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What is Google Street View

 Official launch in the United States in 2007

 Google Street View (GSV, a component of Google Maps): a source of ‘big 
data’ characterized by 

• high spatial resolution

• panoramic views of homes, streets, businesses and neighborhoods at eye-level



How does GSV capture images

 The image data for GSV is typically collected 
• by cars equipped with special cameras 

• capture overlapping images that are reconstructed into a 360° view 
linked to GPS data identifying the location of the image

 Neighborhood image data: updated by Google at a frequency 
that is dependent upon population density and weather 
conditions



Advantages of GSV

 Efficiency 

 Researcher safety 

 Low cost

 Unobtrusive data collection



Research examples of utilizing GSV

 Study determined socioeconomic statistics and political preferences in the US population by 
combining publicly available data with machine-learning methods(Gebru et al , 2017). 50 million 
images of street scenes gathered with GSV cars. Computer vision techniques to determine the 
make, model, and year of all motor vehicles 

 Researchers assessed psychometric properties of a neighborhood disorder scale by using GSV in 
Valencia, Spain. Results suggest that the GSV is a reliable, concise, and valid instrument to 
assess neighborhood disorder. GSV  can be used to avoid physical audits issues (Marco et al, 
2017).

 Scholars assessed 532 intersections within New York City by using imagery captured by GSV from 
2007 to 2011. Consistent with in-person study observations, the information-technology approach 
found traffic islands, visual advertising, bus stops, and crosswalk infrastructures to be 
associated with elevated counts of pedestrian injury in New York City (Mooney et al, 2016).



GSV vs On-street observation 

 GSV was found to be a less sensitive tool than on-street observation with only 50 % of the alcohol 
venues identified and 52 % of the venue-associated brand marketing identified. Possible 
reasons of less sensitivity in GSV: the small size of alcoholic beverages in the imagery limited 
resolution and ability to zoom for some advertising materials (Clews et al, 2016)

 A Google Street View based audit tool, was developed incorporating nine categories of street 
characteristics of one large UK town.  A high level of agreement was found between the Google 
Street View audits and those conducted in-person across the nine categories examined (range: 
75.0%-96.7%) (Griew 2013).



Limitations in GSV

 Images in the same geographical area can be collected at different time periods 

 especially around road intersections

 Time lags in image update (1yr)

 On-site audits offer context for what is being viewed

 View and quality of the imagery can also pose limitations
 Blur people to mask identity (pedestrian detection difficult)

 Difficult to detect small objects in GSV images

 Parked cars or road work can obstruct views

 Pedestrianized streets not accessible by Google cars



PILOT: Using GSV to assess the built 
environment characteristics of 3 cities



Study aims

1. Construct built environment indicators using 
computer vision techniques and publicly available 
Google Street View images

2. Examine relationships between neighborhood built 
environments, demographic characteristics of 
residents, and health outcomes. 

We chose the following three visually and geographically 
distinct cities: Salt Lake City, Utah; Chicago, Illinois; 
and Charleston, West Virginia.



Methods



Image data collection

 Using Google’s Street View Image API, we collected image 
from Chicago, Charleston, and Salt Lake City between 
December 2016-February 2017. 

 We obtained image data on all road intersections and a 
random sample of street segments approximately 50 
meters apart. 
 At each search location, we obtained images from all four 

directions (west, east, north, and south). 
 Image resolution was 640x640 pixels. 
 In total 227,000 images were obtained for Chicago, 150,000 

for Salt Lake City, and 53,000 for Charleston. 



Built environment indicators

Each image had three binary labels for the 
following neighborhood characteristics: 

1. presence of a crosswalk (yes/no)
2. building type (single-family detached house 

vs. other)
3. street greenness/landscaping (street trees 

and street landscaping comprised at least 
30% of the image (yes/no). 



Manually labeled dataset for training 
models

13,628 images from Chicago and 2,000 
images from Charleston were manually 
labeled by four of the authors. 

 Inter-rater agreement was above 85% for all 
neighborhood indicators 

 80% of images served as a training set

 20% of labeled image served as a test set



Computer vision

 Deep convolutional network (Visual Geometry 
Group (VGG-16 model) 
 commonly used for object recognition

 For object recognition, we obtained accuracies of:
 84.59% not single family home
 85.40% green 30
 93.03%  crosswalk









Table 1. Descriptive characteristics of neighborhood characteristics

Green streets Crosswalk 
present

Commercial/
apartment building

Mean (Standard 
deviation)

Mean (Standard 
deviation)

Mean (Standard 
deviation)

Salt Lake City 59.0 (49.2) 8.0 (27.1) 38.5 (48.7)

Chicago, Illinois 71.2 (45.3) 22.5 (41.8) 55.8 (49.7)

Charleston, West Virginia 78.6 (41.0) 3.4 (18.1) 44.9 (49.7)
Neighborhood characteristics derived from street images collected between 
December 2016-February 2017 from Google's Street View Image API. N=150,300 
images from Salt Lake City, N=226,875 images from Chicago, and N=53,360 
images from Charleston



Figure 1. Zip code distribution of built environment characteristics in Salt Lake City



Figure 2. Zip code distribution of built environment characteristics in Chicago



Figure 3. Zip code distribution of built environment characteristics in Charleston



Census tract level associations

Across the 3 cities, higher median 
household income was associated 
with more green streets and fewer 
commercial buildings/apartments. 



Table 2. Built environment predictors of adult obesity and diabetesa, Salt Lake City

Obese Diabetes

Built environment characteristics Prevalence Ratio (95% CI)b Prevalence Ratio (95% CI)b

Green streets
3rd tertile (highest) 0.73 (0.63, 0.85) 0.86 (0.77, 0.96)
2nd tertile 0.99 (0.92, 1.06) 1.03 (0.97, 1.08)

Crosswalks
3rd tertile (highest) 0.76 (0.69, 0.85) 0.87 (0.80, 0.95)
2nd tertile 1.02 (0.97, 1.07) 1.01 (0.95, 1.06)

Commercial buildings/apartments
3rd tertile (highest) 0.79 (0.67, 0.94) 0.81 (0.67, 0.98)
2nd tertile 0.93 (0.86, 1.01) 0.91 (0.84, 0.99)

N 727,737 736,218
aData source for health outcomes: Utah Population Database. 
bAdjusted Poisson models were run for each outcome separately. Models controlled for individual level
age, sex, race, ethnicity, education, and marital status as well as zip code level population density, 
percent of the population 65 years and older, percent Hispanic, percent black, median household 
income, and percent householder living in current residence for five years or more. Built environment 
characteristics were categorized into tertiles, with the lowest tertile serving as the referent group. 
Standard errors were adjusted for clustering of values at the zip code level.



Discussion

 This study demonstrates the feasibility and accuracy of computer vision 
models for automatic characterization of neighborhood built environments

 Group demographic characteristics correlated with built environment 
features, either suggesting differential access or preference for different 
types of neighborhoods. 

 In Salt Lake City, we found that green streets, crosswalks, and commercial 
buildings/apartments were associated with lower individual prevalence of 
obesity and diabetes, controlling for predisposing characteristics. 



Study limitations

 Image data can only capture a subset of community 
features

 Computer vision restricts type and extensiveness of 
neighborhood features

 Cross-sectional study



GSV + County Health Outcomes
Using GSV API + Google’s Out-of-Box Computer Vision API



methods

 Using road network data and Google Street View API, from 
December 15, 2017-May 14, 2018 we retrieved over 16 million 
GSV images of street intersections across the United States

 Use Google’s computer vision API to label each image

 Implemented regression models to estimate associations 
between built environments and county health outcomes, 
controlling for county-level demographics, economics, and 
population density.









Table 1. Descriptive characteristics of Google Street View-
derived built environment characteristics

Google Street View images

N

Percent 
(Standard 
deviation)

Highway 16,172,373 11.36 (31.73)

Rural area 16,172,373 14.23 (34.93)

Grassland 16,172,373 5.49 (22.78)
Neighborhood characteristics derived from street images 
collected between December 2017-April 2018 from Google's 
Street View Image API



Table. Google Street View-derived predictors of census tract health outcomesa

Obesity Diabetes Physical 
distress Mental distress Physical 

inactivity Binge drinking Limited access 
to healthy food

Limited access to 
dental care

Prevalence 
differencea

Prevalence 
differencea

Prevalence 
differencea

Prevalence 
differencea

Prevalence 
differencea

Prevalence 
differencea

Prevalence 
differencea

Prevalence 
differencea

Google Street View rural area

3rd tertile (highest) 4.80 1.28 1.70 1.42 4.84 -1.88 34.48 5.55
2nd tertile 3.39 0.76 0.81 0.41 2.77 -1.38 23.10 2.78

Census derived 

Population density

1st tertile (lowest) 2.82 0.54 0.81 0.72 2.36 -1.04 36.82 3.46
2nd tertile 2.16 0.51 0.64 0.37 1.52 -1.12 23.20 2.26

Rural census tract 1.72 0.22 0.55 0.66 1.65 -0.37 22.33 2.55
Rural-urban continuum codes

Small town & rural 
(vs. metropolitan tracts) 1.06 2.72 3.93 1.49 -1.74 -1.78 32.67 1.44
N 9,991 9,991 9,991 9,991 9,991 9,991 10,529 9,991
a Data source of health outcomes: City Health Dashboard on 500 U.S. Cities. Census tract built environment characteristics categorized into tertiles with the 
lowest tertile serving as the referent group. Adjusted linear regression models were run for each predictor and outcome separately. Models controlled for census 
tract-level demographics: population density, rural census tract designation, percent 10-24 years old, percent 65 years and older, percent Hispanic, percent non-
Hispanic black, households with relatives (other than spouse and children), households with unmarried partner, owner-occupied housing, economic disadvantage, 
and household size. A census tract was urban if the geographic centroid of the tract was in an area with more than 2500 people; all other tracts are rural. Robust 
standard errors reported. Separate models were run for each outcome and for each predictor (Google Street View derived rural area, census population density, 
rural census tract) because the predictors were collinear with each other.
bRural-Urban continuum codes: https://www.ers.usda.gov/data-products/rural-urban-commuting-area-codes.aspx#.U9lO7GPDWHo.

https://www.ers.usda.gov/data-products/rural-urban-commuting-area-codes.aspx#.U9lO7GPDWHo


Ongoing GSV work



Feature classification using GSV images
 A joint model was trained for all 6 indicators 

 Green30

 Crosswalk

 Not single family house

 Single lane

 Visible wires 

 Using annotated training data we have (Chicago, Charleston and Mixed 
data)

 Feature extractor architecture is VGG-16 and it is pre-trained using 
the ImageNet data

 One Titan X GPU is used for training the network

 For testing 4 Titan X GPUs are used to speed up data processing
34
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Predictions:

Green30: 1
CrossWalk: 1
Not SFH: 0
Single Lane: 1
3 or more Lane: 0 
Visible Wires: 0



Predictions:

Green30: 0
CrossWalk: 0
Not SFH: 1
Single Lane: 0 
3 or more Lane: 0 
Visible Wires: 1



Predictions:

Green30: 0
CrossWalk: 0
Not SFH: 0
Single Lane: 0
3 or more Lane: 0
Visible Wires: 0



Predictions:

Green30: 1
CrossWalk: 0 
Not SFH: 0
Single Lane: 1 
3 or more Lane: 0 
Visible Wires: 0



Predictions:

Green30: 1
CrossWalk: 1
Not SFH: 0
Single Lane: 1
3 or more Lane: 0
Visible Wires: 1



Predictions:

Green30: 1 
CrossWalk: 1 
Not SFH: 0
Single Lane: 1 
3 or more Lane: 0
Visible Wires: 1



Table 1. Descriptive characteristics for 
intersection characteristics

Mean (SD)

Green30 80.78 (39.40)
Crosswalk 6.61 (24.84)
Not single family home 30.22 (45.92)
Single lane 54.49 (49.80)
Visible wires 60.63 (48.86)
N=30 million images



Direct Approach

 The current approach has the problem of needing manual labeling of built 
environment features for classifier training

 Due to variation in architecture and landscaping through US the model needs much 
more annotations to generalize well across the US

 We propose a direct approach that obviates the need for manual annotations to 
find prevalence rates which works on sets of images 

 The proposed network takes as input a collection of images 
corresponding to a tract and predicts the chronic disease prevalence
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Proposed network for obesity rate regression directly from GSV neighborhood images



Preliminary Results for Direct Approach

 We have collected more than 32 million images from all over US

 These images map to 53,921 unique census tracts 

 We have disease prevalence rates (obesity rates) for 19,707 tracts

 We perform initial experiments with 8690 tracts and roughly 200,000 images

 We use 7000 tracts for training and 1690 for testing

 R2 of 0.49 is achieved on the testing data



Hybrid Network

 Neighborhood experts are interested in correlating built environmental features to 
disease prevalence rates, however the direct approach does not provide built 
environment feature classification

 We propose a hybrid network to predict built environmental features too

 We use the regressor network as a regularizer to extract more universal features 
across the US in order to have a better generalization of the feature classifier

 This new networks can accommodate feature classification which enables 
neighborhood researchers to interpret the correlation more easily
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More on the hybrid model

 In the hybrid network we utilize multi-task learning where we benefit from two 
sources of information for training

 One source is the annotated data for feature classification and the second source 
is the chronic disease prevalences

 By learning these two tasks at the same time we will be forcing the feature 
extractor to learn more global features which facilitates a better generalization

 The top branch of the hybrid network can be compared to the traditional method 
where we aggregate the predicted features in percentile fashion for prevalence 
regression 
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