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A B S T R A C T

Built environment attributes have been demonstrated to be associated with various health outcomes. However,
most empirical studies have typically focused on objective built environmental measures. Still, perceptions of the
built environment also play an important role in health and may complement studies with objective measures.
Some built environment attributes, such as liveliness or beauty, are difficult to measure objectively. Traditional
methods to assess perceptions of the built environment, such as questionnaires and focus groups, are time-
consuming and prone to recall bias. The recent development in machine deep learning techniques and big data of
street view images, makes it possible to assess perceptions of the built environment with street view images for a
large-scale study area. By using online free Tencent Street View (TSV) images, this study assessed six perceptual
attributes of the built environment: wealth, safety, liveliness, depression, bore and beauty. These attributes were
associated with both the physical and the mental health outcomes of 1231 older adults in 48 neighborhoods in
the Haidian District, Beijing, China. Results show that perceived safety was significantly associated with both the
physical and mental health outcomes. Perceived depression and beauty were significant related to older adults'
mental health, while perceived wealth, bore and liveliness were significantly related to their physical health. The
findings carry important policy implications and hence contribute to the development of healthy cities. It is
urgent to improve residents' positive perceptions and decrease their negative perceptions of the built environ-
ment, especially in neighborhoods that are highly populated by older adults.

1. Introduction

With the rapid process of urbanization, more than one billion people
will live in Chinese cities in by 2030 (Development Research Center of
the State Council, 2014). However, due to high population density,
heavy air pollution, and lack of public facilities, urban agglomerations
will face various health problems, including physical and mental dis-
eases. In this respect, tackling urban residents' health problems has
become a global challenge for future cities (Gong et al., 2012; Grekousis
& Liu, 2019). The urban environment, especially the neighborhood
environment, plays an important role in affecting urban residents'
health because residents spend most of their time in their residential

neighborhoods, compared to the places of work and entertainment
(Helbich, 2018; Pearce, Shortt, Rind, & Mitchell, 2016). In recent years,
perceptions of the built environment have attracted research attention
because subjective urban environment attributes are more likely to
directly affect residents' perceptions and health-related behaviors,
compared to objective physical environment attributes (Zhang et al.,
2018). Studies of subjective urban environment attributes can further
inform and complement studies of environment-health outcomes asso-
ciation (Salesses, Schechtner, & Hidalgo, 2013; Zhang et al., 2018).

Health problems of the older adults have also recently attracted
more research attention because the aging population is becoming a
global issue, and some countries, especially developing countries, are
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not well-prepared to tackle this issue (Prince et al., 2015). Older adults
are more likely to suffer from health problems in China because of their
low socioeconomic status and degeneration of body functions (Li &
Zhang, 2013; Sun, Lucas, Meng, & Zhang, 2011). Compared with young
adults, older adults may be more influenced by their neighborhood
environment due to their lower mobility (Wiles, Leibing, Guberman,
Reeve, & Allen, 2012). Thus, identifying the relationship between
perceptions of the neighborhood environment and urban older re-
sidents' health outcomes has become a public health priority and may
have important policy implications for China in the near future (Gao,
Ahern, & Koshland, 2016; Liu, Dijst, Faber, Geertman, & Cui, 2017).

1.1. Urban perception and health outcomes

Previous studies have generally supported the idea that residents'
perception of the built environment influence their well-being and
health outcomes (Dong, Wolf, Alexiou, & Arribas-Bel, 2019; Grahn &
Stigsdotter, 2010; Özgüner, Eraslan, & Yilmaz, 2012; Parsons, 1991;
Rollero & De Piccoli, 2010; Thompson, 2011; Zhang, Chen, Sun, & Bao,
2013). Both direct and indirect effects of the built environment per-
ception on health outcomes should be noted (Özgüner et al., 2012;
Parsons, 1991). First, according to stress reduction theory (SRT) (Ulrich
et al., 1991) and attention restoration theory (ART) (Kaplan, 1995),
people's perception of the environment may directly influence mental
stress, which is important for their overall health. SRT indicates that a
positive perception of the environment may arise from “evolutionary
adaptation” and “biological adaptation”. For instance, because early
humans could always access food resources and hide themselves in a
certain environment, such as green spaces, they might have developed a
positive perception of such an environment (Ulrich et al., 1991). ART
indicates that a positive perception of the environment may provide a
buffer between daily stressors and people's mental stress (Kaplan,
1995).

Second, people's perception of the environment may indirectly in-
fluence health through health-related behaviors (Mehrabian & Russell,
1974) such as physical activities and social contacts, which are im-
portant for their health (Duncan, Mummery, Steele, Caperchione, &
Schofield, 2009; Middlestadt, Anderson, & Ramos, 2015; Nogueira
et al., 2013; van Deurzen et al., 2016; Weimann et al., 2017). The
Arabian-Russell Model theory (AR model) indicates that people's per-
ception of the environment may influence their emotions, and then
their emotion may affect their behavioral choices (Mehrabian & Russell,
1974). For example, when people have a positive perception of a cer-
tain environment, they are more likely to stay and participate in ac-
tivities in that environment (Mehrabian & Russell, 1974). Therefore,
positive perceptions of a neighborhood environment can increase re-
sidents' propensity to participate in physical activities, as well as in-
teract with social contacts and others (Duncan et al., 2009; Middlestadt
et al., 2015; Nogueira et al., 2013; van Deurzen et al., 2016; Weimann
et al., 2017).

1.2. Methods to assess the perception of the built environment

Assessing the perception of the built environment in epidemiolo-
gical studies is not trivial; multiple techniques are conceivable (Grahn &
Stigsdotter, 2010; Özgüner et al., 2012; Parsons, 1991; Rollero & De
Piccoli, 2010; Thompson, 2011; Zhang et al., 2013). Questionnaires, the
most typical method to assess perceptions of the built environment,
often utilize a Likert or a numeric rating scale (e.g., assessing safety
based on a 1–5 rating scale) (Grahn & Stigsdotter, 2010; Parsons, 1991;
Rollero & De Piccoli, 2010; Zhang et al., 2013), or open-ended ques-
tions to assess respondents' evaluations of the research area (e.g., “How
do you feel about and perceive the research area?”) (Özgüner et al.,
2012; Thompson, 2011). Substantial methodological drawbacks of
questionnaires are that they are time-consuming, labor-intensive and
have a small sample size (Salesses et al., 2013; Zhang et al., 2018). First,

to collect sufficient questionnaires, researchers must find a large
number of respondents, which may be a long-term process (Salesses
et al., 2013; Zhang et al., 2018). Second, during the process of col-
lecting the questionnaires, many researchers must be involved in the
collection process and subsequently clean and summarize the data,
which can be tedious and prone to errors (Salesses et al., 2013; Zhang
et al., 2018). Finally, since collecting questionnaires is time-consuming
and labor-intensive, it is impossible to collect data for many partici-
pants or study areas (Salesses et al., 2013; Zhang et al., 2018).

In recent years, with the development of computer vision and deep
learning technology, it is feasible to identify the semantic information
such as sky (Li & Ratti, 2018a, 2018b; Wang et al., 2019), treepedia (Li,
Ratti, & Seiferling, 2018) and green view index (Li, Zhang, Li,
Kuzovkina, & Weiner, 2015, Li et al., 2015, Li, Zhang, Li, & Kuzovkina,
2016; Lu, 2018; Helbich et al., 2019) contained in streetscape images
(Yan, Zhang, Wang, Paris, & Yu, 2016). Simultaneously, street view
image services (e.g., Google, Tencent, and Baidu) provide big data of
geo-tagged streetscape images, allowing users and researchers to vir-
tually navigate through urban streets in many global cities (He, Páez, &
Liu, 2017; Liu et al., 2015; Rundle, Bader, Richards, Neckerman, &
Teitler, 2011; Zhang et al., 2017). Street view images can be collected
for a large scale in a short time and they contain plenty of information
for ground objects, so they have great potential for urban studies
(Dubey, Naik, Parikh, Raskar, & Hidalgo, 2016; Salesses et al., 2013;
Wang et al., 2019; Yao et al., 2019; Zhang et al., 2018). Hence, re-
sidents' urban perception is mainly based on street view ground objects
(e.g., different elements, such as sky, greenery, buildings), so with a
human-machine confrontation scoring process (by using scored street
view images and deep learning technology, computers can weight street
view ground objects automatically) computer can assess urban per-
ception scores for each images in a large scale (Deza & Parikh, 2015;
Dubey et al., 2016;Salesses et al., 2013; Zhang et al., 2018). Therefore,
an innovative way to assess perceptions of the built environment is to
use the deep learning technique in conjunction with street view image
services. While these street view image services are a valuable source of
place-based information about neighborhoods (He et al., 2017;
Rzotkiewicz, Pearson, Dougherty, Shortridge, & Wilson, 2018; Zhang
et al., 2017), the manual analyses of many pictures and larger areas is
tedious. Zhang et al. (2018) used a convolutional neural network to
semantically segment street view pictures into different elements, from
which human perceptions were derived using SVM (support vector
machine). Salesses et al. (2013) focused on the perception of safety
using Google Street View and mapping its distribution across different
cities. Quercia, O'Hare, and Cramer (2014) used crowd-sourcing ratings
on streetscape images of 0.7 million streets to evaluate perceptions of
safety and beauty. Deza and Parikh (2015) mainly focused on the
perception of virality and liveliness of streetscape images. Dubey et al.
(2016) concluded that the method of assessing perceptions of the built
environment using street view image mainly focused on and performed
well for six indicators: wealth, liveliness, safety, depression, bore and
beauty.

1.3. The gaps

As shown in several reviews, previous studies often used ques-
tionnaire data to assess human perceptions of the built environment,
which is time-consuming, labor-intensive, associated with a small
sample size and only small-scale study areas. A recent review suggested
that deep learning method blooming in computer science and can be
well applied in urban environment researches (Grekousis, 2019;
Grekousis & Liu, 2019). To overcome these constraints, the human-
machine confrontation scoring method was recently developed
(Salesses et al., 2013; Zhang et al., 2018). This method can effectively
and accurately rate perceptions for a large number of streetscape
images with human ratings for a subset of training images. However,
for human-machine confrontation scoring method, the first step is to
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created dataset which is scored by human volunteers. Previous studies
mainly used the online dataset which is score by online users (without
users from mainland China). Urban perception may be influenced by
residents' social and cultural background, so previous online dataset
which is mainly scored by foreign users and collected in developed
countries may not actually reflect urban perception in China. Thus, in
this study we also try to assess urban perception based on dataset
scored by Chinese residents. To our knowledge, this work is one among
very few that have integrated CNNs in the machine confrontation
scoring method based on images dataset scored by Chinese local re-
sidents, and the only one that specifically focuses on identifying lin-
kages between human health and perceptions of the built environment.
Therefore, the aim of this study is to assess perceptions of built en-
vironment for a large study areas with the human-machine confronta-
tion scoring method (which mainly depends on deep learning AI
method) and to analyze the associations between six perceptual attri-
butes (i.e., perception of wealth, liveliness, safety, depression, bore and
beauty) and health outcomes among older adults people in Beijing,
China. The following research question is devised:

Are both physical and mental health affected by urban perceptual in-
dicators (i.e., perceptions of wealth, liveliness, safety, depression, bore
and beauty) among the older adults in Beijing?

The following two hypotheses are generated: a) perceived built
environment attributes are correlated with health outcomes among the
older adults, and b) physical and mental health are affected by different
attributes. This study contributes to the literature in studying built
environment perception-health outcomes using the human-machine
interactive scoring method for a large number of streetscape images
classified through deep learning convolutional neural network. It fo-
cuses on the older adults in Beijing – an understudied but vulnerable
population group in a large Asian metropolis.

2. Methods

2.1. Study areas

The current study used data collected by a research team in Renmin
University of China through the survey called Mental health survey of
the older adults in Beijing conducted between March and August 2011.
This survey was conducted in Haidian District in Beijing, because
Haidian District is an ideal place to undertake field studies on older
adults's depression. By December 2011, there were approximately
386,000 people over 60 years of age in Haidian District in Beijing, ac-
counting for 22.2% of the total population. From 2011 to 2015, the
number of older adults people in Haidian District had increased by
approximately 20,000 per year, and the number of older adults people
in Haidian District had reached approximately 470,000 in 2015 ac-
cording to the Beijing Census. The researchers selected survey re-
spondents through two stages. First, 48 residential neighborhoods were
selected from 13 districts, using a stratified sampling method. Second,
30 persons from each sampled neighborhood were selected, also using a
stratified sampling method. The final dataset included 1231 valid re-
spondents after excluding respondents with missing health outcomes
(the total number of respondents was 1350).

2.2. Accessing perceptions of the built environment using Tencent street view
images and the deep learning method

The images were extracted from Tencent Map [https://map.qq.
com/] which is the most comprehensive service with the largest image
coverage providing street view photos. In total, 134,778 street view
images were obtained for research areas in 2012. Our training dataset
was based on nearly five million street view photos of major Chinese
cities (Beijing, Shenzhen, Guangzhou, Shanghai, Wuhan and Hangzhou,
etc.), our collected street view image database covers nearly all types of

street sceneries in Chinese cities.
A machine learning approach was implemented to estimate urban

perceptions from street view images. To circumvent the limitations of
pixelwise classifications using an image's additive colors (i.e., red,
green, and blue channels), we applied a semantic segmentation tech-
nique that is capable of accurately identifying elements from street
view images (Yao et al., 2019; Zhang et al., 2018).

As deep learning performed well for pattern recognition tasks
(LeCun, Bengio, & Hinton, 2015), we used a fully convolutional neural
network for semantic segmentation (i.e., the FCN-8s) (Long, Shelhamer,
& Darrell, 2015) to segment the street view images into 150 types of
common elements (e.g., river, tree). The network architecture of a fully
convolutional network contains only convolution and deconvolution
layers for spatial convolution operations (Long et al., 2015). By using
convolutional kernels to broaden the receptive fields of pixels, in-
formation about adjacent pixels was incorporated, thus enhancing the
segmentation accuracy (Kang & Wang, 2014).

Fig. 1 summarizes the workflow of the street view image segmen-
tation. To train the network, we used a collection of annotated images
from the ADE20K scene parsing and segmentation database (Zhou et al.,
2016, 2017). Details for the ANN architecture are presented in Table
S1. ADE20K consists of a large number of annotated object categories
(e.g., tree, car). Fig. 2 summarizes the workflow of assessing the per-
ception of street view images. After obtaining the image segmentations
by feeding the street view images into the trained model, a human-
machine confrontation scoring system was employed to measure six
attributes, including wealthy, safety, lively, beauty, boring and de-
pressing following previous studies (Dubey et al., 2016; Zhang et al.,
2018). The reason why we chose these six perceptual indicators only is
that, as suggested by previous studies (Dubey et al., 2016; Zhang et al.,
2018), they were representative of people's urban perception (including
both positive and negative aspects of perception). Since people's urban
perception is influenced by ground objects, so semantic objects can help
us explain the features of urban perception more logically. Perception
to the neighborhood built environment refers to human perceptions and
individual's feelings about the environment where they live (Zhang
et al., 2018). For example, safety score measures residents' sense of
safety when living in the neighborhood. Thus, when assessing sense of
safety based on street view image a person must assume that if he or she
is living in such an environment, how safe he or she may feel. Speci-
fically, 30 volunteers with balanced gender and age ratios (mean
age= 35.68 years) were asked to score (0–10 points) the street view
images (100 street view images for each volunteer) on these six attri-
butes. After the volunteers rated a certain number (100 street view
images for each volunteer) of street view images, a random forest model
(Breiman, 2001) for automatic rating was trained by fitting the inputted
rating scores with the proportion of 151 elements in the image seg-
mentations. The model automatically recommended a rating score for a
new image and referred it to the volunteers, who subsequently cor-
rected the recommended score as well as calibrated the automatic
scoring system. The calibrating process stopped when the re-
commended scores and volunteers' scores reached a high agreement
(when the root-mean-square error score between the recommended
scores and volunteers' scores was below 5 for at least 100 of the most
recent images). We use a standardized way of reporting CNN archi-
tecture, hyperparameters and results as suggested by Grekousis (2019)
for geographical studies utilizing artificial neural networks (see Ap-
pendix Table S1).

The automated scoring system was further validated with volun-
teers' scores for 100 images. One hundred Tencent view images were
randomly selected, and perceptions of those images were again assessed
by five volunteers. The scores from the automated scoring system were
highly correlated with volunteers' scores in six perceptual indicators:
wealthy (Pearson correlation coefficient r= 0.98, p < .01), safe scores
(r= 0.98, p < .05), Lively (r= 0.97, p < .05), beautiful (r= 0.96,
p < .05), Boring (r= 0.96, p < .05) and depressing (r= 0.98,
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p < .05).
In this way, we collected scores for six perceptual indicators by

human-machine confrontation scoring. Thus, the measurement of each
kind of streetscape perceptions per sampling point was represented by
the average of that kind of perception scores over the four cardinal
directions (0, 90, 180 and 270 degree). For each residential neighbor-
hood, we calculated the mean streetscape perceptions per sampling
point of six perceptual indicators within 1 km buffer.

2.3. Health outcomes variables

2.3.1. Mental health indicators
The mental health indicators were depression and anxiety, which

were assessed using the Geriatric Depression Scale (GDS) (de Craen,
Heeren, & Gussekloo, 2003) and Geriatric Anxiety Inventory (GAI)
(Pachana et al., 2007). The GDS includes 15 questions that measure the

mental state of residents over the previous week (i.e., feeling upset,
feeling helpless, and feeling useless), while the GAI includes 20 ques-
tions that measure the mental condition of residents over the previous
week (i.e., feeling scared, feeling nervous, and feeling worried). The
average score for all items in the GDS and GAI was used to measure
depression and anxiety, respectively.

2.3.2. Physical health indicators
The physical health indicators were the self-rated health condition

(SRH) and chronic diseases. SRH was measured by responses to the
following question: ‘How would you describe your general physical
health condition?’ following previous studies (Kawachi, Kennedy, &
Glass, 1999; Pei & Rodriguez, 2006). The five possible responses were
transformed into a dichotomous indicator, where 1=poor or very poor
(‘poor health’) and 0= fair, good, or very good (‘good health’). In
contrast, chronic diseases in this study were measured by self-reported

Fig. 1. Street view image segmentation through the convolutional neural network (FCN-8s).

Fig. 2. Workflow for assessing street-level urban perceptions.
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diagnosis of chronic diseases via the question: “Has a doctor ever told
you that you suffer from the following diseases?” The chronic diseases
included high blood pressure, diabetes, stroke and 22 other kinds of
chronic diseases. We treated chronic diseases as a count variable since
they followed a Poisson distribution.

2.4. Covariates

2.4.1. Individual covariates
We controlled for a series of individual-level variables, including

gender (dichotomous variable: male= 1, female= 0), age (continuous
variable in years), educational attainment (categorical variables: pri-
mary school= 0, high school= 1, college and above=1), race (cate-
gorical variables: minority= 1, Han Chinese= 0), marital status (ca-
tegorical variables: single= 0, married living with spouse= 1, married
not living with spouse=1) and hukou status (dichotomous variable:
non-local hukou= 0, local hukou=1), which is an official identifica-
tion for local residents. Functional ability (categorized into restricted or
not restricted using the 13-item Activities of Daily Living questionnaire
(ADL) is a reliable measure of functional ability across different coun-
tries (Pluijm et al., 2005)). Table 1 shows the summary statistics for
each variable.

2.4.2. Neighborhood covariates
Following Frank et al. (2006) we chose three land use-related

variables including population density (continuous variable in person/

km2), street intersection density (continuous variable in number of in-
tersections/km2) and land use mix (continuous variable which ranges
from 0 to 1).

2.5. Data analysis

We used multilevel regression models to estimate the associations
between perceptions of the neighborhood environment and health
outcomes (Raudenbush & Bryk, 2002). Such models were necessary due
to the hierarchical structure of the data in which people were nested in
neighborhoods. Specifically, the multilevel models were created ac-
cording to the following steps. 1) Measurements of variance inflation
factors (VIF= 5.804) were used to investigate multicollinearity among
the variables. 2) We fitted the main models (Model 1–4) to identify the
effect of the street view urban perception on respondents' health out-
comes. We used metilevel liner regression for model 1 and 2, metilevel
logit regression for model 3 and mutilevel poisson regression for model
4, since GDS and GAI scores were continuous variables, SRH was binary
variable and chronic disease was counting variable. 3) We ran several
models including setting the radius of the buffer as 2000m, excluding
respondents aged 85 years and above, excluding respondents who had
problems with traversing 3–4miles on foot or going up and down stairs
unaided (Model 5–7) to test whether the results from Models 1–4 were
robust.

3. Results

3.1. Study population characteristics

Table 1 shows the main characteristics of the study population.
Briefly, respondents' mean GDS scores were 3.376 and mean GAI scores
2.264. On average, each respondents had 2 kinds of chronic diseases,
and 12% respondents reported being unhealthy (poor and very poor
health) while 88% respondents reported being healthy (generally good
and very good health). With a higher proportion of females (59.709%),
respondents' mean age was 70.714 years. Additionally, 31.191% of re-
spondents had a primary school or lower educational attainment,
43.951% a high school education, and 24.858% a college or higher
level education. Few respondents were minorities (3.660%) or married
but living apart from their spouse (0.979%). A high proportion of re-
spondents were not party members (55.870%) or had local hukou
(93.984%). Few respondents were not functionally restricted
(45.977%). The average population density in our study area was
7333.574 (person/km2), intersection density was 107.364 (number of
intersections/km2 and the score of mand use mix was 0.443). The ob-
jectives of the present study were to evaluate the potential associations
between health outcomes and neighborhood street urban perception.
The mean value of the wealthy score across 48 neighborhood was
4.765, the safe score was 4.221, the lively score was 4.648, the de-
pressing score was 5.611, the boring score was 6.149 and the beautiful
score was 4.088. The high value of the negative urban perception score
(depressing and boring score) and the low value of the positive urban
perception score (wealthy, safe, lively and beautiful score) indicated
that street level urban perception in Haidian District, Beijing was of a
relatively low quality.

3.2. Multilevel model results

Models 1–4 in Table 2 were the main models, showing the re-
lationship between street view urban perception and respondents'
health outcomes. Model 1 shows the relationship between street view
urban perception and respondents' GDS scores. GDS scores decreased
with respondents' perception of safe scores [Coeff. = −0.187,
SE= 0.085] and beautiful scores [Coeff. = −0.146, SE=0.070] but
increased with the perception of depressing scores [Coeff. = 0.199,
SE= 0.087]. For other covariates, GDS scores decreased with

Table 1
Descriptive statistics for the variables.

Variables Proportion/Mean (SD)

Dependent variables
GDS Score 3.37 (2.73)
GAI Score 2.26 (4.26)
Chronic diseases 2.31 (2.10)
Self-rated health (%)

Poor and very poor 11.54
General, good and very good 88.46

Independent variables
Perceptions of built environment

Wealthy 4.76 (6.81)
Safe 4.22 (5.50)
Lively 4.64 (7.83)
Depressing 5.61 (3.80)
Boring 6.14 (2.01)
Beautiful 4.08 (2.44)

Individual control variables
Gender (%)

Male 41.29
Female 58.71

Age 70.71 (7.03)
Education (%)

Primary school or below 31.19
High school 43.95
College and above 24.86

Race (%)
Chinese Han 96.34
Minority 3.66

Marital status (%)
Single, divorced, and widowed 22.33
Married and living with spouse 76.68
Married but living apart from spouse 0.98

Hukou status (%)
Local hukou 93.98
Nonlocal hukou 6.02

Functional ability (%)
Limited 54.02
Not limited 45.98

Neighborhood control variables
Population density (person/km2) 7333.574 (2913.152)
Land use mix 0.443 (0.285)
Intersection density (number of intersections/km2) 107.364 (30.010)
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respondents' age. Respondents who were functionally restricted also
had higher GDS scores. Model 2 shows the relationship between street
view urban perception and respondents' GAI scores. GAI scores de-
creased with respondents' perceptions of safe scores [Coeff. = −0.021,
SE= 0.008] and beautiful scores [Coeff. = −0.024, SE= 0.007] but
increased with perceptions of depressing scores [Coeff. = 0.017,
SE= 0.008]. For other covariates, compared with females, male had
lower GAI scores. GAI scores decreased with respondents' age. Re-
spondents who were functionally restricted also had higher GAI scores.
Model 3 shows the relationship between street view urban perception
and respondents' SRH. Respondents' odds of reporting poor or very poor
self-rated physical health decreased with respondents' perception of
wealthy scores [OR. = 0.987, 95% CI=0.772–0.989], safe scores [OR.
= 0.862, 95% CI= 0.692–0.957] and lively scores [OR. = 0.927, 95%
CI=0.818–0.983] but increased with the perception of boring scores
[OR. = 1.155, 95% CI=1.006–1.261]. For other covariates, re-
spondents who were functionally restricted had higher odds of re-
porting poor or very poor self-rated physical health. Model 4 shows the
relationship between street view urban perception and respondents'
incidence rate ratios of having chronic diseases. Respondents' incidence
rate radios of having chronic diseases decreased with respondents'
perception of wealthy scores [IRR. = 0.871, 95% CI=0.553–0.914]
and safe scores [IRR. = 0.711, 95% CI= 0.705–0.880] but increased
with perception of boring scores [IRR. = 1.191, 95%
CI=1.022–1.244]. For other covariates, compared with respondents
with a primary school and lower educational attainment, respondents
with college and higher levels of educational attainment had higher
incidence rate ratios of having chronic diseases.

Models 5–7 in Table 3 were used to test whether the results in
Models 1–4 were robust. In Model 5a–5d, we set the radius of the buffer

as 2000m. In Model 7a–7d, we excluded respondents aged 85 years and
above because these respondents with an extremely old age might have
a biased perception of the street view (Gascon et al., 2018). In Model
6a–6d, we excluded respondents who had problems with traversing
3–4miles on foot or going up and down stairs unaided because these
respondents were less likely to walk around their neighborhood and
were less influenced by street view urban perceptions. For all these
robustness tests models, the relationship between neighborhood street
view perception and respondents' outcomes was significant and com-
pared with residents living in neighborhoods in the first quartile of
street view greenness. Additionally, GDS as well as GAI scores de-
creased with respondents' perceptions of safe scores and beautiful
scores but increased with perceptions of depressing scores. Re-
spondents' incidence rate radios of having chronic diseases decreased
with respondents' perceptions of wealthy scores and safe scores but
increased with perceptions of boring scores. Additionally, respondents'
odds of reporting poor or very poor self-rated physical health decreased
with their perception of wealthy scores, safe scores and lively scores but
increased with perceptions of boring scores.

4. Discussion

This is the first study to associate perceptions of a large-scale urban
area from street view images in conjunction with a deep learning
technique with various health outcomes for older adults. The results
show a potential positive effect of positive urban perception (e.g., safe)
on health outcomes for older adults, as well as a potential negative
effect of negative urban perception (e.g., depressing). The results were
validated, as shown in several robust tests.

Compared with previous studies (Dubey et al., 2016; Naik et al.,

Table 2
Results from multilevel regression models for the relationship between health outcomes and neighborhood street urban perception among older adults.

Model 1 (DV: GDS score) Model 2 (DV: GAI score) Model 3 (DV: SRH) Model 4 (DV: Chronic diseases)

Coef. (SE) Coef. (SE) OR. (95% CI) IRR. (95% CI)

Fixed part
Perceptual indicators
Wealthy −0.265 (0.248) −0.016 (0.017) 0.987⁎⁎ (0.722–0.989) 0.871⁎⁎ (0.553–0.914)
Safe −0.187⁎⁎ (0.085) −0.021⁎⁎ (0.008) 0.862⁎⁎ (0.692–0.957) 0.711⁎⁎ (0.705–0.880)
Lively −0.124 (0.212) −0.020 (0.019) 0.927⁎⁎ (0.818–0.983) 0.859 (0.711–1.901)
Depressing 0.199⁎⁎ (0.087) 0.017⁎⁎ (0.008) 1.237 (0.918–1.454) 1.208 (0.693–1.954)
Boring 0.156 (0.126) 0.058 (0.079) 1.155⁎⁎ (1.006–1.261) 1.191⁎⁎ (1.022–1.244)
Beautiful −0.146⁎⁎ (0.070) −0.024⁎⁎⁎ (0.007) 0.874 (0.735–1.053) 0.869 (0.727–1.912)

Controlled variables
Gender (ref: female) 0.040 (0.164) −0.598⁎⁎ (0.269) 0.639 (0.414–1.088) 0.946 (0.847–1.056)
Age −0.042⁎⁎⁎ (0.013) −0.079⁎⁎⁎ (0.021) 1.011 (0.979–1.042) 0.997 (0.988–1.005)

Education (ref: primary school)
High school 0.128 (0.196) 0.053 (0.320) 0.907 (0.618–1.641) 1.097 (0.959–1.255)
College and above −0.017 (0.236) −0.240 (0.377) 1.194 (0.684–2.085) 1.240⁎⁎⁎ (1.059–1.451)
Minority (ref: Han Chinese) 0.070 (0.392) 0.850 (0.636) 0.902 (0.304–2.674) 0.772⁎ (0.581–1.027)

Marital status (ref: single)
Married living with spouse −0.332 (0.196) −0.331 (0.321) 1.094 (0.686–1.744) 0.887⁎ (0.776–1.013)
Married not living with spouse 0.403 (0.759) 0.153 (1.241) 0.860 (0.099–7.441) 0.839 (0.492–1.430)
Local hukou (ref: non) 0.420 (0.314) 0.534 (0.503) 1.104 (0.476–2.563) 1.230⁎ (0.981–1.541)
Functional ability (ref: not restricted) 0.922⁎⁎⁎ (0.162) 1.155⁎⁎⁎ (0.263) 1.174⁎⁎⁎ (1.108–1.282) 1.007 (0.902–1.125)
Population density 0.001 (0.008) 0.002 (0.010) 1.131 (0.885–2.668) 1.042 (0.899–1.098)
Land use mix −0.081 (0.435) −0.552 (0.542) 0.937 (0.758–1.280) 0.931 (0.701–1.237)
Intersection density −0.003 (0.006) −0.004 (0.007) 0.902 (0.735–1.014) 0.996⁎ (0.992–1.002)

Constant 7.542⁎⁎⁎ (1.143) 9.591⁎⁎⁎ (1.714) 2.957 (0.145–121.573) 3.158⁎⁎⁎ (1.514–6.584)

Random part
Variance (neighborhood-level constant) 0.807⁎⁎ 0.192⁎⁎ 0.033⁎⁎ 0.029⁎⁎

Variance (residuals) 6.232⁎⁎ 16.941⁎⁎

Number of respondents 1231 1231 1231 1231
Number of neighborhoods 48 48 48 48
AIC 5816.423 7020.051 5011.510 4835.343

⁎ p < .10.
⁎⁎ p < .05.
⁎⁎⁎ p < .01.
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2014; Salesses et al., 2013), our human-machine adversarial scoring
achieved a high accuracy and the reasons may be as follows: First,
previous studies mainly based on Place Pulse 1.0 dataset which contains
street view images all over the world but their study area was within a
single country, so the training dataset may mismatch with testing da-
taset. However, our training and testing dataset were both collected in
mainland China, so it ensured the consistency between training and
testing dataset. Second, we used a human-machine adversarial scoring
approach which can be regarded as a calibration method, so it further
ensure the performance of our model. Third, RF adopts a large number
of weak decision trees to vote, and makes decisions according to the
voting structure which can help it resist the high-dimensional nonlinear
fitting/classification problem (Fernández-Delgado, Cernadas, Barro, &
Amorim, 2014; Liaw & Wiener, 2002). Therefore, the correlation be-
tween variables will not affect the results, and RF will not produce
overfitting (Fernández-Delgado et al., 2014; Liaw & Wiener, 2002).
Hence, RF is widely used in the field of geoscience, and the combined
effect with CNN has achieved high accuracy (Yao, Zhang, Hong, Liang,
& He, 2018).

Among all urban perceptual indicators, safety is significantly asso-
ciated with all health outcomes, and this can be explained by both SRT
and ART. First, SRT indicates that the sense of safety may awaken
“evolutionary adaptation” and “biologically adaptation”, which are
important people to survive (Ulrich et al., 1991). “Evolutionary adap-
tation” indicates that perceived safety prevents people from a fear of
being hurt in certain environments, while “biological adaptation” sug-
gests that the perceived safety makes people believe they can get help
when they are in need in a certain environment (Ulrich et al., 1991).
Second, ART indicates that when a certain environment provides
people with a sense of security, it may help them recover from daily
stressful events, so the perception of safety may be a buffer between
daily stressors and people's well-being by reducing stress (Kaplan,
1995).

The perception of depression and beauty were significant related to
mental health for older adults. The perception of depression is directly

related to residents' mental state because a depressing environment
may increase residents' psychological pressure during exposure to such
an environment for a long time. The prolonged psychological pressure
can accumulate and lead to depression and anxiety (Mahmoud, Staten,
Hall, & Lennie, 2012; Shamsuddin et al., 2013). Additionally, ART and
SRT indicate that a beautiful environment can be regarded as a re-
covery setting that reduces stress and restores attention, so during ex-
posure to such an environment, people may recover from stress and
show improvements in positive moods. Previous studies have demon-
strated that residents living in more beautiful and greener neighbor-
hoods tend to participate in more outdoor physical activities (Lu, 2018;
Lu, Sarkar, & Xiao, 2018) and stronger social cohesion (De Vries, van
Dillen, Groenewegen, & Spreeuwenberg, 2013). In addition, people
with low socioeconomic status tend to rely heavily on public green
spaces in neighborhoods, while people with high socioeconomic status
often purchase green space services privately in China (Xiao, Lu, Guo, &
Yuan, 2017). Therefore, the perception of beauty may have a strong
effect on the mental health of older adults, typically with low socio-
economic status.

Furthermore, perceptions of wealth, bore and liveliness were sig-
nificantly related to physical health in older adults. People's perceptions
of wealth may reflect the socioeconomic status of a neighborhood, so
older adults living in neighborhoods with higher level of perceived
wealth are more likely to enjoy better public facilities and well-main-
tained environments. In addition, perceptions of bore and liveliness
indicate the vitality of a neighborhood, so during exposure to a
neighborhood with higher levels of perceived bore and lower levels of
liveliness, older adults may be less stimulated to go outdoors (Björk
et al., 2008; Marquet & Miralles-Guasch, 2015). Moreover, living in
such neighborhoods, they may reduce their social interactions by
adopting a more sedentary lifestyle because they may acquire less
health-related information from others (Kawachi et al., 1999).

In summary, the results revealed some positive perceptions, in-
cluding wealthy, safe, lively and beautiful, are beneficial for health
outcomes for older adults, while some negative urban perceptions,

Table 3
Robustness of the tests results from multilevel regression models for the relationship between health outcomes and neighborhood street urban perception among
older adults.

DV: GDS score DV: GAI score DV: SRH DV: Chronic diseases

Coef. (SE) Coef. (SE) OR. (95% CI) IRR. (95% CI)

Model 5a Model 5b Model 5c Model 5d
Perceptual indicators
Wealthy −0.142 (0.211) −0.018 (0.030) 0.918⁎⁎ (0.859–0.975) 0.981⁎⁎ (0.165–0.991)
Safe −0.125⁎⁎ (0.057) −0.015⁎⁎ (0.007) 0.937⁎⁎ (0.824–0.991) 0.990⁎⁎ (0.852–0.997)
Lively −0.117 (0.215) −0.015 (0.023) 0.922⁎⁎ (0.831–0.966) 0.976 (0.913–1.059)
Depressing 0.099⁎⁎ (0.042) 0.027⁎⁎ (0.012) 1.009 (0.899–1.062) 1.047 (0.937–1.110)
Boring 0.102 (0.084) 0.054 (0.063) 1.119⁎⁎ (1.005–1.252) 1.034⁎⁎ (1.009–1.126)
Beautiful −0.156⁎⁎ (0.075) −0.024⁎⁎ (0.011) 0.989 (0.885–1.115) 0.973 (0.834–1.133)

Model 6a Model 6b Model 6c Model 6d
Perceptual indicators
Wealthy −0.125 (0.237) −0.025 (0.021) 0.943⁎⁎ (0.919–0.993) 0.916⁎⁎ (0.843–0.933)
Safe −0.112⁎⁎ (0.053) −0.018⁎⁎ (0.007) 0.965⁎⁎ (0.878–0.988) 0.923⁎⁎ (0.880–0.973)
Lively −0.133 (0.215) −0.022 (0.029) 0.899⁎⁎ (0.842–0.975) 0.916 (0.834–1.047)
Depressing 0.079⁎⁎ (0.035) 0.018⁎⁎ (0.008) 1.009 (0.862–1.083) 1.046 (0.833–1.113)
Boring 0.142 (0.091) 0.031 (0.090) 1.127⁎⁎ (1.085–1.315) 1.044⁎⁎ (1.009–1.098)
Beautiful −0.141⁎⁎ (0.066) −0.048⁎⁎ (0.022) 0.954 (0.825–1.111) 0.990 (0.865–1.089)

Model 7a Model 7b Model 7c Model 7d
Perceptual indicators
Wealthy −0.149 (0.213) −0.017 (0.019) 0.945⁎⁎ (0.922–0.981) 0.945⁎⁎ (0.832–0.985)
Safe −0.125⁎⁎ (0.061) −0.018⁎⁎ (0.008) 0.943⁎⁎ (0.914–0.952) 0.965⁎⁎ (0.871–0.974)
Lively −0.142 (0.226) −0.023 (0.030) 0.944⁎⁎ (0.915–0.982) 0.955 (0.885–1.042)
Depressing 0.093⁎⁎ (0.042) 0.017⁎⁎ (0.007) 1.033 (0.899–1.032) 1.008 (0.891–1.071)
Boring 0.116 (0.076) 0.020 (0.071) 1.105⁎⁎ (1.003–1.231) 1.065⁎⁎ (1.002–1.096)
Beautiful −0.132⁎⁎ (0.065) −0.055⁎⁎ (0.026) 0.978 (0.901–1.057) 0.912 (0.801–1.056)

Models adjusted for individual-level and neighborhood-level covariates.
⁎⁎ p < .05.
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including boring and depressing, may have an adverse effect on health
outcomes. Two possible potential mechanisms should be proposed.
First, positive urban perceptions of the built environment may decrease
mental stress, while negative urban perceptions may increase mental
stress, which may become a long-term stressor and cause endocrine
disorders and long-term health problems (Pearlin, Schieman, Fazio, &
Meersman, 2005; Slaski & Cartwright, 2003). Second, perceptions of
the built environment may also have influence older resident's health-
related behaviors, including physical activities and social interactions.
This phenomenon can be explained by the Mehrabian-Russell Model
theory, which suggests that human perceptions of the urban environ-
ment may influence our emotions and feelings, and emotions and
feelings may subsequently affect our behavioral choices (Mehrabian &
Russell, 1974). Positive urban perceptions may encourage residents to
participate in more health-related behaviors and promote their health,
while negative urban perceptions may decrease residents' health-re-
lated behaviors and have a negative influence on their health (Parsons,
1991). Since our human-machine confrontation scoring system was
trained by feeding the proportion of 151 elements in the image seg-
mentations, consistent with previous studies (Zhang et al., 2019), we
further found that specific elements including building, car, tree, grass
and sky account for the largest weight which indicates that these ele-
ments have significant influence on people's perception. Buildings and
sky have influence on visual enclosure (Wang, Lu, et al., 2019),
greenspace can reduced stressful feelings (Kaplan, 1995; Ulrich et al.,
1991), and cars are related to noise and crowd (Zhang et al., 2019), so
they all can affect people's mental state. In essence, urban perception
reflects people's feelings towards ground objects, so policy makers
should pay attention to the visual proportion of different ground ob-
jects.

This study focused on older adults because Beijing and many cities
in China are facing the challenges of an aging population. The results of
this study show more significant and robust urban perception–health
associations for older adults compared with young adults in previous
studies (Parsons, 1991; Rollero & De Piccoli, 2010), which may be ex-
plained by different environmental exposures and a sense of attachment
to a place for older and young adults. First, older adults may have
limited mobility and spend most of their time around their homes. In
contrast, young adults' daily environmental exposure includes their
neighborhood, working place and places for leisure purposes (Helbich,
2018; Pearce et al., 2016; Schönfelder & Axhausen, 2003). Hence, older
adults are more susceptible to the neighborhood environment com-
pared with young people. Second, older adults have a stronger sense of
place attachment to the neighborhood than young people because it is
their most important social space (Wiles et al., 2009; Wiles et al., 2012).
Therefore, perceptions of the neighborhood environment may have a
stronger effect on older than on young adults.

The current study further contributes to the methodological devel-
opment of health studies. Perceptions of the built environment are often
collected using questionnaires in empirical studies, which are ex-
pensive, time-consuming and limited to a small sample size. With the
free street view images and machine-learning method, we can effec-
tively obtain the perceptions of a large-scale study region, such as a
whole city. This is one of the first studies to use the Tencent Street View
to investigate the associations of perceptions of street view images and
various health outcomes for a relatively large sample size for older
adults in China. The large sample of training data and advanced ma-
chine learning methods guaranteed the accuracy of the perception data.

However, some limitations should be noted. First, we used the se-
mantic objects to feed the classifier and this may reduce the perfor-
mance of it since substantial and detailed information will get lost in
segmentations process. Further research may consider other process
which may contain more detailed information for original images.
Second, the cross-sectional study design precludes inferences of a causal
relationship between perceptions of the built environment and older
adults' health. Further studies may consider the natural experimental

research design to produce high-quality evidence to inform policy de-
cisions. Third, the study sample is not sufficiently representative be-
cause Beijing is one of the most developed cities in China, and thus the
relationship to older adults in rural areas or underdeveloped areas in
China is still unclear. Hence, although previous studies indicated that
age and location difference of the training participants may not cause
bias, the age and location mismatch in our research may still cause
some errors. Fourth, we have not explored the underlying mechanisms
between perceptions of the built environment and health outcomes.
Fifth, this study is also limited due to the Modifiable Area Unit Problem
(MAUP) because independent variables were collected using one buffer
size of 1 km. Although in robustness tests we used a different buffer size
of 2 km, this was still not sufficient to avoid the effect of MAUP. Sixth,
we only focused on six urban perceptual indicators because the accu-
racy of these indicators from street view images has been validated in
previous studies and they cover most aspects of perceptions of the built
environment. However, some aspects of perceptions of the built en-
vironment are missing in the current studies, such as loneliness.Still,
identifying additional indicators on people's concepts related to urban
features would provide valuable information for enhanced spatial and
urban planning and is scheduled for future research. Seventh, in this
approach we do not take into account spatial dependence. A way to do
so is by applying spatial econometric models. These models provide
evidence of whether space has an effect on the dependent or the in-
dependent variables. Testing various spatial econometric models such
as Spatial Autoregressive Models, or Spatial Error Models is necessary
and is planned for future research. Still, in these models the spatial
component may reside in either the dependent side or the independent
side of the equation which makes models' interpretation more complex.
As in the current research we are primarily interested in identifying if
and how the various built environment perceptions have an effect on
health, we prefer applying multilevel regression where results' inter-
pretation and variables linkages are more straightforward. Eighth, to
avoid any potential alternation in people's perceptions regarding the
various neighborhood indicators due to rapid urbanization trough time,
images should refer, ideally, to the same time with the time that the
health survey was conducted. In this study, images refer to one year
later (2012) than the year of the health survey (2011). Although this is
a limitation, we expect that the bias inferred by urbanization in
neighborhood perceptions indicators would be minimum, and would
not significantly affect the validity of our approach. Also, we assumed
that volunteers' perception of neighborhood is similar to respondents.
However, the period volunteers scored images is also mismatch with
survey data and people's perception of neighborhood may also vary in
different period. Last, we did not fully use geospatial information of
street view data such as the agglomeration of the same kind of per-
ception.

5. Conclusion

The present study demonstrated a significant relationship between
respondents' perceptions of the built environment and their health
outcomes for older residents in Beijing, China. The results also confirm
that the perception of safety was significantly associated with all health
outcomes. Additionally, the perceptions of depression and beauty were
significantly related to older adults's mental health, while perceptions
of wealth, bore and liveliness were significantly related to their physical
health. The findings were supported in several robustness tests. Further
studies are required to address some of the remaining limitations of this
research, including the use of a natural experimental design and elu-
cidation of potential mediating mechanisms.

Supplementary data to this article can be found online at https://
doi.org/10.1016/j.compenvurbsys.2019.101386.

R. Wang, et al. Computers, Environment and Urban Systems 78 (2019) 101386

8

https://doi.org/10.1016/j.compenvurbsys.2019.101386
https://doi.org/10.1016/j.compenvurbsys.2019.101386


Declaration of Competing Interest

None.

Acknowledgements

The datasets generated and/or analysed in the current study are
available in the repository [http://cnsda.ruc.edu.cn/index.php?r=
projects/view&id=60493698]. This work was supported by the
National Natural Science Foundation of China (grant numbers
41871140, 41501151 and 41801306) and the Innovative Research and
Development Team Introduction Program of Guangdong Province
awarded to Liu (project number 2017ZT07X355). The contribution of
Yi Lu was fully supported by the grants from the Research Grants
Council of the Hong Kong SAR, China (project number
CityU11666716). The contribution of Yao was fully supported by the
grants from the Open Fund of State Laboratory of Information
Engineering in Surveying, Mapping and Remote Sensing,Wuhan
University (Grant No.18S01).

References

Björk, J., Albin, M., Grahn, P., Jacobsson, H., Ardö, J., Wadbro, J., ... Skärbäck, E. (2008).
Recreational values of the natural environment in relation to neighbourhood sa-
tisfaction, physical activity, obesity and wellbeing. Journal of Epidemiology &
Community Health, 62(4), e2.

Breiman, L. (2001). Random forests. Machine Learning, 45(1), 5–32.
de Craen, A. J., Heeren, T., & Gussekloo, J. (2003). Accuracy of the 15-item geriatric

depression scale (GDS-15) in a community sample of the oldest old. International
Journal of Geriatric Psychiatry, 18(1), 63–66.

De Vries, S., van Dillen, S. M. E., Groenewegen, P. P., & Spreeuwenberg, P. (2013).
Streetscape greenery and health: Stress, social cohesion and physical activity as
mediators. Social Science and Medicine, 94, 26–33. https://doi.org/10.1016/j.
socscimed.2013.06.030.

van Deurzen, I., Rod, N. H., Christensen, U., Hansen, Å. M., Lund, R., & Dich, N. (2016).
Neighborhood perceptions and allostatic load: Evidence from Denmark. Health &
Place, 40, 1–8.

Development Research Center of the State Council (2014). Promoting
Efficient,Comprehensive and sustainable urbanization in China. Retrieved from
http://www.worldbank.org/content/dam/Worldbank/document/EAP/China/urban-
chinaoverview-cn.pdf.

Deza, A., & Parikh, D. (2015). Understanding image virality. Paper presented at the pro-
ceedings of the IEEE conference on computer vision and pattern recognition.

Dong, G., Wolf, L., Alexiou, A., & Arribas-Bel, D. (2019). Inferring neighbourhood quality
with property transaction records by using a locally adaptive spatial multi-level
model. Computers, Environment and Urban Systems, 73, 118–125.

Dubey, A., Naik, N., Parikh, D., Raskar, R., & Hidalgo, C. A. (2016). Deep learning the
city: Quantifying urban perception at a global scale. Paper presented at the European
conference on computer vision.

Duncan, M. J., Mummery, W. K., Steele, R. M., Caperchione, C., & Schofield, G. (2009).
Geographic location, physical activity and perceptions of the environment in
Queensland adults. Health & Place, 15(1), 204–209.

Fernández-Delgado, M., Cernadas, E., Barro, S., & Amorim, D. (2014). Do we need hun-
dreds of classifiers to solve real world classification problems. The Journal of Machine
Learning Research, 15(1), 3133–3181.

Frank, L. D., Sallis, J. F., Conway, T. L., Chapman, J. E., Saelens, B. E., & Bachman, W.
(2006). Many pathways from land use to health: Associations between neighborhood
walkability and active transportation, body mass index, and air quality. Journal of the
American Planning Association, 72(1), 75–87.

Gao, M., Ahern, J., & Koshland, C. P. (2016). Perceived built environment and health-
related quality of life in four types of neighborhoods in Xi'an, China. Health & Place,
39, 110–115.

Gascon, M., Sánchez-Benavides, G., Dadvand, P., Martinez, D., Gramunt, N., Gotsens, X.,
Cirach, M., Vert, C., Molinuevo, J. L., Crous-Bou, M., et al. (2018). Long-term ex-
posure to residential green and blue spaces and anxiety and depression in adults: A
cross-sectional study. Environmental Research, 162, 231–239.

Gong, P., Liang, S., Carlton, E. J., Jiang, Q. W., Wu, J. Y., Wang, L., & Remais, J. V.
(2012). Urbanisation and health in China. Lancet, 379(9818), 843–852.

Grahn, P., & Stigsdotter, U. K. (2010). The relation between perceived sensory dimensions
of urban green space and stress restoration. Landscape and Urban Planning, 94(3–4),
264–275.

Grekousis, G. (2019). Artificial neural networks and deep learning in urban geography: A
systematic review and meta-analysis. Computers, Environment and Urban Systems, 74,
244–256.

Grekousis, G., & Liu, Y. (2019). Where will the next emergency event occur? Predicting
ambulance demand in emergency medical services using artificial intelligence.
Computers, Environment and Urban Systems, 76, 110–122.

He, L., Páez, A., & Liu, D. (2017). Built environment and violent crime: An environmental
audit approach using Google street view. Computers, Environment and Urban Systems,

66, 83–95.
Helbich, M. (2018). Toward dynamic urban environmental exposure assessments in

mental health research. Environmental Research, 161, 129–135.
Helbich, M., Yao, Y., Liu, Y., Zhang, J., Liu, P., & Wang, R. (2019). Using deep learning to

examine street view green and blue spaces and their associations with geriatric de-
pression in Beijing, China. Environment International, 126, 107–117.

Kang, K., & Wang, X. (2014). Fully convolutional neural networks for crowd segmenta-
tion. Computer Science, 49(1), 25–30.

Kaplan, S. (1995). The restorative benefits of nature: Toward an integrative framework.
Journal of Environmental Psychology, 15(3), 169–182.

Kawachi, I., Kennedy, B. P., & Glass, R. (1999). Social capital and self-rated health: A
contextual analysis. American Journal of Public Health, 89(8), 1187–1193.

LeCun, Y., Bengio, Y., & Hinton, G. (2015). Deep learning. Nature, 521(7553), 436.
Li, X., & Ratti, C. (2018a). Mapping the spatial distribution of shade provision of street

trees in Boston using Google street view panoramas. Urban Forestry & Urban Greening,
31, 109–119.

Li, X., & Ratti, C. (2018b). Mapping the spatio-temporal distribution of solar radiation
within street canyons of Boston using Google street view panoramas and building
height model. Landscape and Urban Planning. https://doi.org/10.1016/j.landurbplan.
2018.07.011 (In Press).

Li, X., Ratti, C., & Seiferling, I. (2018). Quantifying the shade provision of street trees in
urban landscape: A case study in Boston, USA, using Google street view. Landscape
and Urban Planning, 169, 81–91.

Li, X., Zhang, C., Li, W., & Kuzovkina, Y. A. (2016). Environmental inequities in terms of
different types of urban greenery in Hartford, Connecticut. Urban Forestry & Urban
Greening, 18, 163–172.

Li, X., Zhang, C., Li, W., Kuzovkina, Y. A., & Weiner, D. (2015). Who lives in greener
neighborhoods? The distribution of street greenery and its association with residents'
socioeconomic conditions in Hartford, Connecticut, USA. Urban Forestry & Urban
Greening, 14(4), 751–759.

Li, X., Zhang, C., Li, W., Ricard, R., Meng, Q., & Zhang, W. (2015). Assessing street-level
urban greenery using Google street view and a modified green view index. Urban
Forestry & Urban Greening, 14(3), 675–685.

Li, X., & Zhang, W. (2013). The impacts of health insurance on health care utilization
among the older people in China. Social Science & Medicine, 85, 59–65.

Liaw, A., & Wiener, M. (2002). Classification and regression by randomForest. R news,
2(3), 18–22.

Liu, Y., Dijst, M., Faber, J., Geertman, S., & Cui, C. (2017). Healthy urban living:
Residential environment and health of older adults in Shanghai. Health & Place, 47,
80–89.

Liu, Y., Liu, X., Gao, S., Gong, L., Kang, C., Zhi, Y., ... Shi, L. (2015). Social sensing: A new
approach to understanding our socioeconomic environments. Annals of the Association
of American Geographers, 105(3), 512–530.

Long, J., Shelhamer, E., & Darrell, T. (2015). Fully convolutional networks for semantic
segmentation. Paper presented at the proceedings of the IEEE conference on computer
vision and pattern recognition.

Lu, Y. (2018). Using Google street view to investigate the association between street
greenery and physical activity. Landscape and Urban Planning. https://doi.org/10.
1016/j.landurbplan.2018.08.029 (In Press).

Lu, Y., Sarkar, C., & Xiao, Y. (2018). The effect of street-level greenery on walking be-
havior: evidence from Hong Kong. Social Science and Medicine, 208, 41–49.

Mahmoud, J. S. R., Staten, R. T., Hall, L. A., & Lennie, T. A. (2012). The relationship
among young adult college students' depression, anxiety, stress, demographics, life
satisfaction, and coping styles. Issues in Mental Health Nursing, 33(3), 149–156.

Marquet, O., & Miralles-Guasch, C. (2015). Neighbourhood vitality and physical activity
among the elderly: The role of walkable environments on active ageing in Barcelona,
Spain. Social Science & Medicine, 135, 24–30.

Mehrabian, A., & Russell, J. A. (1974). An approach to environmental psychology. The MIT
Press.

Middlestadt, S. E., Anderson, A., & Ramos, W. D. (2015). Beliefs about using an outdoor
pool: Understanding perceptions of place in the context of a recreational environment
to improve health. Health & Place, 34, 1–8.

Naik, N., Philipoom, J., Raskar, R., & Hidalgo, C. (2014). Streetscore - predicting the
perceived safety of one million streetscapes. IEEE Conference on Computer Vision &
Pattern Recognition Workshops.

Nogueira, H., Ferrão, M., Gama, A., Mourão, I., Marques, V. R., & Padez, C. (2013).
Perceptions of neighborhood environments and childhood obesity: Evidence of
harmful gender inequities among Portuguese children. Health & Place, 19, 69–73.

Özgüner, H., Eraslan, Ş., & Yilmaz, S. (2012). Public perception of landscape restoration
along a degraded urban streamside. Land Degradation & Development, 23(1), 24–33.

Pachana, N. A., Byrne, G. J., Siddle, H., Koloski, N., Harley, E., & Arnold, E. (2007).
Development and validation of the geriatric anxiety inventory. International
Psychogeriatrics, 19(1), 103–114.

Parsons, R. (1991). The potential influences of environmental perception on human
health. Journal of Environmental Psychology, 11(1), 1–23.

Pearce, J., Shortt, N., Rind, E., & Mitchell, R. (2016). Life course, green space and health:
Incorporating place into life course epidemiology. International Journal of
Environmental Research & Public Health, 13(3), 331.

Pearlin, L. I., Schieman, S., Fazio, E. M., & Meersman, S. C. (2005). Stress, health, and the
life course: Some conceptual perspectives. Journal of Health and Social Behavior,
46(2), 205–219.

Pei, X., & Rodriguez, E. (2006). Provincial income inequality and self-reported health
status in China during 1991–7. Journal of Epidemiology and Community Health, 60(12),
1065–1069.

Pluijm, S., Bardage, C., Nikula, S., Blumstein, T., Jylhä, M., Minicuci, N., ... Group, C. S. W
(2005). A harmonized measure of activities of daily living was a reliable and valid

R. Wang, et al. Computers, Environment and Urban Systems 78 (2019) 101386

9

http://cnsda.ruc.edu.cn/index.php?r=projects/view&id=60493698
http://cnsda.ruc.edu.cn/index.php?r=projects/view&id=60493698
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0005
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0005
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0005
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0005
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0010
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0015
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0015
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0015
https://doi.org/10.1016/j.socscimed.2013.06.030
https://doi.org/10.1016/j.socscimed.2013.06.030
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0025
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0025
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0025
http://www.worldbank.org/content/dam/Worldbank/document/EAP/China/urban-chinaoverview-cn.pdf
http://www.worldbank.org/content/dam/Worldbank/document/EAP/China/urban-chinaoverview-cn.pdf
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0035
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0035
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0040
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0040
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0040
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0045
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0045
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0045
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0050
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0050
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0050
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0055
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0055
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0055
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0060
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0060
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0060
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0060
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0065
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0065
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0065
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0070
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0070
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0070
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0070
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0075
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0075
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0080
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0080
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0080
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0085
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0085
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0085
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0090
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0090
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0090
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0095
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0095
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0095
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0100
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0100
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0105
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0105
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0105
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0110
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0110
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0115
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0115
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0120
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0120
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0125
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0130
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0130
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0130
https://doi.org/10.1016/j.landurbplan.2018.07.011
https://doi.org/10.1016/j.landurbplan.2018.07.011
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0140
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0140
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0140
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0145
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0145
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0145
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0150
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0150
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0150
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0150
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0155
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0155
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0155
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0160
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0160
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0165
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0165
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0170
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0170
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0170
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0175
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0175
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0175
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0180
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0180
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0180
https://doi.org/10.1016/j.landurbplan.2018.08.029
https://doi.org/10.1016/j.landurbplan.2018.08.029
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0190
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0190
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0195
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0195
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0195
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0200
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0200
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0200
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0205
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0205
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0210
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0210
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0210
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf2397
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf2397
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf2397
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0215
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0215
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0215
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0220
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0220
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0225
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0225
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0225
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0230
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0230
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0235
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0235
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0235
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0240
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0240
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0240
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0245
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0245
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0245
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0250
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0250


instrument for comparing disability in older people across countries. Journal of
Clinical Epidemiology, 58(10), 1015–1023.

Prince, M. J., Wu, F., Guo, Y., Robledo, L. M. G., O'Donnell, M., Sullivan, R., & Yusuf, S.
(2015). The burden of disease in older people and implications for health policy and
practice. The Lancet, 385(9967), 549–562.

Quercia, D., O'Hare, N. K., & Cramer, H. (2014). Aesthetic capital: What makes London
look beautiful, quiet, and happy? Paper presented at the proceedings of the 17th ACM
conference on computer supported cooperative work & social computing.

Raudenbush, S. W., & Bryk, A. S. (2002). Hierarchical linear models: Applications and data
analysis methods. Vol. 1. Sage.

Rollero, C., & De Piccoli, N. (2010). Place attachment, identification and environment
perception: An empirical study. Journal of Environmental Psychology, 30(2), 198–205.

Rundle, A. G., Bader, M. D., Richards, C. A., Neckerman, K. M., & Teitler, J. O. (2011).
Using Google street view to audit neighborhood environments. American Journal of
Preventive Medicine, 40(1), 94–100.

Rzotkiewicz, A., Pearson, A. L., Dougherty, B. V., Shortridge, A., & Wilson, N. (2018).
Systematic review of the use of Google street view in health research: Major themes,
strengths, weaknesses and possibilities for future research. Health & Place, 52,
240–246.

Salesses, P., Schechtner, K., & Hidalgo, C. A. (2013). The collaborative image of the city:
Mapping the inequality of urban perception. PLoS One, 8(7), e68400.

Schönfelder, S., & Axhausen, K. W. (2003). Activity spaces: Measures of social exclusion?
Transport Policy, 10(4), 273–286.

Shamsuddin, K., Fadzil, F., Ismail, W. S. W., Shah, S. A., Omar, K., Muhammad, N. A., ...
Mahadevan, R. (2013). Correlates of depression, anxiety and stress among Malaysian
university students. Asian Journal of Psychiatry, 6(4), 318–323.

Slaski, M., & Cartwright, S. (2003). Emotional intelligence training and its implications
for stress, health and performance. Stress and Health, 19(4), 233–239.

Sun, X., Lucas, H., Meng, Q., & Zhang, Y. (2011). Associations between living arrange-
ments and health-related quality of life of urban elderly people: A study from China.
Quality of Life Research, 20(3), 359–369.

Thompson, C. W. (2011). Linking landscape and health: The recurring theme. Landscape
and Urban Planning, 99(3–4), 187–195.

Ulrich, R. S., Simons, R. F., Losito, B. D., Fiorito, E., Miles, M. A., & Zelson, M. (1991).
Stress recovery during exposure to natural and urban environments 1. Journal of
Environmental Psychology, 11(3), 201–230.

Wang, R., Liu, Y., Lu, Y., Yuan, Y., Zhang, J., Liu, P., & Yao, Y. (2019). The linkage
between the perception of neighbourhood and physical activity in Guangzhou, China:
Using street view imagery with deep learning techniques. International Journal of
Health Geographics, 18(18).

Wang, R., Lu, Y., Zhang, J., Liu, P., Yao, Y., & Liu, Y. (2019). The relationship between
visual enclosure for neighbourhood street walkability and elders' mental health in
China: Using street view images. Journal of Transport & Health, 13, 90–102.

Weimann, H., Rylander, L., van den Bosch, M. A., Albin, M., Skärbäck, E., Grahn, P., &
Björk, J. (2017). Perception of safety is a prerequisite for the association between
neighbourhood green qualities and physical activity: Results from a cross-sectional
study in Sweden. Health & Place, 45, 124–130.

Wiles, J. L., Allen, R. E., Palmer, A. J., Hayman, K. J., Keeling, S., & Kerse, N. (2009).
Older people and their social spaces: A study of well-being and attachment to place in
Aotearoa New Zealand. Social Science & Medicine, 68(4), 664–671.

Wiles, J. L., Leibing, A., Guberman, N., Reeve, J., & Allen, R. E. (2012). The meaning of
“aging in place” to older people. The Gerontologist, 52(3), 357–366.

Xiao, Y., Lu, Y., Guo, Y., & Yuan, Y. (2017). Estimating the willingness to pay for green
space services in Shanghai: Implications for social equity in urban China. Urban
Forestry & Urban Greening, 26, 95–103.

Yan, Z., Zhang, H., Wang, B., Paris, S., & Yu, Y. (2016). Automatic photo adjustment using
deep neural networks. ACM Transactions on Graphics (TOG), 35(2), 11.

Yao, Y., Liang, Z., Yuan, Z., Liu, P., Bie, Y., Zhang, J., ... Guan, Q. (2019). A human-
machine adversarial scoring framework for urban perception assessment using street-
view images. International Journal of Geographical Information Science, 1–22.

Yao, Y., Zhang, J., Hong, Y., Liang, H., & He, J. (2018). Mapping fine-scale urban housing
prices by fusing remotely sensed imagery and social media data. Transactions in GIS,
22(2), 561–581.

Zhang, F., Zhou, B., Liu, L., Liu, Y., Fung, H. H., Lin, H., & Ratti, C. (2018). Measuring
human perceptions of a large-scale urban region using machine learning. Landscape
and Urban Planning, 180, 148–160.

Zhang, H., Chen, B., Sun, Z., & Bao, Z. (2013). Landscape perception and recreation needs
in urban green space in Fuyang, Hangzhou, China. Urban Forestry & Urban Greening,
12(1), 44–52.

Zhang, W., Li, W., Zhang, C., Hanink, D. M., Li, X., & Wang, W. (2017). Parcel-based
urban land use classification in megacity using airborne LiDAR, high resolution or-
thoimagery, and Google street view. Computers, Environment and Urban Systems, 64,
215–228.

Zhou, B., Zhao, H., Puig, X., Fidler, S., Barriuso, A., & Torralba, A. (2016). Semantic
Understanding of Scenes Through the ADE20K Dataset. arXiv preprint
arXiv:1608.05442.

Zhou, B., Zhao, H., Puig, X., Fidler, S., Barriuso, A., & Torralba, A. (2017). Scene parsing
through ade20k dataset. Paper presented at the proceedings of the IEEE conference on
computer vision and pattern recognition.

R. Wang, et al. Computers, Environment and Urban Systems 78 (2019) 101386

10

http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0250
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0250
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0255
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0255
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0255
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0260
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0260
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0260
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0265
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0265
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0270
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0270
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0275
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0275
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0275
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0280
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0280
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0280
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0280
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0285
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0285
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0290
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0290
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0295
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0295
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0295
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0300
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0300
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0305
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0305
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0305
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0310
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0310
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0315
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0315
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0315
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0320
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0320
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0320
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0320
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0325
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0325
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0325
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0330
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0330
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0330
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0330
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0335
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0335
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0335
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0340
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0340
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0345
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0345
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0345
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0350
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0350
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0355
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0355
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0355
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0360
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0360
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0360
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0365
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0365
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0365
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0370
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0370
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0370
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0375
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0375
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0375
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0375
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0380
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0380
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0380
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0385
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0385
http://refhub.elsevier.com/S0198-9715(19)30164-4/rf0385

	Perceptions of built environment and health outcomes for older Chinese in Beijing: A big data approach with street view images and deep learning technique
	Introduction
	Urban perception and health outcomes
	Methods to assess the perception of the built environment
	The gaps

	Methods
	Study areas
	Accessing perceptions of the built environment using Tencent street view images and the deep learning method
	Health outcomes variables
	Mental health indicators
	Physical health indicators

	Covariates
	Individual covariates
	Neighborhood covariates

	Data analysis

	Results
	Study population characteristics
	Multilevel model results

	Discussion
	Conclusion
	mk:H1_20
	Acknowledgements
	References




