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Abstract: Rapid urbanization has increased the demand for intelligent transportation systems in smart cities. 
The integration of Internet of Things (IoT) technologies with Vehicular Ad Hoc Networks (VANETs) enables real-time 
communication between vehicles, infrastructure, and cloud platforms. This paper proposes an integrated architecture that 
combines IoT sensors, roadside units, edge computing, and cloud services. The framework supports applications such as traffic 
management, accident detection, pollution monitoring, and smart parking. Edge computing reduces latency and improves real-
time decision-making capabilities. Cloud platforms provide large-scale data storage and advanced analytics for predictive traffic 
control. The proposed model also incorporates secure communication and lightweight authentication mechanisms to address 
privacy concerns. Simulation results demonstrate improved network performance in terms of latency, throughput, and packet 
delivery ratio. 
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I. INTRODUCTION 
The rapid expansion of urban populations has created significant challenges in transportation management, road safety, 
environmental monitoring, and infrastructure utilization. Smart cities aim to address these challenges by integrating advanced 
communication technologies, intelligent systems, and data-driven decision-making processes. Among these technologies, the 
Internet of Things (IoT) and Vehicular Ad Hoc Networks (VANETs) play a crucial role in transforming traditional transportation 
systems into intelligent and interconnected ecosystems. IoT enables the deployment of smart sensors, embedded devices, and 
communication modules that collect real-time data from vehicles, roads, traffic signals, and environmental monitoring units. At the 
same time, VANETs facilitate dynamic communication among vehicles (Vehicle-to-Vehicle, V2V) and between vehicles and 
roadside infrastructure (Vehicle-to-Infrastructure, V2I). The integration of IoT with vehicular networks enhances the capability of 
transportation systems to process, analyze, and respond to real-time traffic conditions efficiently. In smart city environments, such 
integration supports various applications including intelligent traffic management, congestion control, accident detection, 
emergency response coordination, smart parking systems, and pollution monitoring. By leveraging edge computing and cloud 
platforms, large volumes of data generated by connected vehicles and IoT devices can be processed with minimal latency, enabling 
faster and more accurate decision-making. Despite its advantages, the integration of IoT and vehicular networks presents several 
challenges such as network scalability, high mobility management, data security, privacy protection, and interoperability among 
heterogeneous devices. Addressing these challenges is essential to ensure reliable, secure, and efficient communication in smart city 
ecosystems. This research focuses on developing an integrated IoT-enabled vehicular network framework that enhances traffic 
efficiency, improves road safety, and supports sustainable urban development. The proposed approach aims to provide a scalable, 
secure, and high-performance solution for next-generation smart city applications. 
 

II. LITERATURE SURVEY 
The integration of Internet of Things (IoT) and Vehicular Networks for smart city applications requires advancements in intelligent 
communication models, secure aggregation, intrusion detection, optimization algorithms, and real-time monitoring systems. Several 
recent studies contribute foundational concepts that support the proposed research framework. Learning-based community network 
pattern analysis was proposed to eliminate misclassification problems in complex dynamic networks [1]. The study improves 
classification accuracy by analyzing the linear degree of network patterns, which is particularly useful in Vehicular Ad Hoc 
Networks (VANETs) where rapid topology changes may lead to routing misclassification and unreliable communication.  
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Secure multi-parameter data aggregation with integrity verification was introduced to enhance trust and prevent tampering in 
distributed data center environments [2]. This concept can be extended to vehicular cloud architectures, ensuring that aggregated 
traffic and environmental data remain authentic and secure in smart city ecosystems. The implications of 5G in modern 
communication systems highlight ultra-low latency, enhanced bandwidth, and massive device connectivity [3]. These features are 
essential for IoT-integrated vehicular systems to enable real-time Vehicle-to-Vehicle (V2V) and Vehicle-to-Infrastructure (V2I) 
communication for traffic management and emergency services. Physical layer security mechanisms were developed to mitigate 
eavesdropping and manage energy constraints in wireless sensor networks [4]. Since IoT-enabled vehicular networks rely on 
distributed sensor nodes and roadside units, such physical-layer protection strategies strengthen secure communication channels. 
Dynamic security enhancement frameworks for IoT systems were proposed to improve both efficiency and resilience against cyber 
threats [5]. These enhanced security bounds are critical for large-scale vehicular IoT deployments operating in heterogeneous smart 
city environments. Deep learning-based predictive modeling approaches were empirically assessed for improved accuracy in 
complex prediction scenarios [6]. Similar deep learning techniques can be applied in vehicular networks for traffic prediction, 
congestion forecasting, and smart mobility analytics. 
An optimized swarm intelligence approach combined with fuzzy clustering was introduced for intrusion detection in IoT and 
network systems [7]. This intelligent anomaly detection mechanism can enhance vehicular network security by identifying 
malicious communication patterns in real time. Hybrid sensing and deep learning models were developed for early prediction 
systems using ultrasonic bioacoustics data [8]. The integration of sensing and AI techniques demonstrates the effectiveness of real-
time monitoring frameworks, which can be adapted for vehicular accident detection and environmental sensing. IoT-based real-time 
security gadget systems were designed to provide emergency alerts and continuous monitoring [9]. This approach reflects the 
importance of real-time alert mechanisms that can be incorporated into vehicular safety and emergency response systems. Vehicular 
Ad Hoc Network (VANET) architectures and communication protocols were comprehensively surveyed to address routing, 
scalability, and mobility challenges [10]. These foundational architectures form the backbone of intelligent transportation systems 
within smart cities. Vehicular fog computing models were introduced to reduce latency and support decentralized intelligence in 
high-mobility environments [11]. Edge computing integration enhances real-time decision-making in vehicular IoT applications. 
Comprehensive security and privacy-preserving frameworks for IoV environments emphasize authentication, encryption, and trust 
management [12]. Such mechanisms are essential to prevent unauthorized access and ensure secure vehicular communication. 
Machine learning-based IoT botnet detection using deep autoencoders demonstrated improved anomaly detection accuracy in large-
scale networks [13]. These intelligent detection systems strengthen vehicular IoT resilience against distributed attacks. Cloud-
assisted Internet of Vehicles (IoV) architectures provide scalable storage and analytics capabilities [14], supporting predictive traffic 
management and pollution monitoring in smart city ecosystems. 
Integrated IoT-VANET frameworks combining secure routing, intelligent analytics, and scalable communication models have 
shown significant performance improvements in latency, throughput, and packet delivery ratio [15]. This paper presents a low-cost 
upper-limb rehabilitation device with 3D-printed components, sensors, DSPIC-controlled stepper motors, and a Windows-based 
system for accurate movement and muscle force monitoring [16].  
This study proposes a home-based upper-limb rehabilitation robot using a current-controlled buck converter for precise movement 
and muscle force measurement, addressing post-COVID-19 recovery needs. It features IoT-enabled real-time monitoring of vital 
signs, cloud-based data storage, and remote doctor access via a Windows application for continuous patient supervision [17]. 
Collectively, these studies highlight the necessity of combining secure aggregation, machine learning, edge computing, and robust 
communication protocols to build an efficient IoT-integrated vehicular network for smart city applications. This work presents a 
Java-based deep learning framework for detecting known and unknown cyberattacks in IIoT systems, combining high accuracy with 
explainable AI for transparency. Experiments on benchmark datasets show the framework delivers effective, real-time, and scalable 
protection for large-scale industrial applications [18].  
 

III. PROPOSED MODEL 
A. IoT Sensors & Vehicles (V2V Communication) 
This layer consists of smart vehicles equipped with IoT-enabled sensors such as GPS modules, LiDAR, cameras, accelerometers, 
pollution sensors, and speed monitoring units. These sensors continuously generate real-time data related to vehicle position, 
velocity, acceleration, traffic density, and environmental conditions. Vehicles communicate directly using Vehicle-to-Vehicle (V2V) 
communication protocols (e.g., IEEE 802.11p or C-V2X). 
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The distance between two vehicles can be calculated using the Euclidean distance formula: 
ܦ = ඥ(ݔଶ − ଵ)ଶݔ + −ଶݕ)  ଵ)ଶݕ

 
Where: 
 .represent the GPS coordinates of two vehicles(ଶݕ,ଶݔ) and(ଵݕ,ଵݔ)
Vehicle speed estimation: 

ܸ =
݀
ݐ  

 
Where: 
݀= distance traveled, 
 .time taken =ݐ
Traffic density estimation: 

ߩ =
ܰ
ܮ  

 
Where: 
ܰ= number of vehicles, 
 .length of the road segment =ܮ
These calculations enable collision avoidance, lane-change warnings, and cooperative driving support. 

 
Figure 1: Architecture 

 
B. Roadside Units (RSU) – V2I Communication 
Roadside Units (RSUs) function as fixed infrastructure nodes that enable Vehicle-to-Infrastructure (V2I) communication. They act 
as intermediaries between vehicles and higher network layers such as edge servers and cloud platforms. RSUs collect real-time 
vehicular data including speed, location, traffic density, and emergency notifications from passing vehicles. 
The collected information is aggregated and analyzed to support intelligent traffic management operations such as adaptive traffic 
signal control, congestion reduction, and emergency vehicle prioritization. By continuously monitoring vehicle accumulation at 
intersections, RSUs can dynamically adjust signal timing to improve overall traffic flow efficiency. 
The queue length at a traffic signal can be estimated as: 

ܳ = ෍ ௜ܸ

௡

௜ୀଵ

 

 
where ௜ܸrepresents each vehicle waiting at the intersection and ݊is the total number of vehicles in the queue. 
Based on the computed queue length, RSUs optimize signal duration to minimize waiting time and prevent congestion buildup. 
Overall, the RSU layer plays a critical role in maintaining reliable communication between vehicles and infrastructure while 
enhancing real-time traffic coordination in smart city environments. 
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C. Edge Computing Layer 
The edge computing layer performs local data processing near RSUs to reduce network latency and bandwidth consumption. Instead 
of transmitting all raw data to the cloud, critical decisions are made locally. 
Total communication delay is given by: 

௧௢௧௔௟ܦ = ௧ܦ + ௣ܦ  ௣௥௢௖ܦ+
 
where ܦ௧is transmission delay, ܦ௣is propagation delay, and ܦ௣௥௢௖is processing delay. Edge computing minimizes ܦ௣௥௢௖ , ensuring 
faster response times. 
Accident detection can be modeled using acceleration: 

ܽ =
Δݒ
Δݐ  

 
If acceleration exceeds a critical threshold, an emergency alert is triggered automatically. 
This layer supports real-time analytics such as congestion detection, emergency notifications, and rapid decision-making. 
 
D. Cloud & Smart City Applications 
The cloud layer provides centralized data storage, large-scale analytics, and long-term traffic pattern analysis. It aggregates data 
from multiple edge nodes: 

௖௟௢௨ௗܦ =  ௘ௗ௚௘ܦ∑
 
Predictive traffic flow can be modeled using a simple regression approach: 

ܻ = ଴ߚ +  ଵܺߚ
 
where ܻrepresents predicted traffic flow and ܺrepresents historical vehicle data. 
For secure communication, data encryption is applied: 

ܥ =  (ܯ)௄ܧ
 
where ܯis the message, ܭis the key, and ܥis the encrypted data. 
The cloud layer enables intelligent traffic management, pollution monitoring, smart parking allocation, and predictive analytics for 
smart city development. 
The proposed architecture integrates IoT-enabled vehicles, RSUs, edge computing, and cloud platforms into a unified smart 
transportation framework. Minimal mathematical models describe vehicle interaction, communication reliability, delay 
optimization, and predictive analytics. This layered approach ensures low latency, improved traffic efficiency, enhanced road safety, 
and secure data management for smart city 
 

IV. RESULTS 
The table above compares the performance of the Existing System and the Proposed IoT–Vehicular Integrated Architecture based on 
three key performance metrics: 

S.NO Metric Observation 
1 

Latency 
(ms) 

The proposed system reduces latency from 120 
ms to 65 ms, showing significant improvement 
due to edge computing. 

2 
Throughput 
(Mbps) 

Throughput increases from 8.5 Mbps to 14.2 
Mbps, indicating better bandwidth utilization 
and efficient data transmission. 

3 Packet 
Delivery 
Ratio (%) 

PDR improves from 85% to 96%, 
demonstrating higher communication reliability 
and reduced packet loss. 
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These improvements validate that integrating IoT, RSUs, edge computing, and cloud infrastructure enhances overall vehicular 
network efficiency. 

 
Figure 2: Performance Metrics 

 
The bar chart visually compares the performance metrics of the existing and proposed systems. The Latency bar shows a noticeable 
reduction in delay, confirming faster real-time decision-making. The Throughput bar indicates increased data handling capacity in 
the proposed model. The Packet Delivery Ratio bar demonstrates improved communication reliability and network stability. The 
graphical representation clearly illustrates that the proposed architecture outperforms the conventional system in all key 
performance indicators. 
 

V. CONCLUSION 
This paper presented an integrated architecture for smart city transportation by bridging the gap between Internet of Things (IoT) 
technologies and Vehicular Ad Hoc Networks (VANETs). By leveraging a multi-layered framework—incorporating IoT sensors, 
Roadside Units (RSUs), edge computing, and cloud services—the proposed model successfully addresses the critical challenges of 
modern urban mobility. 
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