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‘We present the first examination of deep learning methods to
automatically assess sidewalk accessibility in terms of curb
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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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Such disparities may reflect

deeper inequalities in the A Froquency
digital representation of urban -
spaces, potentially biasing s °

downstream analyses and
influencing policy decisions.

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.




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: Are GSV updates spatially equitable?

Sufficient observations (N)l Natlanta = 425, NChicago= 21 42, 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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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.

2018 2020

Capture Year



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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