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Challenge: Tracking crashes In near real -time

ACrash data are typically available for certain
crashes, after several months

AEDT (Electronic Data Transfer) of police accid | 4
reports available nightly for nine states Lo e T NS e

CCCCCCC

AWaze incident data available where user ‘_
reported, all 50 states and DC, every 2 minute ’;\ SO | - . -

AWaze and EDT could provide neeal time, S
granular estimates of crashes to inform safety &
policy and operations Q

OUTSMARTING TRAFFIC, TOGETHER
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Safety Data Initiative: Waze Pilot Project  Overview

Obiect Vision
eclives :
J Rapid crash trend
A Usecrowdsourced datinsights to monitoring tool
Improve transportation safety Approach
Questions Datalntegration Model Training
EDT, Waze, auxiliary Random ForestsMachine
A Canwe integrate DOTdata resources at 80% of effort Learning approach
largescales?
A DoWaze data supportision of a rapid Scalemodels up Hgelel [ReiiEes
i i Rapiditerati tilizi Validate and test
CraShlndICtOr? S%ITI gl?uﬁgsgulréze”s]g estimation models

Pipeline Development
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Analysis: Challenges and Solutions

Observed data

Challenges
A Waze and EDT coordinates do not all align with FHWA road netwdrk

A How do we associate Waze events and EDT reports?
A Need to define zeros (time and places with no accidents)

Observed
‘ EDT Crash

O waze event

Solutions
A Spatial aggregation of data to hexagonal gridm({te area)

A Match Waze to EDT arserselected buffers in space and time

A Define zeros as grid cells and time periods with 1 or more non
accident Waze events but no EDT reports
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ESTIMATED EDT

Model Performance (April -Sept 2017 in MD)

Model estimates highly accurate overall; miss some precise patterns

Crashes by Day

% of Observed Estimated ESTIMATED OBSERVED PRCT
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SDIWaze Data Pipeline Development

wJSON files of

Secure Data Commons

https://portal.securedatacommons.com

wMonthly, stateaggregated, clipped Waze

w Tabular and

events wAdd ED;Tweather,census, roadway data graphical
w2 min wMachine learning estimation &DTFlevel outputs of
increments crash events model results

w50 States +
DC

wHot spot, event sequence, special event

analysis

w Interactive
dashboards

- J N— _ \ J

/ YN
Technology platform

w AWS S3 buckets for curated data and team
working folders

amazon
webservices™

w AWS Redshiffatabase for derived data
w RStudio HJupyter on virtual computer

O GitHUb 'l w GitHub integration for collaboration (private)
N— _
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SDIWaze Data Pipeline Development

0. WazeData Ingestion andCuration

-
/ Amazon
; Lambda Amazon
Waze function EC2
API \ /
Amazon
Redshift
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SDC
1. Query Clip,Reduce

Plotting original and clipped MD

2. Spacelime Match




SDIWaze Data Pipeline Development

SDC
3. Grid and Urban Area Overlay 4. Grid Aggregation 5. Weather Overlay
Adding: :
A Urban Areas Adding: N
A Hexagonal grid tessellations A Raster weather reflectivity
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SDIWaze Data Pipeline Development

ATA ATA + Local

6. Modeling 7. Visualizationrand Reporting
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Statistical Approach: Supervised Classification

Random Forests

A Machine learning approach which minimizes -
nstance

overfitting Random Forest I / \
A Trained models on 70% of data usEDT reports a: / Y

Random Forest Simplified

our labeledd 3 NRONMR(] K £ ok
A Tested modeperformance usin@0% of data to SN &N RN
compare estimated EDT crashes with observed | nen
CraSheS Class-A Clalss-B Class-B
A Rigorously trained and tested data feature | [ Majority-Voting | |
. N
combinations (50+ models) Final-Class]
A Best crash estimation models minimize False N . N
Image credit: httpg/medium.com/@williamkoehrsen/random
Positives and Fa'%egatives forest-simpleexplanation377895a60d2d
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Results d what have we learned?

We can integrate DOdlata resources at largsecales

A Our data integration and analygigelinecan support rapid crash estimates
(when/where Waze signal present)

A Successfully integrated transportation data that acg originally intended to track
traffic safety

Wazedata supportrapid crash indicator

A With Waze signal, models produce good overall estimates for multiple states
A Foundation for tool for rapid tracking of traffic safety trajectories

. Arc +ableauw
Sl vamm (R @ O wteble
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Results 0 what have we learned?

APotential for Waze data to support
analysis of roadway incident
clearance times

ASequence of event analysis shows
potential for crash precursor early
warning

AWaze data can evaluate impact of
special events using heat maps

ABeginning partnerships with state
agencies to deliver usable tool

Active Time for All Reported Accident Events During April 2017 - July 2018
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Results 0 what have we learned?

APotential for Waze data to support
analysis of roadway incident
clearance times

ASequence of event analysis shows
potential for crash precursor early
warning

AWaze data can evaluate impact of
special events using heat maps

ABeginning partnerships with state
agencies to deliver usabteol

Special event

No special event
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Next Steps

Potential Applications

AFull year modeling on multiple

states Rapid crash trend monitoring tool
AFlag anomalies
APartnerships with state or local A Shortterm intervention assessment

DOT4o identify usecases A Crossstate comparisons

ACrossstate Waze data assessment AEffectiveness models

& dashboard
A Incident Duration
AApplications of segmertased A Clearance Times
models

A Secondary Crashes
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Evaluating Model Performance

Divide data into training and testing subsets

A Training data: Sele@0%of observations (random by rows,
whole days, or whole weeks)

A Test data: Remainir®0%of observations

Dataset

Training Test

L . T
Training:fit model parameters with a large set of known EDT DZ?;
crashes, associatéaifaze events and othgredictors

Testing:apply fittedmodel parameters to a new set of Waze / yaining — S
events and othepredictors to generatestimated ED€rashes Data Model | Performan ce

Compare estimate@®DT crashe® observedEDT crashes in
the test data set to evaluate modperformance
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Waze Data: Distribution in Space and Time

Sixmonthsof geolocated Wazelata for Maryland (April- September2017)
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