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Abstract

:

In recent years, the concept of smart cities has become increasingly important in the pursuit of sustainable development goals. In general, common urban challenges have been addressed through smart-city services, and new perspectives for more sustainable cities have emerged. To realize the full potential of such smart urban environments, geospatial approaches have been used as a focal point, offering a plethora of applications that contribute to a better understanding of urban challenges and innovation potentials. Nevertheless, although significant progress has been made, different problems may arise when the available technologies and resources are not understood or even when their potentialities are not properly capitalized. This article reviews the state of the art in the field, highlighting success cases and remaining challenges in exploiting geospatial data-driven strategies, particularly when leveraging geographic information systems, satellites, and distributed sensors to produce and process geospatial data and datasets in urban scenarios. Moreover, a more organized perspective of the area is provided in this article, as well as future development trends, supporting new research efforts in this area when empowering smart cities for a more sustainable future.
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1. Introduction


In recent years, the concept of smart cities has emerged as a pivotal paradigm in urban development, fueled by the global pursuit of sustainable development goals (SDGs) established by the United Nations [1,2]. As urbanization continues to grow at an unprecedented rate, cities are faced with a series of complex challenges, inevitably leading to a growing demand for smart urban services [3]. The concept of smart cities emerges as a response to this adverse scenario, offering a vision of urban environments that are not only intelligent but also ecologically sound and socially inclusive [4].



Sustainability has become a defining principle in the smart-city paradigm. The recognition of environmental stewardship, resource conservation, and the promotion of quality of life as essential components of urban development have fundamentally reshaped the way cities are envisioned and engineered [5,6]. Therefore, the pursuit of SDGs, reinforced by global concerns over climate change and environmental degradation, has placed increasing importance on the transformation of urban centers into smart cities that prioritize the well-being of its inhabitants and surrounding ecosystems [7].



Common urban challenges, encompassing traffic congestion, inadequate infrastructure to reduce pollution, and energy inefficiency, have been considered for optimizations backed by smart-city services [8,9]. Besides the generic idea of “improvement” that has been largely advertised by governments and big companies, smart cities can be a central element to guide the urgent sustainable revolution in our cities. In short, while smart services can optimize the use of resources and reduce waste and pollution, smarter cities will potentially be constructed around a more holistic and harmonious relationship between people and their urban environment [10].



Although the expected benefits of sustainable smart cities have been largely known, an important challenge is to properly understand the dynamics and complexities of the modeled cities. While this concern may seem trivial, the urban dynamics in developed smart-city systems may be neglected or only partially addressed. Among the potential ways to achieve a better understating of this matter, data-driven analyses have emerged as a central element to empower the developed approaches. Recently, the era of Big Data and the proliferation of public and private geospatial information datasets have opened up a realm of possibilities for city planners, researchers, and policymakers. As a result, smart-city services have been increasingly designed to leverage such data in different scales, potentially better adapting to the particularities of the target cities [11,12]. As geospatial data have encompassed location-based information from various sources, data-driven approaches have been better adapted to the posed sustainable development challenges.



Some works have been devoted to surveying the literature to better understand, organize, and classify data-driven geospatial approaches within the smart cities landscape. The work in [11] reviewed data-driven smart-city approaches from a Big Data perspective, particularly focusing on how data mining and artificial intelligence (mostly machine-learning algorithms) can be leveraged to provide deeper knowledge about city data. For the work in [12], a systematic literature review of current data-driven smart applications in urban contexts was performed. Although it focused on data-driven smart cities, it analyzed opportunities and challenges associated with real-time data utilization, emphasizing smart governance and the role of people (citizen participation) in this area. In another systematic literature review, authors in [13] also addressed sustainable smart cities through data science and analytics, particularly focusing on smart urbanism. Finally, the survey in [14] also related data-driven approaches with smart cities, but a broader perspective was adopted when considering urban challenges, with shallow insights about sustainable developments. In a different way from these recent review works, this article is focused on technologies and resources closer to the implementation issues of smart cities, bringing Geographic Information Systems (GIS), remote sensing, and distributed sensors-based monitoring to a more prominent place, as opposed to [11,12,13]. Moreover, we are more focused on data-driven optimizations of the way smart cities operate when geospatial data are exploited, differently from [14]. Finally, although we address broader concerns related to policy, governance, and social and environmental sustainability, as in [13], we give greater attention to the construction and utilization of geospatial datasets to empower multiple smart-city applications, correlating technological and social issues. Moreover, as an important contribution to existing review works, we encompass a more recent literature review of existing scientific contributions, updating the knowledge in this area.



Therefore, this article aims to provide a comprehensive survey of the state of the art in the domain of data-driven smart cities, focused on how innovative services and datasets in this area can be powerful tools to accomplish sustainability goals. From this perspective, the contributions of this review article can be highlighted as follows:




	
Contribute to a better understanding of how geospatial data can be effectively leveraged to tackle urban challenges and drive innovation in smart cities;



	
Define and characterize the most common ways to gather, process, and store geospatial data when supporting smart-city applications;



	
Review recent data-driven smart-city approaches and cases of success, highlighting their adopted strategies, as well the advantages and drawbacks of such choices;



	
Identify public datasets that have been leveraged in this area and their characteristics;



	
Draw promising research trends and expected future challenges, potentially supporting new research efforts.








The remainder of this article is organized as follows. Section 2 presents the fundamental concepts of smart cities that are usually associated with sustainable development goals, highlighting recurrent challenges for that. Section 3 discusses technological details about the acquisition and storage of geospatial data in datasets. Then, the primary data processing and management issues are presented in Section 4, highlighting their relation to promoting sustainability in smart cities. Section 5 surveys the state of the art concerning smart-city applications that exploit geospatial data as a fundamental element. Research trends and envisioned challenges are discussed in Section 6. Finally, conclusions and references are presented.




2. Smart Cities and Sustainability


A smart city is an urban environment that optimizes resource utilization to enhance the quality of life for its residents. This is commonly accomplished through advanced technologies that enable the optimization of city operations and the addressing of various challenges associated with urban living. For that, these cities leverage information and communication technologies to collect and analyze data, facilitating informed decisions to improve efficiency, sustainability, and overall well-being. Moreover, smart cities offer digital solutions across various domains such as transportation, energy, healthcare, governance, and public services, creating an interconnected and intelligent urban ecosystem [15]. Therefore, providing long-term viability for these cities is essential, notably through the integration of sustainability principles, accomplished via innovative data-driven strategies.



In the context of smart cities, sustainability refers to the capability of the urban environment as a whole to “execute” actions and deploy technologies for its ongoing development while preserving and enduring its resources over the long term while not imposing substantial adverse impacts on the environment, society, or economy. It entails meeting present needs without compromising the ability of future generations to fulfill their own demands. The creation and development of sustainable cities and communities align with one of the United Nations’ sustainable development goals (SDG 11). However, the potential for achieving sustainability through smart-city solutions extends beyond this goal. Smart cities can be intricately designed to actively contribute to harmonious coexistence between human activities and the natural world, embracing practices and policies that balance three pillars: environmental conservation, social equity, and economic viability [16,17]. Table 1 illustrates the 17 SDGs of the United Nations, categorizing the domains they address, which can be directly influenced by smart-city solutions.



Therefore, to attain sustainability in smart cities (SDG 11), it is necessary to tackle various challenges that emerge from the complex and dynamic interactions between the urban environment and its stakeholders. These challenges align with the sustainability pillars, covering a range of issues and aspects that require careful consideration and proactive measures. The discussions in this article delve into some of the most relevant and pressing challenges within each category, elucidating how geospatial data-driven approaches can help to overcome them. Since geospatial data-driven approaches will rely on geospatial data and associated technologies, they may provide valuable insights for the integration and optimization of smart-city solutions, enhancing their expected sustainability outcomes and facilitating the assessment and feedback of the impacts associated with these solutions.



Concerning the environmental challenges faced by sustainable smart cities, a primary consideration is the adoption of alternative energies that can diminish reliance on fossil fuels and lower greenhouse gas emissions. Examples of alternative energies encompass solar, wind, hydro, geothermal, and biomass sources, offering clean and renewable power for a variety of urban applications [18]. However, these sources also pose some challenges, such as high initial costs, intermittency, storage, and grid integration. Smart cities must invest in innovative solutions to surpass these barriers and ensure a reliable and efficient alternative energy supply. For instance, smart grids can use advanced sensors, communication, and control systems to manage the demand and supply of electricity, integrating various distributed energy sources and enabling demand response and load shifting [19]. Geospatial data-driven approaches can support the planning and operation of smart grids by providing spatial and temporal information on the availability and potential of alternative energy resources, the location and characteristics of energy infrastructure and consumers, and the environmental and social impacts of energy production and consumption [20].



Another environmental challenge is the reduction of the use of private motorized vehicles. This can contribute to lower air pollution, noise, congestion, and accidents. Smart cities can promote sustainable mobility by implementing policies and employing technologies that encourage the use of public transportation, cycling, walking, and shared mobility services. These modes of transport can reduce the environmental and social impacts of urban mobility, as well as improve the health and well-being of citizens. Smart cities can also leverage intelligent transportation systems that monitor and optimize traffic flows, provide real-time information and guidance to travelers, and implement dynamic pricing and incentives to influence travel behavior [21,22]. Geospatial data-driven approaches can enable the development and deployment of such intelligent transportation systems by collecting and analyzing data on the location, speed, and direction of vehicles and travelers, the road network and traffic conditions, the availability and accessibility of transport modes and services, and the travel patterns and preferences of citizens.



Sustainable smart cities must also deal with preserving ecosystems in an environmental sphere. Ecosystems provide essential services and benefits for human well-being, such as water purification, climate regulation, biodiversity, and recreation. Smart cities must protect and restore the natural environment within and around the urban area, ensuring the conservation of land, water, and biological resources [23]. Actually, smart cities can use geospatial data and technologies to map and monitor the state and trends of ecosystems, assess their values, functions, and significance for human well-being, and identify causes of changes and external influences that affect them. This can help smart cities design and implement effective strategies and actions to enhance the resilience and sustainability of ecosystems, embracing approaches like green infrastructure, ecosystem-based adaptation, and nature-based solutions [24].



Smart cities also face numerous challenges related to economic aspects in their pursuit of sustainability, especially the substantial upfront cost associated with implementing smart infrastructures. Deploying interconnected systems, such as Internet of Things (IoT) devices, intelligent transportation, and energy-efficient solutions, demands a considerable initial investment [25,26]. Cities must navigate budget constraints and explore financing models to fund these initiatives, striking a balance between short-term financial pressures and long-term sustainability goals—a delicate challenge for city planners and policymakers. However, in addressing these economic complexities, smart cities can leverage geospatial data-driven smart approaches. In general, geospatial data, encompassing information tied to specific geographic locations, becomes a powerful tool for optimizing resource allocation and infrastructure planning. In terms of upfront costs, geospatial data enables cities to conduct precise spatial analyses, identifying optimal locations for the deployment of smart infrastructure. This targeted approach not only helps minimize initial investment by focusing on high-impact areas but also enhances the efficiency and effectiveness of resource utilization, contributing to long-term economic sustainability.



As the deployment cost is an issue in sustainable smart cities, it is equally important to deal with the cost of managing obsolete technologies, which necessitates adaptive strategies, balancing the economic viability of innovation with the imperative for a stable urban ecosystem. Cities must continuously evaluate and strategically plan the integration of emerging technologies and effectively address the environmental impact and costs associated with dealing with outdated systems [27,28]. In this context, collaborative efforts between the public and private sectors become imperative to ensure the economic viability and environmental resilience of smart-city initiatives. Thus, geospatial data are essential to the spatial intelligence necessary to overcome financial challenges posed by obsolete technologies and forge a sustainable urban future. Through continuous updates and real-time integration, cities can adapt their smart infrastructure to evolving technological landscapes, enabling agile and responsive decision-making. Geospatial data-driven strategies help ensure that investments remain relevant by integrating emerging technologies into the urban fabric and promoting a harmonious balance between economic viability and environmental sustainability.



The economic sustainability of smart cities is intricately associated with issues of inclusiveness and accessibility. The deployment of cutting-edge technologies, if not implemented thoughtfully, may inadvertently exacerbate existing social and economic disparities [29]. Factors such as income inequality or technological literacy can limit access to digital services like smart transportation or e-governance platforms for certain demographic groups. Achieving economic and social sustainability in smart cities requires proactive measures to ensure equitable distribution of the positive impact of technological advancements, fostering an inclusive urban environment where all residents can participate in and benefit from the innovations brought about by smart-city initiatives [30]. In this context, geospatial data can be used to map socio-economic indicators against geographic locations, while city planners can identify areas with limited access to smart services and formulate targeted interventions. Geospatial analysis facilitates the identification of digital divides, ensuring that smart-city initiatives are strategically implemented to bridge these gaps.



Still addressing the social challenges for achieving sustainability in smart cities, an important aspect involves thoroughly analyzing citizens’ culture and habits. These aspects significantly influence the acceptance and adoption of smart-city technologies and practices. Culture and habits encompass the norms, values, beliefs, and behaviors that shape how individuals interact with their surroundings and with each other. Since smart cities must comprehend and respect such a diverse and intricate nature, the design of smart-city solutions should also align with and be adaptable to their needs, preferences, and expectations.



Additionally, promoting a culture of innovation and learning among citizens is essential, encouraging them to experiment, explore, and embrace new and improved ways of urban living [31,32,33]. Geospatial data-driven approaches emerge as valuable tools aimed at understanding and influencing the culture and habits of citizens. By capturing and analyzing data on the spatial and temporal distribution and dynamics of urban activities and behaviors, these approaches identify and address the needs and problems of different groups and communities and provide feedback and incentives to motivate and reward positive changes and actions [33,34].



In this social context, ensuring active and meaningful citizen participation in planning, developing, and managing smart-city initiatives is imperative. Such involvement not only enhances the quality and effectiveness of smart-city solutions but also contributes to the satisfaction and well-being of the inhabitants by ensuring that these solutions genuinely address the real needs and issues of the urban community. Smart cities can employ various methods and tools to encourage and support citizen participation, including surveys, workshops, focus groups, crowdsourcing, gamification, and social media [33]. These mechanisms empower individuals to freely express their opinions, ideas, and feedback, as well as to collaborate in the co-design, co-production, and co-evaluation of smart-city solutions. The efficacy of these approaches is significantly augmented when associated with geospatial information, enabling a more comprehensive understanding of the geographical needs of citizens. This enriched understanding, in turn, enables more precise and tailored solutions that align with the specific spatial requirements of the community [35].



In conclusion, the quest to build sustainable smart cities demands a comprehensive understanding and integration of diverse aspects across environmental, economic, and social domains. By aligning with the United Nations’ sustainable development goals, smart cities can act as catalysts for positive change, addressing challenges and promoting a symbiotic relationship between human activities and the natural environment. The intricate nature of these challenges necessitates innovative strategies, particularly through data-driven approaches and geospatial insights. These methods should serve as a reference for smart cities, providing the spatial intelligence necessary to overcome economic hurdles and forge a sustainable urban future. In the upcoming sections, we delve into the applications and positive impacts of data-driven urban processing, discussing smart-city approaches that will shape the trajectory of achieving more sustainable smart cities.



An illustrative example of how all the aforementioned sustainability goals can be pursued when developing smart cities can be seen in Figure 1. Some common smart-city services are highlighted, as well as the general idea of geospatial data that will support them. Actually, as discussed in this section, we believe that a healthy smart-city scenario will encompass economic sustainability, efficient technology management, social equality, citizen participation, and climate change preparedness.




3. Geospatial Urban Data Processing


To achieve urban sustainability in a broader sense, new smart approaches must be sought and developed. Every aspect of a city can be considered a potential improvement possibility, taking advantage of new technologies available at the time. In this sense, extensive research must be conducted to discover and develop proper approaches to enhance public services in cities and achieve the desirable level of sustainability. However, studying a city is a complex task that cannot be confined to a laboratory or a desk. Such a research object must be translated into a more practical mechanism that can be studied without the hassle of having to go to every corner of the city, revealing a situation in which modeling tools are highly demanded. Using data-driven methodologies, city models can be developed to help understand this complex environment.



A model represents a real system by omitting irrelevant details and retaining only those attributes that are relevant or important to the proposed study or work [36]. In the context of smart cities, features such as roads, response centers, public facilities, rivers, public parks, relief, and slopes, among others, are relevant and can be modeled properly according to the desired perspective. Tools that include maps, geological representations, and 3D objects are examples of models that can be used to represent real research objects, which are valuable in the research and development phases of smart-city initiatives [37].



To model a city and all its complexities at different levels, different tools and data sources are required, depending on the type of smart-city services being pursued. In terms of how data are produced and processed, three approaches stand out: Geographic Information Systems (GIS), Remote Sensing, and IoT-based sensing. All these basic elements are crucial for the production and management of geospatial data, which can support the operation of smart-city applications or be stored as georeferenced datasets (addressed in Section 4). The following subsections discuss these approaches in more detail as they define some of the foundations for data-driven smart cities.



3.1. Geographic Information Systems


Geographic information systems are responsible for retrieving, storing, manipulating, and analyzing georeferenced data to support the study of a research object as a geographical area [38]. GIS can be used to model and study any georeferenced region, from small areas such as rural villages and towns to entire countries. They can also be applied in various contexts, such as resource mining [39], disease prediction [40], traffic analysis [41], risk assessment [42], and many others. In this sense, several smart-city initiatives have relied on GIS to improve their perception of the urban environment [43].



In a typical geographic information system, data must be georeferenced. In other words, all relevant data must be associated with its coordinates (latitude and longitude) and, in some cases, its altitude [44]. For example, when modeling the location of hospitals in a city for emergency planning purposes, the coordinates of the hospitals must be known to constitute georeferenced data. By their very nature, georeferenced data can be obtained from different sources, either private or public, which has a direct impact on the way in which such data are used in practical applications [45].



GIS-based data are being used to forecast, calculate, and visualize land use in cities, supporting the development of frameworks that can identify patterns in the consumption of utility infrastructure (water, sewerage, energy, etc.) and help city planners and managers make informed decisions [46]. However, this is just one facet of GIS tools in smart cities. Using IoT to access real-time city traffic, GIS can support the development of dynamic transport networks to improve performance and reduce the cost of distribution services [47]. In addition, less traffic means lower gas emissions, as internal combustion engine vehicles still dominate the global market [48], making traffic reduction a major challenge in creating more sustainable cities. In this context, GIS tools can leverage research on traffic-related air pollution to assess air quality and its impact on citizens’ health [49], with significant results.



Governance is crucial for sustainable development and cannot be neglected in smart cities [50]. The establishment of sustainable urban spaces can be supported by GIS tools and geo-questionnaires to improve the quality of life in a city by increasing citizen participation [51]. GIS and citizen participation also play an important role in the planning of sustainable transport systems, promoting the discussion of social conflicts in the implementation phases [52].



Finally, the versatility of GIS data and tools can also benefit emergency management in smart cities, tackling natural hazards such as floods [53], fires [54], hurricanes [55], and many other critical situations. Not only natural emergencies can be tackled with GIS data, but also different types of human-induced emergencies, such as industrial explosions and car accidents, can be supported with georeferenced data, helping to improve safety in smart cities [56].



Nevertheless, it is natural to expect that many data-driven smart cities will rely on GIS as a core element in this aspect. A promising generic tool is the Quantum Geographic Information System (QGIS), a popular GIS tool that supports different types of geospatial analyses depending on the available geospatial data [57]. With the recent emergence of many open-access GIS tools with specialized processing features [43,58,59], data-driven smart cities gain an important ally in better understanding the urban characteristics of each target city.



As a final remark, it is reasonable to say that GIS plays a crucial role in contributing to the sustainable development of cities by providing spatial intelligence and analytical tools. Since the processed data and performed analyses may be too versatile, GIS can be extensively used when approaching economic sustainability, environmental challenges, sustainable technologies management, social equality promotion, and citizen participation. Such issues are further discussed in Section 5.




3.2. Remote Sensing


When modeling large areas, data on the land and terrain within a city may also be relevant in many cases. With rapid urbanization and city sprawl worldwide, land cover is changing rapidly, making some data obsolete in the short term [60]. Therefore, the accuracy of a city’s land use and land cover data cannot be neglected when developing sustainable smart-city initiatives. In fact, land cover and land-use data have proven to be highly relevant, and many approaches use them as input for different processing tasks [61,62,63,64].



Land cover, land use, and related data can be obtained using remote sensing techniques. It can be carried out both actively, using radars and LiDAR (Light Detection and Ranging) equipment by emitting a radio frequency signal and measuring the response, and passively, using satellites equipped with sensors that collect the reflected multi-spectral radio frequency from the Earth’s surface [65]. Satellite multi-spectral data such as RGB imagery, infrared reflectance, aerosols, and others can be obtained from the Sentinel-2 and Landsat satellites, both of which are open and freely available through the Google Earth Engine platform [66]. These data are paramount in several smart sustainability initiatives such as urban heat island analysis [67], traffic speed monitoring [68], and urban sprawl assessment [69].



Remote sensing can be used with other technologies and approaches to improve data analysis. With the widespread adoption of social media by citizens, remote sensing data are being integrated with social media data for urban observation, enabling the study of the relationship between people and the urban environments, therefore promoting better urban planning for a sustainable city [70]. The Big Data paradigm is also being combined with remote sensing technology, enhancing the application value of remote sensing and promoting initiatives on urban pollution, planning, traffic intelligence, and other promising approaches for sustainable cities [71].



The analysis of the morphology of cities can also benefit from remote sensing data, assisting in urban management and guiding its sustainable development. In this direction, several machine-learning approaches make use of remote sensing in building structure mapping [72], satellite image enhancement for urban area feature recognition [73], and house vacancy detection [74]. These approaches can ultimately promote more sustainable urban planning while assisting public managers in improving the quality of life in urban environments.



In general, the adoption of remote sensing to promote sustainable urban development brings both opportunities and challenges. Addressing the aforementioned sustainability issues involves a comprehensive and ethical approach that ensures the technology’s benefits are shared equitably, respects privacy, integrates local knowledge, and contributes to resilient and inclusive urban environments. This is in line with the expected objectives when designing data-driven smart cities, with remote sensing being adopted as a game changer and not as a tool to reinforce spatial urban inequalities.




3.3. IoT-Based Sensing


IoT-based sensing has been used in smart-city initiatives for several years, defining a wide range of urban sensing methodologies [75]. For sustainable smart-city development, all types of data about the metropolitan area, its buildings, infrastructure, and inhabitants are relevant for developing technological approaches and systems that use urban planning to improve city services. Combined with Big Data solutions, IoT sensors can provide a complete data set as an algorithm input, producing relevant information for public managers [76]. To this end, IoT sensors are expected to be equipped with a GPS receiver to geo-locate the sensing unit, adding coordinates and producing meaningful georeferenced data for data-driven smart cities.



Since IoT devices can generate large amounts of data, appropriate storage mechanisms must be employed for data persistence, and cloud computing can be used to manage IoT-generated data and enable further processing to generate valuable information about the city [77]. In this way, the “Cloud of Things” paradigm enriches IoT applications with cloud-based solutions, providing multiple approaches for sustainable smart-city development [78]. As a result, cloud-based IoT solutions are being used in sustainable smart cities for monitoring transportation networks [79], water supply systems [80], crime detection [81], and many other vital smart-city systems. With the advanced development of artificial intelligence algorithms and models, data from IoT devices can be processed and used in various applications [82], potentially leading to the improvement of many systems in this scenario [83,84,85].



The governance of cities can also benefit from IoT data, providing more efficient management for residents and improving public services [86]. In this sense, government agencies are having their performance monitored by IoT-sensed data [87]. In addition, the large number of entities providing services to citizens poses another challenge to smart-city management, requiring intelligent management approaches that can be achieved with IoT data [88]. By converging governance with IoT data, smart-city management can be effectively achieved, enabling the development of smarter and more sustainable cities [89].



Another promising trend in smart cities is the use of georeferenced IoT-based drones to provide different types of data. Due to their mobility and operational flexibility, drones can help provide critical data in a timely manner, adding an important layer of geospatial data for a better understanding of urban environments [90,91].



Still considering the generation of georeferenced data, even without an inherent relation to the IoT paradigm, crowdsensing has been adopted as an effective way to retrieve important data on different urban dynamics, also contributing to a better perception of cities. Taking advantage of smartphones and wearables, such approaches can also make important contributions, especially when the retrieved data are openly accessible through smart-city approaches [92]. Furthermore, crowdsourced data complements the specialized datasets obtained from IoT sensors on the ground, providing a human-centered perspective. Data collected from smart devices enables an understanding of community engagement and real-time urban dynamics, including traffic patterns and local events, enhancing geospatial datasets with valuable ground-level insights [92,93].



Finally, the expected scenario is a rich combination of GIS, remote sensing, and IoT sensors employed to provide data and support its proper processing. Figure 2 shows the same urban area of the city of Porto, Portugal, highlighting different uses of georeferenced data. Actually, when properly implemented and managed, all these three resources will be fundamental when pursuing more sustainable urban development backed by smart-city approaches.





4. Geospatial Datasets and Management of Georeferenced Data


As cities expand and face complex challenges, efficient data management has become increasingly important in the evolving urban landscape. Geospatial datasets play an essential role in this regard, taking advantage of modern geospatial data analysis technologies to improve our ability to comprehend and manage urban environments [96]. Furthermore, leveraging technologies such as the IoT, Big Data, and cloud computing highlights their importance in driving urban innovation [97]. In this context, integrating urban datasets with geospatial information is essential to provide spatially informed analysis that supports disaster management, urban growth management, and sustainable planning [98,99]. This section delves into integrating these various data sources employed in data-driven smart cities, discussing some of the currently targeted datasets that have supported sustainable solutions.



4.1. Integrating Geospatial Data for Smart Cities


Geospatial datasets provide localized, context-based information, which is essential for effectively addressing urban issues. Incorporating location metadata enriches this information, allowing it to combine several urban datasets to provide a better understanding of the urban landscape. These metadata range from precise latitude and longitude coordinates to broader contexts such as district names or neighborhoods. Such enriched data facilitates informed decision-making by revealing patterns and trends, therefore leading to local interventions that improve the quality of life of city residents.



However, the accuracy and depth of geospatial data are critical for making well-informed decisions in urban areas [97]. Informed geospatial datasets must provide insights into different aspects of urban life, from mobility to health, disaster risk management, education, and security [100,101,102,103,104]. In this way, the integration of geospatial data within a smart-city framework can enhance the adaptability and resilience of cities and support sustainability goals for the development of innovative urban management solutions [105,106,107]. As we delve into the multifaceted domain of sustainable cities, the importance of comprehensively understanding, managing, and using geospatial datasets becomes clear. These datasets are expected to form the cornerstone of future sustainable cities, exceeding their role as primary collections of spatial coordinates and features.



Understanding the diversity of geospatial data types is fundamental to the pursuit of sustainable development within smart cities. Each data type has unique attributes and contributes to the comprehensive understanding and management of urban environments. Initially, considering the relevance of remote sensing for urban analyses, satellite imagery constitutes a notable component of geospatial data that will often be adopted by data-driven smart cities. Such data offer comprehensive panoramic views of the surface, capturing large-scale changes in land use, urban spread, and ecological conditions over time [101]. The significance of satellite imagery lies in its capability to provide a broad perspective that is essential for sustainable long-term planning and urban development initiatives. For example, an aerial perspective can be used for developing environmental conservation and city planning projects [108]. By providing data georeferencing, the images can support predictive models and simulations that open a window into the future of smart cities [109,110]. In this sense, such information facilitates urban planners’ preparation for future circumstances and helps them preempt potential issues, aiding when mitigating anticipated large environmental impacts and managing resources more efficiently.



Complementing this macroscopic perspective is the real-time data collected by IoT sensors. These units are composed of scalar or multimedia sensors distributed across a target area, providing in-depth assessments by monitoring environmental and urban elements such as air quality, noise levels, emergency risks, and energy consumption [9,97]. In fact, IoT sensors’ spatial proximity and specificity facilitate agile decision-making and effective short-term urban management, addressing challenges such as pollution control, energy efficiency, and urban safety [9,111,112]. Similar conclusions can be drawn when considering crowdsensing approaches since incorporating location metadata can transform crowdsourced data into valuable insights for urban planners, enabling more localized strategies and leading to increased effectiveness and efficiency in urban development.



Forming the structural backbone of geospatial datasets, infrastructure maps describe the physical layout of the city, including roads, buildings, and services. These maps deliver information aimed at urban spatial planning, aiding in identifying areas that need infrastructure enhancements or conservation and policy interventions [113,114]. These maps are also strategic for managing the development and transformation of cities in line with sustainable goals, including climate change, mobility transition, and resilience [115,116].



In addition to the beneficial insights offered by the infrastructure maps, historical events with geolocation metadata enable urban planners to learn from past experiences through a retrospective viewpoint [117]. In doing so, these datasets provide valuable lessons for future sustainability planning when examining the impacts of natural disasters and reviewing the findings of prior urban development initiatives [118,119]. Notably, such data can assist in identifying recurring patterns and trends, leading to more informed and resilient urban planning decisions. For example, it can be leveraged to assess urban risk areas based on past disasters, such as floods and landslides. Additionally, these datasets can carry information regarding historic mobility trends, providing information that can be used when developing prediction models.



Finally, datasets depicting network availability, including public Wi-Fi hotspots, mobile network coverage, and other connectivity infrastructure, have recently gained momentum in geospatial analysis for smart cities [120,121,122,123]. Although often overlooked, these datasets provide valuable information that can enhance urban sustainability and the functionality of smart cities. Network availability data uncovers the connectivity proficiency of urban areas by identifying regions with robust network services and those that may be under-served [122]. It is important to highlight that connectivity forms the basis for services and applications in smart cities. By leveraging these data, city planners can identify strategic locations for new hotspots, therefore increasing digital inclusion. Likewise, data on mobile network coverage can inform the deployment of IoT devices and sensors, ensuring their placement in areas with sufficient connectivity for data transmission [124].




4.2. Data Sources and Accessibility


In the evolution of smart cities, the accessibility of geospatial data sources is as important as the data itself. Therefore, the efficiency of urban planning and sustainable efforts heavily relies on both the diversity of these sources and the levels of accessibility they can provide [125]. In this sense, governmental and public sector agencies are the primary sources of geospatial data. These entities possess valuable information about public services, the environment, commercial, security, mobility, and even real-time data collected by IoT sensors spread throughout the city. Making these data readily available promotes transparency and encourages participation in urban development processes. Actually, several cities are adopting the so-called “Open-Data” initiative based on the potential value generated by reusing public datasets [126,127,128]. If adopted on a large scale and consistently, these initiatives can harness the sustainable development of open-data platforms and adopt a holistic and transversal vision for the city.



Nevertheless, the accessibility of such data varies from region to region and is subject to the policies of the governing bodies [129]. For example, data privacy laws can limit the accessibility to urban datasets, potentially affecting the accuracy and completeness of the system using those data. Data storage availability could also impact the quality of the analysis. In regions where data collection and storage infrastructure may be lacking, data could have limited availability, impacting the quality of research or related analyses. This variation in data availability could lead to biased conclusions and limited generalization of findings, as the data may not provide a complete picture of the phenomenon under investigation.



The private sector also plays a significant role in producing georeferenced data, particularly from IoT devices and telecommunications [130]. Private entities can provide detailed and frequently updated data, but this often comes with access restrictions and costs, which can limit its use for public purposes. In this scenario, collaborative partnerships between the public and private sectors can help overcome these obstacles, facilitating a more extensive and consistent approach towards sustainable smart-city services development. Such partnerships can enable the effective use of technologies and innovative ideas to create more resilient, equitable, and sustainable environments [34,131]. Thus, developing public-private collaborations offers a promising avenue for advancing the sustainable development agenda and improving the quality of life for urban residents.



On the other hand, community-based platforms have emerged as contributors to the pool of geospatial data sources. These platforms are generally available online and accessible to anyone with an internet connection. Such platforms allow users to contribute to or extract information from them through interfaces or APIs (Application Programming Interfaces) designed to be easy to use [132]. This ease of access has resulted in widespread participation, leading to diverse databases with richer data. The information on such platforms is usually crowdsourced and covers geospatial information, ranging from real-time traffic updates to environmental or urban spatial observations [92,114]. In this scenario, the OpenStreetMap (OSM) stands out as one of the noteworthy geospatial source platforms available presently, being largely used by researchers worldwide [133]. OSM uses georeferenced parameters to represent real-world physical features like roads and buildings, along with their associated metadata. However, while profiting from open access, the dependability of these data sources can vary, requiring stringent verification and regulations to guarantee their accuracy and reliability.



Despite the richness of these data sources, accessing a comprehensive, integrated set of geospatial datasets for urban planning remains a significant challenge [134]. Limited data containers, lack of standard formats, source integration, and privacy concerns limit practical data usability. Initiatives to enhance data accessibility are underway, focusing on research and government open-data repositories that employ standard formats for distributing geospatial data, including text files, Comma-separated Values (CSV), and JavaScript Object Notation (JSON) [135,136], among other formats. More recently, the GeoJSON file format introduced an encoding standard for geographic data structures by supporting geometry types and geometric objects. Additionally, the General Transit Feed Specification (GTFS) format allows the distribution of relevant metadata on mobility systems. This format can include both schedule information about routes and geographic transit details and real-time data such as trip updates and vehicle positions. Finally, the ShapeFile format is still popular in GIS tools because it stores non-topological geometry and attributes information for spatial features. This information usually consists of points, lines, and polygons that can be used to facilitate georeferenced data visualization. These standardization initiatives aim to enhance the sharing and interoperability among datasets, therefore improving their benefits for urban planning. Since this trend has moved towards standard open-data policies, particularly in the public sector, it presents a potential opportunity to unlock the deployment of large and comprehensive urban datasets.




4.3. Datasets for Sustainability in Smart Cities


Integrating multiple geospatial data types is fundamental to creating comprehensive, multi-dimensional datasets for promoting sustainability in smart cities. By combining these distinct perspectives in a data-driven approach, researchers, urban planners, and policymakers can formulate more resilient and sustainable planning strategies. This holistic approach is essential for tackling the present and future hurdles of urban growth, guaranteeing the progress of intelligent cities in an inventive and sustainable way.



As well as open-data initiatives, several datasets have been developed in the literature to support sustainability efforts in the domain of data-driven smart cities. These data collections offer crucial insights and information to aid cities in addressing their unique challenges. In this sense, Table 2 outlines a comprehensive summary of some of the datasets that can be employed to foster the development of sustainable and resilient cities. These datasets converge to form an integrated approach to addressing the multifaceted challenges of urban environments.



Central to this integration is the utilization of multi-source urban datasets [137]. These compilations combine multiple urban data streams to provide a comprehensive view essential for developing innovative and integrated solutions. However, such diverse data sources depend heavily on advanced integration techniques and managing inherent complexities [98,99], which makes geospatial data integration an ongoing challenge. Common obstacles toward effective multi-source data management include redundancy and lack of harmonization due to different source standards (e.g., figures and text files) [107].



In a more targeted approach, urban infrastructure management can benefit from visual datasets obtained from smart cameras that demonstrate the practical use of IoT technology [139]. Such datasets prioritize scalability and maintenance, which requires integration with broader urban systems, therefore improving efficiency and promoting advanced applications. In general, datasets composed of images captured from cameras distributed along the city may be used for different purposes, for example, when multimedia data from traffic monitoring cameras are exploited to both evaluate road speed data and assess pedestrian traffic over time.



Datasets that target natural disaster indicators [138] fill an indispensable gap in disaster risk management, providing urban planners with risk assessment and emergency preparedness mechanisms [9]. Although valuable in constructing urban resilience, it is essential to continually update and customize these datasets to maintain their relevance and accuracy. Predictive modeling using this type of data opens up opportunities for preemptive disaster risk assessment. Similarly, datasets regarding the ability of city infrastructure to respond to critical situations are pivotal for developing effective emergency management systems [45]. These datasets contribute to a deeper comprehension of regional development concerning hazard resilience, empowering planners to anticipate critical scenarios and prepare cities to mitigate risks and enhance safety. However, comprehensive coverage and rapid updating capabilities are still essential to allow for more dynamic datasets to be developed.



In the context of mitigating environmental impacts, datasets on urban parameters are of paramount importance [140]. By ensuring data accuracy and timeliness, it becomes possible to perform predictive analyses that can lead to targeted environment management [102,144]. In fact, efficient adaptation to changing environmental conditions is possible for cities through real-time monitoring and the development of cognitive models. Such improvements are directly related to the efficient management of green space classification [142] and to support land-use impact assessments [10,15]. Both aspects are crucial for sustainable land use and biodiversity, underlining the role of ecological balance in urban areas. Nevertheless, accurately mapping and assessing green spaces remain challenging, with community-driven planning processes being one of the most prominent solutions.



Emphasizing the importance of crowdsourced archives, datasets of cultural and creative sites contribute to protecting cultural and natural heritage [143]. These collections usually leverage infrastructure maps from OpenStreetMap, along with information collected from the public sector, such as universities and government entities. This highlights the need to promote the accessibility and interoperability of such information for properly managing and preserving cultural assets [145].



Evaluating the infrastructure of wireless networks in urban settings highlights the significance of robust digital infrastructure for the sustainable development of smart cities [120]. This information can support and improve the reach and effectiveness of city services, such as mobility, energy, security, and health [115,121]. Furthermore, it can analyze the unequal connectivity distribution throughout different urban areas [122,146]. Advances in this direction can bridge digital inequality and reflect the growing digital demands of modern cities, thus aligning with sustainable urban goals.



Research into geospatial datasets to support smart cities has highlighted their intrinsic value in urban management and planning. Rich and diverse datasets provide more than just static information; they are dynamic tools that fundamentally improve urban life. By seamlessly integrating them into different urban systems, their true potential unfolds in practical applications. Geospatial data proves to be pivotal in optimizing urban infrastructure and enhancing environmental monitoring. Integrating geospatial data in practical scenarios exemplifies smart-city development, transforming theoretical concepts into tangible solutions while addressing real-world urban challenges. In this sense, data-driven insights are actively used to foster responsive, efficient, and sustainable urban ecosystems. The multi-disciplinary nature of these datasets reflects the evolving nature of different smart-city applications, where data are collected and actively used to shape the future of urban landscapes, as discussed in the next section.





5. Sustainable Smart-City Applications


In smart cities, geospatial data plays a fundamental role in the design and implementation of urban services focused on sustainability. The application of data-driven approaches in urban management allows for a deeper and more comprehensive understanding of the specific challenges and opportunities in each locality [14]. By integrating geospatial information such as traffic data, air quality, land use, and infrastructure, cities can make informed and strategic decisions to optimize resources, reduce environmental impacts, and improve the quality of life for citizens [147]. Such an approach not only enables more efficient administration but also contributes to the creation of urban environments that are more sustainable, resilient, and adaptable to the dynamic needs of local communities. The intersection between geospatial data and data-driven urban services is, therefore, crucial for cities that prioritize sustainability at their core [3].



Thus, for the development of sustainable smart cities, it is imperative to adhere to a data collection flow through GIS, IoT applications, and remote sensing techniques [148]. The raw data gathered from these sources drives the processing stage, which is based on data-driven approaches using techniques such as machine learning, descriptive statistics, time series analysis, natural language processing, and data visualization [11]. These methods facilitate the generation of valuable information that provides essential insights for more efficient and sustainable urban planning, as illustrated in Figure 3.



The insights gained from processing geospatial data through data-driven approaches not only enable more effective urban planning but also provide governments with valuable tools for strategic decision-making. As such, this information is critical to the design and implementation of sustainable smart applications, covering various areas related to improving the quality of life in smart cities. Examples of these applications include [3]:




	
Pollution monitoring: using data to monitor and reduce air and water pollution and promote healthier urban environments;



	
Smart urban mobility: implementing data-driven solutions to optimize traffic, support public transport, and promote sustainable mobility options;



	
Efficient water management: using insights to improve water resource management, reduce waste and ensure equitable access to clean water;



	
Sustainable waste management: applying technologies to monitor, collect, and sustainably manage waste, therefore contributing to the reduction of environmental impacts;



	
Smart urban farming: the use of geospatially enabled agricultural practices to increase efficiency, reduce resource use, and promote sustainable agriculture;



	
Smart health: leveraging data to monitor health indicators, prevent disease, and improve the quality of health services in the city;



	
Emergency management: integrating policies and technologies to assess, monitor, and respond to disaster risks, therefore increasing urban resilience;



	
Smart grids: incorporating advanced technologies to optimize energy distribution, increase efficiency, and promote renewable energy sources.








In summary, smart applications go beyond the mere transformation of the urban landscape; they establish robust milestones for sustainability, with a direct impact on the quality of life of residents and the preservation of the planet, which is in line with the aforementioned UN Sustainable Development Goals numbers 3, 6, 7, 9, 11, 12 and 13 (Table 1). These solutions not only promote more efficient, healthy, and resilient urban environments but also consolidate smart cities as protagonists in mitigating environmental damage, thus playing a crucial role in addressing climate challenges, including the growing concern over global warming [149].



5.1. Reviewing Data-Driven Smart-City Approaches


Currently, academic research is strategically oriented towards sustainable goals, which is an essential response to the current scenario of rapid global climate change that drives the need for innovative and sustainable solutions. This growing momentum towards sustainability underlines the importance of conducting a comprehensive survey of the research works that have exploited geospatial data and data-driven approaches [150].



A survey of the literature was conducted for the period between 2019 and 2023 in the following databases: IEEE Xplore, Springer Link, ScienceDirect, ACM Digital Library, and MDPI. The search was based on the following keywords: “sustainable smart cities”, “geospatial data”, “data-driven approaches”, “internet of things”, “remote sensing”, and “geographic information systems”. From this initial search, 152 articles were identified and selected. After a final review based on content and practical results, a total of 15 articles were selected and summarized in Table 3.



The literature review reveals a significant number of studies, with a particular focus on risk analysis and resource management. Of the 15 highlighted papers, most of them focus on these critical areas, highlighting the key role of geospatial technologies in better understanding the urban environment. Indeed, innovative technologies such as GIS and IoT are emerging as protagonists in this context.



Furthermore, the consistent presence of Machine-Learning (ML) applications in various research works underlines the rise of these techniques in the digital transformation of urban planning. For example, in [157], the efficient management of water distribution networks is enhanced by predictive analyses supported by ML techniques. These approaches not only provide valuable insights but also demonstrate the ability to anticipate complex challenges and shape the future of sustainable urban management.



Finally, the remarkable proliferation of IoT and remote sensing technologies is noteworthy, particularly in the context of pollution monitoring, smart urban agriculture, smart grids, and smart health applications. This collection of selected research not only reveals a diversity of approaches but also highlights the transformative potential of emerging technologies in promoting more resilient and sustainable urban environments. This comprehensive analysis has addressed specific research challenges that can open up future opportunities, signaling significant sustainable and societal implications for data-driven urban environments.




5.2. Urban Cases and Experiences


In the dynamic landscape of urbanization, cities around the world are increasingly turning to data-driven smart approaches exploiting the convergence of geographic information systems, remote sensing, and IoT-based systems, as well as the availability of geospatial databases. This might act as a transformative force, reshaping the way cities operate, plan, and respond to the evolving needs of their inhabitants. This paradigm shift is not merely a technological evolution but a strategic response to the pressing challenges that urban environments face, such as population growth, resource constraints, and the imperative to build resilient and sustainable communities.



Some cities have better exceeded in adopting data-driven smart-city approaches, at least in some aspects of the urban development challenges. These success stories not only showcase the transformative potential of discussed technologies, methodologies, and data but also offer tangible evidence of the positive impact on urban development, sustainability, and overall quality of life. Some current success cases are listed as follows:




	
South Korea: Seoul’s All4Land project creates a digital twin of buildings and topography of Seoul to make simulations regarding the real infrastructure of the city. The simulations are used to address issues in traffic, crime, pollution, disaster management, etc. By making use of GIS and 3D modeling, All4Land can recreate the real-world infrastructure, making the simulations more realistic and feasible [164];



	
The Netherlands: Rotterdam’s PortMaps is a partnership of the city of Rotterdam and ESRI, the manufacturer of the ArcGIS software. The project that was born from this partnership allowed the workers to easily obtain information about any asset in the city’s port, playing a central role in the organization’s management, planning, development, and incident response [165];



	
Romania: Bucharest’s InfoSTB is a mobile and web-based application to aid users of the city’s public transportation system. The Bucharest Transport Company’s GIS approach provides real-time data on the geolocalization of its public transport vehicles. With such data, users can effectively know when the next vehicle will come and reduce waiting times at stations [166];



	
Portugal: Lisbon’s PGIL is a smart-city initiative to collect and provide valuable city data to public agents. The tool makes use of GIS alongside other technologies to collect and manage geolocalized data, making it possible to perform analytics and predictions that will improve the city’s response to critical events [167];



	
Singapore: The Singapore Geospatial Master Plan, a document that articulates their initiatives for the next five years from 2018, emphasizes geospatial data and GIS tools as an integral part of Singapore’s society and economy. Although this document is not a smart-city solution specifically, it makes clear how GIS and geospatial data, in general, are of paramount importance when developing smart-city initiatives in that city [168].








Actually, these are just some examples of a growing set of success cases that are taking form in this decade. In general, by examining the strategies, challenges, and outcomes of these successful cases, cities around the world can gain a roadmap for navigating the complexities of smart urbanization, even though we expect that each city will have a particular set of challenges to handle. In fact, the beauty of data-driven approaches is that they come up with tailored solutions to the particularities of each city, improving urban living more efficiently.





6. Research Challenges and Perspectives


The development of smart cities leveraging geospatial data is expected to be strongly promoted in the following years, mainly driven by the increasing concern about climate change and its impact on urban areas. As cities need to become more sustainable and resilient, governments should support research and development projects in this area. Currently, initiatives towards open-data cities and easily accessible public datasets, as discussed in previous sections, are already paving the way to the desired data-driven revolution, but some challenges will still require significant research efforts. This section delves further into this complex field, discussing important perspectives and foreseen challenges.



As an important remark at this point, although there may arise some concerns about the limitations of our performed reviews concerning both the success cases in some cities and recent data-driven smart-city approaches, the presented results are promising. In fact, such limitations may arise in any survey, with different impacts. Even though the literature was not scrutinized to encompass every single research work in the last few years, we have provided a very comprehensive and holistic perception, fulfilling an important gap in this area. With all that said, the future of this research area can be envisioned with some important observations and comments being drawn in the next subsections.



6.1. The Future of Data-Driven Smart Cities


Many important issues should guide the development of data-driven smart-city applications, regardless of their goals and expected improvement of urban services. Such issues encompass technological perspectives to data management paradigms in multiple areas. Actually, the development of data-driven smart-city applications presents a spectrum of challenges that span technological, operational, and ethical dimensions. Achieving a cohesive and unified perspective of the cities, encompassing both temporal and spatial dimensions is a recurrent challenge that should guide the future development of such approaches.



Data heterogeneity in IoT-based smart cities is a reality, and thus, it seems natural that geospatial data will be only one aspect of the developed approaches [169]. Actually, it is expected that researchers will explore different methodologies for effectively integrating a diverse array of geospatial datasets, ranging from satellite imagery and IoT sensor data, with other datasets provided by sources such as social media and non-geolocated macro-data perspectives. At first glance, a critical aspect is the harmonization and standardization of data from various sources to create a cohesive and unified perspective of the city, combining temporal and spatial perceptions. Data fusion and different levels of compressed sensing should then arise as an important trend in this area.



The data processing associated with different spatial and temporal parameters may be too complex and costly when huge amounts of data must be processed in real time. This may require advanced spatial analytics and machine-learning techniques [170,171]. In fact, adaptive algorithms that learn from real-time geospatial data could significantly enhance decision-making processes and reduce the amount of data to process. In this trend, data reduction might also bring significant contributions to the field since data storage and management is also highly relevant when pursuing the concept of smart cities [172].



A promising trend for data-driven smart cities is citizen engagement. Future research might focus on methods to incorporate geospatial data into citizen engagement platforms, fostering active participation in the decision-making process. By leveraging geospatial information, these platforms can enhance community feedback and involvement in urban planning initiatives. In a different trend, citizens can also actively provide data to the cities, for example, transmitting data from their smartphones and wearable devices with spatial and temporal data, therefore providing data to important urban databases. When this trend moves to another level, smart homes and vehicles can also be connected to an urban network to provide data that can be exploited by smart-city applications, indirectly benefiting all citizens [173].



This way, ethical implications surrounding the utilization of geospatial data in smart-city applications must be scrutinized. Although there is an almost universal understanding that smart-city initiatives are beneficial to the inhabitants and society as a whole, concerns related to privacy, data ownership, and security are of paramount importance. Research efforts can contribute by proposing frameworks and guidelines for the responsible and transparent use of geospatial information in urban planning [174]. New approaches prioritizing privacy for datasets with sensitive data, such as those employing images and videos, should have great attention in the coming years.



Therefore, we have discussed some of the most imperative challenges that are inherent to the development of data-driven smart cities. In conclusion, we believe that addressing these multifaceted challenges is integral to the strategic pursuit of sustainable, inclusive, and ethically sound urban development in the evolving landscape of data-driven smart cities.




6.2. Social Impacts and Sustainable Future


Resilient smart cities, largely driven by developments in the Internet of Things, Artificial Intelligence, and Data Science technologies, have been promoted as a prominent way to improve urban quality of life. With the use of geospatial data to enhance this trend, impressive developments are expected in this area, with potential benefits for society. However, while major cities around the world are already committing significant public resources to support such “transformation”, we still need to unravel the urban fabric of spatial inequalities that have permeated our cities for centuries.



A forward-looking research agenda should emphasize the use of geospatial data in building resilient and sustainable smart cities, particularly given that the United Nations has already highlighted the importance of smart cities in the pursuit of its 2030 Agenda, as set out in Sustainable Development Goal 11. Overall, this would include the need to address challenges related to climate change, natural disasters, and resource management, which are core elements, but they alone cannot sustain the development of more inclusive and equitable cities [29].



Despite widespread marketing campaigns advertising the marvelous benefits of the smart cities that are already being created, they tend to hide an uneven distribution of smart services to residents, with richer or more valued areas typically receiving better resources and infrastructure. Urban inequalities may be borrowed from historical spatial occupation even before the adoption of smart-city solutions, as we can see when assessing the presence of hospitals and fire services in many cities [175], which urges us to rethink the type of smart city we want as a society.



Data-driven smart cities must be understood to an end: improving the quality of urban life. In general, as such systems will usually rely on public funding, they should be designed to better protect where they are most needed, in direct proportion to their inherent vulnerability to emergencies [124]. Although this may seem obvious, the reality is that many smart-city services are already largely deployed in richer areas, notably through the introduction of adaptive traffic lights, smart parking, efficient waste management, and bike-sharing systems. When using geospatial data to improve urban systems, socio-economic concerns should be a priority.



Promoting safer and more resilient cities for everyone requires recognizing the inherent socio-economic and spatial inequalities that exist within urban environments, even when teaching the new generations of urban planners [176,177]. Ultimately, what we need most is a better use of public funds in creating and maintaining public geospatial databases and related smart-city applications. Governments are the main stakeholders in promoting smart cities, so citizens need to have a voice when it comes to planning where to spend public money to create more resilient cities.



Overcoming urban spatial inequalities by prioritizing historically disadvantaged areas is expected to be the right choice when implementing data-driven smart cities. By embracing a more holistic and inclusive approach, smart cities could work to reduce the disproportionate negative impacts of intense urbanization and climate change, fostering resilience and sustainability for all. These should be the driving wheels for new developments in this field.





7. Conclusions


The emergence of smart cities as a transformative paradigm in urban development has been driven by the global pursuit of sustainable development goals. With the rapid pace of urbanization and the inherent challenges faced by large cities, the demand for smart and sustainable urban services has increased significantly. The recognition of sustainability as a guiding principle has reshaped the way cities are conceptualized and designed, with a focus on protecting the environment and resources to improve the quality of life for the citizens.



A critical aspect of achieving sustainable smart cities is understanding and addressing the complexity of urban dynamics. Data-driven approaches have emerged as central to this endeavor, leveraging the era of Big Data and the abundance of geospatial datasets. By harnessing such data, smart-city services can be tailored to the specific challenges that the cities have faced. In this survey, we have highlighted the relevance of data-driven smart-city initiatives, outlining their basic concepts, historical developments in the field, and the state of the art. With sustainability as a key objective, we believe that this article can significantly support new research efforts in this area.



Some important conclusions arose after the performed survey. First, although the integration of urban datasets with geospatial information is pivotal for spatially informed analysis, challenges and limitations exist in this multifaceted domain. The accuracy and depth of geospatial data are paramount for informed decision-making, and the diverse types of geospatial data, ranging from satellite imagery to real-time IoT sensor data, present challenges in harmonization and standardization. The complexity and cost of processing vast amounts of data in real time necessitate advanced spatial analytics and (sometimes) machine-learning techniques. Additionally, ethical concerns regarding privacy, data ownership, and security underscore the importance of responsible and transparent geospatial data use in urban planning. The accessibility of geospatial data sources is crucial for sustainable efforts, but it varies based on regional policies, data privacy laws, and data storage availability. Although governmental, private, and community-based platforms contribute valuable geospatial data, the reliability and accuracy of such sources may vary, requiring rigorous verification and regulations. This way, initiatives to enhance data accessibility through standard formats and open-data policies present opportunities but also require addressing the limitations and issues inherent in data processing and integration. Overall, navigating these challenges is crucial for realizing the full potential of geospatial data in fostering resilient and sustainable urban development.



Although urban areas strive for enhanced sustainability and resilience, it becomes imperative for governments to support research and development projects in this domain. As discussed in this article, initiatives such as open-data cities and accessible public datasets are laying the groundwork for a data-driven revolution. Additionally, the future of data-driven smart cities will demand attention to some critical issues, such as the heterogeneity of data in IoT-based smart cities, as well as data extraction from diverse geospatial datasets, requiring innovative methodologies for effective integration, harmonization, and standardization. Although we noted remarkable improvements in these topics, we can conclude that there is a long road ahead for deeper transformations of the urban environments, but we sustain our belief that data-driven smart cities will be crucial in this process.



In future works, research efforts should explore new aspects of smart cities to promote more sustainable goals. As technology continues to evolve, there is a growing need for ongoing research efforts to keep pace with advances and effectively address emerging challenges. Furthermore, other types of comparisons between research works will be considered to better assess the performance of existing solutions for different urban areas.
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Figure 1. A data-driven smart-city perspective toward sustainability. 
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Figure 2. Examples of using a GIS tool, remote sensing data, and IoT data in the city of Porto, Portugal. (a) Using georeferenced data through the CityZones GIS tool [43] for risk assessment. (b) Normalized Difference Vegetation Index) classification using Landsat-8 remote sensing [94]. (c) Reported events by the SenseMyCity [95] system, taking data from IoT sensors. 
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Figure 3. A typical processing flow in geospatial data-driven sustainable smart-city applications. 
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Table 1. Categorization of the UN Sustainable Development Goals (SDG).
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SDG

	
Goal

	
Category




	
Environment

	
Economy

	
Social






	
1

	
No poverty
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2

	
Zero hunger
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3

	
Good health and well-being
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4

	
Quality education

	

	

	
[image: Sustainability 16 00640 i006]




	
5

	
Gender equality

	

	

	
[image: Sustainability 16 00640 i007]




	
6

	
Clean water and sanitation
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7

	
Affordable and clean energy
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8

	
Decent work and economic growth
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9

	
Industry, innovation and infrastructure
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10

	
Reduced inequalities
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11

	
Sustainable cities and communities
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12

	
Responsible consumption and production
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13

	
Climate action
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14

	
Life below water
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15

	
Life on land
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16

	
Peace, justice and strong institutions
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17

	
Partnerships for the goals

	

	
[image: Sustainability 16 00640 i025]

	
[image: Sustainability 16 00640 i026]











 





Table 2. Recent urban datasets associated with the development of sustainable smart cities.
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	Work
	Description
	Format
	Sustainability Aspect
	Location
	Time Span





	[137]
	Multi-source dataset describing different city perspectives
	CSV
	Sustainable urban planning
	Aarhus, Denmark
	Aug–Sep, 2014



	[138]
	Natural disaster indicator based on social vulnerability factors
	CSV
	Disaster risk reduction and management
	Indonesia
	2017



	[139]
	Visual streetlamp monitoring
	JPEG

CSV
	Sustainable urban planning
	Gloucestershire, United Kingdom
	Jan, 2022



	[140]
	Study and prediction of air quality
	CSV
	Environmental impact reduction
	Madrid, Spain
	Jan–Jun, 2019/2020



	[45]
	Assess emergency response capability based on urban infrastructure
	GeoJSON
	Disaster risk reduction and management
	Portugal
	2023



	[120]
	Evaluate the behavior of WLAN and cellular in an urban environment
	CSV
	Sustainable urban planning
	Aveiro, Portugal
	Mar–Apr 2023



	[141]
	Classification of spatially heterogeneous infrastructure and weather data
	ESRI ShapeFile
	Sustainable urban planning
	Tallinn, Estonia
	2014–2019



	[142]
	Classification of green spaces
	CSV

GeoPackage
	Accessible and sustainable public spaces
	Finland
	2017–2021



	[143]
	Crowdsourced archive of cultural and creative locations
	Text files

Graphs

OWL files

XML files

Images
	Cultural and natural heritage protection
	Europe
	n.a.










 





Table 3. Recent works in the literature on geospatial data-driven smart-city applications.
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	Work
	Year
	Domain
	Data Source/Processing
	Objectives for Urban Planning and Optimizations





	[151]
	2019
	Disaster risk reduction
	GIS; IoT
	Alerting citizens about risk situations detected by the analytical processing of large amounts of sensors and GIS data



	[152]
	2019
	Water management
	GIS; Web application
	Support of water spatial data modeling, employing a GIS-based algorithm for optimal burst pipe isolation



	[153]
	2020
	Urban mobility
	GIS; IoT; AI
	Alerting cyclists about the environmental and infrastructure status of cycle paths using a fuzzy classifier



	[154]
	2020
	Waste management
	GIS; Data mining; Machine learning
	Utilizing the mapping power of a GIS tool with a time series predictor to provide information for authorities



	[155]
	2020
	Waste management
	IoT; Machine learning
	Alerting bin status and air quality via a web application with information processed through machine learning



	[156]
	2021
	Pollution monitoring
	Remote sensing; Machine learning; Computer vision
	Supplying river-related information through ensemble learning by processing data collected from unmanned aerial vehicles



	[157]
	2021
	Water management
	GIS; Machine learning
	Visualizing water monitoring data to manage distribution networks with predictive analysis and optimizing insights



	[22]
	2021
	Urban mobility
	Data analysis; Machine learning
	A visualization tool to offer authorities a comprehensive overview of

traffic conditions



	[158]
	2022
	Urban farming
	Remote sensing; Machine learning; Computer vision
	Modern remote sensing data to improve the fertilization process in urban precision agriculture



	[159]
	2022
	Pollution monitoring
	IoT; Wireless sensor networks
	Storing pollution data (wirelessly transmitted) for public domain visualization



	[160]
	2023
	Smart grid
	IoT; AI
	Providing smart grid stability information for swift correction through a data-driven process



	[161]
	2023
	Urban farming
	GIS; Machine learning; Computer vision
	Agrotechnological decision support for crop irrigation and monitoring



	[162]
	2023
	Smart grid
	IoT; Cloud computing
	Data transmission to the cloud, enabling information sharing through the web



	[68]
	2023
	Urban mobility
	Remote sensing; Deep learning; Computer vision
	A web application for alerting police stations about high-speed vehicles to prevent accidents



	[163]
	2023
	Smart health
	IoT; Machine learning
	A remote surveillance system based on fuzzy logic for patient diagnoses
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