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Executive Summary

The A-106 project was developed by CRC to continue evaluation of emerging data
sources that can be used to improve emission inventories with MOVES2014a, focusing on the
National Emissions Inventory, but with applicability to regional, state and local inventories as
well. The A-106 project builds on A00, specifically to assess telematics data for improving
vehicle starrelated activity at the local level. Trip stactiaity, characterized in MOVES by
the number of vehicle starts as well as the time betivgeands andtarts (soak time, which
affects emissions as well) has long been difficult to obtain on a local scale. The emergence of
telematics, explored in detas part of A100, provides a new opportunity for gathering vehicle
start activity at the individual county, or even stdunty, level. The objective of-A06 is to
assess the use of telematics for improving local start activity inputs for MOVES at ke,
including emissions sensitivity and comparison to other data sources used to estimate start
activity and to allocate start emissions spatially and temporally for air quality modgbtnthis
project, ERGeamed witlStreetLight Data, Inc. torpvide data and direct support for achieving
project objectives. StreetLight Data is a mobility analytics provider wtmmpilesvarious types
of data derived from mobile devices to support transportation planning and policy analysis
(wwwe.streetlightdat@om). StreetLight mixes and matches location data derived from
navigational GPS devices (currentlyfigartner INRIX) and LocatieBased Servicesulling
data from hundreds @fpplications operating on smart phones (currently from partner Cuebiq).

Task 1 of the projecteviewed those sourcestelematics datthat exhibitedhe
potential to improve MOVES inpsitelated to vehicle starts, such as starts per day, starts per
vehicle, temporal distribution of starts, and soak distributiur. review focsed on two types of
sourcesGPS data that tracks movement only, and engine data loggers that collect activity and
engine parameters for individually logged vehicles. Both sources have pros and cons with
respect to MOVES start activity data. The maindfgrof GPSonly data is sample size, and the
abilitfyenoedgeo.e. focus on trip activity wit
whether a vehicle is from within the area, or travelling from another area. The benefit of engine
loggerdata isthat it representgrecise measus®f activity and time betweekey-on and key
off. Thesecan only be inferred from GPS data based on movement. However, it is difficult to
use engine logger datatooadlycharacterize activity within a spedafarea, sincéhis
information isavailableonly for individual vehicle, rather than for locations.

Under Task 2, StreetLight Data processed trip metrics at the census tract level for three
counties. ERG then processed the data into MOVES inputspamabcedhe resultgo
MOVES default trip activityyAs of December 2016, Stocesset Li ght 0
analytics for nearly 35 million users, or about 10 peroétite adult US. population and about
12 pecentof commercial truck tripsStreetLight Data currently uses one major naviga{®inS
data supplier, INRIX, and one Locatidased Sevices (LBS) data supplier, Cugb Mobile
phone apps providing LDS data include thosectarponing, dating, weather, tourism,




CRC A106

Final Report

productivity, weather, ancha n y

mor e

apps

which utildi

Z e

t hei

world as part of their value. The apps collect anonymous user locations when they are operating
in the foreground, analso collect anonymous user locations when operating in the background

StreetLight Data accessed LBS to provide aggregated passenger vehicle trip metrics (trip

index, starts per vehicle, and dwell times) by census tract, month and hour in three urban
counties: Cook (IL), Fulton (GA), and Clark (NVERG then processeddmmetrics into county
level MOVES inputsand compared the sensitivity of the MOVES model emissions outputs

results obtained from using inputs derived from othéependent data including MOVES
defaults, Engindbased telematics data from Verizon, NasibHousehold Travel Survey, and the
California Household Travel surveyhis comparison found #ithe StreetLight Data starts per

vehicle metric were consistent with NHTS and CHTS resultsalbotit one start per déwgher

than the Verizon start/vehicéstimates.

Regading comparison to MOVES defaultSigure ES1 provides theverage starts per

vehicle and dwell (soak) timdmsed on StreetLight Data metrfos the three counties,

compared to MOVES defaults (expressed as a rahgere actual soakmes might fall within
i B.iThexcauntiagextabd sinblar trelddS, WiEh$he StreetLight

the soak ti me

Data metrics shoig about one start/day less than the MOVES defaults, but longer average soak

times.

weekda
0.6 y

-=~- MOVES, Passenger Car
-==- MOVES, Passenger Truck
StreetLight, Clark, NV
— StreetLight, Cook, IL
- StreetLight, Fulton, GA
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Figure ES-1. Average starts/\ehicle and dwell times for 3 counties vs. MOVES defaults

average dwell time (soak time) (minutes)

weekday

== MOVES, Passenger Car
== MOVES, Passenger Truck
StreetLight, Clark, NV
—— StreetLight, Cook, IL
—— StreetLight, Fulton, GA

hour of day

T
25

Replacing default start activity with StreetLight Data metrics in MOVES resulted in an
overall10-15 percenincreasen startrelated emissions for cars and light trucks shown in
ES-2, using @ok County, IL (Chicago) as an examplerom thisit was concluded thdhe

emissions impact of thacreased soak timespresented in the StreetLight Datatweighedhe

7
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impact ofthe lower number aftartgvehiclein this sample. While daily emission®re
consistently higher in all three counties with the StreetLight Data mdtaasly differences
varied, though large percent increases were generally the rule-fmeakthours.
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Figure ES-2. Change in Cook Countyweekday emissionsising StreetLight Data metrics

ERG analyzed theariability in StreetLight Datametricsvs. U.S. Censudataon human
population, vehicle population, and housing density, as well as Travel Demand(ViDtgl
trips origin estimatesall at the censusact level Thisassessment showed thia¢ StreetLght
Data correlated best wiffDM trips at the census tract leyesluggesting that telematics can be
useful for validating TDMs, and can provide trip metrics for areas not using TDMs.

ERG also used the traldvel datao assess spatial distribution of start activity. The
spatial distribution of StreetLight Data metrics was compared to human popwetiocie
population and TDM trips. Again, the spatial distribution of the telematics data agreed well with
TDM trips, but less so with human or vehicle population. This has important implications for
EPAG6s air quality mod-kelelivehigle stawtbmissidns tadabutyc at es ¢
grid cells using human population. Figure-BEShows a map of the quintileffidirence between
StreetLight Dataé6s trip index and human popul
read as the change in emissions intensity if the telematics data werestead of human
populationto allocate emissions. As showalativeto human population, these oftelematics
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data would shift start emissions to central Las Vegas which includes the airport, university and
the Las Vegas Strip.

ClarkCnty_Tract
S DifferencePlots
X ey [ E f
[ {
e _E

Figure ES-3. Difference in Spatial Distribution of Vehicle Starts for Telematics vs.
Population

The findings of this pilot £ounty study could be extended to broader areas, given the
scope of LBS data across the U.S. and abroad. Potential applications for national emissions and
air quality modeling could include: developing loéabel inputs for the NEI as was done for A
100 with vehicle speeds; updating air quality modeling surrogates using telematics in place of
human population; or updating temporal profiles of start activity (by month, day or hour) for
emissions and air quality modeajin These improvements could be applied by local, state and

regional modelers as well.
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1.0 I ntroducti on

The A-106project was developed by CRC to continue evaluaif@mergingdata
sources that can be used to imprewgssion inventoriewith MOVES2014afocusing on the
National Emissions InventoNEI), but with applicability to regional, state and local
inventories as well. Previous related projects have focused on assessiagplatd inputs for
the NEI (A-84); improvingthe selection oflefault inputs for the NEI (A88);?> andusing
telematics data to further improve vehicle speed and temporal VMT itaatare difficult to
obtain from traditional sourcexd the local level for the NE(A-100)2 The A-106project builds
on A-100 specificallyto assess telematics data for improving vehicle-stdated activity at the
local level. $art emissions are estimated frdf®VES2014arunsto contributeabout 80
percent otcar and light truck/OC exhausemissionsand about 4@ercent of CGandNOx
emissionsn 2017 As controls continue teeduceemissions from gasoline vehiclgenerated
during warmeelp operationthe share of total inventory contributed by start emissgons
projected tdncrease.Trip start activity, characterized in MOVES the number ofehicle
starts as wll as the time betwedrip end and subsequent tsfart 6oak time, which affects
emissions as well) has long been difficult to obtain on a local scale. The emergence of telematics
explored in detail as part of-200, povides a new opportunity for gatheriaghicle start
activity atthe individualcounty, or even sukcounty, level. The objective of AL06 is to assess
the use of telematics for improving local start activity inputs for MOVES at a pilot |d\es
assesmentincludes an evaluation amissions sensitivity and comparison to other data sources
used to estimate start activity atodallocate start emissions spatially and tempofaliair
guality modeling

For this project, ERGeamed witStreetLight [ata, Inc(www.streetlightdata.cojrto
provide data and direct support for achieving project objectigiseetLight Datacompilesdata
from mobile devices to support transportation planning and policy analysis. StreetLight mixes
and matches location datlerived from navigational GPS devices (currentlynfrmartner
INRIX) and LocationBased Servicegulling data from hundreds afplications operating on
smart phones (currently from partner CuebigRG is working with StreetLight Data to provide
trip-start activity data for medium and headyty trucks as part of an ongoing project sponsored
by the National Cooperative Highway Research Program (NCHRP), known as NCHRP 8

ERGapproachedhe projecin four separateéasks, presented aslividual sections in this
report Task 1lreviewedtelematics data sources with respect to their applicabilitgrimtucing
startrelated inputs for MOVESUnder Task 2, StreetLigptrovided preaggregatetelematics
data for three counties used ir1R0 pilot anasis (Cook County IL; Fulton County GA, Clark
County NV). The data were thesnalyzed andfurtheraggregatetty ERGto populateMOVES
startrelated inputs Under Task 3these StreetLightierivedMOVES inputswere compared to
MOVES defaults and sevenadependent sources @énsus, trind spatiatlata. Under Task 4,
ERG performedan emissions sensitivity analysis to quantify the impact the telematics data has

10
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on MOVES emissions relative to default valudis work included a sensitivity analysis to
assess the emission impactvairiability in start activity across one county.

20 Task 1: Review of Tel-Rarlaatied IfroputMOVI

Thissectond ocument s ERGOs r evi e which havahespotentreh t i ¢ s
to improve MOVES input dateelated to vehicle starts, such as starts per day, starts per vehicle,
temporal distribution of starts, and soak distribution. The purpose of this review is to discuss
pros and cons of different data sources for the MOVES user community. ERG has direct
experience with several telematics vendors through projects for EPA, CRC and NCHRP,
including providers of GR®Based data (tracking vehicle movements) and @BBed trip data
(loggingengine operation), which have fundamentally different characteristicsegipect to
guantifying vehicle starts.

While the remaining tasks for-A06 focused on three pilot counties, this review
considers broader applications such as NEI or SIP modeling. Our eval@a}iconsiders
whether data sources are robust enoughdwuige unique data at the county level across the
U.S.,(b) compars thespatial and temporal resolution of different datasets{@neviewswhat
vehicle classes are covered. The review also considers whether data can be obtained directly
from commercialvendors, or in aggregated forior each data source evaluated, we discuss the
suppl emental work required to translate a ven

2.1 Overview of Telematics Data Sources

We define two broad categories of telematics data fopuaingose of considering
MOVES startir el at ed acti vity. The first, which we t
sensore i t her affixed to vehicles (e.g., connecte
navigation unitge.g. Garnmm, TomTom) or molé phones. In total, this pool of data would
include data culled from connected vehicles, mobile phones, and lebased serviced.BS).
A benefit of GPS only data is that third party providers focused on marketimmationfor
transportation appations do the work of mapping the raw Géghals and parsingt into trip-
based metrics

The secondategory whi ch we term AEnfpomnediclelSPSO, comp
instrumented with portableggersshi ch gat her engi ne pContrelertet er s
Area Network (CAN) Bus On Board Diagnostic (OBD) port. These units typically include
GPS sensors, so GPS data can be provided along with engine parameters such as key on/key off
times, vehicle speed, engine speed and engine load. Becaesenthators are linked with
specific vehicles (unlike mobile phones), they also provide details on vehicle make, model year,
engine parameters, etc. However, most applicataihin this general category afecused on

11



CRC A106 Final Report

monitoring vehicle activity, e.g.river safety for isurance purposeand do not currently map or
process available GPS signwshesameextentas those which rely oBPSonly data.

The merits of both types of data setsdiseussed based dime experience of ERG with
specificcompanies TomTom, StreetLight Data, Verizon and VNomicg&his review does not
cover all firms and thus the breadth of telematics capability, but provides a general
representationfdelematics products available, and the tradeoffs betweerdBR&nd
EnginelGPS sourcesThrough previous work on CRC-A00 and with EPA, ERG has reached
out to INRIX, Waze and Progressive Insurance, who either declined participation or did not
reply. Our overall lesson from this is that, though a moumtditelematics data moexists not
all telematicccompanies are equipped or interestethaking theselataavailablefor custom
applicatiors such as emissiemodeling.

2.1.1 A G PR@nlyo Data

GPSdataareol | ected from GPS devices in fAconnec
systens), commercial trucks with GPS fleet management systems, and smart phones that have
navigational apps that utilize the GPS chiphie phone. Thesgatatrackmovement based on
GPShpings. LBS datasets are a separate data stream that tracks the lotatimart phones
via apps that provi de-i hibasdiscussedon SectonkB®BSh as user
significantly increasgethe amount of datdnat can be considered for characterizing trip activity
StreetLight estimates their LBS datreamcoveed about35 million usersas of the end of 2016,
with coverage continuing to increase since then.

GPSonly data are available from thihrty vendors who compile raw data and process
it for specific applications, such as navigation or transportation planninE RIE6 s ex per i en
these vendors are not able to sell raw GPS data, due to privacy and other restrictions, but are
amenable to providing (for a fee) custom aggregated statistics as needed by MOVES. Part of
the cost of the aggregated data is the custork veguired by the vendor to process raw data
into the desired MOVE®ased aggregate statistics. Once custom programming is in place,
however, in theory the price of data purchase will come down. A bémetite vendoof
undertaking the initial customvork is the prospect that other MOVES users will want to
purchase data aggregated in a similar way, for their specific modeling domain.

Example vendors of GR&ly data are TomTom and StreetLight Data. A discussion of
E R G éxperiencavith each with respct to MOVES inputs is below.

2.1.1.1 TomTom

GPS datarecollected by TomTom via their stasadone navigation units, the TomTom
smartphone application, aedternalGPS providers. Some users of TomTom units give
permission for TomTom to collect and storegsér per sonal (anonymous) dse
The dataarecollected while the GPS unit is on, either in map or navigation mode. As long as the

12
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device is turned on, it is gathering data. A
whendatarec ol | ect ed either over the cleilMe edtwoeaa&km :
data when the user connects to receive software or map updates.

T o mT o rata solledtion began in January 2008. The date been collected
continuously, and the datasacurrently has over 1 trillion data points. Since all U.S. drivers do
not use a TomTom GPS wunit o-4iseleeed piasescadld existenr s  wh
the data thaarecollected. Anecdotally, drivers that own GPS units are less likelggdhem
when they drive in familiar areas in comparison with unfamiliar areas. TomToraréata
obtained from units on all road types but at this time the data do not distinguish source types.
SinceTomTomdevicesare portablethey are not able to capéuvehicle information. TomTom
suspects that idatdigcollacted from thadsd obtheo devidedaecles
which are lightduty cars, trucks, and vans. TomTom dateobtained from all areas of North
America where vehiclewners/opeatorswith TomTom GPS units drive. There are some areas
where their data counts are low, butdidban areaomTom states that they have a large
guantity of data.

TomTom Cityis an online applicatiothatprocesses GPSignalsinto reattime traffic
dataand congestion metrics, availaloieline for multiple cities around the world (for example,
New YorkCity - see Figure 1).

NEw YORK Traffic Flow Traffic Incidents 16]5
»m ’(/"I ey
MY ¢« . % ”'"“‘ e AT offe TRAFFIC FLOW IN NEW YORK
o
i umRo(b J & uh«m” 26 Dec 2017, 1315

me. detailed view of traffic speeds on

\I jew Rochelle

&.9'44 Vnkm ‘ WJ
J

9398mi

19 1. WORBRHADET .

Figure 1. RealTime Traffic Map of New York City from TomTom City
(https://www.tombm.com/en_gb/traffimews/rew-york-city-traffic/traffic-flow)

In prior work, ERG hasused TomTom data to help updatesrage speed distributions for
MOVES. TomTom appears focused on using data to assess traffic congestion, rather than trip
metrics, and is not considered a promgssource for MOVES startlatedinputs This is a

13
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general issue with telematics data focused on routing and traffic congestion pathersta
may not retain trip elements necessary to feed MOVES start inputs.

2.1.1.2 StreetLight Data

StreetLight Dataompilesvarious types of data derived from mobile devices to create
analytics that support transportation planning and policy analysis. StreetLight mixes and
matches locationata derived from navigational GPS devices (currently from partner INRIX)
andLBS (currently from partner Cidp. StreetLightcompiles data from billions of trips created
from archival, anonymous, trace data from millions of GPS devices. The devices slade
phone applications, {dashboard car navigation systems and commercial fleet management
systems. The data have a spatial precision of approximately 5 meters, a high frequency sampling
rate, and the ability to separate commercial and persehalles StreetLight is also able to
provide data for passenger vehicles, medium truck and heavy truck streams.

While some of the data sources are similar between StreetLight and TomTom,
StreetLight uses the GPS data in part to process vehicles trip ni@tiic in transportation
planning, as well as roadway o peomadnly on. For
employed to developrigin/destination matrices used in traffic planning. This emphasis on trips
is a good fit for the objectives of-2A06.

StreetLight provides tripesults as normalizedtrip index". The trip index values do not
represenaibsolutenumber of trips or vehicles. Rather, the values representltitere amount of
trips, and are weighted based on the density of reportingekeyelative to human population
Trip index values are comparable within vehicle fyged across spatial and temporal categories.
For U.S. Projects, therip indexvalue is normalized by adjting the number of trips in
St r e e tdata sahple ddse actual number of trips in a region around Sacramento CA, as
derived from the measurements published by the California Depardii€ransportation;
Sacramento is used because it$@seral wellmaintained loop counters there, aitu#s not have
extrame seasonal variatian traffic.

An example of the normalization process is as folloivg May 2017there werel00
StreetLight trips ah normalization locationwhile aphysicaltraffic sensor detectedO trips
the May 2017StreetLight tipswould be norralized (scaled up) byfactor of 10. If in June
2017there were00 StreetLight trips a normalization locationwhile the physical sensor
detectedLOOO trips occurred, June tripould be normalized by factor of 5. Thus, the
normalization factormoaths out variation caused by the StreetLiggmnple size increasing or
decreasing to allow for compsons over time
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The normalization to trip indeallows StreetLighto capture monthly and seasonal
variation more accurately, even as treample grws. The implication for MOVESbhased
analysis is that StreetLight is not a source of total trip starts, but rather relative measures such as
starts/vehicles, and distributional inputs such as soak time, temporal distributions, and spatial
distribution.

Becaise A106 focused only on 3 counti€st r e e t L i apdlysisorovadédiné s
levels of detaibothspatially (census tract level) and temporally (by hour, day type and month).
However, based on their work underlQ0, StreetLight has the capabilitydover the entire
continental U.S. The data are also readily geofenced, making spatial analysis an intuitive and
direct use of the data.

2.1.1.3 GPSOnly Data Summary(sing StreetLightas an examplg

Temporal resolution: Datasets are not based on a fixedtftdevehicles; mobile phones are not
associated with individual vehicles, and even connected vehicles withvivaclGPS enter and
leave the data pool. However, the sample size is large enough to provide data for each month,
day and hour. For StreetLightip dataarenormalized to account for ftuating sample size, to
allow comparison across time,

Data available: Raw trip data or specific locations are not available, due to privacy concerns.
Aggregated data ka been provided for average speed1@0), VMT distribution by
month/day/hour (AL00), starts/vehicle by daytype/hour (NCHRR@Land CRC A106), and
soak time distribution by daype/hour (NCHRP &01and A-106).

Vehicle classes coveregiassenger vehicles (including cars and light tryakediumduty
trucks (14k26K), heavyduty trucks (>26K).

Sample rate: There are low resolution (0.0033 Hz, or 1 ping every 180 secondsand high
resolution (1 Hz) samples for Passenger vehicles. MD and HD trucks sample ati 0000®56
Hz (1 pirg every 13 minutes).

Sample size> 1,000,000
Vehicle information: Vehicle category only

GeofencingBecause GPS is the ficurrencyo of this da
specific boundaries from which to cull data) is a natural byptodUicisis evaluated thoroughly
in Task 2, since StreetLigltas able to produdeip metrics at the census tract level.
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2.1.2 Engine/GPSData
2.1.2.1 Verizon

Verizon Telematics contracts with one or more vehicle insurance companies to provide
telematics datéor evaluatingdriver behavior as a way to determine risk. Driweh® subscrile
to the datalogging program receive small , pal
OBD diagnostic port and | osgeard fartaperiddrdfeveralt he v eh
months. Tlesedataareprovided to the insurance company, but @sglogged by Verizon
Telematics, scrubbed of persoidbrmation and marketed for use driver and vehicle
research.

Supported by ERG, EPA has worked with Verizon to purchaseahabout 47,000
vehiclesregisteredn five states. The dataein raw form, and include only engine data, no
GPS. ERG and EPA have analyzed trip metrics from the data including starts per day, soak
distributions and miles per dafFigure 2provides an example of the starts per day per vehicle
information calculated using this data sourcé@/hile the data can provide precise estimates of
these metrics, the only spatial feataxailableis where the vehicle is registered. Thus, there is
no preciseway to determingvhere vehicle activityakesplace; and, even if isolated to a specific
area, the data cannot accountorthroughaspbcdic act i vi t
locale EPAG6s analysis of Ver thedate ledehdbasedataus f ar
cannot be used to pinpoint individual tripseaenthe county and certainly sutounty level.
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Figure 2. Starts/Vehicle/Day derived from Verizon Telematics Data for 5 States (LDV

Weekdays)
SourceBrzezinski et. alUsing \éhicle Telematics for MOVES Activity Input
Presentation atnternational Emission Inventory Conferenéeigust2017

Through previous worlERG alsoidentified thatt h $nagshaidataloggeprogram
used byProgressive insurandgto that of Verizon. Rigressive sells certain data summary and
analysis reports from thigrogram but they do not sell raw data for their clients to analyze.
ERG6s contact at Progressive indicated that
their Snapshot prograto ERG in support of this work.

2.1.2.2 VNomics (Heavy Duty Trucks)

VNomics (vww.vnomicscorp.comis a firm focused on helping headyty truck fleets
reduce fuel consumption. Using engine data loggers with GPS that connect through the
electronic control modul@CAN bus), information is gathered on latitude/longitude and engine
parameters 1Hz level for truck speed, throttle position, fuel rate, RPM and torque. Basic vehicle
information is also available. The data are routed to central servers that allowofkedsyze
fuel consumption and contributing factors to fuel wastage, including specific driver actions. The
system includes redime driver coaching to optimize fuel economy via truck speed, shifting
patterns and reduced idling.

Raw data on individddrucks are available for purchase from Vnhomics. Limitations of
the data for assessing geographic locations are similar to Véribendata are truekentric

17



CRC A106 Final Report

rather than locatiogentric. Like the Verizon datdhe data can provide precise estimatkey

on and keyoff times, and GPS data can be worked with in GIS or mapping applications to
determine location. Because these are mostly-hang trucks, however, a disadvantage for
spatial analysis with these datasslating trip activity to spedi€ geographic areasThe data are
ideal for determining start activity for a speciong-haul truckfleet, butsinceMOVES in
concerned with start activity in a specific area, there is no guarantee that trucks with available
data are traveling in thatea.

2.1.2.3 Engine/GPS Data SummaryJsing Verizonas an examplg

Temporal resolution: 1-2Hz over period of logging (for example, EPA Verizon data purchased
over 12 months)

Data available:

A unique vehicle IDscrubbed of vehicle ownership information

Make, malel, year, engine size, # of engine cylinders

Model year of engine, if available

VIN stem (8 digits)

Vehicleds Gross Vehicle Weight (may be fr
Vehiclebs stored zip code and County
Fuel calculation method

Trip start, end time and date

Miles driven per trip

Average MPG per trip

Average and Maximum speed binned in 5 MPH bins.

Battery voltage, RPM engine load and coolant temperature every 40 minutes
Check engine light status, if applicable

DTC code, if applicable

The dataare availablen a csv formatone file for each State

=4 =4 4 -4 -5 8 -5 9 -5 -9 -5 -9 -9 -9 9

Vehicle classes coverediPasonalUse&d dat a covers LDV and LDT thr
2b) . i Cdsebmalradiaalcover s MD an8dVNdmicdowersldik fr om C
long-haul trucks (Class 8).

Sample rate:speed datgenerally 2 Hz, other parameters less frequat@pends on the
variable, and vehicle manufacturer.

Sample sizeVerizon has about 200,000 active vehicles nationwide.
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Vehicle information: Make, model, trimline, model year, engine displacement, nuofber
cylinders

Geofencing:There is no location data available for individual trips, only for where a given
vehicle is registered. For this reason, it is not possible to assign individual trips (e.g. starts) to
specific locations, egeially at subcounty evels. his is a fundamental differené®m the
GPSonly data sources.

2.2 Applicability to MOVES Activity Inputs

A compariso of the two approaches for reent MOVES start inputs is shovium Table 1
below. On balance, GP&hly has the advantage for dning related to spatial anaig of
activity data. Engine/GPsas the advantage for activitgked to vehicle attributes such as
model or ageand for more precise estimate of key on/off. However, lack of spatial attributes
limits application of thesdata to larger geographic areas (nation, ruli¢tte region)

Table 1 Applicability of TelematicsData Types to MOVES Start Inputs

MOVES Input GPS-Only Engine/GPS
Starts per vehicle 1 Trips are implied 1 Key on/off provides
1 Can geofence by more exact accounting
region, county, of trips

subcounty (e.g. gridd | Cannot geofence
Temporal distribution of | Yes, though indexed | Yes, samplsizemore
starts (month/day/hour) over fluctuating sample stabletemporally, as it
is based on physical
instrumentation of
individual vehicles

Soak distribution 1 Yes. Cannot 1 Yes. Soaks <15
distinguish < 15 minute minutes and multiple
soaks. day soaks

1 Multiple day soaks 1 No geofencing
limited, or not possible

1 Geofencing

Spatial distribution 1 Yes 1 No
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Table 1 Applicability of TelematicsData Types to MOVES Start Inputs

MOVES Input GPS-Only Engine/GPS
Start activity by vehicle | No 1 Yes
attributes such agehicle

mode| age

2.3 Summary of Telematics Assessment

Telematics data sources present the possibilisystép change ithe quantity olvehicle
activity data thatan be used tfeed emission models such as MOVES. With telersatie
prospect of basing estimates on data from millions of vehicles is now a reality. Our review of
telematics focuskon two types of data: GPS data that track movement only, and engine data
loggers that collect activity and engine parameters for icdally logged vehicles. Both
sources have pros and cons with respettids use in developingylOVES start activityinputs
The main beneftof GR8nl y data i s sampl e-feinze0,and et hd oa
trip activity within a specific gographic region, regardless of whether a vehicle is from within
the area, or travelling from another area. The benefit of an engine logger data is a precise
measure of kepn and keyoff, which can only be inferred from GPS data based on movement.
However, itmay be difficult to use engine logger data to characterize activity within a specific
area, since data ali@ked to individual vehiclesnot locations. Section 4.1 includes a direct
comparisorbetweertrip metricsderived from StreetLightand Verizon
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30 Task 2: Generation of Pil ot Dat aset

Under Task 2, StreetLight Dapaocessed trip metrics at the census tract level for the three
pilot counties. ERG then processed the data into MOVES inputs, and compared to MOVES
default trip activity. This section apdr ovi des
thestgsrequiredtgp r o c e s s SdelivaeryeirttocourgyieveBVOVES inpus.

3.1 TelematicsData Sources & Compilation (StreetLightInSight® Technology)

3.1.1 Overview

This section presentscomprehensivelescriptionofSt r eet Li ght Dat aés | o
sources ad algorithmic processing methodologg ofFall 2017. StreetLight Data uses
multiple data sources to developetrics, believing that aombination of navigatio®PS data
andLocationBased Services datsbest suited to meet the needs of tpamtation planners,
modelers, and engineers. In the p&steetLight hasncorporated and evaluated several different
types of mobile data supply, including cellular tower data andeadork derived data. The data
supply landscape changes quickly as reotachnologies emerge and evolve, so new data
providersare evaluated on an @oing basis t@nsure the best available data souares
available foranalytics.

As of December 2016, S tocessaahalyticgfdr hearly35d at a r e
million users The data supply grows each mtio as StreetLight Data providetsliver new data
sets. StreetLight Data currently uses one major navig&R8 data supplier, INRIX, and one
LocationBased Sevices (LBS) data supplier, Cueb StreetLightisusingte se partner so
for Metrics in the US and Canadeable2 summarizes key details for the major location data
technologies on the market.

Table 2 Overview of thetelematicssupply options for transportation analytics.

Type Description Pros Cons Notes

Very poor spatial

. precision (averageof |We havenéd
Derived from

_ several hundred the US cellular
Celliar | CEIUATiower | LAIGe SAMDIe 26 | meters) infrequent | incustey making
Tower g OtOOrmI sp?atri]a? ui-9 ﬁo::]t:/\tsolrrl](er pings for some investments to
precision) suppliers, high cost, improve these
customersopt-out, weaknesses.

candot diff e
personal from
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Table 2 Overview of thetelematicssupply options for transportation analytics.

network

use same suppliers.

Type Description Pros Cons Notes
commercial or
bike/ped. Expanding to
new countries requires
new suppliers.
Excellent spatial
From connected precision, frequent
. . Usually lower sample .
cars, trucks, smart | pings enabling speed | _. e 1 Active mode
. ) . size, difficulties .
Navigation- | phones with and mode inference, | . . inference only
Lo inferring home/work .
GPS navigation apps (3 | separate personal . . possible from
. . depending on supplier
5m spatial from commercial, opt : smart phones.
.y . . practices.
precision) in. New countries may
use same suppliers
Very good spatial
Mix of navigation preuspn ability to Severe_ll plgyer_s are
infer trip purpose and emerging in this
. GPS, aGPS, and . . . .
Location D trip chains superior to new market with
sensor proximity . .
Based all other options, high . . . very large sample
. data from apps hat . Suppliers still ramping | . .
Services N sample size and sizes, opening up
. Obackgrourm . . up
Derived . growing (one provider the possibility of a
locational data
Data . has 10% of US healthy,
collection (525m . . -
. . population), optin. competitive supply
Spatial precision) .
New countries may base
use same suppliers.
When user sees an | Large sample size of . .
Adnetwork | ad on their phone, individuals, but very Few p|.ngs permonth | This source ShQUId
. . o ) mean inference of not be used until
Derived their location is few pings per month. travel patterns is not significant
Data recorded by ad New countries may P g

feasible

changes are made.

Because of the pros and cons noted above, only LBS data was used for thelbB@iject.

Cuebiq provides pieces of software (called an SDK) to makers of mobile apps to facilitate

Location Based Services (LBS).hus, we refer to this type of t
apps include: couponing, dating, weather, tourism, productivity, weather, finding a
restaurant/ bank/ gas station near you, and man

the physicalvorld as part of their value. The apps collect anonymous userdosatihen they

are operatingn the foreground. They also collect anonymous user locations when operating in
the background, whenever the device begins moving. LBS software collects tthalsi ki

proximity, aGPS and a few other technologies, which means the majority of data has better than
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50-meter spatial precisiorkigure 3 provides a visual example of unprocessed LBS data
captured over one month in a set location, along with GPS datahownn this examplethe
LBS data points providermore robustange of spatial datalhis filtered visualization shows a
subset of data points to improve visibility.

Location-Based Services Data Location

Circle radii vary: they accurately reflect the

spatial precision of each unique data point
igation-GPS Data L

Circle enlarged for visibility . " . 5 08 _‘ B o 3 = :A: “‘- / °
Figure 3. Visualization of unprocessed LBS and GPS data captured in one mitnnear a
mall in Fremont CA.

3.1.2 Data Processing Methodology

This section provides an overview®ft r e e t RouteGdiend®engine and the
fundamental methodology that StreetLight usmegeneraté&treetLight InSighMetrics. Steps 1
7 are in common faall StreetLight Metrics. Steps 8 and 9 have been enhanced to give more
specific methodology for th&-106 project.

3.1.2.1 Step 1i ETL (Extract Transform and Load)

StreetlLight pulls data in bulk batches fro
(daily, weekly or monthly, depending on the supplier). This data is alreadyetified by
suppliers in advance, before it is pulled by StreetLight. The ETL process pulls the data from one
environment securely to anothetiminates corrupted or spurious points, gaaiizes data and
indexes it for faster retrieval and more efficient storage.

3.1.2.2 Step 2 Data Cleaning and Quality Assurance

After each batch data ETL, StreetLight runs several automated quality assurartoe tests
establish key parameters of the data. Fompta, StreetLight check#hat the volume has not
changed unexpectedly, that the dataproperly geolocated, and that it shares similar patterns to
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the previous month, etc. In addition, StreetLight staff visually and manually reviews key
statistics aboutach data set. If anomalies or flaws are detected, they are reviewed by StreetLight
in more detailed manner, and then escalated t

3.1.2.3 Step 3i Create Trips/Activities

For any type of data supply, the next stefpigroup the data into key patterns. For
example, for navigatio’sPS data, a series data points whose first tirm@amp is early in the
morning, travel at reasonable speeds for 23 minutes, then stand still for several minutes could be
grouped intoaprabb|l e Atri p. 0 For LBS data, a series o0f
hours, followed by a gap and then a series of pings at another location, could be grouped into two
probabl e fAactivities. o

3.1.2.4 Step 4 Contextualize

Next, StreetLight integratesothe icont extual 6 data to add ri
of the mobile dataThere areseveral types of contextual data including road netwepeed
limits and directionality, land use data, parcel data, and census data, in addition to other data sets.

For exampl e, a Atripo from a navigational
vehicle turns a corner but is only pinging ev
when all the devicesd pi ngsStreetLight dilzesmadct ed t o
network information including speed | imits, d

network, so that the true complete route of the vehicle is represented, even though discrepancies
in ping frequency etc. may occurigure 4illustrates this point.
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Figure4d.fiUnl ockedo Trips becoming | ocked

As another example, if a device has several activitiesoemsudlock with lots of residential

l and use, and that acti vi t yobabifitytenthatddeveclersd over
owner lives on that census block or censlask group. Then, the censuiseasured distribution

of income for residents of thaensu® | ock can be appended to that
that distribution everywhere elsagibes.

3.1.2.5 Step 5 More Quality Assurance

After patterns and context &RowweSmeaceabl i shed
performs automatic additional quality assurance to flag patterns that appear suspicious or
unusual. For example, if a trip appearstaytsat 50 miles per hour in the middle of a ftame
hi ghway, that start is fl aggeddektedfrénbrand. 06 FI ag
databases, but are filtered out of m8stetLight InSighMetrics.

3.1.2.6 Step 6/ Normalize

Next, the data imsormalized along several different parameters. As all data suppliers
change their sample size regularly (usually increasing it), monthly normalization occurs.
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