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Abstract

:

With the increase in the amount and variety of data that are constantly produced, collected, and exchanged between systems, the efficiency and accuracy of solutions/services that use data as input may suffer if an inappropriate or inaccurate technique, method, or tool is chosen to deal with them. This paper presents a global overview of urban data sources and structures used to train machine learning (ML) algorithms integrated into urban planning decision support systems (DSS). It contributes to a common understanding of choosing the right urban data for a given urban planning issue, i.e., their type, source and structure, for more efficient use in training ML models. For the purpose of this study, we conduct a systematic literature review (SLR) of all relevant peer-reviewed studies available in the Scopus database. More precisely, 248 papers were found to be relevant with their further analysis using a text-mining approach to determine (a) the main urban data sources used for ML modeling, (b) the most popular approaches used in relevant urban planning and urban problem-solving studies and their relationship to the type of data source used, and (c) the problems commonly encountered in their use. After classifying them, we identified the strengths and weaknesses of data sources depending on several predefined factors. We found that the data mainly come from two main categories of sources, namely (1) sensors and (2) statistical surveys, including social network data. They can be classified as (a) opportunistic or (b) non-opportunistic depending on the process of data acquisition, collection, and storage. Data sources are closely correlated with their structure and potential urban planning issues to be addressed. Almost all urban data have an indexed structure and, in particular, either attribute tables for statistical survey data and data from simple sensors (e.g., climate and pollution sensors) or vectors, mostly obtained from satellite images after large-scale spatio-temporal analysis. The paper also provides a discussion of the potential opportunities, emerging issues, and challenges that urban data sources face and should overcome to better catalyze intelligent/smart planning. This should contribute to the general understanding of the data, their sources and the challenges to be faced and overcome by those seeking data and integrating them into smart applications and urban-planning processes.
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1. Introduction


Data are a central object to informed decision making, even more so for more advanced solutions, such as business intelligence, models, forecasts, prediction, planning, and decision support systems (DSS), which are significantly affected by data as input on which they are based or trained. These data and the corresponding data source(s) must be consistent with the purpose of the project. A project that models and/or monitors the performance of relevant indicators for a given urban issue, such as urban growth [1], land use/coverage [2,3], housing and slums [4], mobility [5,6], climate [7,8], building [9], pollution and air quality [10,11], energy [12,13], environment [14], waste management [15], etc., by using techniques such as machine learning (ML) usually begins with the acquisition or collection of the data for the desired area of the study [16].



Despite significant advances in data science, many initiatives start and stop at this stage because researchers either do not know where to find, how to collect, or how to use the often unstructured and highly complex data found that are now increasingly often freely available, sometimes in the form of open data. Artificial intelligence (AI) based on ML is currently relevant in urban planning and urban sustainability, planning and developing Smart Cities, including but not limited to CityLab initiatives [17] where data acquisition is the raw material and starting point [16], making understanding the data crucial.



Moreover, the emergence of various technological advances, such as the internet of things (IoT), smart technologies and smart city technologies in particular [18], digital twins, internet 2.0, widely available, accessible and used smart devices by almost all citizens, make the city a huge data provider/producer [19]. In addition, rapid improvements in machine computing capacity, and the availability of real-time or almost real-time data lead to revolutionary advances in the simulation and modeling of complex systems [16]. A city described in this way can be a typical example of a complex system, with its dynamic network of interacting and constantly changing human, institutional, environmental and physical systems [13]. However, very little research has been conducted so far to highlight or attempt to categorize sources of urban data in order to better guide and accompany this new research dynamic. This study makes such an attempt.



In this paper, we discuss urban data sources and structures related to applications of ML methods for modeling and monitoring urban form indicators in planning, including the data related to intelligent urban planning decision support systems and tools. To this end, we use the research methodology presented in [16] to better circumscribe relevant literature. More precisely, we conduct a systematic literature review (SLR) of all relevant peer-reviewed studies available in the Scopus database. In total, 248 papers found to be relevant are analyzed, using text-mining techniques to determine (1) the main urban data sources used for ML modeling. (2) What are the most popular approaches used in relevant urban planning and urban problem-solving studies and their relationship to the type of data source used? (3) What are the problems commonly encountered in their use? After classifying them, we also identify the strengths and weaknesses of data sources depending on device type, referring to complexity, spatial coverage, temporal information, open accessibility, and cost.



The current research suggests that it is difficult to find an exhaustive classification/categorization of urban data sources, which are currently high and increasingly divergent [16]. This categorization varies from source to source, depending on the field of study and context. Some authors talk about opportunistic and non-opportunistic data, which are based on the means of network communication [20]), or even opportunistic or participatory data, depending on whether the participants are known and notified in advance [21]. However, this initially very logical categorization (based on the protocol for collecting data over the internet) has now been adapted to physical resources, or both in some cases [22]. Other authors discuss vectorized (spatial) or attribute data (data structure-based categorization) [23]. Some experts simply discuss sensor data, defining them as a single type of urban data, i.e., the data that come from dedicated sensors [23,24]. However, what is the primary source of this data? The word "source" refers to the “origin”, or “place where something comes from”. Thus, data are first collected (captured/detected) from somewhere for a well-defined geographical area (called the “study area”) using a fixed or mobile onboard currency and then sent/routed in real-/delayed-time or otherwise for their further processing and storage [24]. This process is illustrated in Figure 1, which allows for the identification of the levels that each study is at for categorizing urban data sources. Except for sensor data, statistical surveys are another and well-known (old) important source of urban data for extracting and further exploring information on various indicators [25]. The information describing the data from these two sources allows the generation of urban metadata, which is often useful, especially for the reuse of data [26]. Whether these urban data come from sensors or statistical surveys, they are stored and shared under open access or on licensed platforms that are often assimilated to their source.



This is expected to provide the reader with an understanding of where data for the desired urban planning problem can be found and what are the main sources of urban data for ML applications in urban planning.



Hence, the rest of the paper is structured as follows: Section 2 discusses spatialized data, GIS being one of the most crucial and popular urban data sources. Section 3 presents the research methodology, while the analysis of the results, discussion and conclusion are then provided in Section 4 and Section 5, respectively.




2. Urban Data


First, let us elaborate on “urban data” as the central object of this study. In this paper, we understand urban data as numerical values obtained from measurements and other sources in the urban environment [25]. According to the current state of the art, these data can and tend to be made open, i.e., they can be freely accessed (online) and reused without any technical or legal restrictions [25,27,28], which makes them more valuable. The importance of the openness of the data that could be used for ML-based applications have become more expressed today, and there are many specific platforms, such as Kaagle, providing the user with the datasets specifically for this purpose.



Data sources are generally classified as (1) the conventional standing for the most traditional form of collecting data from one or more sources, typically involving the searching/finding, obtaining/acquisition, assessing, integrating, and using the data; (2) crowd-based (or crowd-sourced), defined as the result of collective contribution of the general public (standing for the “crowd” in its title) to the generation, and in some cases further stages, such as aggregation, and processing of the data for further use; and (3) cloud-based, whereas the title suggests that the data are sourced from cloud platforms provided through dedicated interfaces [29].



However, in the context of urban data, data sources are typically divided into sensor networks and statistical surveys, including official statistics and, more recently, user-generated content [25]. These sources typically generate raw data that are then structured in well-defined formats before they are released to the public, i.e., shared. Platforms for accessing urban data can be mostly open source and freely accessible or under a paid license.



The diagram in Figure 1 shows the process of obtaining these data. There are two main sources of urban data—sensors and surveys (we will cover them in more detail in Section 4.2). Sensor data differ mainly by the type of devices or even type of transport collecting them, e.g., satellite, aerial, ground, ubiquitous, and fixed, while statistical survey data differ according to their type, e.g., interviews, institutional statistics and social media. These data are stored in urban data storage databases (urban databases), which are accessible by different users through data-exchange or data-sharing platforms. Let us discuss the key elements of understanding urban data and its sources.



2.1. Data Structures


In general, a data structure is a specific format for storing, accessing, and processing data to meet specific requirements. The data structure is typically either finite (i.e., constants, variables, point records or indexed, e.g., arrays, associative tables, and vectors) or recursive, (e.g., lists, trees, and graphs). There are many forms of structures, and their complexity varies, some of which are related to the sources and the context in which they are used. The structure determines the methodology to be used, when working with them, e.g., supervised or unsupervised approaches for structured data, their complexity, and the processing tools. An inappropriate data structure or method used to work with them can lead to slow execution time, poor performance, or complicated and unresponsive code. In other words, when choosing a data structure, it is important to consider the type of data that will be stored, the location of existing data, and how the data will be accessed and processed.



Most often, raw data are unstructured or semi-structured, and can be described by several structural parameters that indicate whether they are any of the following:




	
Linear or non-linear indicates whether the data items are organized chronologically, as in a table, or non-graphically, as in a graph. The data can also be periodic or seasonal.



	
Homogeneous or heterogeneous, indicating whether all data elements in a specific repository are of the same type for homogeneous data or of different types for heterogeneous, respectively. Heterogeneous data can also come from multiple sources and be aggregated or merged to better target a given indicator.



	
Static or dynamic, describing how data structures are compiled. Static structures have fixed sizes, structures and memory locations at compile time. In a dynamic data structure, the size, structures, and memory locations can shrink or grow depending on the use of the data structure.








The triangle in Figure 2 makes a correspondence between the type of urban data structure and the quality of urban information expressed. This correspondence is further highlighted in Table 1. According to this figure, urban data can combine attribute, spatial and/or temporal variables. The latter allows respectively the question what? where? and when? to be answered based on the context-conducted studies.




2.2. Spatialized Data Structuring and the Emergence of GIS


In recent years, geographic information systems (GIS) tools have become increasingly popular, as their hardware has become more affordable and software more user-friendly. The benefits of using GIS data in urban planning are numerous, the most important of which are the following:



▸ GIS can increase the relevance and currency of a map by providing a single source of current and historical data and maps. This increases the efficiency of thematic mapping and reduces the cost of data storage. Because GIS solutions are available in a variety of architectures—desktop or cloud—modern solutions enable improved access to vital data. Desktop GIS makes it easy to store, organize, and retrieve data from various sources, while cloud GIS does the same but from any device. GIS technologies provide improved communication through a single data storage and management system.



▸ Improved support and assistance for strategic decision-making with faster access to more relevant and up-to-date geographic data. As a consequence, planners can make informed decisions and plan more effectively. Furthermore, they can explore a wider range of what-if possibilities, resulting in more reliable, robust and successful long-term plans. All of this is possible because of spatial data that allow users to think more spatially. The context of a GIS is critical to better understanding the structuring of urban data. GIS databases are structured to ensure links between the physical objects stored in the simulation and the spatial/attribute databases so that dynamic queries can be run during the simulation [30]. In the context of GIS, a typical project involves datasets accessible at different levels of spatial aggregation: census data available by area or block; data associated with a particular site/parcel, such as zoning characteristics, estimated value, number of parking spaces; and individual building-level data, which may include building value, the condition and number of floors, and the number of employees [30,31,32]. These types of data attributes are typically associated with polygon features in a two-dimensional (2D) GIS database. In addition, the data are associated with linear features, such as street or utility networks (e.g., traffic or information flows [6]).



All in all, urban data usually combine (1) attribute, (2) spatial and/or (3) temporal variables, allowing to answer what, where, and when questions based on the context of the conducted studies (see Figure 2 and Table 1); however, elaborating on this in more detail, establishing a correspondence between the urban data structure type and the quality of expressed urban information, when combining the above “questions”, provides a brief insight into the general description of these data, and the advantages and disadvantages that the user can face when working with them.



Generally, spatial vectors, attribute features, and metadata are the three forms of data in every spatial database. There are also several types of spatial data: (1) spatial vector data (usually points, lines, and polygons), and (2) raster data, also known as data grid, and finally (3) picture data, such as data from remote sensing (a more advanced idea).



Attribute data are indexed data, the size of which often consists of n items (samples and records) in rows, described by j attributes (features) in columns. Each row corresponds to an item, and the columns carry the features (characteristics) of the entities. This classic type of data can come from multiple sources based on sensors (temperature, pollution, humidity, etc.) as well as surveys. Attribute data are less complex and easier to analyze due to superior model accuracy using simple learning algorithms or statistical tools [16]. However, they have the disadvantages of being difficult or even expensive to obtain over a large geographic area [25]. Therefore, they allow work to be carried out on a small scale but with greater precision/accuracy when multiple data sets of this type are often then aggregated to obtain information on a larger scale. In addition to these two categories of data, metadata are the most neglected type of data, although they are commonly used, especially if someone else is going to use the database afterwards. They contain information about the scale, the accuracy, the projection and/or datum, and how the data were obtained/collected/generated [26].





3. Research Method


To create a knowledge base on a topic and identify all relevant literature to be used as a source of information for further analysis, we first performed a literature search on the Scopus database, which is considered the most comprehensive overview of the world’s research findings in the technology, medicine, social science, and arts and humanities, covering over 5000 international publishers including but not limited to Elsevier, Springer, Wiley-Blackwell, Taylor & Francis, Sage, Wolters Kluwer, Oxford University Press, Emerald, Inderscience Publishers, Cambridge University Press, Bentham Science, IEEE (https://www.elsevier.com/__data/assets/pdf_file/0007/69451/Scopus_ContentCoverage_Guide_WEB.pdf, accessed on 15 January 2022). The search query combined two sets of keywords: (1) “urban planning”, “urban form”, “urban shape” and “urban morphology”, and (2) “machine learning” and “deep learning”. In the search query, the logical Boolean operators “AND” and “OR” were used to combine the keywords of the two categories and include the keywords of each, and finally “EXCLUDE” to remove the review, a review of books, letters or documents in a language other than English constituting a set of exclusion criteria. In other words, we searched all relevant peer-reviewed literature in English, focusing on journal articles, conference proceedings, books, chapters, etc.



This allowed us to retrieve 751 raw articles and 723 after the removal of reviews, conference reviews, and letters. Key data about the selected papers were downloaded as .csv files and then passed through a filtering process to leave only the most relevant, i.e., articles addressing the topic of machine learning applications in urban planning. In order to obtain targeted documents that refer to (or at least mention) the description and therefore the source of the urban data involved, we adapted the search elements after several filtering based on data analysis techniques using the ORANGE tool [33]. Several related articles deemed relevant and not preserved from the previous steps were manually added.



Thus, we reached 248 of the most relevant articles that were included in the analysis, leading to the results we present in the next sections.




4. Analysis of Results


4.1. Bibliometric Analysis Summary


Analysis of the results of a bibliographic survey is important for clarifying the results of the conducted survey to readers. The latter usually combines statistical analysis of publication trends, type of publications, authors, themes, sources, publishers, etc. [19]. In order to make it more insightful, we added an exploratory analysis of some key indicators to measure and show the reliability of the research conducted using indicators from the two categories. The first is related to scientific publications, namely the number of publications (Figure 3a), authors’ affiliating institutions (Figure 4a), keywords (Figure 5), source journals (Figure 3b), and access to/types of papers, while the second refers to scientific impact expressed as the citations count.



Our analysis shows that there is a trend toward a strong increase in the number of publications on this topic that are indexed in Scopus database (see Figure 3a). Starting with one article published per year before 2012, this number grows exponentially from this year until it reaches 71 in 2021. As for the top journals, IEEE access and Remote Sensing source journals from IEEE and MDPI publishers, Open Access is the most popular (see Figure 3b). Other sources on this list are Elsevier (the leader of the list based on the number of journals), Springer, and SPIE.



Figure 4a,b show the top 10 institutions in terms of the number of published articles and the relationship between the most frequent institutions’ countries, respectively. As with many current scientific research topics, this list is dominated by Chinese institutions and a few American and European institutions. The dominance of Chinese institutions in this list can be justified not only by their intense ongoing research activities, but also by the dense networks to increase the number of publications. However, completing this analysis as a whole, the US, then Chinese, and UK institutions are the largest contributors.



Another point we analyzed was the type of and access to scientific publications, which is found to be important to assess their quality and scientific impact. A total of 43% articles are available in open access, where gold and green open access are found to be the most popular routes, i.e., 28% and 22%, respectively. For the type of these contributions, the majority, i.e., 57% of documents are journal articles, while conference papers and book chapters represent 34% and 9%, respectively. Knowing that journal articles not only have a relatively longer publication process and stricter evaluation criteria, their dominance shows not only the reliability of the research carried out, but also the maturity of the research topic studied.



As regards the scientific impact measured as the number of citations that the contributions received, we found that several papers on the issues faced during the application of ML methods in urban planning were widely disseminated and cited. The top ten most cited articles in the Scopus database with their brief summary are provided in Table 2. For the summary we provide, being in line with the purpose of this study, we focus on the data sources used, as there is a close relationship between the data source, target indicators and ML methods used. Regarding scientific impact, we consider the number of citations of these articles, which ranges from 288 for the most cited to 71 for the least cited. We thus calculate the average number of citations per year (ACPY), which varies depending on the year of publication. It ranges from 11 for the lowest to 67 for the highest. The publishers in this top ten are Elsevier with 5 articles, followed by IEEE with 4 articles and finally Taylor & Francis with one article. For the data sources used in these studies, eight sources come exclusively from sensors, more specifically from satellites and telecommunications devices, while one is based on hybrid data (sensor and survey) and only one is based on survey data.



Going a step further, we analyzed the most frequently used keywords. Figure 5 shows the ten most frequently used keywords, confirming some of those included in the search query, i.e., “urban planning”, “machine learning” and “deep learning” at the top of the list. Then referring to [16], we categorize the other keywords of this shortlist into (a) ”learning systems”, (b) “neural networks”, (c) “decision trees”, (d) ”learning algorithms” and (e) “artificial intelligence” associated with machine learning, followed by (f) “land use”, which is the most commonly modeled urban planning indicator in published research, and last but not least, (g) “remote sensing”, which is the most commonly used urban data acquisition technique to train ML methods, in this case to model indicators such as “land use”.



Now, let us refer to the key research object of this study, i.e., sources of urban data analysis considered in the literature.




4.2. Sources of Urban Data Analysis


In order to better adapt to the defined task, ML algorithms should receive (be fed with) the “best” data [43]. In the field of urban planning, these data come from various sources depending on the questions to be addressed and targeted indicators [16]. Researchers have relied on a variety of data sources that often correlate with the issues under study, ranging from the most classic in urban science (sensing and surveys) to the most recent and emerging, such as ubiquitous data [25]. The emergence of urban data capable of training powerful ML algorithms has enabled the provision of more intelligent solutions to current challenges of cities, such as “sustainable planning, smart city, digitalization, resilience, developing better strategies and studying the impact of new urban development projects” [16]. Generally speaking, urban data sources are sensor-based technologies and data from institutional surveys [25].



Our analysis of the current literature shows that (1) 58% studies applying ML use data coming exclusively from sensors, (2) 33% use hybrid data, and finally (3) 9% use surveys exclusively (see Figure 6). These data sources give an idea of their reliability according to the desired study and the real impact of the results obtained.



Let us elaborate on these data sources in more detail.




4.3. Data Sources: Remote Sensing and Surveys


4.3.1. Remote Sensing


Sensing is the most important step in obtaining most urban data [8,24]. This is performed using onboard sensors that are fixed somewhere on the device to cover an area of a smaller spatial scale or carried in a mobile device [44], whose speed depends on the area covered and the accuracy of the collected data. Surveys conducted show that more than 58% of urban data used to train the ML algorithms comes from sensors, while 33% are hybrid sensing and survey data [16].



Nowadays, high volumes of highly diversified sensor data are generated, and this volume is expected to grow exponentially [24]. Most often, they are geographically far from their target, which is why this technique is called “remote sensing”, which is the most commonly used for collecting urban data. Considering the sources of sensor-based data, it is possible to classify/categorize them depending on the transport technologies used, which reflect the spatial extent of the area covered and the scale of data precision/accuracy [16].



We distinguish several types of data depending on the type of carrier device: (1) satellite/radars, (2) drone/plane, (3) ground transports such as bikes, cars, scooters and e-scooters, trains, (4) ubiquitous mobile devices, (5) fixed devices, (6) social networks and social media, (7) crowd-sourcing, (8) interviews, and (9) institutional statistics. Table 3 presents their description as well as provides an insight into their advantages and disadvantages, assessing their (a) complexity, (b) spatial coverage, (c) temporal information, (d) accessibility in open access, (e) cost, and data structure, i.e., (a) vector, or (b) attribute. Complexity and cost are assessed as either low or high spatial coverage (as global or partial), while temporal information and accessibility as a Boolean function (yes or no).




4.3.2. Survey/Statistical Urban Data


In addition to the sensor-based data discussed earlier, survey data are one of the main and oldest sources of urban data. These data come from many federal, state, regional, and local government agencies, including, but not limited to national open government data portals, but also non-governmental institutions, as well as various private sources [28]. They also include data repositories for ML, such as the UCI machine learning repository, Kaggle, KDD, etc. While the opportunity to re-use data is very beneficial and allows to reduce the number of resources to be spent (both human, time, and fiscal), for many research tasks, and even more so for training ML algorithms, relevant data are not available or even do not exist, thus making it necessary for urban researchers to collect these data themselves [25]. This becomes even more vital if up-to-date data characterized as being rather dynamic in nature are the object of interest, i.e., where the data available under some conditions could become outdated and useless or insufficient.



While surveys are the primary method for collecting new data, urban-planning researchers also use a number of more creative data generation methods. These methods increasingly incorporate ICT and social participation [19]. Individual or grouped citizen initiatives play an important role in the collection and provision of such data. Therefore, we classify this category of data as (a) data from institutional (statistical) surveys, (b) social networks (also sometimes referred to as web sensing), (c) interviews, (d) crowdsourcing [45], etc. These data are often used alone [15] or in combination with sensor data, thereby increasing the level of completeness and reliability [31]. In addition, they are more opportunistic and easy to collect and process than sensing data (see Table 3).



There is also evidence found in the literature reporting on the cases when authors combined survey data and sensor data to address a socio-functional or socio-technical aspect of the city with an urban form indicator [16]. For instance, [46] addressed the correlation of the physical activity of city users (obtained by survey) to the greenness of the streets (obtained by Google street view data).





4.4. ML Methods Depending on the Urban Data Source


The decision to use ML methods is heavily influenced by data-related factors, such as sources and structures. When faced with an ML problem, one of the most commonly asked questions is “Whether it is supervised learning (the target is known in advance) or otherwise unsupervised”. Whenever the target is known for supervised learning, it can be discretely or nominally associated with a classification problem; otherwise, it will be nominal and therefore associated with a regression problem [16].



The conducted analysis of the existing body of knowledge shows that the use of supervised learning methods largely dominates over unsupervised learning methods, regardless of the data source used (Figure 7). This is not only because in most cases, predictive modeling data naturally have a target variable known in advance, but can also be obtained in an intermediate step of unsupervised learning, such as clustering.



There is also the dominance of regression problems over classification problems for supervised learning, and the dominance of association rules over clustering for unsupervised learning shown in Figure 8. However, analysis related to data sources reveals that for sensor data (mostly satellite images), the learning problem is mainly in classification rather than regression. The opposite observation is made for hybrid data or data obtained exclusively from surveys.



Now it remains to find methods that are most commonly used according to these different types of problems. To do this, it is necessary to address the ML and the DL separately.



4.4.1. Data Sources and Methods Used: The Case of ML


According to the analysis of the literature, the use of ML methods outweighs the use of DL, and very few works employ both types of methods (see Figure 9). Depending on the data sources, this analysis remains valid for data coming from sensors or hybrid sources. However, the exclusive use of ML methods is often seen for data coming from surveys, which often have significantly simpler structures to learn.



Our analysis supports our suggestion that the selection of ML methods depends on the used data source. More precisely, Figure 10 shows the proportions of the used method depending on the data sources, with ensemble methods in the lead, which are considered more robust than individual learning methods.



The analysis reveals that among these ML methods, the random forest (RF) algorithm is not only the most widely used, but also able to achieve the best performance in most use cases regardless of the data source. Next comes the support vector machine (SVM) algorithm, which is widely used for hybrid or sensor data, although it can be adapted to other data sources similarly effectively. Then come the logistic regression (LR), gradient boosting (GB), artificial neural network or multiple layer perceptron (ANN/MLP), decision trees (DT), k-nearest neighbor (KNN), naive Bayes (NB), and adaptive boosting (AB) algorithms. Algorithms such as XGboost (XGB) and bagging, however, are used relatively less frequently.




4.4.2. Data Sources and Methods Used: The Case of DL


For DL methods and the trends of their usage depending on data sources, the leading methods are based on deep neural networks (DNN) or convolutional neural networks (CNN) (Figure 11). They are most often effective for image processing, such as satellite images and remote sensing data. Then there is a strong prevalence of the recurrence learning methods, such as recurrent neural network (RNN) or long short-term memory (LSTM) that allow time series processing. Auto-encoders (AE) and generative adversarial neural networks (GAN) are also used for predictive regression and the generation of new artificial architectural forms [12]. Finally, other methods, including transfer learning (TL) and reinforcement learning (RL), are used relatively less frequently.





4.5. Urban Planning Issues According to the Urban Data Source


In Sections Section 2, Section 4.2 and Section 4.4, we discuss the structures, urban data sources, and trends on the selection of the ML method depending on the used data source. Now, let us discuss whether there are trends related to the use of data sources to address certain urban-planning problems. Our analysis resulted in the identification of seven urban planning issues, where some trends related to the selection of the data source can be observed. Figure 12 illustrates the urban-planning problems addressed by the data sources.



When examining the type of urban planning problem considered with the reference to the data source used, i.e., in order to identify such relationship or dependence, we find that the land use/cover issue, which is assimilated to all classical urban planning, is the most addressed urban planning issue, which in most cases is solved using ML methods and only with the help of sensor data, more precisely, satellite data (see Figure 12). Key metrics or indicators targeted by this issue include land use [3], land cover [2], urban growth [1], and land values [47].



Then comes the issues of pollution and environment, climate and mobility, for which different data sources can be used. Pollution and environment, and mobility are two categories, where the ratio of studies using surveys is the highest compared to the identified issues.



They are followed by issues related to buildings/constructions, for which the data gathered from sensors and hybrid data sources are used with no studies found using survey data, making this issue, together with land use/land coverage, the only issues where surveys alone are not used. This allows us to speculate that this form of data sourcing is not sufficiently appropriate for this issue and should be avoided in newly launched studies, or at least its appropriateness should be extensively inspected, having a higher risk of project failure if it is used as the only method.



The list is concluded with the socioeconomic and energetic urban/energy problems, for which three data sources are used, although sensor data sources dominate with less expressed dominance of such for energy-related urban issues. For these various problems, we can refer to [16] for more details on related indicators.





5. Discussion and Conclusions


Today, there is a high importance of making it possible to integrate automated decision support into the planning process. However, the current body of knowledge demonstrates that many researchers and practitioners face various challenges, one of the most serious being related to the selection of urban data [16]. In this study, elements associated with urban data, i.e., their type, sources and structures, for better use in training ML methods were discussed.



We discussed the structuring of urban data, facilitated by the advent of GIS, which is more appropriate for storage, future accessibility, analysis, and processing, and, above all, for better analysis using ML methods. Urban data vectorization has improved the analysis and processing of initially complex spatial data to design and develop new applications useful for urban planning [1,23]. In addition, attribute data tables make it easier to analyze and visualize indicators, although often on a small scale, for greater precision and less complexity.



The urban data structured in these two major categories enabled the integration of new tools (ARGIC, QGIS, GEE, Python, etc.) and new intelligent applications based on ML methods. These applications are at the heart of solving the complex problems of the urban-planning system, as evidenced by the exponentially growing number of scientific contributions published in recent years. AI integration is seen as an asset to optimize urban planning and identify and optimize indicators of sustainability, resilience, socioeconomic inclusion, and overall development [16].



Our research has shown that the data used for this purpose mainly come from detection and are becoming increasingly complex. This complexity is marked by the increased use of intelligent ML-based models to support urban-planning decisions, including complex DSS.



Supervised methods, such as SVM and RF, are the most commonly used, regardless of the data type with the particularity of being explainable. They are followed by using unsupervised learning methods alone or with a supervised method afterwards to process unstructured data modeling. The use of deep learning methods is increasing to improve the efficiency of planning and real-time monitoring (e.g., of area), especially to solve issues, such as land use/coverage from vector (sized) satellite images. However, these complex models usually suffer from the explainability problem because they are of the "black box" type with an almost non-transparent decision-making process. We also provided insight into what data-sourcing methods are found to be the most appropriate for a particular urban planning issue, considering the current body of knowledge.



This paper does not address how or where the data are stored to avoid biasing the work with details not related to the data source or ML forming the core of this study. It also does not include data sources related to other processing techniques or issues other than urban planning, although they are quasi-similar, and the results can be extrapolated to other domains of applications. We also covered only the Scopus database. While it is considered the most comprehensive overview of the world’s research findings, and we believe that the results covering other databases would be the same since we were interested in the aggregated results and determination of the patterns, it can be still worthwhile to consider conducting this analysis covering more databases, e.g., including the Web of Science database.



We believe that this study will serve as a guide or reference for more active participation in addressing and solving urban-planning problems, constituting a knowledge base for selecting data sources and ML methods, including the reference to the urban planning issue to be addressed, that will capture and solve specific issues more accurately. In other words, the results of the study should be of interest not only to researchers and theoreticians, but also to practitioners; we believe they can be of particular interest to enthusiasts such as participants of marathons, hackathons and CityLab initiatives, letting them capture quicker what type of data and data source are the most appropriate to successfully implement the desired idea, thereby contributing to sustainable urban planning and development.







Author Contributions


Writing—original draft, S.C.K.T., H.T. and R.A.; Writing—review & editing, E.B.D. and A.N.; Supervision & administration, J.C.; Funding, J.C. and A.N. All authors have read and agreed to the published version of the manuscript.




Funding


This research has been co-funded by European Social Fund via the IT Academy program and the APC was funded by CEAT-ENAC-EPFL.




Institutional Review Board Statement


The study did not require ethical approval.




Informed Consent Statement


Not applicable.




Data Availability Statement


Not applicable.




Conflicts of Interest


The authors declare no conflict of interest.




References


	



Gómez, J.A.; Patiño, J.E.; Duque, J.C.; Passos, S. Spatiotemporal Modeling of Urban Growth Using Machine Learning. Remote Sens. 2020, 12, 109. [Google Scholar] [CrossRef]

	



Kafy, A.A.; Naim, M.N.H.; Subramanyam, G.; Faisal, A.A.; Ahmed, N.U.; Al Rakib, A.; Kona, M.A.; Sattar, G.S. Cellular Automata approach in dynamic modeling of land cover changes using RapidEye images in Dhaka, Bangladesh. Environ. Chall. 2021, 4, 100084. [Google Scholar] [CrossRef]

	



Okwuashi, O.; Ndehedehe, C.E. Integrating machine learning with Markov chain and cellular automata models for modelling urban land use change. Remote Sens. Appl. Soc. Environ. 2020, 21, 100461. [Google Scholar] [CrossRef]

	



Ibrahim, M.R.; Titheridge, H.; Cheng, T.; Haworth, J. predictSLUMS: A new model for identifying and predicting informal settlements and slums in cities from street intersections using machine learning. Comput. Environ. Urban Syst. 2019, 76, 31–56. [Google Scholar] [CrossRef]

	



Lu, S.; Zhang, Q.; Chen, G.; Seng, D. A combined method for short-term traffic flow prediction based on recurrent neural network. Alex. Eng. J. 2021, 60, 87–94. [Google Scholar] [CrossRef]

	



Liu, Z.; Liu, Y.; Meng, Q.; Cheng, Q. A tailored machine learning approach for urban transport network flow estimation. Transp. Res. Part C Emerg. Technol. 2019, 108, 130–150. [Google Scholar] [CrossRef]

	



Kabano, P.; Lindley, S.; Harris, A. Evidence of urban heat island impacts on the vegetation growing season length in a tropical city. Landsc. Urban Plan. 2021, 206, 103989. [Google Scholar] [CrossRef]

	



Rida, A.Z.M.I.; Koumetio, C.S.T.; Diop, E.B.; Chenal, J. Exploring the relationship between urban form and land surface temperature (LST) in a semi-arid region case study of Ben Guerir city-Morocco. Environ. Chall. 2021, 5, 100229. [Google Scholar] [CrossRef]

	



Geiß, C.; Schrade, H.; Pelizari, P.A.; Taubenböck, H. Multistrategy ensemble regression for mapping of built-up density and height with Sentinel-2 data. ISPRS J. Photogramm. Remote Sens. 2020, 170, 57–71. [Google Scholar] [CrossRef]

	



Choung, Y.J.; Kim, J.M. Study of the Relationship between Urban Expansion and PM10 Concentration Using Multi-Temporal Spatial Datasets and the Machine Learning Technique: Case Study for Daegu, South Korea. Appl. Sci. 2019, 9, 1098. [Google Scholar] [CrossRef]

	



Orlowski, C.; Sarzyński, A.; Karatzas, K.; Katsifarakis, N. Decision processes based on IoT data for sustainable smart cities. In Transactions on Computational Collective Intelligence XXXI; Springer: Berlin/Heidelberg, Germany, 2018; pp. 136–146. [Google Scholar]

	



Chang, S.; Saha, N.; Castro-Lacouture, D.; Yang, P.P.J. Generative design and performance modeling for relationships between urban built forms, sky opening, solar radiation and energy. Energy Procedia 2019, 158, 3994–4002. [Google Scholar] [CrossRef]

	



Long, Y.; Mao, Q.z.; Shen, Z.j. Urban form, transportation energy consumption, and environment impact integrated simulation: A multi-agent model. In Spatial Planning and Sustainable Development; Springer: Dordrecht, The Netherlands, 2013; pp. 227–247. [Google Scholar] [CrossRef]

	



Liu, L.; Silva, E.A.; Wu, C.; Wang, H. A machine learning-based method for the large-scale evaluation of the qualities of the urban environment. Comput. Environ. Urban Syst. 2017, 65, 113–125. [Google Scholar] [CrossRef]

	



Kontokosta, C.E.; Hong, B.; Johnson, N.E.; Starobin, D. Using machine learning and small area estimation to predict building-level municipal solid waste generation in cities. Comput. Environ. Urban Syst. 2018, 70, 151–162. [Google Scholar] [CrossRef]

	



Koumetio Tekouabou, S.C.; Diop, E.B.; Azmi, R.; Jaligot, R.; Chenal, J. Reviewing the application of machine learning methods to model urban form indicators in planning decision support systems: Potential, issues and challenges. J. King Saud Univ.-Comput. Inf. Sci. 2022, 34, 5943–5967. [Google Scholar] [CrossRef]

	



Culwick, C.; Washbourne, C.L.; Anderson, P.M.; Cartwright, A.; Patel, Z.; Smit, W. CityLab reflections and evolutions: Nurturing knowledge and learning for urban sustainability through co-production experimentation. Curr. Opin. Environ. Sustain. 2019, 36, 9–16. [Google Scholar] [CrossRef]

	



Madamori, O.; Max-Onakpoya, E.; Erhardt, G.D.; Baker, C.E. Enabling Opportunistic Low-cost Smart Cities By Using Tactical Edge Node Placement. In Proceedings of the 2021 16th Annual Conference on Wireless On-demand Network Systems and Services Conference (WONS), Klosters, Switzerland, 9–11 March 2021; pp. 1–8. [Google Scholar] [CrossRef]

	



Niu, H.; Silva, E.A. Crowdsourced data mining for urban activity: Review of data sources, applications, and methods. J. Urban Plan. Dev. 2020, 146, 04020007. [Google Scholar] [CrossRef]

	



Leguay, J.; Lindgren, A.; Scott, J.; Friedman, T.; Crowcroft, J. Opportunistic content distribution in an urban setting. In Proceedings of the 2006 SIGCOMM Workshop on Challenged Networks, Pisa, Italy, 11–15 September 2006; pp. 205–212. [Google Scholar] [CrossRef]

	



Lane, N.D.; Eisenman, S.B.; Musolesi, M.; Miluzzo, E.; Campbell, A.T. Urban sensing systems: Opportunistic or participatory? In Proceedings of the 9th Workshop on Mobile Computing Systems and Applications, Napa Valley, CA, USA, 25–16 February 2008; pp. 11–16. [Google Scholar] [CrossRef]

	



Llaguno, M. Opportunistic Mobile Urban Sensing Technologies. In Proceedings of the American Meteorological Society, Boston, MA, USA, 13 January 2020; Available online: http://hdl.handle.net/2078.1/243054 (accessed on 20 January 2022).

	



Xu, B.; Chen, J.; Yu, P. Vectorization of classified remote sensing raster data to establish topological relations among polygons. Earth Sci. Inform. 2017, 10, 99–113. [Google Scholar] [CrossRef]

	



Sagl, G.; Blaschke, T. 14 Integrated Urban Sensing in the Twenty-First Century. Global Urban Monitoring and Assessment through Earth Observation; Taylor & Francis: Abingdon, UK, 2014; p. 269. [Google Scholar]

	



Mainka, A.; Hartmann, S.; Meschede, C.; Stock, W.G. Mobile application services based upon open urban government data. In iConference 2015 Proceedings; iSchools: Grandville, MI, USA, 2015; Available online: http://hdl.handle.net/2142/73635 (accessed on 20 January 2022).

	



Ozguven, E.E.; Horner, M.W.; Kocatepe, A.; Marcelin, J.M.; Abdelrazig, Y.; Sando, T.; Moses, R. Metadata-based needs assessment for emergency transportation operations with a focus on an aging population: A case study in Florida. Transp. Rev. 2016, 36, 383–412. [Google Scholar] [CrossRef]

	



Jetzek, T.; Avital, M.; Bjørn-Andersen, N. Generating Value from Open Government Data. In Proceedings of the ICIS 2013, Milano, Italy, 15–18 December 2013; Available online: http://aisel.aisnet.org/cgi/viewcontent.cgi?article=1181&context=icis2013 (accessed on 20 January 2022).

	



Nikiforova, A. Smarter Open Government Data for Society 5.0: Are your open data smart enough? Sensors 2021, 21, 5204. [Google Scholar] [CrossRef]

	



Krasikov, P.; Eurich, M.; Legner, C. Unleashing the Potential of External Data: A DSR-based Approach to Data Sourcing. In Proceedings of the ECIS 2022 Research Papers—AISEL 2022; Timi Valla, Romania, 18–24 June 2022, Available online: https://aisel.aisnet.org/ecis2022_rp/64 (accessed on 24 January 2022).

	



Liggett, R.; Friedman, S.; Jepson, W. Interactive Design/Decision Making in a Virtual Urban World: Visual Simulation and GIS. 1995. Available online: https://proceedings.esri.com/library/userconf/proc95/to350/p308.html (accessed on 27 January 2022).

	



Porat, I.; Shach-Pinsly, D. Building morphometric analysis as a tool for urban renewal: Identifying post-Second World War mass public housing development potential. Environ. Plan. B Urban Anal. City Sci. 2021, 48, 248–264. [Google Scholar] [CrossRef]

	



Wurm, M.; Droin, A.; Stark, T.; Geiß, C.; Sulzer, W.; Taubenböck, H. Deep learning-based generation of building stock data from remote sensing for urban heat demand modeling. ISPRS Int. J. Geo-Inf. 2021, 10, 23. [Google Scholar] [CrossRef]

	



Demšar, J.; Curk, T.; Erjavec, A.; Gorup, Č.; Hočevar, T.; Milutinovič, M.; Možina, M.; Polajnar, M.; Toplak, M.; Starič, A.; et al. Orange: Data mining toolbox in Python. J. Mach. Learn. Res. 2013, 14, 2349–2353. Available online: http://jmlr.org/papers/v14/demsar13a.html (accessed on 30 January 2022).

	



Schneider, A. Monitoring land cover change in urban and peri-urban areas using dense time stacks of Landsat satellite data and a data mining approach. Remote Sens. Environ. 2012, 124, 689–704. [Google Scholar] [CrossRef]

	



Huang, B.; Zhao, B.; Song, Y. Urban land-use mapping using a deep convolutional neural network with high spatial resolution multispectral remote sensing imagery. Remote Sens. Environ. 2018, 214, 73–86. [Google Scholar] [CrossRef]

	



Vakalopoulou, M.; Karantzalos, K.; Komodakis, N.; Paragios, N. Building detection in very high resolution multispectral data with deep learning features. In Proceedings of the 2015 IEEE International Geoscience and Remote Sensing Symposium (IGARSS), Milan, Italy, 26–31 July 2015; pp. 1873–1876. [Google Scholar] [CrossRef]

	



Robinson, C.; Dilkina, B.; Hubbs, J.; Zhang, W.; Guhathakurta, S.; Brown, M.A.; Pendyala, R.M. Machine learning approaches for estimating commercial building energy consumption. Appl. Energy 2017, 208, 889–904. [Google Scholar] [CrossRef]

	



Zhang, F.; Zhou, B.; Liu, L.; Liu, Y.; Fung, H.H.; Lin, H.; Ratti, C. Measuring human perceptions of a large-scale urban region using machine learning. Landsc. Urban Plan. 2018, 180, 148–160. [Google Scholar] [CrossRef]

	



Hagenauer, J.; Helbich, M. Mining urban land-use patterns from volunteered geographic information by means of genetic algorithms and artificial neural networks. Int. J. Geogr. Inf. Sci. 2012, 26, 963–982. [Google Scholar] [CrossRef]

	



Noulas, A.; Mascolo, C.; Frias-Martinez, E. Exploiting foursquare and cellular data to infer user activity in urban environments. In Proceedings of the 2013 IEEE 14th International Conference on Mobile Data Management, Milan, Italy, 3–6 June 2013; Volume 1, pp. 167–176. [Google Scholar] [CrossRef]

	



Persello, C.; Stein, A. Deep fully convolutional networks for the detection of informal settlements in VHR images. IEEE Geosci. Remote Sens. Lett. 2017, 14, 2325–2329. [Google Scholar] [CrossRef]

	



Zhan, X.; Zheng, Y.; Yi, X.; Ukkusuri, S.V. Citywide traffic volume estimation using trajectory data. IEEE Trans. Knowl. Data Eng. 2016, 29, 272–285. [Google Scholar] [CrossRef]

	



Jordan, M.I.; Mitchell, T.M. Machine learning: Trends, perspectives, and prospects. Science 2015, 349, 255–260. [Google Scholar] [CrossRef]

	



Caminha, P.H.C.; Costa, L.H.M.K.; de Souza Couto, R. A Bus-based Opportunistic Sensing Network. In Proceedings of the Anais Estendidos do XXXIX Simpósio Brasileiro de Redes de Computadores e Sistemas Distribuídos—SBC, Online, 16–20 August 2021; pp. 57–64. [Google Scholar] [CrossRef]

	



Kamel Boulos, M.N.; Resch, B.; Crowley, D.N.; Breslin, J.G.; Sohn, G.; Burtner, R.; Pike, W.A.; Jezierski, E.; Chuang, K.Y.S. Crowdsourcing, citizen sensing and sensor web technologies for public and environmental health surveillance and crisis management: Trends, OGC standards and application examples. Int. J. Health Geogr. 2011, 10, 1–29. [Google Scholar] [CrossRef]

	



Lu, Y. Using Google Street View to investigate the association between street greenery and physical activity. Landsc. Urban Plan. 2019, 191, 103435. [Google Scholar] [CrossRef]

	



Ma, J.; Cheng, J.C.; Jiang, F.; Chen, W.; Zhang, J. Analyzing driving factors of land values in urban scale based on big data and non-linear machine learning techniques. Land Use Policy 2020, 94, 104537. [Google Scholar] [CrossRef]








[image: Data 07 00170 g001 550] 





Figure 1. Flowchart (or workflow) of the urban data collection process. 
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Figure 2. Urban data features and corresponding structures. 
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Figure 3. Number of documents published by (a) year, (b) source journal. 






Figure 3. Number of documents published by (a) year, (b) source journal.



[image: Data 07 00170 g003]







[image: Data 07 00170 g004 550] 





Figure 4. (a) Top 10 affiliated institutions and (b) interconnections between the most frequent institutions’ countries. 
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Figure 5. Relations between the most frequent countries. 
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Figure 6. Distribution of urban data sources. 
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Figure 7. Learning type depending on the data sources involved. 
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Figure 8. Learning problems used depending on the data sources involved. 
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Figure 9. Use of ML depending on the data sources involved. 
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Figure 10. ML methods used depending on the data sources involved. 
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Figure 11. DL methods used depending on the data sources involved. 
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Figure 12. Urban-planning issues by urban data source. 
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Table 1. Comparative summary of urban data structures.
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	Data Struct
	Questions
	Description
	Advantages
	Disadvantages





	Vector data
	WHEN & WHERE
	Made up of a grid of pixels. Instead, vector graphics are comprised of vertices and paths. The three basic symbol types for vector data are points, lines, and polygons (areas)
	+Compact data structure

+Efficient for encoding topology

+True representation of shape
	-Complex structure

-Overlay operations difficult

-Might imply a false sense of accuracy



	Raster data
	WHEN and WHERE
	The simplest form consists of a matrix of cells (or pixels) organized in rows and columns (grid) in which each cell contains a value representing information
	+Suitable for complex analysis

+Efficient for overlays

+Common for imagery where matrices are easy to analyze
	-Large datasets which requires a lot of resources for processing and storage

-Topology hard to represent

-Maps are less “realistic” due to spatial resolution

-Difficult to adequately represent linear features depending on the cell resolution.



	Attribute data
	WHEN and WHERE and WHAT
	Alphanumeric variables describing a given urban entity that may not have a spatial component (longitude and latitude). Technically, they are considered non-spatial tables that can be browsed and modified using the attribute table view in urban data analysis tools such as QGIS.
	+Simple structure

+Suitable for Simple analysis

+Efficient for overlays

+Easy to analyze linear features

+Require low resources and computing expertise

+Low data preprocessing
	-Inefficient for complex analysis

-Subject to appraiser interpretation

-Hard to represent the topology
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Table 2. Top 10 most cited papers. ACPY = Average Cites Per Year.
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	N°
	Ref
	Year
	Data Source
	Source
	Cites
	ACPY
	Publisher





	1
	[34]
	2012
	Sensing (satellite)
	Remote Sensing of Environment
	288
	32
	Elsevier



	2
	[35]
	2018
	Sensing (satellite)
	Remote Sensing of Environment
	202
	67.33
	Elsevier



	3
	[36]
	2015
	Sensing (satellite)
	International Geoscience and Remote Sensing Symposium (IGARSS)
	199
	33.170
	IEEE



	4
	[37]
	2017
	Survey
	Applied Energy
	155
	38.75
	Elsevier



	5
	[38]
	2018
	Hybrid
	Landscape and Urban Planning
	103
	34.33
	Elsevier



	6
	[39]
	2012
	Sensing (OpenStreetMap)
	International Journal of Geographical Information Science
	92
	10.22
	Tay & Fr



	7
	[40]
	2013
	Survey (Telecom & Geotagué des phones)
	Proceedings—IEEE International Conference on Mobile Data Management
	91
	11.36
	IEEE



	8
	[14]
	2017
	Sensing (Baidu Map)
	Computers, Environment and Urban Systems
	88
	22
	Elsevier



	9
	[41]
	2017
	Sensing (satellite)
	IEEE Geoscience and Remote Sensing Letters
	78
	19.5
	IEEE



	10
	[42]
	2017
	Sensing (GPS trajectory dataset)
	IEEE Transactions on Knowledge and Data Engineering
	71
	17.75
	IEEE
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Table 3. Comparative summary of urban data sources for ML modeling.
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DS

	
Device Type

	
Description

	
Advantages & Disadvantages

	
Data Structure






	
-

	

	

	
Complexity

	
Spatial coverage

	
Temporal infos

	
Open Accessibility

	
Cost

	
Vectors

	
Attribute




	
Sensors

	
Satellite/radars

	
Data generated by remote sensing technologies using sensors carried by satellites

	
Low

	
Global

	
YES

	
Yes/No

	
Low

	
✓

	




	
Drône/plane

	
Data from sensors built into air vehicles (planes, drones, helicopters, etc.)

	
Low

	
partial

	
YES

	
No

	
High

	
✓

	
✓




	
Bikes/Cars/

Motos

	
Data from sensors on or integrated into ground transporters (bicycles, motorbikes, buses, taxis, trains, etc.)

	
Low

	
Partial

	
YES

	
Yes

	
Low

	

	
✓




	
Ubiquitous mobile devices

	
Data from sensors embedded in any mobile device or any other connected device of daily use (phones, watches, smart homes/infrastructures, etc)

	
Low

	
Partial

	
YES

	
Yes

	
Low

	

	
✓




	
Fixed devices

	
Data from sensors either embedded in a dedicated fixed device or in any other device opportunistically (e.g., camera, street lights, …)

	
High

	
Partial

	
YES

	
No

	
High

	
✓

	
✓




	
Survey and institutional Statistics

	
Social Networks/media

	
Emerging data from the social networks (including web surveys) such as Facebook, Twitter, etc.

	
High

	
Global

	
YES

	
Yes

	
Low

	

	
✓




	
Crowd-sourcing

	
Data from a large group of people in a study area, who submit (voluntarily) their data via the internet, social media, or smartphone applications

	
High

	
Partial

	
No

	
No

	
Low

	
✓

	
✓




	
Interviews

	
Data from interviews on urban issues that can be conducted offline or online via social media

	
High

	
Partial

	
NO

	
No

	
High

	

	
✓




	
Institutional statistics

	
Data from governmental and non-governmental institutions’ statistics

	
Low

	
Partial

	
NO

	
No

	
High

	
✓

	
✓
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