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Abstract. With China's fast urbanization, the study of the walkability 
of residents' life circles has become critical to improve people's quality 
of life. Traditional walkability calculations are based on Lawrence 
Frank's theory. However, the weighted calculation method cannot be 
adapted to ever-changing and complicated scenarios as the scope and 
topic of research transforming. This study investigated walkability at 
the community level by combining machine learning techniques with 
multi-source data. Feature indicators affecting walkability were 
estimated from multi-source data. Machine learning was used to refine 
the weighting calculation under the previous indicator framework. We 
compared the performance of 20 regression models from 6 different 
machine learning algorithms for estimating the walkability of 14578 
communities in downtown Shanghai. It is concluded that the Bagged 
Tree Model (R2=0.86, RMSE=0.36862) achieves the best performance, 
which is used to revise the initial walkability index values. The 
workflow proposed in this paper allows for rapid application of expert 
empirical consensus to comprehensive urban design and detailed urban 
governance in the future. 

Keywords. Life Circle; Walkability Indicator; Multi-source Data; 
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1. Introduction 

Walking is the primary mode of short-distance travel for urban residents. High urban 
walkability can effectively increase residents' willingness to travel and boost urban 
vitality. However, during rapid urbanization, overemphasis on automotive traffic in 
metropolitans has raised issues such as traffic congestion and unpleasant walking 
environments (Vichiensan and Nakamura, 2021). Nowadays, the attention of urban 
construction has shifted to the living areas of ordinary inhabitants, and a healthy and 
sustainable urban life is essential for urban development. The life circle is a concept 
that has emerged in recent years to represent the walkable spatial range of activities of 
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community residents (Sun et al., 2012). The study of the walkability of residents' life 
circles has become a central topic for improving people's quality of life and increasing 
their health outcomes (Frank et al., 2010). 

The advancement of big data and artificial intelligence technology in recent years 
has enabled large-scale, fine-grained studies. Compared to conventional studies with 
limited samples, new urban science research approaches based on the combination of 
massive urban data and machine learning algorithms are more efficient, fine-grained, 
and rapidly generalizable. With a large enough sample size, the application of machine 
learning algorithms to human-scale investigations of pedestrian environment quality 
could produce results with a high degree of trustworthiness and generalization 
performance. 

In the previous studies, there is an increasing interest in determining the effect of 
built environment features on habitual physical activity. Frank et al., (2006), proposed 
a "walkability index" system as a composite measure of the built environment by 
summing the z scores for net residential density, street connectivity, land use mix, and 
retail floor area ratio for each census urban block, with street connectivity receiving 
twice the weight as the other three variables. Ewing and Handy, (2009), developed the 
concept of "Measuring the Unmeasurable," which quantifies five urban design qualities 
through the physical characteristics of streets and their edges: imageability, enclosure, 
human scale, transparency, and complexity. Daniel and Burns, (2018), incorporated 
the often-overlooked steepness variable as a key statistical element of the walking 
experience. Besides, thermal comfort also has been progressively promoted as a critical 
measure for walkability (Labdaoui et al., 2021). With the growth of modern urban 
science, new forms of data are being used to research urban walkability, including 
urban land use data (Wei et al., 2016), point of interest (POI) data (Zandieh et al., 2017), 
and location-based services (LBS) data (Yamagata et al., 2020). In terms of more recent 
research approaches, machine learning methods have been used to predict walkability 
(Yin and Wang, 2020). However, the majority of research has been undertaken at the 
metropolitan planning level, with an emphasis on the linear space of the street and little 
attention paid to the walkability of the life circle. Additionally, the prior studies have 
frequently employed the regular circular buffer zone or grid as the research unit, 
although the range of human mobility is not same in all directions. In this paper, the 
spatial boundary of the live circle is an irregular shape generated along with the road 
network, reflecting the possible range of activities of the residents. 

2. Methods 

In this study, based on the walkability framework proposed by Frank, this paper 
estimated the feature indicators and the walkability of the life circle through multi-
source data. Moreover, the mapping of impact indicators to walkability was established 
by machine learning. Multi-source data about urban areas were collected from 
commercial and government websites. Prior to the data analysis, all database were 
purged to reduce the computation latency. Each indicator's values were normalized 
using the Z-score method, which maps all data ranges to the same interval for 
comparison analysis. Each indicator's results were calculated and presented using a 
vector geographic information system (GIS). The dataset for machine learning consists 
of walkability and five feature indicators. Supervised regression and six classes of 
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machine learning algorithms were chosen to model the dataset to avoid the inductive 
bias. The results were compared using a ten-fold cross-validation method, and the 
prediction model with the highest overall performance was selected for model 
optimization and application. 

2.1. RESEARCH SITE 

Shanghai is a classic Chinese metropolitan city which with numerous challenges to be 
addressed. One of the most notable issues is the low quality of walkability in the 
residents' life circle under scenario of rapid urban development. Fortunately, due to the 
advancement of the urban management technology, data is more transparent and freely 
accessible than ever before, offering possibilities for large-scale and refined 
measurement. In this study, seven districts of downtown Shanghai were chosen as the 
research areas, namely Huangpu District, Xuhui District, Changning District, Jing'an 
District, Putuo District, Hongkou District, and Yangpu District. 

The indicators calculated in this paper are based on community life circles (Sun et 
al., 2012). The data on pedestrian traffic and other time circles were gathered using the 
open map platform Mapbox. A Python crawler application was created to extract 
14578 communities (containing location coordinate, household count, average 
property price, and other information) from the commercial website (fang.com). The 
location coordinates of the communities were used to link with the Mapbox's Isochrone 
API to obtain geographic data of the life circle of all communities. The range of the life 
circle is set as a defined length of time from the central point of the community. The 
time threshold for this study was set at 15 minutes in accordance with the Shanghai 
Master Plan's current urban development criteria. The research site is shown in figure 
1. 

Figure 1. Research precincts in Shanghai 

2.2. CALCULATION OF FEATURE INDICATORS 

The following four feature indicators (land use mix, residential density, street 
connectivity, and retail density) are derived from Frank's system of walkability 
research. With the dawn of big data era, newly developed urban data types are more 
successful in picturing the indicators' dimensions. Thus, the data types used in this 
paper have been changed. Additionally, the unit of study was adjusted to a more 
realistic walking life circle based on trip time costs. 
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2.2.1. Land Use Mix 

The “land use mix” indicator is calculated using the ArcGIS platform for processing 
the land-use data of Shanghai. Nine land use categories were employed in the 
calculation (urban residential land, industrial, mining and storage land, public 
infrastructure land, public building land, transport land, commercial service land, 
landscape land, special land and unused land). 50m*50m grids were used to cut the 
land use vector data, and the ratio of each land use category within each grid was 
estimated. The index of land use mix was calculated using the entropy approach (see 
table 1 for the calculation formula). In ArcGIS, the polygon data were translated into 
point data. The number of grid points in each life circle was tallied, and thereafter the 
entropy values were averaged and superimposed. The final result was used as the land 
use mix index value for each life circle. 

2.2.2. Residential Density 

In comparison to demographic data, data gathered from commercial websites at the 
community level is more accurate, current, and convenient to use. The overall number 
of households in each community is derived from the housing stock's commercial 
websites (fang.com). According to the Shanghai Statistical Yearbook 2020, the 
average Persons per Household is 2.64, and the two figures are multiplied to determine 
the total population of each community. Due to the life circle does not comprise a single 
community, the population of all communities inside the live circle is aggregated and 
divided by the area to generate the “residential density” indicator. 

2.2.3. Street Connectivity  

The “street connectivity” indicator is associated with ease of travel and plot 
accessibility. The Shanghai road network data was obtained via the Baidu API. After 
cleaning and processing the data, the road network was topologically processed in 
ArcGIS to extract road intersection nodes and spatially connect them within each 
community's life circle in order to calculate the number density of road intersections as 
a measure of street connectivity. 

2.2.4. Retail Density  

Walkability is affected by the number of retail enterprises inside a residential area, and 
good accessibility boosts inhabitants' willingness to travel. Frank believed that the 
Retail Floor Area Ratio might increase the sensitivity to retail use, which was supposed 
to boost pedestrian traffic. However, the commercial floor space ratio does not always 
correspond to actual retail use, and Baidu's POI data can provide a full view of the city's 
current commercial activity. The results of this study were derived from Baidu Vector 
Map, and the retail density for each life circle was estimated. 

2.3. CALCULATION OF WALKABILITY INDICATOR 

2.3.1. Crowd Density  

High community walkability results in increased pedestrian flow, (Ewing et al., 2006), 
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and this study characterizes the walkability of life circles with pedestrian flow density. 
Traditional statistical approaches based on field observations are no longer adequate 
for large-scale fine-grained measurement. With the present prevalence of mobile 
internet, it has become fairly typical for people in a lingering, slow-walking position in 
their daily lives to use their mobile phones for reading, socializing, navigation, 
shopping, and enjoying other mobile internet services. When consumers use mobile 
devices such as smartphones to access APPs, they are typically standing or walking 
slowly. These mobile internet services generate the user's LBS location data, which 
includes the user's GPS-adjusted location and associated timestamp. This form of data 
is well-suited for sensing the intensity of activity in a community, as it records the 
position and duration of people's halting behaviour over a vast region and over an 
extended period. In this scenario, the data is a raster of crowd density derived through 
LBS data processing. The vector data was segmented into 100m*100m grids in 
ArcGIS to determine the average population density within the life circle. Finally, the 
density of the crowd was determined by dividing the area of the life circle. 

Table 1. The formulas of indicator 

2.4. MACHINE LEARNING MODELLING 

Prior to machine learning, the data in this study is dimensionless processed to eliminate 
unit limitations, allowing indications of varying units of magnitudes to be compared 
and weighted. In this study, each indicator is normalized by the method of Z-score. 
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The findings of Frank Lawrence's walkability study are based on sociological 
research and statistical analysis. The results are restricted by the data's trustworthiness 
and sample size, while the weighting of the four variables is less applicable. Moreover, 
the findings of studies undertaken in developed countries do not apply entirely to 
Chinese cities. This work offers a machine learning approach for supervised regression 
analysis in order to rectify the weight coefficients of each indicator under the Shanghai 
context. 

To circumvent the issue of inductive bias, six machine learning algorithms were 
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chosen for the purpose of building prediction models for comparative examination. 
Each category was subdivided into distinct subcategories, yielding twenty prediction 
models. The 10-fold cross-validation was conducted to evaluate the models. The data 
set was divided into ten mutually exclusive subsets, with a concatenated set of nine 
subsets serving as the training set and the remaining subsets serving as the test set. With 
the acquisition of ten training and test sets, ten training and testing sessions are 
completed in total. Finally, the test findings' mean values are returned for further 
research (Figure 2). 
 

Figure 2. The process of 10-fold cross validation 

3. Results and Discussion 

3.1. RESULTS OF FEATURE INDICATORS 

Figure 3 shows the results of feature indicators.The result of the "Land use mix" 
computation is depicted in Figure 3(a). At the community level, the values of "Land 
use mix" are uniformly distributed without any discernible spatial agglomeration; At 
the sub-district level, DaNinglu, GongHeXinlu, HuaiHaiZhonglu, and BeiWaiTan 
have higher values, with linear spatial distributions and a general tendency along two 
water systems; At the district level, XuHui District and JingAn District have greater 
values, whereas ChangNing and YangPu districts have lower values. 

The "Residential density" calculation outcome is shown in Figure 3(b). The 
distribution of residential density values reflects a characteristic of "low in the centre 
and high on the periphery," which is related to Shanghai's urban development: 
downtown has a more traditional residential plot with a lower floor area ratio, whereas 
the periphery of the city has a higher construction intensity due to land prices and 
policies, reflecting the obvious separation of work and residence in Shanghai; At the 
sub-district level, HuaYanglu, JiangSulu, XinHuaLu, JiangWan, and TaoPu have 
greater values, and the majority of them are located on the outskirts of the city centre; 
ChangNing District has the highest value, while Hongkou District has the lowest. 

The result of the "Connectivity density" calculation is depicted in Figure 3(c). At 
the community level, the higher-valued living circles are primarily located in the 
northern section of the city center, where the road network is more dense and 
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connectivity is better. Dinghai Road, Ouyang Road, Quyang Road, North Sichuan 
Road, North Bund, and Tianping Road all have greater values at the sub-district level, 
although the sub-districts in Huangpu District generally have lower values, likely 
because the old city has more old communities; Hongkou and Xuhui districts have the 
highest values, while Huangpu District and Jing'an District have the lowest. 

Figure 3(d) illustrates the result of the "Retail density" calculation.At the 
community level, life circles with a higher retail density are more likely to be found in 
the northern and southernmost portions of the downtown, implying that these 
communities are more accessible;At the sub-district level, Huanan Road, Ouyang 
Road, Sichuan North Road, Beiwai Tan Road, and Tianping Road all have greater 
values; Xuhui District and Hongkou District have higher total values, while Changning 
District and Jing'an District have lower values. 

Figure 3. the simulation result of 5 indicators 

651



P. GONG ET AL. 

The outcome of the "Crowd density" calculation is shown in Figure 3(e). At the 
community level, areas with a higher pedestrian density are located in the northern 
portion of the city centre, where additional elements, such as universities and 
commercial districts, draw more pedestrians due to their abundance and variety of 
activities. Guangzhong Road, Huanan Road, Ouyang Road, Sichuan North Road, and 
Tianping Road all have greater crowd density ratings at the sub-district level, and these 
sub-districts also have a higher retail density. Yangpu and Hongkou districts have 
greater overall values, whereas Changning District and Huangpu District have lower 
overall values. It is evident that older urban districts are less appealing to pedestrians, 
indicating the importance of optimizing the quality of life in older urban regions. 

Figure 4. Regression performance of 20 models 

3.2. COMPARISON OF DIFFERENT MACHINE LEARNING MODELS 

Six different types of machine learning algorithms are used in this article to create 
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twenty machine learning prediction models. The tenfold cross validation approach is 
used to determine the model's generalization error and find the optimal selection. The 
outcomes are depicted in the figure 4. 

As illustrated in the figures, both the bagged tree and exponential Gaussian process 
region prediction models have the highest Goodness of Fit, with an R2  of 0.86. 
However, because the Root Mean Square Error of the bagged tree model 
(RMSE=0.36862)is less than that of the exponential Gaussian process region model 
(RMSE=0.37609), the former is clearly superior. The prediction model implements 
Lawrence Frank's walking measurement index system's parameter correction. The 
developed model may be appropriate for future investigation. Simultaneously, the 
machine learning model may be imported into grasshopper via the MATLAB API 
interface and integrated into the urban design workflow. 

Table 2. Model classification and evaluation results 

4. Conclusions 

As urbanization progresses towards the infill phase, study on the walkability of urban 
space becomes critical for promoting urban people' walking activities and enhancing 
urban vitality. This study, based on Frank Lawrence's walkability theory, examines 
walkability at the community-scale by combining machine learning techniques with 
multi-source data. In order to compare the walkability of a total of 14,578 communities 
in downtown Shanghai, 20 regression models were created in this research using 6 
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different types of machine learning algorithms, with the Bagged Tree Model (R2=0.86, 
RMSE= 0.36862) achieving the greatest result. The machine learning model, which is 
highly suited for studies of urban walkability in China, can be integrated into urban 
design processes in the future by importing it into Grasshopper via MATLAB's API. 

Of course, this paper contains flaws as well. With the rise of interdisciplinary 
research, additional indicator dimensions could have been included in the study of 
walkability. However, because this paper is based on Frank's theoretical findings, it 
focuses exclusively on the impact of the four indicator dimensions on walkability, 
leaving out other indicator dimensions. Meanwhile, due to the limited granularity of 
the data, there are some issues with the development of various indicators, which will 
be gradually resolved in subsequent research. 
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