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Poorly maintained sidewalks pose considerable accessibility chadléargeeople with
mobility impairmens. Despite comprehensive civil rights Isftion of Americans
with DisabilitiesAct, many city streetandsidewalksin the US. remain inaccessible
The problem is not just that sidewalk accessibility fundamentally affects where and
how people travel in citiedut also that there are few, if\gmechanisms to determine
accessible areas of a city a priori.

To address this problem, my Ph.D. dissertation introduces and evaileates
scalable methods faollecting databoutstreetlevel accessibity using a combination
of crowdsourcing, automade methods, and Google Street View (GSV). My
dissertation ha®ur research threads. First, we conduct a formative interview study to
establish a better understanding of how people with mobility impairments currently

assess accessibility in the built envinoent and the role of emerging locatioased



technologies therein. The study uncovers the existing methods for assessing
accessibility of physical environment and identify useful features of future assistive
technologies. Second, we develop and evaluedéakle crowdsourced accessibility
data collection methods. We shdkat paid crowd workersrecruited froman online

labor markgplacecanfind and labelccessibilityattributes in GSMwvith accuracy of

81%. This accuracy improvee 93% with qualitycontrol mechanissisuch as majority

vote Third, we design a system that combines crowdsourcing and automated methods
to increase data collection efficiency. Our wosghows that by combining
crowdsourcingand automated methodse canincreasedata colleabn efficiency by

13% without sacrificing accuracifourth, we develop and deploy a web tool that lets
volunteers to help us collect the strmtel accessibility data from Washington, D.C.

As of writing this dissertation, we have collected the acceggitidta from 20% of the
streets in D.CWe conduct a preliminary evaluation on how the said web tool is used.
Finally, we implement proebf-concept accessibilitgware applicationswith
accessibility data collected with the help of volunteers.

My dissertationcontributes to the accessibility, computer science, ahiclI
communitesby: (i) extending the knowledge of how people with mobility impairrment
interact with technology to navigate cities; (ii) introducing the first work that
demonstrateshat GSV is a viable source for learning about the accessibility of the
physical world; (iii) introducingthe first methodhat combine crowdsourcing and
automated method#o remotely collect acessibility information; (iv) deploying

interactive web toolshat allowvolunteersto helppopulatethe largest dataset about



streetlevel accessibility of the world; andv)( demonstrating accessibiligware

applicationghat empower people with mobility impairments.
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Li st of Figures

Figure 1.1. In this dissertation, we describe the methods that combines crowdsourcing, online map
imagery, and automated methods to sauniomaically locate, identify, and assess accessibility
problems in the built environment. The images above show crowd annotations from the
experiments on Mechanical Turk where minimally trained crowd workers were asked to find,
label, and rate the severity siflewalk accessibility obstacles in Street View images.......... 1

Figure 1.2. To demonstrate the utility of the stiegtl accessibility data collected by our methods, we
create a proebf-concept choropleth magiccess Mapthat visualizes accessibility levels of
neighborhoods in Washington, D.C. Mobility iaiped travelers could use Access Map to quickly
assess which neighborhoods are accessible and inaccessible.............ccevveeeiiiiiiiiiiiiinnn ! 4

Figure 1.3. Our initial welbased Street View image labeling tool. Labeling images is a three step process
consisting of outlining the location of the sidewalk problem in the image, categdhigipgoblem,
and assessing the..pr.abl.embs..s.ev.er.i.t. y....Z

Figure 2.1Examples of ADA regulations regarding sidewalk accessibility attributes. (a) The regulations
ruled that accessible walking pass tvé at least 36 inches wide. (b) Enough clearing spaces
should be provided at both ends of curb ramps..............ooooi 15

Figure 2.2. Walk Score visual i ziltybyassessingpeokirkity Scor e qu
to important amenitiese(g.,grocery stores). Green areas represent walkable regions and red areas
indicate 1ess WalKable @rEas..........ccovveeiiiiiii e 19

Figure 2.3.The curb ramp location data of Washington D.C. that has been collected and distributed by
the D.C. government. The top image sh@awnsaw aerial image of the D.C. area and icons in the
bottom image shows placement of curb ramps.........ccooo oo, 22

Figure 2.4.Examples of errors in the official curb ramp geographical data of Washington, D.C.: (a)
although the official data indicates the presence of a curb ramp, there is no curb ramp in the real
world; (b) the official data indicates that there is no curb ramp, but in fact there is a curb ramp at
this intersection as we found through our own physical audits of these.areas............... 23

Figure 2.5. WALKscope. The web interface shows a vector layer of the sidewalks (segments) and
intersections (dots) in thety of Denver. In the data exploration window, the application visualizes
low quality sidewalks and intersections in red and high quality ones in green. In the data editing
window, online users can provide information about the quality of the sidewalkstarsections.

Figure 3.1. To explore how dationbased technologies currently support users with mobility
impairments as well as to examine desired future interfaces and uses, we conductedatthree
formative study with 20 mobility impaired participants. Above, photos from (a) astematured
interview, (b) a participatory design activity, and (c) a design probe...............co o 38

Figure 3.2. The four templates for sketching: (a) a blank mobile, (b) a map on a mobile, (c) a blank web
browser, and (d) a map 0N a Web DrOWSE...........uuuiiiiiiiiiiiiiiiiiieeee e 42

Figure 3.3. We demonstrated the twelve paper prototypes of ALTs to participants in Part 3 of the study.
(a-d) streetlevel accegbility visualizations, (e) citywide accessibility score comparison, (f)
accessibilityaware location search, (g) bus stop accessibility visualizatiod) Bilding
accessibility, and @) outdoor wayfinding. The high resolution version of the protatypee
available as supplementary Material................uuveiiiiiii 43
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Figure 3.4. Examples of sketches from Part 2 of the study. (a) a mobile map that shows the accessible
route and placement of curb ramps (sketched by P7); (b) a virtual video walk through feature to
see within/around the housing (P9); (c) a floor map visuidizao assess spaciousness of a
restaurant floor (P20); (d) a search tool with accessibility rating of a place and reviews written by
other mobility impaired (described by P12, sketched by a researcher), and (e) a location directory
with advanced searcldture to select accessibility attribute (PLL)........cccoovviviiiiiieennen.n. 54

Figure 3.5. Design probe-ch that visualize stredével accessibility. (a & b) Neighborhoodnd
sidewalklevel accessibility visualizations dh shows accessible areas in green and inaccessible
areas in red. (c & d) Poitvel visualization that show specific accessibility barriers in dots, both
(o7=11=To o] 7v.4=To I (o = Talo I aTo 2= N C=To (o] g 7.4=To N (o ) SN 60

Figure 3.6. Citywide accessibility score comparison. This probe quantifies the accessibility of entire
cities with a single accessibility score along with brief, textual rationale........................! 61

Figure 3.7. Accessibilinaware location search. A poiaf-interest search website similar to yelp.com
but augmented with accessibility information. Users can search for a business or othef- point
interest with a keywordral location. Each search result is accompanied bieaed accessibility
score, which can be used for sorting and filtering.............cccccooiiiiiiiiiiiiiiiiieeee, 62

Figure 3.8 Accessible bus stop visualization. Users can enter a location and see proximal bus stops,
which are coloicoded based on accessibility (green for accessible, rétbforessible)........ 63

Figure 3.9. Visualizingbuilding accessibility. (Togeft) The first design uses a talown map
visualization to indicate the accessibility of public buildings in a selected arearihvpThe
floorplan visualization highlights accessible and inaccessible features suchedsreland stairs.
(Bottom) The third design focuses on accessible routing interfaces for indoor environm@ts.

Figure 3.10. Accessibilibaware routing. Similar to Apple or Google Maps, these probes allow the user
to enter a start and end location and view suggested routes. In our designs, howeventést
path is visualized as well as the shortest accessible path. The probe on the left shows one alternative
accessible path while the one on the right shows multiple alternatives.......................... 65

Figure 4.1. Using crowdsourcing and Google Street View images, we examined the efficacy of three
different labelinginterfaces on task performance to locate and assess sidewalk accessibility
problems: (aPoint, (b) Rectangleand (c)Outline Actual labels from our study shown......71

Figure 4.2. We propose and investigate the use of crowdsourcing to find, label, and assess sidewalk
accessibility problems in Google Stteiew (GSV) imagery. The GSV images and annotations
above are from our experiments with Mechanical Turk crowd wotkers.......................... 72

Figure 4.3. The number of turkers per image vs. accuracy for each of the three labeling interfaces. Note
that the YaxiS DEGINS @t 5O ..... ettt e e eas 82

Figure 4.4. Labeling GSV images is a three step msxconsisting of (aparkingthe location of the
sidewalk problem in the image, (Bptegorizingthe problem into one of five types, and (c)

assessing he probl emds sever it y .ObjddtdrrPathandtrated S5Nott i | i t vy

e TSXST o] 85

Figure 4.5. The verification interface used tgesiment with crowdsourcing validation of turker
label®) only one label is validated at a time in batches of 20. (a) A correctly lahele@durb
Rampproblem; (b) A false positiv®bject in PatHabel (the utility pole is located in the grass and
not in the sidewalk); (c) A false negative example: The cars should have been m&@kgetam

Figure 4.6. Examples of ground truth labels. (a) All three researchers labeled the object blocking the
path. One researcher labeled fallen leaftloe ground as a surface problem, but this label was
filtered out by ground truth label consolidation process. (b) Labels of missing curb ramps by three
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researchers. (c) Three researchers labeled the end of the sidewalk as Prematurely Ending Sidewalk.

Figure 4.7: Binary and multiclass performancéhatimage and pixellevels with varying majority vote
group sizes. Each graph point is based on multiple permutations of the majority vote group size
across all 229 images. Standard error bars are in black (barely visible due to low varia@de).

Figure 4.8: (a and b) Show the effect of increasinglyreggive turker elimination thresholds at the
image and pixellevels based on average multiclass performance of 5 images. Error bars are
standard deviation (for blue) and standard error (for red). As the threshold increases, fewer turkers
remain and unceainty increases. (c) Compares the effectiveness of various quality control
mechanisms on performance at the image level............cccoooiii e, 96

Figure 4.9: A selection of the top and bottom three performing images in our dataset hasdiczss
pixel-level area overlap. Left column: original GSV image; center columjoriyavote ground
truth from researchers using 15% overlap; right column: turker labels. Numbers show turker
performance results for that image, from top to bottom: ink@ge! binary, imagdevel multiclass;
pixel-level binary, pixellevel MURICIass............ccooooeiiiiiiici e, 100

Figure 4.10. The histograms showing the dsition of severity scores associated with the correct labels
provided by crowd workers. The raw counts are shown in Table.4.6.............cccccceveenn. 104

Figure 5.1: In thisection we presenffohme a scalable system for semitomatically finding curb
ramps in Google Streetview (GSV) panoramic imagery using computer visamhine learning,
and crowdsourcing. The images above show an actual result from our evaluatian....... 111

Figure 5.2: The eight urban (blue) and residential (red) audit areas used in our studies from Washington
DC, Baltimore, LA, and Saskatoon. This includes 1,086 intersections across a total area of
11.3km?. Among these areas, we physically surveyed 273 intersections (see annotatiois in a

.................................................................................................................................. 114
Figure 5.3. Example curb ramps (top two rows) and missing curb ramps (bottom row) from our GSV
0o = L AT 115

Figure 5. 4. A workflow di agr-systems (npunmmarg/Baject T o h me 6 s
processes every GSV scene producing curb ramp detections with confidence sscooeol
predicts whether the scene/detections contain a false negative. If so, the detections are discarded
and the scene is fed swlLabelfor manual labeling. If ot, the scene/detections are forwarded to
svVerifyfor verification. The workflow attempts to optimize accuracy and speed.......... 119

(@}
(7]

Figure 5.5. A wor kfl ow di agr-systemsl & summary, suipeteto h me
processes every GSV scene producing curb ramptibeteavith confidence scores. svControl
predicts whether the scene/detections contain a false negative. If so, the detections are discarded
and the scene is fed to svLabel for manual labeling. If not, the scene/detections are forwarded to
svVerify for verfication. The workflow attempts to optimize accuracy and speed......... 121

Figure 5.6. The svLabel interface. Crowd workers use the Explorer Mode to interactively explore the
intersection (via pan and zoom) and switch to the Labeling Mode to label curb ramps and missing
curb ramps. Clicking the Submit buttonlagds the target labels. The turker is then transported to
a new location unless the HIT is complete.........ooovveeiiii e 122

Figure 5.7. svLabel automatically tracks the camera angle and repositioap@ieg labels in their
correct location as the view changes. When the turker pans the scene, the overlay on the map view

is updated and the green fexploredd area increas
in up to two levels to inspect disttacorners. Labels can be applied at any zoom level and are
Scaled aPPrOPIAtEIY. ... . 122
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Figure 5.8. The svVerify interface is similar to svLabel but is designed for verifying rather than labeling.
When the mouse hovers over a label, the cursor changes to a garbage can and a click removes the
label. The usemust pan 360 degrees before submitting the task...........cccccoovvieveinnn, 125

Figure 5.9. The trained curb ramp DPM model. Each row represents an automatically learned viewpoint
variation. The root and parts filter visualize learned weights for the gradient features. The
displacement costs for parts are ShOWN iN.{C)u....covvvriiiiiiiiiiiieierc e 128

Figure 5.10. Usi ng code 3Dpanttlofidd@sband usewhss todcreatenal o ad GS
ground plane mask to pegtocess DPM output. The 3D depth data is coarse: 512 x 256Q%.

Figure 5. 11. Exampl e 4stage aurbtraamp detedion frameoekt Boundings t hr e e
boxes are colored by confidence score (ligligehigher confidence). As this figure illustrates,
setting the detection threshold-@99 results in a relatively low false negative rate at a cost of a
high false positive rate (false negatives are more expensive to correct). Many false positives are
eil minated in Stages 2 and 3. The effect of St ag
Acronyms: TP=true positive; FP=false positive; FN=false negative............................. 131

Figure 5.12. The precisiemecall curve of the threstage curb ramp detection process constructed by
stepping through various DPM detection th@ds (from-3-to-3 with a 0.01 step). For the final
svDetect module, we selected a DPM detection threshold.@®, which balances true positive
detections wWith falSe POSILIVES. ..........ueiiii e 132

Figure 5.13. We use tegiown stylized Google Maps (bottom row) to infer intersection complexity by
counting black pixelgstreets) in each scene. A higher count correlates to higher complE3&y

Figure 5.14 Tohme achieves comparable results to a manual labeling approach alone but with a 13%
reduction in task completion time cost. Error bars are standard deviation.................... 140

Figure 5.15: svControl allocated 769 scenes to svLabel and 277 scenes to svVerify. 379 out of 439
scenes (86.3%) where svDetect failed were allocalf
is conservative in routing work to svVerify because false negative labels are expensive to correct;
thus, the 86.3% comes at a high false positive cost (390)...........uuvrrrriiiimmmniiiiiiiiiiennnnn. 141

Figure 5.16: Finding curb ramps in GSV ineag can be difficult. Common problems include occlusion,
illumination, scale differences because of distance, viewpoint variation (side, front, back), between
class similarity, and within class variation. For between class similarity, many structureas exist
the physical world that appear similar to curb ramps but are not. For within class variation, there
are a wide variety of curb ramp designs that vary in appearance. White arrows are used in some

images to draw attention to curb ramps. Some imagesicontdtiple problems................ 143

Figure 5.17: As expeadtle performance drops as the area overlap threshold increases; however, the
relative difference between Tohme and baseline (svLabel) remains consistent............ 144

Figure 5.18: In theguickVerify interface, workers could randomly verify CV curb ramp detection
patches. After providing an answer for agivendétectn, t he patch woul d fexplo
and a new one would load in its place. Though fast, verification accuracies went down in an
experiment of 160 GSV scenes and 59 tUrKEIS........ccoveeeiviviviiieiiie e e e 145

Figure 6.1. Geometry data used in this study: (a) D.C. city boundary, (b) neighborhoods, and (c) street
ST<T0 11 01T oS PP PP 154

Figure 6.2. SVLabel v.2 has two modes. (agtdscan use the Explorer Mode to pan around to explore
the location and click white arrows to move to the adjacent Street View locations. (b) Switching
to the Labeling Mode allows them to label curb ramps, missing curb ramps, obstacles, surface
problems, ad other accessibility featUres. ...........uuuuuiiiiiiiiiiieiiiiiiiieee e 157
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Figure 6.3.A context menu prompts the user to provide additional information for the labeled feature,

including its quality/severity, temporariness, and desCripLion.............ccccvvvieeeieiieeeenenn. 160

Figure 6.4. The feature labeled on the image is projected to geographical coordinate and visualized on
(10T 0= o PP UUPPPPPPRPRS 160

Figure 6.5. Our JavaScript applpoitcdotdidatanandusekhisl oads Go
compute the geographical coordinates of the labeled accessibility features................. 161

Figure 6. 6. Computing a | abelds geographical coord

Street View image {x, yim). (b) Find the corresponding point on the 3D point cloud data and

extrect the displacement of the label point from the Street View camera center (x, y, z). (c)
Compute the -labgitHedd atobudenate from-the Strec
l ongitude coordinate and..t.he..l.ahel.bs..dlbxpl acemen

Figure 6.7. The interactive onboarding tutorial. The tutoriadjprssively teaches volunteers (a) to select
accessibility feature types from the menu, (b) click on the Street View images to label accessibility
features, (c) drag the Street View to look around the environment, and (d) double click on the
Street View tamove to different l0CatioNS............uuvuvuiiiiiiiiiiiiiiiiiiiieeeee e 163

Figure 6.8. Thamission information. (a) The interface presents usersniksionwhich describes the
immediate objective. (b) Upon mission completion, the interface presents the summary of the
accessibility audit tasks completed during the mMiSSIoN..............uuiiiiiiiiiiiiiiii e, 164

Figure 6.9. User guidance. The SVLabel interface navigatesseirealong the computed route with a
compass which shows a directional icon and a description of which way to walk (left) to and path
visualization on the Google Maps pane (MghL)..........oooiiiiiiii e 165

Figure 6.10. A street segment (left) and segment buffer (right). For each street segment used in the
accuracy assessntewe created a 10m buffer polygon and checked presence accessibility features
N ENIS DUTEI L. 167

Figure 6.11. Accessibility audit accuracy. Overall accuracy was 77% when compared to researcher
labels. Volunteers accurately labeled curb ramps, but label accuracy for other label types were
lower. For tle most of the accessibility problems, recall were higher than precision, indicating the
over labeling characteristics of volunteer labels..............ccoooooiiiii e, 168

Figure 6.12. A curb ramp labeled from multiple angles. (a&b) A single curb ramp was labeled in two
consecutive GSV images. (c) The two labels are projecteditiadilongitude coordinates and
plotted on Google Maps as two distinct curb ramps, so they need to be clustered together to avoid
AOUDIE COUNTING- ... e e e e et aeene e e e e e e e 169

Figure 6.13. Access Map. The choropleth map visualizes accessibility levels of the D.C. neighborhoods
using the data from Access Score: Neiglobods API. The neighborhoods are colored in green
they are accessible and red if they are inaccessible. When a user zoom in, accessibility feature
points from Access Feature API are visualized. The neighborhoods with audit coverage < 50% are
colored in grg to show that we do not have sufficient data to compuiRifarhoods .-+ -+ 174

Figure 7.1. A prototype tim&apse video created from consecutive GSV panoramas. The camera
automatically moves along the street and faces towards the street side, so the user could assess
presence/absence of accessibility deas such as sidewalks, curb ramps, and obstacles192

Figure 7.2. Indoor Street View imagery of public placeg.(restaurants) contains potentially useful
accessibility information such as presence and location of accessible entrances and height of tables.

Figure 7.3. Three form factors of accessibilityare navigation tool. (a) A smart phone based navigation
system similar to existing applications like Google Maps and Apple Maps. (b&c) Google Glass
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Chapter ntr oducti on

Poorly maintained sidewalks pose considerable accessibility chaldagaeople with
mobility impairments[127,129] According to the most recent.8& Census (2010),
roughly 30.6 million adults have physical disabilities that affect their ambulatory
activities [185]. Despite coprehensive civil rights legislatiofor Americans with
Disabilities many city streets, sidewalks, and businesse the U.S. remain
inaccessibled.qg.,[43,65,85). For examplemaintenance issues such as bedkor
cracked sidewalks can pose significant accessibility challenges so too do larger, more
permanent infrastructural issues such as utility poles or fire hydrants directly in
sidewalk paths or the lack of curb ramps at intersections or side(fagkse 1.1).

These issues are significant. In a precedetting court case in 1993, the court ruled

t h a t lack df @urb Guts is a primary obstacle to the smooth iategr of those with
disabilities into the commerce of dailyldfe and t hat Awithout curb

ambul atory di i [ i cannot navi

;. <& 5 -

(a) Object in Path (b) No Curb Ramp (¢) Surface Problem (d) No Sidewalk
Figure 1.1. In this dissertation, wedescribe the methods thatombines crowdsourcing, online map imager
and automated methodsto semiautomatically locate, identify, and assess accessibility problems tine built
environment. The images above show crowd annotations frome experiments on Mechanical Turk where
minimally trained crowd workers were asked to find, label, and rate the severity of sidewalk accessibi
obstacles in Street View images
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The problem isot just that sidewalk accessibility fundamentally affects where
and how people travel in citiebut also that there are few, if any, mechanisms to
determine accessible areas of a aitgriori. Indeed in a recent report, the National
Council on Disability noted that they could not find comprehensive information on the
Adegree to whacdhde ssidelwa8.[R22L moes t he U

Methods to identify (in)accessible areas of an unfamiliar places is important for
people with mobiliy impairments Knowing where and what barriers exist can help
affected travelers mitigate, prevent, or better preparadoessibility problems in the
built environment[21,127,135,167] While prior research has identified common
strategieghat people with mobility impairments ude evaluate the accessibility of
routes and destationsa priori (e.g.,seekingtrip advicefrom caregiver§135,167),
we have limited knowledge abailre role ofmodern and futurenteractivetechnoloy
in informing travelrelated decision$n our ownformativeinterview study with people
with mobility impairmentgChapter 3, we showthatlocationbased technologigbkat
specifically incorporate accessibiliitpformation about the physical environmént
what we calbssistive locatiofbased technolgies(ALT90 couldindeed be useful and
desired. Theritical challengeo enablesuch technologies is to collect comprehensive
data abotuithe accessibility of the physical environmé&rg key contribution othis
dissertation

Traditionally, sidewalk asses®nt havebeen conducted via 4person street
auditsby government or volunteef471,172] which are labor intensive and costly

[157], or via citizen caHlin reports, which are done on a reactive b§z29]. And,
2



although some cities offer sidewalk infornaet online €.g.,through government 311
databasefl78]), these solutions are not comprehensredy onin situ reporting,and
are not focused on collecting and providing accessibility informafiba lack of data
collection methodand the consequent lack of readily available sideweatikssibility
information limit us fromdesigning and developinigchnologies to inform people
aboutt h e actcessibibty$195].

To address this problenthis dissertation researcimtroducesnew scalable
methods for remotely collecting data about streetlevel accessibity using a
combination of crowdsourcing, automated methods, and Google Street View.(GSV
For example, we evaluate whether we can efficiently locate curb ramps by tagging
Street View imageby combining computer visichased object detection algoritem
with crowdsoucing-based manual image labeling.he collected accessibility
information could enhance capability tifcationbasedtechnologies For example,
developersouldenhance and incorporate neighborhood accessibility information into
GIStoolsthat are used fanrban analysisind policy making €.g.,AMELIA [119]).
Accessibilityaware wayfinding applications €.9., MAGUS [127]) that have been
available only in areas where such data existed (ofteniwgitu data collection by
government or researchergjuld be deployed at much larger scdlkese tools could
change the way people view howefrdly their neighborhoods are to mobility impaired
people, transform the way they choose where to live, how goveramkm and

execute constructi@and alteration of urban accessibility features, aadld even



Access Score in Action

________

Figure 1.2. To demonstrate the utility of the streetlevel accessibility data collected by our methods, we
create a proofof-concept choropleth map, Access Map that visualizes accessibility levels of
neighbarhoods in Washington, D.C. Mobility impaired travelers could use Access Map to quickly asses
which neighborhoods are accessible and inaccessible.

influence the property valuesust like technologies to assess walkability of
neighborhoods could influence real estate val[#556] Although the primary
contribution of my dissertatiois new scalable data collection methods for sidewalk
accessibilitywe also creat@roof-of-conceptALTs such as annline visualization tool

that help demonstrate the valuetlod llected datgFigurel.2).

1.1 Dissertation ResearchApproach and Overview

This dissertation describésur threads of researchirst, we conducan exploratory
intervew studywith 20 people with mobility impairment$he interview study allos/
us to explore current strategies of mobility impaired individualsaksessing built
environment accessibility as well as reveals a broad range of fdasigns and
requirements of ALTSNVethenintroduce and stydnhovel crowdpowered methods for
collecting streetevel accessibility datéhat enable the future ALTSs. In the next two

chapters, w design, develop, and evaluate systetimst combine crowdsourg,

4



automated methods, a5V to scalably collect stred¢vel accessibility data. In the
last research threadie demonstrate the value of the data collection methods and the
collected accessibility data. We develop a volunteesed data collection tband
deploy it, and we design and develop proBbtoncept ALTs using the collected street

level accessibility dataVe describe each thread in detail below.

1.1.1 A Formative Interview Study with Mobility Impaired People

Previous workn urban design, public health, aaskistivaechnologiefaveidentified
accessibilitybarrierssuch asack of curb rampsarrowandobstructed sidewalkand

poor travel surface14,21,127,129,152However, ittle research has investigateow
people with mobility impairments currently adapt to accessibility barrieyguild a

better understanding of how people with mobility impairments assess the accessibility
of the built environment and the roles of technologies therein, we conduct a formative
interview study with 20 people with mobility impairmenthe study involve three

parts: a semstructured interview (Part 1), a participatory design session (Part 2), and
a design probe activity (Part 3).

The semistructured interview in Part Was designed to investigate current
methods and tools that people use to plan tripsagedss the accessibility of the built
environment.Findings from Part 1 reinforce and extend previous research in how
people with mobility impairments assess accessibjifity;135,167] We found that,
while planning trips remains a challenge, modern locati@sed technologies support

people with mobility impairmenés even if not designed specifically for that purpose.

5



For example, participants found satellite &tceet View imagery helpful to gauge the
accessibility of their travel routes and destinations.

Part 2 and 3 of the studyeredesigned to extract the key desired functionalities
of future ALTs. In Part 2, we design and develop three scenarios where AUIs ¢
potentially be usedl exploration of neighborhood accessibility, accessibdiyare
location search, and accessibHaware navigation. The scenarargused to guide the
participants in ideating and sketching the designs of future ALTs. In Reetdjcited
feedback orl2 paper mockups of ALTs that we prototyped. Part 2 and 3 elicited ten
key design featurese(g., accessibilityaware location searchfor ALTs and six
important data qualities for accessibility informatieng(,credibility). Thes findings
were importantto guide the design directions tifie remainder of this dissertation
researchQur accessibility data colléon methods us&SV to collecthighly granular
streetlevel accessibility informatiomo enableassistivefeatures, suclas streetevel
accessibility visualizatiomnd accessibilinaware routingthat are desired by people

with mobility impairments.



1.1.2 Crowdsourced Accessibility Data CollectiorMethod

Select sidewalk accessability problem Select sidewalk accessibity probiem
Curb Ramp Missing - Curt Raenp Mosvng

Pressatucely Ending Ssdewalk 3 &
Other e

i o

Figure 1.3. Our initial web-based Street View image labeling tooLabeling images is a three step proces:
consisting of outlining the location of the sidewalk problem in the image, categorizing the problem, an
assessing the problemdés severity.

We design, develop, and evaluated the novel crowdsoaooedsibilitydata collection
methodthat combines crowdsourcing a@EV. We develop aveb labeling system
thatuses a manually curatedatabase obtreet Viewimages(Figure 1.3). Using this
tool, we investigate théeasibility of usingminimally trainedcrowd workes from
Amazon Mechanical Turto find, label, and assess sidewalk accessibility problems in
these images.

Chapter 4repors on threestudies Exploratory Studypresents a preliminary
experiment examining benefits and limitations of three designs of labeling interfaces
Study 1 examines the feasibility of this labeling task wihx dedicated labelers
includingthree wheelchair useasid three researcheilhe study shows that motivated
workers can indeed find and label accessibility features in Street View images. Finally,
Study?2 investigates the comparative performanceidders In all, we collected 3,379
labelsand 19,189 verificatiotabels from a total 002 turkersin Study2. We show
that turkers are capable foiding and labelingn accessibility problerorrectlywith

81% accuracyWith simple quality contranethodsthisnumberincreaseso 93%.



1.1.3 SemtAutomated Method to Collect Accessibility Data

Thesole reliance opaicdthuman labofor collecting streetevel accessibility datean

be insufficiently scalable and it remains expensive for creating a large d&alset
Building on thework in Chapter4 we pr esent t helohingthat t Asmar
combines machine learning, computer visiand custom crowd interfaces to find curb
ramps remotely iGSV scenesOur approach automatically evaluates the performance
of computer vision algorithm and adaptively switch workflow of crowdsourcing tasks
based a the predicted computer vision performantksing 1,086Street Viewscenes
(street intersections) from four North American cities and data from 403 crowd
workers, we show that Tohme performs similarly in detecting curb ramps compared to
a manual labelingpproach alone (measure: 84%s 86% baseline) but at a 13%
reduction in time cost. Our work contributes the fosiputer visiorbased curb ramp
detection system, a custom machiearning based workflow controller, a validation

of GSVas a viable clrramp data source, and a detailed examination of why curb ramp

detection is a hard problem along with steps forward.

1.1.4 VGI Data Collection System andProof-of-Concept ALTs

Finally, we (i) develop deploy and evaluata volunteered geographical information
(VGI) system for collecting the streltvel accessibilitydatg and (ii) design and
developedwo proof-of-concept ALTs to demonstrate the valuetlod accessibility
data collection methods and the stieel accssibility datacollected with the VGI
system Informed by our fouyear iterative design experience buildiG$V-based

8



accessibility data collection tools, we design and develop a VGI system to collect the
streetlevel accessibility data. Between June daty, we invite volunteers via word
of-mouth and asked them to audit the accessibility of the streets in D.C. As of writing
this dissertation, we collected strdéetel accessibility data from 20% of the streets in
Washington, D.C. We conduct a preliminamaluation of the accuracy of the collected
accessibility data and show that the overall accuracy of the collected d&@a.is

We show thecollected accessibilitd at ads utility via embo
technologies: an online map tool that visualizes Washgt o n , Dlev@€l. 6s st
accessibility levelsand the spatial analysis that investigate relationship between
nei ghborhoods?©o accessibility l evel s and C

ethnicity and income levels.

1.2 Summary of Contributions
In summary, ontributions ofthis dissertatiorare:

1 Identification of methods that people with mobility impairments use to assess
the built environment accessibility and the rolefs technologies therein
(Chapter 3).

1 Identification of ten key design featurasd six data qualities of future assistive
locationbased technologigS€hapter 3).

91 Design and development of crowdsourcing system to collect $tnest
accessibility data frosSV (Chapter 4).

1 Evaluation of the crowdsourcing systéinat showshe feasibility of collecting
9



streetlevel accessibility data fro @SV (Chapter 4).

91 Design and developmentof a semiautomated system that combines
crowdsourcing,computer visiorbased object detection algorithm, and a
Asmart o wor kf | owautonmticallyara efficentlyddteetaurb s e m
ramps inStreet View image@Chapter 5)

1 Evaluation of the serautomated system for detecting curb ramps; we showed
that we can improve the efficiency of data collection by 13% without sacrificing
datacollection accuracy (Chapter 5).

1 Design, development, angreliminary deployment of voluntedrased
accessibility data collection platform that explores the efficacy of volunteer
based accessibility data collection (Chapter 6).

1 Demonstration of two proedf-conceptALTs, Access Map and accessibility
analytics that show the value of the accessibility data collection methods and

the collected stredevel accessibility data (Chapter 6).

1.3 Thesis Outline

Chapter 2 promesbackground around the built environment accessibility and situate
this dissertation research in existing body of work in crowdsourcing and automated
methods to collect dat&hapter 3 descrilseour formative interview studfhapterd
summarizesour work on designing and evaluatingrowdsourced streetlevel
accessibility data collection metho@haptel5 describes thdesign, development, and

evaluation of Tohm& a semiautomated system that efficiently collect curb ramp data

10



from GSV. Chapter6 describsthe volunteered data collection system #meldesign
and developmerdf proofof-concept ALTsChapter7 reviews the contributions of the
dissertation angbuts forth remaining challenges stalablycollecting accessibility

informationof the built envirmmentand potential future research directions

11



ChapterBackground and Rel ated Wor k

In this chapterye discuss backgrounaind related work that are most relevanthis

dissertation. First,we survey literature on streétvel accessibility, including:

gui delines for accessible sidewal k/ street s
overcome inaccessible are@&xisting methods/tools to assess the built environment
accessibility, and neighbleood (accessibility) audit methad¥e thensurvey research

on crowdsourcing, especially the topics relatecctowdsourced image labeling and

volunteered geographic data collection. Finallg discuss automated methods for

increasing data collection éffency with a focus on technologies tloatr work builds

upon {.e.,computer vision and machine learnibgsed smart task allocation)

2.1 Sidewalk Accessibility

This section describes tHellowing aspects of strede¢vel accessibility.First, we
reviewwhat sidewalland streeattributes impede or facilitateobility for people with
disabilities This information helps inform what accessibility featureshould be
identified inGoogleStreet View(GSV) imagerywith the accessibilitglata collection
methals that we designSecond we review literature on how people with mobility
impairmens currently assess accessibility of the built environment prior to their travel
Third, we explore what applications and services currently exist to serve accessibility
information to people with mobility impairments to identify their advantages and

limitations. Finally, we look into current practices around how the accessibility

12



information about the built environment is collected adnparewith our accessibly

data collection methods

2.1.1 Sidewalk AccessibilityBarriers and Facilitators

Poorly maintained sidewalks pose considerable accessibility chadléargeeople with
mobility impairments[127,129] Researchn public health and urban plannirgs
studiedand identified problems such as missing curb ramps and poorly maintained
sidewalk surfaces negatively affects sidewalk accessibility
[14,21,71,127,129,15P64,184] For example, Meyesr et al. [129] provides a
comprehensive list oWwhat consitutes a barrier to navigation. Through telephone
interviews and 28 daily telephone contacts,ybfe identified what wheelchair users
perceived as accessibility barriers and facilitators in their daily lives such as presence
and absence of curb ramgsd, lack of curb cuts, obstructed travel path§eeTable
2.1. This body of prior work informwhataccessibility needs to be collected and thus
inform the design of our system. Note that while Mey@estified significance of other
environmental feates €.g.,indoor accessibility barriers like narrow corridors), this
dissertation focuses on collecting information about the outdoor environment. In
Chapter 7, we discuss potential methods for collecting accessibility information in
indoor environmerst as future work

In the U.S., the Americans with Disability Act (ADA) of 199D91] and its
revised regulations, 2010 ADA Standards for Accessible Design (2010 Standards)

[189], mandatethatnew construction and alterat®af the built environment béree
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Environmental Indoor Built Environment ~ Outdoor Built Environment Other

Bad weather or climate Door handles or pressure ~ No arb cuts or blocked cut Wheelchair problems

No public transportation ~ No ramps or ramps too ste No parking Distancetrc;rvgrl;]e Ui
Traffic (e.g., no crossings Narrow aisles Travel surfaces (grass, muc No assistive technology
Landscape (e.g., hills or stre Inaccessible bathrooms Obstructed travel * Assistive technology

Pedestrian traffic Broken elevators or lifts or r High curbs

Counter heights (desks, * Adaptations (curb cuts, sp

Ay el restaurants) parking)

Unsafe neighborhoods Door width * Accessible parking

Fixed seating (No space f

* Accessible transportatio chairs)

* Good weather Floors, floor covering, threst

* Level or graded terrain ~ * Adaptations (ramps, dool

Table 2.1. Meyers et al. surveyed a comprehensive list of accessibility barriers and facilitatorfl29]. This
dissertation is focused on collecting outdoor accessibility information from GSV. A discussion about meth
of identifying other accessibility featureswilb e di scussed in the Future 'V
facilitators. The grouping is by the author.

of the aforementioned accessibility barriers esatlilyaccessible foeveryone. Rules
regarding sidewalk environment are describeditte Il and Title Il of the 2010
standards. Under the Title 1l, 28 CFR (Code of Federal Regulations) part 35.151 notes
that:

Newly constructed or altered streets, roads, and highways must

contain curb ramps or other sloped areas at any intersection having

curbs or othe barriers to entry from a street level pedestrian

walkway, [ € a n dejvly constructed or altered street level

pedestrian walkways must contain curb ramps or other sloped areas

at intersections to streets, roads,

2004 ADA Accessibility Guideties (ADAAG) Chap 4, Title Il provides

directions forthe design of sidewalk attributesoFexample (i) accessible walking
14
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Figure 2.1. Examples of ADA regulations regardingsidewalk accessibility attributes. (a) The regulation
ruled that accessible walking pass to have at least 36 inches widle) Enough clearing spaces should |
provided at both ends of curb ramps.

surfaces€.g.,sidewalk segmentshouldbe at least 36 inches (915 mm) widetlsat
wheelchair users can pass throdigit the clear width shall be permitted to be reduced
to 32 nches (815 mm) minimum for a length of 24 inghés) at least 36 inches of
landings at the tops of curb ramps should be pro\igigsire2.1).
To improve the publicagenci es o c o mp | thearegalation wi t h AL

mandateshe public agencies with more than 50 employees to makenaitian plan
to improve the accessibility of theuilt environment 28 CFR 835.150()) The plan
should accomplish the following four tasks

(i) Identify physical obstacles in the public entity's facilities that limit

the accessibility of its programs or activities to individuals with

disabilities; (ii) Describe in detail the methods that will be used to

make the facilities accessible; (iBpecify the schedule for taking the

steps necessary to achieve compliance with this section and, if the

time period of the transition plan is longer than one year, identify

steps that will be taken during each year of the transition period; and

(iv) Indicate the official responsible for implementation of the plan.

Even then many city streets and sidewalk® not meet requirements of

inclusive design guidelines for the built environméng.,[102,122,B8]) andremain
15



inaccessible for people with mobility impairmeatf$er more thartwo decades ahe
enactment of ADA. Causes of unmet accessibility needs vary; the reasons include the
lack of funding to update the infrastructures, political difficulties in obligating property
owners to repair sidewalks, as well as its speed of ugeaie[43,65,85).

As noted in the introduction, however, the problem is not just that there are
inaccessible areas in the city, but it is also that there are few mechanisms to determine
accessible areas of a city a priftB5,195] In fact, in arecent report, the National
Council on Disability noted that they could not find comprehensive information on the
Afdegree to which sidewal KI82] &ahe goaleotthse ssi bl e
dissertation researchpsecisely to address this issue. Wésign the methods to collect
streetlevelaccessibility information thanableechnologies thahform city sidewalk

accessibility andgupport people with mobility impairmest

2.1.2 Coping Strategies for Navigating Inaccessibl8uilt Environment

The existing body of work has identified how people currently cope with the
aforementioned accessibility barrieRrior work suggests thggeopge with mobility
impairmens rely on their own heuristiq?1] or get advice from access consultants
[135,167]to find accessile routesFor exampleSobek and Milledescribed thatie
Center for Disability Servicds their universityusesa combination of paper maps and
expert knowledge to assist individuals in findiagcessibleoutes betweeampus
origins and destinatiorf467]. While the service is helpful, the strategy is not always

available Through interview and survey studi@pmleyet al. uncovered that people

16



with mobility impairments tend to empl@wvoidance tactic$21]. They choose to go
to accessible areas and stores that they already knoadaptithe timing of their travel
to avoid crowd based ornheir heuristicg21]. However, the strategy is only effective
when one is familiar with the accessibility of the built environm&otessibility aware
navigationtools could complement the strateglput they are ot widely available
[176,186]

A limited body of work has investigated how people Ussationbased
technologies to asseascessibility of the physical environme@ne notable work is
fromAndreaNuerb er geer 6 s di gnghe mit28009185h Nuerabgrgea r ¢ h
studied thercurrent technological methods and explodasiredtechnical solutions
for finding and assessing accessible routes with 20lityalmpaired peopld135]. She
studied features desired in the future accessiklitpre navigation tools. While
informative, Nuernbergefocused specifically on navigation tools with less focus on
other locatiorbased technologies .@., location search)Moreover, Nuernberged s
work was conducted in 2006&iven the recent advent of widedyailabledigital maps
and GP&quipped smartphosgit is appropriate toeinvestigate how people use
technologies to support theirip planning, and extend the research by exploring
designs of a wider variety @afssistive locatiofased technologietn chapter 3, our
formative interview study extendbis body of workby introducing how people with
mobility impairments use modern locatibased technologies to assess the built

environment accessibility and what future technologies they desire.
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2.2 Existing Accessibility-aware Map Tools

Accessibilityaware map toolsuch asnavigation systems for people with mobility
impairments have been available only in limited regioftss isbecause the street

level accessibility data that is necessary to implement these technologies could not be
easily obtained. @r accessibility data collection methods could transform the way the
data is collected and servederebyenablethese tools much more pervasivdlythis
section, we introducehe prior research and development of accessikditsare
navgation systems, poiraf-interest (POlsearch toolsand GIS analytitechnologies

We then discussdw the collectedaccessibility data coulttansform these toals

2.2.1 Accessibility-aware Navigation

Recently, pototype accessibilitaware navigation tools have been designed. Matthews
et al.and Churchet al. built maptools to compute accessible routes for wheelchair
users in urban aregd87,127] Later, similar systems were designed by various
researcherdr{cluding successasirto Matthewet al6 #ool; e.g.,[14,53,137,209,22]]

More recently, there & been publicly available web applications like Handimap
(www.handimaprg) that compute andhow accessible rowgéor wheelchair users.
Thesetools have beeronly available in the areas whelee accessibility datean be
readily obtainedd.g.,cities where government provides the accessibility dStaget

level accessibility data collected via our data collection methods could make these

navigationtools awilable to every city where GSV is available

18
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Figure 2.2. Walk Score visualz at i on. Wal k Score quantifies the

important amenities (e.g.,grocery stores). Green areas represent walkable regions and red areas indicate
walkable areas.

2.2.2 Accessibility-aware POI Search

Goh et al. suggested thatervices that allowuses to assess accessibility of a given
point-of-interest(e.g.,a store, restaurant) could be usdtrl people with disabities

[52,68,69] People with mobilitympairmens coulduse the servicdo identify whether

the places areavigable Such serviceareemerging recentlyDing et al.surveyedveb

applications that allowisesto search accessible powtkinterestsuch as Wheelmap
(wheelmap.organd Factua(factual.com)52]. Anothersimilar example iIsSAXSMap

(axsmap.com). These tools, however, focus on identifgaugssibility of the building

facadeand/or indoor accessibilitye(g., entrance accessiity) and do not take into

account of sidewalk accessibility around gwntsof-interestwhichi mpact peopl ed

access to readhedestinationsThe streetevel accessibility dateollected from GV
19



with our methods couldomplement these applicans by presenting stretgvel

accessibility around poinsf-interest

2.2.3 GIS-based Analysis Tools

Recent advancement in GIS tools reduced the barriers to conduct geographical analysis
of neighborhood characteristi¢28,56,98,143,156,222]For example, Walk Score
(Figure 2.2), an online tool that offers an easip-understand visualization of
walkability of neighborhoods, has beersed inpublic health research to gauge
neighborhood qualityfe.g., presence of nearby parkg8,56,98,22P Walk Score
evaluatesvalkability of neighborhoodby assessinthe presence and proximity b8
types of amenitiese(g.,grocery storesysing thedata collected from Google Maps
These technologieshowever,rely on publicly available GIS dadaoften selected
based orpriorities of either private entities éwcal administrativebodies[157]. This
limits generalizability of the techniqu&ghe data often desnot includestreetlevel
accessibility information.This is exactly whatthis dissertationtries to solve by
introducing new scalable methods of data collection usieamote crowdsaircing,
automated methods, a@SV. To show the value of the collected accessibility data,
Chapter 6 of thalissertation introduces\Walk Scorelike metricsand visualization

thatincorporate accessibility information.
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2.3 Existing Sidewalk AssessmenMethods

In this sectionwe compare and contrastur streetlevel accessibility data collection

methods with existing neighborhood auditmgthods

2.3.1 Physical Accessibility Audit

Traditionally, inperson neighborhood audits are conductedobgl government or
volunteer organizationfl71,172] According toone of theaudit guidelines [171],
neighbortwod audits involve inspection @hrious aspects of neighborhood qualities
which includesidewalk accessibilityWhile thorough assessments coelitit detailed
data about neighborhood environmeantperson audits time-consuming andtks in-
situ nature limitghe areas wherauditorscan visit It also requires: localorganizing
body to manag@spectionpersonnel, which further limits scalabilityy addition,the
datacollectedvia physical audits not always accurate. For example, thi®rmation
about curb ramp location&igure2.3) collected and distributed by Washington, D.C.

government contains some errors as shimwkigure2.4. The streetlevel accessibility
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Figure 2.3. The curb ramp location data of Washington D.C. that has been collected and distributed by t
D.C. government. Thetop image shows a raw aerial image of the D.C. area and iconstim bottom image

shows placement of curb ramps.

data collected viaur datacollection methodcouldbe used t@rossreferenceagainst
the physical audit data to figure out potential locations where erroroexistused as
the primary data collection method (especially for city governrtietdoesnot track

and publish theirstreetlevel accessibilitydata). Furthermore, our data collection
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(a) False curb ramp data

bl
Shwy |

Figure 2.4. Examples of errors in the official curb ramp geographical data of WashingtonD.C.: (a) although
the official data indicates the presence of a curb ramp, there is no curb ramp in the real world; (b) the offic
data indicates that there is no curb ramp, but in fact there is a curb ramp at this intersectioas we founc
through our own physical auditsof these areas.

methods allow us to gather not only the curb ramp data, but also other accessibility
features like missing curb ramps, sidewalk obstacles, and surface problems.
Distributed in situ crowdsourcingcould alleviate the costof organized
neighborhood auditingParticipatory reporting of neighborhood issues has been
accomplished through web and mobile applicatiomg.([27,220). For example,
SeeClickFixallows citizens to report neemergency neighborhood issues to local
government agencieanytime [220]. The emergence of these tools hasabled
unorganized neighborhood audits without a central organizing body; people can
provide neighborhood information anytim&hile SeeClickFix focuses on collecting

general neighborhood information, applications such Vdkeelmap.org[223],
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Axsmap.conj224]focus on collecting information about accessibility of facilitieg(,
presence of accessiblateance atrestaurarg) and otheresearch prototypes focus on
collecting sidewalk accessibilitye(g.,[88,128,148,196] For example, a prototype
system that Holonet al.developed allows people to collaboratively rate accessibility

of outdoor locations, and the system also inform wheelchair users accessible routes
using tte collaborative collected daf&8]. Even then, bwever,thein situ nature of
physical audits tend to be tire®nsuming and labor intensi{&9,143] The coverage

of audit data is also limited to the areas where users of the systatrevel. Unofficial

audits may also be perceived by local residents as intrusive and can involve safety
problems for auditor§?9]. Finally, remote accessibility auditsonducted by human
workers can potentially beubstituted bycomputer algorithms in the future as we
discuss in Chapter 5. Thereforeyeogoal ofthis dissertation is to provide @mote
auditing methods and toolhat use GSVto complementthe physical aditing
techniquesSeeTable 2.2 for the summary of the benefits and limitationsr@iote

and physical accessibility audits.
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Physical Auditing Remote Auditing

Physical audits are-tiorssuming and expen: Remote accessibility audits using Street
Audit Efficiency  to conduct largely because of the costs of imagery are less touesuming as there is n

[15,29,39,157] needdr trave.
Caution should be exercised when gather
finely detailed observatmgsifidth of
sidewalks) that benefit from observation a
measurement in the fE339]

Abl e to measure acc
Audit Detalil characteristics that are hard to observe so
picturef39]

Physical audits that involve surveying, taki
Intrusiveness photos, and/or videotaping may be percei\

intrusive by local residegtg57]

Physical audits could involve safety proble

research st{ff67] Data collection via citizen
Auditor Safety participatiom.(g.SeeClickFix) could be ham
in areas that are perceived dangerous as |
discouraged to Walk7]
Survey data collected from physical auditii Accessibility features labeled in GSV coul
be used to train computer vision algorithm to train computer vision algor@®a]

Table 2.2. Summary of benefits and limitations of physicahnd remote accessibility audits.

Remote accessibility auditexstigsSV dal
is less intrusive.

Remote accessibility audits using GSV do
involve safety issues.

Computer §fbn

2321 nferring Sidewal k Accesssbility

Alternative methods that incorporate pedpleontribution via natural activities could
alleviate the labemtensive nature of thén-situ techniquesdescribed aboveFor
example Kasemsuppakoret al.[101] andPalazziet al.[137] analysesGP Strajectory
data of peoplés mobile phoneto infer placement of sidewalks angotentially
accessibleroutes. More recently, developers from Mapboxwyw.mapbox.com
demonstrated the use of data from RunKeeper, a populatrasking mobile
applicationfor runners, to map placement of sidewdlk30]. While these solutions
may allow us to collect information of sidewal&onnectivity they are not readily
scalable beyond the areas that people traved.tp, 6omeroutes cannobe accessed
because of streétvel impediments) And, more importantly analyzing GPS
trajectorieswould only inform path connectivityand not accessibilityThat is,people

may travel on streets along with driving vehicles even theréiarecessible sidewalks
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Monitoring natural activities of wheelchair users could prowgeegraphical
data that is applicable to assistive locatidrased technologies. Researchers have
augmented wheelchairs with motion seng®3,94] For example, lwasawat al.
mounted iPod Touches with buift accelerometers on wheelchairs of nstedy
participantswith mobility impairment[93]. Using the tracked data from the motion
sensor@nd an offthe-shelf machine learning algorithm, they showed that it is feasible
to collect some sidewalk accessibility information suclswa$ace conditionsAgain,
however, the method @nly scalableup to the areas that people travel This could
be problematic asvheelchair users would use thdieuristic to avoid inaccessible
neighborhoodswhich reduces the opportunities to collect data from inaccessible

neighborhoods

2.4 Virtual Street Audit using Google Street View

We were not the first to thk of usingGSV as a virtual audit medium for citiés

indeed, some early work in public health and urban studies began@fS\itp assess

t he neighbor hoodd1d,158815T7]For example, Badlandtral. st i ¢ s
investigated feasibility of collecting datelated to walking function and cycling

function (.g., walking/cycling surface condition)11]. BenJosephet al. assessed
agreement between physical audit and virtual audit data about levelness and condition

of sidewalks[15]. As an emerging area of research, work thus far has focused on
assessing the validity d6SV as a data source.@., assessing effect of data age).

Importantly, hgh levels of concordance have been reported between audit data
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collected usig GSV versus more traditional means for measures including pedestrian
safety, motorized traffic and parking, and pedestrian infrastruftr@57] GSV has
been validated as a useful dataset for a range of foci within the built enviroi@oent.
work reinforced these finding by showing tHagV is a good data source for built
accessibility featres like presence and absence of curb rdifi38,84]

Although strongly relatedthis dissertatiorresearchis different in thatwe
explore the use ahinimally trained paidcrowd workersand volunteer workers
perform streetevel accessibilityaudit using custom data collection toolQur work
alsoinvestigatesfficacy ofincorporaing automated mthods to automatically detect
sidewalk accessibilitfeaturesand optimize crowd task workflow to efficiently collect

the data.

25 RemotePhysical EnvironmentData Collection

In this sectionwe discuss two areas from the crowdsourcing literature tieahighly
related toour data collection methodsrowdsourcing image labeling and volunteered

geographic information (VGI).

25.1 CrowdsourcedImage Labeling

The mage labelingasksin our crowdsourced accessibility data collection methods are
analogous to that commonly performed in computer vision research for image
segmentation, object detection anbject recognition[159,210] Since manually

building a large dataset of annotated images for training computer vision algorithms is
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expensive and time consumif@59], web-based image labelingpdls have been
developed to capitalize on the large user population accessible over the Irggrnet (
[4,5,6,159). For example, in von Ahretal 6 s wor k, textual | abel s
images through a clever collaborative gawith-a-purpose, where users provide
captions to describe objects in an im§geor draw bounding boxes around specific
items[5]. LabelMe[159] provides more granular segmentation by allgyvusers to
draw polygonabutlines around objects. While the previous tools relied on volunteers,
Sorokin and Forsytfil68]le x per i ment ed with WAoutsourcingo
Turk, showing that a large number of high quality image annotations could be acquired
relatively cheaply and qukty. Since then,image detection and annotatidrave
becomea common task in crowdsourcing platforrisd produced datasets used in
computer vision communitieg .ImageNe{50], CaltechUCSD Birds 20q201]).

For our data collection methodsnage &beling efficiencyis contingent on
crowd wor kmrdrascoracysip preacessirgireet Viewimages Prior work
exists in studying how to efficiently collect image labelg(,[51,108,173). Suet al.
investigated cogperformance tradeoff between majority vote based labeling and
verification based data collectiofl73], finding quality control via verification
improves coseffectiveness. Recent work by Der§1] explored methods of
efficiently collecting multiclass image annotations by incorporating heuristics such as
correlation, hierarchyand sparsityd.g.,the presence of a keyboard in an image also
suggests the presence of correlated objects such as mouse and nkorstoraet al.

introduced methods that increase the efficiency of binary and -ola#s image
28



labeling by an order afagnitude by (i) forcing the crowd workets label images
quickly, to the exterthat they make mistakes, and (ii) automatically correcting labeling
mistakegosthocby modeling the errofd.08]. While crowd-poweredmage labeling
researchis relevant toour work, it is different not only in focusif., finding
accessibilityfeature$ but also in the unique integration G5V, crowdsourcingand
computervision for scalably collecting sidewalk accessibility information.

The ostof data collecitorcould be further reduced by getting contributions
from volunteers. The last decade has seen significant developments in online citizen

science applications su@s the range afooniverseprojects(www.zooniverse.ory

In many of the projectse(g., Galaxy Zoo[114,204,218] Snapshot Serengd19]),
images thatarehard for computer algorithms to processpresented to volunteers to
categorize and annotate. The image processing tasks that eoctunai® asked to
complete are simple enough that members of the pedtiengage meaningfully with
minimal training[45]. These projects showed that it is feasible to motivate volunteers
to contribute to data collection tasks a scientific purposeAlthough motivation of

the projects are different from ouige(, scientific exploratiorvs.accessibility) and our
data collection methods involve arguably more complex interactegsrfavigating

in GSV environment), & follow the approach of above projects addvelopa
volunteerbased data collection systethen report on the smadtale deployment of

the systenin Chapter 6.
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2.5.2 Volunteered Geographic Information

The goal ofthis dissertation work aligns with existing efforts of collaboratively
mapping the worldbés geographical i nformat.
known asvolunteered geographic informatidvGl) or geographic volunteer work
[141]. OpenStreetMap (OSM), arguably the most successful VGI project, aims to
create a set of map data that is free to use and editable for evEfgofte76] In his
dissertation workPriedhorskyeveloped Cyclopath, a wddased mappingpplication
serving the route finding needs of bicyclists in cities in Minne$b4®,141,142]
Similar to OSM, Cyclopath allows any bicyclists to collaboratively provide and edit
bicycle route information onlineOpenStreetMap had approximate®;800,000
registered users as duly 2016[230], and there were 2,184 registered users for
Cyclopath as of 201]125]. These projects showed the viability and efficacy of
eliciting contribution ofmany anonymous crowd workers to collect geographical
information. Although similar in spiritour work not only differs in the types of data
collected(i.e., streetlevel accessibility information), but it also uniquely shows GSV
is a viable source of geographical information, and introduce novel methods to
combines crowdsourcing and automated methods to collect data fromV&S#lso
note that the potential useof our volunteebased system such as wheelchair users
and their caregivers would have ssd#frving intrinsic motivationsi.g., identifying
accessibility own neighborhoods), which may improve their reteftid,153,160]

Though the quality of VGI data has been questioned, research has found that

the data in VGI applicatiorese comparable to more traditional proprietary/government
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Figure 2.5. WALKscope. The web interface shows a vector layer of the sidewaligegments) and intersectior
(dots) in the city of Denver. In the data exploration window, the application visualizes low quality sidewal
and intersections in red and high quality ones in green. In the data editing window, online users can prov
inform ation about the quality of the sidewalks and intersections.

data [75]. Research around OpenStreetMap found thattiveiracyof collected data

was compeable to traditional geographical datasets that are maintained by national
mapping agencie§75]. Quality control mechanism similar to those employed in
crowdsourcingi(e., majority consensus is used to maintain Wikimapia §i&0§) as

well as use of heuristice g.,POI data entry of a café in the middle of a historic park
tend to be erroneoy80]) should not be present is also used to asssidata accuracy
However its coverage still falls behind that of other officttaset, especially in rural
areas and in countrieghere OpenStreetMap is less popytEs3]. This geographic

data coverage bias is common in V[&#,124,145] In chapter 6, w investigate the
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quality and quantity of data collectec our remote data collection methottsseeif
our volunteerbased methagiareviable for collecting geographical information about
streetlevel accessibility.

One notable application that has been launched receMilKscope[199].
WALKscope, a VGI application developed by WBEknver, invites volunteers to
provide fivepoint Likert scale information about sidewalk and intersectioality
through a web interfacdts interface visualizes sidewalk vector layers on top of
satellite imagery; a user can click a sidewalk segmentatedits quality, as well as
provide metadata like presence of obstacles, surface quality, and presence of landmarks
(e.g., benches).The added data is used to visualize sidewalk and intersection
qualitie® seeFigure2.5. While the focus of WALKscopes to provide useful data for
pedestrians in general, the optional metadata about sidewalk obstacles and surface
quality could be usefulbo inform the sidewalk accessiltylifor people with mobility
impairments. The application, however, does not allow a user to see sidewalks from
streetlevel (e.g.,via Google Street View), which makes it hard to observe the quality
of sidewal ks and i mits r epord tsidewalk ont r i bt

guality/accessibility.

2.6 Increasing Scalability with Automated Methods

Crowdsourcing accessibility data collectiosingGSV s labor intensiveResearchers
in the crowdsourcing field believe that croywdwered systems cdie combined with

automated methods reduce the workload amtreaseroductivityof the crowd work
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[103]0 an area of research that is often referrech@®an in the loopOur work
described in Chapterrglied oncomputer vision anthachine learningpasecautomatic
workflow controllerto reduce cost of crowd warBelow, we discussprior work in

computer vision and automatic task allocation that our work builds upon.

2.6.1 Computer Vision

There is a growing body of research applyeogiputer visionCV) techniques t&SV
[206,207,211,212,213For example, Xia@t al. introduced automatic approaches to
model 3D structures of streetscape anddng facades usin@SV [206,207] Zamir

et al]211,212,213]and Linet al. [112] showed that largscale image localization,
tracking, and commercial entity identification are possjil&3,211,212,213]This

work demonstrates the potential of combinimgmputer vision with GSV.
Varadharajaret al. developed computer vision system to track street condition from
selfmade image dataset similar to G&8Mrack cracked road surfacgd®9?2]. However,
research that focus geemt)automatically deecting accessibility featurdésom online
imageryhas beetimited. Notableexceptions areecent work by Ahmetoviet al.and
Koesteret al.[105] thatintroducedtechnique that use computer vision algoniis to

detect and localizerosswalksn satellite imagery irGoogleMaps and Street View
imagery{3]. Ahmetovicet al.statein their pgerthat the collected crosswalk data could

be used to populate geographical database to design assistive technologies to support
people with visual impairments. This suggests increasing interests in using computer

vision and online map imagery likeSV to populate geographical database.
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Ourwork in semiautomatically detecting curb rampsilds on top of existing
object detection algorithms from the CV commui§,62,194] In our study, we used
Deformable Part Model®PMs)[62,63], one of the top performing approaches in the
PASCAL Visual Object Classes (VOC) challenge, a major object detection and
recognition competitio62]. Despite a decadeng effort, however, object detection
remains an open problefi9,202] For example, even the DPM, which won the
ALi fetime Achievemento Prize at the aforen

reached 30% precision af2 70% recall in Oc

2.6.2 Automatic Task Allocation

Our semiautomated systemses machine learning to contrible image labeling
workflow for efficiently collecting data fronGSV (Chapter . Typical workflow
adaptions include: varying the number of workers to recruit for a [@&}R02]
assigning stronger workers to harder versions of la[i&47] and/or fundamentally
changing the task an individual worker is giVj@5,111]} These workflow decisions
are made automatically by workflow controllers often by analyzing worker
performance history, inferring task difficulty, or estimating cost.

Most relevant toour work on semautomated ecessibility data collection is
workflow adaptation research in crowdsourcing syst¢98s111,202] For example,
Lin et al. and Welinderet al. rely on worker performance histories to either assign
different taskg111] or recruit different numbers of workdZ02]. More similar to our

work is [95,99] that infer task difficulty via automated methods and adapt work
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accordingly. For example, Kamaat al. [99] analyzed image featwsewith CV
algorithms to predict worker behavia@a$priorion image annotation tasks and used this
to dynamically decide the number of workers to reciMibre recently, Guraret al.
introduced a frameworkthat combines humabased and automated image
segnentation [72]. In their framework, a prediction module predigsality of
automatic image segmentatjorthe module thendecides to delegate image
segmentatiomask to human or automatic segmentation

Though similarpurwork is different both inthe problem domaini(e.,finding
accessibility attributes) as well as in approach. Radttaer vary the number of workers
per task,our workflow controller infers CV performance and decides whether to use
crowd labor for verifications or labeling. In additiome do not simp} rely on image
features or CV output to determine workflow but also contextual information such as

intersection complexity and 3point cloud data.

2.7 Summary

This chapter hadescribedackgroundand related work of three areas of research that
are most relevant tihis dissertationOur work complements and extends the existing
sidewalk accessibility data collection methods by introduaioegl ways to remotely
collectstreetlevel accessibility dtafrom GSV. We surveyedhe existing technologies
that our data collectiormethods rely on, and how the techniquesdesigned differ

from existingones
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Chapter & or md tnitvweeSv udw

In this chapter we describe a formative interview study with 20 pewithemobility
impairments. Our goal is to investigate the current methods that people with mobility
impairmentsuseto assess the accessibility of the physical environment and to explore
the future design of assistive locatibased technologie$his chaper is based on our

CHI2016 publicatiorj79].

3.1 Introduction

Accessibility barriers in the built environment pose significant problems for people
with ambulatory disabilitie$21,26,65,71,91,127,129,152,17'Hnowing where and
what barriers exist can help affectedvekers mitigate, prevent, or better prepare for
such problem$21,127,135,167]Previous research has identified common strategies
people with mobility impairments use® evaluate the accessibility of routes and
destinationsa priori (e.g.,seekingtrip advicefrom caregiver4135,167); however,
this work either occurred before the modern era of locdiased technologies like
GPSenabled smartphones or did not focus on the potential role of technology.

In this chapter we investigate current methods and téolth technolgical
and nonrtechnologicad that people with mobility impairments use to evaluate the
accessibility of the built environmenrg.@.,streets, businessea$ well as tglanand
execute travel. Through participatory design, we actively engage our partcipant
brainstorming and designing the future of what we eakistive locatiorbased

technologies (ALTs)d locationbased technologies that specifically incorporate
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accessibility features to help people with impairments explore, search, and navigate the
physcal world. Asexploratorywork, our research questions include: What modern
technologies do people with mobility impairments use to evaluate the accessibility of
the built environment? What role does technology have in making decisions about
traved bothapriori (e.g.,when planning) anth situ(e.g.,when moving about)? How

could future technologies be designed to further improve the way they navigate the
physical world?

To address these questions, we conducted a-pantestudy with 20 mobility
impaired participants: a senstructured interview (Part 1), a participatory design
session (Part 2), and a design probe activity (Part 3). Thessaroiured interview was
designed to investigate current methods and tools that people use to plan trips and
asses the accessibility of the built environment. In Part 2, we designed and developed
three ALT usage scenarios, which were used to help guide the participants in ideating
and sketching new ALT designs: interactive exploration of neighborhood accessibility,
accessibilityaware location search, and accessib#ityare navigation. In Part 3, we
presented 2 researcheprepared paper mockups of ALTs and elicited feedback.

Findings from Part 1 reinforce and extend previous research in how people with
mobility imparments assess accessibilijl,135,167] We found that, while planning
trips remains a challenge, modern locaf@msed technologies support people with
mobility impairment8 even if not designed specifically for that purpdsar. example,
participants found satellite and Google Street V(&8V) imagery helpful to gauge

the accessibility of their travel routes and destinations. Part 2 elicited ten key design
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Figure 3.1. To explore how locatiorbased technologies currently support users with mobility impairment
as well as toexamine desired future interfaces and uses, we conducted a thwpart formative study with 20
mobility impaired participants. Above, photos from (a) a semistructured interview, (b) a participatory
design activity, and (c) a design probe.

feaures €.9.,top-down maps of streets depicting accessibility information) for ALTs
and five importah data qualities for accessibility informatiore.g., credibility,
frequently updated data). During our design probe in Part 3, participants reacted
positively to our mockup, especially glanceable visualizations of indoor/outdoor
accessibility and accesdity-aware routing interfaces, and provided design
suggestions. Another data quality emerged in Part 3.

The contributions of thishapterinclude: (i) an examination of methods and
modern tools that are used to assess the accessibility of the builtnemeirg (i) an
analysis of ALT mockups designed by mobility impaired people;
(iii) the first examination of the significance of data quality on ALTSs; (iv) findings from
mobility impaired peopleds reactions t
key features and data qualities of ALTs, our findings should inform the design of future
locationbased toold both general tools such as Google Maps or Yelp as well as
specialized tools such as WheelMag3] or AXSMap [224]) aimed at the accessibility

community.
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Sex Age Phone Technology Disability

P1L F 48 Cane Cerebral Pa(gjfects fine motor control of both hands and feet)
P2 M 37 MW, EW Cerebral Pa{gyeak legs, restricted to using a wheelchair)
P3 M 48 SP MW Spinal Cord Injury (C5/6)

P4 F 22 SP  Scooter FSH Muscular Dystrophy

P5 M 56 SP MW Spinal Cord Inj(lrg/T12)

P6 F 77 Cane Muscular weakening disease

P7 F 42 SP  Cane, Scootel Juvenile Rheumatoid Arthritis

P8 F 72 Walker Damaged patella tendon

PO F 38 SP EW Muscular Dystrophy

P10 F 72 Walker, EW Parkinson's disease

P11 F 24 SP  Scooter SpinaWuscular Atrophy (Type 3)

P12 F 26 Walker, EW Cerebral Pa{ppor balance and no depth perception)
P13 F 24 SP  Cane, walker Diplegic Cerebral Ralfgcted muscle tightness in legs)
P14 F 56 SP EW Multiple Sclerosis

P15 M 52 SP  Walker Cerebrdtalsy, Knee injury

P17 F 31 SP  Walker, MW Spinal Cord Injurg)T

P18 M 63 SP MW Spinal Cord Injurt{}

P19 F 19 SP  Cane, crutche Hip replacement

P20 M 29 SP MW Spinal Cord injunt)L

Table 3.1. Participant demographics Here, we useMW=Manual wheelchair, EW=Electric wheelchair, and
SP to indicate participants who have smartphonesP16 was excluded due to a cognitive impairment th
prevented her from fully participating.

3.2 Method

We conducteda threepart study withmobility-impaired participants(i) a semi
structured interview to inquire about current methods and tools thpadicipants use
to support trip planning (Part Figure3.14); (ii) a participatorydesign to elicit design
and feature requirements ALTs as well as their conx¢ of use(Part 2 Figure3.1b);
and (iii) a design probe activity to discuss designs and featufeSTgbaper prototypes
designed byheresearchers (Part Bigure3.1c). Study sessions were audio and video
recorded and transcribed by the members of the research team.

We recruited 20 participants (14 female) a rolling basisthrough local
accessibility organizationsyord-of-mouth and email listsens. Participants were on

averaged3.7year old ED=18.Q range=19-77; Table3.1) and from the Washington,
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D.C. areaTo investigate potential differences in perspective and experience based on
mobility level, we specifically recruited a range of participd@&0]: 8 usedelectric
wheelchaig/scootes, 7 usedmanual wheelchasr and 10usedothermanualassistive
technologies €.g., cane, walker) The total number (25) exceeds 20 as some
participantsusedmore than onassistive devio® seeTable3.1. All participants had
experience with using laptop/desktop computersik8iadad smartphorse Prior to the

study session, participants were asked to fill out an online background survey. Due to
a cognitive impairment, which prevented full participation, P16 is excluded from our

analysis Participants were compensated $ithur fortheirtime and tavel.

3.21 Part 1: Semkstructured Interview

Part 1 of our study was aimed at uncovering: (i) what accessibility challenges people
with mobility impairments face in the built environment and the significance of these
challenges; (ii) the tools and metwthey use to assess accessibility; and (iii) how the
problems impact their decision and ability to travéleinterviewer initiated inquiries

with afixed set ofquestions. As new topics emerged in accordance with partiG@pant
background, mobility leve and experienceparticipants were asked to elaborate on

emerging topics.

3.2.2 Part 2: Participatory Design

We used participatory design with ender sketchinl82] to better understand what
types of interactive designs, features, and uses people with mobpiyrments desire

for future ALTs. To help guide the design activity, we used sceiased design
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[34,155] with three scenarios; each scenario described a situation where ALTs could
be helpful for evaluating the accessibility of the built environment. Our scenarios are
based a GIS literaturg[13,58,147]that taxonomize locatichased applications into

three main areas: geographical exploration, search, and navigation. The scenarios were
then adapted to an accessibility context. Before conducting the study, we refined our
scenarios iteratively within guesearch team and later with a research partner who

uses an electric wheelchafkde=47; Male; SCI level C5). The three scenarios are:

1 Scenario 1: Citywide Accessibility Exploratior¥ou are planning to
rent a room in an unfamiliar city that you will move to in a few months.
Imagine that there is a website that provides accessibility information
about the city. What should that website look like?

1 Scenario 2: AccessibiliBAware Locaton Search.Your friends are
visiting you, and you want to take them to an Italian restaurant in
Washington, D.C (your hometown). You would like to find a popular
restaurant. You also want to make sure the business and its surrounding
areas are accessiblerfyou. What should the application look like?

1 Scenario 3: AccessibiliBAware Navigation. You came to an
unfamiliar city for your holiday. You remember there is a natural
science museum that you want to visit. You open a navigation tool on
your computerd find accessible routes from your hotel to the museum.

What should the application look like?
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Figure 3.2. The four templates for sketching: (a) a blank mobile, (b) a map on a mobile, (c) a blank w
browser, and (d) a map on a web browser.

B~ | cC D

To help our participants ideate and sketch design ideas, we prepared four paper
templates, which they could use at their discretion: (i) a blank smartphone, (ii) a map

on a smartphone (ii) a blank web browser, dnd a map on a web browser
(with/without pinsp seeFigure3.2. While our templates are based on widely available
technologies and familiar map interfaces, we did mestrict our participants from
brainstorming ideas that use other user interfaggs,dugmentedeality devices like

Googl e Gl as s, smartwatches) . Participants
sketching. Five participants were not comfortable sketdythemselves due to weak

upper body strength. In these cases, the participants described their ideas and the

interviewersketched on their behalf.

3.2.3 Part 3: Design Probe

For Part 3 of our study, evdesigned 1Bw-fidelity, paperbasedorototypemockups
of ALTsr anging from heat map Vvisualizationds
navigation interfaces that provide accessible rodagife 3.3). Prior wok suggests

that using lowefidelity interface representations in user studies elicits more honest
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Figure 3.3. We demonstrated the twelve paper prototypes of ALTs to participants in Part 3 of the studya-
d) street-level accessibility visualizations (e) citywide accessibility scorecomparison (f) accessibilityaware
location search, (g) bus stop accessibility visualization (h-j) building accessibility, and (k-I) outdoor
wayfinding. The high resolutionversion of the prototypes are available as supplementary material.

feedbacl{109,151]and that the presentation of multiple, alternative design solutions
reduces inflated praise and gives rise to stronger criticism, when apprp3i2ke

Our mockups were used dssign probego elicit reactions, prompt critical
feedback, and ground discussiongnifr to our scenarios in Part 2, probes were
iterated upon within our research group and with our mobility impaired research partner
before beginning our st ud yccessthilityn8corgs® o b e s
which were inspired by walkscore.colvalk Scorgorovides a number betweerl00
that represents the walkability of a given address; the score is based on proximity to
destinations such as restaurants, libraries, and parks as well as population density and

road metrics such as block lengthdamtersection density222]. While similar,
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Accessibility Scores extend Walk Scores with notions of accessibéity., the
presence of sidewalks and curb ramps, road gfestgiency of elevation changes, and
sidewalk width). Some features of our probes, such as how accessibility scores are
computed, are left intentionally vague to help provoke discussion. Below, we describe
our 12 probes categorized into six groups. Fadability, we refer to the specific
probes in parentheses without the Figure prefix.

1. Accessibility Score Visualizations. We developed four tedown, mapbased
visualizations of accessibility scores to provitleaty | an cmmd @ r mat i on on
accessibity. Two probes used heat map representations with different granularities:
neighborhoodevel (3.3A) vs. sidewalklevel (3.3B). The two other probesseddots

to represent specifaccessibility beiers, both categorized (3C) and norcategorized

(3.3D).

2. Citywide Accessibility Score Comparison While the above visualizations are

useful for exploring the general accessibility of a city or neighborhood, they do not
easily support comparing the accessibility of different cities. This probe quantifies the
accessibility of entire cities with a single accessibility score along with brief, textual

rationale. Multiple cities can be entered/compared (as3B)3

3. Accessibility-Aware Location Search. In this probe, we developed a pooft
interest search websitsimilar to yelp.com but augmented with accessibility

information. Users can search for a business or other-pbinterest with a keyword
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and location. Each search result is accompanied bigeebaccessibility score, which

can be used for sorting afitlering (3.3F).

4. Finding Accessible Bis Stops. We developed one probe targeted at public
transportatiodl in this case, finding accessible bus stop8&3. Users can enter a
location and see proximal bus stops, which are emdded based on accessibility

(green for accessible, red for inaccessible).

5. Visualizing Building Accessibility. We developed three design probes for
investigating the accessibilitgf buildings. The first design uses a {dpwn map
visualization to indicate the accessibility of public buildings in a selected af#4).(3
Selecting a building zooms into its floor plans and highlights accessible and
inaccessible features such as elexsatand stairs (our second proBesl). The third

design focuses on accessible routing interfaces for indoor environmedjs (3

6. Outdoor Accessible RoutingFinally, our last category contains two probes related

to accessibilityaware pedestrian routiraggorithms and interfaces. Similar to Apple or
Google Maps, both probes allow the user to enter a start and end location and view
suggested routes. In our designs, however, the shortest path is visualized as well as the
shortesticcessiblgath. The proba 3.3 shows one alternative accessible path while

3.3L shows multiple alternatives.
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3.3 Data and Analysis

Each session lasted an average/ o0 minutes(SD=16.3; range=5319). Sessions
were audio/video recorded and transcribed by the research teams& iterative
coding[20,89]to examine the transcripts, including the responses to-stenctured
interview questions, ver bal descriptions
feedback on our design probes. OQur unit of
i nt er vquestisre r 6 s

We iteratively refined the codes to ensure the code set was comprehensive and
reliable. First, a member of the research team open coded the interview transcripts of
the first three participants (FR), who used different types of assistive tembgies.
Similar and recurring ideas were grouped to create the initial codebook. Using this
codebook, two researchers independently coded the same interview transctg)ts (P1
We used Co ldaz]dosasséss iptgoaer §greement. The mean agreement
wasa=0.40(SD=0.14;range=0.040.6). Landis and Koch suggested that scores of
0.6 are at most moderate agreenjgh®]. In our casel3 ofl4 codedor Part 1 through
3 were <0.6. The two researchers then met, resolved all disagreements, and updated
the codebook accordingly. A second set of transcripts6jPRdere glected and the
coding process was repeated. This time there was much higher agreement: average

9=0.88 ©SD=0.07; range=0.69.0). Again, disagreements were resolved through
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Part 1. Serstructured Interview
Accessibility barriers and enablers
Feelingsbout accessibility enablers and barriers
Methods or tools for overcoming accessibility problems
Impact of accessibility enablers and barriers
Methods or tools to assist with trip planning
Methods or tools to assist with evaluating accessibility
Part 2. Participatory Design and Part 3. Design Probe
Accessibility barriers and enablers
Context of use
Design of user interface
Accessibility data quality

Table 3.2. The final codebook. Thoughoriginally separate, Part 2 and Part 3 eventually shared the sar
codebook after iterations.

consensus and the codebook was updated a final time. One researcher coded the

remaining transcripts using the final codebodé&lfle3.2).

34 Findings

34.1 Part 1: SemiStructured Interview

We discuss what and how accessibility barriers and facilitators affect mobility impaired
peopl eds | ives and Iliegusetocofeavithpebdlemdedise a n d
the phrasef é&actt slasdribedbubt rivionment or intepersonal
features €.g., curb ramps, a helpful restaurant employee) that allow people to
overcome the barriefd29,152]

Accessibility Barriers and Facilitators

Participants were asked about mobility challenges and anxieties for trips. All
participants except for P15, who had strong mobility, mentioned at least one type of
barrier. Overall, 17 barriers and facilitators emerged, which we categorized into
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Barries and Facilitators
Leveled Ground
Surface Type

EW/S (N=8) MW (N=6) MAT (N=10) All (N=19)
7 (88%) 5 (83%) 8 (80%) 15 (79%

6 (75%) CELD) 7 (70%) 14 (74%)

8 |Curb Ramp 7 (88%) 5 (83%) 6 (60%) 14 (74%)
g Gradient 3 (38%) 5 (83%) 5 (53%) 11 (58%)
O |Narrow/Obstructed Path 6 (100%) 4 (40%) 11 (58%)
Presence of Sidewalk 3 (38%) 6 (100%) 3 (30%) 9 (47%)
Distance 0 (0%) 1 (17%) 5 (50%) 5 (26%)

_ |Elevator 4 (50%) 5 (83%) 8 (80%) 13 (68%)
3 |Entrance 6 (75%) 4 (67%) 4 (40%) 11 (58%)
2 |Restroom 4 (50%) 4 (67%) 4 (40%) 8 (42%)
Accommodation 2 (25%) 3 (50%) 2 (20%) 5 (26%)
Accessible Transportation 7 (88%) 5 (83%) 6 (60%) 14 (74%)
_ |Parking 3 (38%) 3 (50%) 9 (47%)
2 |stairs 2 (25%) 2 (33%) 5 (50%) 9 (47%)
O |P e o ptiitedd s 3 (38%) 2 (33%) 3 (30%) 6 (32%)
Crowded Area 1 (13%) 2 (33%) 2 (20%) 4 (21%)
Weather 1 (13%) 2 (33%) 1 (10%) 4 (21%)

Table 3.3. The accessibility barriers and facilitators mentioned by the participants.Cells are shaded b
response rate (drker shade=more frequent). EW/S=Electric wheelchair and scooter users MW=Manual
wheelchair users MAT=Manual assistive technology users.

outdoor, indoor, andotherin Table3.3 The most prominent accessibility attribute for

each category includedeveled grounde.g.,steps, curbs) for outdooelevatorfor

indoor, andaccessible transportatiéor other(e.g.,paratransitaccessible busgdNote

that | eveled ground is diff ereesteepndss),om a st
which is its own distinct attribute.

The perceived severity of the identified accessibility barriers seemed to differ
depending on the participantdéds mobility. F
distanceas a barrier to navigation, five of these used manual assistive technology. For
example, one cane user sdidl c an (surfacgs} Buslseed short distances
and | n e e @P19), A&ll nsahual wheslchair users mentionedphesence of
sidewalksand unobstructed paths to be important facilitators of their movement. A

paticipant who uses a manual wheelchair sé[&t] some locations, ¢ ] sidewalks



[are] narrow and for some reason have lightlesright in the middle of sidewalk,

so | candét géB). through at all . o

Impact of Accessibility Barriers

When asked about aessibility barriers and their impact, fifteen participants
mentioned that barriers affected their travel decigiobsth where to travel and

whether to travel at all. For example, PWho usesa manuawheelchairsaid il 6 | |
forgo goi ng onhrma there is Jomel sortcobisidéwalk for me to travel

a | o nimgaddition, nine participants discussed how accessibility affected their mode
oftravelii n New York City, the subppthgtwast ati ons
out of t he (Ri7e Savenaaportdd dhat theis diecisions on where to

stay/live depend on accessibility. For example: her e 6s been a coupl e
gone to where the actual door to the hote
anot he rP20).dinadly, thee participants mentioned how accessibility barriers

socially excluded or separated them from others. P98did: want ed to go to
and my friends are there a[hfiddtHeplacatolbet go be
inaccessiblep

Methods to Owercome Accessibility Barriers

Strategies to overcome the aforementioned accessibility problems organically emerged

in the interview. Five strategies includdgtlp from othersphysical strengthdetour

walk/roll onto thestreef andsetting expectatia Thirteen participants said they could

rely on othersfioccasionally if it's not accessible, my husband can help me upsteps

(P7). Ten participants mentioned that they use physical strength to overcome barriers.
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Among these ten, seven used manual assig#ehnologies. P8said i my husband r
my walker down to the bottom and then | walked down holding on [railidggven

noted they took detours when they encountered barriers. P1Aadous stop was

ongrassy hill So | di dnatto gpepta feastops andlofecousse it was

past t he act uaS$ix neftionpdotheyn walk/mll @ zhe steeet when
sidewalks are not passabfet hey ar e digging up the si dew:
use either the sidewalk on the other side,aryor e f or ced t @®1l).be on t he
Methods for Accessibility Evaluation

Participants were asked how they plan their trips to unfamiliar locations and assess
accessi bilichy. sl awdkngts otherarehing ohehduristics

andperforming anon-site accessibility audifParticipants used technologies to assess
accessibility as well, includingwebsites and online forumenline imagery and

existing locatioAbased technologie§Ve expand on each below.

Talking to Others: The most ommon method of assessing accessibility was talking

to others N=17). Our participants spoke with coworkers, friends and family members,
employees who worked at their destinations, and accessibility consultants who knew

about the accessibility of the fatis. P17 saidif a fri end has been t
ao you remember if there was a little siepao you remember what the access was

[l i ke] . 60

Heuristics: Our participantsN=11) relied on their experience and educated guesses

to gauge the accessibility of places prior to or in lieu of travel. For example, P7

describediit hose towns that are historic, | just
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On-site Accessibility Audit: When necessary, the participants (N=7) checked routes
and neighborhood accessibility-site. P12 said:
Alf 1 tds an i mportant trip but I donodt
| will do is a dry run the day before: get lost and find my own
landmarks and dd the next day where | will usually get lost again
but not as badly 0
Websites and Online Forums:Fifteen participants noted they acquire accessibility
information of the built environment from websites of hotels, restaurants, and other
business facili#s. Online forums were used to assess the areawise accessibility of
neighborhoods and cities.
Al dm t r yi ngplatesarelfaccessiblepthen | will isudlly
use their website or Googl e. But 1 f 1 0r
like Adams Morgalor checking out an entire area,

[ é] people can be |li ke Aoh this area

doesndét have {ph)e cobbl estones. 0

Online Imagery of the Built Environment: Eleven participants reported the use of
online imagery of the bliienvironment likeGSV, satellite imagery, and building

facade pictures found online. P20 said:

~

n | use Street View of Google. What that
I f thereds any steps outside of the fac
able to tell rght away from Google Street View, or satellite or

anything |ike that.o

51



Existing Location-based Technologies:Six participants reported that they use
accessibility features of existing locatibased technologies. P17sdidl used Yel p t
find my restaurats, and | always go to tHendicator describing]wheelchair access.

|l tds great t hat[fotwheelthdisaccesk]@s fer emeygmEALTsY n o

while 2 participants knew about AXSMap, they did not use the application due to
coverage area arthta sparseness.

Combining Strategies. Finally, participants used not just a single method, but

combined two or more strategies to crosscheck accessibility. For example, when asked

about his preferred method, P20 said:

fil guess it would be a combinatioh,er e i sndét an actual pr e
Becausde hen t her e 6s e.dtreetlVeewis mohalwaya c h o n
updatedand the perception of the person

unfamiliar with my situatiom, they don¢

Part 1 Summary.Our findngshighlight common accessibility barriers and facilitators

in the built environment, the impact of those barriers, and methods to mitigate or avoid
accessibility problems, whidleaffirm and extengrior work(e.g.,[129,135,152,167]

We also uncovered how modern technology is useddess accessibilitg g.,online

imagery).

3.4.2 Part 2: Participatory Design

Participants were asked to sketch ideas and describe the design of future ALTs. We
grouped recurring, emergent features of ALTs into 10 categories. We also describe five

emergendata qualitie$200] important to ALTSs.
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Common Solutions

Overall, participants sketched and described ten different features for envisioned future
ALTs. For the first scenario (citywide accessibility exploratidhg top four most
frequent features included:tr8etlevel AccessibilityVisualization N=12), Detailed
Description (9) Routing (6), and Transportation (6). For the second scenario
(accessibilityaware location search), participants wanted Detdiledcription (13),
Pointof-Interest Accessibility Rating (7), Remote Accessibility Inspection (7) and
Floor Plan. Finally, for the third and final scenario (accessikdityare navigation),
participants wanted Routing (14), Transportation (8), Stesell Accessibility
Visualization (7), and Remote Accessibility Inspection (4). We describe all ten
emergent features below.

Features

Street-level Accessibility Visualization: Fourteen participants sketcheddescribed
top-down map tools that visualize accdsity barriers and facilitators in
streets/sidewalks. These mbased visualizations weheghly desiretbecaise, as our
participantsnoted they allow users to quickly explore the accessibility of a large area
P70 s inkigute4hfor example, shows the presence of curb ramps as blue pins
in a mobile map interface. Color was often used to either represent types of accessibility

attributes or the severity of atcessibility barrier.

Point-of-Interest Accessibility Rating: While the previous feature provides a way to
browse streelevel accessibility, eight participants wanted accessibility ratings of

individual buildings €.g., Figure 3.4d). Our participants thought that these ratings
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Figure 3.4. Examples of sketches from Part 2 of the study{a) a mobile map that showghe accessible rout
and placement of curb rampg(sketched by P7) (b) a virtual video walk through feature to seewithin/around
the housing (P9) (c) a floor map visualization to assess spaciousnesfsa restaurant floor (P20), (d) a searct
tool with accessibility rating of a place and reviewsvritten by other mobility impaired (described by P2,
sketched by a researcher), ande) a location directory with advanced search feature to select accessibi
attribute (P11).

should be either generated automatically with previously acquired accessibility
metadata or provided by emnders ie., crowdsourcing), whichis the technique
employed by sites like AXSmgR24]. In describing a Yekltike tool, P3 saidfit h a t
would be the crowdsourcing information with rankings from an individualsrs &tr
accessibilityAsdaagatteings f or f ood. o

Detailed Description: A large majority of our participantsNEL17) sketched or
descrbed interfaces that provided detailed information about the accessibility of a
place. Details were important not only because of the-vadge of needs amongst a
diverse mobilityimpaired population but also because, even for a single user, needs

may chage over time or situationally. In describing a location search tool, P17 said:
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Aif you click on this one up here you c
with accessible information and maybe this says 'no' and \ehg
step in front of entrance®hat letssomeone decide 'well actually |
could do that' or "1 O0Om going with a gr
stepor "I 6m going by rmhygel f and | candt
Floor Plan: Four participants mentioned thasualizations of a buildingBoor plars
annotated wh information relevant tmmdoor accessibilityvould beuseful(e.g.,stairs,
elevators, narrow areas of traversal). In describing the sketéhgure 3.4c, for
exampe, P20 said that floor plans help reveal the general accessibility of a facility (a
restaurant in this case). His tool visualizesplteEzement of tables arshhowswhether
it is possible to reachlaathroom
Visual Accessibility Inspection: Eight partici@nts saidthat ALTs should provide
visualmethods to let useremotelyinspectthe accessibility of streets/sidewalks.q.,
presence of curb ramps), building facaeg. presence of stairs), and building interior
(e.g., maneuvering spaceqFigure 3.4b). Desired inspection methodsncluded
pictures, videos, and interactive virtuahlity of a room With visual information a
user can inspect armnfirm that thelocationis indeedaccessible byhemselvesP18
said:
Al guess itdéds more of a matter of confi
It says thereds a curb cut here, |l trus

more confident if | could also see a pictufeoi t and see o6yeah th

a curb cut ther e, and it |l ooks | i ke it6€
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Discussion and Review:Five participantsmentioned thatsergenerated reviews
would beuseful to assess accessibility anchelpevaluatethe credibility of provided
accessibility informatior{Figure 3.4d). Some specifically said accessibility reviews

should come from other people with mobility impairments to ensure thatviesvess

share a common perspective of what constitute accessibility bafriera t oo | ] need

to have reviews by ot(fl2)r people with disab

Search and Filter: Two methods to query accessibility information emerged. First,
five participantsdescribed tools tsearch and filter places based on accessibility
attributes For examplean advanced searaption shown inFigure 3.4e allows its
usesto gecifyaccessibility attributes for a hotel accommodation.

Routing: Second, fifteen participants mentioned ways for searching accessible paths
between two locatiords using either single modes or multiple modes of transportation
(e.g.,a tool that automaticallyrids an accessible walking path to an accessible bus to

a usero6s destination) .

Transportation: Twelve participants wanted information about (accessible)
transportatiorontheir ALTs. Some described more advanced features likedesnand

accessible cab

i 1 there was an app that showed where the cab was, kinda like in

Uber , [ é] there's an accesssi bl e cab
direction, and you're herelt'll be to you in three minutes or

whatever, so it can show like all the accessible cabs in yourdarea

(P11)
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Universal Design:Finally, arequest for universal design organically emerged. Three
participants saidhe aforementiond features should be integrated into existing tools
like Google Maps and Yelmther than specialized, assistmeented tools that have
smaller user bases and often fewer developer resoufices' m a |l | for uni
technology, sfan accessibility feature] woulte integrated into an app that everyone
uses ratherthananaccessith i ty app. o (P11)

Feature Summary. We grouped recurring and similar featuiasour participant
created ALTdnto ten categories. Featunesiged from getting high-level overview

of the accessibility of a neighborhoad more fine-grained information ahg the
accessibility of a buildingSome features specifically allowed users to upload and/or
review content and assess credibility.

Data Quality

Prior work has shown that perceptions of data quality such as credibility and relevancy
dramatically impact bw the data is consumgd93,200] Below, we describe five
important data quality attributes froRart 2. Note that we did not specifically prepare
guestions about data quality, so these themes are emergent:

Granularity: Fourteen participants mentioned that the interface should present
detailedaccessibility information rather than just binanglicators In designing her
locationsearch tool, P7 said that ALTs should present:

Ai nsi de each room, di me,mspecifca s bat hr oo

with heights of counters and turnaround space, having a floor plan,

57



heights of light switches and whetherr not t hereds carpet

hardwood the type of floon

Relevance:Eight participantsioted that not all accessibility information is relevant to
their specific impairment, suggesting the need for-dollvn interfaces that present
well-categorized higleve accessibility information with detailed information
available through interactioim describing a location search tool, P4 said:
Af or me, Il  just need a ramp and an el e
people need other things, so they would have to prghadohe up

with a list of all the different things that would be classified as

accessible to different people. 0

Credibility: Six participants mentionetthat the data needs to be trustabld: .can. ]

we even trust the website? | would have to know the person who reviewed it as
accessible has either a similar disability to my own or understands the concerns of a

person who my particular issuegP12)

Recency of Information Six participants mentieedthat upto-date data i€rucial,

especially for accessibility barriers that change dailg.(construction) or even hourly

(e.g., pedestrian traffic). P3 notec Cur r ency of i nakey.mé&t i on i s
Google StreetView makes everything look eessible but does not include the
construction that recently started. o
Coverage:Two participantslescribed théssue of scarce data in emerging ALTS like

AXSMap:
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AAXS néipddesn'tget much traction, becayse they don't
cover enough area, sdgtlike one neighborhood in NYC and it's like

who's going to (Plally | ook at that?0o

Part 2 Summary. Through participatory design activitiesgvidentified ten desired
features and five essential data qualif@sALTs. The top three mostesired featres
wereproviding detailed descriptions, accessibiyare routing, and tegown map
based views of streétvel accessibility. Data quality attributes often related to features

(e.g.,high granularity of data corresponds to the detailed descriptiuarés.

3.4.3 Part 3: Design Probe

In the last part of our study, we used 12 prolbégufe 3.3) to explore designs and
functionalities of future ALTs. We specifically conducted this part of the shfigy

the participatory design to not etthings t he p
in Part 2. Many features and probe desi gns
own ideas. Thus we focus on describing overall reactions to our probes here as well as

specific feedback that differs from Part 2.

Overall Reactions

Accessibility Sore Visualizations(3A-D): Eighteerparticipantgeacted positively to

the concept of visualizing streketvel accessibilityn a magFigure3.5). Of thesefour

probes, participants were less supportive towdhds neighborhoodevel heat map

probe(3A) because of lowocation precisiorand, instead, preferred the sidewhditel
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Figure 3.5. Design probea-d that visualize streetlevel accessibility (a & b) Neighborhood and sidewalk
level accessibility visualizations that shows accessible areas in green and inaccessible areas in red. (¢
Point-level visualization that show specificaccessibility bariers in dots, both categorized (c) and noi

categorized (d).
heat mapprobe (3B). Participants preferred the categorized dot probe over the
uncategorized one due to a higher levah&drmationgranularity

Citywide Accesibility Score Comparison (3E): Only six participantsreacted
positively towards the citywide accessibility score compariso(Figure 3.6).
Participants expressed dowitout the utility of the applicatidmecausehey felt that a

city, as a unit of accessibility evaluation, is too broad and cdarggovide any

meaningfulinsights.
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Figure 3.6. Citywide accessibility score comparisorihis probe quantifies the accessibility of entire cities wit

a single accessibility score alongith brief, textual rationale.

hi he

her e, i s

nlot nk t

it

problem with i

t hat itds too

t

high |

i s, at

evel

example New York, | might be interested in Manhattan, but not

Brooklyn orQueens. But iffou got this overall scorehta t

really tell me much. o (P18)

doesnot

Accessibility-Aware Location Search(3F): Thirteenparticipantsreacted positively

towards the design ahe location search too{Figure 3.7). Participants suggested

improving the design by allowing users to examine the rationale for dbgeb

accessibility scorde.g., presence of handicap parking). Other suggestions included

provision of pictures of the building fagade and accessibility reviews by others.

Accessible Bus Stops Visualizatio(BG): A majority of participantsN=15) favored

theidea of visualizing bus stop accessibiliBigure3.8). Design suggestions included

providing rationale for why bus stops are (in)accessible, presenting general transit
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Figure 3.7. Accessibility-aware location ®arch. A point-of-interest search website similar to yelp.com bt
augmented with accessibility information. Users can search for a business or other poimitinterest with a
keyword and location.Each search result is accompanied by a&vel accessibility score, which can be us
for sorting and filtering

information, and offering similar information for different types of public
transportation€.g.,trains, subways).

Visualizing Building Accessibility (3H-J): Seventeemarticipantgeacted positively

to theidea of color coding the accessibility of buildings on a map and/or showing floor
plan accessibility visualizatior(&igure 3.9). For the floor plan visualization (3I), two
participants suggested denoting what the areas are used for to improve

understandability. In contrast, only 8 participants (42%) thought that the indoor routing
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Figure 3.8 Accessiblebus stop visualization Users can enter a location and see proximal bus stops, which
color-coded based on accessibility (green for accessible, red for inaccessible).

tool (3J) would be usaf. Most participants felt that more effective alternative methods
are readily availablee(g.,talking to others, looking at mall directories).

Outdoor Accessible Routing (3K-L): Seventeen participanteeacted positively
towards accessibilityaware routing interface@rigure 3.10). Twelve preferred the
interface with multiple routes (3L), while three preferred the simpler interface (3K).
One participant suggested including audible tlnyturn navigation, because moving

her upper body to interact with her mobile tool was hard.
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Figure 3.9. Visualizing building accessibility.(Top-left) The first design uses a toglown map visualization tc
indicate the accessibility of publc buildings in a selected area. (Topight) The floorplan visualization
highlights accessible and inaccessible features such as atevs and stairs.(Bottom) The third design focuse
on accessible routing inérfaces for indoor environments

Part 3 Summary.More than half of participants reacted positively towards all probes
except forthe citywide accessibility score comparisand irdoor routing probes.In
discussing mockups of Accessibility Score Visualizati@msadditional data quality
location precisionemerged; which refers to geographical fidelity of accessibility data

(e.g.,at sidewalk level or block level)
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Figure 3.10. Accessibility-aware routing. Similar to Apple or Google Maps,theseprobes allow the user t
enter a start and end location and view suggested routes. In our designs, however, the shortest pe
visualized as well as the shorteésiccessible path. The probe on the lefthows one alternative accessible pe
while the oneon the right shows multiple alternatives.

3.5 Discussion

We reflect on the implications of our findingsescribestudy limitations, and offer

suggestions for future work.

3.5.1 ALTs Design Considerations and Recommendations

The study in this chapteeafirms the unmet needs of previously proposed/designed
ALTs (e.g., accessibilityaware POI searcf68,176) as well as presents desired
assistive features that have not been described beéoge \isual accessibility
inspection). Following the design practice describedilbb], we formulate design
recommendations based on findings from our three ALT scenarios:

Citywide Accessibility Exploration: Location precision and categorical granularity of
accessibility barriers were valued in the design probe activities. We suggest providing

two types of visualizations similar tigure3.3b and c. Information about accessible
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routes to nearby locations.{.,cafes) is also recommended. Given a point on a map,
provide a range of nearby amenities together with the detailedmatmn about
accessible routes to those destinati@ng.(distance of the shortest accessible route).
Accessibility-Aware Location Search: For each location search result, provide an
overall accessibility rating of the place. This will allow mobility iamed users to
quickly browse through the list of results and find a few that are accessible and have
high reputations. Providing rationale for the accessibility ratings is also strongly
desired, including a list describing what barriers or facilitatorkem@ach location
accessible or not.

Accessibility-Aware Navigation: Future ALTs that support routing should provide
multimodalaccessibilityawarenavigation. The interfaces should provide routes with
accessible transportation.§.,accessible taxis, buspand accessible walking/rolling
directions. To further improve the interface, provide geographical visualizations of
neighborhood accessibility along the route. This will allow users to reason about why
the routes are recommended.

Similar to prior resea@h in data quality of online reviews for health care
providers[193] and businessgd2], our findings support the need for ensuring and
maintaining high data quality. The recommended designs above should allow users to
verify accessibility information by incorporating featsrdescribed in Part 2.,

Visual Inspection).
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3.5.2 Future Work

One key challenge in designing and deploying ALTs is finding and maintainitag up
date information about the accessibility of the built environmBEmbugh prior work
including ours desdred in the following chapterbas exploredrowdsourced csemt
automated methods to remotely collect outdoor accessibility information at scale
[3,73,77,81,84] these methods rely orogentially outof-date information, offer no

way for users to update or comment, and do not yet work for indoor environments.
Potential avenues of future research in this area include exploring potentially rich and
scalable but untapped sources of accddgibnformation such as dailpdated
satellite imagery€.g., Planet Labg225]) or even surveillance video streangsg(,
Placemetef226], dashboard cameras on government veh[223]).

Our stud elicited design features of future ALTs. How best to combine these
for different scenarios is an open question. For example, P3 wanted accessialiey
navigation tool on Google Glass so the application could help him navigdte-go.

While featurerequirements for the technology may be similiag.(routing, transit

information), more investigation is needed.

3.5.3 Accessibility Data in Sharing Economy

Should ALTs provide accessibility information of private properties? Although
mentioned by onlypne participant, emergent sharing economies such as Airbnb raise
important questions for ALTs. In the U.S., for example, there are no regulations that
mandateresidential housingto be accessible. Thus, it is not clear if Airbnb
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accommodation owners needdomply with ADA[7]. P7 raises some important points
about this complex issue:
fi é most of the places in Airbnb are not accessible to rent out. But
now t hefareddwnceddeature to search witihvheelchair
accessibility of a home or something, big all dependent on the

person whodés renting the home and what

accessible i®.

35.4 Limitations

We performed a qualitative study of 20 mobility impaired participants located in the
eastern US. Future work should consider gdarmore diverse sample and compare
perspectives. Our study focused solely on mohititpaired users, future work should
include people with other physical or sensory impairments. Finally, though useful in
structuring the participatory design activigyr use of templates in Part 2 may have

affected our results.

3.6 Conclusion

The study in this chaptegrovides the first work investigating modern and desired
methods and technologies for evaluating built environment accessibility. We conducted
a threepart study with 20 mobility impaired participants. Part 1 reinforced and
extended findings in the literature regarding perspectives of accessibility

barriers/facilitators. Through participatory design activities in Part 2 and 3, we
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uncovered 10 key features desired ALTs and six key data qualities, which have

implications for the design d@iture ALTSs.
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Chapter4Col | ect i ng Si dewal k AcCcces s

Crowdsourcing

This chapter describes our initial work on building and evaluating a system that collects
stred-level accessibility information by combining crowdsourcing and Google Street
View (GSV). This chapter has adapted and rewritten content frapersat ASSETS

2012 andCHI 2013[80,81]

4.1 Introduction

According to the most recent US Census (2010), roughly 30.6 million individuals have
physical disabilities that affect their ambulat@mstivities[185]. Of these, nearly half
report using an assistive aid such as a wheelch&m{alion) or a cane, crutches, or
walker (11.6 millior) [185]. Despite aggressive civil rights legislation for Americans
with disabilities €.g.,[1,191]), many city streets, sidewalks, and businesses in the US
remain inaccessiblg.32].

As we described ithisd i s s e r Ihtraductiannthie problem is not just that
sidewalk accessibility fundamentally affesthereandhowpeople travel in cities but
also that there are few, if any, meclsans to determine accessible areas of aaity
priori. Indeed, in a recent report, the National Council on Disahilittedthat they
could not find comprehensive information
accessi bl eo [a32]r Tradisionalty,h sdewdlkS assessment has been

conducted via iperson street audif471,172] which arelabor intensive and costly
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Flgure 4.1. Using crowdsourcmg and Google Street View images, we examlned the efficacy of three diffe
labeling interfaces on task performance to locate and assess si@ddk accessibility problems: (a)Point, (b)
Rectangle and (c)Outline. Actual labels from our study shown.

[157], or via citizen calin reports, which are done on a reactive basis an
altermative, we propose these of crowdsourcing to locate and assess sidewalk
accessibility problemproactivelyby labelingGSV imagery

We report onthree studies inparticular design exploration for the image
labeling interfaceExploratory Study, a feasibility studyith motivated peopl€Study
1) and an online crowdsourcing study using Amazon Mechanical Tuukl\{(2). In
Exploratory Studywe conduct a prelimingrstudy toexplorethe design of image
labeling interface by askingrowd workers from Amazon Mechanical Tuiklabel
accessibility issues found in a manually curated database of 100 GSV images. We
examine the effect of three different interactive lalgimerfacesKigure4.1) on task
accuracyandduration Because labeling sidewalk accessibility problems is a subjective
and potentially ambiguous task, Study 1 investigates the viability of the labeling
sidewalk problems amongst two groups of diligent and motivated labelers: three
members oburresearchteamnd t hr ee fisi dewad ikthimcase,essi bi |
wheelchair users. We use the results of this study to: (i) show that the labeling approach
is reliable, with high intraand interlabeler agreement within and across the two

groups; (ii) acquire annderstanding of baseline performadidbat is, what doegood
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Figure 4.2. We propose and investigate the use of crowdsourcing to find, label, and assess side
accessibility problems in Google Streetview (GSV) imagery. The GSV images and annotations above are-
our experiments with Mechanical Turk crowd workers.

labeling performance look like? (iii) provide validated ground truth labels that can be
used to evaluate crowd worker performance.

For Study 2, we investigate the potential of using crowd workers on Mechanical
Turk (turkers) to perform this labeling task. We evaluate performaiiveo levels of
labeling accuracyimagelevel which tests for the presence or absence of the correct
label in an image, angixel level which examines the pix¢tvel accuracies of the
labels provided (as ifrigure 4.2). We show that, when compared to ground truth,
turkers are capable of determining that an accessibility proé&kestsin an imagewith
80.6%accuracy (binary classification) and determining the copeatlem typewith
78.3% accuracy (multiclass classification). Using a simple majority voting scheme with
three turkers, this accuracy jumps8®.9% and 83.8%espectivelyWe also examine
the effect of two quality control mechanisms on performastaistical filtemg and
multilevel review (se€g146]). Our findings suggest that crovadscing both the
labeling task and the verification tas&ads to a better quality result. We also
demonstrate the performance/cost tradeoffs therein.
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Notethatunlike labeling interfaces presented in other chagt@napter 5 & 6)
the labeling interfacen Chapter 4 used static, pteopped GSV images. Our labeling
interfaces presented in Chaptér& 6 were builtwi t h Googl eds s®Gtr eet
they allowed for panning to explore the entire GSV panorama andpme cases,
walking (Chapter B

The corributions of thke work in this chapterare threefold: (i) the first step
toward a scalable approach for combining crowdsourcing and existing online map
imagery to identify perceived accessibility issues, (ii) measures for assessing turker
performance irapplying accessibility labels, and (iii) strategies for improving overall
data quality. Our approach could be used as a lightweight method to bootstrap
accessibilityaware urban navigation routing algorithms, to gather training labels for
computer visiorbased sidewalk assessment, and as a mechanism for city governments
and citizens to report on and | earn about

(e.g.,through accessibility scores similant@lkscore.com

4.2 Evaluating Annotation Correctness

In this section, we provide an overview of the correctness measures. Because this is a
new area of research, we introduce and explore a range of @eamegxsy of which

have different levels of relevancy across application contextgs, Calculating the
accessilhity score of a neighborhoodks. collecting training data for a computer vision

algorithm).For the Exploratory Study, we ass@smge levelhccuracy measures and
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we use bothmage level andpixel levelmeasures for our main studies (Study 1 and

Study 2)

4.4.1 Defining Levels of Annotation Correctness

Assessing annotation correctness in images is complex. To guide our analysis, we
derive two spectra that vary according to the type and granularity of data extracted from
each label: the localization spagim and the specificity spectrum. Thacalization
spectrumdescribes the positioning of the label in the image, which includes two
discrete levels of granularitymage levelhndpixel level For image level, we simply
check for the absence or presenca tibel anywhere within the image. Pixel level is
more precise, examining individual pixels highlighted by the label outline. Our pixel
level analysis is analogous to image segmentation in computer vision and, indeed, our
evaluation methods are informearin work in this space.

The specificityspectrumin contrastyaries based on the amountdefscriptive
informationevaluatedor each label. At the finest level of granularity, we check for
matches based on the five label categories as well as corraspaederity ratings:
Object in Path, Prematurely Ending Sidewalk, Surface Problem, Curb Ramp Missing
andNo Problem( i ndi cating the wuser had clicked fn
Note thatCurb Ramp MissingndNo Problemwere exempt from severitatings. At
the next level of granularity, we only examine problem types, ignoring severity ratings;
we refer to this level asulticlass Finally, at the coarsest level of granularity we group

all problem categories intokanary classification of problems. no problem.
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As the first work in the area, these dimensions of analysis are important for
understanding crowd worker performance across various measures of correctness.
Identifying an appropriate level of correctness may depend on the specific applica
context. For example, because of the focal length and camera angles used in GSV
imagery, simply identifying that an accessibility problem exists in an imege (
imagelevel, binary classification) localizes that problem to a fairly small geographic
area: a specific street side and sidewalk within a city block. This level of geographic
precision may be sufficient for calculating accessibility scores or even informing
accessibilityaware routing algorithms. Binary classificatiomhether at the image
level or the pixel levé also helps mitigate the subjectivity involved in selecting a
label type for a problene(g.,some persons may perceive a probler®bgct in Path
while others may see it asSairface Problem In other cases, however, more specific
correctness measures may be needed. Training computer vision algorithms to segment
and, perhaps, automatically identify and recognize obstacles, would requireepetel

multiclass specificity.

4.2.2 Image-Level Correctness Measures

For imagelevel anaysis, we computed two different correctness measures: a
straightforward accuracy measure and a more sophisticated measure involving
precisionandrecall Foraccuracy we compare ground truth labels with turker labels
for a given image and calculate thegentage correct. For example, if ground truth

labels indicate that three problem types exist in an imdgeCurb Ramp, Object in
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Path, and aSurface Problenbut a turker only labeldo Curb Rampthen the resulting
accuracy score would &% (1 out of3 problemsidentified correctlyand 1 correct
for notprovidingSidewalk Ending Though easy to understand, this accuracy measure
does not uncover more nuanced information aldwytan accuracy score is obtained
(e.g.,because of false positives or fatsggatives).

As a result, we incorporated a second set of correctness measures, which extend
from work in information retrievaprecision recall, and an amalgamation of the two,
f-measurehat combines them into a single metric. All three measures ratuatue

between 0 and 1, where 1 is better:

T v e T owemt w0 n

VI Qw anQc € - (Eq. 1)

Y'Q & 6 ot L - (Eq. 2)
Fmeasure ¢?2 - (Eq. 3)

True positivehere is defined as providing the corredtdaon an imagdalse positive

is providing a label for a problem that does not actually exist in the imagdalaad

negatives notproviding a label for a problem thabes exisin the image. In this way,

precision measures the accuracy of the laleelwally provided i(e., a fraction

expressing the ratio of correct labels catttabels providedlwhile recall measures the
comprehensiveness of the correct labels provided & fraction expressing the ratio

of correct labels over gllossible corect label3. For example, a precision score of 1.0

means that every label the turker added was correct but they could have missed labels.

A recall score of 1.0 means that the turke]

the image but could alsadlude norproblems. Given that algorithms can be tuned to
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maximize precision while sacrificing recall and vice versa, theefsure provides a
single joint metric that encapsulates both. We asguracy, precision, recaindf-

measure to describe ourage level results.

4.2.3 Pixel-Level Correctness Measures

Pixellevel correctness relates to image segmentation work in computer vision. Zhang
[216] provides a review of methods for evaluating image segmentation quality, two of
which are relevant here: tigpodness methoavhich examines segmentation based on
human judgment and thempirical discrepancy methpdvhich programmatically
calcul ates the difference between test segl
for a given imge. The goodness method can be advantageous in that it does not require
ground truth; however, it is labor intensive because it relies on human judgment to
perceive quality. Though judging the quality of segmentations can also be
crowdsourced, partly mitaging the labor concerre(g., [16]), the quality of the
judgment remains an issue.

We also explored two empirical discrepancy methanl&rlap (or area of
intersection [6,181] and, againprecisiorirecall combined wih f-measure[31,32],
which is similar to that explained above though applied at the pixel level rather than

the image level. For our first discrepancy method, overlap is defined as:

00 Qi albry ——— (Eq. 4)
whereA andB are the pixel outlines. Note that if the outlihés perfectly equal to the

outline B, then Overlap(A,B)=1 If A and B are disjoint, thenOverlap(A,B)=0
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Although this metric is easy to understand, similar to the straightforaegdracy
measure for imaglevel analysis, it fails to capture nuances in correctness. Ttws, f
our second discrepancy metric we define precision, recall,-ar@hfure at the pixel
level. From the image segmentation literat{®@8], precisionis defined as the
probability that a generated outlufi# pixel area correctly highlights the target object
andrecall is the probability that a true outlisi¢l pixel is detected. Thus, in order to
calculate precision and recall at the pixel level, we need to compute three different pixel

counts for each image:

1. True positive pixels: number of overlapping pixels between the ground truth
segmentation and the tessigmentation;

2. Falsepositive pixels: number of pixels in the test segmentatioot in the
ground truth segmentation;

3. Falsenegativepixels: number of pixels in the ground truth segmentatiotin

the test segmentation.
Precision and recall can then be computed by the following formutaed$ure is the
same ag(. 3above):

01 Q&Qi-eet— (Eq. 5)

NS A A n
Ywachu - (Eq. 6)

Before calculatingpixel-level correctness for any of the measures, we flatten

all labelswith equivalent ype into the same layer and treat them asngle set of
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pixels. This allows us tanore easilyperform pixetby-pixel comparison between

ground truth labels and test labelarked with thesame problem type.

43 Exploratory Study: Annotation Interface Desgn Study

To collect gedabeled data on sidewalk accessibility problem&BYV images, we
created an interaet online labeling tool in JavaBpt, PHP andMySQL. Labeling
GSVimages is a three step process consistingaking the location of thesidewalk
problem categorizng the problem into one of five typesndassessigt he pr obl emd s
severity For the first step, we created three different marking interfiacassestheir
label granularitys.labeling speedradeoff: (i) Point a pointard-click interface; (ii)
Rectangle a clickanddrag interface; and (iiiOutline a pathdrawing interface
(Figure 4.1). We expected that thBoint interface would behe quickest labeling
technique but that th®utline interface would provide the fige pixel granularity of
marking
Once a problem has been marked, a-popnenu appears with four specific
problem categoriesCurb Ramp Missing, Object in Path, Premayr Ending
Sidewalk,and Surface ProblemWe also included a fifth label foDther. These
categories are based on sidewalk design guidelines from the US Department of
Transportation websitfd 02] and the US Access BoaftR2]. Finally, after a category
has been selected, a fipeint Likert scale appears asking the user to rate the severity
of the problem where 5passaltolseao saerwera 1 nids

indicating Apassable.o I f more than one pr
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repeated. After all identified sidewalk problems have been labeled, the user can select
Asubmit | abel s0 and age® Wwith @o apganera gidewalkk s | oad
problem can be marked as such by clicking on a button lablel@cher e ar e no
accessibility pr Jdsers eamalso chooset thh $kip aniimagegand 0

record their reasore(g.,image too blurry, sidewalk not visible).

43.1 Study Method

To investigate the feasibility of using crowd workers for this task, we posted our three
labeling interfaces Roint, Rectangleand Outline) to Amazon Mechanical Turk.
Crowd workers (fAturkerso) cofadedbutavouldp!| et e
see each image at most once. Before beginning the labeling task with a particular
interface, turkers were required to watch the first half of a thmeeite instructional
video. Three videos were used, one for each condition, which difterldin the
description and presentation of the corresponding labeling interface. After 50% of the
video was shown, the labeling interface would automatically appear (thus, turkers were
not forced to watch the entire video).

Each labeling interface pulled images from the same test dataset, which
consisted of 10Gtatic GSV images. These images were manually scraped by the
research team using GSV of urban neighborhoods in Los Angeles, Baltimore,
Washington DC, and New York CityVe attempted to collect a balanced dataset. Of

the 100 images, 8181%) contained one or more of the aforementioned problem
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categories. The remaining Iages had no visible sidewalk accessibility issues and

were used, in part, to evaludtdse positie labeling activity.

No Curb Ramp  Objectin Path  Sidewalk Endin¢ Surface Problen

Point 34 27 10 29
Rectangle 34 27 11 28
Outline 34 26 10 29

Table 4.1. Frequency of labels at the image levelinogyr ound truth dataset ba
three trained labelers.

To evaluate turker performance, we created baseline label data by traemg
researchergndependently label all 100 images in each of the three interfaces. Inter
rater agreemd was computed on these labels atithagel e v e | using Fl eiss
for each interface. More specifically, we tested for agreement based on the absence or
presence of a | abel i n an i mage and not o
severity ratng. We found moderate to substantial agreerfietti] (ranging from0.48
to 0.96). From these labels, we created a majoriyt e fAground trutho d
image that received a labsbm two of the three authors was assigned that label as

Agr oun Tablled. 1.t h o

4.3.2 Analysis and Results

We posted our task assignments to Mechanical Turk in batches3ff 8@er a one

week period in June, 2012. In all, we hired 123 distinct workers who werehpaal t

to five cents per labeled image. They worked on 2,235 assignments and provided a total
of 4,309labels (.9 per image®n average As expected, th@oint interface was the

fastest with a median p&nage labeling time of 32.9 secon®&D&74.1) followed by
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Figure 4.3. The number of turkers per image vs. accuracy for each of the three labeling interfaces. Note t
the y-axis begins at 50%.

Outline (41.5s,SD=67.6) andRectanglg43.3s,SD=90.9). When compared with our
ground truth dataset, overall turker accuracies atthgelevel were: 83.0% foPoint,
82.6% forOutlineg, and 79.2% foRectangle

We also explored accuracy as a function of the number of turkers per image and
as a function of labetype. To do this, we calculated four different turkeased
majority vote datasets for each interface based on four different turker group sizes: 1,
3, 5, and 7Group membership was determined based on the order of completion for
each hit.The results & shownin Figure 4.3. Note that again,we perform these
comparisons at thenagelevel rather thathe individual label level and that we again
ignore severity. Thescalculations are left for future work.

We did, however, employ an additional evaluation method by calculating the

precision and recall rate of each interface, where:

~ ~ ~

LI Qw iVt ,Y'Qow o o6
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No Curb Objectin Sideyvalk Surface Overall
Ramp Path Ending  Problem
Point Precision 0.90 0.53 0.80 0.76 0.71
Recall 0.82 0.93 0.73 0.93 0.87
Rectangle Precision 0.85 0.48 0.80 0.59 0.63
Recall 0.85 1.00 0.73 0.71 0.84
Outline Precision 0.89 0.47 0.89 0.71 0.67
Recall 0.91 0.93 0.73 0.89 0.89
Table 4.2. Precision and recall results for the three labeling interfaces based on majority vote data withree
turkers compared to ground truth. fAObject in p

True positivenere is defined as is providing the correct label on an infaige,
positiveis providing a label for a problem that does not actually exist on the image, and
false negatives not providing a label for a problem thdbes exisin the image. Our
results are presented Trable 4.2. Both high precision and recall are preferred. The
precision rate foDbject in PathandSurface Problemare relatively low for all three
interfaces. This indicates that turkers are making false positive decisiotisof®

label® that is, they tend to use these labels for things that are not actually problems.

4.3.3 Discussion for theExploratory Study

In this section, we explored the feasibility of using cresedirced labor to label
sidewalk accessibility problenfiiom GSV images as well as investigated the traifie

in using three types of labeling interfaces. We showed that untrained crowd workers
can locate and identify sidewalk accessibility problems with relatively high accuracy
(~80% on average). However, thaes a clear problem with turkesserlabelingmages
(i.e.,we had a high false positive rate). In addition, there is anmaal number of bad
quality worker$® 11 out of 123ad an error rate greater thadP%6. We investigate the

turker performance in mme details in Studf. We explored the tradeff in using three
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types of labeling interfaces. As expected, Boentinterface was thquickest to label
(32.9s) compared tOutline (41.5s) andRectanglg43.3s) but not with a big margin.
Therefore, we deded to use th@®utlineinterface in the following study as it provides

much more pixebranularity compared to tHeointinterface.

44 Dataset(Study 1 & 2)

To collect gedabeled data on sidewalk accessibility problems in GSV imagessece
theweb-basedabeling tool Figure4.4)d the Outline tool described aboffeigure4.1)

We also created a verificationterfacewhere users could accept or reject previously
collected labelqFigure 4.5). Below, we describe the annotation interface and the
primary dataset used in our studies. We return to the verification interface in the Study
2 section.

The test dataset used in the labglinterface consists of 229 images manually
scraped by the research team using GSV of urban neighborhoods in Los Angeles,
Baltimore, WashingtorD.C., and New York City. We attempted to collect a balanced
dataset. Of the 229 images, 1(78%) contained on®r more of the aforementioned
problem categorieh0 (22%) had no visible sidewalk accessibility issues and were
used, in part, to evaluafalse positivdabeling activity. Based on our majoritypte
ground truth data (described later), we determinetblleeving composition: 6729%)
images withSurface Problem$6 (29%) images withObject in Path 50 (22%) with
PrematurelyEnding Sidewalkand47 (21%)with Curb Ramp MissingThis count is

not mutually exclusivé 48 (21%) images in total included more than one problem

84



Select sidewalk accessibility problem
Curb Ramp Missing

Surface Probler
Prematurely Ending Sidewalk
Other

Select sidewalk accessibility problem

Curb Ramp Missing
Object in Path

& C 2 LA

Passable 12 3 4 Severity : 5
s Problem Not passable
Prematurely Ending Sidewalk

Other

Figure 4.4. Labeling GSV images is a three step process consisting(@f marking the location of the sidewall
problem in the image, (b) categorizingthe problem into one of five types, andc) assessing he pr
severity. Here, the utility pole is labeledObject in Pathand rated 5 (Not Passable

type.The labelOtherwas used 0.5% of the time in Study 1 and 0.6% in Study 2 and is
thus ignored on our analyséss of September 2012, the average age of the images is
3.1 years old §D=0.8 years).We return to the potential issue ohage age in the

discussion.
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This area was labeled as Curb Ramp Missing.
Do you agree?

Yes No x
See examples of comect and Incorrect annotations

B This area was labeled as Object in Path.
Do you agree?
Yes No x
See examples of comrect and Incomect annotations

We think that there are no sidewalk accessibility problems in this image. Do you agree?
Yes o No x

Figure 4.5. The verification interface used to experiment with crowdsourcing validation of turker labeld
only one label is validated at a time in batches of 20. (a) A correctly labelét Curb Rampproblem; (b) A
false positiveObject in Pathlabel (the utility pole is located in the grass and not in the sidewalk); (c) A fals
neaative examole: The cars should have been marked @biect in Path

45 Study 1: Assessing Feasibility

Labeling accessibility problems perceived in streetscape images is a subjective process.

As such, our first study focused on demonstrating that informed andanegilated
86



labelers could complete the labeling task and produce consistent régilkad two

additional goals: (i) to produce a vetted ground truth dataset that could be used to

calculate turker performance in Stuglyand (ii) to help contextualize Study 2 results

(ke,.what does figoodo performance | ook i ke f
We collected independentiabeled data from two groups: three members of

our research team and three wheelchair wuse

expertso). We -aidéneramaatopagreeenent scones foravithin and

between eachrgup respectively. We explore agreement at both the image level and

the pixel level across binary and multiclass classification.

45.1 Collecting Wheelchair User Ground Truth Data

Three wheelchair users were recruited via listservs and-efemibuth: two nales with

spinal cord injury (tetraplegia) and one male with cerebral palsy. All three used
motorized wheelchairs; one also used a manual wheelchair but rarely. Each wheelchair

user took part in a single labeling session at our research lab. Particigaatasked

to label the images based on their own experiences and were instructed that not all

i mages contained accessibilityalpudidl ems i nHl
labeling so that we could better understand the rationale behind themdedetisions.

The sessions lasted for 135hours and included a short, ptabeling interview where

we asked about the participantods personal e
and about potential improvements to our labeling tédil.interviews were video

recordedIn consideration gparticipantime and potential fatigy@nly a subset of the
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. Researchers vs. Whee
L;@;gg' Z\(/:ﬁ‘:c Label Researcher&43, £229) Wheelcf;:a?lrs)u SRS Users
p (AE2 groups=75)
Binary No Problem vs,
Classificatior] Problem 0.81 0.68 0.79
No Curb Ramp 0.81 0.82 0.83
Object in Path 0.56 0.55 0.62
Multiclass [0 valk Endin 0.86 0.71 0.78
Classificatior
Surface Probler] 0.62 0.40 0.74
Overall 0.69 0.62 0.74

Table43:Fl ei ss® kappa annot at o r-leval gnalgsis bedvedn the researeinss the
wheelchair users, and the researa@rs compared to the wheelchair users (this lattermost comparison lsasec
on majority vote data within each group).

total 229 image dataset was labeled: 75 in total. These images were selected randomly

from each of the four problem categoridsc@tegoriesx 15 images= 60) plus an
additional 15 randomly selected fAno probl e
$2535 depending on session length. Below, we report on evaluating agreement
between the researchers, the wheelchair users, and the reseeocheasedto the

wheelchair users. For the latter calculation, we compejerity votedata from each

group saN=2 rather tharN=6.

45.2 Evaluating Image-Level Agreement and Performance

We computedrniterrater agreementn labels at the image level using Fléigsppa

[110], which attempts to account for agreement expected by chasdhis was an

imagelevel analysiswe tested for agreement based on the absence or presence of a

| abel i n an i mage and not on t heang.abel 6s
Multiple labels of thesame typever e compressed into a singl

indicator for that labeFor example, if three individu&8urface Problemwere labeled
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in an image, for our analysis, we only considered the fact tBatface Prblemwas
detected and not how many occurrences there were exactly. This helped control for
different annotator tendenc@some who would provide one large label to cover
contiguous problem areas and others who would provide separate labels. Results are
shown in Table 4.3 for both binary and multiclass classificatioN (epresents the
number of annotators ahdhe number of image3able4.4. uses the same notation).

Three key results emerge: first, both the researchers and the wheelchair users
had moderate to substantial levels of agreerddiX], which indicates that the labeling
task, at least at the imaggvel, is feasible and that the labels are fairly consistent across
labelers; second, and just as importantly, the third colunifabie 4.4 shows high
agreemenbetweenthe majority vote data of the research team and the wheelchair
users, which indicates that the accessibility problems identified by the research team
are consistent with Aexpertso; and, final/l
Object in PathandSurface Problerhave more disagreement thido Curb Ram@and
Sidewalk EndingThis is becaus®bject in PathandSurface Problemare often less
salient in images and because they are occasionally substituted for one amgther (

some labelers perceive a problenCdgect in Pathwhile others as §urface Problem

45.3 Evaluating Pixel-Level Agreement and Performance

Calculating pixellevel agreement is more challenging. Because no widespread
standards exist for evaluating pixelel agreement for human labelers, we followed

the process prescribed by Martet al. [123]. We verify the labeling process by
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. . Researchers v.
Plxgé‘:;ﬁ:;:;;lb Correctness MeadImage Comparisi Resezrzczhge)r,ste, W?ﬁfgc?_a;g;" S€ Wheelchair Use
o (A=2 groups=75)
Area Same 0.31 (0.21) 0.26 (0.22) 0.27 (0.21)
Binary Overlap Different 0.02 (0.05) 0.01 (0.04) 0.01 (0.04)
Classificatiorn EMeasure Same 0.43 (0.25) 0.37 (0.26) 0.38 (0.26)
Different 0.03 (0.08) 0.02 (0.06) 0.03 (0.07)
Area Same 0.27 (0.21) 0.22 (0.22) 0.23 (0.21)
Multiclass Overlap Different 0.01 (0.03) 0.00 (0.02) 0.00 (0.02)
Classification Same 0.38 (0.26) 0.32 (0.27) 0.33 (0.27)
FMeasure -
Different 0.01 (0.05) 0.01 (0.04) 0.01 (0.04)

Table 4.4: The results of our pixel level agreementnalysis (based on[123]) between the researcérs,
wheelchair users, and researatrs compared to wheelchair usersSimilar to Table 4.1, the rightmost columr
is majority vote data. Cell format: average (stdev).

showing that pixelevel labeloverlapandf-measurescores are higher between labelers

on thesamamage than acrossifferentimages. These scores will later act as a baseline
for defining good performance when evaluating turker labels. To corbpaseen the
sameimages, 678 congrisons are required (3 annotators x 229 images)iFerent
images, 156,636 comparisons are requiBeannotators x (229 x 229p29). Because

the wheelchair users only labeled 75 of the 229 images, their comparison count is
correspondingly lower225 for same, 16,650 for differgntWe ignore images for
which all annotators labeledo Problems Foundas no pixel labels exist in these
images). Our results are shownTiable4.5.

From these results, we conclude that our pixel level annotations across labelers
are reasonably consistent, although less so than for image level. Unsurprisingly,
agreement is higher for kany classification than for multiclass, though not
substantially. This indicates that a major source of disagreement is not the label type
(e.g., Object in Patlvs. Surface Probleibut rather the pixels highlighted by the
outline shape. We emphasize, hoeg that pixel outlines for even the same object

across labelers will rarely agree perfectly; the key then, is to determine what level of
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overlapandf-measurescores are acceptable and gdodr results suggest thaterlap
scores of 0.31 and 0.27 aflatheasurescores of 0.43 and 0.38 for binary and multiclass
classification respectively are indicative of what a motivated and diligent annotator can
achieve We emphasize that even-16% overlap agreement at the pixel level would
be sufficient to confideht localize problems in images; however, this level of
consistency may not be sufficient for training computer vision. We return to this point

in the discussion.

45.4 Producing Ground Truth Datasets

Finally, now that we have shown the feasibility of tladeling task and found
reasonably high consistency amongst labelers, we can use these Study 1 labels to
produce a ground truth dataset for evaluating turker performance. We consolidate the
labeling data from the three researchers into four unified grobutiddatasets: binary

and multiclass at both the image and the pixel level

Consolidating ImageLevel Labels: To combine imagdevel labels across the three
labelers,we simply create a majority ot e figr ound timagethab dat ase
receival a labelfrom at leasttwo of the thregesearchersvas assigne that label as

Aground truth. o
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Figure 4.6. Examples of ground truth labels. (a) All three researchers labeled the object blocking the pa
One researcher labeled fallen leaf on the ground as a surfaceoplem, but this label was filtered out by
ground truth label consolidation process. (b) Labels of missing curb ramps by three researchers. (c) Th
researchers labeled the end of the sidewalk as Prematurely Ending Sidewalk.

Consolidating PixetLevel Labels: Combining labels from the three researchers at the
pixel level is less straightforward. The consolidation algorithm will directly impact the
results obtained from our correctness measures. For example, if we combine
highlighted pixel areas across dtirée researchers (union), then turker precision is
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likely to go up but recall is likely to go down. If, instead, we take the intersection across
all three labelers, the ground truth pixel area will shrink substantially, which will likely
increase turker &ll but reduce precision. Consequently, we decided to, again, adopt
a majority vote approach. To produce the majority vote gexed| dataset, we look for
labels from at least two of the three researchers that overlap by 15% of their unioned
area.The vdue of 15% was chosen becausds the lowerquartile cutoff using
researcher overlap data. For binary classification, the label type was igribwes] any

labels that overlapped by 15% or more were combined. For multiclass, the labels had

to be of the sae type.

46 Study 2: Crowd Worker Performance

To investigate the potential of using untrained crowd workers to label accessibility
problems, we posted our task to Mechanical Turk during the summer of 2012. Each
Ahit o r eq d-ilOimages forlablwents (0.6 @ 5 cents per image). Each turker
new to the task was required to watch at least half efran8te instructional video,

after which the labeling interface automatically appeared. Note: one task encompasses

labeling one image.

We first highlicht highlevel results before performing a more detailed analysis
covering labeler counts. accuracy, two quality control evaluations, and the best and

worst performing images:or the analysis below, we do not consider severity ratings.
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Figure 4.7: Binary and multiclass performance at the image and pixeklevels with varying majority vote
group sizes Each graph point is based on multiple permutations of the majority vote group size across
229 images. Standard error bars are in black (barely visible due to low variance).

Instead, we leave this for future work. Howeveareg that we found a high rate of

false positives amongst the turker data, we did examine the effect of removing labels

that receved a severity rating of a Passabl¢ or a 2 Fairly Passablg. Our findings

did not change significantly as a result.
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4.6.1 High-Level Results

In all, we hired 185 distinct turkers who completed 7,534 image labeling tasks and
provided a total of13,3® labels Turkers completed an average 4f.5 tasks
(SD=61.4);20turkers labeled only 1 image af@turkers labeled all 229'hemedian

image labeling time wa33.3s ED=89.09 and the average number of labels per image
was 1.54 SD=1.46. When compared with our ground truth dataset, overall turker
accuracy at themage level was 80.6% for binary classification and 78.3% for
multiclass classification. At the pixel level, average area overlap was 20.6% and 17.0%
for binary and multiclass, spectively. These numbers are reasonably close to the

values of 27% and 23% that we saw for wheelchair useresearchers.

4.6.2 Accuracy as a Function of Turkers per Image

Collecting multiple annotations per image helps account for the natural vidyiabil

human performance and reduces the influence of occasional errors; however, it also
requires more workernd 68]. Here, we explore accuracy as a function of turkers per
image. We expect that accuracy should improve as the number of turkers increases, but
the question then, is by how much@ evaluate the impact of the number of turkers on
accuracy, we collected labels fr@8turkersfor eachof our 229 images. We compare

our majority vote ground truth data with majority vote data across five turker group
sizes: 1, 3, 5, 7, and 9. Becawge have 28 turkers per image, we can run the analysis
multiple times for each group size and average the results. For example, when we set
the majority vote group size to three, we randomly permute nine groups of three turkers.
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Figure 4.8: (a and b) Show the effect of increasingly aggressive turker elimination thresholds at the ima
and pixel-levels based on average multiclass performance of 5 images. Error bars are standard deviation
blue) and standard error (for red). As the threshold increases, fewer turkers remain and uncertain
increases. (c) Compares the effectiveness of various quality control mechanisms on performance at the it
level.

In each group, we calculate the majpnbte answer for a given image in the dataset
and compare it with ground truth. This process is repeated across all images and the

five group sizes, whereXémajority vote group sizer=number of groups (1,28), (3,
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Imagelevel

Label Label Maj Vote Size:| Maj Vote Size:| Maj Vote Size:| Maj Vote Size:| Maj Vote Size:
Specificity
Binary NOPF:L%D VS| 80.6(0.2) 86.9 (0.3) 89.7 (0.2) 90.6(0.2) 90.2(0.2)
No Curb Ra]  78.6 (0.1) 86.0 (0.1) 90.2 (0.3) 91.6 (0.2) 93.7 (0.3)
Object iRathf ~ 73.0 (0.1) 78.1(0.2) 81.3 (0.3) 82.2 (0.1) 83.4 (0.2)

MulticlasgSidewalk End  84.7 (0.1) 88.3 (0.1) 88.5 (0.4) 89.5 (0.4) 89.8 (0.3)
Surface Prob]  77.0 (0.1) 82.1(0.2) 84.9 (0.3) 85.9 (0.4) 88.4 (0.3)
Overall 78.3 (0.0) 83.8 (0.1) 86.8 (0.2) 86.60.2) 87.9 (0.1)

Table 4.5: Binary and multiclass label type accuracy at the image level across five majority vote group siz
Cell format: avg% (stderr %).

9), (5,5), (7, 4), (9, 3). To computke majority voteanswerfor each group size, we
use the same label consolidation processhat used for the researcher majority vote
labels.

We conducted this analysis at the image and pixel levels for binary and
multiclass classification across our rtiplle correctness measures. Results are shown
in Figure4.7 (image and pixel level) an@iable4.5 (image level only). As expected,
performance improves with turker count but these gains diminish in magnitude as
group size grows. For example, at the image level, binary accuracy improves from
80.6% to 86.9% with 3 turkers and to 8&Wwith 5 turkers but only to 90.2% with 9
turkers. For imagéevel multiclass, we see a similar trend. At the pixel level, the binary
area overlap measure improves from 20.6% to 30.3% with 5 turkers but only to 31.4%
with 9 turkers. Again, multiclass perfaance is similar (sd@gure4.7d). Even though
group sizes beyond 5 continue to improve results at both the image and pixel level, this
benefit may not be worth the additional cost.

Note that for the pixel level, the recall score rises dramatically in comparison

to other metrics. This is because the consolidated majority vote pixel area tends to grow
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with turker count (with more pixels labeled, recall will go up). Different consatidat
processes will produce different results. Finally, similar to Studyidewalk Ending
andNo Curb Rampabels performed better th&@bject in Pathand Surface Problem

(Table4.5).

4.6.3 Quality Control Mechanisms

We explore two quality control approaches: filtertagkersbased on a fixed threshold

of acceptable performance and filteritapels based on crowdsourced validations
collected through our verification interface. In both cases, we perform our analyses
offline, which allows us to simulate performance with a range of quality control
mechanisms.

For the first approach, we explored the effect of eliminating turkers based on
their average multiclass performance at both the image and pixel level. The goal here
is to uncover effective performance thresholds for eliminating poor quality tutkers.
assgn measure of errors to imat@vel and pixelevel correctness by usirgMonte
Carlo-based resampling approach called Bootsfgajp. We first eliminate all turkers
from our dataset whiskadcompletedewerthan five tasks. We then take samplethef
remaining142 turkerswith replacement. For each sampled turker we randomly select
five tasks that s/he completed to measure their average multiclass a¢turangage
level) or multiclassoverlap (for pixel level) We shift our elimination threshold by
increments of 0.01 and reject turkers if their avenagdormancds lower than ths

threshold.At each increment, walso calculate overalperformance acrosall tasks
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among theaemaining turkers. We repeat this process independantlye image and
pixel levelsN=1000 times to calculate error bars.

Results are shown ifigure 4.8 (a and b).In both figures, we see overall
performance steadily increase as poor performing turkers get eliminated. However, the
threshold where eliminatiotakeseffect differs between the two mechanisms due to
differencesin difficulty. For example, to achieve the same accuracy level as we would
expect from majority vote with 3 turkers (0.84), the average perfornmelimmmation
thresholdneeds to be 0.76 (mark&dorange in the graph). At that threshaldage
level multiclass accuracggmongst the remaining turkers goes up.&@4, but at a cost
of eliminating51.2% of our workforcefor pixetlevel data, to achieve a score similar
to the average area overlapweén researcher labels (0.27), the elimination threshold
needs to be set to 0.08, which increases the overlap score from 0.24 to 0.27 but reduces
our workforce by 15% (again, orange line in graph). Thus, as expeata@sults show
accuracy gains with greasingly aggressive elimination thresholds; however, these
accuracy gains come at a cost of reducing the effective worker pool. We expect that
future systems can use these results to identify poor performing tymcerstively
during data collection viground truth seed images.g.,see[146]), and either offer
additiond training, or, in the extreme case, blacklist them. The threshold used depends

on the accuracy needs of the application.

For the subjective validation approach, we use our verification inte faqad
4.5). Here, turkers validate existing labels rather than provide new ones. We ensured

that the same turker did not provide and validate the same image. As the validation task
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Figure 4.9: A selection of the top and bottom three performing images in our dataset based amulticlass
pixel-level area overlap. Left column: original GSV image; center column: majority vote ground truth fron
researchers using 15% overlap; right column: turker labels. Numbers show turker performance results fi
that image, from top to bottom: imagelevel binary, image-level multiclass; pixetlevel binary, pixellevel
multiclass.

is simpler than the labeling task, Wwatched®0 validations into a single hit at a cost of
5 cents We collected three or more validations per label across 75 images (the same
sulset used by the wheelchair users in Study 1). In all, we collected 19,189 validations

from 273 turkers. Whereas the median time to label an image was 35.2s, the median
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time to validate a label wal0.5s. Thus, collecting validations is quicker and cheaper

than collecting new labels.

We performed a series of analyses with the validation data, using both majority
vote validation and zero tolerance validation. For the latter, if any validator-dotes
a label, that label is eliminated. We compare these tee$ol no quality control
(baseline), the use of majority vote labels, and a combination of majority vote labels
plus subjective validation. Results and-igure4.8. As before, performance improves
with additional turkerd either as labelermr as validators. The best performing quality
control mechanism was 3 labelers (majority vote) plus 3 validators (zero tolerance)
beating out 5 labelers (majority vote). This segfg that it is more cost effective to
collect 3 labelswith validation than 5 labels total per image, particularly given that

validation requires less effort.

4.6.4 Best and Worst Performing Images

Figure 4.9 shows a selection d@ghe top andhe bottom performing images based on
pixel-level multiclass overlag-or the worst performing images, there are many false
positives: utility poles and stapgns are labeled as obstacles even though they are not
in the sidewalk pathFigure 4.9f highlights two additional common problems: first,
sometimes problem typesveambiguous categori@sn this case, the ground truth
label indicatesSidewalk Endingvhile many turker labels select&lirface Problem
second, it is uncledrow muclof the problem area should be highlighted. Fmlewalk

Ending the ground truth labelsighlight only the sidewalk termination poinsome
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turkers, however, would label thsectionandany beyond it with no sidewalikhereby
greatly reducing their pixdevel scores)Future interfaces could detect these mistakes
and provide active feedbatdthe turker on how to improve their labeling. In contrast,
for the best performing images, the accessibility problems are, unsurprisingly, more

salient and the camera angle provides a relatively @ogé shot.

4.6.5 Evaluation of Severity Scores

We have thus far focused on assessing the accuracy of crowd wwdkeded
accessibility labels, but largely ignored their associated severity scores. In this
subsection, we conduct amploratoryanalysis othe five-point scale severity scores
Wetheneval at e t he s e v-mteriagreemenio discesstide utility df ther

data.

Explorative Analysis. We first conduct aexploratoryanalysis of the severity
scores of the crowd workgrovided labels using the same data mentioned in Study 2.
Note, his analysis focuses on the severity scores of the following label types: Object
in Path, Surface Obstacle, and Sidewalk Ending. We omit Missing Curb Ramp labels
from the analysis because we did not ask crowd workers to provide severity scores for
this caegory (all missing curb ramps are considered severe accessibility problems).
After filtering out the Missing Curb Ramp labels, we had 9,170 labels in total (Object

in Path: 5,106, Surface Obstacle: 2,868, Sidewalk Ending: 1,283).

Because severity ratingseaassociated with corresponding polygonal labels, it

is necessary to differentiate each label even they are on the same Street View image
102



and provided by the same crowd worker. Therefore, unlike the-leixel accuracy
anal ysi s i n whiepolygomaklabdisfintogixd level bitthap datd) we

retain each polygon and uges a unit of analysis.

We use the Acorrecto crowdsourced | abel
analysis, we argued that-16% label area overlap is sufficient to judfewvo labels
are placed on the same accessibility feature on the given Street View image. Thus, we
consider the crowd workerovided labels that overlap with ground truth labels with
more than 15% as correct and filter out the incorrect labels. Weruse or e sear cher 0
labels as ground truth for simplicity; the ground truth consistetiLlddbject in Path,
73 Surface Obstacle, and 48 Sidewalk Endind.82 imagesOverall, we had 2,513
correct labels (Object in Path: 884, Surface Obstacle: 1,046, Sidewalk Ending: 583).
On average, each researcher label had 14.4 corresponding correct crowdsourced labels

(min=0, max=31, SD=6.9).
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Figure 4.10. The histograms showing the distribution of severity scores associated with the correct lak
provided by crowd workers. The raw counts are shown ifTable 4.6.

Severity
Label Type 1 2 3 4 5
Object in Path 7 30 101 187 559
Surface Obstacle 22 116 300 349 259
Sidewalk Ending 0 6 47 99 431
Table 4.6. The number of severity scores associated with correct crowd workgarovided accessibility labels
Severity score distributionsTable4.6 and the histograms igure4.10depict

the severity score distributions of each accessibility feature type. For all problem types,

the histograms show the skew toward more severe ratings (3, 4, and 5). The severity

scores ér Object in Path and Sidewalk Ending labels are especially skewed toward 5
(ie,Ainot passabl eod),

suggesting that c¢rowd
significant mobility problems. Note, however, we may have categorized some labels as
Aianrcrect o (and thus filtered

out ) even
gave low severity scores. That is, there could be cases where the researcher did not

Cr o\
label a less severe problem, but a crowd worker labeled and rated the problem as

A p a sesoieeld or 2). Since these potentially valid labels are not separable from the

labels that are actually inaccurate, we leave the assessment of these potentially valid

labels as future work. Next, we evaluate the nééer agreement for severity scere
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Inter -rater Agreement Study Method. To assess the utility of the severity
scores, we evaluate the intater agreements to measure their reliability. The
agreement of ordinal dasaich a®ur five point scale severity scores is often measured
usingCthhends kappa or wd96]gBoth agyctenierst mgasuresusesat i st i c
series of pairs of ordinal scorgstheir calculationsbut a weighted kappa is a more
relaxed measure compared to the original C
(5, 4) is considered 75% agreement in a weighteduareawhereas it is strictly counted
as disagreement in a nareighted counterpadt see[38,96]for more details. We use
both of these measures to assess the reliability of the severity scores. In addition, we
report a raw agreement scarepairs with same severity score / # all pairs) for each
label type. We report both raw agreement score and kappa statistics to illustrate the

effect of agreements by chance.

As hinted in the previous paragraph, measuring agreement requires atdeast tw
labels that are associated with the same accessibility feature. Of 192 ground truth labels,
172 had at least two correct crowd worker labels (Object in Path: 59, Surface Obstacle:
65, Sidewalk Ending: 48). The following evaluation is done ugiegecorrect labels

that overlap with ground truth

Evaluating agreement statistics with only one series of severity score pairs does
not reflect general characteristics of agreement. Therefore, we use -Glarbe
approach to measure average agreements andvéhr&bility just like the accuracy

analysis in the previous section. More specifically, for each accessibility problem, we
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randomly sample a pair of two crowd worker labels that overlap with ground truth.
Using a series of severity scores of the sampléd,pae compute above mentioned
agreement statistics. We repeat this sampling process for 1,000 times to measure their

means and standard deviatioial§le4.7).

LabelType Raw Agreemer Cohen's Kappa Weighted Kappa
Object in Path (N=59  0.48 (0.06) 0.05 (0.09) 0.11 (0.10)
Surface Problem (N={  0.31 (0.06) 0.06 (0.07) 0.13 (0.08)
Sidewalk Ending (N=¢  0.61 (0.06) 0.07 (0.11) 0.09 (0.11)

Table 4.7. Inter-rater agreement scores for each label type. The values show averaged scores over
Monte Carlo iterations with standard deviations in brackets.

Inter -rater Agreement Result and Discussion Raw agreement varieftlom
0.31 to 0.61Table4.7). The raw agreements on Object in Path and Sidewalk Ending
were higher compared to the raw agreement on Suifacblem However, both
Cohenbés kappa and wei ght arewelkdpO@R)orallthg g e st
label typeqd110]. The weighted kappas are slightly higher compared to corresponding
unweighted measures. The fact that raw agreement scores are muchhagheppa
statistics suggest that agreements are largely due to chance and the data distributions

are skewed139].

Our result shows that severity rating on accessibility problems labeled by crowd
workers can agreedm 31% to 61%. However, this is mostly due to chance as the
kappa statistics suggest; as visualize&igure4.10, crowd workers rate problems as
severe most of thieme, so the scores could agree with high probability if they pick 4
or 5. This suggests that the scores of 4 or 5 themselves do not provide much information

(i.e.,whatever is labeled tend to be a severe accessibility problem). Future work should
106
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assesshie value of rare data like scores 1 and 2, and investigate if rare severity scores
could be useful for, for example, filtering out incorrect labels or characterizing each
crowd workers (e.g., can a person wbho | abel

be considered more dedicated?).

47 Discussion and Conclusion

In this chapter we showed that untrained crowd workers could find and label
accessibility problems in GSV imagery. We also highlighted the effect of common
quality-control techniques on overall performance accuracies. Here, we discuss
limitations of our study and oppartities for future work.

We evaluated our approach with a manually curated database of images. Image
guality was sometimes poor, either because of lighting conditions, which can often be
autocorrected, or blurriness. Camera angle was also fixed in dasetaProviding
multiple camera angles or even an interactive interface where users can control the
camera angle should be explored; @8V interface itself allows the user to control
camera angle and zoom level. In part related to camera angle, futkshould also
explore how often sidewalks are obscured from viewy.(from parked cars) iGSV.

Other data sources could be used to lessen this problem, such-assbigtion top
down satellite or flyover imagery[174], volunteercontributed gedocated pictures,

or government 311 databas€&SV data can also be somewhat old (3.1 years in our
dataset), a noted limitation in other virtual audit work as {#él]. Combining our GSV

approach with other datasets should heifggaite this problem.
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We did not take into account of the learning effect while creating the ground
truth datasetln Study 1, mlike expertsi(e., wheelchair users) who labeled 3%eet
View imagesthe researchers labeled all 22%is might have affe¢ed the agreement
levels between researchers and experts (he researchers were more accustotned
what accessibility problems are visible in Street View imadé&s)the crowdsourcing
study (Study 2)it would be an interesting future work to evakidwow fast crowd
workers learn to correctly label accessibility features.

While we captured important accessibility characteristics of sidewalks, other
problems may exist. For example, the wheelchair users in Studgicated that
sidewalk narrowness caitso reduce accessibility. We did not have a way of measuring
sidewalk width or providing a tool to assess narrowness. Future work should look at
the ability to calculate widths, which could, perhaps, be reconstructed via the multiple
camera angles offerdny GSV or derived from the 3Point cloud data that modern
GSV cars collect (s€@]).

For quality control, future applications will obviously use a large majority of
images where ground truthusknown Instea d , Aiground trutho seed
to be injected into the labeling dataset to actively measure turker performance (see
[146]). Active monitoring will allow turkers to receive performance feedback, help
assist them when they make common mistakes, and warn and, eventually, eliminate
poor quality workers if they do not pnove. Beyond turkers, we also build a volurteer
based participatory website to both visualize our results and highlight areas that need

data collectionWe discuss this in Chapter 6.
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Our general approach of collecting useful, sttee¢l information in acalable
manner from GSV images has application beyond sidewalks. We would like to expand
our approach to assess the accessibility of building fronts, friction strips and stop lights
at intersections, and naccessibility related topics such as trackang labeling bike
lanes in roadways. Finally, accessible public rigiftsvay do not just offer benefits to
people with disabilities, they are also generally safer and morefriesadtly for all
pedestrian§l22]. Our work effectively demonstrates a promising new, highly scalable

method for acquiring knowledge about sidewalk accessibility.
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Chapter®D et ect ifhagmpG&Guribn Googl e Str ec

Crowdsourcing, Computer Vision

This chapter describes our work on a system that combines crowdsourcing, computer
vision, and machine learning to efficiently label curb ramps in Google Street View

(GSV) images. The work was done in a collaboration with another graduate student Jin
Sun and Prof. David Jacobs. Jin contributed in developing automated curb ramp
detector. This chapter has adapted and rewritten content from a paper at UIST 2014

[84].

5.1 Introduction

Previous work has examined how to leverage massive online map datasets such as GSV
along with crowdsourcing to collect information about the accessibility of the built
environmen{73,77,80,81,82]Early results &ve been promising; for example, using
a manually curated set of static GSV imagesfound that minimally trained crowd
workers in Amazon Mechanical Turk (turkers) could find four types of skewet
accessibility problems with 81% accurd@l]. However, thesole reliance ofmuman
labor limits scalability.

In this chapter we present Tohmea scalable system for remotely collecting

geolocated curb ramp data using a combination of crowdsourcorgputervision

Tohme is a Japanese word that roughly translates to fAremot e
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(a) Raw Google Street View (GSV * R A
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Figure 5.1: In this section we presentTohme a scalable system for semil]tomatically finding curb ramps
in Google Streetview (GSV) panoramic imagery using computer vision, machine learning, and
crowdsourcing. The images above show arctual result from our evaluation.

(CV), machine learning, and online map data. Tohme lowers the overall human time
cost of finding accessibility problems in GSV while maintainieguit quality Figure
5.1). As the first work in this area, we limit ourselves to sidewalk curb ramipish
we selected because of their visual salience, geospatig¢nies €.g.,often located
on corners), and significance to accessibility. For example, in a preessteng US
court case i n 199 3lack of bueb cutsaswamprimary ebstacldtot h a t
the smooth integration of those with disabilitiato the commerce of daily ldle a n d
t h avithouficurb cuts, people with ambulatory disabilities simply cannot navigate the
cityo [1].

While some cities maintain a public database of curb ramp informagign (
[178,179), this data can be outidal, erroneous, and expensive to collect. Moreover, it

is not integrated into modern mapping toolsa recent report, the National Council on

Disability noted that they coul degreesot f i nd

which sidewalks are accasked a ¢ r 0.S. EL132} Ih additldn, the quality of data

available in government systems is contingent on the specific policiesemudal
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infrastructure of that particular local administratiang(, at the city and/or county

level). While federal US legislation passed in 1990 mandates the use of ADA
compliant curb ramps in all new road construction and renovgt#i], this is not the

case across the globe. Our overarching goal is to design a scalable system that can
remotely collect accessibility information for any city across the world that has
streetscape imagery, which is now broadly avéélab GSV, Microsoft Bing Maps,

and Nokia City Scene.

Tohme is comprised of four custom parts: (i) a web scraper for downloading
street intersection data; (ii) two crowd worker interfaces for finding, labeling, and
verifying the presence of curb ramig) state-of-the-art CV algorithms for automatic
curb ramp detection; and (iv) a machine learsaged workflow controller, which
predicts CV performance and dynamically allocates work to either a human labeling
pipeline or a CV + human verification @lne. While Tohme is purely a data collection
system, we envision future work that i nt e
aware map toolse(g.,a heat map visualization of a cit

navigation system that recommends accessilites).

To evaluate Tohme, we conducted two studies using data we collected from
1,086 intersections across four North American cities. First, to validate the use of GSV
imagery as a reliable source of curb ramp knowledge, we conducted physicailraudits
two of these cities and compared our results to ®88ed audit data. As with previous

work exploring the concordance between GSV and the physical world
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[11,39,73,77,157]we found high correspondence between the virtual and physical
auditdataSecond, we eval uat &detedtiogcunteréangs geressf or man
our entire dataset with 403 kars.Alone, thecomputer vision sulsystem currently

finds 67% of the curb ramps in the GSV scendswever, by dynamically allocating

work to the CV module or to the slower but more accurate human workers, Tohme
performs similarly in detecting curb rampsmpared to a manual labeling approach

alone (Fmeasure: 84%s 86% baseline) but at a 13% reduction in human time cost.

In summary, the primary contribution of this paper is the design and evaluation
of the Tohme system as a whole, with secondary ibutitons being: (i) the first design
and evaluation of a computer vision system for automatically detecting curb ramps in
i mages,; (1ri) the design and study of a nAst
allocates work based on predicted scene compléwity GIS data and CV output; (iii)
a comparative physicass. virtual curb ramp audit study (Study 1), which establishes
that GSV is a viable data source for collecting curb ramp data; and (iv) a detailed
examination of why curb ramp detection is a haxabfem and opportunities for future

work in this domain.

5.2 Dataset

Because sidewalk infrastructure can vary in quality, design, and appearance across
geographic areas, our study sites include a range of neighborhoods from four North

American cities: Washington, D.C., Baltimore, Los Angeles, and Saskatoon,
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Figure 5.2: The eight urban (blue) and residential (red) audit areas used in our studiesom Washington
DC, Baltimore, LA, and Saskatoon. This includes 1,086 intersections across a todaéa of 11.3kn. Among
these aeas, wephysically surveyed 273 intersections (see annotationsard).

WASHINGT@C BALTIMORE LOSANGELES SASKATOON OVERA
Region Ty| Downtow| Residentil Downtow| Residentij Downtow| Residenti) Downtow| Residenti
Total Ara (krd)| 1.52 1.13 0.73 2.24 1.91 1.89 0.74 1.13 | 11.2¢

# of Intersectig 140 124 132 139 132 132 141 146 1,08¢
# of Curb Ram| 818 352 476 229 358 186 321 137 2877
# of Missing C{

Ramps 8 35 32 69 43 214 24 222 647

Avg.GSVD| 19yrs| 1.6yrs| 21yrs, 04yrs| 20yrs| 09yrs| 4.0yrs| 40yrs| 22
Age (SI| (0.77) (0.63) (0.75) (0.65) (0.31) (0.24) (0.0) (0.0) | (1.3)

Table 5.1: A breakdown of our eight audit areas. Age calculated from summer 2013These counts are base
on ground truth data.

SaskatchewanFgure 5.2; Table 5.1). For each city, we collected data from dense
urban cores (shown in blue) and samban residential areas (shown in red). We
emphasized neighborhoods with potential high demand for sidewalk accesshility (
areas with schools, shopping centéilsaries, and medical clinics).

We used two data collection approaches:r{iqyaomated web scrapimol that
we developed callesvCraw| which downloads GKbased intersection data, including
GSV images, within a geographically defined region; and (phgsical surveyf a
subset of our study sites (four neighborhoods totaling 273 intersections), which was
used to validate curb ramp rmaktructure found in the GSV images. In all, we used

svCrawlto download data from 1,086 intersections across 1% 8kable5.1).
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Figure 5.3. Example curb ramps (top two rows) and missing curb ramps (bottom row) from our GSV datas

To create a ground truth dataset, two members of our research team
independently labeled all 1,086enes using our custom labeling tool (svLabel). Label
disagreements were resolved by consensus. From the ground truth data, we discovered
2,877 curb ramps and 647 missing curb ranigufe 5.3). Of the 1,086 scenes, 218
GSV scenes didot require marking a curb ramp or missing cuamp because the
location was not a traditional intersecti@ng.,an alleyway with no vertical drop from
the sidewalk) These 218 sceseare useful for exploring false positive labeling
behavior and were kept in our dataset. The remaining 868 intersections had on average
3.3 curb rampsS§D=2.3) and 0.75 missing curb rampS=1.3) per intersection. A

total of 603/868 intersections were mkad asnot missing any curb ramps. We use the
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ground truth labels for training and testing our machine learning and CV algorithms
and to evaluate crowd worker performance.

At download time (summer 2013), the average age of the GSV imag&savas
years 8D=1.3). As image age is one potential limitation in our approach, itis necessary
to first show that GSV is a reasonable data source for deriving curb ramp information,

which we do next.

5.3 Study 1: Assessing GSV as a data source

To establish GSV as a \ike curb ramp data source, we must show: (i) that it presents
unoccluded views of curb ramps, (ii) that the curb ramps can be reliably found by
humans and, potentially, machines, and (iii) that the curb ramps found in GSV
adequately reflect the state oktphysical world. This study addresses each of these
points. Multiple studies have previously demonstrated high concordance between
GSV-based audits and audits conducted in the physical Wat|89,73,77] however,
prior work has not examined curb ramps specifically. Though this audit study was labor
intensive, it is important to establish GSV as a reliable data source for curb ramp
information, as it iIs the crux of our syst
We conducted physical audits in the summer of 2013 across a subset of our
GSV dataset: 273 intersections spanning urban and residential areas in Washington,
D.C. and BaltimoreKigure5.2). We followed a physical audit process similar to Hara
et al.[77]. Research team members physically visited each intersection, capturing geo

timestamped pictureddean=15 per intersectior8D=5). These images were analyzed
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post hocfor the actual audit. Surveying the 273 intersections took approxinigely

hoursas calculated by image capture timestamps.

5.3.1 Auditing Methodology.

For the auditing process itself, two additional research assistants (different from the
above) independently counted the numbecuwb rampsand missing curb rampat

each intersction in both the physical and GSV image datasets. An initial visual
codebook was composed based on US government standards for sidewalk accessibility
[102,191] Following the iterative coding method prescribed by Hrusdtkd. [89], a

small subset of the data was individually coded first (five intersections from each area).
The coders then met, compared their count data, and updated diebock
appropriately to help reduce ambiguity in edge cases. Both datasets were then coded in
entirety (including the original subset, which was recoded). This process was iterated

until high agreement was reached.

PHYSICAAUDITIMAGIDATASET GSVAUDTIMAGIDATASET
IstPassy )| 29Pass| 39Pass| 1Pass| 29Pass| 39Pass
Curb Ramp 0.959 0.960 0.989 0.927 0.928 0.989
Missing C. Ramp 0.647 0.802 0.999 0.631 0.788 0.999
Overall 0.897 0.931 0.996 0.883 0.917 0.996
Table 5.2: Kri ppendor frdted agreemem dtares betwtean two researchers on both the phys
audit and GSV audit image datased. Following Hruschkae t  #@efativé abding methodology, a 3rd audi
pass was conducted with an updated codebook to achieve highreementscore8i n our case

5.3.2 Calculating Inter-Rater Reliability between Auditors

Before comparing the physical audit data to the G8ditadata, which is the primary

goal of Study 1, we first calculated inteter reliability between the two coders for

each dataset. We appliecdh e Kr i ppendor ff os ( U)
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used for calculating intenater reliability of counhdata (se¢107]). Results after each

of the three coding passes using the iterative schemg&@jrare shown imable5.2.
Agreement was consistently high, with théass representing the reliabilityaides

in the final code set. There was initially greater inconsistency in codisgjngcurb
rampsvs. coding existing curb ramps, perhaps because identifying a missing ramp

requires a deeper undstanding of the intersection and proper ramp placement.

5.3.3 Comparing Physical vs. GSV Audit Data

With high agreement verified within each dataset, we can now compare the count
scoresbetweenthe datasets. Similar tf7,157] we calculate a Spearman rank
correlation between the two count sets (physical and GSV). This was done for both the

curb ramp and missing curb ramp counts. To enable this calculation, however, we first
merged the two audit or oftheircauntfdr sissmycurb a ki n g
ramps and the average for present curb ramps at each intersection. Using these average
counts, a Spearman rank correlation was computed, which shows high correspondence
betweerdatasets} =0.996 for curb ramps and=0.977for missing curb ramps (p <
0.001).Overall, 1,008 curb ramps were identified in the virtual audit compared to 1,002

with the physical audit; differences were due to construclibe. number of missing

curb ramps was exactly the same for both datasets (89)

5.3.4 Study 1 Summary

Though the age of images in GSV remains a concern, Study 1 demonstrates that there

is remarkably high concordance between curb ramp infrastructure in GSV and the
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If svControl predicts that the current GSV scene contains zero false svVerify: Crowd workers

negatives, the scene and detections are forwarded to svVerify % |remove false positives
svControl: predicts CV performance &f**
svDetect: CV detects ~ f==+=== P> allocates work to swerify or svLabel e
curb ramps in GSV By
Scene N,

i |svLabel: Crowd workers
"» manually label curb ramps

If svControl predicts that the current GSV scene contains one or more false
negatives, all detections are discarded & the scene is fed to svLabel Scene N,

True Positive Label False Positive Label @ False Negative

Figure54. A wor kfl ow di agr am d e pisystenmsnimgsurinaty suefesprotesse
every GSV scene producing curb ramp detections with confidence scores/Control predicts whether the
scene/detections contain a false negative. If so, the detections are discarded and the scene is $etiabelfor
manual labeling. If not, the scene/detdibns are forwarded to svVerify for verification. The workflow

attempts to optimize accuracy and speed.

physical world even though the average image age of our datase?.@mgsars.With

GSV established as a curb ramp dataset source, we now move on to describing Tohme.

5.4 A scalable system for Curb ramp detection

Tohme is a custordesigned tool for remotely collecting gharated curb ramp
information using a&ombination of crowdsourcing, CV, machine learning, and online
map datalt is comprised of four parts depictedFigure5.4: (i) a web scrapeiStreet
View Crawl (s€rawl), for downloading street intersection data; (ii) two crowd worker
interfaces for finding, labeling, and verifying the presence of curb ramps sallatel

andsvVerify (iii) stateof-the-art CV algorithms for automatically detecting curb ramps
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(svDetec); and (iv) a machine learnidgased workflow, calledsvContro] which
predicts CV performance on a scenes and allocates work accordingly.

We designed Tohme iteratively with small, informal pilot studies in our
laboratory to test early interface idea&/e also performed larger experiments on
Amazon Mechanical Turk (MTurk) with a subset of our data to understand how
different interfaces affected crowd performance and, more generally, how well crowds
could perform our tasks. The CV sapstem, svDetecglso evolved across multiple
iterations, and was trained and evaluated using the aforementioned ground truth labels.
While our ultimate goal is to deploy Tohme publicly on the web, the current prototype
and experiments were deployed on MTurk. Below, wecides each Tohme sub

system.

5.4.1 svCrawl: Automatic Intersection Scraping

svCrawlis a custom web scraper tool written in Python that downloads€ld&d
intersection data over a predefined geographic redtmule5.2). It uses the Google
Maps API (GMaps API) to enumerate and extract street intersection points within

selected boundaries. For each intersecse@rawl download$our types of data:

1. A GSV panoramic imageat its source resolution (13,312 x 6,656px). This is our

primary data elemene(g.,Figure5.1).

2. A 3D-point cloud, which is captured by the GSV car using LiDAR. The depth

data overlays the GSV panorama but at a coarser resolution (512 x Fufipe;
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Figure55. A wor kfl ow di agr am d e pisystensnrgsuninady, svdétect pfoaes:
every GSV scene producing curb ramp detections with confidence scores. svControl predicts whether
scene/detections contain a false negative. If so, the deimes are discarded and the scene is fed to svLabel
manual labeling. If not, the scene/detections are forwarded to svVerify for verification. The workflo
attempts to optimize accuracy and speed.

5.10). This is used by svDetect to automatically cull the visual search space and by

svControl as an intersection complexity input feature.

3. A top-down abstract map imageof the intersection obtagd from the ®ogle
Maps API Figure5.13), which is used as a training feature in our work scheduler,

svControl, to infer intersection complexity (like the depth data).

4. Associated intersection GIS metadataalso provided by the GNda API, such as

latitude/longitude, GSV image age, street and city names, and intersection

topology.

5.4.2 svlLabel: Human-Powered GSV Image Labeling

In Tohme, intersections are labeled either manually, via svLabel, or automatically via
svDetect. svLabelsia fully interactive online tool written in JavaScript and PHP for
finding and labeling curb ram@dmissing curb ramps in GSV imagdadure5.5-
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The Explorer The user clicks on either the Curb Ramp button or the Missing Curb Ramp button to enter the Labeling Mode. The

Mode allows the mouse cursor turns into a pen icon directing users to draw a label. In the Labeling Mode, the camera angle and location is
user to control fixed. The interface automatically returns to Explore Mode after each label is drawn.
the GSV camera ,—49
angle. \ T Status S\ The Status side
& & Q a o) ] | leston: panel provides
AR R | Mo cu b QVLmSSOH isto find nnd‘ lahl details on the
Ramp | 2comln Undo the presence and absence of curb

y v ramps at intersections user's progress.

Progress:
You have finished 0 out of 1

The user’s “view
direction” and
progress are
represented in
this top-down 2D

map view. The
observed area
and unobserved

area are overlaid

The GSV pane is
the primary
interaction area
for exploring and

labeling. \

Labeled Landmarks:

Keyboard Shortcu
ESC: Carcel -]

Z/ ShifteZ: 7

with green-and-
gray translucent
layers
If the user cannot a
ly.
find anything to respectively.
label in the

The user clicks the
Google Submit button to

scene, they can
click the Skip m
button and \

provide details upload their
about their skip / labels
reasoning.

Figure 5.6. The svLabel interface. Crowd workers use the Explorer Mode to interactively explorehe
intersection (via pan and zoom) and switch to the Labeling Mode to label curb ramps and missing ci
ramps. Clicking the Submit button uploads the target labels. The turker is then transported to a new locati
unless the HIT is complete.
rE T }«"

= 3 ] - e —
(a) After labeling one corner, the user pans to the right. (b) The user then zooms to get a closer look (c) The user begins labeling the new corner in the zoomed view

Figure 5.7. svLabel automatically tracks the camera angle and repositions any applied labels in their corrt
location as the view changes. When the turker pans the scene, the overtaythe map view is updated an
the green fiexploredd area increases (bottom ri
inspect distant corners. Labels can be applied at any zoom level and are scaled appropriately.

5.7). Unlike muchprevious crowesourcing GSV work, which uses static imagery to
collect labelg73,80,81] our labeling tool builds oBus Stop CSJ77] to provide a
fully interactive 360 dege view of the GSV panoramic image. While this freedom
increases usenteraction complexity, it allows the user to more naturally explore the

intersection and maintain spatial context while searching for curb ramps. For example,
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the user can pan aroungetvirtual 3Dspace from one corner to the next within an
intersection.

Using svLabel.Whena turker accepts our HIT, they are immediately greeted by a
threestage interactive tutorial. The stages progressively t#aehurker abouthe
interface €.g.,the location of buttons and other widgets), user interac{egs,how

to label, zoom, and pan), and task conceetg.(the definition of a curb ramp). If
mistakes are made, our tutorial tool automatically provides corrective guidance.
Turkersmust successfully complete one tutostdge before moving on to the next.

Once the tutorials are completed, we automatically position the turker in one of
the audit area intersections and the labeling task begins in earnest. Similar to Bus Stop
CSI[77], svLabel has two primary modes of interactiBiplorer ModeandLabeling
Mode (Figure5.6). When the user first drgpnto a scene, s/he defasiibhto Explorer
Mode, which all ows for exploration using St
instructed to pamround to explore the 360 degree view of the intersection and visual
feedback is provided to track their progress (bottaht corner ofFigure5.6). Note:

u s e r geennorestricted to the drop location.

When the user clicks ogither theCurb Rampor Missing Curb Ramputtons
the interface switches automatically ltabeling Mode Here mouse interactions no
longer controthecamera view. Instead, the cursor epes toa pen, allowing the user
to draw an outline around the visual tafyet curb ramp or lack theredfigure5.5).

We chose to have users outline the area rather than simply clicking or drawing a

bounding box because the detailed outlines provide a higher degree of granularity for
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developing and experiemting with our CV algorithms. Once an outline is drawn, the
user continues to search the intersectiair.t@ol automatically tracks the camera angle

and repositionsany applied labels in their correct location as theersectionview
changesinthiswgy, t he | abel s appeartargetsOrntesthei ck 0 t o
user has surveyed the entire intersection by panning 360 degrees, s/he can submit the
task and move on to the next task in the HIT, until all tasks are complete.

Ground Truth SeedingA single HIT is comprised of either five or six intersections
depending on whether it contains a ground truth scene (a scene is just an intersection).
Thi s fgr oun dl46]apprdadh is sommahly usgddo dynamically examine,
provide feedback about, and improve worker performance. In our case, if a user makes
a mist&e at a ground truth scene, after hitting the submit button, we provide visual
feedback about the error and show the proper corrective action. The user must correct
all mistakes before submitting a ground truth task. If no mistakes are detected, the user
is congratulated for their good performance. In our current system, there is a 50%
chance that a HIT will contain one ground truth scene. The user is not able to tell

whether they are working on a ground truth scene until after they submit their work.

5.4.3 svVerify: Human-Powered GSV Label Verification

I n addition to providing Acurb rampodo and #dr

workers to examine and verify the correctness of previously entered labels. This
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Mission:

Your mission is to verify the
presence of curb ramps at
intersactions.

Progress:
You have finishad 0 out of 1

Labeled Landmarks:

S

Keyboard Shortcuts:
Arrow Keys |lavigats
z Zoom in
Shift+Z Zoom out

The area of the scene you have
observed: )

Submit

Figure 5.8. The svVerify interface is similar to svLabel but is designed for verifying rather than labelinc
When the mouse hovers over a label, the cursor changes to a garbage can and a click removes thed.
The user must pan 360 degrees before submitting the task.

verification step is common in crowdsourcing systems to increase result gaajity (
[81,173). swVerify (Figure 5.8) is similar to svLabel in appearance and general
workflow but has a simplified interaction (clicking and panning only) and is for an
easier task (clicking on incorrect labels).

While we designed both svLabel and svVerify to maximize worker efficiency
and accuracy, our expectation was that the verification task would be significantly
faster than initially providing manual labe]$73]. For verification, users need not
perform a timeconsuming visual search looking for curb ramps to label but rather can
quickly scan for incorrect labels (false positives) to delete. And, unlike labeling, which

requires drawing polygonal outlines, the delete interaction is a single click over the

125



offending label (similar t§194]). This enables users to rapidly elimin&dtse positive
labels in a scene.

To maintain verification efficiency, however, we did not allow the user to
spatially locatdalsenegatives. Thiswould essentially turn the verification task into a
| abeling task, by asking users to apply
when they noticed a valid location that had not been labeled. Instead, svVerify gathers
information on false negatigeat a coarsegrained level by asking the user if the current
scene was missing any labels after s/he clicks the submit button. Thus, svVerify can
detect the presence of false negatives in an intersection but not their specific location
or quantity.

Similar to svLabel, svVerify requires turkers to complete an interactive tutorial
before beginning a HIT, which includes instructions about the task, the interface itself,
and successfully verifying one intersection. Because verifications are faster than
providing labels, we included 10 scenes in each Hi3.the 5 or 6 in svLabel). In
addition, we inserted one ground truth scene @wterysvVerify HIT rather than with
50% probability as was done with svLabel. Note that not all scenes are sent to svVerify
for verification, as discussed in the svControl section below. We move now to

describing the two more technical parts of Tohme: svDetect and svControl.

5.4.5 svDetect: Detecting Curb Ramps Automatically

While svLabel relies on manual labeling for finding cualmps, svDetect attempts to

do this automatically using CV. Because B&¥sed object detection is still an open

126

ne:



problend even for welstudied targets such as cf88] and peopl¢48]d our goal is
to create a system that functions well enough to reduce the cost of curb ramp detection
vs.a manual approach alone.

svDetect uses a threstage detection processrst, we train deformable Part
Model (DPM)[63], one of the most successful recent approaches in object detection
(e.g.,[60]), as a firstpass curb ramp detector. Second, we jpogtess the resulting
bounding boxes using nemaximum suppressiof120] and 3Dpoint cloud data to
eliminate detector redundancies and false peasti¥inally, the remaining bounding
boxes are classified using a Support Vector Machine (S¥2B]) which uses features
not leveraged by the DPM, further eliminating false positives.

svDetect was designed and tested iteratively. We attempted multiple
algorithmic aproaches and used preliminary experiments to guide and refine our
approach. For example, we previously used a linear SVM with a Histograms of
Oriented Gradients (HOG) feature descrig8&8] but found that the DPM was able to
recognize curb ramps with larger variations. In addition, we found that though the raw
GSVimage size is 13,312 x 6,656 pixels, there were no detection performance benefits
beyond 4,096 x 2,048px (the resolution used throughout this paper). Because it helps
explain our design rationale for Tohme, we include our evaluation experiments for
svDetet in this section rather than later in the paper.
First Stage: The Curb Ramp Deformable Part Model (DPM)PMs are comprised

of two parts: a coarsgrained model, called a root filter, and a higher resolution parts
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NI oy TR
(a) Rootfilter (b) Parts filter (c) Displacement costs

Figure 5.9. The trained curb ramp DPM model. Each row represents an automatically learned viewpoi
variation. The root and parts filter visualize learnedweights for the gradient features. The displacement cot
for parts are shown in (c).

model, called a parts filter. DPMs are commonly applied to human detection in images,
which provides a useful example. For human detection, the root filter captures the
whole human body while part filters are for individual body parts such as the head,
hand, and legs (s¢€2]). The individual parts are learned automatically by the BPM
that is, they are not explicitly defined priori. In addition, how these parts can be
positioned around the body (the root filter) is also learned and modeled via
displacement costs. This allsva DPM to recognize different configurations of the
human body€.g.,sitting vs.standing).

In our case, the root filter describes the general appearance of a curb ramp while
part filters account for individual componenésd.,edges of the ramp andtrsitiors
to the roa)l DPM creates multipleomponent$or a single mode{Figure5.9) based
on bounding box aspect ratiodle suspect that each component implicaiptures

different viewpoints of a curb rampor our DPM, we used code provided[6Y].
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Figure 5.10. Using code from[205], we d o wn | o-potht clGufl afasand 3ide this to create a grour
plane mask to postprocess DPM output. The 3D depth data is coarse: 512 x 256px.

Second Stage: Poftrocessing DPM Outputin the second stage, we p@sbcess the

DPM output in two ways. First, similar {420], we use nofmaximum suppression
(NMS) to eliminate redundant bounding boxes. NMS is common in CV and works by
greedily selecting bounding boxes with high confidence values and removing
overlapping boxes with lower scores. Overlap iBrael as the ratio of intersection of

the two bounding boxes over the union of those boxes. Based on the criteria established
by the PASCAL Visual Object Classes challerigé], we set our NMS overlap
threshold to 50%.

Our second pogtrocessing step uses the-gbint cloud data to eliminate curb
ramp detections that occur above the ground pleute,lboundingboxes in the sky are
removed). To do so, the 512 x 256px depth image is resized to the GSV image size
(4096 x 2048px) using bilinear interpolation. For each pixel, we calculate a normal
vector and generate a mask for those pixels with a strong verticglooemt. These
pixels correspond to the ground plane. Bounding boxes outside of this pixel mask are

eliminated Figure5.10and5.11).
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Third Stage: SVMBased Classitiation. Finally, in the third stage, the remaining
bounding boxes are fed into an additional classifier: an SVM. Because the DPM relies
solely on gradient features in an image, it does not utilize other important discriminable
information such as color oposition of the bounding box. Given that street
intersections have highly constrained geometrical configurations, curb ramps tend to
occur in similar locatior so detection position is important. Thus, for each bounding
box, we create a feature vector tiatludes: RGB color histograms, the gt and
bottomright corner coordinates of the bounding box in the GSV image along with its
width and height, and the detection confidence score from the DPM detector. We use
the SVM as a binary classifier to keep discard detection results from the second
stage.

svDetect Training and Result§wo of the three svDetect stages require training: the
DPM in Stage 1 and the SVM in Stage 3. For training and testing, we usddidwo
cross validation across the 1,086\G&enes and 2,877 ground truth curb ramp labels.
The GSV scenes were randomly split in half (543 scenes per fold) with one fold initially
assigned for training and the other for testing. This process was then repeated with the
training and testing foldsastched.

To train the DPM (Stage 1), we transform the polygonal ground truth labels into
rectangular bounding boxes, which are used as positive training examples. DPM uses
a sliding window approach, so the rest of the GSV scene is treated as negatidegxamp
(i.e., comprised of negative windows). For each image in the training set, the DPM

produces a set of bounding boxes with associated confidence scores. The number of
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Figure 5.11. Exampl e resul t s-sthge ourb rasnp deeedtien draméveork.tBbunding boxe
are colored by confidence score (lighter is higher confidence). As this figure illustrates, setting the detec
threshold to -0.99 results in a reldively low false negative rate at a cost of a high false positive rate (fs
negatives are more expensive to correct). Many false positives are eliminated in Stages 2 and 3. The eff
Stage 206s ground plane mask i s sitve;iFR=&lsea positire; FN4a)s
negative

bounding boxes produced per scene is contingent on a minimum score threshold. This
threshold is often learned empiricallg.g.,[1]). A high threshold would produce a
small number of bounding boxes, which would likely result in high precision and low
recall; a low threshold would likely lead to low precision and high recall.

To train the SVM (Stage 3), we use the posicessedPM bounding boxes
from Stage 2. The bounding boxes are partitioned into positive and negative samples
by calculating area overlap with the ground truth labels. Though there is no universal
standard for evaluating 0goseach weuse@% overl ap
overlap (from[64]). Prior work suggests that even-18% overlap agreement at the
pixel level would be sufficient to confidently localize accessibpitgblems in images
[81]. Thus, positive samples are boxes that overlap with ground truth by more than
20% negative samples are all other boxes. We extract the aforementioned training

features from both the positive and negative bounding boxes. Note that SVM
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Figure 5.12. The precisionrecall curve of the threestage curb ramp detection process constructed
stepping through various DPM detection thresholds (from-3-to-3 with a 0.01 step) For the final svDetec
module, we selected a DPM detection threshold e.99, which balances true positive detections with fals

positives.

parametersd.g., coefficient for slack variables) are automatically selected by grid

search during training.

ResultsTo analyze svDetectods overall perfor ma
confidence score cutoff for svDetect, we stepped through various DPM detection
thresholds (from3-to-3 with a 0.01 step) and measured the results. For each threshold,

we calculated true positive, false positive, and false negative detections for each scene.

True positives were assessed as bounding boxes th2a@¥%axverlap with ground truth

labels and that had a detection score higher than the currently set thréklealelsults

are graphed on a precistoecall curvein Figure5.12. To balance the number of true
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positive detections and false positives in our system, we selected a DPM detection
threshold 0f-0.99. At this threshold, svDetect generates an average ¢ioudriding
boxes per intersectiorsD=3.7); seeFigure5.11 for examplesNote: svDetect failed
to generate a bounding box for 15 of the 1,086 intersections. @hestél included in
our performance comparison.

In the ideal, our threstage deteatn framework would have both high
precision and high recall. As can be obsernveBigure5.12, this is obviously not the
case as ~20% of the curb ramps are nevexcted (.e.,the recall metric never breaches
80%). With that said, automatically finding curb ramps using CV is a hard problem due
to viewpoint variation, illumination, and within/between class variation. This is why

Tohme combines automation with manizdor using svControl.

5.4.6 svControl: Scheduling Work via Performance Prediction

svControl is a machinkearning module for predicting CV performance and assigning
work to either a manual labor pipeline (svLabel) or an automated pipeline with human
verification (svDetect + svVerify) seeFigure5.4. We designed svControl based on
three principles: first, that humdrased verifications are fast and relatively {oost
compared to humabased labeling; second, CV is fast and inexpensive but error prone
both in producing high false positives and false negatives; third, false negatives are
more expensive to correct than false positives.

From these principles, we derivedawverarching design questions: first, given

the high cost of human labeling and relative 4oest of human verification, could we
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optimize CV performance with a bias towards a low false negative rate (even if it meant
an increase in false positives)? Saatogiven that false negatives cannot be eliminated
completely from svDetect, can we predict their occurrence based on features of an
intersection and use this to divert work to svLabel instead for human labeling?
Towards the first question, biasing CV fmgmance towards a certain rate of false
negatives is trivial. It is simply a matter of selecting the appropriate threshold on the
precision/recall curve (recall that the threshold that we selectedDv@83. The second
guestion is more complex. We itezdt over a number of prediction techniques and
intersection features before settling on a linear SVM and Lasso regressionhdodiel

with the following three types of input features:

1 svDetect results (16 features)For each GSV image, we include the raw number
of bounding boxes output from svDetect, the average, median, standard deviation,
and range of confidence scores of all bounding boxes imthge, and descriptive
statistics for their XYcoordinates. Importantly, we did not use twrectnessof

the bounding box as a feature since this would be unknown during testing.

1 Intersection complexity (2 features)\We calculate intersection complexity via two
measure<ardinality (i.e.,how many streets are connected to the target intersection)
and anindirect measureof complexity, for which we count the number of street
pixels in a stylized tojplown Google Map. W found that high pixel counts correlate

to high intersection complexiiFigure5.13).
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Figure 5.13. We use topdown stylized Google Mapgbottom row) to infer intersection complexity by counting
black pixels (streets) in each scene. A higher count correlates to higher complexity

rkers GSV HITs | Tasks Avg. Turkers /

Scenes Intersection Label Stats Avg.Task Time

20,789 labels

(17,327CRs, 3,462M
42,226 verified labe
(28,801RLs, 13,425H
Table53: An overview of the MTurk sviLabel and svVe,
in practice, split work between thesvLabel andsvDetectisvVerify pipelines, wefed every GSV scene to bo
to perform our analyses Acronyms above include CRs=Curb Ramps; MCRs=Missing Curb Ramp
RLs=Removed Labels; KLs=Kept Labels svVerify was 2.2x faster than svLabel.

S\LABEL 242 1,046 | 1,270| 6,350 6.1 (0.6) 94.1s (144.4s

SWERIFY 161 1,046 | 582 | 5,820 5.6 (0.6) 43.2 (48.7s)

1 3D-point cloud data (5 features) svDetect struggles to detect curb ramps that are
distant in a scer@ee.g.,because the intersection is large or because the GSV car is
in a suboptimal position to photograph the intersection. Thus, we include
descriptive statistics of depth information of each sceng.,(@verage, median,
variance).

We combine the above featweto a single 28limensional feature vector for training

and classification.
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svControl Training and Test Result¥Ve trainand tessvControl with twefold cross
validation using the santeain and test data as used swDetectGiven that the goal

of svControl is to predict svDetect performance, namely the occurrence of false
negatives, we define a svDetéailure as a GSV scene with at least one false negative
curb ramp detectioriThe SVM model is trained tmake a binary failurg@redicton

with the dorementioned featureS&imilarly, the Lassoregression model is trained to
predict theaw numbeiof false negatives of svDetgeegression value > 0.5 is failure)

To help better understand the important features in our models, we present the
top threecorrelationcoefficientsfor both. For the SVM, the top coefficients were the
labelb x-coordinate variance0(91), the mean confidence score afitomatically
detected labelf).69, andthe minimum scene depth (0.67). For the Lasso model, the
top three vere mean scene depth (0.69), median scene d@@B), and, similar to the
SVM, the mean confidence score of the automatically detected l&@d&13. (f either
the SVM or theLassomodel predicts failuren a particular GSV scensvControl
routes that scene to svLabel instead of svVerify.
svControlResults We assessils v Cont r ol 6s pr eatrossthe 1g8B per f or
scenesWhile not perfect, our results show that svControl is capable of identifying
svDetect failures with high probaliifd we correctly predicted 397 of the 439 svDetect
failures (86.3%); however, this high recall comes at a cost of precision: 404 of the total
801 scenes (50.4%) marked as failures were false positives. Given that we designed

svControl to be conservative.€., pass more work to svlLabel if in doubt about
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svDetect), this accuracy balance is reasonable. Below, we examine whether this is

sufficient to provide performance benefits for Tohme.

5.5 Study 2: Evaluating Tohme

To examine the effectiveness of Tohmeffading curb ramps in GSV images and to

compare its performance to a baseline approach, we performed an online study with

MTurk in spring 2014. Our goal here is threefold: first, and most importantly, to
investigate whether Tohme provides performance lisr@fer manual labeling alone
(baseline); second, to under st asystemshe ef f e
(svLabel, svVerify, svDetect, and svControl); and third, to uncover directions for future

work in preparation for a public deployment.

5.5.1 Tohme Study Method

Similar toHaraet al.[81], we colkected more data than necessary in practice so that we
could simulate performance with different workflow configuratipost hoc To allow
us to compare Tohmes.feeding all scenes to either workflow on their own (svLabel
and svDetect+svVerify), we raa@l GSV scenes through both. To avoid interaction
effects, turkers hired for one workflow (labeling) could not work on the other
(verifying) and vice versa.

Second, to more rigorously assess Tohme and to reduce the influence of any
one turker on our redgl we hired at least three turkers per scene for each workflow

and used this data to perform Monte Carlo simulations. More specifically, for both
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workflows, we randomly sampled one turker from each scene, calculated performance
statistics €.g.,precisior), and repeated this process 1,000 times. Admittedly, this is a
more complex evaluation than simply hiring one turker per scene and computing the
results; however, the Monte Carlo simulation allows us to derive a more robust
i ndicator of »uwepererimancee x pect ed f

Of the 1,086 GSV scenes (street intersections) in our dataset, we reserved 40
for ground truth seeding, which were randomly selected from the eight geographic
areas (5 scenes from each). We calculated HIT payment rates based on Ntturk pi
studies: $0.80 for svLabel HITs (five intersections; $0.16 per intersection) and $0.80
for svVerify (ten intersections; $0.08 per intersection). As noted in our system
description, turkers had to successfully complete interactive tutorials beforaibggin

the tasks.

5.5.2 Analysis Metrics

To assess Tohme, we used the following measures:

1 Label overlap compared to ground truth: as described in the svDetect section, we

use 20% overlap as our correctness threshold (f@a).

1 We calculate standard object detectin performance metrics including
precision, recall, and-measure based on this 20% area ovérldge same overlap

used by svDetect.
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1 Human time cost cost is calculated by measuring completion times for each

intersection in svLabel and svVerify.

5.5.3 Tohme Study Results

We first present higievel descriptive statistics of the MTurk HITs before focusing on
the comparison between Tohw® our baseline approach (pure manual labeling with
svLabel). We provide additional analyses that help explain the umdgthgnds in our
results.

Descriptive Statistics of MTurk WorKTo gather data for our analyses, we hired 242
distinct turkers for the svLabel pipeline and 161 turkers for the svVerify pipdlaisg

5.3). As noted previously, all 1,046 GSV scenes were fed through both workflows. For
svLabel, turkers completed 1,270 HITs (6,350 labeling tasks) providing 1,887

ramp labels an®,462missing curb ramp labels. For\gerify, turkers completed 582

HITs (5,820 verification tasks) and verified a total of 42,226 curb ramp labels. On
average, turkers eliminated 4.9 labels per intersec8@¥2.9). We hired an average

of 6.1 §D=0.6) turkers per intersection for svLalaeld 5.6 $D=0.6) for svVerify.

Eval uating TohnTeod se vPael rufaotremalnocheme 6 s over al |
examined how well each pipeline would perform on its own across the entire dataset
(1,046 scenes). This provides two baselines for compalfisdine svDetect + svVerify
results show how well Tohme would perform if the svControl module padsedrk

to this pipeline and, similarly, (ii) thevLabelresults show what would happen if we

only relied on manual labor for finding and labeling cuainps.
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Curb Ramp Detections Results from Monte Carlo Sim(l;)llations (1,046 GSV Scenes)

100% m Precision 88% % 100 94
;{5 m Recall 84% (BE% 83%86%84% ((/)) 81
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svDetect + svVerify svLabel Tohme svDetect+ svLabel Tohme
svVerify

Figure 5.14: Tohme achieves comparable results to a manual labeling approach alone but with a 1
reduction in task completion time cost. Error bars are standard deviation.

We found that Tohme achieved similar but slightly lower curb ramp detection
results compared to the manual approach alofradésure: 84%s.86%) but with a
much lower time cost (13% reductiorgee Figure 5.14. As expected, while the
svDetect + svVerify pipeline is relatively inexpensive, it performed the worst (F
measure: 63%). These findings show that the svControl module routed work
appropriatef to maintain high accuracy but at a reduced cost. Tohme reduces the
average pescene processing time by 12 seconds compared to svLabel alone. The
overall task completion times were 12.3, 27.3, and 23.7 hours for svDetect + svVerify,
svLabel, and Tohme spectively.

The above results were calculated using the aforementioned Monte Carlo
method. If we, instead, use only thest turker to arrive and complete the task, our
results are largely the se. The Fmeasures ar@3%, 86%, and 85 respectively for

svDetect + svVerify, svLabel, and Tohme with a 10% drop in cost for Tohme (rather
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This is work thatu/chave be
routed to svVerify but was ¢

379 390 svLabel (svControl is
conservative)
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Figure 5.15. svControl allocated 769 scenes to svLabel argl’7 scenes to svVerify. 379 out of 439 sce
(86. 3%) where svDetect failed were allocated A
routing work to svVerify because false negative labels are expensive to correct; thus, the 86.3% esmat ¢
high false positive cost (390).

than 13%). Thisncludes65 distinct turkers for svDetect + svVerif97 for svLabel,
and149for Tohme.

Task Allocation by svControlAs the workflow scheduler, the svControl module is a

critical component of Tohme. Because the svVerify interface does not allow for
labeling (e.g., correcting false negatives), the svControl system is conser&aitive

routes most of the work to svLabel otherwise many curb ramps would possibly remain
undetected. Of the 1,046 scenes, svControl predicted svDetect to fail on 769 scenes
(theseresults are the same as presented in the svControl section but with the 40 ground
truth scenes removed). Thus, 73.5% of all scenes were routed to svLabel for manual
work and the rest (277) were fed to svVerify for human verificatiiguie 5.15).
Again, svContr ol 0s 8&®b6rHowevep i s/Contiolwerked astae i s
perfect classifier, 439 scenes would have been forwarded to svLabel and 607 to
sverify.I n this ideal i zed toa&ecompdredhonaenarsial c o st

labeling approach with the samenteasure as before (84%hus, assuming limited
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