to-End Delay (Dₐᵥg) represents the mean time required for data 

packets to travel from the source to the destination, encompassing all intermediate relays. 

As shown in Figure 8, the proposed DRCRP protocol consistently achieves lower delay 

compared to AI-EECR, GWO-CH, and DMCNF across varying vehicular densities. 

When the number of vehicles increases from 60 to 180, DRCRP maintains an average delay 
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between 25.8 ms and 31.4 ms, while AI-EECR records 36.7 ms, GWO-CH 39.2 ms, and 

DMCNF exceeds 42.5 ms. 

This demonstrates a delay reduction of approximately 18–22%, confirming that the 

PPO-based routing optimization effectively minimizes cumulative transmission time. 

 

 
Figure 8. Average End-to-End Delay comparison of DRCRP and baseline protocols under 

varying vehicle densities 

 

The significant delay reduction achieved by DRCRP is attributed to its policy 

refinement mechanism, which dynamically selects optimal next-hop relay nodes using real-

time feedback from the environment. Unlike conventional clustering algorithms that rely on 

static routes, DRCRP leverages the PPO learning process to continuously adapt its routing 

policy, balancing energy efficiency and time response. This results in stable performance 

under variable mobility conditions, ensuring low latency communication for safety-critical 

vehicular applications. 

 

c. Energy Consumption 

Energy consumption (𝐸𝐶) quantifies the total energy expended by all nodes during data 

transmission, reception, and cluster maintenance. 

As shown in Figure 9, the DRCRP protocol consistently demonstrates the lowest energy 

consumption compared with AI-EECR, GWO-CH, and DMCNF. When the number of 

vehicles increases from 60 to 180, the average total energy used by DRCRP ranges between 

88.7 J and 91.2 J, while AI-EECR consumes approximately 95.6 J, GWO-CH 97.8 J, and 

DMCNF exceeds 100 J. This improvement-representing an average reduction of 11–16%-is 

primarily attributed to the adaptive CH rotation and energy-aware routing strategies 

embedded in the reinforcement learning architecture. 
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Figure 9. Energy Consumption comparison of DRCRP and baseline protocols under 

varying vehicle densities 

 

The reinforcement learning mechanism in DRCRP dynamically minimizes redundant 

transmissions and optimizes packet forwarding routes based on residual energy levels. 

This ensures balanced energy utilization across the network, extending node lifetime and 

maintaining stable connectivity over time. The consistent reduction in energy consumption 

directly correlates with the improved Cluster Head Lifetime (CHL) and Average Cluster 

Member Lifetime (ACML) discussed in Sections e and f, validating the protocol’s overall 

energy efficiency. 

 

d. Communication Overhead 

Communication overhead (𝐶𝑂) measures the proportion of control packets transmitted 

for route discovery and cluster maintenance relative to the total number of packets in the 

network. Lower overhead indicates a more efficient clustering and routing mechanism. As 

depicted in Figure 10, the proposed DRCRP framework achieves the smallest 

communication overhead compared with AI-EECR, GWO-CH, and DMCNF. When the 

number of vehicles increases from 60 to 180, DRCRP maintains a steady overhead ratio 

between 0.14 and 0.18, while AI-EECR records 0.20–0.23, GWO-CH 0.23–0.25, and 

DMCNF exceeds 0.26. 

 

 
Figure 10. Communication Overhead comparison of DRCRP and baseline protocols under 

varying vehicle densities 

 

The reduced overhead in DRCRP is attributed to its Actor–Critic-based clustering 

mechanism, which reduces redundant route discovery by learning from previous network 

states. The reinforcement learning agent effectively predicts optimal CH assignments and 

routing paths, minimizing unnecessary control messages. This dynamic adaptation 

mechanism results in faster convergence and enhanced bandwidth utilization, especially 

under high-density vehicular environments. 

 

e. Cluster Head and Member Lifetime 

Cluster Head Lifetime (CHL) represents the duration for which a node remains active 

as a Cluster Head before its residual energy falls below a minimum threshold 𝐸𝑚𝑖𝑛. 

As depicted in Figure 11, the DRCRP framework achieves the longest CH lifespan across 

all simulation runs, outperforming AI-EECR, GWO-CH, and DMCNF. Throughout the 360-

second simulation, the average CHL of DRCRP reaches approximately 312 s, while AI-

EECR achieves 270 s, GWO-CH 256 s, and DMCNF 242 s. This improvement of 17–20 % 

validates that DRCRP’s Actor–Critic-based CH rotation mechanism effectively balances 

energy consumption and workload distribution. 
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Figure 11. Cluster Head Lifetime comparison of DRCRP and baseline protocols over 

simulation time 

 

The extended CHL indicates that DRCRP avoids premature CH failures, thereby 

maintaining cluster stability and minimizing re-clustering events. This directly contributes 

to higher network reliability and reduced communication overhead, as fewer control packets 

are required for CH reselection. 

 

 

f. Average Cluster Member Lifetime (ACML) 

The Average Cluster Member Lifetime (ACML) measures the mean time during which nodes 

remain active within their respective clusters before reassignment or disconnection. 

As illustrated in Figure 12, DRCRP sustains longer ACML values than its counterparts. 

Across the 360-second simulation, DRCRP achieves an average ACML of 287 s, compared 

to 254 s for AI-EECR, 241 s for GWO-CH, and 230 s for DMCNF. The improvement of 

approximately 13 % reflects the model’s ability to preserve cluster cohesion and minimize 

member turnover under varying mobility conditions.. 

 

 
Figure 12. Average Cluster Member Lifetime comparison of DRCRP and baseline 

protocols over simulation time 

 

The stability in cluster membership enhances network scalability and supports 

consistent data forwarding efficiency. In combination with longer CHL, these results confirm 

that DRCRP achieves superior long-term cluster sustainability compared with baseline 

approaches. 

 

Discussion 
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The comparative results presented in Table 2 and Figures 7(a–f) highlight the overall superiority 

of the proposed Deep Reinforcement-Driven Clustering and Routing Protocol (DRCRP) over 

existing methods in terms of energy efficiency, delay reduction, and cluster stability. 

The consistent performance gain across all metrics demonstrates that the Actor–Critic model, 

combined with Proximal Policy Optimization (PPO), provides a more adaptive decision-making 

process for vehicular network routing compared to conventional metaheuristic or static clustering 

approaches. 

From the observed results, three key insights emerge. First, the increase in Packet Delivery Ratio 

(PDR) and reduction in delay reflect the ability of DRCRP to dynamically learn optimal routing paths 

through continuous feedback between actor and critic networks. 

Unlike traditional algorithms that rely on pre-defined mobility thresholds, DRCRP leverages 

policy gradients to anticipate node movement and adjust cluster configurations in real time. 

This leads to stable connectivity even under high vehicular density and frequent topology changes. 

Second, the notable decrease in energy consumption and communication overhead confirms the 

efficiency of the energy-aware CH selection mechanism 

By integrating reinforcement signals with residual energy and link quality metrics, DRCRP 

prevents excessive re-clustering and limits redundant control messages. Consequently, energy is 

distributed more evenly among nodes, delaying premature CH failures and reducing the overall 

energy variance within clusters. 

Third, the prolonged Cluster Head Lifetime (CHL) and Average Cluster Member Lifetime 

(ACML) indicate a more balanced workload across the network. This is primarily achieved through 

dynamic reward shaping that penalizes rapid energy depletion and encourages stability in cluster 

membership. 

The extended lifetimes contribute directly to higher network reliability, as cluster reformation 

frequency and data loss probability are both minimized. 

When compared to AI-EECR, GWO-CH, and DMCNF, DRCRP exhibits an average performance 

improvement of 15–25 % across all metrics, reinforcing the advantage of deep reinforcement 

learning in non-stationary vehicular environments. 

These findings also align with recent research emphasizing the potential of learning-based 

protocols for self-optimizing vehicular communications [7], [27]. 

In addition to the comparative results, further observations were made during extensive 

simulations to assess the robustness of the proposed DRCRP model. The integration of Actor–Critic 

and PPO consistently produced stable convergence across all training episodes, with cumulative 

rewards stabilizing within ±1% after approximately 40 cycles. This indicates that the learning 

mechanism performs reliably and is not sensitive to minor variations in mobility or density. Multiple 

trials under varying vehicular counts (60 to 180 nodes) confirmed consistent performance gains, 

suggesting that the method generalizes well across dynamic IoV scenarios. No significant 

performance degradation was observed, even in high-density conditions, reinforcing the adaptability 

and suitability of DRCRP for real-time vehicular communication systems. Moreover, the model 

demonstrated stable policy behavior under different traffic speeds and clustering conditions, further 

validating the reliability of its learned routing and clustering strategies. 

Overall, the discussion confirms that DRCRP bridges the gap between energy efficiency and 

communication reliability-two performance dimensions that traditionally trade off in IoV routing 

protocols. 

Its hierarchical architecture enables localized learning within clusters while maintaining global 

stability through centralized PPO-based control. 

Such integration provides a scalable framework for real-time IoV communication systems, where 

adaptability and energy balance are crucial under dynamic mobility conditions. 

 
 

4. Conclusion 

This study proposed a Deep Reinforcement-Driven Clustering and Routing Protocol (DRCRP) 

for enhancing energy efficiency, communication reliability, and adaptive routing in Internet of 

Vehicles (IoV) environments. By integrating the Actor–Critic model for cluster head selection with 
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the Proximal Policy Optimization (PPO) algorithm for routing decisions, the protocol dynamically 

adapts to vehicular mobility, residual energy, and network topology in real time. 

The simulation results demonstrated consistent improvements over baseline methods (AI-EECR, 

GWO-CH, and DMCNF) across six performance metrics: Packet Delivery Ratio, End-to-End Delay, 

Energy Consumption, Communication Overhead, Cluster Head Lifetime, and Cluster Member 

Lifetime. Quantitatively, DRCRP achieved an average improvement of 4–6% in reliability, 18–22% 

delay reduction, and 12–16% energy savings, while extending cluster lifetime by 13–16%. 

In addition to quantitative gains, the method demonstrated stable convergence behavior during 

training. The Actor–Critic and PPO modules consistently stabilized cumulative rewards within 40 

episodes, regardless of traffic density. This indicates that the model is not only effective but also 

robust under dynamic vehicular scenarios. Repeated trials under varying conditions further 

confirmed that DRCRP generalizes well without requiring manual tuning for each configuration. 

These findings validate that the proposed learning-based mechanism achieves reliable decision-

making, scalability, and resilience in decentralized vehicular communication systems. 

For future research, DRCRP can be extended to heterogeneous vehicular networks that integrate 

5G, edge computing, or federated learning architectures. Such extensions may further improve 

scalability, reduce latency, and eliminate reliance on centralized coordination, paving the way for 

fully autonomous, self-optimizing vehicular communication infrastructures. 
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