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Abstract

:

With rapid urbanization, retrieving livability information of human settlements in time is essential for urban planning and governance. However, livability assessments are often limited by data availability and data update cycle, and this problem is more serious when making an assessment at finer spatial scales (e.g., community level). Here we aim to develop a reliable and dynamic model for community-level livability assessment taking Linyi city in Shandong Province, China as a case study. First, we constructed a hierarchical index system for livability assessment, and derived data for each index and community from remotely sensed data or Internet-based geospatial data. Next, we calculated the livability scores for all communities and assessed their uncertainties using Monte Carlo simulations. The results showed that the mean livability score of all communities was 59. The old urban and newly developed districts of our study area had the best livability, and got a livability score of 62 and 58 respectively, while industrial districts had the poorest conditions with an average livability score of 48. Results by dimension showed that the old urban district had better conditions of living amenity and travel convenience, but poorer conditions of environmental health and comfort. The newly developed districts were the opposite. We conclude that our model is effective and extendible for rapidly assessing community-level livability, which provides detailed and useful information of human settlements for sustainable urban planning and governance.
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1. Introduction


The physical extent of cities has grown at an accelerating rate over the past century, and more than 50% of the global population now lives in urban areas [1,2]. Dramatic population growth and resultant rapid urban expansion has driven socio-economic and environmental changes on multiple scales, including air pollution, urban heat island, the loss of biodiversity, and so forth, which, in turn, exerts profound effects on human living conditions [3,4]. Therefore, assessing how livability changes over time is the premise of making urban governance to address the negative effects of urbanization on human inhabitation [5]. Livability assessment is even more important in China, which is one of the fastest urbanizing countries and is being severely bothered by concerns of urbanization, such as air pollution, traffic congestion, and overcrowded population levels [6,7,8].



The livability assessment has been mainly conducted at three levels [9]. At the top level, the livability assessment is made by treating the city as a whole, and reveals the degree of livability and potential problems through comparison among cities [5,10,11,12]. The indices are often selected to reflect environmental, ecological, social, and economic attributes on the city-scale. This kind of assessment is helpful for making regional planning to build livable cities at broader scales, but is insufficient to support governance within the city [13,14]. At the bottom level, livability assessment focuses more on individual residence or even building, and thus the indices at the microscopic level are often selected, which includes floor area, story, sunshine duration, amenities, and so forth. Such an assessment is often made from the perspective of architecture, so it fails to take into account geographic context and location characteristics [15]. In contrast, at the middle level, livability assessments are made for spatial units within the city such as blocks, communities, and artificially delineated grids. It considers both local property information and environmental background on broader scales, which are able to truly reflect living environment of urban inhabitants [16,17,18]. Therefore, middle-level assessment (e.g., community-level) can provide detailed livability information that sufficiently supports urban planning and governance.



The use of different data sources has differentiated the methods into qualitative and quantitative livability assessments [9,13,19]. Questionnaire surveys of randomly selected communities and participatory interviews are two widely used ways to assess livability qualitatively [20,21,22,23]. These methods are effective to capture the perceptions and satisfaction of urban dwellers to their living environment, which is useful for understanding the evolution mechanisms of urban structure and their driving forces, and provides insights into human-oriented urban planning [23]. However, making interview and questionnaire surveys is time- and labor-intensive, rendering it difficult to update data and extensively conduct planning in multiple cities [16]. Moreover, the survey cannot cover all communities, and thus cannot meet the requirements of urban governance which often needs livability information as exhaustive as possible [13]. In comparison, GIS-based methods, which depend heavily on basic geographic information collected by government agencies [19], can provide livability information for all communities to overcome the limitations of questionnaire surveys. However, the approach is not suitable for dynamic assessment given that the input geographic information often updates slowly. Therefore, a model that is suitable for dynamic assessment and whose inputs are readily acquired is needed to provide sufficient support for urban governance.



Rapid development of remote sensing and big geospatial data technology has substantially improved our understanding of cities, and has helped us explore more deeply urban lifestyles and urban function patterns [7,24]. Key attributes of living environment such as urban land cover patterns, thermal conditions, and air pollution are able to be effectively retrieved from remotely sensed imagery [25,26]. Big data, such as mobile signaling, social media data, point of interest (POI), and algorithm-based online platforms, have been mined to extract information about human behaviors, population density and migration, transportation, urban infrastructure, function of land use, etc., which are closely related to our living environment [27]. Therefore, remotely sensed imagery and big geospatial data are desirable data sources of livability assessment due to their easy availability, repeatable observations or collections, and broad-scale coverage. Here our archiving goal is to develop an effective livability assessment model using combined remote sensing and Internet-based big geospatial data. We took Linyi city in the Shandong Province of China as the study area, within which the living environment was characterized by high spatial heterogeneity. First, we constructed a hierarchical index system for community livability, and derived the data of each index mainly from remote sensing and an Application Programming Interface (API) of the city’s big geospatial data. Then, we calculated the livability scores for all communities using the weighted sum method and Monte Carlo simulations, and generated the spatial pattern of livability for the city. Our research could showcase the use of remote sensing and big data technology for livability assessment, which provides an effective guide for urban governance.




2. Materials and Methods


2.1. Study Area


Linyi is the largest city in the southeast of Shandong Province of China, and the built-up area is made up of Lanshan District, Luozhuang District, and Hedong District (Figure 1). The urban area mostly lies on flat land, and has a warm temperate climate with warm, humid summers and cold, dry winters. Linyi has a heterogeneous landscape, with the industrial zones scattered in the west, southwest, and southeast, the old urban district, mainly commercial and residential, sits in the center, and the newly developed district is located in the north. Urban function patterns in our study area has evident spatial differentiation, which results in a highly heterogeneous living environment.



We chose community as the basic spatial unit for assessment, which resulted in 997 communities in the urban area of Linyi (Figure 1). For one thing, unlike countries such as the United States and Canada, the communities in China often take the form of a gated residential area with a clear boundary, so it is easy to identify them based on high-resolution imagery. For another, assessment at this finer scale allows for the development of locally specific regulations and policies. Accurate identification of the community extent is essential for reliable livability assessment. Up to now, manually delineating communities by experienced analysts was still the credible method to acquire the spatial extent of communities. To get the extent of the community, we retrieved POIs of all communities based on the Baidu Map place API (http://lbsyun.baidu.com/index.php?title=webapi/guide/webservice-placeapi), and input these POIs with geographical coordinates into ArcGIS software to generate a KML (Keyhole Markup Language) file. The KML file was overlapped onto the high-resolution Google Earth imagery, and the boundaries for all communities corresponding to the community POIs were manually digitalized.




2.2. Data


2.2.1. Remotely Sensed Data


We used the Sentinel-2A/B imagery to retrieve the land use map, which was needed to calculate data of some indices (e.g., green space). The European Space Agency launched two satellites of the Sentinel-2 missions (S-2A and S-2B respectively) in 2015 and 2017. The Multi-Spectral Instrument (MSI) sensors onboard both satellites provide a spatial resolution of 10 to 60 m depending on the wavelength: 10 m for the visible and the broad NIR bands, 20 m for the red edge, narrow NIR and SWIR bands, and 60 m for the atmospheric bands. The revisit frequency of each single Sentinel-2 satellite is 10 days, and two satellites can give a high revisit frequency of 5 days at the Equator. Therefore, the Sentinel-2 imagery with high spatial and temporal resolution has supported land cover mapping and vegetation growth monitoring [28]. Standard Sentinel-2 L1C data for the study area was obtained from the ESA Open Access Hub, which were framed into tiles (also named granules) measuring 109.8 km by 109.8 km in the UTM-based Military Grid Reference System.



We used the MODIS Version 6 Land Surface Temperature (LST) products from Terra and Aqua satellites (MOD11A1 and MYD11A1 respectively) to derive the duration of thermal comfort for each community. MODIS LST is estimated from two thermal infrared bands 31 (10.78–11.28 μm) and 32 (11.77–12.27 μm) using the generalized split-window algorithm [29]. The products provide daily per-pixel LST at 1 km spatial resolution in a 1200 by 1200 km tile. The daily LST data further includes two daytime observations (10:30 a.m. on Terra and 1:30 p.m. on Aqua in local time) and two nighttime observations (10:30 p.m. on Terra and 1:30 a.m. on Aqua in local time). MODIS LST has many advantages including high spatial and temporal resolution, global coverage and long-term observations, which makes it one of the most widely used LST products in characterizing urban heat island [25].




2.2.2. Internet-Based Geospatial Data


We mainly used the Web service Application Programming Interface (API) provided by the Baidu Map (http://lbsyun.baidu.com/) to extract the data of indices such as travel distance, traffic status, and POI. The Web service API provides an http/https interface so that the developers can initiate a search request through the http/https form to retrieve the data of many core services in json or xml format. For example, the route calculation service (RouteMatrix) API (http://lbsyun.baidu.com/index.php?title=webapi/route-matrix-api-v2) allows users to calculate the distance and travel time of an optimal route between the start and end points by different ways of transportation (driving, cycling, and walking).





2.3. Model Development


2.3.1. Procedures to Build Model


There were four procedures to be taken to develop the assessment model (Figure 2). First, we constructed a hierarchical index system for livability assessment through an extensive literature review, expert consulting, and analyzing geographical features of our study area. Second, we derived the data for each index using remote sensing and Internet-based geospatial techniques, and rescaled the data to make them comparable among different indices. Third, we determined the weights of indices using a questionnaire survey and the Analytic Hierarchy Process (AHP) method. Finally, the weighted sum method and Monte Carlo simulation was applied to calculate livability scores and their uncertainties of communities.




2.3.2. Constructing an Assessment Index System


We constructed a hierarchical index system for livability assessment through an extensive literature review and analyses of the geographical features of our study area. At the top level, we used a widely used framework to show the dimensions of livability assessment. This framework was put forward by the World Health Organization (WHO) in 1976, which had four dimensions including safety, health, convenience, and amenity [30]. Since then, researchers have further developed this framework and designed multi-dimensional hierarchical index systems to characterize urban livability [9,31]. For example, Zhang (2007) [9] summarized the potential factors that substantially impact livability, and classified them into five dimensions including safety, environmental health, living amenity, travel convenience, and environmental comfort. This five-dimensional framework has effectively guided the selection of indices, and then the design of an index system for livability assessment at both city and block levels [5,17,20,32]. Given the situations of our study area, assessment units, and data availability, we adopted this framework and selected indices from the dimensions of environmental health, environmental comfort, living amenity, and travel convenience at the top level (Table 1). At the bottom level, we selected 16 indices in total under different dimensions, which would exert a great influence on residents’ livability in our study area (Table 1). Below is the description of indices in detail.



Environmental health means that residents in a community are able to enjoy a healthy living environment [9]. A livable community should be characterized by fresh air condition, high water quality, mild climate, staying away from hazardous materials and environmental pollutants, and so forth [5,33,34]. Among them, urban heat island (UHI) has been a common phenomenon due to the particular characteristics of urban environment (i.e., increased impervious surfaces, decreased water surfaces, and green spaces), and the adverse effects have been well-documented, such as more frequent heat waves and increased heat-related mortality [3,25]. Our study area in the warm temperate climate zone suffers from frequent heat waves in summer, and the conditions deteriorate due to the effects of UHI. Therefore, we selected the index and the duration of thermal comfort to indicate the nonnegligible temperature-associated influencing factor of livability. Pollution generated by the concentration of transportation and industry in urban areas has been of increasing concern when urbanization outpaces societal capacity to implement pollution control measures [3]. In particular, air pollution is one of the most important factors that influences human health and livability, especially in developing countries [16]. Our study area is famous for wood industry, but is also plagued by air pollutants due to the production of wood products. Air pollution is directly perceived by the serious haze in the industrial zones of the study area, which severely impacted on residents’ life. Thus, we chose the index and the annual mean PM2.5 concentrations to indicate air quality.



Beyond a safe and healthy living environment, a livable community should enable residents to enjoy a comfortable life to fulfill their high-level needs [9,15,34]. Factors about environmental comfort mainly include natural environmental conditions (e.g., topography, wildness), land use patterns (e.g., greenspace, building density, land use diversity), and accessibility to places for outdoor activities (e.g., parks, squares) [17,22,35]. Parks and squares can provide open spaces for walking, jogging, and cycling as well as recreation, so the accessibility to parks and squares affects residents’ wellbeing in a specific community. Land use patterns within and surrounding the community are closely related to livability. More green spaces and a lower building density could improve air quality, mitigate heat waves by cooling air temperatures, promote mental health, and so forth [36]. Mixed or diverse land use has been found to be associated with walkability by providing well-connected street networks, and more diverse walking destinations [37]. Walkability, which is defined as the quality of walking conditions, including connectivity, accessibility, safety, and comfort, is one of the fundamental components of livability [38]. New Urbanism, a popular planning and design approach, advocates the important role of walkability in livability, and claims that placing amenities within the walking distance of homes will increase pedestrian travel and social interaction among neighborhood residents [39]. Besides, walkability will improve the residents’ quality of living by encouraging a healthy lifestyle [37]. Therefore, we chose the index, entropy of land use, to indicate the walkability of each community. Population density could also affect living comfort, because crowd community might cause physical and psychological discomfort due to severe air and noise pollution, poor sanitary conditions, and shortage of facilities [10,12,16]. Therefore, we chose five influential indices for the environmental comfort dimension, including the percentage of green spaces, building density, population density, distance to the nearest park or square, and entropy of land use.



Living amenity reflects the extent to which public facilities provide convenient services to residents, and its close relationships with livability have been well-documented [9,14,34]. The facilities associated with living amenity often include shopping, education, healthcare, culture, entertainments, and so on [5,17,23]. How these public facilities influence residents’ satisfaction and livability depends on how residents can get access to public facilities, or whether they have more choices to choose their services. Healthcare and children’s education are the indispensable needs of most families so that the distance to high-quality schools and hospitals is of great concern and should be included in the index system. We did not consider small medical facilities (e.g., clinic) as the candidate of livability index, because medical resources from clinics were adequate to meet residents’ needs when they got mild sickness. In contrast, the high-quality medical resources from the well-staffed and equipped hospitals are scarce, so the better accessibility to hospital greatly impacted living amenity and livability. The shopping mall is a complex including commercial, cultural, and recreational areas. Communities close to the shopping mall enable their residents to easily get access to a place where they can spend their leisure time [40]. Unlike the shopping mall, shops and restaurants provide daily necessities (i.e., food) and catering services. Besides the shops and restaurants inside the communities, the residents are also very likely to get groceries and services from those outside but near their communities. Here we chose the number of shops and restaurants within and surrounding a community (0.5-km buffer zone) to indicate the choices of services which residents can have, because shops or restaurants are often concentrated and have overlapped functions or services. Therefore, five indices including the driving distance to the nearest hospital, to the nearest school, to the nearest shopping mall, and the number of shops and restaurants were selected within the living amenity dimension.



Travel convenience measures how transport infrastructures can meet the diverse travel purposes of urban dwellers [9,39]. Convenient transportation can contribute to residents’ livability by enabling them to save lots of travel time during the job commute and long-distance travel [41]. Several characteristics influence travel convenience, including road networks, traffic conditions, public transit systems, the distance of railway stations and airports to community, and so forth [11,19,20]. Among them, fast access to public transit stop becomes more and more important with the accelerating life pace. The areas where traffic congestion is more likely to occur tends to cause more difficulties to residents’ mobility, and a lower level of livability. Here we chose four indices under the travel convenience dimension, including distance to the nearest bus stop, distance to the nearest station, distance to the administrative center, and probability of traffic congestion.




2.3.3. Deriving Index Data


Remote sensing data from multiple sensors was an irreplaceable source to acquire livable information. Sentinel-2 imagery was the more suitable option to derive land use maps other than sources such as sensor imagery at a higher resolution, government land use maps, and the OpenStreetMap land use data. They were available for free at the global scale and at about 5-day interval, and their 10-m spatial resolution could well capture the spatial heterogeneity of urban areas, which enabled us to make land use classifications for all cities frequently and at fine resolution. In contrast, most images at a higher resolution are commercial, which might limit the model extendibility. The government land use maps are not always available for cities of all levels, and they are not updated frequently. The OpenStreetMap are one of the typical resources to create spatial datasets of urban land use [42]. But the degree of accuracy differs across the globe, and land use maps from the OpenStreetMap are often at the road block level, which might not be fine enough to characterize land use patterns within a community [42]. To map land use types in our study area, first we applied the FORCE (Framework for Operational Radiometric Correction for Environmental Monitoring) model to preprocess the L1C data to a high-level product of surface reflectance by cloud masking, atmospheric correction, topographic correction, adjacency effect correction, BRDF correction, reprojection, and gridding [43]. Second, we utilized the ImproPhe data fusion algorithm to downscale surface reflectance bands at 20-m spatial resolution to 10-m spatial resolution. This algorithm performed well with reference data (R2 = 0.84), and better preserved landscape composition, especially in heterogeneous landscapes [44]. Third, we applied the Best Available Pixel (BAP) composite method to get a cloud free composite image for the whole study area [45]. Fourth, we made urban land use classification using a combined Linear Spectral Mixture Analysis (LISA) model and a random forests method. The LISA model could generate the fractions of vegetation, soil, low-albedo, and high-albedo objects, which were then used to calculate new metrics including the Low-albedo and Soil Difference Index (LSDI) and the Modified Normalized Difference Water Index (MNDWI) [46]. The new metrics together with composite surface reflectance bands were input into the random forests model to classify land use at 10-m spatial resolution and with high accuracy (Kappa coefficient is 0.83). Percentage of green spaces was defined as the ratio of vegetation area (forests, grassland, wetland, and crop land) to the total area of community. We calculated the entropy of land use with the following formula:


  e n t r o p y = −   ∑ i N      p i  ln (  p i  )   ln ( N )     ,  



(1)




where    p i    indicated the proportion of land use type (i) to the area of community, and N is the total number of land use types including forest, grassland, shrub, water body, residential/commercial, and industrial (N = 6). The high the value is, the better the walkability is.



Duration of thermal comfort was defined as the number of days when air temperature was within the range of 18 °C to 24 °C, which was recommended by the World Health Organization [16]. Reliable sources of air temperature data often include official meteorological stations and in-situ sensors. In most cases, the meteorological stations are too sparse to capture the spatial variations in air temperature. For example, there is no observation network for the purpose of urban climate observations in China. Researchers have installed in-situ sensors to measure air temperatures, but these devices are only available in very few cities as their development and installation is often time-consuming and expensive [25]. In contrast, thermal bands within satellite imagery has been proven to be effective to retrieve land surface temperature, and to estimate air temperature in a spatially seamless way. Among the widely used sensors (e.g., Landsat, Sentinel-2, MODIS), images from MODIS have a high temporal resolution (less than 1 day) and moderate spatial resolution, which enables us to estimate daily air temperatures and their spatial variations. We calculated the duration of thermal comfort from MODIS daily LST products from Terra and Aqua. However, LSTs are severely influenced by several factors such as clouds, shadows, haze, and other atmospheric conditions, which results in lots of missing values. To address this challenge, we adopted a hybrid method developed by Li et al. (2017) to build a new spatially and temporally seamless daily product [47]. The hybrid method included four steps: pre-processing, daily merging, spatio-temporal gapfilling, and temporal interpolation, and an evaluation of the gapfilled LST product indicated its Root Mean Square Error (RMSE) to be as low as 3.3 K (1:30 p.m.) for mid-daytime observations. We developed a computer program for gapfilling which could be downloaded from the GitHub (https://github.com/likai-hub/livability-assessment). Second, we estimated air temperatures from our gapfilled LSTs using the temperature-vegetation index method, which has been proven to be effective in retrieving air temperatures [48]. The assumption of this method was that LST strongly correlated with Normalized Difference Vegetation Index (NDVI), and air temperature was approximately equal to the temperature of full cover canopy. Finally, we computed the sum of days when the air temperature was within the range of 18 °C to 24 °C for each pixel, and used the area-weighted sum method to calculate duration of thermal comfort for a community whose equation was written as below:


  D T  C i  =     ∑   j = 1  n  D T  C j  ×  A  i j       ∑   j = 1  n   A  i j     ,  



(2)




where   D T  C i    is the duration of thermal comfort for community  i ,   D T  C j    represents duration of thermal comfort for pixel  j , and    A  i j     denotes area of pixel  j  covered by community     i  .



Internet-based geospatial data from open platforms (e.g., Google Maps API, Baidu Map API, Gaode Map API) play a more important role in understanding cities [24]. Here we mainly used the Baidu Map API to retrieve the distance or location information for indices. The advantage was that the travel distance from the Baidu Map API was more accurate to measure accessibility than the Euclidean distance and travel time. The Euclidean distance often could not represent the real origin-destination distance, while the travel time depended heavily on traffic status when taking a trip. However, data from commercial companies might be biased and their quality might not be well controlled, which is likely to undermine the soundness of evaluation results. To validate the data retrieved from the Baidu Map API, we compared them with those derived from Gaode Map API, another popular open platform run by private company (Figure 3). For example, the walking distances from both platforms were highly consistent with each other as indicated by the high correlation coefficient of 0.97 and the regression slope of 0.96. To calculate the travel distance from each community to facilities, we first used the location search service API provided by Baidu Map to retrieve the POIs of different destination categories including parks, hospitals, schools (primary and junior high schools), shopping malls, public transport stops, stations (bus stations, railway stations, and airports), and administrative centers. Then, based on the route calculation service API, we calculated the travel distance from each community to the nearest destination of a given facility category. Walking distance was used to represent the accessibility to the nearest parks and public transport stop, while driving distance was applied for other categories of facilities. The computer program we have developed to retrieve travel distance could be available from GitHub (https://github.com/likai-hub/livability-assessment). To calculate the number of restaurants and shops (including convenience stores and supermarkets) within the buffer zone of 0.5 km for each community, we used the location search service API to retrieve the POIs of restaurants and shops. Then, we generated a buffer zone of 0.5 km for each community, and summarized the number of restaurants or shops falling within the zone.



To derive the traffic congestion probability for each community, we first generated a fishnet with 1 km × 1 km grid size, which covered the whole study area, and extracted the coordinates for four corners of each grid. Then, we used the real-time traffic query service API to retrieve the traffic status of each grid during rush hours (6:00 a.m.–9:00 a.m.; 4:00 p.m.–7:00 p.m.). Traffic status information of each grid can be gained every 10 min, including five states: smooth, relatively smooth, slow moving, slight congestion, congestion, and severe congestion. We developed a computer program to automatically extract the daily traffic information, and calculated the probability of traffic congestion as the percentage of the times of retrievals when the traffic status was slight congestion, congestion, and severe congestion to the total times of retrievals. The code is available from GitHub (https://github.com/likai-hub/livability-assessment). Finally, the probability for each community was estimated using the area-weighted sum method as shown in Equation (2).



Population density directly influenced living environment, because a crowd community could cause noise pollution, and physical and psychological discomfort. We used the location-based big data released by Tencent, a Chinese technology company, which provided services of social network, online games, web portals, etc to ~85% of the population in China (https://heat.qq.com/). The users’ login positions on all Tencent platforms, such as QQ and Wechat, were collected in real time, and the total login count could be retrieved at a high spatial resolution (~1 km) through an https-based data interface. We developed a computer program to automatically acquire the total login counts for all locations (points with an interval of 1 km) every 5 min between 21:30 and 22:00 from 4–8 March 2019. The code is available from GitHub (https://github.com/likai-hub/livability-assessment). Then, the fishnet with a size of 1 km was generated and centered at all locations, and the population density for each cell of the fishnet was calculated as the sum of login counts at all times of retrievals.



Annual PM2.5 concentrations of each community were derived from the Global Annual PM2.5 Grids from MODIS, MISR and SeaWiFS Aerosol Optical Depth (AOD) with GWR, which had been successfully used in health and environmental research [49]. This dataset was available at a 1-km spatial resolution from the NASA Socioeconomic Data and Application Center (NASA SEDAC: https://sedac.ciesin.columbia.edu/data/set/sdei-global-annual-gwr-pm2-5-modis-misr-seawifs-aod). We used the average value of annual PM2.5 concentrations from 2014 to 2016 to represent the index of annual PM2.5 concentrations, and derived the index value for each community based on the area-weighted sum method.



We calculated the building density for each community, which was defined as the total building floor area divided by the community area. The outlines of building floor area within each community were digitalized based on the high-resolution Google Earth imagery.




2.3.4. Determining the Weights of Indices


To comprehensively represent the perceptions of the majority to index importance, we applied a combined questionnaire survey and an AHP method to determine the weight of each dimension and index. AHP was one of a multi-criteria decision making method which derived ratio scales from paired comparisons [10,50,51]. The input could be obtained from a subjective opinion such as satisfaction feelings and preference. The advantage of AHP was that it allowed some inconsistency in human judgement among all paired comparisons. To satisfy the input requirements of AHP, we designed a questionnaire to compare the indices two by two, and judged how important they were to the corresponding dimension at their upper level. Seven scales were used to measure the importance between two indices: absolutely more important, much more important, somewhat more important, equally important, somewhat less important, much less important, and absolutely less important. For example, the question to compare the importance of duration of thermal comfort and air pollution was described as: How do you judge that air pollution is compared to the days of thermal comfort regarding their contribution to influence community comfort? (A-Absolutely more important, B-Much important, C-Somewhat more important, D-Equally important, E-Somewhat less important, F-Much less important, G-Absolutely less important). For the five dimensions at the top level and the 16 indices at the bottom level, 33 questions in total were required to make complete comparisons. We made 298 effective questionnaire surveys for 60 randomly selected communities, and converted each into a comparison matrix. AHP was applied to each matrix and got a series of weights to reflect the opinions of one interviewee. The computer program which aimed to run AHP analysis for each questionnaire survey could be downloaded from GitHub (https://github.com/likai-hub/livability-assessment). We analyzed all the weights of a given index from all interviewees, and well fit their distributions using three types of probability distribution functions including exponential, normal, and gamma distribution function (Figure 4). The exponential probability density function (Exp) can be expressed as:


  f ( x ) = λ  e  − λ x   ,  



(3)




where  λ  represents the rate. The normal probability density function (Norm) can be written as:


  f ( x ) =  1    2 π  σ 2       e   1 2    (   x − μ  σ  )  2    ,  



(4)




where  μ  is the mean, and  σ  represents the standard deviation (sd). The gamma probability density function (Gamma) can be written as:


  f ( x ; k , θ ) =    x  k − 1    e  −  x θ       θ k  Γ ( k )   ,  



(5)




where k is shape parameter,  θ  is scale parameter, and  Γ  is the gamma function.




2.3.5. Calculating and Classifying Livability Scores


To transform the values of all indices to a comparable scale for aggregation, we used the feature scaling method to rescale data to have values between 0 and 100. For an index whose higher values were more beneficial to livability, the rescaling equation was written as:


   X i  =    V i  −  V  m i n      V  m a x   −  V  m i n     × 100 ,  



(6)




where    X i    and    V i    were the rescaled and raw values of community i respectively,    V  m a x     and    V  m i n     were the maximum and minimum values among all communities. For the index whose lower values represented better livability, the equation was expressed as:


   X i  =    V  m a x   −  V i     V  m a x   −  V  m i n     × 100 ,  



(7)







We aggregated the rescaled values of indices using the weighted sum method to get the scores by dimension and for livability in total. The equation was written as:


  S c o r  e i  =     ∑  j = 1  N    W j  ×  X  i j         ∑  j = 1  N    W j      ,  



(8)




where   S c o r  e i    was the liability score for community i,    W j    represented the weight for index j,    X  i j     denotes the rescaled value of index j for community i, and N was the total number of indices. For each community, we ran Monte Carlo simulations 10,000 times with a randomly generated weight of each index based on its probability distribution. We used the mean value of 10,000 simulations as the livability score of the community, and calculated the standard deviation to show its uncertainty (Figure 5).



We used the quartile method and set the breaks of intervals at the 90th, 80th, 60th, 40th percentile values to classify livability into 5 classes. The reason we chose this method is that the approximate ranking information can be gained from its class. For example, a community within the first class ranks in the top 10% of overall communities. The five classes included the first class (above 90th percentile), second class (81th–90th percentile), third class (61th–80th percentile), fourth class (41th–60th percentile), and fifth class (below 40th percentile). The higher the class is, the poorer the livability is. When a community lies in the fourth class, measures should be taken to improve some dimensions or indices of livability. A community, which lies at the lower 40th percentile, has overall poor livability, and all-round measures should be adopted to improve the livability. Which aspect(s) should be ameliorated can be identified from the assessment results by dimension or index.




2.3.6. Examining the Relationship between Livability and House Price


Housing price was a sensitive indicator of livability. Ideally, a community with a higher livability score would have higher housing prices. We retrieved the real-estate transaction prices of all communities in June, July, and August of 2019 using a Python-based web page scrawling method from the website of Lianjia, the largest real-estate brokerage company in China (https://linyi.lianjia.com/). The computer program in Python is available from GitHub (https://github.com/likai-hub/livability-assessment). The prices represented the average transaction prices of second-hand houses of communities. We then averaged the prices of these three months, and conducted a regression of housing price against livability score.






3. Results


3.1. Single-Index Assessment


Most indices showed clear patterns across the communities of the study area (Figure 6). There was a clear influence of water bodies on the duration of thermal comfort (Figure 6a), which was characterized by longer duration in the areas close to the Yi River, and shorter in the areas far away from the river. This confirmed previous findings that water bodies had cooling effects on urban temperatures, and mitigated the urban heat island effect [52]. In addition, annual PM2.5 concentrations, which were considered indicators of air quality, were characterized by higher values in the west and lower values in the east (Figure 6b). The relatively poor air quality in the west was mainly due to the densely distributed small-scale factories in industrial zones, which had caused environmental pollution. Although there were industrial zones in the east, air quality was still higher because a large number of high-tech and environment-friendly industries were distributed there.



Communities in the newly developed district at the northern city were characterized by lower building density and population density, higher greenspace coverage but longer distances to public parks, while the communities in the old urban district were the opposite (Figure 6c–g). In the old urban district, communities are often featured by shorter distance to living amenities (e.g., hospital, school, shopping mall), and densely distributed shops and restaurants, due to their longer history of construction, but these amenities were underdeveloped in the newly developed district and industrial zones (Figure 6h–l). Urban residents in the old urban district were convenient to travel due to their proximity to bus, railway stations, and airports (Figure 6m–o). There were some hotspots of traffic congestion which were mainly distributed at the main roads connecting the newly developed and the old urban districts (Figure 6p).




3.2. Assessment by Dimension


Environmental health manifested itself in a clear spatial pattern, whose conditions deteriorated from the east to the west (Figure 7a). The reason for this was that the industrial zones were mainly distributed in the west and southwest, resulting in environmental pollution and man-made heat emissions from densely distributed small factories. In contrast, better environmental health conditions in the east benefited from sparsely distributed industrial plants and higher percentage of greenspace, which played an important role in reducing particulate matter and mitigating urban heat island effect.



The distinction in environmental comfort between old urban and newly developed districts was clear (Figure 7b). Communities in the newly developed district had the highest level of environmental comfort with a score of 65 due to high greenspace percentage, low building and population density, while the old urban zone had the poorest conditions with a score of 49 (Figure 8). Areas in the southeast also showed higher scores of environmental comfort, which was due to higher greenspace coverage and lower population density. Although these areas were industrial zones, the enterprises here were high-tech and environment-friendly, and thus did not cause severe environmental pollution.



Communities with better conditions of living amenities were mainly in the areas with a longer history of urban development, such as the central old urban district (average score 69) and the administrative center of Hedong and Luozhang District (Figure 7c). The newly developed district had relatively poor living amenity conditions, with an average score of 41 (Figure 8) due to its shorter period of development (thus many of the commercial and institutional facilities like hospitals were still under development) and their less compact urban forms (thus longer distances from communities to the facilities). Industrial zones were also characterized by low scores of living amenities.



Spatial differentiation of travel convenience was evident across the study area (Figure 7d). The old urban district and the administrative center of Hedong District showed the best conditions of travel convenience, with a score as high as 81 (Figure 8), because more public transportation facilities (e.g., bus and railway stations and airports) were distributed within these regions. The conditions of travel convenience were relatively poor in other regions due to longer travel distances to stations and commute centers as well as severe traffic congestion (Figure 8).




3.3. Spatial Pattern of Community Livability


Spatial pattern of community livability was clearly differentiated across the study area (Figure 9d). Spatial patterns of livability scored at the 5th and 95th percentiles were similar to that of mean the livability score (Figure 9a,b). The best livability conditions were observed in the east of the newly developed district, the old urban district, and the center of Hedong district. Although overall livability scores of communities in these regions were higher, they had their own disadvantages for specific dimensions. The east of the newly developed district had better conditions of environmental health and comfort, but poorer conditions of living amenity. These conditions were opposite for the old urban district. The industrial zones in the west, southwest, and southeast of the study area showed the worst livability conditions with the lowest score of 48 (Figure 8). The areas in newly developed district, Hedong district, and the Luozhuang district had relatively lower uncertainties as indicated by the small standard deviations, while the regions in the old urban district and the southeast had higher uncertainties (Figure 9c).



We calculated the Global Moran’s I and the Anselin Local Moran’s I to characterize the spatial patterns of livability scores for all communities. Given the varied distance–decay relationships over the study area, we chose Gaussian kernel function and the adaptive kernel method to create a spatial weight matrix, which allowed us to adjust the bandwidth for each location to ensure equal or near-equal coverage. We calculated these two statistics using the Geoda software downloaded from this link: https://geodacenter.github.io/. The high positive Moran’s statistic of 0.74 (p < 0.01) indicated that livability scores were not randomly distributed among the communities of our study area, and the spatial distribution of the high/low livability scores were more clustered than would be expected. The reason was that factors which influenced the livability of communities were not stochastic, but were determined by location, natural environment, history, and so forth. The Anselin Local Moran’s I statistic results indicated the hotspots and cold spots of livability score clusters (Figure 10). Significant clusters of high scores were found in the east of the newly developed region, the old urban district, and the administrative center of Hedong district. These regions often had a long history of development or were newly constructed with complete infrastructures and favorable environmental conditions. Communities within the industrial zones or on the periphery of the study area demonstrated low score clusters. These regions were often characterized by poor environmental health and comfort, and thus had generally lower livability scores.




3.4. The Relationship between Livability and House Price


The results showed that the pattern of housing prices was generally consistent with the pattern of our derived livability score (Figure 9 and Figure 11). We found that communities of the first-class livability had the highest housing prices of 8606 CNY/m2 on average, followed by those of the second, third, fourth, and fifth classes, whose housing prices were 8288, 8250, 8230, and 7451 CNY/m2, respectively. Housing prices were significantly correlated with livability scores (R2 = 0.82, p < 0.01) (Figure 12), because high quality of life provided by a livable community is high in demand, which increases market prices. However, the influencing factors of housing prices are complicated, and sometimes one factor might cause a great change in prices, such as school district or location. As a result, an expensive community does not necessarily mean that it is livable, nor that it provides high quality of life. High prices might make residents unable to afford a house that meets their demands, or may cause economic pressure.





4. Discussion


4.1. Model Advantages


Rapid urbanization is causing substantial changes in the urban environment, which influences inhabitants’ livability [3,4]. Understanding the dynamics of livability in time and in great detail is useful to reveal the evolution of urban structure theoretically, and to quickly take measures to address inhabitation problems arising from urbanization [53]. For this purpose, we developed an effective model for spatially explicit community-level livability assessment by combining remote sensing data, big geospatial data, and questionnaire survey data. Our innovative hierarchical livability index system provides a convenient way to organize, understand, and compare the various dimensions/aspects of living conditions among urban communities. Firstly, the hierarchical index system of livability assessment is more flexible compared to a single-tier system [9], and is able to gain information about livability in an organized and detailed way. At the top level, we adopt the widely used dimensions which have been proven to reflect livability comprehensively, while the indices at the bottom level can be modified according to the actual situations of the study area. Secondly, the data for selected indices allows global or national coverage, and are available in a labor-saving way and at no/low costs, which makes our model easy to extend to other areas [16,18]. The extendibility of our model also manifests itself in the selection of a prefecture-level city (i.e., Linyi) as the study area where data availability is less abundant than that in metropolis like Beijing and New York. Thirdly, the data sources for selected indices are regularly updated in a shorter period, so that the assessment results can track the real-time changes in livability. Fourthly, our study showed that all assessment procedures could be streamlined by computer programming, so this is an efficient model with a high scalability. The scripts can be found in GitHub (https://github.com/likai-hub/livability-assessment). Finally, we proposed an innovative approach to calculate the livability score and its uncertainty in each community, which few studies have done before, by including all personal perceptions to the importance of indices from questionnaire surveys and using the Monte Carlo simulation method. To sum up, our model can retrieve the spatial pattern of livability at fine scales (i.e., community level) in an automatic, accurate, and dynamic way, which provides a robust tool for urban planning and governance.




4.2. Understanding the Pattern of Livability


Moreover, the hierarchical structure of the model indexing system is helpful for organizing, understanding, and comparing the underlying influencing factors of livability at different stages of urban development [11,19,54]. Urban land use properties exert a strong influence on environmental health and comfort [17]. For example, industrial zones often have poor conditions of environmental comfort due to high heat emission and severe air pollution. Natural conditions usually strengthen or weaken the effects of land use properties on livability [9,33,34]. For example, the Yi River, which flows through the Linyi city, increases the duration of thermal comfort in areas along the river, and the prevailing southeasterly wind direction during summer causes that temperature mitigation effect at the west riverside to be stronger than that in the east (Figure 6a). The effects of urban development history on livability are notable, as indicated by the distinction between old urban and newly developed districts [11,19]. Urban development stages are closely related to urban forms at different scales, which are comprehensively reflected by a variety of factors including road networks, land use composition and configuration, population density, and so forth [54]. Therefore, development stage and its associated urban forms could reflect the basic local information, and influence livability. The old urban district has a longer history of development, so this region has rich resources of institutional facilities like education and health services, a good transport system, and convenient living amenities (e.g., dense shops). However, longer development history has negative effects on livability, because urban planning and construction at early stages may not meet the higher standard of living environment at present. Therefore, older urban districts often have a high population density, crowded buildings, and a low percentage of greenspace, which is not favorable for living. In contrast, the newly developed district, which has been carefully planned and constructed for a modern urban society with a high density of private cars, was characterized by an excellent greenspace system and a low population density. But the living amenities (e.g., shops) and public transport systems were not well constructed or were sparsely distributed due to its shorter period of development and the sprawling urban form. In addition, marketing factors like land price may influence the development of living amenities such as supermarkets and restaurants [19,41]. For example, high rent could prevent businesses from entering the newly developed district, resulting in a low livability score for living amenities.




4.3. Policy Implications


Our assessments retrieve single-index, dimensional, and overall livability information, which have great implications for urban governance, and gives substantial support for smart city construction. With high spatial and temporal resolution and a hierarchical index structure, our model could help identify the weaknesses of individual communities, so that pertinent measures can be taken to address the problems and to improve its livability. For example, our study in the Linyi city showed that the communities in the old urban district have serious problems in terms of environmental comfort. With regards to urban governance, this region should restrict the immigration of populations, increase greenspace within and without communities, and optimize road networks to make inhabitants’ living environments more comfortable. The communities in the newly developed district have poor conditions of living amenities and travel convenience. It is important for the government to accelerate the infrastructure development and improve institutional facilities like schools, hospitals, and public transportation systems in the new district in the northern city. It is also important to restrict the land price and rent price so that more commercial facilities like supermarkets can move in. Industrial zones have poor conditions for all dimensions of livability. Priority should be given to strictly manage the small factories that cause environmental pollution. Public and commercial service facilities should be improved to promote livability so that urban residents in the industrial zones can live healthily, comfortably, and conveniently.




4.4. Limitations


Though there is no agreement upon the definition of livability, it is clear that livability is more than the properties of living environment (e.g., travel convenience, infrastructures), and the personal feeling or the resident’s desire of a place also influences the degree of livability [14]. Therefore, the assessment of both objective living environments and the subjective satisfaction of residents’ lives matter. In our research, to consider resident perceptions, we follow the human-oriented principle to select the indices which have been proven to exert a substantial influence on residents’ quality of life. Moreover, we collect the judgements of index importance to livability using extensive questionnaire surveys to determine the weights of indices, and input all weight information into the process of livability score calculation. However, much more effort should still be made to figure out the relationship between livability and residents’ satisfaction. This question will become much more complicated when we also have to consider the influence of personal characteristics (i.e., age, gender, job, income) on satisfaction and livability [5,23,55]. Doing such research also requires extensive and detailed questionnaire surveys to collect basic information on residents and their perceptions towards livability. These expansions are beyond the scope of our research, but are worth exploring deeply in future work.





5. Conclusions


We developed a practical and effective model to retrieve the spatial pattern of livability at fine scales in an automatic, accurate, and dynamic way, and provide a robust tool for urban planning and governance. Our application of this model to Linyi city has got reliable assessment results as indicated by the model effectiveness evaluation. The case study in the Linyi city showed that old urban and newly developed districts had relatively high livability, but both regions had their weaknesses—the old district had severe problems in the dimension of environmental comfort, so measures should be taken to control population growth and improve greenspace and road networks; the newly developed district had poor conditions of living amenities and travel convenience, so public and commercial service infrastructure should be improved to make the residents’ life more convenient. Industrial zones have the poorest livability from all dimensions. For the industrial zones, environment-friendly enterprises should be encouraged, while small factories that cause environmental pollution should be shut down or upgraded to be harmless to the environment.



Our developed assessment model driven by remote sensing and Internet-based big geospatial data would be of great interest to governors who need the latest and fine-grained livability information. The advantage is that the data fed into the model are updated on a regular basis, and this model has the potential to be streamlined in order to provide efficient evaluation results for urban governess of a specific city from data acquisition to livability score calculations. Our model would also be of interest to researchers in remote sensing, as it bridges the gap between remote sensing and the theoretical concept of livability, and broadens the applications of remote sensing technology in decision-making processes.
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Figure 1. Geographical features of the study area. The inset maps show the geographic location of Linyi (a) in China and (b) in Shandong Province. (c) The main map demonstrates the spatial distribution of communities and urban functional zones. Unlike countries such as the United States and Canada, the community in China often takes the form of a gated residential area with a clear boundary, and consists of several blocks of buildings. 
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Figure 2. Procedures to develop the livability assessment model. The four steps are shown in the boxes with the bold frame. 
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Figure 3. Comparison of the walking distance to the nearest park from Baidu Map API and Gaode Map API. 
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Figure 4. The density and fitted probability distribution of all AHP-derived weights based on a questionnaire survey by index. (a–p) represent different indices at the bottom level as shown in Table 1. 
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Figure 5. The distribution of livability scores for one community derived from Monte Carlo simulations for 10,000 times. 
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Figure 6. Single–index assessment of livability based on the 16 indices under 4 dimensions, as shown in Table 1. (a,b) spatial patterns of index values within the dimension of environmental health; (c–g) spatial patterns of index value within the dimension of environmental comfort; (h–l) spatial patterns of index values within the dimension of living amenity; (m–p) spatial patterns of index values within the dimension of travel convenience. 
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Figure 7. Livability assessment by dimension. (a) Environmental health; (b) Environmental comfort; (c) Living amenity; (d) Travel convenience. The communities of the first class were the ones whose scores were above 90th percentile, the second-class communities were the ones whose scores were within the range of the 81st and the 90th percentile, the third-class communities were the ones whose scores were within the range of the 61st and the 80th percentile, the fourth-class communities were the ones whose scores were within the range of the 41st and the 60th percentile, and the fifth-class communities were the ones whose scores were below the 40th percentile. 
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Figure 8. Average scores of different livability dimensions summarized by urban functional types and overall livability scores summarized by urban functional types. 
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Figure 9. Spatial patterns of livability scores and its uncertainty for all communities. (a) The 5th percentile of livability scores from Monte Carlo simulations. (b) The 95th percentile of livability scores from Monte Carlo simulations. (c) The standard deviation of livability scores from Monte Carlo simulations. (d) Five livability ranks classified using the quantile method. The communities of the first class were the ones whose scores were above 90th percentile, the second-class communities were the ones whose scores were within the range from 81th to 90th percentile, the third-class communities were the ones whose scores were within the range from 61th to 80th percentile, the fourth-class communities were the ones whose scores were within the range from 41th to 60th percentile, and the fifth-class communities were the ones whose scores were below 40th percentile. 
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Figure 10. Spatial pattern of clusters of high and low livability scores. Clusters indicate that a high (low) livability score is surrounded primarily by high (low) values. 
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Figure 11. Spatial pattern of average real-estate transaction prices of communities in 2019. 
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Figure 12. Relationship between housing prices and livability scores. Housing prices show a significantly positive correlation with livability scores (p < 0.05). 
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Table 1. A hierarchical index system for livability assessment which includes 4 dimensions at the top level and 16 indices at the bottom level. The positive sign indicates that the higher value of the index is more favorable to livability, and vice versa.
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Dimensions

	
Indices

	
Source






	
Environmental health

	
(a) Annual PM2.5 concentration (−)

	
NASA SEDAC Global annual PM2.5 product




	
(b) Duration of thermal comfort (+)

	
MODIS LST products




	
Environmental comfort

	
(c) Percentage of greenspace (+)

	
Sentinel-2 imagery




	
(d) Building density (−)

	
Google Earth images




	
(e) Population density (−)

	
Tencent Location API




	
(f) Walking distance to the nearest park (−)

	
Baidu Map API




	
(g) Entropy of land use (+)

	
Sentinel-2 images




	
Living amenity

	
(h) Driving distance to the nearest hospital (−)

	
Baidu Map API




	
(i) Driving distance to the nearest school (−)

	
Baidu Map API




	
(j) Driving distance to the nearest shopping mall (−)

	
Baidu Map API




	
(k) Number of shops within 0.5-km buffer zone (+)

	
Baidu POIs




	
(l) Number of restaurants within 0.5-km buffer zone (+)

	
Baidu POIs




	
Travel convenience

	
(m) Walking distance to the nearest bus stop (−)

	
Baidu Map API




	
(n) Driving distance to the nearest bus, railway, and airway stations (−)

	
Baidu Map API




	
(o) Driving distance to the administrative center (−)

	
Baidu Map API




	
(p) Probability of traffic congestion (−)

	
Baidu Map API
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