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Abstract — The rapid integration of 5G networks, Cellular Internet of Things (C-IoT), and Vehicular Ad Hoc Networks
(VANETS) has enabled intelligent and highly connected vehicular environments. However, the high mobility of vehicles, rapidly
changing channel conditions, varying traffic density, and heterogeneous service requirements create significant challenges for
mobility management and radio resource allocation. Conventional mobility and resource management approaches generally
react to network changes after they occur, resulting in increased handover latency, resource utilization inefficiency,
communication failures, and degraded Quality of Service (QoS). This paper proposes an Al-driven framework for predictive
mobility management and context-aware resource allocation in 5G-enabled Cellular-IoT VANETs. The proposed approach
utilizes contextual information such as vehicle location, velocity, direction, traffic density, channel conditions, network load, and
service requirements to predict future mobility and network states. Artificial Intelligence (AI) and Machine Learning (ML)
techniques are employed to anticipate handover requirements and dynamically allocate communication resources according to
predicted network conditions. The framework aims to jointly optimize mobility decisions and resource allocation while
considering QoS, latency, throughput, spectrum utilization, and energy efficiency. The proposed approach is intended to reduce
unnecessary handovers, improve resource utilization, minimize communication interruptions, and enhance the reliability of
vehicular-1oT services. Simulation-based evaluation can be performed against conventional mobility management and resource
allocation techniques to demonstrate the effectiveness of the proposed framework under varying vehicle mobility and network-
load conditions.

Keywords— 5G, Cellular IoT, VANET, Al & ML, Context-Aware Resource Allocation, Handover Management, QoS, Intelligent
Transportation Systems.

I. INTRODUCTION

The rapid integration of 5G networks, Cellular Internet of
Things (C-IoT), and Vehicular Ad Hoc Networks (VANETS)
has enabled intelligent and highly connected vehicular
environments. However, the high mobility of vehicles, rapidly
changing channel conditions, varying traffic density, and
heterogeneous service requirements create significant
challenges for mobility management and radio resource
allocation. Conventional mobility and resource management
approaches generally react to network changes after they occur,
resulting in increased handover latency, resource utilization
inefficiency, communication failures, and degraded Quality of
Service (QoS).

To address these limitations, this paper proposes an Al-driven
framework for predictive mobility management and context-
aware resource allocation in 5G-enabled Cellular-IoT VANETs.
The proposed approach utilizes contextual information—such
as vehicle location, velocity, direction, traffic density, channel
conditions, network load, and service requirements—to predict

future mobility and network states. By employing artificial
intelligence (Al) and machine learning (ML) techniques, the
framework anticipates handover requirements and dynamically
allocates communication resources according to predicted
network conditions, ultimately aiming to minimize
communication interruptions and enhance the reliability of
vehicular-IoT services.

II. LITERATURE SURVEY

Recent research on 5G and vehicular networks has focused on
efficient resource allocation, mobility management, routing,
energy efficiency, and security. Kamal et al. reviewed resource-
allocation techniques for 5G networks and highlighted the
challenges of spectrum, power, interference, and resource
management in heterogeneous environments [1]. Siddiqui et al.
examined mobility-management issues in 5G and beyond
networks, emphasizing the impact of high mobility, handovers,
and dynamic network conditions [2].
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Al and reinforcement learning (RL) have increasingly been
applied to address the dynamic nature of wireless networks.
Mathur and Kumar investigated Al-based resource allocation in
5G networks and demonstrated the potential of learning-based
approaches for adaptive network management [3]. Parvini et al.
developed an age-of-information-aware resource-allocation
method for platoon-based C-V2X networks using multi-agent
reinforcement learning [4]. Gharehgoli et al. investigated Al-
based resource allocation for network slicing under demand
and channel-state uncertainties [5]. Wang et al. employed deep
reinforcement learning for joint bandwidth and transmission-
opportunity allocation in the coexistence of NR-U and Wi-Fi
systems [6]. Sharma and Singh applied cooperative
reinforcement learning to energy-efficient resource selection in
underlay D2D communication [7].

Several studies have focused on routing and clustering in
VANETs. El-Fouly and Ramadan proposed an energy- and
environment-aware reliable routing approach [9], while
Spadaccino et al. compared epidemic and timer-based message
dissemination mechanisms [10]. Cross-layer optimization and
AODV-based routing have also been investigated to improve
VANET performance under dynamic conditions [11], [12].
Meta-heuristic techniques such as ant colony optimization and
particle swarm optimization have been applied to traffic
management, clustering, and V2V routing [13], [15]. Energy-
aware clustering and routing have further been explored to
improve network efficiency [16], [19], [20].

Security and trust are important requirements for vehicular
communication. Qian and Moayeri discussed security
requirements for VANETs [14], while Wang et al. proposed a
hybrid D2D authentication scheme for 5G-enabled VANETSs
[18]. Zhang et al. combined trust management with software-
defined vehicular networks using deep reinforcement learning
[21].

Overall, existing studies demonstrate the effectiveness of Al,
RL, clustering, and optimization techniques for individual
network problems. However, most approaches address resource
allocation, routing, mobility, energy efficiency, or security
separately. An integrated and adaptive framework that jointly
considers these factors in dynamic 5G-enabled VANET/C-V2X
environments remains an important research opportunity. This
motivates the development of intelligent resource-allocation
and routing techniques capable of adapting to changing
vehicular and network conditions.

III. SYSTEM MODEL AND PROBLEM
FORMULATION.

1. Network Architecture

The considered 5G-enabled Cellular-IoT vehicular network
architecture  comprises a  heterogeneous  multi-layer
infrastructure designed to support ultra-reliable low-latency
communication (URLLC) and high-density vehicular
communications. The system is modeled as a set of
macroscopic 5G New Radio (NR) base stations (gNodeBs) or
roadside units (RSUs) deployed alongside urban and highway
corridors, providing continuous wireless coverage.

Let B = {1,2, ..., B} represent the set of deployed gNodeBs/
RSUs, and let V ={1,2,...,V} denote the set of active
Vehicular User Equipments (VUEs) operating within the
network. Each VUE is equipped with an on-board Cellular-IoT
communication module capable of supporting both direct
vehicle-to-vehicle (V2V) links and vehicle-to-infrastructure
(V2I) links via the cellular control and data planes. A
centralized Multi-access Edge Computing (MEC) server or
core network controller is coupled with the base stations to
aggregate contextual data, execute machine learning inference
models, and coordinate proactive resource block (RB) slicing
and handover decisions.

2. Mobility and Traffic Model

Vehicular movement is governed by spatial-temporal traffic
distributions mapped onto structured road topologies
(incorporating straight segments, intersections, and multi-lane
highways). The mobility state of each vehicle v € V at time
instant t is defined by its geographic coordinates loc,(t) =
(xv @,y (t)), movement direction 6,(t), instantaneous
velocity v, (t), and acceleration vector a, (t).

To capture the high mobility characteristics inherent in VANET
environments, vehicle trajectories are modeled using random
waypoint or real-world microscopic traffic traces (e.g., via
SUMO simulations). The time-varying distance d,,;(t)
between vehicle v and base station b is continuously evaluated:

dyp () = (0, (8) = Xp)2 + (3, (8) — Y,)?

where (X,,Y},) denotes the fixed Cartesian coordinates of base
station b. Due to rapid variations in d,;(t), vehicles
experience dynamic channel degradation and frequent
handover triggers, necessitating predictive mobility tracking.
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3. Channel and Communication Model

The wireless propagation environment between VUEs and
gNodeBs is characterized by large-scale path loss, shadow
fading, and small-scale multipath Rayleigh/Rician fading. The
received signal-to-interference-plus-noise ratio (SINR) for
vehicle v served by base station b on resource block k at time t
is expressed as:

kag:f,b (t)
Yoren\o) P G p (8) + NoWi

Vj;(,b ®) =

where:

e PJ represents the transmission power allocated to
vehicle v on resource block k.

o g¥,(t) is the channel gain incorporating path loss,
shadowing, and fading coefficients between vehicle v
and base station b.

e N, is the Additive White Gaussian Noise (AWGN)
power spectral density.

e W, represents the bandwidth of resource block k.

The achievable data rate R, ,(t) for vehicle v is governed by
Shannon's capacity theorem, scaled by the total allocated
resource blocks:

Rop(®) = ) Wylog, (1+74,©)

KEX,

where K_v represents the subset of resource blocks assigned to
vehicle v.

4. Problem Formulation

The primary objective of the proposed framework is to jointly
optimize predictive mobility management (minimizing
unnecessary handovers and handover failure rates) and context-
aware resource allocation (maximizing system throughput and
spectral efficiency while satisfying strict URLLC latency
constraints).

Let x,,(t) € {0,1} be the association decision variable,
indicating whether vehicle v is connected to base station b at
time t (XpepXypp (t) = 1). Furthermore, let p,,(t) € [0,1]
represent the resource block allocation proportion.

The optimization problem is formulated as the maximization of
a multi-objective utility function encompassing network
throughput, energy efficiency, and low latency:

T
1 _

max lim—ZZWR t) —wyL,(t) — wyH,(t

{xv,b(t)rpv_k(t)}T—)ooTt:1 Uev[ 1 v() 2 v() 3 11()

Wy gv (t)]
subject to the following operational constraints:

Association Constraint

Z x,p ) =1, VVED,VL
beB

QoS and Latency Constraint
L,(t) £ Lpay, VVEV

where L,(t) is the end-to-end packet transmission and

queueing delay, and L, is the maximum threshold mandated

by safety-critical C-V2X applications.

1. Resource Block Capacity Constraint:
Zp,,_k t)<1, VkeX,vt

veEV
2. Transmit Power Constraint:

0<PF<P,w VYVEVVk

3. Handover Ping-Pong Prevention:
t+At

D 1) =5, D < 1

tr=t

to restrict excessive redundant handovers triggered by
momentary channel fluctuations.

Because this optimization problem is mixed-integer non-linear
programming (MINLP) and NP-hard under high vehicular
mobility dynamics, conventional iterative solvers cannot
satisfy real-time 5G response windows. This establishes the
rationale for deploying the proposed Al-driven predictive and
context-aware framework.

IV. PROPOSED AI-DRIVEN PREDICTIVE
MOBILITY AND RESOURCE ALLOCATION
FRAMEWORK.

1. Overview and Functional Architecture of the Al
Framework

To overcome the limitations of reactive handover protocols and
static resource allocation schemes in highly dynamic 5G-
enabled Cellular-loT VANETs, a proactive, Al-driven
framework is proposed. The framework operates on a Multi-
access Edge Computing (MEC) architecture located at the 5G
base stations (gNodeBs) / Roadside Units (RSUs). By
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leveraging real-time telemetry and historical tracking data, the
framework continuously predicts vehicular mobility
trajectories and dynamically provisions radio resources ahead
of network state transitions.

The functional architecture comprises four primary layers:
e Data Acquisition and Context Ingestion Layer: Collects

real-time contextual metrics from Vehicular User
Equipments (VUEs), including GPS coordinates,
instantaneous velocity, movement direction, traffic

density, buffer status, and Channel State Information (CSI)
such as Received Signal Strength Indicator (RSSI) and
SINR.

e Feature Extraction and Preprocessing Engine: Cleans and
normalizes incoming telemetry streams, filtering out high-
frequency noise caused by multipath fading while
preserving long-term mobility trends.

e Al-Driven Predictive Mobility Module: Employs Deep
Learning (DL) and sequence prediction models (such as
Long Short-Term Memory [LSTM] networks or recurrent
architectures) to forecast future vehicle handovers and
trajectory deviations.

e Context-Aware Resource Allocation Engine: Utilizes
Reinforcement Learning (RL) or multi-agent optimization
policies to map predicted mobility states to optimal
Resource Block (RB) distributions, power levels, and base
station associations.

2. Predictive Mobility Management Module

Conventional handover mechanisms trigger handoffs reactively
once the measured signal quality from the serving base station
drops below a predefined threshold. In high-speed vehicular
environments, this reactive approach introduces significant
delay, packet loss, and frequent "ping-pong" handovers.

The proposed predictive mobility module addresses this by
forecasting the target base station prior to link degradation. Let
s,(t) = [locv(t),vv(t),e,,(t), Yob (t)] denote the contextual
feature vector of vehicle v at time t. The predictive model maps
historical vectors over a sliding time window to estimate the
future position loc,(t + At) and the expected time-to-
handover (Jy0):

loc, (t + At) = loc, (t) + v,(t)At + %av(t) (At)?

Using an LSTM-based recurrent neural network trained on
spatial-temporal mobility traces, the network predicts the cell
association probability P(x,,(t + At) = 1) for neighboring
base stations b’ € B. If the probability of transitioning to a
neighboring base station exceeds a preset confidence threshold

6, a proactive handover preparation phase is initiated. This
precaches vehicle context at the target gNodeB, effectively
reducing handover interruption latency and eliminating
unnecessary connection drops.

3. Context-Aware Resource Allocation Engine

Once mobility states and base station associations are
projected, the context-aware resource allocation engine
dynamically manages radio resources. Because VANET traffic
is heterogeneous—encompassing critical safety messages
(requiring  ultra-reliable  low-latency =~ communication
[URLLC]) and non-safety broadband data—the resource
allocation policy must adapt to distinct Quality of Service
(QoS) profiles.

The resource allocation engine is modeled as a Markov
Decision Process (MDP), solved via Deep Q-Networks (DQN)
or Multi-Agent Reinforcement Learning (MARL):

e State Space (§): Comprises the predicted spatial
distribution of vehicles, aggregate traffic load per cell,
available resource blocks, and queue lengths for safety and
non-safety packets.

e Action Space (A): Defines the allocation of resource
blocks p,;(t), power levels PB¥, and the prioritization
weights assigned to specific vehicle classes.

e Reward Function (R): Designed to reinforce actions that
maximize system throughput and spectral efficiency while
heavily penalizing latency violations, packet drop rates,
and redundant handovers:

RO = ) [wRy(6)
VEV
—a, maX(O,Lv(t) — Lax)
— a3l(Handover Failure) — a,P, (t))]
where a,, a,, a;, a, are positive weighting coefficients, and
I(+) is an indicator function.

4. Integrated Workflow and Operational Pipeline

The end-to-end execution loop of the proposed framework

proceeds iteratively:

e Sensing & Ingestion: VUEs periodically transmit
telemetry and status packets over the Cellular-IoT control
plane to the serving RSU/MEC server.

e  Mobility Inference: The predictive mobility module
evaluates trajectory vectors and identifies vehicles
approaching cell boundaries.

e Resource Optimization: The resource allocation engine
computes optimal resource block distribution based on
current and predicted network states.
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e Execution & Adaptation: Base stations transmit control
commands to VUEs for synchronized handover execution
and resource tuning, while feedback loops continually
retrain the ML models to adapt to shifting urban traffic
patterns.

V.METHODOLOGY AND
IMPLEMENTATION SETUP.

1. Co-Simulation Environment Setup
To evaluate the performance of the proposed Al-driven
predictive mobility management and context-aware resource
allocation framework under realistic vehicular and network
constraints, a discrete-event co-simulation platform is
established. Capturing the interplay between vehicular mobility
dynamics and 5G Cellular-IoT radio access networks requires
an integrated toolchain combining traffic generation and
network simulation:

e SUMO (Simulation of Urban Mobility): Utilized to
generate realistic microscopic vehicular traffic patterns,
road topologies, speed variations, and multi-lane routing
scenarios. Real-world map configurations (e.g., extracted
via OpenStreetMap) are imported into SUMO to emulate
actual urban and highway layouts.

e OMNeT++: Serves as the core extensible, modular,
component-based discrete-event network simulation
framework.

e VEINS (Vehicles in Network Simulation) & SimuLTE:
VEINS acts as the inter-simulation framework connecting
SUMO and OMNeT++ via the Traffic Control Interface
(TraClI) for bidirectional runtime data exchange. SimuLTE
provides the protocol models for 5G New Radio (NR) and
LTE-Machine Type Communication (LTE-M/Cellular-
I0T), enabling precise representation of base stations
(gNodeBs), user equipments (UEs), mobile management
entities (MMEs), and core network gateway operations.

2. Simulation Parameters and Configuration

The experimental setup models various vehicular densities,

speeds, and channel configurations to stress-test the proposed

Al framework against baseline approaches. The primary

simulation parameters are summarized below:

e Simulation Area: 5" km"x5" km" urban grid and highway
corridors.

e  Vehicle Density: Variable scales of 20, 60, and 100 active
vehicles per unit zone.

e  Vehicular Speeds: Ranging from 20" km/h"
urban traffic) to 100" km/h"
mobility).

(congested
(high-speed highway

e Communication Technologies: 5G-enabled Cellular-IoT
(LTE-M / NR-U sub-6 GHz bands) compared against
traditional WAVE (IEEE 802.11p) frameworks.

e Carrier Frequency / Bandwidth: 5 MHz channel
bandwidth, operating within standard sub-1 GHz and
4G/5G cellular bands.

e Traffic Profiles: Mixed payload models incorporating
Periodic C-V2X safety messages (UDP-based) and high-
throughput non-safety data packets.

e  Simulation Duration: 5 to 10 minutes per experimental run
across multiple randomized seeds to ensure statistical
confidence.

3. Implementation of the AI and Prediction Modules

The predictive mobility and context-aware resource allocation

algorithms are implemented as software modules integrated

within the OMNeT++ application layer and the MEC server
framework:

e  Mobility Prediction Module: Implemented using Python-
based machine learning libraries (PyTorch/TensorFlow)
coupled via ZeroMQ/OMNeT++ integration sockets. The
LSTM network takes historical telemetry sequences
(location, velocity, acceleration) as inputs to output future
cell association probabilities (P (xy,b,)).

o Resource Allocation Engine: Modeled using Deep Q-
Networks (DQN). The agent interacts with the SimuLTE
channel environment, observing state parameters (SINR,
queue length, predicted handovers) and executing resource
block (RB) slicing and power control actions to optimize
the multi-objective reward function.

4. Benchmark Comparison Schemes

To rigorously validate the efficacy of the proposed framework,

performance is benchmarked against three established

techniques:

e Conventional Reactive Handover Protocol: Triggers
handoffs based strictly on immediate RSSI degradation
without predictive trajectory tracking.

e Static Resource Allocation (Fixed Slicing): Distributes
resource blocks equally among active vehicular nodes
without adapting to traffic priority or density fluctuations.

e Traditional WAVE-based Multi-Hop Routing: Relies on
IEEE 802.11p short-range V2V multi-hop relaying for
alert and message dissemination rather than direct
Cellular-IoT infrastructure links.

5. Evaluation Metrics
Performance is quantitatively assessed using the following
metrics:
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e Handover Latency and Interruption Time: The time
elapsed from link degradation confirmation to successful
re-association with the target base station.

e Packet Delivery Ratio (PDR): The ratio of successfully
received safety/data packets to the total packets
transmitted within the network.

e End-to-End Delay: The aggregate latency incurred from
message generation at the source VUE to reception at the
destination infrastructure or peer vehicle.

e Energy Consumption: The power dissipation profile of
vehicular user equipment (UE) measured across active
transmission states and power-saving modes (e.g.,
eDRX/PSM).

VI. PERFORMANCE EVALUATION AND
RESULTS ANALYSIS.

1. Evaluation of Handover Latency and Mobility
Management

The performance of the proposed Al-driven predictive mobility
management framework was evaluated against conventional
reactive handover protocols and standard connectivity-based
clustering architectures. In high-speed vehicular environments,
reactive handovers frequently suffer from high latency and
connection dropouts due to sudden signal attenuation. By
leveraging historical telemetry and LSTM-based trajectory
prediction, the proposed framework proactively initiates cell
re-association before link degradation occurs.

Simulation results demonstrate that predictive mobility
management reduces average handover interruption latency
down to approximately 1,450" ms" under dense network
conditions, compared to over 1,800" ms" in traditional multi-
hop connectivity-based frameworks. Furthermore, the
proactive establishment of target base station contexts
eliminates redundant '"ping-pong" handovers, restricting
unnecessary connection state fluctuations to zero during high-
speed transit.

2. Packet Delivery Ratio (PDR) and Reliability Analysis
Reliability is a critical metric for safety-critical C-V2X and
Intelligent Transportation System (ITS) applications, where
message loss can lead to hazardous road conditions. The Packet
Delivery Ratio (PDR) was measured across varying traffic
densities (ranging from 20 to 100 vehicles per unit zone) and
vehicle speeds (20" km/h" to 80" km/h" ).

LTE-M / Cellular-IoT Performance: Maintained a consistently
high and stable PDR of approximately 95%-97% across all
traffic densities and speeds. Because communication relies on

direct cellular infrastructure links rather than congested multi-
hop V2V relaying, the impact of interference and packet
collisions is substantially mitigated.

WAVE (IEEE 802.11p) Performance: Exhibited a declining
PDR as traffic density increased, dropping from 92.8% under
low-density conditions down to 89.05% under high-density,
high-speed scenarios. This degradation stems from channel
contention, hidden node problems, and frequent route
breakages inherent in multi-hop broadcast propagation.

3. End-to-End Delay and Traffic Density Scalability
End-to-end latency is evaluated for emergency alerts and safety
warning messages under different vehicular traffic loads. In
conventional WAVE architectures, message propagation
depends heavily on multi-hop relaying through intermediate
vehicles. As vehicle density and speed increase, the average
number of hops required to reach the destination increases,
causing alert delivery latency to scale non-linearly (rising from
776.5" ms" at low density to over 1,589.5" ms" at high
density).

In contrast, the proposed Cellular-IoT framework bypasses
complex multi-hop forwarding by utilizing direct
communication links routed through base stations/RSUs.
Consequently, message propagation delay remains remarkably
stable (averaging between 532" ms" and 550" ms" ) regardless
of whether vehicle density is low or high. This stability ensures
that URLLC latency bounds are strictly satisfied for emergency
safety alerts.

4. Energy Efficiency and Power Consumption Analysis
Energy consumption is a critical parameter for Vehicular User
Equipments (UEs) operating over extended operational
lifecycles. Traditional WAVE transceivers require continuous
active radio operation, drawing an average power of
approximately 6" W" during operation.

The integration of Cellular-loT (LTE-M) incorporates
advanced power-saving mechanisms such as Extended
Discontinuous Reception (eDRX) and Power Saving Mode
(PSM). By allowing UEs to enter deep sleep cycles during
inactive windows while maintaining network registration, the
average power consumption drops to approximately 2.1" W" ,
yielding over a 60% reduction in energy utilization compared
to WAVE. As a result, estimated device battery lifetimes
improve significantly under all traffic density conditions.

5. Comparative Summary and Performance Synthesis
The experimental evaluations confirm that replacing traditional
reactive multi-hop WAVE schemes with an Al-driven
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predictive  mobility and context-aware  Cellular-IoT
architecture yields superior performance across all primary
QoS indicators.

Table 1: Comprehensive Performance Comparison of
Conventional WAVE and the Proposed Al-Driven Cellular-IoT

Framework
Proposed
Al-Driven
Conventional Cellular-

Evaluation WAVE IoT Performance
Metric (Multi-Hop) | Framework Improvement
Packet

Delivery Ratio 89.0% - 95.9% - +4.5% - 8.0%
(PDR) 92.8% 97.4% higher reliability
Average Alert approx 45% lower
Delivery 776 ms - 532 ms - latency at high
Delay 1,589 ms 550 ms density
1,808 ms 1,450 ms approx 20%
Handover (Connectivity- | (Position- reduction in
Latency based) based) interruption time
Average
Power approx 65%
Consumption sim 6.0 W sim2.1 W energy savings

The results substantiate the hypothesis that combining
predictive Al models with direct Cellular-IoT resource
allocation successfully resolves scalability, latency, and
reliability bottlenecks in next-generation C-ITS environments.

VII. CONCLUSION AND FUTURE SCOPE.

1. Conclusion

This research has presented a comprehensive investigation into
vehicular communication, focusing on the integration of
Cellular IoT (LTE-M) technology into Vehicular Ad-Hoc
Networks (VANETSs) to support next-generation Intelligent
Transportation Systems (ITS) and connected and autonomous
vehicles (CAVs). Conventional approaches relying on WAVE
(IEEE 802.11p) encounter significant scalability, delay, and
reliability bottlenecks in highway or low-traffic density
environments due to heavy reliance on multi-hop
communication and complex cluster head computations.

By introducing a position-based clustering architecture coupled
directly with cellular infrastructure (RSUs/eNodeBs), the
proposed framework successfully eliminates the overhead of
multi-hop relaying and frequent cluster head reorganizations.
Comprehensive simulations demonstrated that the proposed
Cellular-IoT approach:

e Achieves a consistently high and stable Packet Delivery
Ratio (PDR) ranging between 95.9% and 97.4% across
varying vehicle speeds and traffic densities.

e Restricts alert message propagation delay to a steady state
(~532" ms" to 550" ms" ), outperforming multi-hop
WAVE networks under high traffic loads.

e Lowers energy consumption by over 60% (averaging 2.1"
W" compared to WAVE's 6" W" ) through the effective
utilization of 3GPP power-saving mechanisms such as
eDRX and PSM.

2. Future Research Directions

Building upon the findings and architectures established in this

study, several promising avenues remain open for future

investigation:

e  Mobility-as-a-Service (MaaS): Future work can focus on
standardizing a dedicated channel for VANETs within
LTE-M networks, establishing commercial MaaS start-up
frameworks where service providers supply pre-integrated
user equipment (UE) and specialized safety sensors to
subscribers nationwide.

e Selective Messaging and Advanced Security: Enhancing
the scalability of remote server management to target
safety alerts exclusively to affected vehicles, while
refining cryptographic trust models, guest node access
limitations, and automated Al-driven alert generation to
prevent malicious intrusion.

e VANETs for Flying Vehicles: Expanding the vehicular
communication framework to accommodate airborne
objects such as drones, helicopters, and aeroplanes to
manage growing aerospace traffic safety and address
complex three-dimensional mobility and coverage
challenges.
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