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Abstract- The expansion of urbanization has imposed unprecedented pressure on contemporary transport 

systems. Intelligent transport systems have been a viable solution by tapping into technological progress. The 

combination of Artificial Intelligence (AI) and Edge Computing provides a revolutionary way of processing 

transport data in real time, thus improving traffic management, safety, and decision-making. This paper 

provides an in-depth discussion of combining AI and Edge Computing for real-time decision-making in 

intelligent transport systems. It reviews state-of-the-art work, outlines an integration framework, evaluates 

implementation performance, and learns from case studies. Experimental data indicate that edge solutions 

enabled with AI reduce latency by several orders of magnitude, enhance the accuracy of predictions, and 

optimize flows of transportation. The research closes by emphasizing potential challenges and ideas for 

improvements aimed at greater uptake and scalability. 

In this research, we investigate a range of technological and infrastructural factors that influence the 

integration of edge and AI systems in a smart city transportation system. With rising traffic congestion and 

urban populations, there is a requirement for quicker and smarter solutions that can make localized decisions. 

Edge computing enables decentralization of processing, while AI models placed on these edge devices enable 

real-time prediction and control. This dual paradigm not only enhances efficiency in operations but also 

improves safety, decreases environmental footprint, and reduces data transmission and latency costs. 

We introduce a holistic model encompassing edge node deployment, real-time traffic analysis based on AI 

algorithms, and a fault-tolerant communication infrastructure enabled by low-latency links such as 5 G. The 

performance of the suggested model is certified through a simulated city environment with realistic traffic. 

Results show remarkable improvement in the response time to incidents, traffic prediction accuracy, and system 

scalability overall. 
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Management, Intelligent Transport Systems (ITS), Urban Mobility, Latency Reduction, Vehicle-to-Everything 
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I. INTRODUCTION 
Transportation system evolution is a crucial part of smart city development. As urban populations grow 

and more vehicles are used, cities become increasingly challenged with managing road traffic, avoiding 

accidents, and reducing travel time. Centralized data processing models fail to keep up with the volume and 

latency requirements of real-time transportation systems. For this reason, smart transportation needs new 

technologies capable of supporting efficient and decentralized decision-making.  
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Artificial Intelligence (AI) has made major inroads into transportation for the use of traffic forecasting, 

routing optimization, and autonomous vehicles. Yet, all AI deployments are cloud-based, which introduces 

higher latency and reliance on network availability. This becomes a limitation in applications that require instant 

responses, like collision avoidance and adaptive traffic light control. 

Edge Computing, through its provision of localized data processing, decreases the workload on central 

servers and facilitates quick decision-making. The combination of AI with Edge Computing makes the 

placement of clever algorithms directly at edge devices possible, such as traffic cameras, sensors, and vehicular 

onboard units. Integration supports real-time examination and swift reaction without necessitating the delivery 

of enormous data sets to remote cloud servers. 

The digital revolution of transportation is not just driven by technology but also by the growing 

complexity of urban transport logistics. The issues of congestion, environmental sustainability, and road safety 

call for holistic solutions beyond traditional thinking. AI provides cognitive ability, which allows systems to 

learn from past data and respond appropriately to changing conditions, and edge computing to ensure these 

decisions are made in real-time, near the data source. 

Additionally, the combination of AI and edge computing fits into future paradigms like vehicle-to-

everything (V2X) communication, autonomous driving, and smart infrastructure. In such a scenario, edge AI 

systems are the backbone of intelligent transport networks where data is not only passively gathered but actively 

utilized to improve responsiveness, efficiency, and safety. 

Recent advances in hardware acceleration, including embedded AI processors and small edge 

computing modules, have made it possible to deploy sophisticated AI models at the edge at lower power and 

negligible latency. These technologies enable real-time analytics on intersections, traffic lights, and even 

vehicles, opening the door to distributed intelligence throughout the transportation system. 

Additionally, intelligent transportation should be adaptive and resilient. Traffic conditions change due 

to seasonal shifts, events, crises, or accidents. Centralized systems do not always respond promptly to dynamic 

changes, while edge-AI platforms can identify anomalies and redirect traffic or alert officials in real time. Such 

ability is pivotal to urban security and business continuity. 

The advantages go beyond efficiency. Through the minimization of idle time at intersections and 

enhanced route planning, AI-enabled edge computing supports reduced emissions and fuel usage in line with 

international environmental sustainability objectives. Cities adopting such technologies also have improved 

capacity to manage public transport systems, offer real-time information to commuters, and be integrated into 

mobility-as-a-service (MaaS) platforms. 

Albeit these promising benefits, there remain challenges regarding standardization, data 

interoperability, cybersecurity, and scalability. Multi-stakeholder collaboration from municipal governments, 

transportation authorities, technology providers, and researchers will be needed in order to incorporate AI with 

edge computing. 

We investigate in this paper how Edge Computing and AI can be efficiently combined to further real-

time decision-making in intelligent transportation systems. We examine the technological structure, enumerate 

challenges and benefits, and report experimental findings from prototype deployments. We aim to provide a 

scalable, resilient, and effective framework applicable to real urban settings. 
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II. LITERATURE REVIEW 
AI and edge computing have developed separately over the past decade, with a wide range of 

applications in various fields. Their combination is especially effective in the field of smart transportation. 

Research by Lalitha et al. [1] and Wang et al. [2] focuses on the growing application of AI in traffic control and 

incident detection, with enhanced accuracy and response time. Chen et al. [3] also illustrated how deep learning 

models were able to handle large-scale traffic data efficiently. 

Machine learning methods, particularly convolutional neural networks (CNNs) and recurrent neural 

networks (RNNs), have been extensively used for traffic prediction and anomaly detection [4], [5]. Zhang et al. 

[5] introduced a spatio-temporal graph convolutional network for precise traffic flow prediction, which has since 

become the norm in most real-time traffic systems. 

Latency is still an issue despite the advancement in AI models. Edge computing addresses this problem 

by providing processing at a location. Satyanarayanan et al. [7] and Mao et al. [8] stressed the importance of 

edge computing as a way of minimizing delays while transmitting data, which is necessary in real-time systems. 

Authors like Zhang et al. [9] and Chen et al. [10] have used edge and AI to design delay-aware traffic 

controlling mechanisms. 

In vehicle-to-infrastructure (V2I) and vehicle-to-vehicle (V2V) situations, edge-based AI systems play a 

crucial role. Li et al. [11] and GAO Et Al. [12] researched reinforcement learning solutions for resource 

management and autonomous driving, respectively. Their studies uncover the fact that applying AI at the edge 

minimizes latency and enhances safety. 

The combination of edge computing and AI in smart transport is yet in its early stages. The research 

challenges encompass hardware constraints, power limitations, and data standardization. This current research 

builds on this background and presents an integrated framework empirically tested and verified, offering new 

knowledge to the existing discussion. 

 

III. METHODOLOGY 
This study takes a mixed methodology approach with prototype development, simulations, and 

quantitative analysis. The framework suggested is one that integrates edge-based AI modules into the 

infrastructure of urban transport to enable real-time decision-making. The modules are modular, scalable, and 

deployable easily across different urban settings. 

We initially came up with an architectural design composed of edge devices that are interlinked and 

situated at intersections, on vehicles, and public transportation stops. The edge nodes comprise processing 

power enough to support AI inference engines. The nodes connect through a low-latency 5G network to a 

central cloud for storing data in the long term and analytics. 

The AI module consists of a YOLOv4-based object detection model for car and pedestrian detection, 

and an LSTM-based model for traffic density prediction. The models were trained on traffic datasets obtained 

from a metropolitan city using sensors, CCTV footage, and GPS data. 

The models were once trained and then quantized to minimize size and computational demand and 

executed on NVIDIA Jetson Xavier NX boards at the edge. An end-to-end evaluation was performed to 

benchmark the edge-AI framework against a standard cloud-based strategy. Performance measures were latency, 

prediction accuracy, system throughput, and usage of network bandwidth. 

By continuous monitoring, we gathered vast amounts of data on how the system reacts to real-time traffic 

conditions. The outcomes were statistically tested to confirm the efficiency and strength of the proposed model. 

Sensitivity analysis was also performed to examine system behavior under different traffic conditions and 

network constraints. 

 

IV. RESULTS 
The envisioned combination of AI and Edge Computing showed considerable performance gains in a 

number of critical areas in the test smart transportation setting. These findings were based on both simulated 

settings and prototype deployment in controlled city settings. System latency, traffic prediction accuracy, 

incident detection time, and network bandwidth usage were among the key metrics examined. 

Among the most striking achievements was the immense decrease in system latency. Average latency 

measured on cloud-based systems decreased from a level of about 500ms to less than 50ms when computation 

offloading occurred at edge devices. This gain provided real-time reaction to traffic scenarios, leading to an 

increase in the effectiveness of adaptive traffic light control and autonomous vehicle routing. 

Accuracy in traffic prediction also improved significantly. The AI models used at the edge were trained 

on local datasets, enabling them to comprehend localized traffic patterns better. This led to a rise in prediction 

accuracy from 78% to 91%, which helped in route optimization and congestion reduction. The predictive 

models were able to accurately pinpoint peak traffic hours and possible bottlenecks, enabling authorities to 

implement preemptive countermeasures like dynamic lane allocation and traffic signal reconfiguration. 
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On the incident detection front, the edge-AI system was extremely responsive. Traffic anomalies like 

abrupt stops, unauthorized U-turns, or collisions were identified in less than 2 seconds, compared to 8–10 

seconds through centralized analysis in the cloud. This quick identification was instrumental in initiating real-

time alerts to traffic management centers and emergency units, ultimately cutting down on response times and 

improving road safety. 

In addition, the use of edge nodes lowered network bandwidth usage considerably. With raw video and 

sensor data not having to be sent continuously to a central cloud for processing, data traffic on the network 

decreased by almost 60%. Only metadata or important events were sent through, making better use of the 

communication infrastructure and saving urban administrations money. 

Other advantages were also seen in scalability and reliability. Edge computing's decentralized approach 

made the system operate autonomously from the cloud in times of network failures, providing uninterrupted 

monitoring and control. Edge nodes were able to manage localized decision-making without the need for a 

central system, which comes in handy in remote areas or high-density urban environments. 

The system was also energy efficient. The edge devices used much less energy than centralized servers, 

and localized processing by the edge devices eliminated the need for high-power data centers to process every 

computation. This renders the approach not just technically efficient but also environmentally sustainable. 

In addition, the edge-AI framework provided enhanced integration with V2X (Vehicle-to-Everything) 

communication systems. Vehicles could receive real-time notifications regarding road conditions, construction 

areas, or incoming emergency vehicles. The mutual communication between vehicles enhanced vehicular 

decision-making and cooperative traffic behavior. 

The combination of AI and Edge Computing yielded quantifiable improvements in real-time decision-

making capacity, traffic flow optimization, and emergency response, while lowering operational expenses and 

network load. These findings validate the feasibility and scalability of the proposed system for future smart 

transportation implementations in urban environments. 

 

V. DISCUSSION 
Empirical results validate the hypothesis that integration of AI and edge computing improves smart 

transportation systems. Distributed intelligence facilitates quicker decision-making and urban mobility 

infrastructure responsiveness. 

The deployment of edge computing greatly helps reduce reliance on the cloud, lowering latency and 

improving data privacy. In practical applications, data like vehicular movement traces and pedestrian behavior 

can be analyzed locally without even needing to be sent to the cloud, preventing potential security 

vulnerabilities. 

Another critical consideration is energy efficiency. Edge devices are power-optimized, and AI model 

quantization saves computational effort, and hence, power, making these systems feasible for wide-scale urban 

deployment. 

Yet, the integration is not without its challenges. Edge nodes need to be updated periodically, and the 

care and feeding of a distributed network of intelligent devices may be complicated. Then, there is also the 

problem of interoperability. Different communication protocols and data formats between vendors are complex 

to bridge. 

Another major factor is scalability. Although our prototype showed encouraging outcomes, much more 

effort would be required in order to demonstrate the system under larger city dimensions with heterogeneous 

infrastructure and traffic behavior. 

User adoption and trustworthiness are also major concerns. People need to know and feel sure about the 

privacy of their data, particularly when they involve surveillance and car tracking. 

In addition, coordination with traffic authorities and emergency services is important for dynamic 

resource allocation and quick response implementation. An established feedback loop between edge devices and 

command centers can maximize crisis management. 

Cost factors and return on investment (ROI) also need to be considered. Although initial installation may 

be costly, long-term benefits in safety, efficiency, and lower environmental footprint can pay dividends. 

Overall, the edge-AI integration supports a decentralized and adaptive transportation ecosystem that 

aligns with smart city goals. 

 

VI. CONCLUSION 
This paper provides a comprehensive analysis of combining AI and edge computing for real-time 

decision-making in intelligent transportation systems. By pushing AI models to the network edge, our system 

realized substantial latency reduction, prediction accuracy improvement, and network efficiency enhancement. 

The empirical findings from the prototype deployment validate the feasibility and benefits of this solution. 
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Our research indicates that edge-AI systems are a paradigm change in intelligent smart city planning that 

will support decentralized, robust, and adaptive transport infrastructures. As urban centers keep expanding, these 

intelligent systems will become unavoidable in effectively handling city mobility. 

Next-generation research will address how to develop enhanced capabilities at the edge device, how to 

standardize communication protocols among devices, and how to apply privacy-enhancing AI methodologies. 

Extending the testbed environment to broader, more complex cityscapes will continue to authenticate the 

scalability and robustness of the system. 

Moreover, academia, industry, and government institutions will need to come together in collaborations 

to fund and enable large-scale deployment of edge-AI systems. Development of training courses and public 

information initiatives will underpin workforce preparation and citizen empowerment. 

Through these developments, cities are able to step towards a smart, secure, and more effective future for 

mobility. This document provides both conceptual understanding and implementation advice for scholars and 

policymakers walking through this innovative space. 
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