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How to… 
make the physical world more 

accessible for people with disabilities



Makeability lab

ARSports: Real-time CV for low-vision sports 

Lee, J., Sarda, D., Lee, E., Lee, A. S., Wang, J., Rodriguez, A., Froehlich, J. E. Towards Real-time Computer Vision & Augmented Reality to Support Low Vision Sports: A Demonstration of ARTennis. UIST’23 Demo



Low-vision participant 
with AR glasses





Makeability lab

SoundWatch: real-time sound rec for dhh

Jain, D., Ngo, H., Patel, P., Goodman, S., Findlater, L., Froehlich, J. E. SoundWatch: Smartwatch-based Deep Learning Approaches to Support Sound Awareness for Deaf and Hard of Hearing Users. ASSETS’20; CACM’22





How can we transform access to the built 
environment using Human+AI Techniques?



Project Sidewalk StreetReaderAI



Project Sidewalk

How can we… 
develop scalable 

solutions that assess, 

analyze, and map the 

accessibility of 

sidewalks?



Sidewalks are 
critical public 

infrastructure



Source: https://americanhistory.si.edu/

https://americanhistory.si.edu/blog/smashing-barriers-access-disability-activism-and-curb-cuts


What’s the Access Problem here?



Intersection without curb 
ramps (annotated)

No Curb Ramps

What’s the Access Problem here?



Source: Rooted in Rights, https://youtu.be/NRh-4Y3aNeo 

https://youtu.be/NRh-4Y3aNeo
https://youtu.be/NRh-4Y3aNeo
https://youtu.be/NRh-4Y3aNeo


Curb ramp with pole in middle

Physical Obstacles



Sidewalk that 
unexpectedly ends

Incomplete Sidewalks



Highly degraded sidewalk
Surface Problems



Worst-case sidewalk

Physical Obstacles

No Curb Ramp

Surface Degradation



How do inaccessible sidewalks 

impact human mobility?



Interviews & 
workshops 

with 150 
stakeholders



Source: Disability Rights Washington

Source: Disability Rights Washington, https://youtu.be/LBGDXMTyib4 

https://youtu.be/LBGDXMTyib4
https://youtu.be/LBGDXMTyib4


Source: Disability Rights Washington

https://youtu.be/JX3YfNkEOHc?si=gbIp15bMp4qIiZIJ






Source: RM Videos, 2021

https://youtu.be/mT9n221dILs


Problem is not just a lack of accessible 
sidewalksThe Problem is 

not just a lack 
of accessible 
infrastructure

A lack of data



The National Council on Disability notes that 

there is no comprehensive information on 

“the degree to which sidewalks are 

accessible” in US cities.

National Council on Disability, 2007

The impact of the Americans with Disabilities Act: Assessing 

the progress toward achieving the goals of the ADA 



Source: Shiloh Deitz. 2020. Free Movement: Enhancing Open Data to Facilitate Independent Travel for Persons with Disabilities. 

178 US Cities
54% open street data
20% sidewalks
10% curb ramps
<5% basic accessibility info

Study of open data on sidewalks
Background



Traditional accessibility audits

Safe Routes to School Walkability Audit
Rock Hill, South Carolina

Walkability Audit
Wake County, North Carolina

Background

Walk Audit Toolkit
AARP



Traditional accessibility audits Tradeoffs

Walkability Audit
Wake County, North Carolina

Provide high-quality data but…

Laborious

Expensive

Infrequent

Top-down

Where does data go?

Background



Sidewalk audit Seattle

Background

https://www.seattle.gov/transportation/about-us/asset-management/sidewalk-assessment-project 

First-ever sidewalk audit in 2017

Took ~4 months

Cost $400,000

Has not been repeated

Sidewalks valued at $5.6 billion

Screenshot of the 2017 Sidewalk Assessment Project report by SDOT

Background

https://www.seattle.gov/transportation/about-us/asset-management/sidewalk-assessment-project
https://www.seattle.gov/transportation/about-us/asset-management/sidewalk-assessment-project
https://www.seattle.gov/transportation/about-us/asset-management/sidewalk-assessment-project
https://www.seattle.gov/transportation/about-us/asset-management/sidewalk-assessment-project
https://www.seattle.gov/transportation/about-us/asset-management/sidewalk-assessment-project
https://www.seattle.gov/transportation/about-us/asset-management/sidewalk-assessment-project
https://www.seattle.gov/transportation/about-us/asset-management/sidewalk-assessment-project
https://www.seattle.gov/transportation/about-us/asset-management/sidewalk-assessment-project
https://www.seattle.gov/transportation/about-us/asset-management/sidewalk-assessment-project
https://www.seattle.gov/transportation/about-us/asset-management/sidewalk-assessment-project


We are pursuing a two-fold solution



To develop new data collection methods that combine crowdsourcing + AI1



  To create new urban accessibility analytics not previously possible2



Map, assess, & visualize 

every sidewalk in the

W     rld
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Research timeline
Urban accessibility

First Code Commit on GitHub
PhD Student Kotaro Hara, July 17, 2015

http://dx.doi.org/10.1145/2513383.2513448
https://makeabilitylab.cs.washington.edu/media/publications/Hara_AnInitialStudyOfAutomaticCurbRampDetectionWithCrowdsourcedVerificationUsingGoogleStreetViewImages_2013.pdf
https://doi.org/10.1145/2384916.2384989
https://makeabilitylab.cs.washington.edu/media/publications/Hara_ExploringEarlySolutionsForAutomaticallyIdentifyingInaccessibleSidewalksInThePhysicalWorldUsingGoogleStreetView_2013.pdf
https://doi.org/10.1145/2470654.2470744
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http://projectsidewalk.org 

http://projectsidewalk.org/


7 Label Types

Interactive 
StreetScape 

imagery

Mission stats

Mission map
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43 deployment cities
Project Sidewalk



OpenStreetMap
Filtered Street 

Network

Labeling 
Mission 
Routes

Neighborhood 
Boundaries

Open Gov Data

Preprocessing
Create labeling routes

1

Applications5
Analytics & mobility tools

AccessScore

LabelMap

Gallery

API

postprocessing4
Prepare data for apps

Label Clusters

Raw Labels

Remove poor-
quality labelers

                 
                                                  

                 

Geo-cluster 
proximal labels

Missing ramp

No sidewalk

Surface prob

Google Street View

Meta Mapillary

iNovitas infra3D

Streetscape 
Imagery APIs

Obstacle

crosswalk

Ped signal

Curb ramps

Label sidewalks2
Collect geo-located sidewalk assessments

Labeling Missions

Community Partners

Validate labels3
Quality control

Validation Missions

outcomes6
Research to translational

Translational Impact Research Open Data / Source



Missing ramp

No sidewalk

Surface prob

Obstacle

crosswalk

Ped signal

Curb ramps
Community Partners

Labeling Missions



crosswalk

Ped signal

Curb rampsAccess 
Features

Missing ramp

Surface prob

Obstacle

No sidewalk

Access 
Barriers



crosswalk

Ped signal

Curb rampsAccess 
Features

Missing ramp

Surface prob

Obstacle

No sidewalk

Access 
Barriers



What do you see here? What label would you choose?

The pole is an 
obstacle

Click Obstacle label type





3. Rate Severity

4. Comments

2. Tags

5. Find where to go 
on the map

1. Choose label





Source: Philadelphia Inquirer

https://youtu.be/LHIQdVBgaJo?si=ph4znn3j3o_xVdzf


Obstacle Tags

Trash/recycling cansNarrow

Parked Bike

Tree

ConstructionLitter/garbage

Height difference

Mailbox

Sign

Pole Vegetation

Parked car

Brick/cobblestone Bumpy

Cracks

Grass Height difference (uplift)

Narrow Sand/gravel

Uneven/slanted

Surface problem tags

Narrow Points into cross traffic

Not enough landing space Not level with street

Steep Missing tactile warning

Pooled water Surface problem

Curb ramp Tags Crosswalk

Paint fading

Brick/cobblestone

Bumpy

Cracks



Low Severity
Passable

Medium
Semi-passable

High
Not passable

Obstacle

No sidewalk

Missing rampSurface problem Curb ramps No Sidewalks

Worse

Rate Severity

Room to maneuver around

Impassable barrier!



Narrow + obstacle

Steep + narrow

Not enough landing space

No friction/tactile strip

Points into traffic

Not level with street

Steep + obstacle

Narrow

Poor design

High Severity
Not passable

Curb ramps



Obstacle
High Severity
Not passable

Sidewalk Mattresses
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This is a driveway, 
not a curb ramp



This is a driveway, 
not a curb ramp



Pole is not an 
obstacle here



not on the 
pedestrian 

pathway



Image source: montgomeryplanning.org

Sidewalks often have 
buffer zones

https://montgomeryplanning.org/planning/communities/midcounty/rock-spring-and-white-flint-2-design-guidelines/


Image source: montgomeryplanning.org

Only mark barriers in 
the pedestrian path

https://montgomeryplanning.org/planning/communities/midcounty/rock-spring-and-white-flint-2-design-guidelines/


We also try to make Project Sidewalk fun and educational



Screenshot of user 
dashboard showing badges 
and achievements



Screenshot of Project 
Sidewalk leaderboard



Source: Edgar Martínez, Liga Peatonal

Labeling Mexico 
City from Germany!

Project Sidewalk

Remote crowdsourcing
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Label Map tool





Sidewalk gallery
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How can we… 
Use AI techniques to 

improve data collection 

efficiency, quality, and 

human performance.
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Can AI automatically find and label sidewalk features and problems?

Auto-labeling
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Modified resnet-18 architecture
Auto-Labeling
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Training Dataset
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Total Dataset
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Performance Results
Auto-Labeling
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Performance Results by Label Type
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Common Failures
Auto-Labeling

Weld et al., Deep Learning for Automatically Detecting Sidewalk Accessibility Problems Using Streetscape Imagery, ASSETS’19 
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RampNet
Auto-labeling

O'Meara, J., et al. RampNet: A Two-Stage Pipeline for Bootstrapping Curb Ramp Detection in Streetscape Images from Open Government Metadata. ICCV CV4A11y 2025





Large training dataset
Auto-labeling

O'Meara, J., et al. RampNet: A Two-Stage Pipeline for Bootstrapping Curb Ramp Detection in Streetscape Images from Open Government Metadata. ICCV CV4A11y 2025



RampNet vs. prior work
Auto-labeling
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RampNet vs. prior work
Auto-labeling

RampNet

Weld et al., 
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Test Dataset

3,919 Curb ramp labels

Recall
Did we find all curb ramps?

Precision
Of everything 
found, were 

they all correctly 
curb ramps?

The ideal

Recall: 92.5%
Precision: 94.0% 

O'Meara, J., ICCV CV4A11y 2025



Integrating into project sidewalk
Auto-labeling

Stage Four: Test Deployment
Vancouver, WA 

Stage Three: Integration
Project Sidewalk

O'Meara, J., et al. RampNet: A Two-Stage Pipeline for Bootstrapping Curb Ramp Detection in Streetscape Images from Open Government Metadata. ICCV CV4A11y 2025
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Label entire cities in minutes



More work needed for additional sidewalk features and problems

Auto-labeling
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Curb ramps

Custom Trained 
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Model Output
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Surface prob Obstacle

Curb ramp Label
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Pooled water
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…

Can we infer tags given a label type and image crop?

Liu, A., et al., Towards Fine-Grained Sidewalk Accessibility Assessment with Deep Learning: Initial Benchmarks and an Open Dataset. ASSETS 2024. 



System diagram
Tag inference
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Dataset: 24k labels with 29k tags
Tag inference

Liu, A., et al., Towards Fine-Grained Sidewalk Accessibility Assessment with Deep Learning: Initial Benchmarks and an Open Dataset. ASSETS 2024. 



Results: Surface Problem Tags
Tag inference
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Liu, A., et al., Towards Fine-Grained Sidewalk Accessibility Assessment with Deep Learning: Initial Benchmarks and an Open Dataset. ASSETS 2024. 



results
Tag inference

Liu, A., et al. ASSETS 2024. 



Obstacle: add “Parked Car”
TAG Recommender

AI Suggestion



Surface problem: Add “Bumpy”
Tag recommender

AI Suggestion



AI Votes on label correctness
Auto-validator
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Agree

Is this a curb ramp? … a missing curb ramp? … a surface problem? … an obstacle?
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AI voted yes on this label
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Chu Li, et al. LabelAId: Just-in-time AI Interventions for Improving Human Labeling Quality and Domain Knowledge in Crowdsourcing Systems. CHI’24



Key questions
How might these AI interventions 

shape human perspectives?

What are the costs of mistakes?

How do we balance and maintain 

human agency?

How do people feel about these 

AI systems?

Project sidewalk AI
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Custom Trained
ConvNeXt V2

Custom Trained
DINOv2

AI Labeler
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analytic and mobility 

tools that incorporate 

access data & support 

different human 

abilities?

http://dx.doi.org/10.1145/2513383.2513448
https://makeabilitylab.cs.washington.edu/media/publications/Hara_AnInitialStudyOfAutomaticCurbRampDetectionWithCrowdsourcedVerificationUsingGoogleStreetViewImages_2013.pdf
https://doi.org/10.1145/2384916.2384989
https://doi.org/10.1145/2470654.2470744
https://doi.org/10.1145/2470654.2470744
https://makeabilitylab.cs.washington.edu/media/publications/Hara_ExploringEarlySolutionsForAutomaticallyIdentifyingInaccessibleSidewalksInThePhysicalWorldUsingGoogleStreetView_2013.pdf
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CHI’13 CHI’16
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AI4UP’26CHI’25
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Best Paper

Impact studies
Urban Science

Deployment Studies
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http://dx.doi.org/10.1145/2513383.2513448
https://makeabilitylab.cs.washington.edu/media/publications/Hara_AnInitialStudyOfAutomaticCurbRampDetectionWithCrowdsourcedVerificationUsingGoogleStreetViewImages_2013.pdf
https://doi.org/10.1145/2384916.2384989
https://doi.org/10.1145/2470654.2470744
https://doi.org/10.1145/2470654.2470744
https://makeabilitylab.cs.washington.edu/media/publications/Hara_ExploringEarlySolutionsForAutomaticallyIdentifyingInaccessibleSidewalksInThePhysicalWorldUsingGoogleStreetView_2013.pdf


How do perceptions of sidewalk barriers vary as a function of mobility?

N=190 Responses

Li, C., et al. Accessibility for Whom? Perceptions of Mobility Barriers Across Disability Groups and Implications for Designing Personalized Maps. CHI 2025. 



52 images



Obstacles



Surface problems



Curb Ramps



Missing curb ramps
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Accessibility for whom
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Li, C., et al. Accessibility for Whom? Perceptions of Mobility Barriers Across Disability Groups and Implications for Designing Personalized Maps. CHI 2025. 



Survey methods
Accessibility for whom

1. Rating 2. Pairwise 3. Ranking

Li, C., et al. Accessibility for Whom? Perceptions of Mobility Barriers Across Disability Groups and Implications for Designing Personalized Maps. CHI 2025. 



Li, C., et al. Accessibility for Whom? Perceptions of Mobility Barriers Across Disability Groups and Implications for Designing Personalized Maps. CHI 2025. 



Survey methods
Accessibility for whom

1. Rating 2. Pairwise 3. Ranking

Li, C., et al. Accessibility for Whom? Perceptions of Mobility Barriers Across Disability Groups and Implications for Designing Personalized Maps. CHI 2025. 



Survey methods
Accessibility for whom

1. Rating 2. Pairwise 3. Ranking

Li, C., et al. Accessibility for Whom? Perceptions of Mobility Barriers Across Disability Groups and Implications for Designing Personalized Maps. CHI 2025. 



Li, C., et al. Accessibility for Whom? Perceptions of Mobility Barriers Across Disability Groups and Implications for Designing Personalized Maps. CHI 2025. 



Survey methods
Accessibility for whom

1. Rating 2. Pairwise 3. Ranking

Li, C., et al. Accessibility for Whom? Perceptions of Mobility Barriers Across Disability Groups and Implications for Designing Personalized Maps. CHI 2025. 



Survey methods
Accessibility for whom

1. Rating 2. Pairwise 3. Ranking

Li, C., et al. Accessibility for Whom? Perceptions of Mobility Barriers Across Disability Groups and Implications for Designing Personalized Maps. CHI 2025. 



Li, C., et al. Accessibility for Whom? Perceptions of Mobility Barriers Across Disability Groups and Implications for Designing Personalized Maps. CHI 2025. 



Significant difference between mobility 
aid usage and barrier passability



Overall findings
Accessibility for whom

Cane Walker Mobility 
Scooter

Manual 
Wheelchair

Electric 
Wheelchair

Li, C., et al. CHI 2025. 



Curb ramp

Do you feel confident in passing this with your mobility aid?

Li, C., et al. CHI 2025. 



Missing ramp

Do you feel confident in passing this with your mobility aid?

Li, C., et al. CHI 2025. 



Missing curb cuts still require a lot of 

energy and can be very difficult to navigate.

- Walker respondent

Li, C., et al. CHI 2025. 



Surface problem

Do you feel confident in passing this with your mobility aid?

Li, C., et al. CHI 2025. 



The cracks between sidewalk segments 

cause a constant, uncomfortable 

bumping that also shakes my legs off the 

wheelchair’s footplate. Roads are kept 

smooth. Sidewalks are not.

- Manual Wheelchair respondent

Li, C., et al. CHI 2025. 



Personalized applications
Accessibility for whom

Li, C., et al. Accessibility for Whom? Perceptions of Mobility Barriers Across Disability Groups and Implications for Designing Personalized Maps. CHI 2025. 



Access score
Accessibility for whom

Li, C., et al. Accessibility for Whom? Perceptions of Mobility Barriers Across Disability Groups and Implications for Designing Personalized Maps. CHI 2025. 



Access score
Accessibility for whom

Seattle less accessible for 
mobility scooters

Li, C., et al. Accessibility for Whom? Perceptions of Mobility Barriers Across Disability Groups and Implications for Designing Personalized Maps. CHI 2025. 









Shortest Path



Walking cane path



Motorized chair path
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43 cities across 10 countries
Deployments

Deployments

43 Cities

Streets 
Explored

16,255 mi

Labels

1.5 million

Validations

1.4 million







Oradell Girl 
Scouts

National Multiple 
Sclerosis Society

Bergen Multiple Sclerosis
Community Council

Hackensack Meridian
School of Medicine

People Nudge

UW Disability & D/deaf 

Cultural Center

Denny
International
Middle
School

Teaneck
High 
School





What’s the impact? 



Translational impact
Project Sidewalk

                        
                 

Informing Policy

                     
                 

Urban Planning

Service Learning

                 
                 

Research Engine
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NEWBERG, OREGON

Disability 
Advocates

Local 
Community

Public Works 
Office







Newberg, or
http://newberg.projectsidewalk.org 

324
Users

17.3k
Labels

22.6k 
Validations

180.2
Miles

http://newberg.projectsidewalk.org/
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Newberg, or
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Users

17.3k
Labels

22.6k 
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180.2
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Newberg, org

New sidewalk programs



SAN PEDRO, MX

Local 
Community

Local 
UniversityLigaPeatonal.org



San Pedro, MX
Project Sidewalk mexico

Project Sidewalk provides us with 

data that is essential to improving 

San Pedro’s urban accessibility. 

With Project Sidewalk, we know the 

main problems to be solved, how 

many problems there are, and their 

location… The results will be used to 

inform a new Pedestrian Master 

Plan for our municipality.





San Pedro, mX
http://spgg.projectsidewalk.org/ 

1.8k
Users

104k
Labels

65.4k 
Validations

912
Miles

http://spgg.projectsidewalk.org/
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Translational impact
Project Sidewalk
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CHICAGO, IL

Disability 
Advocates

Walkability 
Advocates

Local 
Schools

University of 
Illinois, Chicago

                
                                                 

                 
Local 

Government



$1.5m
in “menu” funds for pedestrian 
infrastructure improvements



$1.5m
in “menu” funds for pedestrian 
infrastructure improvements Goal

Identify issues and 
prioritize investments 
in a way that is 
equitable and efficient



Chicago, IL
http://chicago.projectsidewalk.org/ 

2.8k
Users

134.5k
Labels

204.0k 
Validations

1.4k
Miles

Ward 40

http://chicago.projectsidewalk.org/


Ward 40 in Chicago, IL
http://chicago.projectsidewalk.org/ 

http://chicago.projectsidewalk.org/


Legend
Surface Problems from 
Project Sidewalk
High-Severity

Resident Requests
for Sidewalk Improvements

Ward 40 in Chicago, IL
http://chicago.projectsidewalk.org/ 

http://chicago.projectsidewalk.org/


Who is this?

Who is this?

Overlapping 
Clusters

Large 
swaths 

unreported

Ward 40 in Chicago, IL
http://chicago.projectsidewalk.org/ 

Legend
Surface Problems from 
Project Sidewalk
High-Severity

Resident Requests
for Sidewalk Improvements

http://chicago.projectsidewalk.org/


Project Sidewalk helped us make better 

decisions in how to prioritize our 

$1.5m infrastructure spending as well 

as alert appropriate city departments to 

high-priority accessibility issues.

- Alison Murphy
Director of Communications & Development

40th Ward of Chicago
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How Can Project Sidewalk be a platform for 
learning while also providing valuable data?



ORADELL, NJ

Oradell Girl 
Scouts

Bergen Multiple 
Sclerosis Community 

Council

Hackensack 
Meridian

School of Medicine





Need finding 
& Problem 
Definition

Data 
Collection

Data 
Analysis

Report 
Generation

Community 
Advocacy

Service Learning
Project Sidewalk





Post-hoc interviews in oradell (N=19)
Service Learning

Li, C., et al. “I never realized sidewalks were a big deal”: A Case Study of a Community-Driven Sidewalk Audit Using Project Sidewalk. CHI 2024



Before Project Sidewalk, I never realized how 

important curb ramps are for people with 

disabilities…

- Girl Scout (GS4)
Post-study interview

Li, C., et al. “I never realized sidewalks were a big deal”: A Case Study of a Community-Driven Sidewalk Audit Using Project Sidewalk. CHI 2024



Now when they walk down the street and see 

something [inaccessible], they quickly notice and 

say “This is wrong!”

- Parent
Post-study interview

Li, C., et al. “I never realized sidewalks were a big deal”: A Case Study of a Community-Driven Sidewalk Audit Using Project Sidewalk. CHI 2024



This experience gave me a new perspective that 

I can use to help change the world.

- Girl Scout (GS7)
Post-study interview

Li, C., et al. “I never realized sidewalks were a big deal”: A Case Study of a Community-Driven Sidewalk Audit Using Project Sidewalk. CHI 2024
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Universidad Nacional 
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Universidad Nacional 
Autónoma de México



ZURICH, SWITZERLAND

Disability 
Community

University of 
Zurich

Local 
Government

                  
                     Dr. Hoda Allahbakhshi



Urban science research with project sidewalk
University of Zurich



Translational impact
Project Sidewalk
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Service Learning

Research Engine
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Open source / data
outcomes

https://github.com/ProjectSidewalk/ https://projectsidewalk.org/api 

https://github.com/ProjectSidewalk/
https://projectsidewalk.org/api


Barbara Moreno, https://ggwash.org/view/73794/washington-dc-walkable-scores-quality-of-sidewalks

https://ggwash.org/view/73794/washington-dc-walkable-scores-quality-of-sidewalks
https://ggwash.org/view/73794/washington-dc-walkable-scores-quality-of-sidewalks
https://ggwash.org/view/73794/washington-dc-walkable-scores-quality-of-sidewalks
https://ggwash.org/view/73794/washington-dc-walkable-scores-quality-of-sidewalks
https://ggwash.org/view/73794/washington-dc-walkable-scores-quality-of-sidewalks
https://ggwash.org/view/73794/washington-dc-walkable-scores-quality-of-sidewalks
https://ggwash.org/view/73794/washington-dc-walkable-scores-quality-of-sidewalks
https://ggwash.org/view/73794/washington-dc-walkable-scores-quality-of-sidewalks
https://ggwash.org/view/73794/washington-dc-walkable-scores-quality-of-sidewalks
https://ggwash.org/view/73794/washington-dc-walkable-scores-quality-of-sidewalks
https://ggwash.org/view/73794/washington-dc-walkable-scores-quality-of-sidewalks
https://ggwash.org/view/73794/washington-dc-walkable-scores-quality-of-sidewalks
https://ggwash.org/view/73794/washington-dc-walkable-scores-quality-of-sidewalks


Teaching algorithms with project sidewalk
Outcomes

Source: https://bookish.press/tac/DataStructures



http://projectsidewalk.org 

http://projectsidewalk.org/




Project Sidewalk 
was built by 
students, faculty, 
and our community 
partners



Kotaro Hara
UMD CS PhD’16

2012-2016

Manaswi Saha
UW CSE PhD’22

2016-2022

Mikey Saugstad
Research Engineer

2017-present

Chu Li
UW CSE PhD
2022-present

Yochai Eisenberg
UIC Professor

Disability & Public Health
2017-present



Project Sidewalk StreetReaderAI



Project Sidewalk StreetReaderAI

How can we… 
make interactive 

streetscape tools 

accessible to all?



Making Street View Accessible via 

Context-Aware, Multimodal AI

StreetReaderAI

AI for 

Social 

Good

Technology 

AI Society 

and Culture

You’re standing in 

Gyeongbokgung Palace, 

facing northwest with a clear 

view of a majestic two-tiered 

palace building adorned with 

intricate, colorful patterns…

SHAUN 
KANE
Google 

Research

JON E. 
FROEHLICH

Google 
Research

ALEX 
FIANNACA

Google 
DeepMind

NIMER 
JABER
Google

VICTOR 
TSARAN
Google

http://go/who/shaunkane
http://go/who/jfroehlich
http://go/who/afiannaca
http://go/who/nimer


Transformed How People Learn About the World



Google STREET VIEW
220 billion images 

100+ countries



Fundamentally Inaccessible



Google STREET VIEW
Current Screen Reader Experience



VIBRANT ADS

STORE FRONTS
Street SIGNS

SIDEWALK
WIDE STREET

BOLLARDS
CONSTRUCTION

TOWERING BUILDINGS

STREETLIGHT



How can we make streetscape 
tools accessible to blind users?



Let’s try this 

again but with 

StreetReaderAI





StreetReaderAI is not just a context-

aware description tool for streetscape 

images

StreetReaderAI is an accessible, 

immersive, and interactive street view 

map experience



Example





Fluidly interacting in street view

Engaging in context-aware chat

Learning critical geo-info latent in images



Designing StreetReaderAI



Iterative design process
DESIGN PROCESS

Rapid 

Prototype

Co-Design 

with Cross-

Ability Team

Test & 

Iterate

Feedback 

Sessions with 

AR / Geo

User Study 

with 11 Blind 

Participants

Test & 

Iterate



Four core user tasks
DESIGN PROCESS

POI Investigations

What does a place look like?

Route Planning

What does my route look like?

Virtual Tourism

I’ve always wanted to visit…

Open-Ended Exploring

I just want to explore…

Noun Project Icons: POI by Matthias Hartmann, Route Planning by my, Virtual Tourism by Massupa Kaewgahya 

https://thenounproject.com/icon/poi-2801400/
https://thenounproject.com/icon/route-optimization-7193198/
https://thenounproject.com/icon/tourism-2059539/


SYSTEM OVERVIEW



Location search
AI Describer

AI CHAT

STATUS MESSAGES

Mini-Map



AI Describer
Combines GIS data + 

image analysis



Ai describer
ARCHITECTURE

Dynamic
Geo-Context

User’s 
Current View

Dynamic 
Input

JSON JSON

List of Mobility + 
Access Features

Context-aware 
Description

AI Describer 
Output

MLLM

Static 
Prompt

Prompt
Instructions

Optional 
User Profile

+

https://thenounproject.com/icon/ai-7865331/
https://thenounproject.com/icon/place-7892484/
https://thenounproject.com/icon/ai-prompt-7906362/
https://thenounproject.com/icon/blind-7764040/


Ai describer: STATIC PROMPT
ARCHITECTURE

Dynamic
Geo-Context

User’s 
Current View

Dynamic 
Input

JSON JSON

List of Mobility + 
Access Features

Context-aware 
Description

AI Describer 
Output

MLLM

Static 
Prompt

Prompt
Instructions

Optional 
User Profile

+

“You are an expert in describing visual scenes for 
people who are blind or have low vision. You will 
be assisting users who are navigating Google 
Street View using a screen reader...”

“I use a cane & a service dog for 
navigation. I prefer to walk and take 
public transportation.”

https://thenounproject.com/icon/ai-7865331/
https://thenounproject.com/icon/place-7892484/
https://thenounproject.com/icon/ai-prompt-7906362/
https://thenounproject.com/icon/blind-7764040/


Ai describer
ARCHITECTURE

Dynamic
Geo-Context

User’s 
Current View

Dynamic 
Input

JSON JSON

List of Mobility + 
Access Features

Context-aware 
Description

AI Describer 
Output

MLLM

Static 
Prompt

Prompt
Instructions

Optional 
User Profile

+

https://thenounproject.com/icon/ai-7865331/
https://thenounproject.com/icon/place-7892484/
https://thenounproject.com/icon/ai-prompt-7906362/
https://thenounproject.com/icon/blind-7764040/


Ai describer: DYNAMIC INPUT
STREETREADERAI ARCHITECTURE

Dynamic 
Input

JSON JSON

List of Mobility + 
Access Features

Context-aware 
Description

AI Describer 
Output

MLLM

Static 
Prompt

Prompt
Instructions

Optional 
User Profile

+

Nearby Places Current User View

Heading

<lat, lng>

Road Address

User Location

City, State, Country

Place Name

Place Type

Editorial Summary

Place Address

<lat, lng>

Relative distance

Relative heading

Place Name

Place Type

Editorial Summary

Place Address

<lat, lng>

Relative distance

Relative heading

Place Name

Place Type

Editorial Summary

Place Address

<lat, lng>

Relative distance

Relative heading

VIEW METADATA

Date

Photographer

Pitch

https://thenounproject.com/icon/ai-7865331/
https://thenounproject.com/icon/ai-prompt-7906362/
https://thenounproject.com/icon/blind-7764040/
https://www.flaticon.com/free-icon/earth_18022223?term=latitude&page=1&position=3&origin=search&related_id=18022223
https://thenounproject.com/icon/school-6333109/
https://thenounproject.com/icon/cafe-7865395/
https://thenounproject.com/icon/compass-4077452/
https://thenounproject.com/icon/place-7892484/
https://thenounproject.com/icon/road-7337078/
https://thenounproject.com/icon/road-7337078/
https://thenounproject.com/icon/compass-4077452/
https://thenounproject.com/icon/place-7892484/
https://thenounproject.com/icon/tags-7862941/
https://thenounproject.com/icon/road-7337078/
https://thenounproject.com/icon/compass-4077452/
https://thenounproject.com/icon/place-7892484/
https://thenounproject.com/icon/tags-7862941/
https://thenounproject.com/icon/road-7337078/
https://thenounproject.com/icon/compass-4077452/
https://thenounproject.com/icon/place-7892484/
https://thenounproject.com/icon/tags-7862941/


Ai describer
ARCHITECTURE

Dynamic
Geo-Context

User’s 
Current View

Dynamic 
Input

JSON JSON

List of Mobility + 
Access Features

Context-aware 
Description

AI Describer 
Output

MLLM

Static 
Prompt

Prompt
Instructions

Optional 
User Profile

+

{

mobilityFeatures: [There is a crosswalk in front of you, 

down the hill”, “The crosswalk has painted white 

stripes”, “There is a stop sign”, …],

obstacles: [“There are cars parked on the street”, “You 

need to walk down a hill”],

safetySummary: “Use caution when crossing…”, 

} 

“The image shows a view from Alamo Square in San Francisco with 
the user facing northeast. In front of the user, across a street with 
crosswalks, is a row of Victorian houses, known as the Painted Ladies. 
To the right, about 35 meters away, is the Painted Ladies 
Observatory.”

https://thenounproject.com/icon/ai-7865331/
https://thenounproject.com/icon/place-7892484/
https://thenounproject.com/icon/ai-prompt-7906362/
https://thenounproject.com/icon/blind-7764040/


Ai describer: OUTPUT
ARCHITECTURE

Dynamic
Geo-Context

User’s 
Current View

Dynamic 
Input

JSON JSON

List of Mobility + 
Access Features

Context-aware 
Description

AI Describer 
Output

MLLM

Static 
Prompt

Prompt
Instructions

Optional 
User Profile

+

“You are at a very busy intersection in the 
Shibuya area of Tokyo, with many large 
buildings covered in digital billboards and 
signage. Directly in front of you is a crosswalk 
with white stripes, stretching across the road and 
ending with a large, yellow curb ramp…

{

mobilityFeatures: [There is a crosswalk in front of you, 

down the hill”, “The crosswalk has painted white 

stripes”, “There is a stop sign”, …],

obstacles: [“There are cars parked on the street”, “You 

need to walk down a hill”],

safetySummary: “Use caution when crossing…”, 

} 

“The image shows a view from Alamo Square in San Francisco with 
the user facing northeast. In front of the user, across a street with 
crosswalks, is a row of Victorian houses, known as the Painted Ladies. 
To the right, about 35 meters away, is the Painted Ladies 
Observatory.”

https://thenounproject.com/icon/ai-7865331/
https://thenounproject.com/icon/place-7892484/
https://thenounproject.com/icon/ai-prompt-7906362/
https://thenounproject.com/icon/blind-7764040/


AI CHAT



Ai CHAT: Live bidirectional updates
ARCHITECTURE

Static 
Prompt

Dynamic
Geo-Context

User Views

Dynamic 
Input

JSON

Context-aware 
Description

AI Chat 
Output

MLLM

Prompt
Instructions

Optional 
User Profile

+

Command 
Definitions

StreetReaderAI
Command

Available 
Movements

Gemini Live 
Connection

moveBackward

moveForward

moveToIntersection

turnLeft45

turnLeft90

…

https://thenounproject.com/icon/ai-prompt-7906362/
https://thenounproject.com/icon/ai-7865331/
https://thenounproject.com/icon/place-7892484/
https://thenounproject.com/icon/blind-7764040/
https://thenounproject.com/icon/html-7643378/
https://thenounproject.com/icon/joystick-7747276/


User study



Lab-based user study
StreetReaderAI user study

POI Investigations

What does a place look like?

Virtual Tourism

I’ve always wanted to visit…

Open-Ended Exploring

I just want to explore…

Noun Project Icons: POI by Matthias Hartmann, Route Planning by my, Virtual Tourism by Massupa Kaewgahya 

11 Blind Participants
All cane users

Mixed familiarity with AI

https://thenounproject.com/icon/poi-2801400/
https://thenounproject.com/icon/route-optimization-7193198/
https://thenounproject.com/icon/tourism-2059539/
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Task 1: Poi investigations
user study

POI Investigations
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Virtual Tourism
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StreetReaderAI user study

Task 1: Poi investigationsCafe BUS STOP

restaurantTask 1: Playground SCENARIOplayground



“You plan to take your two 

young nieces to an unfamiliar 

playground. Your goal is to 

learn about the playground 

before going” Task 1: Playground SCENARIO



Playground examples





Task 1: Poi investigations
user study

POI Investigations

What does a place look like?

Virtual Tourism
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Open-Ended Exploring

I just want to explore…

Noun Project Icons: POI by Matthias Hartmann, Route Planning by my, Virtual Tourism by Massupa Kaewgahya 

11 Blind Participants
All cane users

Mixed familiarity with AI

https://thenounproject.com/icon/poi-2801400/
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Task 2: Open-ended exploring
user study

POI Investigations

What does a place look like?

Virtual Tourism
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Open-Ended Exploring

I just want to explore…

Noun Project Icons: POI by Matthias Hartmann, Route Planning by my, Virtual Tourism by Massupa Kaewgahya 

11 Blind Participants
All cane users

Mixed familiarity with AI

https://thenounproject.com/icon/poi-2801400/
https://thenounproject.com/icon/route-optimization-7193198/
https://thenounproject.com/icon/tourism-2059539/


Two exploration scenarios
user study

Explore Route to Ice Cream Shop
Walk east to explore the route
110 meters: ~4 heading changes, 12 steps 



Two exploration scenarios
user study

Explore Route to Ice Cream Shop
Walk east to explore the route
110 meters: ~4 heading changes, 12 steps 

Explore Route to Japanese Restaurant
Walk north then west to explore the route
75 meters: ~7 heading changes, 5 steps



User study RESULTS



Overall Reactions
User study results

Usefulness

6.4/7
Median=7/7 (SD=0.9)

Use in Future?

6.6/7
Median=7/7 (SD=0.8)



“Most navigation systems can get you to 

the last 5-10 feet but this helps get you 

to the door and even describes it”

-P10



“This is just so exciting—having a 

conversation about the street [with 

AI]... this is really amazing”

Screen Reader User  

StreetReaderAI 

Collaborator



Key Problems
User study results

Orientation Truth? System Limits Conflicting Info

GIS Data
Image Data

https://thenounproject.com/icon/ai-7865331/


AI System uses (N=1,053)
User study results

AI DESCRIBER

136 Instances

12.9%
AI CHAT

917 Instances

87.1%vs.



AI System uses (N=1,053)
User study results

AI DESCRIBER

136 Instances

12.9%
AI CHAT

917 Instances

87.1%vs.

“The more you ask, 

the more you learn”
-P10



What questions do blind people 

ask a street view system?



Question types (N=917)
User study results
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Percentage of AI Chat Interactions*Each question could be tagged with up to 3 categories



Question types (N=917)
User study results

1.6%

2.1%

3.2%

3.3%

4.4%

5.6%

6.4%

7.3%

8.0%

9.3%

14.4%

14.9%

18.4%

26.5%

27.0%

0% 10% 20% 30%

Signage reading

State/condition inquiries

Additional info requests

Entrance-related

Commands

Safety/accessibility

Clarifications/confirmations

Directions

Niceties/gratitude

Nearby places

Followup questions

Object/place location

Description requests

Object existence

Spatial orientation

Percentage of AI Chat Interactions*Each question could be tagged with up to 3 categories



Question types (N=917)
User study results
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Followup questions

Object/place location

Description requests

Object existence

Spatial orientation

Percentage of AI Chat Interactions

“How far is the bus stop to 
where I’m standing?”

“Which side is the bus 
stop sign on?”

“What’s to the left of this 
building”

…

*Each question could be tagged with up to 3 categories



Question types (N=917)
User study results
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Percentage of AI Chat Interactions

“Is there a bench?”

“Are there soccer fields?”

“Is there a crosswalk?”

…

*Each question could be tagged with up to 3 categories



Question types (N=917)
User study results

1.6%

2.1%

3.2%

3.3%

4.4%

5.6%

6.4%

7.3%

8.0%

9.3%

14.4%

14.9%

18.4%

26.5%

27.0%

0% 10% 20% 30%

Signage reading

State/condition inquiries

Additional info requests

Entrance-related

Commands

Safety/accessibility

Clarifications/confirmations

Directions

Niceties/gratitude

Nearby places

Followup questions

Object/place location

Description requests

Object existence

Spatial orientation

Percentage of AI Chat Interactions

“What’s in front of me?”

“What do you see?”

…

*Each question could be tagged with up to 3 categories



AI model accuracy is critical



Question Response accuracy (N=816)
User study results
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Gemini Flash 2.0
No custom training



Question Response accuracy (N=816)
User study results

86.2%

6.6% 3.9% 3.2%
0

200

400

600

800

Correct Could Not
Answer

Incorrect Partially
Correct

R
es

po
ns

es

Response Accuracy

Could Not Answer Questions

“What buses use this bus stop?”
“What food is served at this restaurant?”
“What’s the exact distance between two objects”



Question Response accuracy (N=816)
User study results

86.2%

6.6% 3.9% 3.2%
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Response Accuracy

Common Errors
Misidentifications
False negatives
Out-of-view problems





In some cases, system behaved 

inconsistently and unpredictably



Old bike rack





But StreetReaderAI also gets it right





User asks a question before 

the target is visible in image



Tables & Chairs







CV4A11y
ICCV’25 Workshop

Agentic AI



Future work
future

Agentic AI Multimodal
Data Sources

Data Provenance

Model 
Transparency

Improved SV 
Immersion

Handoff to In-Situ 
Experience

https://thenounproject.com/icon/ai-7865331/


Closing quote





Precipice of a fundamental shift 
in accessible mobility



Join us. Together, let’s transform access to the world!
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