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1|Introduction    

Smart cities rely on the Internet of Things (IoT) to connect devices and applications that manage various 

urban services, including transportation, waste management, energy grids, and public safety [1]. The sheer 

volume of data generated by these IoT devices requires advanced computational architectures to process and 

analyze the data efficiently in real-time. While cloud computing has traditionally been used for this purpose, 

its latency, bandwidth constraints, and data privacy limitations make it less suitable for many smart city 

applications [2]. Cloud computing architectures send IoT-generated data to centralized data centers for 

processing. This introduces significant latency, particularly when real-time decision-making is crucial, such as 

traffic management or emergency response [3]. 
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Abstract 

The increasing complexity of urban infrastructures and the rapid growth of  Internet of Things (IoT) devices present 

significant challenges for real-time data processing, resource management, and scalability within smart cities. 

Traditional cloud computing models face limitations in latency and bandwidth, primarily due to their centralized data 

processing architecture. AI-driven edge computing emerges as a compelling solution, bringing computation closer to 

data sources, allowing faster decision-making, and reducing network congestion. This paper delves into integrating 

AI with edge computing in smart city IoT infrastructures, emphasizing how AI enhances data processing, optimizes 

resource allocation, and strengthens security at the edge. This paper highlights the transformative role of AI in 

addressing challenges like latency, bandwidth limitations, and data privacy concerns through a comprehensive review 

of current research and case studies. The results show that AI-powered edge computing can significantly boost the 

performance and sustainability of various smart city services, such as traffic management, energy efficiency, and 

environmental monitoring.  
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  Additionally, transferring massive volumes of data across networks to the cloud increases bandwidth 

consumption and creates potential bottlenecks, impairing the system's overall efficiency [4]. Moreover, the 

centralized nature of cloud infrastructures raises concerns about data privacy, as sensitive information is 

vulnerable to security breaches [5]. Edge computing addresses these limitations by moving computational 

tasks closer to the IoT devices, allowing data to be processed locally or at intermediate nodes (edge devices). 

This reduces the need to send all data to the cloud, lowering latency and bandwidth requirements while 

improving system responsiveness [6]. However, edge computing introduces new challenges related to 

resource allocation, energy efficiency, and the complexity of managing distributed computing environments. 

 

Fig. 1. AI-driven edge computing architecture in a smart city. 
 

This image illustrates how edge computing integrates with cloud infrastructure to support smart city 

applications. The cloud connects to various network elements, such as routers and cellular towers, which 

connect to edge devices like sensors, end-user devices, and edge servers. These edge devices gather and 

process data from the environment, easing real-time analytics and decision-making processes crucial for AI-

driven applications in smart cities. This architecture reduces latency, improves bandwidth usage, and 

efficiently manages smart city services such as traffic monitoring, environmental sensors, and automation 

systems. 

Despite the significant advantages of AI-driven edge computing in smart city infrastructures, several 

challenges must be addressed for its successful implementation. These challenges arise from the complex 

interplay of edge computing [7], AI algorithms, and IoT applications. Table 1 summarizes the key challenges 

in deploying AI-driven edge computing in smart cities. 

  Table 1. Challenges in AI-driven edge computing for smart city. 

 

Challenge   Description   

Data privacy and security   Protecting sensitive data collected by IoT devices and processed at the edge.   

Computational limitations   Constraints on processing power and storage capacity of edge devices. 

Network connectivity   Ensuring reliable and low-latency network connectivity between IoT devices, 
edge gateways, and the cloud.   

Heterogeneity   Dealing with a variety of IoT devices, protocols, and data formats.   

Algorithm complexity   Developing efficient and correct AI algorithms that can run on resource-
constrained edge devices.   

Integration and interoperability Integrating AI-driven edge computing solutions with existing smart city 
infrastructure.   

Energy efficiency   Balancing computational performance with energy consumption to improve 
battery life and reduce environmental impact.   
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    Table 1. Continued. 

  

  

  

  

 

 

Smart healthcare 

AI enables predictive analytics and real-time health monitoring, improving patient outcomes and reducing 

costs. 

Smart environment 

AI-driven sensors track air and water quality, helping cities manage resources and reduce pollution [8]. 

Smart mobility 

AI improves traffic systems, reducing congestion and emissions through real-time management [9].   

Smart living 

AI enhances urban living by automating homes and improving safety and comfort. 

                                      Fig. 2. AI applications in smart city IoT infrastructure. 

 

2|Background and Related Work 

2.1|Smart City IoT Infrastructure 

Smart city IoT infrastructures are formed of interconnected sensors, devices, and systems that generate 

massive amounts of data. These infrastructures support various applications such as traffic management, 

environmental monitoring, public safety, and energy management. Each application produces and processes 

data in real time, requiring robust and efficient computing architectures to handle the data load. This section 

will explore existing IoT frameworks used in smart cities, their limitations, and the need for edge computing. 

2.2|Cloud Computing Limitations 

Cloud computing has been the traditional approach for handling the large-scale data produced by IoT devices. 

However, cloud-based architectures face significant challenges in smart city environments due to latency 

issues, bandwidth limitations, and centralized data processing bottlenecks [10]. These limitations are 

particularly problematic in scenarios requiring immediate action, such as real-time traffic monitoring and 

emergency response systems. 

Challenge   Description   

Ethical considerations   Addressing ethical concerns about data privacy, bias, and accountability in AI-
driven systems.   

Regulatory compliance   Adhering to relevant data privacy, cybersecurity, and other regulations.   

Maintenance and updates 
 

Ensuring prompt updates, maintenance, and security patches for edge devices 
and software.   
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  2.3|Edge Computing 

AI-driven edge computing plays a transformative role in smart cities by enabling real-time data processing 

and decision-making. In smart traffic management, edge computing helps perfect traffic flow by analyzing 

[11]. Real-time data from sensors and cameras, reducing congestion and improving mobility. Public safety is 

enhanced through AI-powered surveillance systems that detect threats and suspicious activities in real-time, 

allowing for quicker law enforcement responses. Environmental monitoring is another vital application, 

where edge devices track air quality and pollution levels, ensuring sustainable urban living conditions. 

Additionally, edge computing manages utilities like water and electricity, allowing for efficient resource 

distribution and anomaly detection. Autonomous transportation also benefits, as self-driving vehicles rely on 

edge processing for real-time navigation and obstacle detection, improving operational safety. These use cases 

prove how AI-driven edge computing optimizes city functions, making them safer, more efficient, and more 

sustainable. 

Fig. 3. AI-driven edge computing use cases in smart city. 
 

2.4|AI in Edge Computing                                                     

Integrating AI techniques like deep learning and Reinforcement Learning (RL) enhances edge computing by 

enabling devices at the edge to make decisions autonomously. This section will explore the role of AI in 

enabling real-time analytics, resource optimization, and dynamic task offloading. Federated learning will also 

be discussed to distribute machine learning model training across edge nodes while keeping data privacy. 

3|Proposed AI-Driven Edge Computing Framework 

3.1|System Architecture 

The proposed architecture comprises three main layers: IoT devices, edge nodes, and cloud servers. The IoT 

devices generate real-time data, which is processed at edge nodes using pre-trained AI models. The edge 

nodes perform localized decision-making, reducing the need to send raw data to cloud servers. Cloud servers 

handle long-term storage, large-scale data analysis, and model training, while the edge nodes focus on low-

latency processing. 

IoT devices layer 

IoT devices in smart city environments generate diverse data streams, such as temperature, traffic density, air 

quality, and energy consumption. These devices are equipped with limited computational power and thus 

offload data to edge nodes for processing. 

Edge layer 

Edge nodes are distributed throughout the city and positioned strategically near IoT devices to process data 

locally. These nodes are equipped with AI algorithms to perform predictive maintenance, anomaly detection, 

and real-time traffic optimization tasks. By processing data at the edge and minimizing latency, these nodes 

reduce the overall burden on cloud infrastructures. 
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  Cloud layer 

The cloud layer is the central repository for storing historical data and training AI models. Periodically, edge 

nodes synchronize with the cloud to update their AI models based on new data and improved algorithms. 

3.2|AI Algorithms at the Edge 

Integrating AI at the edge brings intelligence to decision-making processes, allowing for localized actions in 

real-time. The following AI algorithms are deployed at edge nodes: 

Deep learning 

Deep learning models such as Convolutional Neural Networks (CNNs) are used for image and video analytics 

in applications like smart surveillance and traffic management. These models allow edge nodes to detect 

objects, recognize patterns, and classify data efficiently. 

Reinforcement learning 

RL is applied in dynamic decision-making scenarios like traffic signal control and energy management. 

Through RL, edge nodes continuously learn from the environment and improve their decision-making 

strategies, enabling adaptive resource management in smart cities. 

Federated learning 

Federated learning enables multiple edge nodes to collaboratively train AI models without sharing raw data. 

Each node trains its model locally and shares only model updates with the cloud. This approach enhances 

privacy and reduces network congestion by keeping data distributed across edge devices. 

4|Application Scenarios 

4.1|Traffic Management 

AI-driven edge computing enables real-time traffic data analysis to perfect signal timings, reduce congestion, 

and improve vehicle flow. Edge nodes at traffic intersections analyze video feeds and sensor data to make 

autonomous decisions without relying on cloud servers, reducing delays and improving traffic efficiency. 

4.2|Smart Energy Grids 

Edge computing balances energy distribution in smart energy grids by predicting demand and perfecting 

energy allocation. AI models at the edge analyze data from smart meters and renewable energy sources to 

ensure efficient energy consumption and distribution. 

4.3|Environmental Monitoring 

Edge nodes equipped with AI models can analyze data from environmental sensors in real time to check air 

quality, detect pollution levels, and predict weather conditions. Localized data processing ensures prompt 

alerts and interventions, improving residents' quality of life. 

5|Performance Evaluation 

Latency reduction 

The proposed AI-driven edge computing framework significantly reduces latency compared to traditional 

cloud-based systems. By processing data closer to the source, edge nodes can deliver real-time responses to 

critical applications like traffic management and public safety. 

Bandwidth efficiency 



AI-driven edge computing in smart city IoT infrastructures… 

 

192

 

  The architecture reduces bandwidth usage by minimizing the amount of data sent to the cloud, allowing for 

more scalable and efficient IoT deployments in dense urban environments. 

Scalability 

The distributed nature of edge computing enhances the scalability of smart city IoT infrastructures. Edge 

nodes can be deployed in various locations, providing localized processing and decision-making, alleviating 

the burden on centralized cloud servers. 

6|Challenges and Future Directions 

Security and privacy 

Deploying AI models at the edge introduces potential security vulnerabilities, as edge nodes may be less secure 

than centralized cloud servers. Techniques like federated learning and encryption can mitigate these risks, but 

further research is needed to ensure robust security mechanisms. 

Resource constraints 

Edge nodes have limited computational and storage capacities compared to cloud servers. Efficient AI model 

compression and optimization techniques are needed to deploy resource-intensive AI algorithms on edge 

devices. 

AI model updates 

Maintaining up-to-date AI models across multiple edge nodes is a challenge. Federated learning provides a 

solution, but frequent updates may still be needed to account for changes in the environment and application 

requirements. 

7|Conclusion 

In conclusion, ai-driven edge computing architecture in a smart city is a key enabler of the next generation of 

urban ecosystems. As cities grow more complex, the demand for real-time, data-driven decision-making 

becomes paramount. By pushing computational tasks closer to where data is generated, edge computing 

alleviates the pressure on centralized cloud servers, reducing bandwidth consumption and minimizing delays 

in communication. This decentralization of processing power allows for smarter, quicker responses to critical 

urban needs, such as traffic flow optimization, energy management, public safety, and environmental 

sustainability. 

Furthermore, cities can continuously learn and adapt to evolving conditions by integrating AI at the edge. AI 

algorithms running on edge devices analyze data locally, making real-time predictive and autonomous 

decisions, whether adjusting street lighting based on foot traffic or managing smart grids to balance energy 

consumption. This real-time analysis and local decision-making create a highly responsive infrastructure that 

enhances the quality of life for citizens, improves operational efficiency, and fosters economic growth. 

Adopting AI-driven edge computing marks a significant shift toward smarter, more efficient cities. It ensures 

scalability, security, and sustainability, laying the groundwork for resilient urban systems tackling modern 

challenges. As technology continues to evolve, the synergy between AI and edge computing will be a crucial 

pillar in shaping the intelligent cities of tomorrow, where everything from transportation to healthcare 

becomes more interconnected, intelligent, and efficient. 
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