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Abstract: The occurrence of street crime is affected by socioeconomic and demographic characteristics
and is also influenced by streetscape conditions. Understanding how the spatial distribution of street
crime is associated with different streetscape features is significant for establishing crime prevention
and city management strategies. Conventional data sources that quantify people on the street
and streetscape characteristics, such as questionnaires, field surveys, or manual audits, are labor-
intensive, time-consuming, and unable to cover a large area with a sufficient spatial resolution.
Emerging cell phone and social media data have been used to measure ambient population, but they
cannot distinguish between the street and indoor populations. This study addresses these limitations
by combining Baidu Street View (BSV) images, deep learning algorithms, and spatial statistical
regression models to examine the influences of people on the street and in the streetscape physical
environment on street crime in a large Chinese city. First, we collected fine-grained street view
images from the Baidu Map website. Then, we constructed a Faster R-CNN network to detect
discrete elements with distinct outlines (such as persons) in each image. From this, we counted the
number of people on the street in every BSV image and finally obtained the community-level total
amounts. Additionally, the PSPNet network was developed for pixel-wise semantic segmentation
to determine the proportions of other streetscape features such as buildings in each BSV image,
based on which we obtained their community-level averages. The quantitative measurement of
people on the street and a set of streetscape features that had potential influences on crime were
finally derived by combining the outputs of two deep learning networks. To account for the spatial
autocorrelation effect and distributional characteristics of crime data, we constructed a set of spatial
lag negative binomial regression models to investigate how three types of street crime (i.e., total crime,
property crime, and violent crime) were affected by the number of people on the street and the
streetscape-built conditions. The models also controlled the effect of socioeconomic and demographic
factors, land use features, the formal surveillance level, and transportation facilities. The models with
people on the street and streetscape environment features had noticeable performance improvements,
demonstrating the necessity for accounting for the effect of these factors when understanding street
crime. Specifically, the number of people on the street had significantly positive impacts on the total
street crime and street property crime. However, no statistically significant impact was found on
street violent crime. The average proportions of the paths, buildings, and trees were associated with
significantly lower street crime among physical streetscape features. Additionally, the statistical
significances of most control variables conformed to previous research findings. This study is the first
to combine Street View images and deep learning algorithms to retrieve the number of people on the
street and the features of the visual streetscape environment to understand street crime.

Keywords: street crime; people on the street; streetscape; Baidu Street View image; spatial lag
negative binomial regression
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1. Introduction

According to environmental criminology, the physical context creates necessary con-
ditions for the confluence of motivated offenders, suitable targets, and the absence of
qualified guardians, which leads to crime occurrence [1,2]. Environmental characteristics
are of great significance for understanding the spatial aggregation of crime. Therefore,
researchers emphasize the understanding of crime formation mechanisms from geography.
They claim it is valuable to reveal crime patterns and provide references for constructing
crime prevention and control strategies [3].

While the significant role of the urban environment in crime has been widely accepted,
data sources applied by previous studies to quantify streetscape characteristics are defective
in some respects. Traditional data-gathering methods including questionnaire surveys [4],
field surveys, and human auditing [5,6] are time-consuming and labor-intensive. These
limitations make them only suitable for conducting studies at several scattered places
and not applicable to large-scale research. Satellite remote sensing images are popular
data used to extract built environment characteristics [7–9]. This kind of data could be
applied to studying a large geographical area. However, these images capture information
from a bird’s eye view and cannot obtain street-level information from the perspective
of human eyes. The low accessibility of large-scale detailed data limits our ability to
systematically measure the urban environment in a quantitative way, finally leaving the
influence mechanism of the visual streetscape context on crime not understood so well.

As a kind of geo-referenced big data, the emerging street view images (SVIs) offer
an excellent chance for diving into a more in-depth look at the associations between the
urban street context and crime. The most significant advantage of SVIs over other data is
that they are captured by cameras set on top of cars driving along streets. Therefore, SVIs
can be adopted to extract street environment features from pedestrians’ views, and they
have the potential to help reveal the most direct connection between streetscape conditions
and crime. In addition, this type of data covers most major cities and is usually open
accessed. SVIs are increasingly mentioned and used by many authors [5,10–14]. However,
most existing research just used SVIs to detect basic physical elements such as roads,
buildings, and vegetation. Based on the extracted information, researchers investigated
how the built environment can help explain crime aggregations [10], whether the street-
level visual environment can be used to classify locations with high-crime and lower-crime
activities [11], and the environmental mechanisms behind crime diversity [12].

Combining SVIs and deep learning algorithms, this study investigates the effect of
people on the street and streetscape features on street crime in a large Chinese city. SVIs
are utilized to extract both physical elements (through a semantic segmentation network)
and the number of people on the street (through an object detection network). The primary
purposes of this study are then (1) how to extract and measure the number of people on
the street, which is an important variable affecting the occurrence of street crime, (2) how
to extract other streetscape environment elements using SVIs, and (3) what the associations
between street crime and people on the street and streetscape conditions is.

We selected street crimes such as snatching and robbery as our crimes of interest
because they are significant threats to people’s property and personal safety. Additionally,
most of the time, they occur in public spaces. They are more likely to be affected by human
activities and environmental features in immediate regions.

2. Literature Review
2.1. Street Crime and People on the Street

The spatial aggregation of crime is a common phenomenon, and it has a sufficient
theoretical and empirical basis. The routine activity theory suggests that the confluence
of motivated offenders, appropriate targets, and lack of competent guardians results in
crimes [1]. Additionally, the convergence of these three elements is significantly influenced
by the spatiotemporal pattern of people’s routine activities, such as traveling for work,
school, and leisure [1].
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People’s daily activities, such as when, where, and what to do in a day, usually
have regular rhythms. An individual stays more often in some areas, such as residences,
workplaces, and favorite shops, while he or she has less chance of staying in other places.
The regularity of people’s behaviors results in various crowd gathering levels in space
and time [15]. Business districts, for example, are densely populated during the day
because people work there. However, these places are less crowded in the evening as
people return home for sleep. Typical residential areas, however, usually have opposite
patterns. They are less crowded during the day but highly crowded in the evening. The
routine activity theory acknowledges that such different human activities result in different
crime opportunities in different places and at different times. This phenomenon could be
explained by the core insight of routine activity theory; that is, there is more significant
potential for people to be victimized or to victimize others when they spend more time
away from the protective environment of their households and families, whether for work,
leisure, or shopping [16]. Researchers have been particularly concerned about the facilities
that attract people in regard to interpersonal crimes. The ambient population attracted by
such facilities enhances the likelihood of the encounter of offenders and victims. Previous
crime research has investigated facilities like bars, subway stations, and parks. For example,
Roncek and Bell analyzed the relationship between bars and block-level crimes. Controlling
the influence of other factors, they found that blocks with bars experienced more crimes
than those without bars [17]. One piece of research by McCord et al. showed that street
robberies tended to occur around subway stations [18]. Groff and McCord analyzed the
spatial correlations between parks and crimes and found that parks attracted crimes [19].
Kubrin et al. pointed out a tight association between lending agencies and property and
violent crimes [20]. These facilities are not necessarily criminogenic by nature; the cluster
of people in these areas leads to high crime rates [21]. Thus, the disparity of crime patterns
in space and time is due to human activity differences [22].

A series of research has proved the significant association between the presence of
people and crime, but the effect is inconclusive. For example, Boivin adopted a transporta-
tion telephone survey to examine the influence of the ambient population on crime in the
Toronto region [23]. Respondents were asked about their visited locations on a typical
weekday. Based on this, researchers inferred respondents’ trip purposes (such as home,
school, shop, work, and others). They then estimated daily population flows between differ-
ent purposes. Their results demonstrated that the population size was positively associated
with crime in some areas; however, the opposite effects were found in other regions which
received visits mainly for shopping, school, and work. Vomfell et al. combined different
sources of population activity (such as social media and taxi flow data) to predict crime
at the census tract level [24]. After accounting for demographic factors, they found that
dynamic population variables had stronger influences on the prediction of property crime
than violent crime.

As noted above, studies have not yet concluded whether an increased human presence
in a given area is associated with an increase or decrease in crime. Boivin explained
that the effect of human presence on crime is greatly determined by the nature of the
crime [23]. The simple presence of people is just enough to restrain some types of crime
by their guardianship effect [25]. However, other research demonstrated that the ambient
population provides targets for offenders; thus, people’s presence will increase criminal
chances [26].

2.2. Street Crime and Streetscape Physical Environment

According to environmental criminology, human activities (including criminal ac-
tivities) are affected by the physical environment. Environmental characteristics are of
great significance for understanding the spatial aggregation of crime [1]. Crime is caused
by characteristics in the location and surrounding areas [27]. These characteristics create
opportunities for potential offenders. When an offender finds an opportunity, and adequate
monitoring is absent, he or she will commit a crime. Crime pattern theory also explains the
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spatial aggregation of crime. Both theories emphasize the impact of crime opportunities in
places [28]. From this point of view, different places have different crime opportunities in
the city. Some places can provide affluent crime opportunities. In comparison, some places
have few crime opportunities, leading to the spatial heterogeneity of crime.

A series of empirical studies has proven the significant role of built environments
having on crime. For example, regions with detached houses were attractive to burglars
because the offenders could easily invade and escape from these houses through doors
and windows [29]. In addition, high-rise residential buildings are also prone to burglary
because these buildings are usually equipped with convenient access channels such as
elevators and corridors. At the same time, their architectural structures are often complex,
providing hiding conditions for perpetrators. Moreover, many residents living here create
rich crime opportunities [30]. Yue et al. analyzed the spatial colocations between different
POI types and burglary, electric bicycle theft, and robbery in Wuhan, China [31]. Their
results demonstrated that e-bike thefts were most likely to occur around stores. Hotels
and primary and secondary schools were less attractive for e-bike thefts. There were many
robberies near banks and stores. In addition, bus stops were also attractive for robberies.

Many studies examined the association between street configurations and crime risks
based on space syntax theory. For example, a study conducted by Jones demonstrated that
when controlling for the effect of demographic factors, isolated and less accessible streets
were more likely to suffer from crimes. At the same time, regions with high permeability
were safer [32]. Other researchers confirmed these results, such as Shu [33] and Yue [34].
Hillier claimed that permeable urban design elements of regular road network structures
(such as liner and well-integrated streets) were safer than closed and impermeable street
layouts (such as cul-de-sacs) [35].

Easy accessibility, inadequate place management, and the presence of people could
create opportunities for crime in a place. Additionally, the presence of physical disorder
elements such as abandoned cars, vacant or dilapidated buildings, litter, and graffiti can
also boost offenders’ motivation to commit crimes [36–38]. Similarly, gangs, begging,
loiterers, prostitution, unruly and rowdy teenagers, public drunkenness, and public drug
use or dealing are disruptive behaviors that indicate social disorder. Signs of social disorder
in a location could also raise crime levels in the immediate areas [39].

2.3. Data Sources and Methods Used in Related Research

Various types of data have been applied in previous research to analyze how the dis-
tribution of street crime varies with the volume of people on the street and the streetscape’s
physical conditions. Basic demographic information extracted from census data is a typical
measurement of potential population exposure to crime in a region. Other similar data
sources include daily travel surveys, activity surveys, and workday census surveys. These
data sources have an apparent drawback: they are time-consuming and labor-intensive
to collect. Survey data usually covers a small region, so it is not applicable for large-area
studies. Additionally, the quality of the survey data also suffers from sample bias. Some
studies also adopted human auditing to collect data for street scenes. Specifically, some
researchers gathered information by on-the-spot investigation, while some researchers
conducted online audits with the help of electronic maps. Researchers can collect infor-
mation in as much detail as possible. However, this has low efficiency, limiting its use.
Additionally, human auditing has an unavoidable subjectivity issue.

The emergence of various big data compensates for the defect of traditional data
sources. In recent years, mobile phone data have been a typical measurement of ambient
population, which is a proxy of the baseline population or population at risk of crime [40].
Mobile phone data usually cover a large area such as an entire city and have high time
resolution. Therefore, they have been adopted by many researchers to explore the spa-
tiotemporal patterns of human activity and social behaviors such as crime [41]. However,
mobile phone data usually have a low spatial resolution, making them unable to differen-
tiate the local population diversity. They cannot measure the actual baseline population,
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leading to unreliable research findings [42]. Additionally, mobile phone data are of low
availability because telecommunication operators usually own them. Geotagged social
media data have also been utilized to evaluate the relationship between human activity
and crime. For example, Hipp et al. used Twitter posts (one tweet per Twitter user per
spatiotemporal unit) to determine the ambient population. They found that the number of
Twitter users was associated with crime, controlling for the guardianship level [43]. Routine
activities of social media users allow researchers to capture population movement directly.
However, social media has drawbacks, as only a tiny proportion of the population is on
Twitter [44]. Metro smart card data, taxi trajectory data, and bicycle trajectory data also
provide excellent opportunities for measuring the mobility of people [45–47]. However,
they are incapable of capturing the movement of pedestrians, which is the main component
of the ambient population.

Previous research has used data such as satellite remote sensing images to measure
the characteristics of the built environment. For example, Patino et al. used remote sensing
images to examine whether a neighborhood’s design elements (such as land cover, structure,
and texture descriptors) were associated with the homicide rate in Medellin, Colombia.
Their results revealed that urban layouts in areas with higher homicide rates tended to
be more crowded and cluttered [9]. Algahtany and Kumar utilized satellite images to
evaluate urban expansion over a decade in Saudi Arabia, based on which they explored
the associations between such expansion and crime. The results demonstrated a significant
relationship between urban expansion and crime. Additionally, the associations were
more remarkable in places with more significant urban growth [48]. Although remote
sensing images usually cover large regions, their most significant limitation is that they are
captured by satellites observing cities from the top view. Therefore, they cannot quantify the
vertical dimensions of the street environment (such as the vertical surface of high buildings
and street canyons). People perceive their surroundings from a horizontal view, while
remote sensing images cannot accurately and comprehensively measure the streetscape
composition complying with people’s real scene perception. Therefore, remote sensing
images are insufficient for digging for the profound influence of streetscape elements on
criminal behaviors.

SVIs have a unique advantage in that they are taken by cameras set upon cars driving
along streets. Therefore, they have the potential to capture systematic and fine-grained
urban landscapes from pedestrians’ points of view. Compared with traditional data sources,
SVIs contain more information, including artificial elements like buildings and roads and
natural elements like trees and the sky [49]. In recent years, SVIs have been used to evaluate
the streetscape environments’ effect on offenders’ decisions about whether, where, and
when to commit crimes. For instance, He et al. measured the associations between the
physical features of the urban residential environment and violent crimes based on Google
Street View (GSV) images [5]. Using an environmental audit tool developed based on
GSV images, they collected environmental factors like physical incivility (e.g., property
damage and abandoned buildings), territorial functioning features (e.g., yard decorations),
and defensible space features. The results demonstrated that the relationship between
the residential built environment and violent crime was significant and GSV images were
reliable for capturing many aspects of the built environment. Hipp et al. used machine
learning methods to extract environment features from GSV images [10]. The results
demonstrated that measuring the built environment through GSV images was effective.
Specifically, auto-oriented elements like vehicles and pavements were positively related to
crime, defensible space elements like the presence of walls had negative associations with
crime, and green space elements like vegetation had positive effects on crime. Khorshidi
used a deep learning service to extract objects from GSV images. Based on this, they
computed census block-level object diversities and modeled crime diversity as a function
of environmental diversity, population diversity, and population size [12]. The results
revealed that environmental diversity extracted from GSV images was more predictive of
crime diversity than commonly used census measures.
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The applicability of SVIs to crime research owes a great deal to the development
of artificial intelligence technology. Modern image processing techniques such as deep
learning networks can fetch precise and detailed elements from the urban space [50].
Fieldwork cannot obtain many elements. For example, it is hard for people to calculate
the proportion of roads in a place [13]. SVIs are not only usable for extracting physical
elements but are also applicable for measuring collective pedestrian volumes [51]. For
example, Chen et al. conducted a large-scale empirical validation study. They found that
pedestrian volumes estimated using SVIs can provide acceptable (Cronbach’s alpha ≥ 0.70)
or good (Cronbach’s alpha ≥ 0.80) levels of accuracy compared with field observation [52].
Other studies also validated SVIs as an efficient and reliable data source for estimating
street-level pedestrian volumes [52,53].

3. Study Area, Data, and Method
3.1. Study Area

This study took place in ZG city. (Under the terms of the confidentiality agreement,
we cannot reveal the city’s true name.) ZG city is located on the southern coast of China,
and it is one of the most developed cities in China. There are 2643 communities in this city,
and 737 of them are within the Outer Ring Expressway Area. These were selected as the
research communities in this study.

3.2. Data
3.2.1. Crime Data

Three years (2017–2019) of official crime data were sourced from the public security
bureau of ZG. We aggregated three crime types, including snatching, pickpocketing, and
theft from the person, to form a general street property crime type. We aggregated robbery,
intentional injury, and assault to form a general street violent crime type. Additionally, we
aggregated street property crime and street violent crime to form a total street crime type.
Figure 1 presents the spatial distributions of the number of total street crimes (Figure 1a),
street property crimes (Figure 1b), and street violent crimes (Figure 1c).

3.2.2. Collect BSV Images and Extract Streetscape Features

Compared with the human audit approach of obtaining streetscape characteristics
from SVIs [5,54], emerging computer vision technologies are time-efficient and objective.
We first collected fine-grained BSV images from the Baidu Map website. Then, we combined
two deep learning networks to extract both people on the street and other built environment
elements from BSVs and included these measures into statistical models.

• Fetch BSVs from the Baidu Map Website

Baidu Street View (BSV) is a map service website providing visual information on
streets in more than 600 cities in China. BSV images were captured by street view cars. The
key components of a street view car are a GPS and fisheye lens. The GPS is used to record
geographic locations when the car is driving on the street, and the fisheye lenses are used
to collect 360◦ street view images. The most significant advantage of street view images
over other data is that they are captured by cameras set on top of cars driving along streets.
Therefore, street view images can be adopted to extract street environment features from
pedestrians’ views, and they have the potential to help reveal the most direct connection
between streetscape conditions and crime.

We took BSV images as a proxy of the streetscape environment. Some basic information
is required to collect the BSVs at a position, including the coordinates (longitude and
latitude), azimuth angle (commonly called the heading angle), and pitch angle. We first
generated sampling points along the street at a uniform interval of 20 m. Based on their
coordinates, we collected fine-grained BSV images. There were 215,760 sample sites in the
study region.
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Figure 1. Dot density maps showing spatial distribution of the number of (a–c) in the study area as
of 2017–2019. Dots were randomly placed in a polygon.
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To be consistent with pedestrians’ directions of eyesight, we collected BSV images in
four horizontal directions at each sample site. Two directions were parallel to the street,
and two directions were vertical to the street, as demonstrated in Figure 2. The pitch angle
of each image was set to 0◦ to meet the way people experience the street environment. We
then downloaded the BSV images through the Baidu Street View API (see Baidu Developer
Platform). Finally, we collected a total of 863,040 images in the study region. The metadata
show that they were all captured between 2017 and 2019, consistent with the crime time. As
an urbanized region, the built environment in the study area did not changed dramatically
during this short period, so the time differences of the BSV images were negligible. Each
BSV image had a field of view of 90◦, so four images together could capture the panorama
of a site.

Figure 2. An example of calculating heading angles of four BSV images at a sample site. Heading
angles of Pictures 2 and 4 are parallel to the street, capturing the front and rear views, while heading
angles of Pictures 1 and 3 are vertical to the street, capturing the left-hand and right-hand views.

This study translated the BSV images into meaningful factors and then incorporated
them into regression models. The urban streetscape is a complex system containing compo-
nents of diverse shapes and sizes. Therefore, we combined two deep learning networks to
extract different and complementary information from each BSV image.

• Object Detection Using the Faster R-CNN Network

Some objects like persons and cars are discrete elements with relatively fixed shapes
and distinct outlines in an image. Therefore, it is practical to measure the count of identifi-
able objects. Faces and license plates are blurred in the Baidu Street View images; therefore,
this study had no privacy or ethical issues. This study applied a pretrained Faster R-CNN
network [55] to perform object detection for BSV images. This network was chosen because
it reached a good balance between prediction accuracy and operational efficiency as a
state-of-the-art deep learning network. Additionally, it was perfectly compatible with the
high resolution of BSV images collected in this study (1024 × 1024 pixels).
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The outputs of a Faster R-CNN network were a set of predicted bounding boxes. Each
box had an associated score indicating the credibility of whether the box contained an
object or not inside and a label determining which category the object belonged to. Based
on the outputs of the Faster R-CNN network, we could count the number of objects in each
category in an image and finally calculate their total amounts in each community.

This research retrieved the number of people on the street in a community according
to the following formula:

Number o f people on the street =
n

∑
i = 1

4

∑
j = 1

Imagep_j (1)

where Imagep_j is the number of people in the image taken in the jth direction among the
four directions at a position and n represents the total number of collecting points within
a community.

The on-street population must be considered when studying street crime. However,
on-street population sizes in different places are difficult to obtain. Pedestrian volume data
have traditionally been collected through field observations, which has many methodolog-
ical limitations, such as being time-consuming, labor-intensive, and inefficient. Various
big data, such as mobile phone data, geotagged social media data, metro smart card data,
and taxi and bicycle trajectory data, are incapable of capturing the movement of pedestri-
ans. Assessing pedestrian volumes automatically from street view images with machine
learning techniques can overcome such limitations, because this approach offers a broad
geographic reach and consistent image acquisition. While SVIs have been recently used
to estimate street-level pedestrian volumes [52,53], this approach has not been applied to
crime research.

• Semantic Segmentation Using the PSPNet Network

Unlike objects with fixed shapes and distinct outlines, sky, grass, and roads may
not have a definitive shape in an image. Therefore, object detection networks are not
applied to these features. This study utilized a semantic segmentation network instead.
After comparing several deep learning models, we chose the widely applied Pyramid
Scene Parsing Network (PSPNet) [56]. Semantic segmentation models generate pixel-wise
predictions and assign each pixel a category label. We measured the proportions of these
features in the image.

By borrowing ideas from the green view index calculation formula developed by
Li et al. [57], which measured the proportion of vegetarians in a location, we calculated the
proportion of a class of objects in a community as follows:

Proportion o f object =
∑n

i = 1 ∑4
j = 1 Imageo_j

∑n
i = 1 ∑4

j = 1 Imaget_j
∗ 100% (2)

where Imageo_j is the number of pixels belonging to one type of object in the image taken in
the jth direction and Imaget_j is the total number of pixels in that image, while n represents
the total number of collecting points within a community.

By combining the results of object detection and the semantic segmentation networks
(see Figure 3), we finally derived eight quantitative measurements of streetscape features.
They were the number of people on the street (per 1000), the average proportion of paths
(%), the average proportion of roads (%), the average proportion of walls (%), the average
proportion of buildings (%), the number of streetlamps (per 1000), the number of traffic
lights (per 1000), and the average proportion of trees (%). The rest of the object categories
were not included in the analysis as they were considered irrelevant to crime in an urban
context. Figure 4 presents the spatial distributions of people on the street and the streetscape
physical features retrieved by BSV images and deep learning methods.
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Figure 3. Obtaining object detection and semantic segmentation results of BSV images via Faster
RCNN and PSPNet networks.
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Figure 4. Spatial distributions of people on the street and streetscape physical features retrieved by
BSV images and deep learning methods.
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3.2.3. Control Variables

Data obtained from the Sixth Nationwide Census were used to retrieve socioeconomic
and demographic factors. Land use features were extracted from Gaode Map. Based on the
data provided by Daodaotong Map, we further acquired the features of surveillance and
transportation facilities.

• Socioeconomic and Demographic Factors

We collected the socioeconomic and demographic factors, including the rate of young
people, the rate of highly educated people, the rate of migrant people, and the rate of
renters. Young people are the main perpetrators of crimes [15], so we used young people
(aged 30–45 years) to indicate possible offenders. We used the rate of highly educated
people to approximate the income level, which has a specific association with crime [15,58].
Studies proved that migrants were positively related to crime by increasing instability
and disrupting social order [59]. Therefore, we obtained the rate of migrant people by
calculating the proportion of people whose Hukou was not in ZG city. Similarly, we
considered the rate of renters, as this is also a factor adverse to residential stability and
social organization [59].

• Land Use Features

This study used the number of POIs in each community to proxy the number of
point-level land uses. In addition, we calculated the mixture of POIs to measure the land
use heterogeneity by the adjusted Herfindahl–Hirschman Index [60]:

Mix = 1−
J

∑
j = 1

Pj
2 (3)

where Pj is the proportion of the number of jth type POIs. A Mix close to 1 indicates a
strong land use mixture, while a Mix close to 0 indicates a weak land use mixture. Some
research claimed that a mixed land use pattern could weaken the informal control of
residents and increase crime [61], while some research revealed that a complex land use
composition attracts people and promotes activities, thereby curbing crime by increasing
social control [15,62].

• Formal Surveillance

Police stations are the most basic level of governmental management institutions in
China. They can act as a deterrent to crime [63]. This study used the number of police
stations to proxy the formal surveillance levels.

• Transportation Facilities

This study adopted two transportation facility variables to measure traffic accessibility.
They were the number of bus stops and the number of subway stations. The relationship
between traffic accessibility and crime is complex. Some studies demonstrated that conve-
nient transportation could promote pedestrian activities, enhance natural surveillance, and
deter crimes [15], while some studies proved that transportation facilities attract targets
and act as escape routes, thus providing opportunities for offenders [34,63].

Table 1 lists the summary statistics of the dependent and independent variables used
in this study.

Table 1. Summary statistics of dependent and independent variables.

Variable Mean SD Min Max

Dependent Variables

Number of total street crimes 155.28 183.79 5 1952
Number of street property crimes 126.53 155.67 3 1808
Number of street violent crimes 28.75 34.40 0 306
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Table 1. Cont.

Variable Mean SD Min Max

Control Variables

Rate of young people (%) 26.534 5.908 4.654 47.431
Rate of highly educated people (%) 14.316 12.565 0.000 86.245

Rate of migrant people (%) 42.235 21.494 0.203 98.518
Rate of renters (%) 30.636 23.441 0.000 100.000

Number of POI (per 1000) 0.323 0.283 0.004 2.451
Mixture of POI 0.826 0.074 0.341 0.904

Number of bus stops 1.769 2.121 0 15
Number of subway stations 0.111 0.351 0 3
Number of police stations 1.384 1.524 0 10

Streetscape Variables

Number of people on the street (per 1000) 1.176 1.048 0.043 7.097
Average proportion of paths (%) 0.037 0.086 0.000 1.276
Average proportion of roads (%) 18.939 3.478 5.299 28.953
Average proportion of walls (%) 3.131 2.296 0.085 21.107

Average proportion of buildings (%) 26.218 8.753 4.166 55.116
Number of streetlamps (per 1000) 0.430 0.711 0.014 7.280
Number of traffic lights (per 1000) 0.038 0.042 0 0.377

Average proportion of trees (%) 17.611 6.705 1.519 39.980

3.3. Method

The dependent variables were community-level crime counts, which were over-
dispersed nonnegative integers. Therefore, negative binomial regression models were
adopted in this study to model the associations between the street view variables and the
number of crimes:

ln(Yi) = β0 +
k

∑
k = 0

βkXik +
l

∑
l = 0

βlXil +
m

∑
m = 0

βmXim +
n

∑
n = 0

βnXin +
p

∑
p = 0

βpXip (4)

where Yi represents the crime count in community i, the βs are regression coefficients esti-
mated by the model, indicating the influences of independent variables on the dependent
variable, and Xik, Xil , Xim, Xin, and Xip are independent variables of five categories (socioe-
conomic and demographic factors, land use features, formal surveillance, transportation
facilities, and streetscape features, respectively).

We calculated the Moran’s I indexes of the dependent variables to examine whether
spatial autocorrelation effects existed. The results indicate that all three types of crime
were autocorrelated in space. Therefore, we added a spatial lag into the modal as an
independent variable to address the spatial autocorrelation issue. The spatial lag was
calculated as follows:

Lagi = ∑N
j = 1,i 6=j

Cj

N
(5)

where Lagi is the spatial lag of the dependent variable in community i, j is a neighbor of
community i, N is the total number of neighbors of community i, and Cj is the number of
crimes in community j. In short, the spatial lag of community i measured the average crime
count of its neighbors. In this study, we used the Queen adjacency criterion to determine
the neighbors of community i.

Figure 5 summarizes the workflow of the study, which included three steps: (1) generating
sampling points along the street, based on which fine-grained BSV images were collected
using the Baidu API, (2) extracting streetscape features using an object detection method
(Faster R-CNN) and a semantic segmentation method (PSPNet), and (3) building regression
models to determine the influences of the on-street population and streetscape physical
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environment on street crime, controlling for the effects of socioeconomic and demographic
factors, land use features, and surveillance and transportation facilities.

Figure 5. Workflow of this study.

4. Results

Before running the regression models, we checked all explanatory variables’ VIF
(variable inflation factor) values to check for multicollinearity. The results showed that the
VIF values of all explanatory variables were much smaller than the commonly accepted
threshold of 10 in crime research [64]. Therefore, the results in this study had no serious
multicollinearity issues. Additionally, we standardized all explanatory variables before
incorporating them into the regression models because the covariates had different units
and significant disparities in magnitude. Standardization also makes it easy to compare the
magnitudes of the impacts of different variables [65]. In order to assess the improvements
of model performances after incorporating streetscape variables, we ran baseline models
which did not contain the streetscape variables. We utilized log-likelihood and AIC to
compare the model performances comprehensively. A larger log-likelihood value indicated
a better model fit, while a smaller AIC value indicated a better one.
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Table 2 presents the results of the spatial lag negative binomial regression estimations.
Models (1, 3, and 5) are baseline models which only included the control variables, while
Models (2, 4, and 6) are the full models which contained additional streetscape variables.
Both the log-likelihood and AIC values demonstrated that adding street view variables
improved the model fits. For total street crime, the log-likelihood of Model (2) (−3821.261)
was larger than that of Model (1) (−3837.600), The AIC of Model (2) (7682.521) was smaller
than that of Model (1) (7699.199). For street property crime, the log-likelihood of Model (4)
(−3689.161) was larger than that of Model (3) (−3704.309), and the AIC of Model (4)
(7418.322) was smaller than that of Model (3) (7432.617). For street violent crime, the
log-likelihood of Model (6) (−2592.888) was larger than that of Model (5) (−2608.377), and
the AIC of Model (6) (5225.775) was smaller than that of Model (5) (5240.753). Therefore,
we discuss only the results of the full models in the following section.

Table 2. Results of spatial lag negative binomial regression models with all independent
variables standardized.

Dep. Var. Total Street Crime Street Property Crime Street Violent Crime

Model
(1)

IRR
(Std. Err.)

(2)
IRR

(Std. Err.)

(3)
IRR

(Std. Err.)

(4)
IRR

(Std. Err.)

(5)
IRR

(Std. Err.)

(6)
IRR

(Std. Err.)

Control Variables

Rate of young people 1.046 ** 1.038 ** 1.04 ** 1.032 * 1.08 *** 1.073 ***
(0.019) (0.019) (0.02) (0.019) (0.02) (0.020)

Rate of highly educated people 1.040 ** 1.062 *** 1.04 * 1.059 *** 1.06 *** 1.069 ***
(0.019) (0.021) (0.02) (0.021) (0.02) (0.021)

Rate of migrant people 1.032 1.024 1.03 1.019 1.04 * 1.028
(0.021) (0.021) (0.02) (0.022) (0.02) (0.022)

Rate of renters
1.087 *** 1.086 *** 1.09 *** 1.091 *** 1.05 ** 1.055 **
(0.023) (0.024) (0.02) (0.024) (0.02) (0.023)

Number of POIs
1.188 *** 1.162 *** 1.20 *** 1.166 *** 1.10 *** 1.088 ***
(0.033) (0.033) (0.03) (0.034) (0.03) (0.029)

Mixture of POIs
1.015 1.027 1.01 1.025 1.00 1.013

(0.018) (0.018) (0.02) (0.019) (0.02) (0.019)

Number of subway stations 1.005 1.000 1.01 1.005 0.97 0.963 **
(0.018) (0.018) (0.02) (0.018) (0.02) (0.017)

Number of bus stops 1.034 * 1.004 1.03 * 1.005 1.04 ** 1.014
(0.020) (0.023) (0.02) (0.024) (0.02) (0.024)

Number of police stations 0.984 0.987 0.99 0.989 0.97 0.979
(0.016) (0.016) (0.02) (0.017) (0.02) (0.017)

Streetscape Variables

Number of people on the street 1.078 *** 1.079 *** 1.042
(0.029) (0.030) (0.028)

The average proportion of paths 0.955 ** 0.957 ** 0.960 *
(0.019) (0.020) (0.021)

The average proportion of roads 1.019 1.015 1.037
(0.024) (0.025) (0.026)

The average proportion of walls 0.979 0.975 0.997
(0.021) (0.021) (0.022)

The average proportion of buildings 0.950 * 0.951 * 0.939 **
(0.028) (0.029) (0.029)

Number of streetlamps 0.962 0.957 0.982
(0.028) (0.029) (0.029)

Number of traffic lights 1.042 1.047 1.019
(0.029) (0.030) (0.029)

The average proportion of trees 0.935 *** 0.935 ** 0.928 ***
(0.024) (0.024) (0.025)
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Table 2. Cont.

Dep. Var. Total Street Crime Street Property Crime Street Violent Crime

Model
(1)

IRR
(Std. Err.)

(2)
IRR

(Std. Err.)

(3)
IRR

(Std. Err.)

(4)
IRR

(Std. Err.)

(5)
IRR

(Std. Err.)

(6)
IRR

(Std. Err.)

Spatial lag of dependent variable 1.918 *** 1.851 *** 1.946 *** 1.882 *** 1.997 *** 1.939 ***
(0.064) (0.061) (0.068) (0.065) (0.056) (0.054)

Log-likelihood −3837.600 −3821.261 −3704.309 −3689.161 −2608.377 −2592.888
AIC 7699.199 7682.521 7432.617 7418.322 5240.753 5225.775

Note: The dependent variables are the number of total street crimes, number of street property crimes, and
number of street violent crimes. IRR = incidence rate ratio. ***, **, and * indicate significance at the 1%, 5%, and
10% levels, respectively. In parentheses, the standard errors are given. The intercept terms are not listed. The
likelihood ratio test of α = 0 demonstrates that negative binomial models are more suitable than standard Poisson
models (p < 0.001).

The number of people on the street had the most considerable impact on the total
street crimes and street property crimes among all the streetscape variables. Specifically, a
one standard deviation increase in the number of people on the street was associated with
a 7.8% (IRR = 1.078) increase in the number of total street crimes and a 7.9% (IRR = 1.079)
increase in the number of street property crimes. The number of people on the street also
positively influenced street violent crime, but the effect was not statistically significant.
The average proportion of paths had a significant negative impact on three types of crime.
A one standard deviation increase of this factor was associated with a 4.5% (IRR = 0.955)
decrease in the number of total street crimes, a 4.3% (IRR = 0.957) decrease in the number
of street property crimes, and a 4% (IRR = 0.960) decrease in the number of street violent
crimes. Similarly, the average proportions of buildings and trees were also significantly
and negatively associated with three types of crime. Specifically, a one standard deviation
increase in the average proportion of buildings would result in a 5% (IRR = 0.950) decrease
in the number of all street crimes, a 4.9% (IRR = 0.951) decrease in the number of street
property crimes, and a 6.1% (IRR = 0.939) decrease in the number of street violent crimes.
A one standard deviation increase in the average proportion of trees was associated with
a 6.5% (IRR = 0.935) decrease in the number of total street crimes, a 6.5% (IRR = 0.935)
decrease in the number of street property crimes, and a 7.2% (IRR = 0.928) decrease in
the number of street violent crimes. The average proportion of roads and the number of
traffic lights had positive relationships with the three types of crime, but these relationships
did not reach statistical significance. The average proportion of walls and number of
streetlamps had nonsignificant and negative correlations with the three types of crime.

As for the control variables, the rate of young people, the rate of highly educated
people, the rate of renters, and the number of POIs had significantly positive associations
with the three types of crime. The rate of migrant people, the mixture of POIs, and the
number of bus stops had positive relationships with the three types of crime, but the
effects were not significant. The number of subway stations had a significant negative
association with street violent crime, and its correlations with the other two types of crime
were insignificant. The number of police stations had negative associations with the three
types of crime, but the effects were insignificant.

The spatial lags of the dependent variables had significant and solid positive associa-
tions with the numbers of all types of crime, revealing the spatial autocorrelation effect of
crime events. Therefore, the spatial lag models used in this study were valid.

We used the k-fold cross-validation technique to validate the regression models used in
this study. This technique first divides the total dataset into k parts of equal size, iteratively
excludes one part (called the validation set) at a time, and predicts it with the parts not
excluded (called the training set). At each step, an R2 score can be calculated, measuring
the prediction accuracy of the trained model. Figure 6 presents the results of the cross-
validation R2 score when k was set at different values. When k reached about 30 and above,
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the performance of the three models became stable, with the R2 score reaching above 0.8,
indicating that the models in this study were sufficiently accurate.

Figure 6. Cross-validation R2 score of different fractions of training data for the regression models.

5. Discussion

Overall, the findings of this research are consistent with the previous literature. The
number of people on the street had different effects on different types of crime. The total
street crime and street property crime had significant positive associations with the number
of people on the street, indicating that places with more people on the street have higher
risks for total street crime and street property crime. Although the number of people on
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the street also positively influenced street violent crime, this effect was not significant
statistically (p = 0.128). Therefore, street violent crime in a place would not witness a
remarkable change in the number of people on the street. Such a disparity advocates for
previous theoretical and empirical studies. First, both crime pattern theory and routine
activity theory argue that offenders make rational decisions by balancing the potential
benefits, costs, and risks when committing a crime. In general, offenders tend to commit
crimes where suitable targets are present and capable guardians are absent. However, each
type of crime has unique choice-structuring properties [66]. The influence of the presence
of people in a given area is mainly dependent upon the nature of the crime; that is, the
presence of people has diverse impacts on different types of crime [23]. Street property
crimes, such as snatching, pickpocketing, and theft, have the nature of concealment and
transience. Property crime offenders prefer to “fish in troubled waters” in that they usually
commit crimes in crowded places when people are not paying attention and then flee the
scene quickly. The whole process of committing a crime must be completed rapidly without
being noticed. A thick crowd of people in a location not only offers a lot of targets and
opportunities, but the presence of a dense population can also provide perfect cover for the
whole process of a crime: looking for a target, committing a crime, and fleeing the scene
after a crime. This makes streets with dense populations ideal places for property crime.
This is proven by the fact that property crimes have high exposure rates and low detection
rates [31]. However, street violent crimes such as robbery, intentional injury, and assault do
not happen secretly but usually with sounds of a struggle, making it easy to be spotted and
draw people’s attention. Therefore, these types of crimes are unlikely to happen in crowded
places. Social disorganization theory focuses on the static of the residential population
rather than the environment or the simple magnitude of floating populations [21]. The
theory highlights that the local characteristics in a location improve individual tendencies
toward delinquent behaviors or hinder collective efforts to preserve public order.

Second, the inconsistent influences of people on the street on different types of crime
were also found in previous empirical studies. For example, Vomfell et al. utilized Twitter
and taxi data to help forecast crime [24]. They concluded that using these features can
significantly improve the prediction accuracy of property crime. For violent crime, how-
ever, the spatiotemporal dimension of these features adds very little value. They further
explained that long-term neighborhood structural conditions are the primary influences of
violent crime. Social deprivation, for example, provides the context for violent behaviors.
Therefore, violent crimes commonly take place in locations with poor social cohesion. As
for property crime, it is local opportunities through anonymity that matter, rather than
deprivation. Another study conducted by Malleson and Andresen in Leeds found similar
results; although the study region had a large volume of violent crimes, there was no statis-
tically significant elevation in the risk of violent criminal victimization when considering a
theoretically informed population at risk [47].

The physical environment variables deduced from BSV images also had meaningful
associations with street crime. The average proportion of trees had the most significant
influence on all types of crime among the street view variables. Specifically, the impacts
were all significantly negative. Therefore, places with higher eye-level street green spaces
were associated with less crime. Green spaces have been proven to improve community
cohesion, making people’s desire to survey their surroundings and intervene in an ongoing
crime stronger [67,68]. Well-maintained vegetation in a place can also act as a cue to care,
indicating that inhabitants actively care about their territory and potentially suggesting that
an intruder would be noticed and confronted [69]. Additionally, green spaces, including
trees, parks, and other natural features, could play a relieving effect that can make human
psychological and emotional states calm, improve cognitive functioning, and inhibit people
from committing crimes [70,71]. A series of empirical research has proven green spaces to
be inhabitable to crime [7,67–72].

The average proportion of paths was also negatively associated with all three types
of crime, and the effects were statistically significant. This result supports the previous
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advocation of adopting design principles that facilitate walking and social interaction,
because human activity could help promote a sense of community belonging, which is
beneficial for crime prevention [73]. Places with high proportions of paths provide spaces
for outdoor activity. People living here are more likely to go out and associate with
others. Therefore, people’s anonymity decreases, as there is an opportunity to gain mutual
acquaintance with other residents, enabling social control of inhibiting crime because
unfamiliar people will stand out as strangers in these neighborhoods.

The average proportion of buildings had significantly negative associations with all
three types of crime. As shown in Figure 4e, communities with high average proportions
of buildings are generally dispersed along arterial roads. Buildings extracted from GSVs
in these areas are usually high-rise buildings fronting the street, indicating these districts
are work areas with many employees. Jacobs assumed that such vibrant locations would
have less crime given the presence of many guardians [74]. A similar study about the
associations between the built environment and crime using GSV images demonstrated
that the presence of buildings was generally unrelated to crime, except for robberies [10].

Other street view variables such as the average proportion of roads, the average
proportion of walls, number of streetlamps, and number of traffic lights had no statistically
significant relationships with any of the three types of crime. Therefore, we do not discuss
these variables further.

The spatial lags of the dependent variables significantly impacted all types of crime.
Specifically, according to the results of the full models, a one standard deviation increase
in the spatial lag of the dependent variable was associated with an 85.1% (IRR = 1.851)
increase in the number of total street crimes, an 88.2% (IRR = 1.882) increase in the number
of street property crimes, and a 93.9% (IRR = 1.939) increase in the number of street violent
crimes. These results reveal the widely existing spatial autocorrelation effect of geographic
events. Modeling crime using a spatial regression model is thus necessary.

6. Conclusions

The presence and size of people on the street and physical streetscape characteristics
have close associations with criminal activities [7,8,75]. However, large-scale environment
conditions, especially fine-grained streetscape features, are difficult or expensive to ob-
tain. The absence of precise quantitative data for street scenes leaves the relationship
between crime and the visual characteristics of a streetscape unrevealed [76,77]. This study
integrated BSV images and deep learning methods to retrieve detailed and rich informa-
tion about the streetscape context. Controlling for the spatial autocorrelation effect, we
constructed spatial lag negative binomial regression models to evaluate the influences of
people on the street and the streetscape physical features on crime.

The results of this study are promising. First, the significant improvements in model
performance after incorporating the street view variables demonstrate the necessity for
accounting for the effect of the streetscape context when studying crime. Second, the
number of people on the street had significant positive impacts on the total street crime
and street property crime. However, no significant impacts were found on street violent
crime. Therefore, the effect of human presence on crime is greatly determined by the nature
of the crime. The phenomenon that the same street view variable had different effects on
different types of crime reveals that the study of the general type of crime is insufficient. It
ignores the different occurrence mechanisms of different types of crime. Third, regarding
the physical streetscape features, the average proportion of paths, buildings, and trees had
statistically significant and negative impacts on both the occurrence of street property crime
and street violent crime.

This study is the first attempt at combining street view images and deep learning
algorithms to extract both the on-street population and a series of eye-level physical
streetscape features to investigate street crime. Previous studies could not distinguish
between the street and indoor populations, and they were potentially biased by counting
indoor people for their possible influence on street crime. This study provides evidence that
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streetscape features, including people on the street retrieved from street view images, can
effectively explain street crime. The available street view images provide new opportunities
for gathering large-scale quantitative streetscape characteristics which provide a basis for
place-based crime research.

The presence of people on the street is a prerequisite for the occurrence of a street
crime. Therefore, the on-street population is an essential factor of street crime. Traditional
field observation methods used to collect the pedestrian volume are time-consuming, labor-
intensive, and inefficient, while big data sources like mobile phone data, geotagged social
media data, metro smart card data, and taxi and bicycle trajectory data are incapable of
capturing the movement of pedestrians. Such limitations can be overcome by the method
used in this study. Assessing the pedestrian volume automatically from street view images
with deep learning techniques is a reliable method for determining the on-street population
size. The availability of street view images offers broad geographic coverage. The methods
utilized in this study could be applied to street crime research in other countries and regions.
Researchers from other fields, such as public health, urban vitality, and street design, could
also borrow ideas from this study, because the on-street population and streetscape features
are important in these fields.

This study’s findings not only validate criminology theories but also have implications
for crime prevention and urban planning. Trees have a significantly negative impact
on street crime. Therefore, urban designers may improve the environment by planting
trees. Paths are also a design element found to have a crime deterring effect. Therefore,
this design principle can be adopted to create spaces for outdoor activity. Police patrols
should be deployed in targeted areas with high proportions of young people and renters.
Furthermore, although communities with more POIs promote vitality and have other
advantages, they may also have some unexpected drawbacks, such as street crime.

Several limitations of this research should be noted and addressed in the future. First,
although the street view image is a valuable and accessible data source for determining
the on-street population size, most street view images were captured in the daytime.
Therefore, it cannot be known what the population size on the street was in the evening.
Future studies could use satellite night light data to proxy on-street populations in the
evening, as facilities are typically associated with lights at night [78]. Second, some objects
such as litter, graffiti, broken windows, and property damage are not easily detected
using existing methods. These objects are signs of physical incivilities, which have been
demonstrated to attract crimes. Future studies could collect such fine-scale quantitative data
using the environmental audit approach [5]. Third, apart from the physical environment,
human visual perception of the urban environment can also affect the occurrence of crimes.
Therefore, future research could account for perception [50].
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