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Abstract

:

This paper investigates spatial relationships regarding the accessibility of urban green space, the overall yearly vitality of the surrounding vegetation, and additional indicators such as air and noise pollution, in urban areas. The analysis uses socio-economic data sets derived from a sophisticated disaggregation approach. It results from applying a new tool that processes data from coarse and small-scale data sets to smaller spatial units in order to derive more fine-grained insights into the characteristics of the smallest suburb. The consequent data sets are then augmented by comprehensive raster-based accessibility network analysis and the incorporation of measured data on air and noise pollution. Gaining an overview over the whole area on the one hand, and looking at smaller city districts in detail on the other, unveils whether there is an imbalance regarding all combined indicators. After correlating two socio-economic indicators, a spatial comparison of the preliminary results determines whether this approach reveals neighborhoods wherein residents of a lower socio-economic status are exposed to multiple threats at once. As a result, the paper presents a workflow to obtain a broader and, at the same time, more small-scale overview of polycentric agglomeration. Simultaneously, it provides a large-scale insight into single sites, right down to the city block level. Consequently, this study provides a sophisticated approach that helps to assess the quality, quantity and characteristics of the specific spatial distribution of environmental justice in small- to large-scale urban areas at a glance. The results help to identify regions of inequalities and disadvantages. They allow for querying additional values assigned to large-scale spatial units. These versatile variables provide a means to reveal other noticeable indicators. Furthermore, this entails the opportunity to evaluate the distinct living conditions of locally affected demographic groups, and improve them with tailored approaches. Finally, the results can enhance the perception of these living conditions, and be used to promote the capacity for organizing the lives of the respective residents more sustainably, helping the neighborhood to grow accordingly.






Keywords:


urban green; accessibility; noise pollution; air pollution; disaggregation; network analysis; environmental justice; socio-economic disparities; SDGs












1. Environmental Justice and Sustainability


The importance of environmental justice for the (e)quality of living conditions in specific urban areas has become increasingly evident over the past few years [1,2,3,4]. Discussions of factors such as gender, heritage, skin color, income gaps and their effects on the location of residential homes in a city, are as inevitable in our modern society as the broad discussions about climate change, energy consumption and sustainability [5,6,7,8]. Numerous studies have investigated the effectss of the factors mentioned above on the living conditions within the whole area of a certain city; for example, in Germany, Raddatz and Mennis [9] undertook such research in 2013 for the city of Hamburg, or (as one among many) Klimeczek [10], who in 2014 studied the city of Berlin. Others have also undertaken this research in many other cities around the world (e.g., [11,12,13,14]). The spatial subject of investigation in those studies almost always focused on the distinct distribution of different environmental factors in a city—the composition of common threats and opportunities, plus the socio-economic and socio-demographic structure of local inhabitation.



The primary goal of the studies mentioned above was to identify specific groups within the urban population that suffer from more threats than others, or whether they have better access to positively connoted areas (such as urban greenery) and whether there is a correlation to be identified. These studies aimed to depict patterns in areas of various sizes, depending on the spatial resolution, wherein disadvantages are primarily incurred by those people with a lower socio-economic status. By doing so, they mostly focus specifically on analyzing individual cities, and not on polycentric agglomerations such as the Ruhr area. The Ruhr area covers more than one big city. Hence, it also includes the transient and partly rural areas between cities. With this heterogenic appearance, it is a suitable subject for the study at hand.



It must be stated that this study is not the first to somehow assess the distribution of environmental justice in the Ruhr area. Yet, the other examinations—with the ZUKUR project [15] leading the way—focused on the overall prospects, and determined a huge variety of different means and their allocations, via an analytical approach. This study describes the situation of one particular area in a chosen quarter (e.g., Dortmund Marten [16]) or city (e.g., Bottrop [15]) within the Ruhr area (see also [17]), but does not necessarily build a model that covers the Ruhr area as a whole. As the Ruhr area tries to shift its reputation from a region that is composed of many solitary cities to a coherent urban matrix (henceforth referred to as “Metropole Ruhr”, in place of “the polycentric agglomeration of the Ruhr area”; see Figure 1 and see also [18]), it is becoming more and more feasible to undertake analyses—such as in this study—that do not try to focus on only one particular part of the Metropole Ruhr, but instead incorporate the whole of the region.



As expected, this approach can help to understand the relationships between particular areas within the Metropole Ruhr that are far away from each other, but still connected via the boundaries of the conurbation. This approach can be transferred to various other conurbations, such as the Guadalajara Metropolitan Area in Mexico, or the Tokaido corridor in Japan, which are two other research areas where we might implement the following workflow [22].



The link between environmental justice and sustainability issues has been proven in a huge variety of studies (e.g., [5,6,7,23,24,25]). All of them point out that the issue of environmental quality, and hence the presence of a sustainable maxim, is inextricably linked to human equality at all scales [26]. These findings are clearly visible when looking at countries with more equal income distributions, greater civil liberties and more political rights, which tend to have a significantly higher environmental quality [7,23,27,28]. This gives us reason to assume that improvements in human equality—especially in urban areas—can and will also improve the perception of environmental issues by residents, which will thus mean a more sustainable and climate-friendly approach to the development of particular city quarters in the future.



To date, in the Metropole Ruhr, several attempts have been made at the targeted promotion of urban development within the context of sustainability [29,30,31]. Nearly all of them very have clearly considered that one of the most important aspects is always the social one, along with the circumstances that distinguish one city block, district or quarter from another. This is because the sustainability of these resource-intensive cities is always subject to socio-economic and environmental changes [26].



Around the world, urban planning processes are increasingly being linked to the 17 Sustainable Development Goals (SDGs) (see Figure 2), all of which aspire towards environmental justice [32]. That said, some still view this rather critically [33]. For this paper, SDGs three (good health and well-being) and eleven (sustainable cities and communities) are the focus, and provide the topic for the evaluation of the results. This is accompanied by a visual comparison of different areas within the Metropole Ruhr, intended to emphasize the huge differences that still occur in its urban regions by also pointing out the areas at the center of huge gaps in terms of equitable living conditions. Beneficiaries of this could include urban planners, political decision-makers and promoters of further studies, who can align their results and objectives to the respective situations in each area, while also being able to adjust this preliminary data to their very own needs.



This study investigates the current situation in the Ruhr area regarding the place of residence of people with different socio-economic statuses, respective levels of accessibility to urban greener (and its vitality [35]), threats such as air and noise pollution, and resulting inequalities. This is conducted via two steps. First, an overall image of this complex and eclectic conurbation is drawn out, putting the environmental factors and threats mentioned above together into a multilayer dataset to highlight regions of accumulated disadvantages.



This is followed by a much more detailed analysis, which provides the opportunity to zoom in to the city block level and freely examine specific large-scale areas of a city, or spaces in between two cities, and inquire as to the respective values of an individual city block. If this dataset can be created while incorporating all those different factors, this study might help to establish a certain workflow that enables a far more detailed evaluation of certain areas than has been possible before. The spatial resolution of the dataset used in this study exceeds that of all others, and all the features yield individual values that can help to quantify and compare even the smallest city block.




2. Materials and Methods


In the area of the Metropole Ruhr, the focus here is on the accessibility of urban greenery, the mean yearly concentration of nitrogen dioxide (NO2), the exposure to noise, and the average yearly vitality of the vegetation within a determined radius [15,36]. These factors are spatially matched with the socio-economic conditions in regions of accumulated disadvantages or imbalances. All the datasets that are required for the analyses conducted in this study are shown in Table 1.



After the processing of all required datasets via geo-spatial analyses using a geographic information system (GIS), they are combined into one general set. This comprehensive dataset includes all parameters and sums them up into one final index parameter. The latter allows us to reveal hot spots of inequality, where two or more threats are present in a single city block.



The class Urban Fabric of the UrbanAtlas2018 [42] is used as the main spatial reference to which all different attributes and respective values are related. It is the class representing the residential areas in city blocks (including mixed-use and hostels). After extracting these from the entire UrbanAtlas2018 dataset, they are validated using the footprints of houses within the digital landscape model (DLM, [43]). Here, all buildings inside a respective city block feature are attributed their actual type of use. Consequently, some urban fabric features containing houses that are officially not of residential use can be removed from the whole urban fabric class, as the DLM data in this case are official and thus more reliable. All resulting individual values for the chosen parameters in this analysis are stored in the final dataset of UrbanAtlas2018 city blocks to provide maximal comparability between all the features.



The socio-economic variables are delivered by PLZ8 polygons. They are based on postal code features, which have a significantly larger spatial extent than the city block features of the UrbanAtlas2018. To incorporate these numbers into the smaller city block features, they need to be disaggregated first. This is conducted as part of an automated process, facilitated by the tool built by Burian et al. 2021 [44]. In the end, all city block features obtain an individual value for each of the attributes of the PLZ8 dataset. This allows us to apply correlation to identify places of accumulated disadvantage for residents of certain socio-economic statuses on a large scale.



2.1. Urban Green Network Analysis Layer


Numerous studies have investigated the accessibility of urban greenery within different contexts (e.g., [45,46,47,48,49]), using different approaches to defining the minimum sizes of the target areas and the maximum distances between them. For the urban greenery analysis in this study, the limiting values have been taken from the requirements of the framework of the ZUKUR project [15], providing the possibility of embedding the results into further local studies. The values rely on the conclusions of several studies, such as the ones by Richter et al. in 2016 [50] and Grunewald et al. in 2017 [51]. Here, urban greenery is categorized as recreational areas (larger than 1 ha) or larger urban green spaces (exceeding 10 ha). To count as accessible, recreational areas must be within a distance of 300 m (Euclidean) or 500 m (actual walking distance in the network), while distances of 700 m (Euclidean) and 1000 m (actual walking distance) apply for the larger urban green spaces.



A raster-based path distance analysis is here conducted, taking into account a street network for pedestrians [37], using a filtered land use mapping dataset [52]. This is used to calculate the distance to the next urban green space for each pixel (see Figure 3; Section 1 and Section 2). In this case, the calculations are based on a raster surface that is defined by the street network dataset. Conversion into a raster dataset must be done first. Following this, for each raster cell in the network, the smallest cumulative cost distance from or to the nearest source polygon (urban greens) is calculated, along with horizontal, vertical and transversal cost factors through respective raster cells.



In the next step, all raster cells are converted to point features possessing distance values (Figure 3; Section 3). They are spatially joined to the city block features of the UrbanAtlas2018 dataset [39] as the central value store, using the mean values of all points intersecting within a polygon (Figure 3; Section 4 and Section 5). This calculation chain is repeated for the larger urban green spaces to eventually derive two new values for each city block feature, containing information about the walking distance to each of the two urban greenery types.



For the assessment of environmental justice, it is necessary to know whether urban green spaces are within walking distance (500 m/1000 m). Therefore, all city blocks are split into two groups by thresholding each value accordingly (see Figure 4, red for both urban green spaces beyond the threshold distance).




2.2. Areal Interpolation of Mean Annual NO2-Concentrations


The mean NO2 concentration is understood as one possible proxy for the local degree of air pollution. It is used as a second attribute (or threat), while data from the surveillance measuring network for air quality (LUQS, in accord with [53]) are used to calculate a suitable dataset for this study. There are several approaches, parameters and pollutants that may be used to assess the air pollution in a particular area (e.g., [54,55,56]). All of them have their pros and cons. However, since the acquisition of measurement values for this study area with enough samples is a challenge that can be satisfactorily met for the NO2 concentration, and since NO2 is one of the most common proxies (alongside fine particulate matter in PM2,5 to PM10 concentrations) for the estimation of air pollution [11,12,53], in this study, the NO2 concentration is used to judge air pollution.



An applied threshold of 30 µg/m3 is chosen to distinguish areas of acceptable concentrations below and unacceptable concentrations above this threshold. Many other studies use 40 µg/m3, since it is recommended in various places [12,54,57]. This study follows the recommendation of the WHO to adjust the threshold to 30 µg/m3 [58], as it is not ultimately evident that health issues do not also occur at lower NO2 concentrations.



The measured data have been obtained from opengeodata.nrw.de [38] (accessed on 30 April 2020), while the interpolation is conducted using the Inverse Distance Weight algorithm (IDW). This produces the best results in cases of unevenly distributed measurements, without using complex interpolation models [59,60,61]. After the interpolation, the raster values are split up again into two respective groups (see Figure 5). To incorporate the threshold values and groups into the city blocks that already possess information about the accessibility of urban greenery, the final step is to convert the raster into a point feature class and spatially join them with the city blocks.




2.3. Noise Exposure Measurements


The third factor in this analysis is noise pollution. A lot of studies dealing with issues in the context of environmental justice state that the maximum noise that can still be considered below an environmental threat is 70 dB [15,62,63]. The German Ministry for Consumer Protection assesses the noise pollution [40] in Germany, while data from outside of city centers can be obtained from certain web portals that are maintained by the respective cites or municipalities. The acquisition of an overall dataset that also includes city centers can be crucial, as a lot of the cities and municipalities do not provide their data freely. As it is of major interest that all datasets be produced by the same monitoring technique, in order to have reliable, consistent and comparable values, for this study, noise data were requested from LANUV (State Agency for Nature, Environment and Consumer Protection).



The datasets distinguish between several different noise sources, such as roads, railroads, trams, airplanes, airports and industry. All the different noise sources are placed in separate datasets for day- and nighttime. For this analysis, all sources are consolidated into one common dataset and filtered to only cover areas where the maximum volume exceeds 70 dB (see Figure 6). This dataset is processed again into an area-wide raster dataset, and then spatially joined with the already existing city block features.




2.4. Average Annual NDVI within 500 m


As a dataset for the secondary evaluation, the average annual NDVI within 500 meters is calculated for every city block. This calculation is based upon two spectral bands, red and near infrared (nir), of a satellite image, and hence gives an index value for the vitality of the vegetation [35,64,65] (see Figure 7).



This can help us in rating the quality and vitality of the vegetation over, for example, a whole year. To obtain the respective data, the Google Earth Engine offers a shortcut solution, since here, more than 30 petabytes of data can be queried and processed at the backend via a JavaScript based code [67]. Using this, the whole collection of Sentinel-2 imagery is filtered and selected, clouds are masked, and an area-covering image for the study area is automatically mosaicked from hundreds of individual images.



For this study, the mean values for each cloud-free raster cell and for all spectral bands within the period of the whole of 2019 are calculated and processed into one final image. The resulting image can be used to calculate the NDVI via the mentioned formula (see Figure 7).



The resulting NDVI image is used to calculate zonal statistics for each output raster cell. Therefore, the values of surrounding raster cells within 500 m of each pixel are averaged and written onto the respective raster cell in the final image. This image again depicts NDVI values, but here, these values do not represent the location of the raster cell itself, but the mean value of the neighborhood within a 500-m distance.



In the final step, these values are incorporated into the city blocks of the UrbanAtlas2018 by converting the raster cells into points and spatially joining them with all respective features, using the local mean value (see Figure 8).




2.5. Disaggregator and Socio-Economic Variables


Another set of values that is incorporated into the city block features of UrbanAtlas2018 is the socio-economic variables from microm [20,68]. As these are individually stored in matching PLZ8-features, which are based on the sublevels of regular postal code areas [19] and hence are area-wide and gapless, these values need to be recalculated and transferred into smaller city blocks via spatial disaggregation. Depending on the approach used, spatial disaggregation can be a highly complex process, given the specific requirements of each technique that may be applied [8].



The whole workflow aims to distribute data from larger units (source zones) to smaller units (target zones), as shown in Figure 9.



There are many ways to do this, from a simple area-weighted solution to a three-class dasymetric mapping approach, which has turned out to be the most accurate in numerous studies (e.g., [69,70,71]). Usually, the dasymetric mapping approach is carried out manually in several different steps, of which the most crucial is the hierarchization of the target zones in order to parametrize the distribution from source zones. The more extensively a building is used as a residential home, and the more space it provides for this purpose, the higher its respective rank, and the greater the number of inhabitants that will be disaggregated into the overlaying target zone. Burian et al. developed and evaluated a disaggregation tool in 2021 [44] that was able to conduct all these other calculations in one procedure. To apply this disaggregation tool, only the hierarchy is required.



The hierarchization of city blocks as the target zones is performed via the method approved and evaluated in [8]. This involves categorizing all target zones according to their type of use and their potential living area to create a relative value that can distinguish all target zones from each other and put them into a certain order in a respective attribute field. After that, the microm datasets with PLZ8 features and the city blocks from UrbanAtlas 2018 (see Figure 9) are parametrized as target and source zone inputs in the disaggregator tool. The resulting output is a dataset with city block features and all socio-economic variables disaggregated on that level. These values can be spatially joined in the overall city block dataset, to collect the values for all the different parameters of this study in one dataset.




2.6. Combining All Data and Performing Correlation


All values for the chosen threats and accessibilities, plus the socio-economic values, are stored within the city block dataset. The next step is to combine all threats into one quantitative value. With this value, it will be possible to identify larger regions as well as single city blocks where all threats are present at once, no matter how far the respective values are above the crucial threshold value. If a threat, according to its threshold, is present in a respective city block, it is attributed the value “0”—if there is no threat, it gets assigned the value “1”. For accessibility, this is process is conducted vice versa. Finally, all newly generated fields are summed up. This results in a final overall value, where zero marks city blocks with all threats are present and no urban greenery is accessible. Four marks the ones with no threats at all and accessibility to both types of urban greenery, and all other combinations are indicated between these values (see Table 2).



The next step is the calculation of correlations between certain socio-economic variables. The aim is to identify regions with a significant local bivariate relationship for the two variables of educational level and migration background. This is performed to compare those regions identified with regions of multiple threats, with the aim of unveiling regional hotspots of environmental injustice as a basis for further investigations.



Figure 10 depicts the developed workflow, showing the datasets used for each process in each subchapter.



The correlation is analyzed for two socio-economic variables. The first is heritage, representing the absolute number of inhabitants per city block that are not native Germans or who lack German ancestors. The second one is education, representing the absolute number of inhabitants per city block that have no high-school diploma, but this does not distinguish between gaining an inferior graduation and no graduation at all.





3. Results


Putting all the intermediate results of both threat analyses and the accessibility analysis together, as described in Section 2.6, the final result is a map that classifies the whole region into five distinct classes (see Figure 11).



The map reveals both an overall picture of the Metropole Ruhr, showing a characteristic gradient from rural areas to inner-city parts, as well as a very detailed view of each particular city block, each attributed with its respective sum of threats and inaccessibility. For more detailed information about a particular city block or region, all city blocks have been analyzed for the characteristics listed in Table 3.



This gives the option to aggregate certain city blocks into neighborhoods, districts or whole cities, while choosing whether to sum or to average the respective values.



As a second outcome of the analysis, a map that depicts the correlation of school degree with migration background is visualized (see Figure 12). The results show that, with 0.88 as the average R2 value, the correlation of the two characteristics is very high, which could be expected according to Wei et al. 2018 [72]. The regions of the highest correlations are colored yellow, showing areas where both attributes feature in their upper values ranges.



To perform the final step, which is the investigation of environmental justice for the Metropole Ruhr, both results are filtered to extract their respective lowest values. These classes are intersected in order to determine whether there are areas of accumulated threats and inaccessibility that are inhabited by people of low educational level with a foreign migration background (see Figure 13). The resulting city block features can now be queried concerning the values of their other attributes, as shown in Table 3.




4. Discussion


The results of this study can be used and interpreted in manifold ways. In this exemplary analysis, the focus is set on the number of residents per city block that have a foreign migration background and those who have a relatively low educational level. The map in Figure 13 shows several small regions where multiple threats are accumulated, and the regressions of both socio-economic variables are notably high. The northern part of the city of Dortmund—also sometimes called the “arrival district”—has always been a melting pot of immigrants with a lot of difficulties concerning their education and income, due to language barriers and a relatively high unemployment rate [73,74,75]. Here, it is clearly visible that the results reflect the reality quite well, and that this city district is one of the hotspots where environmental justice has to be improved significantly—for not only contemporary, but also long-term, reasons. In this borough, the pursuit of Sustainable Development Goals three and eleven has shown much room for improvement, since it is not only the socio-economic status that seems to be a serious issue here, but also the environmental threats that the residents are facing. These embody a dangerous health issue, especially for children and those exposed to them for a long period of time [76].



Based on this study, city blocks that are affected by an absence of healthy socio-economic infrastructure, as well as by the presence of environmental threats, can now be further examined. For instance, the attributes given in this study can provide crucial information about the absolute number of people living there, their ages, their living conditions and income, their education status, and further characteristics (see Table 3). All these variables offer the opportunity to evaluate a neighborhood not only as a whole, but with a degree of detail that reaches right down to the level of urban structure types. This is of great benefit, since former studies have mostly not provided results that reach below the spatial units of urban statistical districts, which contain from dozens to hundreds of individual city blocks.



By considering the connection between the general ability to think sustainably and the link between living conditions and environmental justice, we can improve the overall perception of environmental and sustainability issues in a city district. As a generic scenario, we might plan to install a new playground, a new area of urban greenery, a space for physical activity, or similar facilities. This can now be carried out with the ability to not only view the whole picture, but also to see each mosaic stone on its own. This gives rise to a much more differentiated and focused insight into the conditions of the neighborhood where the future recreation site will be built. Hence, it offers a lot more opportunities to adjust strategies directly to the people living there.



One further step could be to investigate the real-life situation in the city blocks shown in the results of Figure 13. More accurate measuring could be realized by installing sensors in the centers of affected areas to evaluate and find out how serious the threats really are. All the analyses in this study deal with real data from real sensors, but no interpolation method can reconstruct the real situation as precisely as local measurements [61]. The results of this study are no substitute for real field studies, but they can improve the detectability of areas where there is high potential for improvements in environmental justice. This can significantly help in accelerating further proceedings.



A crucial point for the developed workflow is the acquisition of the datasets that are necessary to an analysis that will produce results representing the real status of a place. There are certain datasets that can be substituted by, e.g., remote sensing data (NO2 concentration, land surface temperature, etc.), but the most reliable data normally originate from official or governmental sources, if not from terrestrial measurement. GoogleEarthEngine is a massive tool used to obtain such alternative datasets within minutes, though it still needs to be determined whether it really can replace official data, and if so, what are the drawbacks and consequences.



Another crucial point for this study was the disaggregation of the socio-economic variables. Usually, this takes a lot of time, since dasymetric mapping in three classes is a complex process that requires experience and skill. The disaggregator tool of Burian et al. [44] did a satisfactory job and saved a lot of time, although the preparation of the target zones as regards their hierarchy remains something that should be conducted manually, which costs some time and also requires some more additional datasets.



The chosen socio-economic variables can be changed to whatever the targeted result requires. If, for instance, there is a strong focus on children and their educational level, in combination with the unemployment rate of the people living around certain areas where the number of children is relatively high, these should be the variables of the correlation analysis. Additionally, analyses of threats can be extended to further factors, such as the proximity to dumping sites, or bio-climatic pressures due to high temperatures [15]. Future research could replace the commercial microm dataset with fresh census data. Due to the COVID-19 pandemic, the German Zensus2021 has been postponed to 2022. Unfortunately, the last German census before that was conducted in 2011. Since the temporal gap between these datasets would thus be too large, it was not considered an option in this study to use this latter dataset.




5. Conclusions


The datasets given by the approach in this paper provide new possibilities for assessing the living conditions of socio-economically disadvantaged residents in urban areas, with distinct sizes and shapes. In contrast to previous studies, this study’s focus is highly scalable. It allows a coarse overview over a variously populated conurbation that is characterized not only by urban, but also by rural regions. The accompanying opportunities in the context of environmental justice-related questions range from the general—or small-scale—and comprehensive rating of a heterogeneous area such as the Metropole Ruhr, to the large-scale rating of administrative units, such as city blocks. This helps in significantly improving the quality of life of the inhabitants, which is a crucial component when developing a sustainable and equitable strategy to raise the perception and attractiveness of a specific region for various applications [77,78].



The polycentric Metropole Ruhr turned out to be an appropriate testbed for this scalable approach. However, there might be limitations to the transferring of this workflow to other conurbations, e.g., the aforementioned Guadalajara Metropolitan Area in Mexico, or the Tokaido corridor in Japan. Both examples have a similar structure in terms of the spatial distribution of different urban and rural landscapes types. However, they might differ in their overall appearance regarding urban structure types, street networks, and many of the other factors that shape large urban agglomerations [79]. Still, the joint incorporation of environmental and socio-economic data into spatial units on a large scale via the presented approaches can help in identifying small areas where injustice is high, and gain a comprehensive overview of the whole area.



Regarding the verified link between environmental justice and sustainability (see Section 1), the results cannot only be used to detect areas of inequality in the context of an environmental justice assessment; they also offer insights into the specific factors that can be considered accountable for those inequalities. In addition to that, this is a useful dataset for conducting further analyses that, at best, can yield plans to provide better living conditions, and thus a better adapted sustainable development objective, for conurbations in various areas and of different sizes.
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Figure 1. Population density of Metropole Ruhr in 2017 (source data from [19,20,21]). 
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Figure 2. Sustainable Development Goals (SDGs) developed by the UN [34]. 
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Figure 3. Network analysis for urban green (>1 ha) in five steps [21,37,39,52]. 
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Figure 4. Preliminary results of the accessibility analysis of urban green spaces [21,39,52]. 
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Figure 5. Intermediate results of IDW algorithm and threshold NO2 concentration [21,38]. 
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Figure 6. Noise pollution over 70 dB for the area of RVR [21,38,40]. 
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Figure 7. Reflectance curves of vegetation, NDVI formula and respective bands [41,65,66]. 
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Figure 8. From NDVI raster to mean values for 500-m areas within city blocks [21,39,41]. 
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Figure 9. Source zones PLZ8 (black outlines) and target zones city blocks (red areas) [19,39]. 
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Figure 10. Flowchart of the methodology. 
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Figure 11. Accumulated threats and areas of inaccessibility in the Ruhr area/Metropole Ruhr [21,39,41]. 
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Figure 12. Visualization of the correlation between education and migration [21,39,41]. 
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Figure 13. Areas of accumulated threats for the socio-economically disadvantaged [21,39,41]. 
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Table 1. Datasets and their sources used for this analysis [20,21,37,38,39,40,41].
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	Data Set
	Source





	Digital Landscape Model (DLM)
	Federal Agency for Cartography and Geodesy



	Urban Atlas 2018
	Copernicus|European Space Association (ESA)



	Street Network (Pedestrian)
	openstreetmap.org



	NO2—Concentrations from measuring sites
	State of NRW



	Noise map
	State Agency for Nature, Environment and

Consumer Protection, NRW



	Socio-economic variables in PLZ8 units
	microm Micromarketing-Systems and Consult GmbH



	Sentinel-2-imagery
	Copernicus|European Space Association (ESA)
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Table 2. Assignment of binary values for all attributes according to given thresholds.
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	Attribute
	Threshold
	True
	False





	urban green > 1 ha
	accessible within 500 m by foot
	1
	0



	urban green > 10 ha
	accessible within 1000 m by foot
	1
	0



	NO2 concentration
	underneath 30 µg/m3
	1
	0



	noise exposure
	underneath 70 dB
	1
	0
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Table 3. Attributes stored in each city block after the analysis.
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	accumulated potential living area (m2)



	population density (inh./km2)



	absolute number of inhabitants



	mean distance to urban green > 1 ha (m)



	mean distance to urban green > 10 ha (m)



	mean NDVI within 500-m radius (indexed)



	mean volume level (dB)



	mean NO2-concentration (µg/m3)



	absolute number of inhabitants with a migration background



	absolute number of unemployed inhabitants



	absolute number of inhabitants with a school degree lower than high school



	absolute number of kids (0 to 10 years)



	absolute number of teenagers (11 to 18 years)



	absolute number of young adults (19 to 35 years)



	absolute number of adults (36 to 50 years)



	absolute number of older adults (51 to 65 years)



	absolute number of seniors (older than 65 years)
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