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Abstract

:

The impacts of global climate change on food systems will be broad, complex, and profoundly affected by urban context. Food-related urbanism has been investigated for decades to explore how food access influences placemaking and urban forms. With global climate change, foodscapes within urban spaces are an important consideration in urban design and planning for food security and community health. The distribution of catering businesses (restaurants and cafés), one critical method of access to food, is highly associated with urban spaces because of their high impact on diet patterns, human physical activities, travel behaviors, and the use of public spaces. This research explores the spatial associations that exist between the distribution of catering businesses and the design and planning of urban spaces in London. This quantitative research includes three parts: (1) uses Open Street Map data and the GIS spatial analysis method to study the distribution of catering businesses; (2) uses the imagery segmentation method in machine learning to categorize urban spaces into open, landscape, and conflict spaces; and (3) establishes the association between the distribution of catering businesses and the categories of urban spaces through Spearman’s correlation and a linear regression model. The results indicate that the spatial distributions of catering businesses are highly correlated with urban spaces. Conflict and landscape spaces have a significant positive influence on the distribution of catering businesses, while open space has a significant negative influence. Based on the context of global climate change, this research contributes a quantitative urban design and planning approach to promote access to food increase food options and advocate active lifestyles.






Keywords:


food access; urban space; regression model; computer vision; data-driven












1. Introduction


1.1. Food-Related Urbanism


Food-related urbanism has been investigated for decades to explore how food distribution influences placemaking and urban forms. The food system accounts for one-third of global anthropogenic greenhouse gas (GHG) emissions, with 9800–16,900 megatons of carbon dioxide equivalent (MtCO2e) being released. [1] Food plays a critical role in urbanism, as evidenced by the interconnected and worsening global issues of inequality and climate change [2]. A cross-disciplinary effort in urban design, planning, geography, sociology, and others has been seeking substantial urban forms to promote access to food, an active lifestyle, and healthy diets. The term foodscapes in urban design refers to the spatial form in which the production, transportation, consumption, and recycling of food are conducted as the main functions. It influences the classification of the urban space and the socioeconomics of the city [3]. Foodscapes are where food places, public life, and urban spaces converge, including restaurants, cafes, markets, shops, community gardens, etc. [2]. Foodscapes have an impact on social activities and human behaviors in big cities. Hanser’s idea [4] shows that “good food” in the city is to embrace health, environment, economy, cultural diversity, creativity, community building, local identity, and visions of vibrant, shared public spaces.



The restaurant and food industry (catering businesses) are vital components of the neighborhood environment for food access. The gastronomic experience of a restaurant or cafe is more than satisfying the need to eat; it also conveys a sense of place and place identity [5]. Frank et al. [6] identified grocery stores, restaurants, cafés, and general shops as having the highest weight in the Walk Score algorithm. Among all food places, Ewing and Handy [7] indicated that outdoor dining places are highly associated with walkability in the neighborhood, individual food choice, and food intake through the concept of food access.



London’s restaurants, cafés, markets, and street food are the signature and identity of its vibrant, diverse communities [8]. The food culture of London is determined by its ethnic diversity. In addition to traditional British cuisine, London has a worldwide restaurant scene that caters to multicultural communities. As a world-renowned tourist destination, London attracts many visitors from all over the world every year. However, the catering business has significantly dropped due to the economic shock and decreased tourism during the COVID-19 pandemic. Food insecurity has been prevalent during the COVID-19 pandemic due to the increase in unemployment and the closure of food production facilities [9]. The closing of restaurants and takeaways has worsened the food situation. The study of catering-related urban spaces informs related disciplines to rebuild community identities and increase food access through the design of food places.




1.2. Spatial Distribution—Point Pattern Analysis


Previous research has used spatial distribution and pattern analysis to identify and measure urban public areas. Points of interest (POI) are the locations where people gather and conduct daily activities [10]. Understanding the POI arrangements of various urban zones (e.g., administrative districts, neighborhoods, commercial areas, planning areas, metro station areas, and so on) is helpful for urban planners, investors, advertisers, and residents. Urban planners may assess regions’ functionality, vitality, and advancements by analyzing their POI arrangements [11]. The walking buffer concept is a spatial buffering technique used to analyze the spatial layout of urban spaces by breaking them down into small units [6]. A 1 km network buffer has been used to collect built environment data and calculate the walkability index [12]. The 400, 800, and 1600 m buffer sizes are also frequently used to study walkability in the context of the 5, 10, or 20 min city or neighborhood unit [6,13]. The distribution of catering POI and buffer zones can represent the food situation and be visualized on a map through a geographic information system (GIS).




1.3. Classification and Quantification of Urban Space


Urban space refers to the built environment of spaces in the urban context. Researchers use various landscape metrics to analyze and classify urban space through landscape patterns. Swanwick et al. [14] classified the external urban environment into green space and grey space. Green space includes parks, gardens, natural and semi-natural green spaces, allotments, community and city farms, green corridors, and amenity greens. Grey space contains functional grey spaces and civic spaces. Open space is the term for fields and forests that are purposefully kept undeveloped while the land around them is turned into houses and roads [15]. Based on the function of land use, open spaces are classified into two major categories: providing recreation and other services to society and conserving natural values [16]. This study combined urban green and grey space with civic functions into urban open space. Urban green space is characterized as a plot of land covered with vegetation in an urban environment. It varies in size, plant species, amenities, and services [17], including parks, forests, green roofs, streams, and community gardens. Urban blue space refers to all significant static or moving surface water bodies in metropolitan environments. Due to their historical geopolitical significance, substantial blue spaces naturally exist as essential components of the landscape of many towns [18].



Recently, Shen et al. categorized urban spaces into three types: open, landscape, and conflict, based on the urban potential patch from landscape ecology [19]. A patch is a spatial unit that differs in appearance and character from its surroundings and has a certain internal homogeneity. The open patch refers to urban public space as an area where people participate in social interaction and daily life activities [17]. This type carries citizens’ commuting and essential leisure functions, including corner squares, crossroads, extra roadways, extended spaces, etc. The landscape patch relates to urban green space. Parks, gardens, natural and semi-natural green areas, green corridors, amenity greens, community gardens, and city farms are examples of greenery in cities [6]. This patch includes open-access grass, space along border trees, small and isolated parks, etc. The conflict patch regards the grey space between the developed and the to-be-developed land in the urban space, or the excessive gray zone between the public and private spaces, which has a robust and usable value, including roof, indoor to outdoor, in the corner, understructure, etc.




1.4. The Application of Machine Learning Methods in Urban Analytics


In recent years, with the development of machine learning [20], point cloud [21], and UAV technology [22], research into the analysis and visualization of urban analytics in computer vision [23] techniques has begun to emerge. Imagery and videos have proven valuable in conjunction with other data sources, such as social media [24]. Unmanned aerial vehicles (UAVs) mapping people’s behavior in parks through drone imagery demonstrated that drone images could offer quantitative and qualitative data for behavior maps [25]. Deep neural network methods can potentially be used to understand human behaviors [26]. From the study of 250 papers about Google Street View applications in urban research [27], the segmentation in GSV is widely used in spatial data infrastructure, health and well-being, urban perception, transportation and mobility, greenery, walkability, urban morphology, real estate, socio-economics, etc. According to this research, we can conclude that the machine learning method is being used extensively and is being iteratively updated for many areas of urban research. Unfortunately, under the theme of foodscapes and the city, only a few scholars have applied the relevant techniques for integration and in-depth analysis, especially at the level of urban space.




1.5. The Derived Relationship between Catering and Urban Space


The relationship between catering and urban space is derived from the place-making model, which was proposed by many urban design theorists such as Canter, Lynch, Jacobs, and others and is widely used in urban design [28,29,30]. Place-making refers to designing a place beyond the space itself, considering the activities and events. A place should be a convergence of activity, physical attributes, and conceptions. Montgomery [31] introduced this model to the United Kingdom in 1995. This model ties the availability of catering places, such as restaurants, cafes, theaters, pubs, and other cultural and meeting places, to the availability of spaces, such as blocks, street-front stores, plazas, gardens, and other urban spaces to enable such activities [31]. Bianchini [32] points out that the streets, squares, and paved spaces are encouraged to be used by pubs, cafes, and restaurants to promote activities. These activities also provide natural surveillance to increase the safety of these places. Compared with large open urban spaces, Jacobs [33] emphasizes the fine-grained small blocks of buildings that would encourage small businesses such as catering. Montgomery [31] underscored the importance of an appropriate level of ground coverage for urbanity, where too low a density cannot create vitality, whereas too high a density would standardize buildings and constrain layouts. Montgomery [31] contends that high and medium densities should favor restaurants, cafes, and shops, as well as the neighborhoods in which they are located. However, what is the appropriate level of ground coverage for urbanity and how high should the density be to promote the catering business?



Based on the place-making model and its interpretations and the classification of urban space, the “open patch” (urban public space), where people participate in social interaction and daily life activities, would be positively related to the distribution of catering. The “conflict patch” (understructured gray space) would be negatively related to the distribution of catering due to its low density and large open spaces, which are the opposite of fine-grained principles in the place-making model. The “landscape patch” would be slightly positively related to the distribution of catering because parks, gardens, and natural green space could serve as cultural and meeting places such as outdoor dining. However, the low density of the landscape patch means that it is less positive than the open patch.




1.6. Research, Objective, Question, and Significance


The purpose of this study is to investigate the relationship between the distribution of catering businesses (restaurants and cafés) and the types of urban spaces. This research answers two questions:




	
How do the three types of urban space (open, landscape, and conflict) relate to catering distribution?



	
What is the proportion of each type of urban space associated with catering distribution?








This study uses data statistics and mathematical modeling to explore and quantify the association between types of urban space and catering distribution. The proportion of the types of urban space that can be used to decide the “appropriate level” of ground cover to develop food-led cities and communities. This research reveals a quantitative urban foodscape planning approach to conducting spatial analysis using data at the city scale.



Urban potential patches provide the spatial basis for the planning and design of food corridors. Food and urban space influence the city’s planning and development. The results of this research can help urban planners, researchers, and policymakers rethink urban space and the built environment from a food-oriented perspective. The results and findings provide suggestions and implications for designing foodscapes in urban spaces. Designing urban forms for restaurants and cafés not only provides geographic access to food but also encourages public life and builds a place’s identity [34,35]. The appropriate design of urban forms for catering places would increase food choices, improve general health, and reduce vehicle emissions by promoting walking activities [36,37,38].





2. Research Methods


2.1. Study Area


This study investigates Inner London as the research area and collects catering POI data and urban analytics based on these 12 boroughs. The basic spatial unit in London in the borough is the local government district. Inner London (delineated in the London Government Act 1963) includes the boroughs: of Camden, Hackney, Hammersmith and Fulham, Haringey, Islington, Kensington and Chelsea, Lambeth, Lewisham, Newham, Southwark, Tower Hamlets, and Wandsworth.




2.2. Research Process


This mixed-method quantitative research includes three parts: (1) uses Open Street Map data and the GIS spatial analysis method to study the distribution of catering businesses; (2) uses the imagery segmentation method in machine learning to categorize urban spaces into open, landscape, and conflict spaces; and (3) establishes the association between the distribution of catering businesses and the categories of urban spaces through Spearman’s correlation and a linear regression model.



As shown in Figure 1, the research flow of this study will be divided into three sections: qualitative spatial analysis, qualitative machine learning, and quantitative statistical analysis. The first step is to examine the spatial distribution of catering businesses. This research explores Inner London as a research area and generates a base map according to the boroughs. The catering POI data, including restaurant and café locations, are collected from the OSM and explicitly displayed on the map, including the names, locations, and types of catering in Inner London boroughs. Then, ArcGIS-based kernel density analysis is used to calculate the density of catering POIs in the surrounding neighborhood. Then, a “food hub buffer” (a 1000 m buffer, representing a 10 min walking radius) is created as the unit of analysis. Then, the density calculation method will be used to find the high-density food hub according to the POI distribution. The second step uses the satellite image segmentation method to redefine urban space and establish a principle of urban space classification. The segmentation result and restaurant points can be combined for analytics by creating a 50 × 50 m fishnet based on the food hub buffers. The third section will investigate the correlation and the linear regression model to explore the relationship between catering POIs and urban space according to the data statistics and mathematical modeling.





3. Result and Discussion


3.1. Spatial Distribution of the Catering Business


3.1.1. Dataset Creation and Cleaning–Distribution of Catering POI


The data set of catering POIs is derived from the Open Street Map (OSM) platform and manually cleaned up in ArcGIS. OSM has been widely used as a data source for big data projects, providing multi-vector data, including POIs, street networks, land use, etc. [27,39]. The POI in OSM includes name, geographical coordinates, and type information, which can be located and reclassified in ArcGIS. This study obtained the latest POI data for London released by OSM in 2022.



Figure 2 presents the distribution of the POIs in the Inner London area based on ArcGIS. The frequency and descriptive analyses are tested in IBM SPSS Statistics in Table 1. There are 5424 points of interest collected from 12 boroughs in London. The frequency analysis shows that the borough of Westminster holds the most significant number of catering POIs. Conversely, the borough of Greenwich has the lowest number.




3.1.2. Spatial Pattern: Kernel Density Estimation


This research indicated the use of kernel density to find the high-density food hub. In ArcGIS, Kernel Density calculates the density of POIs around each raster unit. Kernel density estimation (KDE) is a non-parametric estimate of probability density that generates continuous density curves based on spatial sample points [40]. ArcGIS-based kernel density analysis is used to calculate the density of an element in its surrounding neighborhood. A smooth surface is overlaid on top of each point in the calculation for point elements. The surface value is highest at the location of the point, decreases as the distance from the point increases, and is zero at a distance from the point equal to the search radius. The predicted density at a new (x, y) location is determined by the following formula:


  D e n s i t y =  1     (  r a d i u s  )   2        ∑   i − 1  n   [   3 π  · p o  p i     (  1 −  (      d i s  t i    r a d i u s    2   )   )   2   ]   










  i = 1 … n  








where:




	
  i = 1 … n   are the input points. Only include points in the sum if they are within the radius distance of the (x, y) location.



	
  p o  p i    is the population field value of point i, which is an optional parameter.



	
  d i s  t i    is the distance between point  i  and the (x, y) location.








The kernel density (geometrical interval) result (Figure 3) indicates the density of catering POIs in its borough. The distribution of catering POIs is unequal among the boroughs. Westminster has the highest density and Greenwich has the lowest density of catering POIs. This study defines 74 high-density food hubs among 12 boroughs.




3.1.3. High-Density Food Hub Buffer


This study defines 74 high-density food hubs and creates a 1000 m buffer for each center (Figure 4). A 1 km network buffer is constantly used as a unit to conduct spatial analysis in a neighborhood [10]. This study defines a 1000 m square as the unit of analysis to study the relationship between the number of catering POIs and the number of urban space patches. These buffers are used as basic units in the subsequent study to calculate the number of catering POIs in the range based on the number of spatial patches. According to the density result from the kernel analysis, a “10 min walking” radius buffer is created from the 74 high-density points. As Figure 4 shows, the buffers cover most of the distribution area of the catering POIs.





3.2. Categorization and Quantification of Urban Space


This research uses image segmentation to analyze urban space based on computer vision learning at the satellite level. Image segmentation is a crucial application in computer vision, and an increasing number of scholars and planners use it to perform urban analytics [27]. Most existing research investigates street view imagery such as Google Street View and traditional urban data like roads, land use, and buildings. These methods are incapable of calculating urban space in relation to catering POIs. This research uses the number and proportion of urban patches within a unit of analysis to categorize and quantify urban spaces.



The study acquires high-resolution satellite images of Inner London from Google Maps. Urban space is categorized first through satellite image analysis. Different types of spaces in an image can be automatically identified by training neural networks. After the categorization of the urban space, data resampling is applied to quantify the urban space into urban potential patches within each buffer unit. Then, the images are placed as inputs to the learning model for training, and the accuracy of the results is continuously improved through supervised learning.



3.2.1. Categorize Urban Space Using Image Semantic Segmentation


Image semantic segmentation is an integral part of machine vision technology regarding image understanding [23]. Semantic segmentation based on supervised learning can divide an image into several specific regions with unique properties and propose targets of interest, which is the process of linking each pixel in an image to a class label. These labels may include buildings, trees, roads, etc. Semantic segmentation enables the fast recognition, segmentation, and processing of image data.



This study uses ArcGIS-based image classification tools to train the image samples and perform image segmentation (Figure 5). Based on the remote sensing satellite imagery, the study investigates a supervised machine learning method according to the ‘Principles of potential patch categories’ to segment the image into three colors (purple refers to the open space, green refers to the landscape space, blue refers to the conflict space). The process of supervised learning begins with the creation of a training model and then the labeling of the samples. The more accurate the sample selection and the larger the number of samples during training, the more realistic the segmentation results will be.



The final model outputs the result of segmenting the land use into colors (Figure 6). In Figure 6, the result contains 217,520,466 open spaces, 243,574,543 landscape spaces, and 82,278,405 conflict spaces. Figure 7, Figure 8 and Figure 9 show the results of the space separately. According to the segmentation results, landscape spaces have the highest proportion, followed by open spaces, and conflict spaces have the lowest proportion. Based on the intersection tool in ArcGIS and statistic analytics in Python, the dataset can be prepared to be joined as units for the correlation and regression analysis.



The potential urban development patch (PUDP) was defined to investigate the relationship between food culture in urban ecology [19]. Based on the PUDP guideline and previous research, this research categorizes urban spaces into three types: Open P-Patch, Landscape P-Patch, and Conflict P-Patch, as indicated in Table 2.




3.2.2. Quantify Urban Space by Data Resampling


Data resampling aims to create a method to calculate the urban potential patches. The study creates a fishnet with 122,423 units (50 m × 50 m each). Figure 10 shows the partial fishnet with the catering POIs and food hub buffers. The segmentation method will be applied based on the units. There are an estimated 1300 cells in a complete buffer (excluding incomplete sections cut by edges). However, it cannot be ignored that some buffers cover areas outside the satellite map, such as the Thames and the area beyond the borough’s boundary. The number of units used in these buffers for calculation will be less than 1300, as Table 3 shows. For these errors, the study used the approximate estimation principle to calculate the number of units in each food hub. The image segmentation uses this fishnet to slice the satellite image before machine learning. Furthermore, it is also the basic unit for the following data statistics.





3.3. Association Relationship between Catering Business to Urban Spaces


The last part of the study intends to explore the correlation between catering POIs and urban space and discover which spaces have the potential to influence food distribution by using data statistics and mathematical modeling, including Spearman’s correlation and linear regression model.



Table 3 indicates descriptive statistics of POIs of catering businesses and urban potential patches within 73 food hubs. The regression model is tested in the analytical software R Studio to set the POI number as an independent variable and the three types of P-Patches as dependent variables to explore the relationship and correlations between them.



3.3.1. Outlier Detection


Box line plots are used to visualize the data distribution characteristics, including showing the overall distribution of the data and exploring and showing outlier data (Figure 11). No outlier data were found to be present based on the results of the analysis.




3.3.2. Correlation Analysis


From Table 4, the correlation analysis was used to investigate the correlation between the POI number and the open space patch number, landscape space patch number, and conflict space patch number, respectively, and the Pearson correlation coefficient was used to indicate the strength of the correlation.



More specifically, the correlation coefficient between the POI number and the open space patch number was −0.403 and showed significance at the 0.01 level, thus indicating that there was a significant negative correlation between the POI number and the open space patch number. The correlation coefficient between the POI number and the landscape space patch number is 0.166, which is close to 0, and the p-value is 0.158 > 0.05, thus indicating that there is no correlation between the POI number and the landscape space patch number. The correlation coefficient between the POI number and the conflict space patch number was 0.641 and showed significance at the 0.01 level, thus indicating that there is a significant positive correlation between the POI number and the conflict space patch number.




3.3.3. Regression Model


From Table 5, the open space patch number, landscape space patch number, and conflict space patch number are used as independent variables. In contrast, the POI number is used as the dependent variable for the linear regression analysis from the above table, and it can be seen that the model equation is: POI number = −75.768 – 0.033 × Open space patch number + 0.092 × Landscape space patch number + 0.769 × Conflict space patch number, and the model R-squared value is 0.464, implying that the open space patch number, landscape space patch number, and conflict space patch number can explain 46.4% of the variation in the POI number. When the F-test was performed on the model, it was found that the model passed the F-test (F = 20.236, p = 0.000 < 0.05), which means that at least one of the open space patch number, landscape space patch number, conflict space patch number would have an effect on the POIs. In addition, the multiple covariances of the model were tested and it was found that all the VIF values in the model were less than 5, implying that there was no covariance problem, and the D-W values were around the number 2, thus indicating that there was no autocorrelation in the model, there was no correlation between the sample data, and the model was good. The final analysis shows that:




	
The regression coefficient value for the open space patch number is −0.033 (t =−0.469, p = 0.640 > 0.05), meaning that the open space patch number does not have an effect on the POI number.



	
The regression coefficient value for the landscape space patch number was 0.092 (t = 2.035, p = 0.046 < 0.05), implying that the landscape space patch number has a significant positive effect on the POI number.



	
The regression coefficient value for the conflict space patch number was 0.769 (t = 6.282, p = 0.000 < 0.01), implying that the conflict space patch number would have a significant positive influence on the POI number.








To sum up the analysis, it can be seen that the landscape space patch number and the conflict space patch number will have a significant positive influence on the POI number. However, the open space patch number does not affect the POI number.



The mathematical formula for catering POIs and urban space can be summarized as follows:


   S   Food   POI    = − 75.768 − 0.033  a  open   + 0.092  a  landscape   + 0.769  a  conflict    











As Figure 12, Figure 13, Figure 14 and Figure 15 show, the linear fit formula for scattered data is the POI number = 132.012 − 0.255 × Open space patch number, with an R-squared value of 0.163. The POI number = −1.070 + 0.074 × the number of patches in the landscape space with an R-squared value of 0.028. The POI number = −9.685 + 0.771 × the number of patches in the conflict space with an R-squared value of 0.410.



From the formula, we can find that the open space has a limited impact on the catering POI distribution. Based on the regression coefficients, the ratio of landscape to factor conflict can be calculated as follows:


  γ =   0.769   0.092   = 8.36  











The results show that each additional unit of landscape space is accompanied by an increase of 8.36 units of conflict space. Such an approach to spatial planning contributes to the city’s restaurant sector’s development and food-led neighborhood planning. Considering urban space distribution from the perspective of the urban food system shows a strong connection to restaurant distribution and influences on human-caused greenhouse gas emissions.






4. Conclusions


As a representation of urban culture, food strongly relates to urban public space and human behaviors. It is an irreplicable and significant factor in the urban built environment. The relationship between food facilities and urban areas is a valuable question to both urban planners and researchers. At the same time, the quantitative combination of the restaurant industry and space offers new ways of thinking about the relationship and behavioral patterns of people and space in the context of global climate change and urban processes. Catering distribution plays a significant part in urban sustainability development, especially in urban land use planning. The density of catering POIs is connected to the urban types in this study.



Through the visualization and evaluation of catering POIs, a high-density food center map is generated by ArcGIS. Next, based on the theory of urban public space and landscape ecology, this research defines, classifies, and analyzes the potential urban patch (open p-patch, landscape p-patch, and conflict p-patch) and maps the patches quantitatively in Inner London. The principles of classification include four factors: pavement, green coverage, land area, and waterbody. Afterward, the research zooms into a specific area to illustrate the classification processing. Next, a colorful patch map is created based on the image recognition method.



A 1000 m influence range can be used to create buffer zones for each high-density food center after calculating the numbers of catering POIs and the three types of P-Patches. This established a logistic regression model of the catering POI and P-Patch numbers to present the relationship and relevance between space and food. As a result of the regression model, urban conflict spaces and landscape spaces significantly impact the distribution of restaurants relative to open spaces. Landscape and conflict spaces positively affect increases in the number of restaurants. According to the regression coefficients, the effect of conflict space is more significant. For urban and landscape planners, appropriately increasing the planning area of conflict space and landscape space is beneficial to the planning of food cities and communities. The study further calculated and summarized the regression formulae and scale coefficients to explore the scaling laws for the two types of spaces. The landscape space represented by blue-green space and the conflict space represented by buildings and structures meet 1:8.36, facilitating spatial planning by planners and urban researchers in food-led communities. At the technical level, this research progressively uses ArcGIS, Python data crawling, image recognition, SPSS Statistics, and R Studio linear regression.



There are several limitations to this study. Due to the extensive study area and the limited clarity of the satellite images, there are some inaccuracies in the segmentation of satellite images by supervised machine learning, which may lead to spatial definition errors to some extent. In addition, there will be some errors in the cell calculations due to edges being cut. Further, for the definition of urban space, the study only divided it into three categories and did not classify open space in more detail, nor did it differentiate between categories such as green space and blue space for the classification of landscape space. Pre-existing classification criteria may lead to limitations in the results of the study.



This study was carried out at the Inner London scale, and further research is expected to be carried out in more depth at the regional or neighborhood scales. The image segmentation and machine learning methods can contribute to larger scales than neighborhood scales, as well as other urbanism-related research directions. This research explores the proportions of the various types of space that can be used to better develop food-led cities and communities. Urban potential patches provide the spatial basis for the planning and design of food corridors. Food and urban space influence the city’s planning and development. The results of this research can help urban planners, researchers, and policymakers rethink the urban space and foodscapes within neighborhoods to increase food choices, improve general health, and reduce vehicle emissions by promoting walking activities.
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Figure 1. Research Process. 






Figure 1. Research Process.
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Figure 2. Catering POI distribution by borough. 
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Figure 3. The Kernel Density (geometrical interval). 
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Figure 4. The 1000 m buffers of 74 high-density food hubs. 
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Figure 5. The machine learning flow of image segmentation. 
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Figure 6. Result of image segmentation. 
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Figure 7. Open space distribution map based on image segmentation. 
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Figure 8. Landscape space distribution map based on image segmentation. 
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Figure 9. Conflict space distribution map based on image segmentation. 
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Figure 10. Data resampling (fishnet partial zoom-in). 
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Figure 11. The boxplot of ‘All space patch number & POI number’. 






Figure 11. The boxplot of ‘All space patch number & POI number’.



[image: Atmosphere 13 02128 g011]







[image: Atmosphere 13 02128 g012 550] 





Figure 12. The scatter result of the ‘Open space patch number and POI number’. 
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Figure 13. The scatter result of the ‘Landscape space patch number and POI number’. 
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Figure 14. The scatter result of the ‘Conflict space patch number and POI number’. 






Figure 14. The scatter result of the ‘Conflict space patch number and POI number’.



[image: Atmosphere 13 02128 g014]







[image: Atmosphere 13 02128 g015 550] 





Figure 15. The scatter result of ‘All space patch number and POI number’. 
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Table 1. Catering POI frequency by boroughs.
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Frequency

	
Percent

	
Valid Percent

	
Cumulative Percent






	
Borough

	
Camden

	
562

	
10.4%

	
10.4%

	
10.4%




	
City of London

	
331

	
6.1%

	
6.1%

	
16.5%




	
Greenwich

	
99

	
1.8%

	
1.8%

	
18.3%




	
Hackney

	
251

	
4.6%

	
4.6%

	
22.9%




	
Hammersmith and Fulham

	
326

	
6.0%

	
6.0%

	
28.9%




	
Islington

	
435

	
8.0%

	
8.0%

	
36.9%




	
Kensington and Chelsea

	
511

	
9.4%

	
9.4%

	
46.4%




	
Lambeth

	
376

	
6.9%

	
6.9%

	
53.3%




	
Lewisham

	
159

	
2.9%

	
2.9%

	
56.2%




	
Southwark

	
297

	
5.5%

	
5.5%

	
61.7%




	
Tower Hamlets

	
356

	
6.6%

	
6.6%

	
68.3%




	
Wandsworth

	
457

	
8.4%

	
8.4%

	
76.7%




	
Westminster

	
1264

	
23.3%

	
23.3%

	
100.0%




	
Total

	
5424

	
100.0%

	
100.0%
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Table 2. Categorization of P-Patch.
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	Open P-Patch
	Citizens’ commuting and essential leisure functions space, including plazas, corner squares, extra roadways, extended pavement spaces, etc.



	Landscape P-Patch
	Green and blue infrastructure, including green space, public grass, roof garden, border tree space, pocket park, isolated greening space, etc.



	Conflict P-Patch
	Buildings and to-be-developed space or the excessive gray space between buildings and outdoors, including parking space, under-structure area, useless corner area, etc.
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Table 3. Descriptive statistics high-density centers of POI number and P-Patch.
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	Center ID
	POI Number
	Open Space Patch Number
	Landscape Space Patch Number
	Conflict Space Patch Number
	All





	0
	32
	272
	972
	56
	1300



	1
	12
	312
	923
	65
	1300



	2
	41
	69
	1187
	44
	1300



	3
	24
	228
	1014
	58
	1300



	4
	27
	215
	1008
	77
	1300



	5
	71
	212
	1002
	86
	1300



	6
	30
	112
	1116
	72
	1300



	7
	85
	98
	1004
	98
	1200



	8
	128
	132
	922
	156
	1210



	9
	43
	204
	1045
	51
	1300



	10
	32
	304
	952
	44
	1300



	11
	43
	228
	1023
	49
	1300



	12
	343
	87
	837
	226
	1150



	13
	54
	214
	1010
	76
	1300



	14
	136
	142
	1014
	144
	1300



	15
	129
	175
	966
	159
	1300



	16
	89
	149
	811
	102
	1062



	17
	153
	214
	920
	166
	1300



	18
	173
	186
	939
	175
	1300



	19
	599
	41
	931
	303
	1275



	20
	186
	164
	949
	187
	1300



	21
	218
	132
	964
	204
	1300



	22
	143
	127
	1037
	136
	1300



	23
	54
	147
	1087
	66
	1300



	24
	113
	67
	806
	125
	998



	25
	73
	126
	1085
	89
	1300



	26
	41
	128
	843
	54
	1025



	27
	4
	432
	636
	46
	1114



	28
	28
	179
	1020
	36
	1235



	29
	99
	139
	1040
	121
	1300



	30
	21
	213
	1055
	32
	1300



	31
	29
	197
	799
	36
	1032



	32
	41
	266
	983
	51
	1300



	33
	132
	76
	1009
	127
	1212



	34
	11
	388
	887
	25
	1300



	35
	6
	231
	712
	22
	965



	36
	35
	127
	1132
	41
	1300



	37
	8
	425
	849
	26
	1300



	38
	16
	294
	438
	43
	775



	39
	4
	483
	789
	28
	1300



	40
	43
	119
	1122
	59
	1300



	41
	27
	305
	956
	39
	1300



	42
	4
	221
	635
	23
	879



	43
	3
	462
	706
	28
	1196



	44
	1
	588
	693
	19
	1300



	45
	15
	317
	946
	37
	1300



	46
	25
	280
	981
	39
	1300



	47
	27
	278
	997
	25
	1300



	48
	23
	199
	773
	49
	1021



	49
	16
	405
	873
	22
	1300



	50
	12
	437
	838
	25
	1300



	51
	14
	416
	853
	31
	1300



	52
	2
	538
	388
	20
	946



	53
	5
	369
	610
	22
	1001



	54
	2
	492
	478
	19
	989



	55
	12
	102
	457
	204
	763



	56
	34
	75
	269
	148
	492



	57
	103
	179
	739
	127
	1045



	58
	7
	138
	673
	98
	909



	59
	3
	616
	666
	18
	1300



	60
	3
	477
	807
	16
	1300



	61
	83
	243
	968
	89
	1300



	62
	59
	239
	985
	76
	1300



	63
	40
	174
	1000
	104
	1278



	64
	55
	243
	926
	67
	1236



	65
	48
	155
	1088
	57
	1300



	66
	25
	480
	781
	39
	1300



	67
	30
	262
	442
	193
	897



	68
	48
	158
	1005
	63
	1226



	69
	77
	129
	1073
	98
	1300



	70
	27
	129
	1129
	42
	1300



	71
	2
	647
	643
	10
	1300



	72
	27
	193
	741
	28
	962



	73
	11
	161
	959
	12
	1132
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Table 4. Correlations analysis of high-density centers of POI numbers and P-Patches.
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Correlations




	

	
POI

	
Open

	
Landscape

	
Conflict






	
POI

	
Pearson Correlation

	
1

	
−0.403 **

	
0.166

	
0.641 **




	
Sig. (2-tailed)

	

	
<0.001

	
0.158

	
<0.001




	
N

	
74

	
74

	
74

	
74




	
Open

	
Pearson Correlation

	
−0.403 **

	
1

	
−0.412 **

	
−0.416 **




	
Sig. (2-tailed)

	
<0.001

	

	
<0.001

	
<0.001




	
N

	
74

	
74

	
74

	
74




	
Landscape

	
Pearson Correlation

	
0.166

	
−0.412 **

	
1

	
−0.097




	
Sig. (2-tailed)

	
0.158

	
<0.001

	

	
0.411




	
N

	
74

	
74

	
74

	
74




	
Conflict

	
Pearson Correlation

	
0.641 **

	
−0.416 **

	
−0.097

	
1




	
Sig. (2-tailed)

	
<0.001

	
<0.001

	
0.411

	




	
N

	
74

	
74

	
74

	
74








** Correlation is significant at the 0.01 level (2-tailed).













[image: Table] 





Table 5. Regression coefficient table.
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Coefficients




	
Model

	
Unstandardized Coefficients

	
Standardized Coefficients

	
t

	
Sig.

	
Collinearity Statistics




	
B

	
Std. Error

	
Beta

	
Tolerance

	
VIF






	
(Constant)

	
−75.768

	
56.417

	

	
−1.343

	
0.184

	

	




	
Open

	
−0.033

	
0.07

	
−0.052

	
−0.469

	
0.64

	
0.62

	
1.613




	
Landscape

	
0.092

	
0.045

	
0.206

	
2.035

	
0.046

	
0.743

	
1.346




	
Conflict

	
0.769

	
0.122

	
0.639

	
6.282

	
<0.001

	
0.74

	
1.352




	
Dependent Variable: POI
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