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ABSTRACT

Recent work has applied machine learning methods to auto-
matically find and/or assess pedestrian infrastructure in online
map imagery (e.g., satellite photos, streetscape panoramas).
‘While promising, these methods have been limited by two in-
terrelated issues: small training sets and the choice of machine
learning model. In this paper, aided by the recently released
Project Sidewalk dataset of 300,000+ image-based sidewalk
accessibility labels, we present the first examination of deep
learning to automatically assess sidewalks in Google Street
View (GSV) panoramas. Specifically, wei restigate two ap-
plication area<* automatically validatino cr( yd<ourced labels
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and infrequent. ! Moreover, the resulting data is in disparate
formats, is not typically open (i.e., published online), and is
not intended for end-user tools [23, 50]. To expand who can
collect sidewalk data and to improve data granularity and fresh-
ness, researchers have introduced smartphone-based tools [15,
46, 52] as well as instrumented wheelchairs [35, 39, 51, 57],
both of which capture sidewalk information in situ as it’s ex-
perienced. However, these tools have been limited by low
adoption, small geographic coverage, and high user burden
(e.g., requiring users to take out their phones, load an app, take
a picture, annotate it, and upload it) [20, 23].
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‘We present the first examination of deep learning methods to
automatically assess sidewalk accessibility in terms of curb



The spatio-temporal distribution of images retrieved

nature africa from Google Street View in Singapore

Explore content v  About the journal v

nature > nature africa > comment > article

2008 2009 2010 2011
wh <% .
COMMENT | 13 August 2023 P g‘a -y ﬁg s 5 g_‘.
"‘c‘h . "$ q‘-~. 3
Putting Africaonthe ma
g p 2012 2013 2014 2015
Alack of street view imagery in many countries mean valuable data isn’t available to . : B ? % ;
P R G4 g | m Frequency
researchers. b S gt % g P
20
By Mette Bendixen, Tawanda Kanhema & Lars L. Iversen 15
2016 2017 2018 2019
y f " o, iy o 07, 10
S48 Aafr A A4 :
(] w 'q%i v
2020 2021 2022 2023
'y Wy Wy ",
= & 4 d s ] K
A DRI 7 SRR N £ IR
- -‘i-. \“g H N Wh N\ -ﬁ‘?gf\ - H ;A:_ _“\.'- - HHEHEe \" ke -
1 CTLC1IU LIICTST 1111IagCy di T dpudicu

M a A D -~ =Y I -~ \ - Y -~

A
m D e N - - " e N S S E o o S ALeE B RRE RS WAe

7

Source: Wang, Z., Ito, K., & Biljecki, F. (2024). Assessing the equity and evolution of urban
visual perceptual quality with time series street view imagery. Cities, 145, 104704.



The spatio-temporal distribution of images retrieved
from Google Street View in Singapore
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Gaps

=» Lack scalable and reproducible frameworks for integrating
standardized demographic data with SVI metadata.

=>» Most analyses are limited to specific cities or regions,
preventing broader geographic comparisons.

=> Lacks accessible, interactive tools for transparent
exploration of spatial representation patterns.




We developed a scalable framework that integrates GSV metadata
with standardized ACS data at the census block group level,
enabling comparisons across urban contexts while providing an
interactive platform for exploration of spatial disparities.
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Demo

Select your targeted neighbourhood

Use the filters below to explore how Google Street View
image freshness varies by neighborhood characteristics.
Example: I want to see the distribution of image staleness in high-income neighbourhood.
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Select your targeted neighbourhood

Use the filters below to explore how Google Street View
image freshness varies by neighborhood characteristics.
Example: I want to see the distribution of image staleness in high-income neighbourhood.
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Initial Results

We observed a generally consistent
“Digital Redlining” pattern in
Google’s SVI update frequency.

Neighborhoods that are higher-income, higher-value,
pre-dominantly single-family, or suburban tend to
exhibit higher image staleness;

while denser, pedestrian-oriented, and higher-minority
communities receive more regular updates.

I
2018 2020

Capture Year



Initial Results: Are GSV updates spatially equitable?

Sufficient observations (N)| Natanta = 425, Nchicago= 2142, NDetroit = 622, NSeattle = 537

Consistent trends (Seattle, Chicago, Atlanta):

* 1 Median Income / Home Value / Single-Family Ratio — Older imagery

* 1 Population Density / Walk Commute Share / Non-white Ratio — Fresher imagery
« Walk Commute Share = most consistent predictor (r = —-0.2 to —0.3)

* Detroit = weaker / mixed results
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Contributions

=> Empirical evidence of spatial inequalities in widely used
street-level imagery.

=>» An open-source extensible framework for integrating imagery,
metadata with social economic data across diverse contexts.

=>» An interactive visualization tool that promotes transparency
and supports audits of digital equity.



Limitations
=>» Spatial dependencies need further modeling.

=>» There may be selection bias in the choice of cities; including
more cities would improve generalizability.

=» Correlation # causation.
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