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Abstract

:

Overtraffic is one of the main keys to air pollution in urban areas. The aim of the present work is to review the approaches and explore the potentiality of AI in reducing traffic pollution in urban areas, ranging over three main areas: the optimization of traffic lights timing to reduce delays, the use of AI-powered drones to monitor pollution levels in real-time, and the use of fixed AI-based sensors to detect the levels of pollutants in the air with the use of AI models to identify patterns in the collected data and predict air quality in near-real time. Some attention was also dedicated to possible problems arising from privacy protection and data security, and the case study of the Piemonte area and of the city of Turin in the north–west of Italy is presented: the current situation is depicted, and possible local future applications of AI are explored. The use of AI has proven to be very promising in all three areas, particularly in the field of optimization of traffic lights’ timing and coordination in increasingly larger traffic networks.
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1. Introduction


Disruptive technologies such as big data, artificial intelligence (AI), the Internet of Things (IoT), or cloud and edge computing are transforming all economic sectors, including mobility and transportation: highly automated vehicles governed by artificial intelligence algorithms, able to interpret dynamic situations on the road and make real-time driving decisions, learning and becoming smarter; new vehicle manufacturing processes using advanced materials, much less heavy and more resistant, which reduce emissions while increasing safety and comfort. A literature review can be found in the work of [1].



According to experts, the concept of artificial intelligence is evolving, but four main features can be identified:




	
ability to learn;



	
ability to adapt;



	
ability to replicate and predict;



	
ability to improve existing processes.








The application of artificial intelligence to urban policies can bring a number of benefits that improve efficiency, safety, and sustainability. Some studies have shown that the use of AI is correlated to a reduction in air pollution, with particular reference to PM2.5 and SO2, by facilitating improvements in energy structures, energy efficiency, and digital infrastructures [2].



AI is also emerging as a transformative force across various industries, and transport systems are no exception. In particular, as far as the transport sector is concerned, AI will revolutionize both the public and private sectors, with challenges in planning and organization. By leveraging AI, cities can address traffic congestion, improve safety, and reduce environmental impacts, making urban mobility more sustainable and efficient. Traffic congestion is a pervasive problem in many cities, leading to increased travel times, fuel consumption, and emissions. Traffic congestion is also an economic problem; it has been shown that the USA spent over 115 billion dollars to face traffic congestion in 439 urban areas, just in 2010 [3].



AI has enormous potential to improve traffic flow, both in urban areas and on wider road networks. In fact, AI can help autonomous vehicles find available parking spaces more efficiently, reducing the time spent searching for a spot and the traffic generated by this activity. Regarding logistics, the predictive intelligent tools can reduce delivery times and transport costs by analyzing delivery data, optimizing vehicle routes, and improving supply chain efficiency. These are just a few examples of how artificial intelligence can help streamline traffic. Another example is the so-called adaptive traffic lights, also known as intelligent traffic lights, an innovative solution for optimizing traffic flow and reducing congestion. Unlike traditional traffic lights, which operate on fixed, pre-set timings, adaptive traffic lights use artificial intelligence and sensors to dynamically change the time cycle, following the incoming traffic.



AI technologies are then transforming traffic management by providing tools for real-time monitoring, predictive analysis, and dynamic control of traffic systems. Machine learning and predictive analytics help forecast and manage traffic flow, while computer vision and image processing enable real-time incident detection and traffic monitoring. IoT and sensors provide comprehensive data on traffic conditions, and data analytics and big data facilitate the analysis of these data to optimize traffic management strategies. Together, these technologies offer a promising solution to the challenges of urban traffic congestion, safety, and environmental impact, for example, adjusting the timing of green, yellow, and red lights based on real-time traffic conditions. A comprehensive review of the use of AI in transport can be found in [4].



Implementing these technologies requires significant investment in infrastructure and vehicles, but the potential benefits in terms of reducing traffic, improving road safety, and reducing pollution are enormous. Artificial intelligence is being used by several cities worldwide to enhance traffic management through experimentation or implementation. Here, a few examples are reported:




	
Pittsburgh has implemented the SURTRAC system, which uses AI to optimize traffic light timing in real time, reducing travel times and emissions [5].



	
Los Angeles uses an intelligent traffic light system that adapts to traffic flow, improving fluidity and reducing congestion [6,7,8].



	
Singapore uses AI to monitor traffic and predict congestion, enabling timely interventions to improve circulation [9].



	
In London, Transport for London uses AI to analyze traffic data and optimize the management of the road network and public transport [10].



	
Hangzhou has implemented the “City Brain System”, which uses AI to manage traffic, parking, and public transport, improving efficiency and reducing congestion [11].



	
Bangalore uses AI to monitor traffic and provide real-time information to drivers, helping them choose alternative routes and avoid the most congested areas [12].



	
Regione Piemonte, one of the twenty administrative regions of Italy, located in the north–west, has recently reviewed its Air Quality Plan. It has a program to use AI in cities to manage traffic lights, improve traffic fluidity, and reduce emissions [13]. Section 4.2 will be devoted to this particular case study.








The core of the SURTRAC system used in Pittsburgh is its real-time adaptive traffic signal control. The system employs a combination of cameras and radar sensors at intersections to monitor vehicle and pedestrian traffic. These data are fed into an AI algorithm that predicts traffic patterns and adjusts signal timings accordingly. The algorithm optimizes the flow of traffic by reducing stop times, minimizing delays, and preventing congestion from building up. One of SURTRAC’s key features is its scalability. The system can be easily expanded to cover additional intersections and adapt to changing traffic patterns. This scalability makes it a versatile solution for both small neighborhoods and large urban areas.



The case of Los Angeles is particularly interesting. Los Angeles, one of the most congested cities in the world, has implemented an artificial intelligence-based traffic management system called Automated Traffic Surveillance and Control (ATSAC). This system uses a network of cameras, sensors, and artificial intelligence algorithms to monitor traffic flow in real time and dynamically adjust traffic signal timings at over 4500 intersections. ATSAC collects traffic data from various sources, including cameras, vehicle detection sensors, and GPS data from smartphones and connected vehicles [6]. Then, AI processes the collected data to assess real-time traffic conditions, identifying congested areas, accidents, and other events that can affect traffic flow [7]. Based on the data analysis, the AI adjusts traffic signal timings dynamically, prioritizing directions with heavier traffic and reducing waiting times for vehicles in queues [8]. The system coordinates traffic signal timings across a wider network, considering traffic flow between different intersections and optimizing traffic circulation on an urban scale.



The implementation of ATSAC led to the following significant improvements in traffic management in Los Angeles:




	
Reduced travel times: average travel times have decreased by 12%, with an estimated time saving of 9.5 million hours per year for motorists.



	
Reduced emissions: reduced waiting times and improved traffic flow have led to a decrease in greenhouse gas emissions and other air pollutants.



	
Improved road safety: optimizing traffic light timing has helped reduce traffic accidents, particularly those caused by running red lights.



	
Optimization of public transport: the ATSAC system can prioritize public transport, improving punctuality and efficiency of service.



	
The Smart Mobility 2030 Plan of Singapore aims to enhance mobility through technology and innovation. The key issues include connected vehicles to improve traffic flow and safety, smart parking systems that can help to reduce the time spent searching for parking spaces, and the utilization of AI in road safety for monitoring and analyzing traffic violations and accidents, helping to identify high-risk areas and implement safety measures.








In London, AI technologies are used to improve the efficiency and reliability of public transport; in particular, AI predicts when buses, trains, and other vehicles will need maintenance, reducing downtime and preventing service disruptions, and helps in managing passenger flows in busy stations and on platforms. Real-time data analysis aids Transport for London to organize staff where needed most and manage crowd control efficiently.



In Hangzou, the City Brain system, developed by Alibaba Cloud, utilizes AI to enhance urban management, with a primary focus on traffic control. Key components of the system include: (1) data collection from various sources—including traffic cameras, sensors, and GPS devices; (2) real-time analysis (the algorithms process these data in real-time to monitor traffic conditions, predict congestion, and optimize traffic flow); and (3) centralized control (the system integrates data from different departments, providing a unified platform for managing traffic and other urban services).



AI has significantly improved traffic management in Bangalore through adaptive signal control, real-time monitoring, and predictive analytics, reducing congestion and travel times. Enhanced road safety and environmental benefits have also been achieved. Advanced traffic management centers and optimized public transport routes showcase the successful implementation of AI. Future prospects include autonomous vehicles and smart infrastructure, highlighting the importance of public–private collaboration.



Big data, IoT, satellite images and data, cloud computing, smartphones, and hybrid models with AI and machine learning (ML) are currently being used also in the air quality management. Many studies have stressed the importance of these technologies in setting policies, monitoring, identifying emission sources, prediction, health assessment, and citizen participation. A comprehensive review can be found in the work [14].



The aim of the present work is to review the approaches and explore the potential of AI in reducing traffic pollution in urban areas, ranging over three main areas: the optimization of traffic lights timing to reduce delays, the use of AI-powered drones to monitor pollution levels in real-time, and the use of fixed AI-based sensors to detect the levels of pollutants in the air with the use of AI models to identify patterns in the collected data and predict air quality in near-real time. Section 4.1 is dedicated to possible problems arising from privacy protection and data security, and Section 4.2 presents the case study of the Piemonte area and of the city of Turin in the north–west of Italy, where the current situation is depicted and possible local future applications of AI are explored. Finally, Section 5 is dedicated to concluding remarks and possible future perspectives of the present research.




2. Materials and Methods


This study reports the state of the art of the potentiality of AI in reducing traffic pollution in urban areas. A review of the publications available on the main research databases has been performed.



In particular, this study conducted research on the following databases: Scopus, IEEE Xplore, Science Direct, and Research Gate. Scopus is a scientific abstract and citation database, launched by the academic publisher Elsevier. ScienceDirect is a searchable web-based bibliographic database, which provides access to more than 4000 academic journals and 30,000 e-books of the Dutch publisher Elsevier as well as of the ones published by several small other academic publishers. IEEE Xplore is a research database consisting of more than 5 million documents published in 300 peer-reviewed journals, more than 1900 global conferences, more than 11,000 technical standards, almost 5000 e-books, and over 500 online courses on computer science, electrical engineering and electronics, and allied fields. Approximately 20,000 new documents are added each month. It contains material published mainly by the Institute of Electrical and Electronics Engineers (IEEE), but also other publishers’ material. Research Gate is a European commercial social networking site for scientists and researchers to share papers, ask and answer questions, and find collaborators.



The used keywords were as follows: traffic lights, air quality, AI for Section 3.1; drones, AI, air quality for Section 3.2; sensors, AI, and air quality for Section 3.3; and privacy, data security, and AI for Section 4.1. Among the results obtained, 148 papers, conference proceedings, and book chapters have been considered and examined, but only 69 have finally proved to be useful for the present research. When it comes to the criteria of selection, papers describing the different approaches used in the optimization of traffic lights’ timing have been considered for Section 3.1, along with the ones focused on increasingly larger traffic networks. For Section 3.2, particular attention was paid to papers describing the main advantages and problems arising with the use of drones, together with their use with AI. Basically, the same criteria have been used for Section 3.3, whereas Section 4.1 has seen the selection of paper describing the main solutions developed to protect data security and people’s privacy.



In Section 4.2, dedicated to the case study of Piemonte, traffic data provided by 5T, which is an in-house company operating on behalf of the City of Turin, Regione Piemonte, and the Metropolitan City of Turin, managing mobility systems and services (https://www.5t.torino.it/, URL accessed on 13 October 2024), has been processed. These data represent the average speeds of vehicles in several road sections of Regione Piemonte in 2022. They also provide the vehicles’ speed in free flow conditions. It was then possible to calculate the ratio between average speed and speed in free flow conditions for each road section and represent it with a color scale in the figures reported in Section 4.2. The open source software Q-Gis, version 3.34.6-Prizren, has been used to process the data, and the results have been represented using the software Arc-GIS Earth, version 2.0.0.3810, released by ESRI on 2 July 2023.




3. Results


As already stated before, the aim of the present work is to explore the potentiality of AI in reducing pollution in urban areas, ranging over three main areas: Section 3.1 is devoted to the optimization of traffic lights timing to reduce delays; Section 3.2 investigates the use of AI-powered drones to monitor pollution levels in real-time, enabling authorities to detect and respond to incidents quickly, preventing critical episodes for air quality; and Section 3.3 deals with the use of fixed AI-based sensors to detect the levels of pollutants in the air and the use of AI models to identify patterns in the collected data and predict air quality in near-real time.



3.1. Optimization of Traffic Light Timing Using AI


Even if exposure assessments focusing on traffic intersections (TI) are still limited, some recent works have demonstrated that signalized TI are pollution hotspots. Particularly, it has been shown that median PM10, PM2.5, and PM1 during delays at TI are 40, 16, and 17% higher compared with free flow conditions [15], and higher concentrations of PM10, PM2.5, and PM1 have been observed at TI with respect to street canyons, parks, and indoor ambients [16]. Other studies have focused on NOx, showing that peak concentrations around signalized TI are five times higher than the quasi-cruising conditions, with 200–1000 extra ppb of NOx at the center of the intersection [17]. It has also been shown the importance of reducing PM pollution at urban TI for health protection purposes [18], and it has been estimated that extreme congestions can cause 20,000 additional deaths due to PM2.5 and 5000 due to O3 in China [19].



A traffic light works by assigning right-of-way to one traffic lane (or many non-conflicting traffic lanes) at a time. The right of way is assigned by turning on a green light for a certain time interval and ends by turning on a yellow light, which starts a change interval, followed by a red light. The typical parameters of traffic light control are cycle, split, and offset [20]. Cycle is the total time of signal indication of green, yellow, and red lights. Split is the sum of green and yellow lights’ times. Offset is the delay between the green light starting time in two traffic lights at the same intersection. Usually, cycle, split, and offset follow a daily routine, which is fixed for every traffic light, eventually changing their duration during daytime to face rush hours, but always according to the same previously established cycle. This solution is simple and economic because it allows to avoid traffic detection, but it causes an increment of delay and emissions [21]. Other possible strategies are traffic responsive strategies, isolated-intersection strategies, and coordinated intersection strategies (for a detailed review, see [9]). It has been demonstrated that pollutants’ concentrations are significantly influenced by the signal control pattern [22] and that the intervention on traffic lights’ time cycle causes NOx emissions reduction [23].



In order to reduce delays at TI and perceive a smoother traffic flow, causing a consequent reduction in pollution, various approaches based on AI algorithms have been used to manage traffic signal timing, usually for coordinated intersection strategies. These include: (1) fuzzy logic [24]; (2) Swarm Intelligence [20,25,26]; and (3) machine learning methods such as Reinforcement Learning [21,27,28,29,30].



In [24], a traffic-responsive signal control system is presented, the geometric fuzzy multiagent system (GFMAS), which is based on a geometric type-2 fuzzy inference system. A simulation has been performed over a virtual road network replicating the central business district of Singapore. The results of the simulations show that the GFMAS model performs better than the existing traffic-control algorithms, i.e., green link determining (GLIDE) and hierarchical multiagent system (HMS), obtaining better reductions in traffic and emissions.



Ref. [25] is instead focused on the use of Swarm Intelligence, which is a branch of AI based on the study of the behavior of individuals in various decentralized systems, such as social insect colonies, in which very simple organisms can perform together highly complex tasks by dynamically interacting with each other. In the cited paper, a classification and analysis of the results achieved using Swarm Intelligence to model complex traffic and transportation processes is presented. Among these, a study [31] on traffic light coordination over a traffic network with nine intersections is presented. It is shown that the ant algorithm working on the whole network performs significantly better than the traffic responsive control system of an isolated intersection.



Ref. [27] is a study on a five-intersection traffic network. The work demonstrates the advantage of using a Multi-Agent Reinforcement Learning-based control over a Longest-Queue-First algorithm governing a single intersection. In [29], a Multi-Agent Deep Reinforcement Learning Algorithm called Multi-Agent Advantage Actor Critic (MA2C) is presented. Traffic and emissions simulations were run in two traffic networks located in Bologna (Italy), Andrea Costa (7 signalized intersections acting as agents) and Monte Pasubio (8 signalized intersection action as agents). It has been demonstrated that MA2C produces a reduction in traffic and emissions with respect to non-coordinated networks



The article reported in [30], provides a comprehensive review of machine learning (ML) and deep learning (DL) techniques applied to traffic flow prediction within Intelligent Transportation Systems (ITSs). The core objectives of ITS are to resolve traffic congestion, improve safety, reduce emissions, and enhance overall transportation efficiency. ITS integrates advanced data communication technologies to create a real-time, accurate transportation management system. The paper provides an in-depth analysis of the strengths and limitations of various ML and DL techniques, emphasizing the potential of these technologies to revolutionize traffic management in smart cities.



Google Corporation has recently launched his “Green Light” project (https://sites.research.google/greenlight, URL accessed on 13 October 2024), which uses AI and Google Maps’ driving trends to obtain indications to optimize the timing and coordination of traffic lights. The project has been adopted in 12 cities worldwide: Abu Dhabi, Bali, Bangalore, Budapest, Haifa, Hamburg, Hyderabad, Jakarta, Kolkata, Manchester, Rio de Janeiro, and Seattle. The benefits of this method over other approaches have been recently investigated in the case study of Haifa, which is the third city of Israel, with a population of 285,000 inhabitants, 125,000 registered cars, and a road system that includes 162 intersections with traffic lights, serving a metropolitan area of 1,000,000 people [32]. In this study, the authors report their studies on the traffic variability in Haifa and propose a simple method to measure it, based on traffic volumes and delays, on a city-wide scale. Particularly, they used aggregated and anonymized datasets, computed processing unidentifiable trajectories from navigation applications, so that they do not have to use sensors or cameras.



Then, they show that traffic variability can heavily affect the effectiveness of fixed traffic light plans, and possible solutions to mitigate the impact of variability are presented: (1) increasing the number of plans per day decreases traffic variability; (2) positive effects on traffic can be obtained by identifying in advance main public events; and (3) positive effects can also be obtained by detecting changes in traffic distribution. Initial deployment of the method worldwide is said to have shown a reduction of up to 30% in queueing time and 10% in green-house gas emissions.



The use of AI algorithms to dynamically adjust the traffic signal duration to real-time traffic data in increasingly larger traffic networks is very promising in terms of queues and atmospheric emission reduction. However, many of the aforementioned studies do not take into account the fact that TI in cities also involves pedestrians and bicycles. Therefore, in the optimization of signal control, the needs of pedestrians and non-motorized vehicles should be considered, not only looking at the improvement of traffic efficiencies at intersections but also ensuring pedestrians’ and non-motorized vehicles’ safety. Moreover, traffic light control optimization is usually considered alone, without taking into account the effect of other strategies, such as parking management, public transport priority, etc. An integrated optimization should be pursued in order to achieve a more comprehensive result. Issues of privacy protection and data security also arise. They are addressed in Section 4.1.




3.2. Use of AI-Powered Drones


It is immediately clear that it is not possible to establish a static air quality monitoring station everywhere. Usually, a network of fixed air quality monitoring stations is used together with one or more mathematical models, with a spatial resolution of some kms. The aim is not to measure pollutants’ concentration on a small spatial and temporal scale. The purpose seems rather to be the integration of both stations and mathematical dispersion models to obtain the representation on a county scale of the daily and annual mean concentrations of the main pollutants.



If a smaller spatial and temporal scale is needed, a network of fixed monitoring stations is not adequate; they are fairly sparse and usually situated at irregular spatial intervals. Moreover, on the very small scale, they are only representative of what is happening at the ground level, and they cannot give an overall indication of air contamination (e.g., when tall buildings are present in small scale areas).



In recent years, a mobile solution has been proposed to overcome these problems: unmanned aerial vehicles (UAVs), if equipped with the necessary sensors, can act as independent air monitoring stations and air emission trackers. Moreover, UAVs offer various benefits, incorporating flexible technologies, such as wireless communication. UAVs have been used to obtain 3D maps of PM2.5 concentrations at various altitudes [33], and their use has been investigated as a part of the PM2.5 monitoring system [34], also with the use of IoT technology [35]. Both of these technologies provide more advantages if they are used together, integrated into what has been called the “Internet of Drones”. Air pollution parameters have also been measured and represented in maps based on coordinates [36]. An interesting and more deep review can be found in [34,37,38].



Recently, the UAV-measured data have been used as inputs for a deep learning (DL) model [37]. In this study, after placing the array of sensors on the drone, it was made to fly over the chosen sites. The collected data have then been transferred to the cloud and pre-processed to remove noise and the missings. After that, they have been fed to a DL-based bidirectional gated recurrent unit (Bi-GRU), which retains contextual information throughout the training process, enhancing it. The results of the model have shown to be very close to the real-time data of the same region and better when compared to other types of AI-based prediction models of air quality, proposing a new perspective for the use of smart drones to monitor air quality and of a DL model to forecast it.



Another recent study has proposed a drone-based air quality monitoring solution for a whole city [39]. The entire urban area of Mersin in Turkey has been divided into subregions, and distinct measurements were conducted in each of them, obtaining high-resolution pollution maps. The drone operated autonomously, eliminating in this way the potential errors associated with manual control. This study has also carried out a comparison between the results obtained by UAV-based measurements and the one obtained by a fixed air quality monitoring station, showing that the average relative errors by using UAVs are approximately 6.2% for PM2.5 and 6.6% for PM10.



In recent years, SNPA, the Italian national network of Regional Environmental Protection Agencies, has proposed to use drones for environmental monitoring purposes and is currently preparing technical guidelines to reach its aim [40].



However, some problems still remain to be solved and need further research. The magnetic field of the drone, the sound generated by the rotors, and the sudden changes in weather conditions have some influence on the result of the measurements [37]. When pollutants are found as a mixture, it is not easy to measure each of them separately [41,42]. Safety measures must be followed while using UAVs in cities, owing to the presence of tall buildings, trees, power lines, etc., and restrictions are applied in the use of drones for commercial, research, and private purposes [43,44]. Problems arise also from the sensitivity of the sensors used on UAVs when compared to the ones employed in fixed stations and from the brief duration of the sampling time.



As already mentioned, privacy protection problems also arise in this field. They will be briefly summarized in Section 4.1.




3.3. Use of Fixed AI-Based Sensors to Detect the Levels of Pollutants


Estimating the air quality of a region and issuing a warning based on the air quality value is critical to avoid exposure to hazardous pollutants and thus avoid health issues.



If the intention is to investigate on a small spatial or temporal scale, the existing air quality network is not effective. In this case, it can be supported by UAVs, as already stated in the previous section, but also by diffuse low-cost pollution sensors. The study [45] is devoted to the integration of a network of fixed monitoring stations with distributed fixed and mobile low-cost sensors, whereas [46] provides a 100-meter spatial resolution and 10-hour temporal resolution method to forecast PM2.5 concentrations using a network of low-cost sensors in the cities of Denver, Columbus, and Pittsburgh (USA). Predictions with 5-hour temporal resolutions are obtained by a combination of three AI algorithms in [47]. The model proposed by [48] instead offers a 30-meter spatial resolution and 1-day temporal resolution predictions for PM2.5.



These technological devices are low-cost, compact, and have a low power demand, so their use is going to change air quality monitoring and partially has already achieved so [49]. It has also been shown that soft sensors can be really fast when compared to traditional instruments [50,51]. However, there are still technological challenges in using low-cost pollution sensors, such as their sensitivity, their operational stability, and the duration of their service life; an overview of the problems arising is presented in [52]. A comprehensive review of the efforts made to overcome these problems is reported in [53]. The study [54] is devoted to presenting a new method for accurately calibrating low-cost NO2 sensors using neural networks trained to forecast sensor correction coefficients and a reference set of data collected from a high-performance fixed monitoring station in the city of Gdansk, Poland.



Low-cost air quality sensors can be used in combination with traffic detectors to observe correlation between traffic and air quality; an example can be found in the work by [55], which uses an automated ML modeling framework and human mobility big data. As stated by the authors of the cited work, the output of these models can help public health officials and policymakers to propose solutions in areas with high PM2.5 concentrations (i.e., promote green spaces or reduce emissions from major transportation hubs), identify areas where vulnerable people may be exposed to air pollution, and support evidence-based decision-making. In the aforementioned work [53], the authors established a low-cost network of air quality and traffic sensors at three intersections in the city center of Bielsko-Biała (Poland), measuring PM1/PM10 and PM2.5/PM10 hourly averages for almost a month. They found that the traffic contribution to PM2.5 was between 6 and 27% and that the worst air quality classes were often recorded after the afternoon commute peak.



Low-cost sensors can also be used, along with forecasting models, to manage traffic and develop a strategy to prevent congestion. In particular, the concentration measured by diffused soft sensors can be modeled to predict future values with various statistical methods. A comprehensive review of the methods used from now on can be found in [3], which proposes also to use neural networks to obtain a non-linear statistical modeling of PM2.5 concentrations. They propose to use a Bayesian Regularized Neural Network (BRNN) via Forward Feature Selection (FFS) to forecast PM2.5 concentrations in Zuoying district, which is one of the most polluted areas in Taiwan. They found a good correlation, with R-squared around 0.95, and finally propose an air quality warning system, which is very similar to Regione Piemonte’s “Air Quality Traffic Light” (see Section 4.2). Other works have shown that better results in the forecast of pollutants’ concentrations can be found using an artificial neural network with respect to a linear regression model [56].



The use of low-cost sensors together with AI-driven digital solutions is spreading also in developing countries, where often a network of fixed monitoring stations is not present. In a recent work [57], the AirQo research project (https://airqo.africa, URL accessed on 13 October 2024) is presented, which is a social impact research project started in 2015 at Makerere University, Kampala, Uganda. The project is focused on IoT, data, and AI technologies to support African cities in establishing sustainable and low-cost data systems for tracking and managing air quality. AirQo offers digital solutions, including custom-designed low-cost air quality monitors based on IoT technology, a methodology for deploying a high-resolution air quality monitoring network, AI-powered digital tools for air quality monitoring, and other services that aim to involve citizens and decision-makers in the process.





4. Discussion


4.1. Privacy and Security Questions to Be Solved


On 19 July 2024 the Italian Data Protection Authority opened an investigation into the use of artificial intelligence in the management of traffic lights in the city of Turin to verify the presence of citizens’ privacy violations with reference to the current EU laws see [58,59,60]).



This recent fact sheds some light on one of the two main problems arising from the use of AI technologies, i.e., people’s privacy protection and data security of the whole system. Some works have shown that AI-based systems can be subject to external attackers, which can exploit security vulnerabilities for information theft to take control of the system or perform Distributed Denial of Service attacks [61,62].



Machine learning models are trained on raw data that contain sensitive information, and data sharing can lead to information leakage. Many different works propose the use of Federated Learning (FL) to avoid these problems because FL users locally train models and only the trained model parameters are transmitted to the remote servers without disclosing private datasets (e.g., [63,64,65]). In fact, FL is a machine learning setting where many users (or clients, e.g., mobile phones, sensors, etc.) train together a model under the direction of a central server (e.g., server provider) while maintaining the data training process [66]. An example of a FL-based computing scheme for the use of drones to monitor urban transportation can be found in [67].



However, neither FL is immune to external attacks. The problem of securely transmitting model parameters without disclosing private datasets is known as secure aggregation, and the proposed solutions still suffer in the case of complex networks. The study [68] proposes to use a particular version of differential privacy, which employs cryptographic techniques in combination with randomization procedures in the transmission of data from the user to the aggregator [69,70]. This way of using differential privacy offers an efficient way to deal with the problem, but it must be underlined that it remains a challenge to maintain an appropriate trade-off between privacy and model quality in DL models.




4.2. A Case Study: The Piemonte Area in the North–West of Italy


Ref. [71] has established that Member States of the European Union (EU) shall assess ambient air quality in all their zones and agglomerations, and that in all zones and agglomerations where the level of pollutants exceeds the upper assessment threshold, fixed measurement stations shall be used to assess the ambient air quality, eventually supplemented by modeling techniques and/or indicative measurements to provide adequate information on the spatial distribution of the ambient air quality. “Zone” means part of the territory of a Member State, as delimited by that Member State for the purposes of air quality assessment and management, whereas “agglomeration” means a zone that is a conurbation with a population of more than 250,000 inhabitants or, where the population is 250,000 inhabitants or less, with a given population density per square km.



It is immediately clear that it is not possible to establish a static monitoring station everywhere. With regard to the already mentioned Regione Piemonte, a comprehensive system of 58 stations has been established in a territory that is 25,387.07 square kilometers wide (see Figure 1 and ref. [72]). Moreover, the mathematical models in use have a spatial resolution of 4 km. The aim of the Directive is not to measure pollutants’ concentration on a small spatial and temporal scale, which cannot be obtained by a network of stationary air quality monitoring stations. The purpose seems rather to be the integration of both stations and mathematical dispersion models to obtain the representation on a county scale of the daily and annual mean concentrations of the main pollutants.



In the northern part of Italy, the Po valley suffers from one of the worst air qualities in Europe, due to high anthropogenic emissions in combination with frequently occurring stagnant atmospheric conditions [73,74,75], as one can notice in Figure 2.



Following an agreement between the Italian Regions of the Po valley, Regione Piemonte has decided to introduce the possibility of activating temporary measures in the period between 15 September and 15 April. The measures are activated when the air quality forecasts, formulated by ARPA Piemonte—the Regional Environmental Protection Agency—on the basis of integrated meteorological and air quality evaluation and forecasting modeling systems, indicate the exceeding of the daily limit value of PM10 for three consecutive days, i.e., the control day and the two following days. The air quality forecasts are represented as a traffic light, with red light meaning the forecast of three consecutive days above the value of 75 μg/m3 of PM10, orange representing the forecast of three consecutive days above the value of 50 μg/m3 of PM10 (the daily limit value imposed by the EU), and green light meaning no troubles. The temporary measures to be adopted concern mobility, heating, and agriculture and consist of limitations to vehicular traffic, bans on burning plant material and any open combustion, limitations on the distribution of fertilizers and animal manure spreading, and limitations regarding fuels and heat generators for domestic heating [76].



The “Air Quality Traffic Light”, which is the forecast coming from the integrated air quality evaluation and modeling system, is devoted to a county scale, having a spatial resolution of 4 km and daily average concentration values (i.e., temporal resolution of 1 day). It plays a role that is very similar to the air quality warning system proposed by [50], based on BRNN-FFS, even if on completely different bases.



Traffic plays a central role in the bad air quality levels measured in Piemonte, especially in winter time. In Figure 3, a particular of the city center of Turin, with 850,000 inhabitants in the north–west of Italy, can be seen. Each road segment has been colored in red if the average speed in 2022 was less than 50% of the speed in free flow conditions, in orange if it was between 50 and 75%, in yellow if it was found among 75 and 95%, and in green if it was more than 95% (data provided by 5T). Even if they are yearly averages, lowering the peaks of traffic congestion in rush hours, there are still many red and orange segments, highlighting the traffic problems of the city.



In future work, the authors aim at extending the analysis of annual traffic data in the City of Turin, provided by 5T, to different years and to make a comparison between the average annual speed/speed in free flow conditions ratio and the annual mean concentrations of PM2.5, PM10, and NOX measured by the fixed air quality monitoring stations located near TI to obtain local confirmation that pollution at TI is strictly connected to traffic delays. In Figure 4, an example can be seen of a TI of interest, located near the air quality monitoring station called “Torino—Grassi”.



Regione Piemonte, with an official act [77], has recently adopted a new Regional Air Quality Plan, with a full new set of action and measures to achieve its strict air quality targets (see “Annex A—Actions and Measures” to the plan, [13]). Following the examples cited in the Introduction Section, one of the proposed actions is devoted to the use of AI to manage the whole traffic lights system of a city to obtain smoother traffic and a reduction in pollutants’ emissions. Regione Piemonte aims to experiment it in Turin, the most important and populous city of the north–west of Italy and the 4th by population of the whole country, with approximately 850,000 inhabitants, and then to extend it to all the cities with more than 30,000 inhabitants. The application of this measure is expected to reduce emissions of NOx by approximately 297 t/a, PM10 by 61.3 t/a, and PM2.5 by approximately 24.5 t/a.



The authors aim at following the application of AI technologies to manage the whole traffic lights system of Turin and to verify, as far as possible, the expected reduction in pollutant emissions.





5. Conclusions


In this study the potential of AI to reduce pollution in urban areas has been explored, through a review of the current scientific literature, ranging over the following three areas: the optimization of traffic lights timing to reduce delays (Section 3.1); the use of AI-powered drones to monitor pollution levels on a small time and dimensional scale, enabling authorities to detect and respond to incidents quickly, preventing critical episodes for air quality (Section 3.2); and the use of fixed AI-based sensors to detect pollutants’ levels in the air on a small time and dimensional scale and the use of AI models to identify patterns in the collected data and predict air quality in near-real time (Section 3.3).



The use of AI to optimize traffic light timing and coordination in increasingly larger traffic networks has proven to be very promising. Several works have demonstrated that coordinated traffic lights obtain better results with respect to the optimization of a single traffic light and that an optimized time cycle performs better than a fixed plan in terms of queues and emission reduction. The research in this area seems to move in the direction of a dynamical adaptation of traffic light timing on a city-wide scale, based on real-time traffic data, both given by fixed sensors or by aggregated and anonymized datasets, computed processing unidentifiable trajectories from navigation applications. Some questions remain to be solved because the needs and safety of pedestrians and non-motorized vehicles are usually not considered, and traffic light control optimization is usually considered alone, without taking into account the effect of other strategies, such as parking management, public transport priority, etc.



When it comes to the use of drones, they have proven to be very useful on a small spatial and temporal scale, where a network of fixed monitoring stations is not adequate. UAVs, if equipped with the necessary sensors, can act as independent air monitoring stations and air emission trackers. Recently, the UAV measured data have been used as inputs for a DL model, whose results have shown to be very close to the real-time data of the same region and better when compared to other types of AI-based prediction models of air quality, proposing a new perspective for the use of smart drones to monitor air quality and of a DL model to forecast it. However, the following problems need further research: (1) the magnetic field of the drone, the sound generated by the rotors and the sudden changes in weather conditions have some influence on the result of the measurements; (2) when pollutants are found as a mixture, it is not easy to measure each of them separately; (3) safety measures must be followed while using UAVs in cities, owing to the presence of tall buildings, trees, power lines, etc., and restrictions are applied in the use of drone for commercial, research and private purposes; and (4) problems arise also from sensitivity of the used sensors when compared to the ones employed in fixed stations and from the brief duration of the sampling time.



If the intention is to investigate on a smaller spatial or temporal scale, the existing air quality network can also be supported by diffuse low-cost pollution sensors, which can provide a method to measure (and the forecast, together with AI algorithms) pollutants’ concentrations at a spatial resolution up to 30–100 m and a temporal resolution up to 5–10 h. These technological devices are low-cost, compact, and have a low power demand, so their use is going to change air quality monitoring and partially has already achieved so. However, there are still technological challenges in using low-cost pollution sensors, such as their sensitivity, their operational stability, and the duration of their service life.



Problems of privacy protection and data security arise from all three areas. Some works have shown that AI-based systems can be subject to external attackers, which can exploit security vulnerabilities for information theft to take control of the system or perform Distributed Denial of Service attacks. Many different studies propose using FL to avoid these problems because FL users locally train models and only the trained model parameters are transmitted to the remote servers without disclosing private datasets. Some authors have also proposed using a particular version of differential privacy, which employs cryptographic techniques in combination with randomization procedures in the transmission of data from the user to the aggregator. This way to use differential privacy offers an efficient way to deal with the problem, but it must be underlined that it remains a challenge to maintain an appropriate trade-off between privacy and model quality in DL tasks.







Author Contributions


Conceptualization, A.R., L.M., E.B., E.R. and C.B.; methodology, E.B. and C.B.; validation, A.R., E.B. and L.M.; formal analysis, E.B. and C.B.; investigation, E.R.; resources, E.B. and E.R.; data curation, E.R.; writing—original draft preparation, C.B. and E.R.; writing—review and editing, E.B.; supervision, A.R., L.M. and C.B.; project administration, C.B. All authors have read and agreed to the published version of the manuscript.




Funding


This research received no external funding.




Institutional Review Board Statement


Not applicable.




Informed Consent Statement


Not applicable.




Data Availability Statement


Traffic data used in Section 4.2 are property of 5T. In case of interest they should be requested to the owner.




Use of Artificial Intelligence


AI or AI-assisted tools were not used in drafting any aspect of this manuscript.




Conflicts of Interest


The authors declare no conflicts of interest.




References


	



Jiang, H.; Geertman, S.; Witte, P. The contextualization of smart city technologies: An international comparison. J. Urban Manag. 2023, 12, 33–43. [Google Scholar] [CrossRef]

	



Chu, Z.; Chen, P.; Zhang, Z.; Chen, Z. Other’s shoes also fit well: AI technologies contribute to China’s blue skies as well as carbon reduction. J. Environ. Manag. 2024, 353, 120171. [Google Scholar] [CrossRef]

	



Schrank, D.; Eisele, B.; Lomax, T. TTI’s 2012 Urban Mobility Report Powered by INRIX Traffic Data; Report; Texas A&M Transportation Institute; exas A&M University: TCollege Station, TX, USA, 2012; pp. 1–4. [Google Scholar]

	



Abduljabbar, R.; Dia, H.; Liyanage, S.; Bagloee, S.A. Applications of Artificial intelligence in transport: An overview. Sustainability 2019, 11, 189. [Google Scholar] [CrossRef]

	



Khattak, Z.H.; Magalotti, M.J.; Fontaine, M.D. Operational performance evaluation of adaptive traffic control systems: A Bayesian modeling approach using real-world GPS and private sector PROBE data. J. Intell. Transp. Syst. 2020, 24, 156–170. [Google Scholar] [CrossRef]

	



Fisher, J.E. ATSAC: 25 years later. Inst. Transp. Eng. J. 2011, 81, 48–53. [Google Scholar]

	



Webb, A. Distributed Cognition: Assessing the Structure of Urban Scale Artificial Intelligence. Int. Robot. Autom. J. 2017, 2, 187–194. [Google Scholar] [CrossRef]

	



Dauletbak, D.; Woo, J. Big Data analysis and prediction of traffic in Los Angeles. KSII Trans. Internet Inf. Syst. 2020, 14, 841–854. [Google Scholar]

	



Zhang, Y.; Su, R. An optimization model and traffic light control scheme for heterogeneous traffic systems. Transp. Res. Part C Emerg. Technol. 2021, 124, 102911. [Google Scholar] [CrossRef]

	



Iyer, L.S. AI enabled applications towards intelligent transportation. Transp. Eng. 2021, 5, 100083. [Google Scholar] [CrossRef]

	



Caprotti, F.; Dong, L. Platform urbanism and the Chinese smart city: The Co-production and territorialisation of Hangzhou city Brain. GeoJournal 2020, 87, 1559–1573. [Google Scholar] [CrossRef]

	



Jain, V.; Mitra, A. Integrative hybrid information systems for enhanced traffic maintenance and control in Bangalore: A synchronized approach. In Hybrid Informations Systems, 1st ed.; Walter de Gruyter GmbH: Berlin, Germany; Boston, MA, USA, 2024; pp. 223–240. [Google Scholar]

	



Regione Piemonte New Air Quality Plan 2024, Annex A—Actions and Measures. Available online: https://www.regione.piemonte.it/web/temi/ambiente-territorio/ambiente/aria/aggiornamento-piano-regionale-qualita-dellaria-prqa (accessed on 13 October 2024).

	



Kaginalkar, A.; Kumar, S.; Gargava, P.; Niyogi, D. Review of urban computing in air quality management as smart city service: An integrated IoT, AI, and cloud technology perspective. Urban Clim. 2021, 39, 100972. [Google Scholar] [CrossRef]

	



Kumar, P.; Goel, A. Concentration dynamics of coarse and fine particulate matter at and around signalised traffic intersections. Environ. Sci. Process. Impacts 2016, 18, 1220. [Google Scholar] [CrossRef]

	



Tomson, M.; Kumar, P.; Kalaiarasan, G.; Zavala-Reyes, J.C.; Chiapasco, M.; Sephton, M.A.; Young, G.; Porter, A.E. Pollutant concentrations and exposure variability in four urban microenvironments of London. Atmos. Environ. 2023, 298, 119624. [Google Scholar] [CrossRef]

	



Kim, K.H.; Lee, S.-B.; Woo, S.H.; Bae, G.-N. NOx profile around a signalized intersection of busy roadway. Atmos. Environ. 2014, 97, 144–154. [Google Scholar] [CrossRef]

	



He, H.; Gao, H. Particulate matter exposure at a densely populated urban traffic intersection and crosswalk. Environ. Pollut. 2021, 268, 115931. [Google Scholar] [CrossRef]

	



Wang, P.; Zhang, R.; Sun, S.; Gao, M.; Zheng, B.; Zhang, D.; Zhang, Y.; Carmichael, G.R.; Zhang, H. Aggravated air pollution and health burden due to traffic congestion in urban China. Atmos. Chem. Phys. 2023, 23, 2983–2996. [Google Scholar] [CrossRef]

	



Lee, H.-H. Real-Time Stochastic optimum control of traffic signals. J. Inf. Commun. Converg. Eng. 2013, 11, 30–44. [Google Scholar] [CrossRef]

	



Hippolitus, J.; Victor, N.J.N.; Bogavalli, R.; Premkumar, S.; Premkumar, A. Traffic signal control using machine learning. Int. J. Mech. Prod. Eng. Res. Dev. 2020, 10, 10849–10872. [Google Scholar]

	



Zheng, T.; Xiang, S.; Zhang, S.; Wu, Y. Variability of traffic-related air pollutants at two and four-phase intersections. Atmos. Pollut. Res. 2023, 14, 101936. [Google Scholar] [CrossRef]

	



Munir, S.; Luo, Z.; Dixon, T.; Manla, G.; Francis, D.; Chen, H.; Liu, Y. The impact of smart traffic interventions on roadside air quality employing machine learning approaches. Transp. Res. Part D 2022, 110, 103408. [Google Scholar] [CrossRef]

	



Gokulan, B.P.; Srinivasan, D. Distributed geometric fuzzy multiagent urban traffic signal control. IEEE Trans. Intell. Trasp. Syst. 2010, 11, 714–727. [Google Scholar] [CrossRef]

	



Teodorovic, D. Swarm intelligence systems for transportation engineering: Principles and applications. Transp. Res. Part C Emerg. Technol. 2008, 16, 651–667. [Google Scholar] [CrossRef]

	



Wei, J.; Ju, Y. Research on optimization method for traffic signal control at intersections in smart cities based on adaptive artificial fish swarm algorithm. Helyon 2024, 10, e30657. [Google Scholar] [CrossRef]

	



Arel, I.; Liu, C.; Urbanik, T.; Kohls, A.G. Reinforcement learning-based multi-agent system for network traffic signal control. IET Intell. Transp. Syst. 2010, 4, 128–135. [Google Scholar] [CrossRef]

	



Liang, X.; Du, X.; Wang, G.; Han, Z. A Deep Reinforcement Learning Network for Traffic Light Cycle Control. IEEE Trans. Veh. Technol. 2019, 68, 1243–1253. [Google Scholar] [CrossRef]

	



Fazzini, P.; Torre, M.; Rizza, V.; Petracchini, F. Effects of Smart Traffic Signal Control on Air Quality. Front. Sustain. Cities 2022, 4, 756539. [Google Scholar] [CrossRef]

	



Sayed, S.A.; Abdel-Hamid, Y.; Hefny, H.A. Artificial intelligence-based traffic flow prediction: A comprehensive review. J. Electr. Syst. Inf. Technol. 2023, 10, 13. [Google Scholar] [CrossRef]

	



Wen, Y.; Wu, T. Regional signal coordinated control system based on an ant algorithm. In Proceedings of the Fifth World Congress on Intelligent Control and Automation (IEEE Cat. No.04EX788), Hangzhou, China, 15–19 June 2004; Volume 6, pp. 5222–5226. [Google Scholar] [CrossRef]

	



Rottenstreich, O.; Buchnik, E.; Ferster, S.; Kalvari, T.; Karliner, D.; Litov, O.; Tur, N.; Veikherman, D.; Zagoury, A.; Haddad, J.; et al. Probe-Based Study of Traffic Variability for the Design of Traffic Light Plans. In Proceedings of the 16th International Conference on COMmunication Systems & NETworkS (COMSNETS), Bengaluru, India, 3–7 January 2024; pp. 353–360. [Google Scholar]

	



Peng, Z.-R.; Wang, D.; Wang, Z.; Gao, Y.; Lu, S. A study of vertical distribution patterns of PM2.5 concentrations based on ambient monitoring with unmanned aerial vehicles: A case in Hangzhou, China. Atmos. Environ. 2015, 123, 357–369. [Google Scholar] [CrossRef]

	



Jumaah, H.J.; Kalantar, B.; Mansor, S.; Halin, A.A.; Ueda, N.; Jumaah, S.J. Development of UAV-Based PM2.5. Monit. Syst. Drones 2021, 5, 60. [Google Scholar] [CrossRef]

	



Al Tahtawi, A.R.; Andika, E.; Yusuf, M.; Harjanto, W.N. Design of a Quadrotor UAV and Internet-of-Things based air pollution monitoring systems. Int. J. Inf. Technol. Electr. Eng. 2020, 3, 120. [Google Scholar] [CrossRef]

	



Mazeh, H.; Saied, M.; Francis, C. Development of a multirotor-based system for air quality monitoring. In Proceedings of the Third International Conference on Electrical and Biomedical Engineering, Clean Energy and Green Computing (EBECEGC), Beirut, Lebanon, 25–27 April 2018; pp. 23–28. [Google Scholar]

	



Hemamalini, R.R.; Vinodhini, R.; Shantini, B.; Partheeban, P.; Charumathy, M.; Cornelius, K. Air quality monitoring and forecasting using smart drones and recurrent neural network for sustainable development in Chennay city. Sustain. Cities Soc. 2022, 85, 104077. [Google Scholar] [CrossRef]

	



Yang, Y.; Zheng, Z.; Bian, K.; Song, L.; Han, Z. Real-Time Profiling of Fine-Grained Air Quality Index Distribution Using UAV Sensing. IEEE Internet Things J. 2018, 5, 186–198. [Google Scholar] [CrossRef]

	



Bakirci, M. Smart city air quality management through leveraging drones for precision monitoring. Sustain. Cities Soc. 2024, 106, 105390. [Google Scholar] [CrossRef]

	



SNPA—Italian National Network of Regional Environmental Protection Agencies on the Use of Drones for Environmental Monitoring Purposes. Available online: https://www.snpambiente.it/snpa/droni-per-la-tutela-dellambiente-i-video-delle-esercitazioni-snpa/ (accessed on 4 August 2024).

	



Bui, X.N.; Lee, C.; Nguyen, Q.L.; Adeel, A.; Cao, X.C.; Nguyen, V.N.; Le, V.C.; Nguyen, H.; Le, Q.T.; Duong, T.H.; et al. Use of unmanned aerial vehicles for 3D topographic mapping and monitoring the air quality of open pit mines. Inz. Miner. 2022, 2, 223–239. [Google Scholar] [CrossRef]

	



Neumann, P.P.; Hirschberger, P.; Baurzhan, Z.; Tiebe, C.; Hofmann, M.; Hullmann, D.; Bartholomai, M. Indoor air quality monitoring using flying nanobots: Design and experimental study. In Proceedings of the 18th International Symposioum on Olfaction and Electric Nose, Fukuoka, Japan, 26–29 May 2019; pp. 9–11. [Google Scholar]

	



Penza, M. Low-cost sensors for outdoor air quality monitoring. In Advanced Nanomaterials for Inexpensive Gas Microsensors, 1st ed; Loubet, E., Ed.; Elsevier NV: Amsterdam, Holland, 2019; Volume 1, pp. 235–288. [Google Scholar]

	



De Medeiros, H.P.L.; Girao, G. An IoT-based air quality monitoring platform. In Proceedings of the 2020 IEEE International Smart Cities Conference (ISC2), Piscataway, NJ, USA, 28 September–1 October 2020; pp. 1–6. [Google Scholar] [CrossRef]

	



Li, H.Z.; Gua, P.; Ye, Q.; Zimmerman, N.; Robinson, E.S.; Subramanian, R.; Apteb, J.S.; Robinson, A.L.; Presto, A.A. Spatially dense air pollutant sampling: Implications of spatial variability on the representativeness of stationary air pollutant monitors. Atmos. Environ. X 2019, 2, 100012. [Google Scholar] [CrossRef]

	



Kar, A.; Ahmed, M.; May, A.A.; Le, H.T.K. High spatio-temporal resolution predictions of PM2.5 using low-cost sensor data. Atmos. Environ. 2024, 326, 120486. [Google Scholar] [CrossRef]

	



Almalawi, A.; Alsolami, F.; Khan, A.I.; Alkhathlan, A.; Fahad, A.; Irshad, K.; Qaiyum, S.; Alfakeeh, A.S. An IoT based system for magnify air pollution monitoring and prognosis using hybrid aritificial intelligence technique. Environ. Res. 2023, 206, 112576. [Google Scholar] [CrossRef]

	



Liang, L.; Daniels, J.; Bailey, C.; Hu, L.; Phillips, R.; South, J. Integrating low-cost sensor monitoring, satellite mapping and geospatial artificial intelligence for intra-urban air pollution predictions. Environ. Pollut. 2023, 331, 121832. [Google Scholar] [CrossRef]

	



Morawska, L.; Thai, P.K.; Liu, X.; Asumadu-Sakyi, A.; Ayoko, G.; Bartonova, A.; Bedini, A.; Chai, F.; Christensen, B.; Dunbabin, M.; et al. Applications of low-cost sensing technologies for air quality monitoring and exposure assessment: How far have they gone? Environ. Int. 2018, 116, 286–299. [Google Scholar] [CrossRef]

	



Balram, D.; Lian, K.-Y.; Sebastian, N. Air quality warning system based on a localized PM2.5 soft sensor using a novel approach of Bayesian regularized neural network via forward feature selection. Ecol. Environ. Saf. 2019, 182, 109386. [Google Scholar] [CrossRef]

	



Lin, B.; Recke, B.; Knudsen, J.K.H.; Jørgensen, S.B. A systematic approach for soft sensor development. Comput. Chem. Eng. 2007, 31, 419–425. [Google Scholar] [CrossRef]

	



Kumar, P.; Morawska, L.; Martani, C.; Biskos, G.; Neophytou, M.; Di Sabatino, S.; Bell, M.; Norford, L.; Britter, R. The rise of low-cost sensing for managing air pollution in cities. Environ. Int. 2015, 75, 199–205. [Google Scholar] [CrossRef]

	



Brzozowski, K.; Ryguła, A.; Maczynski, A. The use of low-cost sensors for air quality analysis in road intersections. Transp. Res. Part D Transp. Environ. 2019, 77, 198–211. [Google Scholar] [CrossRef]

	



Koziel, S.; Pietrenko-Dabrowska, A.; Wojcikowski, M. On memoty based precise calibration of cost-efficient NO2 sensor using Artificial Intelligence and Global Response Correction. Knowl. Based Syst. 2024, 290, 111564. [Google Scholar] [CrossRef]

	



Yu, M.; Zhang, S.; Zhang, K.; Yin, J.; Varela, M.; Miao, J. Developing high-resolution PM2.5 exposure model by integrating low-cost sensors, automated Machine Learning and big human mobility data. Front. Environ. Sci. 2023, 11, 1223160. [Google Scholar] [CrossRef]

	



Gualtieri, G.; Camilli, F.; Cavaliere, A.; De Filippis, T.; Di Gennaro, F.; Di Lonardo, S.; Dini, F.; Gioli, B.; Matese, A.; Nunziati, W.; et al. An integrated low-cost road traffic and air pollution monitoring platform to assess vehicles’ air quality impact in urban areas. Transp. Res. Procedia 2017, 27, 609–615. [Google Scholar] [CrossRef]

	



Bainomugisha, E.; Warigo, P.A.; Daka, F.B.; Nshimye, A.; Birungi, M.; Okure, D. AI-driven environmental sensor networks and digital platforms for urban air pollution monitoring and modelling. Soc. Impacts 2024, 3, 100044. [Google Scholar] [CrossRef]

	



Regulation (EU) 2016/679 of the European Parliament and of the Council of 27 April 2016 on the Protection of Natural Persons with Regard to the Processing of Personal Data and on the Free Movement of Such Data. Available online: https://eur-lex.europa.eu/eli/reg/2016/679/oj (accessed on 13 October 2024).

	



Directive 95/46/EC on General Data Protection Regulation. Available online: https://gdpr-info.eu/recitals/no-3/ (accessed on 13 October 2024).

	



Italian Data Protection Authority Investigation on the Possible Violation of People’s Privacy in the Use of AI in Turin’s Traffic Lights System. Available online: https://www.garanteprivacy.it/web/guest/home/docweb/-/docweb-display/docweb/10035760 (accessed on 13 August 2021).

	



Quy, V.K.; Nguyen, D.C.; Van Anh, D.; Quy, N.M. Federated Learning for green and sustainable 6G IIoT applications. Internet Things 2024, 25, 101061. [Google Scholar] [CrossRef]

	



Du, M.; Wang, K. An SDN-enabled pseudo-honeypot strategy for distributed denial of service attacks in Industrial Internet of Things. IEEE Trans. Ind. Inform. 2020, 16, 648–657. [Google Scholar] [CrossRef]

	



Shi, S.; Hu, C.; Wang, D.; Zhu, Y.; Han, Z. Federated anomaly analytics for local model poisoning attack. IEEE J. Sel. Areas Commun. 2022, 40, 596–610. [Google Scholar] [CrossRef]

	



Fan, H.; Huang, C.; Liu, Y. Federated Learning-based Privacy-preserving data aggregation scheme for IIoT. IEEE Access 2023, 11, 6700–6707. [Google Scholar] [CrossRef]

	



Zhao, L.; Jiang, J.; Feng, B.; Wang, Q.; Shen, C.; Li, Q. SEAR: Secure and Efficient Aggregation for Byzantine-robust Federated Learning. IEEE Trans. Dependable Secur. Comput. 2022, 19, 3329–3342. [Google Scholar] [CrossRef]

	



Kairouz, P.; McMahan, H.; Avent, B.; Avent, B.; Avent, A.; Bennis, M.; Bhagoji, A.; Bonawitz, K.; Charles, Z.; Cormode, G.; et al. Advances and Open Problems in Federated Learning. Found. Trends Mach. Learn. 2021, 1–2, 1–210. [Google Scholar] [CrossRef]

	



Yang, B.; Shi, H.; Xia, X. Federated Learning for UAV Swarm Coordination in Urban Traffic Monitoring. IEEE Trans. Ind. Inform. 2023, 19, 6037–6046. [Google Scholar] [CrossRef]

	



Zhang, Z.; Li, J.; Yu, S.; Makaya, C. SAFE Learning: Secure aggregation in Federated Learning with backdoor detectability. IEEE Trans. Inf. Forensics Secur. 2023, 18, 3289–3304. [Google Scholar] [CrossRef]

	



Chan, T.-H.H.; Shi, E.; Song, D. Privacy-preserving stream aggregation with fault tolerance. In Proceedings of the Financial Cryptography and Data Security, Kralendijk, Bonaire, 27 February–2 March 2012; pp. 200–214. [Google Scholar]

	



Shi, E.; Chan, T.-H.H.; Rieffel, E.; Chow, R.; Song, D. Privacy preserving aggregation of Time-series data. In Proceedings of the 18th Annual Network & Distributed System Security Symposium (NDSS), San Diego, CA, USA, 6–9 February 2011. [Google Scholar]

	



Directive 2008/50/EC of the European Parliament and of the Council of 21 May 2008 on Ambient Air Quality and Cleaner Air for Europe. Available online: https://eur-lex.europa.eu/eli/dir/2008/50/oj (accessed on 13 October 2024).

	



Regione Piemonte Air Quality Plan. 2019. Available online: https://www.regione.piemonte.it/web/temi/ambiente-territorio/ambiente/aria/piano-regionale-qualita-dellaria-prqa (accessed on 13 August 2024).

	



Pernigotti, D.; Gerogieva, E.; Thunis, P.; Bessagnet, B. Impact of meteorology on air quality modeling over the Po valley in northern Italy. Atmos. Environ. 2012, 51, 303–310. [Google Scholar] [CrossRef]

	



EEA. Air Quality in Europe—2019 Report; EEA—European Environment Agency: Copenhagen, Denmark, 2019. [Google Scholar]

	



Crova, F.; Forello, A.C.; Bernardoni, V.; Calzolai, G.; Canepari, S.; Argentini, S.; Costabile, F.; Frezzini, M.A.; Giardi, F.; Lucarelli, F.; et al. Assessing the role of atmospheric dispersion vs. emission strength in the southern Po Valley (Italy) using dispersion-normalised multi-time receptor modelling. Atmos. Environ. 2024, 316, 120168. [Google Scholar] [CrossRef]

	



Regione Piemonte Extraordinary Provisions on Air Quality Protection. Available online: https://www.regione.piemonte.it/governo/bollettino/abbonati/2021/09/attach/dgr_02916_1050_26022021.pdf (accessed on 14 August 2024).

	



DGR No. 1–156 approved on 12 September 2024. Available online: https://www.regione.piemonte.it/governo/bollettino/abbonati/2024/37/attach/dgr_00156_1050.pdf (accessed on 13 October 2024).








[image: Air 02 00023 g001] 





Figure 1. Regione Piemonte, in the north–west of Italy, with zones and the agglomerate of Turin (in white). Triangles and circles identify the fixed air quality monitoring stations. Authors’ elaboration from Regione Piemonte Air Quality Plan 2019 (see [72]). 
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Figure 2. Stagnation of aerosols and suspended particles over Piedmont on a clear day at the end of November 2014 (from [72]). 
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Figure 3. Ratio between average annual speed and speed in free flow conditions in the city of Turin, north–west of Italy (2022 data). 
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Figure 4. TI in the city of Turin, located near the fixed air quality monitoring station “Torino—Grassi” (the checkered circle), to be the object of future research on the correlation between traffic conditions and air quality near TI. 
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