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Our Mission









With recently graduated UMD CS PhD Student Matt Mauriello, now a post-doc at Stanford

[UbiComp’14, CHI’15 Honorable Mention, HBI’16, CHI’17, UbiComp’17 DC, MobileHCI’18]





[CHI’13 Best Paper, CHI’14]





[IDC’13, CHI’15 Honorable Mention, ICLS’16, IDC’16, CHI’17, ICLS’18]







How can we… 
develop solutions that collect, model, verify, 

& visualize urban accessibility at scale?

[ASSETS’12, CHI’13, HCOMP’13, ASSETS’13 Best Paper, UIST’14, 
TACCESS’15, SIGACCESS’15, CHI’16, ASSETS’17, ASSETS’18 x2] 



million U.S. adults 
have a mobility impairment

Source: US Census, 210



million use an assistive aid

Source: US Census, 210















Accessible infrastructure 

has a significant impact 

on the independence

and mobility of citizens
[Thapar et al., 2004 ; Nuernberger, 2008] 





I usually don’t go where I don’t 

know [about accessible routes]
-P3, congenital polyneuropathy



The National Council on Disability noted that 

there is no comprehensive information on 

“the degree to which sidewalks are 

accessible” in cities.

National Council on Disability, 2007

The impact of the Americans with Disabilities Act: Assessing 

the progress toward achieving the goals of the ADA 



There are many approaches for data collection but they 

typically require onsite reporting, which limits scalability



Safe Routes to School Walkability Audit
Rock Hill, South Carolina

Walkability Audit
Wake County, North Carolina

Walkability Audit
Wake County, North Carolina





http://www1.nyc.gov/311/index.page



http://www1.nyc.gov/311/index.page

The NYC311 app has a specific 
option for broken sidewalks





http://wheelmap.org http://axsmap.com http://accesstogether.org



http://wheelmap.org http://axsmap.com http://accesstogether.org

Important crowdsourcing tools

Reliance on local population for 

reporting limits who can supply 

data and how much they supply

Recent survey by Ding et al., 2014 

found that only 1.6% of Wheelmap

POIs had data about accessibility

Focus is on places rather than 

sidewalk infrastructure 



We are pursuing a complementary two-fold approach



To develop scalable methods that mine massive repositories of online map 
imagery to identify accessibility problems semi-automatically



To enable new urban accessibility analyses and create 
accessibility-aware mapping tools not previously possible



[ASSETS’12, CHI’13, HCOMP’13, ASSETS’13, UIST’14, 
TACCESS’15, ASSETS’17, ASSETS’18] 

[SIGACCESS ‘15, CHI’16, ASSETS’18]



Is online map imagery a good 

source for accessibility data?

Can we create interactive tools 

that enable crowd workers to find 

accessibility problems?

How can we leverage 

computational techniques to 

scale our approach?[ASSETS’12, CHI’13, HCOMP’13, ASSETS’13, UIST’14, 
TACCESS’15, ASSETS’17, ASSSETS’18] 



Is online map imagery a good 

source for accessibility data?

Can we create interactive tools 

that enable crowd workers to find 

accessibility problems?

How can we leverage 

computational techniques to 

scale our approach?[ASSETS’12, CHI’13, HCOMP’13, ASSETS’13, UIST’14, 
TACCESS’15, ASSETS’17, ASSETS’18] 



How well do accessibility problems found in Google 

Street View correspond with the real world?



Can you tell which image comes from Google Street View and which 

image we took ourselves with our iPhone?





Washington DC & Seattle | 42 km surveyed Washington DC & Baltimore | 34 km surveyed



vs. vs.

ρ=

All results statistically significant at p < 0.001

ρ=



See: Odgers et al., 2012; Wilson et al., 2013; Kelly et al., 2013; Bader, et al., 2017





Official DC.gov dataset for curb ramps 
hasn’t been updated since 2010



Google Street View is a reasonable proxy for 

studying the state of street-level accessibility



Is online map imagery a good 

source for accessibility data?

Can we create interactive tools 

that enable crowd workers to find 

accessibility problems?

How can we leverage 

computational techniques to 

scale our approach?[ASSETS’12, CHI’13, HCOMP’13, ASSETS’13, UIST’14, 
TACCESS’15, ASSETS’17, ASSSETS’18] 



Is online map imagery a good 

source for accessibility data?

Can we create interactive tools 

that enable crowd workers to find 

accessibility problems?

How can we leverage 

computational techniques to 

scale our approach?[ASSETS’12, CHI’13, HCOMP’13, ASSETS’13, UIST’14, 
TACCESS’15, ASSETS’17, ASSSETS’18] 



[ASSETS’12 Poster, CHI’13] 



1. Find & label problem



1. Find & label problem



1. Find & label problem
2. Categorize problem
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1. Find & label problem
2. Categorize problem
3. Rate problem severity



1. Find & label problem
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1. Find & label problem
2. Categorize problem
3. Rate problem severity
4. Submit work



1. Find & label problem
2. Categorize problem
3. Rate problem severity
4. Submit work

Receive another image to 
label & process repeats.



1. Verify label



1. Verify label



1. Verify label
2. Verify rating



1. Verify label
2. Verify rating
3. Provide details



1. Verify label
2. Verify rating
3. Provide details

Check for false negatives



1. Create image dataset

2. Generate ground truth labels

3. Deploy our tools to crowd

4. Compare performance to ground truth



Baltimore





Sidewalk Ending

Object in Path

Surface Problems

Missing Curb Ramps

No Problems



1. Create image dataset

2. Generate ground truth labels



Bob Sue Alice

Object in Path

Object in Path

No Curb Ramp

Bob’s Labels

Object in Path

Object in Path

Sue’s Labels

Object in Path

Object in Path

No Curb Ramp

Alice’s Labels

Object in Path

Object in Path

No Curb Ramp
}

Majority 
Vote

Researcher Ground Truth



1. Create image dataset

2. Generate ground truth labels

3. Deploy our tools to crowd









1. Create image dataset

2. Generate ground truth labels

3. Deploy our tools to crowd

4. Compare performance to ground truth



Are crowd workers capable of finding 

accessibility problems in online map imagery?



With one labeler per image



With one labeler per image



With one labeler per image



With one labeler per image

78% 81%

Multiclass Overall Binary Overall
Sidewalk Ending

No Curb Ramp

Surface Problem

Object in Path

No Problem

No Problem

Problem





(i.e., tendency towards false positives)



(i.e., tendency towards false positives) (e.g., misunderstanding, malevolence) (i.e., ambiguous problem category)
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With basic quality control measures, minimally trained crowd 

workers can find accessibility problems with an accuracy of ~93%



But this approach relied purely on manual labor. Can we do better?



Is online map imagery a good 

source for accessibility data?

Can we create interactive tools 

that enable crowd workers to find 

accessibility problems?

How can we leverage 

computational techniques to 

scale our approach?[ASSETS’12, CHI’13, HCOMP’13, ASSETS’13, UIST’14, 
TACCESS’15, ASSETS’17, ASSSETS’18] 



Tohme
遠目 Remote Eye・

[HCOMP’13, UIST’14] 



遠目Remote Eye

svCrawl

Web Scraper



遠目Remote Eye

svCrawl

Web Scraper

Street Dataset

Google Street View Panoramas

3D Point-cloud Data

Top-down Google Maps Imagery

GIS Metadata
<Latitude & longitude/>

<GSV image age/>

<Street & city names/>

<Intersection topology/>

Street View images
3D-depth maps
Top-down map images
GIS metadata

Scraped Area: 11.3 km2
Urban Residential



遠目Remote Eye

svCrawl

Web Scraper

Street Dataset

Street View images
3D-depth maps
Top-down map images
GIS metadata

<Intersection topology/>

Scraped Area: 11.3 km2

D.C. Baltimore Los Angeles Saskatoon

Urban Residential

1,086
intersections

2,877
curb ramps

647
missing 

curb ramps

Dataset Statistics

2.2 yrs (SD=1.3)

average GSV image age
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Web Scraper

svDetect
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Ramp Detection

Street Dataset

Street View images
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Top-down map images
GIS metadata
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遠目Remote Eye

svCrawl

Web Scraper

svDetect
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Street Dataset

True Positive
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Street View images
3D-depth maps
Top-down map images
GIS metadata
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CV success
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svCrawl
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Street Dataset

down map images

Verifiers cannot fix false negatives
(i.e., they cannot add new labels)



svCrawl

Web Scraper

Street Dataset

遠目Remote Eye

svControl

Automatic 

Task Allocation

svVerify

Crowd Verification

svLabel

Crowd Labeling

Street View images
3D-depth maps
Top-down map images
GIS metadata
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遠目Remote Eye

svDetect

Automatic Curb 

Ramp Detection

1. Deformable part model (DPM)

2.Post-processing DPM

3.SVM-based classifier



Root filter Parts filter Displacement cost

Root filter Parts filter Displacement cost

Felzenszwalb et al., CVPR’08, CVPR’10



Root filter Parts filter Displacement cost



True Positives 1

False Positives 12

False Negatives 0
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True Positives 1

False Positives 12

False Negatives 0



True Positives 1

False Positives 5

False Negatives 0



True Positives 1
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True Positives 1

False Positives 3

False Negatives 0



True Positives 6

False Positives 11

False Negatives 1



True Positives 6

False Positives 4

False Negatives 1



True Positives 6

False Positives 4

False Negatives 1



svCrawl

Web Scraper

Street Dataset

遠目Remote Eye

svControl

Automatic 

Task Allocation

svVerify

Crowd Verification

svLabel

Crowd Labeling

Street View images
3D-depth maps
Top-down map images
GIS metadata

svDetect

Automatic Curb 

Ramp Detection



svControl

Automatic 

Task Allocation

Curb Ramp Detector Output (16 Features)

Raw # of bounding boxes
Descriptive stats of confidence scores 
Descriptive stats of XY-coordinates 

3D-Point Cloud Data (5 Features) 
Descriptive stats of depth information 
(e.g., average, median, variance) of 
pixel depth

Intersection Complexity (2 Features)

Cardinality (# of connected streets)
Amount of road

Binary classifier trained to predict occurrence of false negatives from svDetect stage



svCrawl

Web Scraper

Street Dataset

遠目Remote Eye

svControl

Automatic 

Task Allocation

svVerify

Crowd Verification
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Street View images
3D-depth maps
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GIS metadata

svDetect
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Ramp Detection

Predicted
CV failure

Predicted
CV success



Correct false positives from computer vision



Correct false positives from computer vision

Playback Speed: 2x



Predicted
CV failure

Predicted
CV success

svCrawl

Web Scraper

Street Dataset

遠目Remote Eye

svControl

Automatic 

Task Allocation

svVerify

Crowd Verification

svLabel

Crowd Labeling

Street View images
3D-depth maps
Top-down map images
GIS metadata

svDetect

Automatic Curb 

Ramp Detection





Playback Speed: 2x



1. Generate ground truth labels

2. Train computer vision & task controller

3. Deploy Tohme to Mechanical Turk

4. Compare Tohme to baseline
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svCrawl

Web Scraper

Street Dataset

svDetect

Automatic Curb 

Ramp Detection

svControl

Automatic 

Task Allocation
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Crowd Verification

svLabel

Crowd Labeling

Street View images
3D-depth maps
Top-down map images
GIS metadata



Automatic Curb 

Ramp Detection

svControl

Automatic 

Task Allocation

svVerify

Crowd Verification

svLabel

Crowd Labeling

Simulated perfect task controller





Occlusion Illumination

Scale

Viewpoint Variation

Structures Similar to Curb Ramps Curb Ramp Design Variation











What are the correlates to accessibility? Census tract data, real estate pricing, school quality, park density?







Only 51% of users finished tutorial 
(avg time: ~5 mins)

Only 30% finished their first mission

Most people who 

complete at least one 

mission, complete at least 

one more. Stickiness?



Curb Ramps Missing Curb Ramps Obstacles Surface Problems

44.4% driveway transition

22.2% driveways

14.8% random

29.6% house-to-curb

25.9% no pedestrian route

24.1% curb ramp exists

42.6% not on pedestrian route

37.0% space to avoid obstacle

9.3% wrong label type

46.2% not on pedestrian route

32.7% incorrect label type

11% normal sidewalk tiling

Randomly sampled 54 false positives and 54 false negatives for each label type (432 total error samples analyzed). False positives shown below.   



Improving data 

collection 

methods.

Predicting work quality, 
better integration with 
computer vision, more 

sophisticated feedback and 
training

Data/urban 

science 

questions.

What factors correlate with 
urban accessibility? How can 
we create models that allow 
us to compare across cities?

New applications 

of method.

How can we track urban 
accessibility changes over 
time? Could we create a 

reusable GSV-based 
platform to support other 

studies?

Creating new 

interactive tools.

Interactive visualizations of 
neighborhood accessibility, 
‘smart routing’ that takes 
into account accessibility 

obstacles





Follow-up to UIST’14, published at CVPR’17. 

Context map

Input image









Sept 2007 Jul 2009

May 2014 July 2015

June 2011

Manual Label

[ASSETS’18 Poster] 



[ASSETS’18 Poster] 



https://github.com/ProjectSidewalk http://projectsidewalk.io/api

https://github.com/ProjectSidewalk
http://projectsidewalk.io/api


Help make the world more accessible for everyone!

Join us. Email: jonf@cs.uw.edu.



NSF #1302338, Google, IBM
PI Froehlich, Co-PI David Jacobs





Help make the world more accessible for everyone!

Join us. Email: jonf@cs.uw.edu.


