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EXECUTIVE SUMMARY

Transportation planning and modeling are importanttif@r future enhancement ofegioral
mobility, sustainability, and livability. All planning decisions dbased onregioral traffic
modeling results. In order ttontrol the accuracy of traffic modeling, regional traffic volume data

is required to calibrate and validate the regional modeling effRetgional traffic volume data
could bemanuallycollected from sample locations every year. This traditional ddtaction
method can only provide sample datam limited timeperiods and the data collection process is
time-consuning and costly. The greatest disadvantage of this traditional data collection method is
labor costs.

Currently, member jurisdictions irhie PAG region utilie a variety of traffic sensors at signalized
intersectionsData collection withthese smart sensors is ceffective however, these various

collection methods and collection periods often result in inconsistent results from jiorsthct

jurisdiction and from intersectioio intersection. To efficiently apply these traffic sensor data to
PAGG6s traffic count program and transportatio
comparative analysis approach to integrate regime traffic data and improve the efficiency of

regional traffic volume data collection.

In the PAG region, multiple types of smart sensors are currently installed and used: A®oscope
sensors by Ecatite®, Iteris® sensors,inductiveloop detectors, Miovisi®® sensors, and
Wavetronix sensors. The sensor inventory erastedo summarize information of all available
sensors usebly the City of Tucsonthe Town of Oro Valleythe Town of Marana, Pima County
Department of Transportation, Arizona Departmentrah$portation, anthe Town of Sahuarita.

After this, a simple vendor interview was conducted by email or phone with-bdsed sensor
vendors regarding the data collection method, traffic parameters collection, and data storage.
Samplevideo-based volume data was collected from existing sensors for data quality evaluation
using grouneruth data.

A limited number of signalized intersections hawalata collection module configured for
automatic volume data collection. Most signalizeérisgctions in the PAG region cannot provide
traffic volume data due to a lack of a traffic data collection modiventbased data, which is an
existing data source generated by the default traffic detection module, is explored and utilized to
estimate vlume dataat these intersections without the data collection madtike proposed
Multi-Layer Perceptron Neural Network (MLP) model was calibrated and evaluated using-ground
truth volume data provided by PAG.

These estimated TMC data and videsed TMC dia were further integrated for segment volume
estimation, which isnorecostefficientthan installingmid-block sens@. The proposed segment
volume estimation method was evaluated using grdrutd segment volume provided by PAG.
In addition to trafficvolume datathe coverage and accuraof someemerging crowdsourced

12



data,such as the data provided BYRIX, HERE, and Streéight Data were explored and
analyzed.

In order toensurethe quality of theestimatedvolume data, a QA/QC procedure was depetb

and acceptance criteria were decided based on literature review and sample data evaluation. Then,
more grounetruth volume data was collected by PAd&furtherevalwate the estimated TMC and
video-based volume. By using smart sensors and thecabklrated estimation model, one year

of regional TMC and segment volume data was collected and estimated.

The following conclusions can be drawn from this project:

1 About 588 signalized intersections in the PAG region have smart sensors configured as of
Novembe 2020. Most of the existing traffic sensors are vil@sed sensors. Most sensors
only have the traffic detection module configured for signal control, which can generate
eventbased data. A limited number of sensors have the traffic data collectionariodul
traffic volume data collection.

1 Traffic volume data collected by Autoscope sensors have higher accuracy than Miovision
sensorslikely because an Autoscope sensor is installed for one approach rather than a
whole intersection. The detectors clos¢ht® stop bar in Autoscope sensors provide more
accurate volume data th#ime advance detectors.

1 A multi-output MLRbased model with three layers was develojeelstimae through,
left-turn, and right turn volunsausing selected variables. The evaluatiesuits shovhat
the average %RMSE of through, kdirn, and righturn movemenis around 30%, 45%,
and 60%, respectively.

1 By integrating estimated TMC and TMC collected by Miovisgensors, the segment
volume was estimated using the proposed method. Vdaaton results show that most
locations have a MAPBEelow20%, indicating the accuracy of the proposed method.

1 INRIX data and HEIE data are available on most major roadsdo rot cover most minor
side streetsNRIX data and HERE data have the same accuracyaWAPE of 26%.

Both data sources overestimate actual traffic speed during most periods.

1 The results of including INRIX speed datathe TMC estimatiorand segment voluen
estimation modek show that INRIX speed does not significantly improve model
performance.

Based onthe conclusionsaabove we recommendthe followingto PAG regarding the use of
multiple data sources and future work:

1 Most of the newest generation of vidébasedsensors have been configured watdata
collection module and provide the remote data collection optionan@Pl, so the 24/7
traffic volume data is available and accessible. But more sample data are required
evaluatehe videebasedlata because the data accuraayies bylocation.
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1 The detectors iroutdated videdoasedsensors thatra nearthe stop bar yield higher
accuracy. However, the data collected by outdated sehavedow accessibility,as it
requiresengireers to gmut to thefield to downloadt.

1 The proposed MLP model was calibrated usialymefrom peak housin this project. In
the futureyolume fromoff-peak hous could be collected for model calibration to increase
the generalization of the propmbmodel. The videbased sensors are sensitive to vehicle
headlightsat night and cau® a high errorrate for theeventbased data. Therefore, the
proposed modet not recommendett estimate traffic volumat night

1 Inthis project, evenbased data hahown its advantage of availability and large coverage.
In addition to TMC data, other traffic performanceasurest signalized intersections
(such as delay and levef-service) are important for regional Transportation Systems
Management and Operat®rfTSMO). More studes areneeded to further explore the
potential use of eventbased datato develop coseffective regional TSM@elated
performance measures.
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CHAPTER 1: INTRODUCTION

Pima Associabn of Governments (PAGis thedesignated Metropolitan Planning Organization
(MPO) for theEasterrPima County region, and as such is mandated to create, maintain and expand
as necessary a regional transportation mddellecting traffic volume dataincludng turning
movement counts (TMCat intersectiongand road segment voluse the PAG region is an
essentialdata collection task fomost traffic studies such asansportation planning and
transportation model calibrati.

Member jurisdictions in the PAG region utdia variety of traffic sensors to collect traffic
data. These various collectiorethod and collection periods often result in inconsistent result
from jurisdictionto jurisdiction and from intersection to intersection. The goal of this project is to
develop a comparative analysis approach to integrate ragdn traffic data and provide
guidelines to manage and maintain regional traffic datmfor ove PAGG6s traffic
and to calibrate and validatiee ongoing regional modeling efforts.

1.1 BACKGROUND

Existing methods of traffic data collectionn the PAGregionare essentially limited tonanual
counts by recruiting volunteers or outsangcthe data collection task to compaswith traffic
data collection serviceThese methodmay benot feasiblefor regionwide traffic volume data
collectiondue to its labor costs.hErefore the development adireawide traffic data collection
using smart sensobhss been spurretly the potential tgawe time andcost

PAGO6s member jurisdictions are currently
sensors. These traffic sensors are manbhgsdk agencies, includintpe City of TucsonthePima
County Department of Transportation (PCDOT), the Arizona Department of Transportation
(ADQT), and the Towns of Oro Valley, Marana, and Sahuarha.traffic datacollected bythese
existingsmart sensors can be a good sowfoegionwide traffic volume data. However, these
various traffic data collection methods and collection periods oétsult in inconsistent results
from jurisdictionto jurisdiction and from intersection to intersection. To efficiently apply these
traffic sensor data teupportP AG6 s tr af fi ¢ cnultipietdatapsouccesrcalleoted t h e s
from various traffic sensemeed to bdirst evaluated and integrated.

The traffic sensorsurrently installedn the PAG region includmductiveloop detectors,
videobased sensors, and rad@sed traffic sensorémong these sensors, vidbased sensors
are the majorityin the PAG regionMost of these existing sensors anstalled at signalized
intersections irthe Tucson Metropolitan Area anghder the control of the MaxVie®vsystem.
The MaxViewd systemis a type of Advanced Traffic Management System (ATMS) by Intelight
Inc. Theseexisting traffic sensors in MaxVie& have been correctly configured withe traffic
detection module which gsedfor traffic detection and signal timing management but without a
traffic volume data collection module. However, these traffic detection and signal twengs
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from MaxView© are available and called traffic signal controller evested datghereafter
calledfieventbased datd. Everi-based data are higksolution consisting ofa series of events
with timestampsandareusedto estimatdraffic volume in this projedbecause of its accessibility
and informativenes§ome signatedintersections in the PAG region haeonolite Autoscope®
sensors, Miovision sensom, lteris sensorwith thetraffic data collection module configuredd
candirectly collect traffic volume data. Additionally, several advanced crowdsourced traféic da
sourcessuch as INRIX, HERE, and StreetLight Datee available in the PAG region.

This project will investigate and develop approaches to integrate the available regional
traffic data within the PAG region to understand the data availability arldyqU#de integrated
traffic data and developed methodology guidelines will be efficiently applied to transportation
planning and modeling and other regional traffic studies.

1.2PROJECT OUTLINE

The goal of this project is to develop a comparative analysioagip to integrate regiewide
fic data and provide
traffic count program and to calibrate and validate ongoing regional modeling efforts. This project
was conducteds ten tasks two phasessashown inFigure 1-1. Phase 1 focuskeon multiple

source sample data evaluation and development of integration methodology and acceptance
criteria based on the evaluation results. Phase 2 aimed to apply the integration methodology to the
PAG region and obtain regional traffic volume data for one year.

traf

gui del ines

t o

manage

The final report is organized based on the project outline. Each task in Phase 1 is a separate
chapter in the final report. Regional application of traffic data integration in Phase 2 israadma
in Chapters 8 and 9.

ID| Phase

Task Name

2020

2021

Jan

Feb

Mar

Apr

May|

Jun

Jul

Aug

Sep)

Oct

N0v| Dec|

Jan

Feb| Mar

Apr

May|

1| Phase 1

Task 1: Kickff Meeting

Task 2: Literature Review

Task 3: Data Evaluation and Sampling Methodology Development

Task 4: Sample VideBased Volume Data Collection and Analysis

Task 5: Sample Traffic Signal Controller Ebaesed Data Collection and Analysis

Task 6: Crowdsourced Data Exploration

Task 7: Development of Integration Method and Acceptance Criteria and Valid

ation

8 | Phase 2

Task 8: Largscale Traffic Data Collection and Analysis

Task 9: Largscale Data Integration and Analysis

Task 10: Documentation

Figurel-1 Project tasks
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CHAPTER 2: LITERATURE REVIEW

This section summansthe previousstudiesegardingecentapplications oflata sourcethat are
used in this projecand alscsummariestraffic volume estimatiomethodsby integratingthese
multi-source traffic dataThe various data sourcésat areavailable in the PAG region include
eventbased data and crowdsourced data.

2.1 VARIOUS DATA SOURCE APPLICATIONS
2.1.1 Event-based data

Traffic signalcontroller eentbased dat#s a high-resolutiondata sourcéecause itonsists of a
log of discrete events such as changes in detector and signal phase statdsrig.leahe past
decale, evenbased dathasbeenwidely usedin severalareassuch as fotraffic performance
measuregAn et al., 2018Liu et al., 2009Wu et al., 201} signal control optimizatiofDay &
Bullock, 201% Hu & Liu, 2013, andtraffic volume estimatiorfLi & Wu, 2021; Li et al., 2019.
(Wu & Liu, 2014 condu¢ed an overviewof current resarch on the application @ventbased
data and practices in traffic modeling and cordrad demonstrated the value of evbaseddata
Additionally, eventbased data collection isorecosteffectivethanother data collectiomethod
becausedt can be directly collected from existing controller calsngithout any changeto
infrastructure. Thus, evettased data is an important data source in this project.

2.1.2 Crowdsourced data

The useof GPS devices andpps running omobile phone generate anincreasing amount of
unofficial or crowdsourced georeferenced datthas gainedignificantattention in the field of
transportationCrowdsourced data has the advantage of lenaamerage anbbwer cosicompared
with official traffic data from smarsensorsMany private data vendors have collected and sold
these crowdsourced data, such as INRIX, HERIE StreeLight.

Many U.S. statedepartmerd of transportation collaborate with universities and
commercial data vendors to study innovative mobitiggformance measures usitigesedata
sources. Texas A&M University develogd the Twin Cities Metropolitan area mobility
performance measures using INRIX d@farner & Qu, 201R The operational performance of
|l ndi anads st at easshssegytPuréug Unsvgrsitysiagn vasietysof metrics based
on reaitime speeds from INRIXDay et al., 201} In addition, cowdsourced data can kédely
used toevalwete the performace of adaptive traffic control systesuch aghe In|Sync adaptive
signal control systemm(Hu et al., 201p and SURTRAC systen(Khattak et al., 2019
Crowdsourced data caisoprovide disaggregated speed data to improve freeway segment crash
prediction model¢Dutta & Fontaine, 201)%nd predict secondary incident oo&mncesPark &
Haghani, 201% This crowdsourced data could be used to further estimate other traffic
performances. For exampl&an et al., 201¢utilized INRIX GPS trajectory data and HERE road

17



network data to estimate the vehicle miles traveled in Marylgd. k u g a e) focused on , 201E¢

estimating hourly traffic in the Maryland highway netwaising probe data from INRDbutfew
research articles focus arsing crowdsourced data to estimate arteriafitrafolume inurban
area.

Crowdsourced data Bdeen widely used in transportation studiesauset can directly
providespeedtravel time, and other performancasrossthewhole network without the need for
deploying any costly local sensorwever some studies show that INRIX speed data have speed
bias (Kim & Coifman, 2014 and latencyAdu-Gyamfi et al., 20177Sharma etla 2017. The
INRIX speeddata quality variedacrossdifferent cities and different tygeof roads due to
differences in the samplenumbes of probe vehicle as well asaffected bya different version of
the estimation methasl Therefore,crowdsouced data quality needs to be consideesul
evaluatedeforeit is appliedto solve realworld traffic problens.

2.2 TRAFFIC VOLUME ESTIMATION
2.2.1 Turning Movement Counts Estimation

The traditionamethod to collecturning movement count3C) is manudly counting atsample
study intersection However, the manual count method is tiommsumingmaking itinfeasible

for regionwide TMC collection24/7. In the last decade, intelligent transportation technologies
have become popular for data collectiohe3$e sensors aceirrentlycostly to be installed on a
large scale and requio®stand labor to maintaithe systemDue to the above limitations, some
locations have nobeenequipped withintelligent sensors for TMC data collection. Therefore,
some studiebBaveexploredexisting data sourcder TMC estimation

Recently, GPS devices have become availabtepopularand reatime vehicle locations
from navigation and riddailing software can be coliteed in a regin. However, only a limited
amountof vehicle location information is available for reéahe collection.Some studies applied
probability theoryorshoecwave t heory to estimate TMC using
information at sigalized intersectiongZheng & Liu, 201 modeled vehicle arrival as a time
dependenPoisson process during a signal cycle. Basethemnformation of signal time and
locations of vehicles with onboard GPS devices, the average arrival rate during one period was
then estimated usintpe pectatioamaximizationalgorithm The estimated average arrival rate
is deemed as th€MC at an intersection. In their further stu@¥hao et al., 201} historical
stopping positions of vehicles with GPS devices are used to estimate the penetration rate of
vehicles with GPS devices during a cycle using probability theory. The estipgtetration rate
can be used to project the traffic volume for a movement at a signalized intersection. It is worth
noting that this proposed method cannot be used to estimate traffic volunieefoght-turn
movement and shared lanes. The existing @&&based methodf®or TMC estimationrequire
both enough historical trajectory counts and trajectory detdflscausesome signalized
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intersections hasfew or even zero vehicles with onboard GPS deyités difficult to estimate
TMC at intersections ithout enough GPS information

Another existing largescale data source is signal controller ewdatsed data. Signal
controller evenbased data is collected from signal controllers and default sensors for signal
control.Eventbased data is available fmomost existing signal controllerand has been used for
volume estimationVehicle arrivalis modeledas a stochastic processing the detection events
Based on the relationship between signal status and detection duration, a dynamidvididden
Model was proposed to estimate cybksed traffic volumeas shown by a study (i et al.

2019. However, this prposed method can only be ugedstimae through movement volunse
on major roadsonfigured with advance detectors

2.2.2 Mid -block Volume Estimation

In addition tocollectingTMC data collection arterial segmerblumeon mid-blockis important
for transporation operations and urban applicatidRead segmenta most citiesare not equipped
with sensors for data collecti@ue tothe highcost One conventional methdd estimatemid-
block volumeis to use thenput-output methodoy relying on the volume é&m upstream and
downstream intersection sensors. One of the major limitations when using theutyputtmethod

is that the upstream or downstream intersection mapaggsensors installed, as mentioned in
the above section.

Similar to TMC estimatiorwith GPS data, some studies alsed GPS data to estimate
segmentvolume. (Zhan et al., 2017 merged the machine learning method and traditional
fundamental diagrams (FD) of traffic flow theory to estimate kmgmevolume using a large
amountof GPS data, point of interest data, weather, and road network information. FhasED
approach relies on the relationship between traffic volume, density, and speed to pleeform
estimationandrequiresa large amount ofdaa to calibrate. Therefore, the Hiased method is
suitable for highways and major arterials maytend to perform poorly on minor roads or small
streets due tthelimited GPS sample on minor roadsiother study conductedlf¢ e k u g a et
2018 focused on estimating hourly traffic volumes using probe.datés studyexamined
applications ofan artificialneural networlANN) method to estimate hourly segment volume in
the Maryland highway network. In addition to probe vehicle data (e.g., vehicle probe speed and
vehicle probe volumes), the infrastructure data, weather aladatemporal data are also used
construct theANN model. Other studies have appliedther data source® estimate theoad
segmenvolume for example(Caceres et al., 20} proposl of several straightforward models to
estimate volume using the number of phone calls.

Most existing volume estimation studies utilized GPS data from navigation software or taxi
vehicles but theséGPS data are naurrentlyavailable inthe PAGregion Thereforeour project
tends tause other availablgaffic volume data. Hndreds of signalized intersecticergequipped
with controllers for signal timing contrah the PAG regionand he eventbased data geneeat
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by these signal controllers can be usedredternative data source to estimate volume, wiiich
et al., 2019 proved b be feasible Since multiple variables affect the volume atffdrent
intersectionsmachine learning methodse appliedor largescale volume estimation in the PAG
region

Aside fromthe signal controller eveititased data, StreetLigBata can be anothé&arge
scaledata sourcehat provigs longterm traffic volume data Similar tothe use of phone call
recordsto estimateoad segmentolume in the studyCaceres et al., 20),2simple models (e.g.,
linear model andCobli Douglas model) & be calibratedrom the relationship between actual
volume and StreetLiglDatavolumefor either TMC or midblock estimation when eveb@sed
data is missing aunavailable.
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CHAPTER 3: DATA EVALUATION AND SAMPLING
METHODOLOGY DEVELOPMENT

PAG member jurisdictions operate and maintain various sensorsrafid data from those
sensorsThis chapteexplains the availability dfaffic volumedatafrom the variougurisdictions.
Additionally, the samplingnethodology is developed based ondkailability of the sensor data
and grouneruth datg and provides sample locations and samplessaefurther traffic sensor
dataevaluation

3.1 DATA AVAILABILITY

Six PAG memberjurisdictions including the City of Tucson, Pima CounBOT(PCDOT)
Arizona DOTADOT), and the Towns of Oro Valley, Marana, and Sahuaaita, currently
operating and maintaining various traffic sensaditsesetraffic sensors are placed at signalized
intersections fotraffic signal control and performance meas@ensor ownershignd typess of
2020aresummarized irFigure 3-1 andTable 3-1.

Sensor.Type
B utoscope 2004
[ Autoscope 2004/ Terra

. Cameras

Town of Marana (28) Town of Oro Valley (20)
. Cameras / Loops

3
Z
Encore

Town of Sahuarita (17) City of Tucson (376) . Iteris

BB teris 1 Miouision

. Loops
Loops / Gridsmart

. Loops / Terra
Miovision

. Radar Econolite / Loops

. Solo Pro

Solo Pro / Miovision

PCDOT (105) ADOT (42) I sooTera

. Terra
. Terra / Miovision
. Vision
Wavetronix
. Wavetronix/ Cameras
. Wavetronix/ Loops

Figure3-1 Sensor overview bjarisdiction
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Table3-1 Summary of Number of Intersectiohg SensoimType andJurisdiction

Sensor Agency COoT Vglrl?ay Marana | PCDOT | ADOT | Sahuarita
Solo Pro 143 10 4

Terra 111 1 4

Encore 37

Autoscope 2004 11

Vision 5 6

Iteris 3

Miovision 105

Loops 64 12 16
Iteris Miovision

Solo Pro Miovision 3

Terra Miovision

Autoscope | Terra 1

2004

Loops Terra 1

Loops Gridsmart 1
Cameras 7

Cameras Loops 5

Radar . Loops 1

Econolite

Wavetronix 1 10
Wavetronix | Cameras

Wavetronix | Loops

Sum 376 20 28 105 42 17
Note: Videabased sensors in yellow; Loops in blue; Radar sensors in green.

Becausedhese traffic sensors at signalized intersections are maselgfor traffic signal
control, they are equipped with thraffic detection module butot the traffic volume collection
module, especiallin the case obld sensors. That means the trafignal controller evenbased
data can be obtained in the PAG regtaut traffic count daté unavailable for most intersections.

As of August 2020100 of122 signalizedintersections equipped with Miovision sensors
are online anatan currently collectraffic data includingTMC data. The redime traffic data
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collected by Miovision sensors are collected and saved to the cloud, and this data (including TMC
data) can be directly archived through either the web interface or theTA®liideo sensors
lacking the collection module to collect TMC datan provideeventbased datavithout traffic
volume dataThe traffic controller everltased data contains a series of events with timestamps,
including signal timing events and vehicle detection evemksch are highly correlated with
turning movement counts. Therefore, traffic controller edr#ed data can be used to estimate
turning movement countsmstead of installing new sensorBhese available evebased data
would be a cosgffective and timesavingschemdor estimaing regionatlevel turning movement
counts.Figure 3-2 shows that most of the signalized intersections in the PAG region have been
included in the MaxVie® system, an Advanced Traffic Management System (ATMS) software
package.This ATMS currently shows approximatel$70 sites including 50 signalized
intersetions and 20 High-intensity Activated crosswalk signals (HAWI&} of May 2020. The
availability of the data in the database server is highly and dynamically dependent on the
communication ovethe Tucson Regional Traffic Data Network (RTDN).
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Figure3-2 Locations of signal controllers in MaxView© system
3.2SAMPLING METHODOLOGY

To evaluate the feasibility and accuracy tddffic volume data from traffic sensgrsample
locations araletermined by the developednsping method andiresuggestedo PAG to collect
moregroundtruth TMC dataA sampling method is proposatthis sectiorthatconsides sample
locations with varying socioeconomic characteristics, land uses, AADT, and intersection layouts.
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First, all locations where PAG has colleciédC data are matched to all locations that can collect
eventbased data. Then;rkeans clustering is used to cluster all matched locations into different
groups. Finally, sample locations are selected feawshgroup for method validation.

3.2.1 Intersection Matching

Since theTMC estimatiormethod requires traffic controller evemased data, these intersections
with eventbased data need to be filtered and cleaned according to predefined criteria before
matching then with locations having grountluth data collected by PAGigure 3-3 presentshe
process of selecting intersection candidates.

MaxView Database

}

Collection
Event-Based Raw Data
UArizona UITS Server
|
o l : Delete intersections with high
Communication Loss Checking percentage of communication loss
. l : Delete the intersections with
Cleaning Detector Layout Checking unclear detector layout
l Delete the intersections with
Data Missing Checking incomplete detector event data
t or signal event data

v

Integrated with PAG Volume Data
Matching v
Intersection Candidates

Figure3-3 Framework of the intersecti@electionprocess

The communication between signal controllers and the s&v&metimesunreliable,
causng a loss of evenbased datdogging in the databaseserver. These intersectiongth
unreliable communication quality are first remowedhe data cleaning proce€ensors at some
intersections may not be configured accordinghtostandard layoutthese intersectionsaving
an unclear sensor layout are also remoydtkr the cleaning process, all remaining intersections
are used tomatch with locationshaving goundtruth databased on spatial and temporal
dimensiongo select the final intersection candidates.
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3.2.2 K-meansClustering

Stratified sampling is one of the most famous methodsaimpsingfrom a large population. The
critical stepin stratified sampling is to divide the total population into smallergralips, also
known as strata. In this study;deans clustering is used to cluster all intersection candidates into
different clusters acrding to a series of variables:

o0 Mean_Popthemeanof thepopulatiors of the TAZs surroundingnintersectionyith data
provided by PAG $AZ dataset

0 Mean_Incomthemeanof themeanncomesof theTAZs surroundingnintersectionyith
dataprovided by PAG@ $AZ dataset

0 Mean_Emp:the mean of the numbes of employeesin the TAZs surroundingan
intersectionwith data provided by PAG $AZ dataset

o AADT_Mi: the AADT on the minor streetyith data provided by PAG

o AADT_Ma: the AADT on the major stet with data provided by PAG

o Num_of Direc:the number of directions a&nintersectionwith data manually collected
from Google Maps

0 Lanes_Mathenumber of lanes on the major street

o0 Lanes_Miithenumber of lanes on the minor street

o Shared_Left_Maa binary dummy variablghat indicatesf the major street has a shared
left-turn lane

o Shared_Right Maabinarydummy variabldhat indicatesf the major street has a shared
right-turn lane

o Shared_Left_Mia binary dummy variableghat indicatesf the minorstreet has a shared
left-turn lane

o Shared_Right Miabinarydummy variablghat indicatesf the minor street has a shared
right-turn lane

These twelve variables are used to represe
socioeconomics, traffic volume, and intersection layout. In tmed&ns method, a gap statistic is
first used to determine the optimal number of clusters. The mdhis methodsuggested that all
intersections can be clustered into seven grdtigsire 3-4(a) shows the process to determine the
optimal number of clusters, akagure 3-4(b) shows the results of clustering.
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Figure3-4 (a) Determining the optimal number of clusters; (b) Clustering results

Figure 3-5is the radar plotisedto visually profile each cluster. The radar pdctlso show
the relative importance efachvariable in each cluster. For example, the varialles_of Direc
andShared_Right_Miare most important for Cluster 1.

Intersection Attributes
1 2 3 4

Num_of Direc Lanes_Ma Num_of Direc Lanes_Ma Num_of_Direc  Lanes_Ma Num_of Direc  Lanes_Ma

Mean_Emp Shared_Left_ia Mean_Emp Shared_Left_la Wean_Emp Shared_Lefi_Wa Mean_Emp Shared_Left_Ma
flean_Pap Shared_Right lean_Fop Shared_Righi lean_Fop Shared_Right lean_Pop |_Righl
2an_Incom Lanes_Mi zan_Incam Lanes_M zan_incom Lanes_Mi 3an_Incom Lanes_W

AADT_Mi Shared_Lef_Mi AADT_Mi Shared_Lefl_Mi AADT_Mi Shared_Left_Mi AADT_Mi Shared_Left_Mi
AADT_Ma  Shared_Right Wi AADT_Ma  Shared_Right_Mi AADT_Ma  Shared_Right_Mi AADT_Ma Shared_Right_Mi
5 6 7
Num_of Direc  Lanes_Ma Num_of_Direc  Lanes_Ma Num_of Direc  Lanes_Ma

Mean_Emp Shared_Left_ia Mean_Emp Shared_Left_Ma Nean_Emp Shared_Left_Ma
fean_Pap Shared_Right lean_Pop Shared_Righi lean_Pop Shared_Right
2an_Incom Lanes_Mi zan_Incom Lanes_M zan_incom Lanes_Mi

AADT_Mi Shared_Left_Mi AADT_Mi Shared_Left_Mi AADT_Wi Shared_Left_Hi

AADT_Ma  Shared_Right_Mi AADT_Ma Shared_Right_Mi AADT_Ma  Shared_Right_Mi

Figure3-5 Radar chart of variable distribution bluster
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3.2.3 Sample Locations

84 signalizedntersections with available evebased data and growtidith TMC datawere used

to calibrate th@roposedMC estimatiormodel. 50 sample intersections from seven clusters
recommendedo validate theTMC estimation model. Since different clusters have different
numbers of intersections, the number of intersections selected from a givenwhssbarsed on
the proportion of all intersections in that cluster. The final sample locatiamsnsh Table 3-2,
were decided in coordination with PAG.

Table3-2 Recommendd Sample Locations

ID IntID Roadl Road2 Latitude Longitude
1 108 LA CHOLLA BL ORANGE GROVE RD 32.32315 -111.012
2 146 LA CHOLLA BL RIVER RD 32.3052 -111.012
3 214 1ST AV ROGER RD 32.27935 -110.961
4 224 ALVERNON WY RIVER RD 32.27584 -110.91
5 229 CRAYCROFT RD RIVER RD 32.27344 -110.875
6 248 CAMPBELL AV PRINCE RD 32.27221 -110.944
7 277 1ST AV FORT LOWELL RD 32.26481 -110.961
8 287 @ CAMP LOWELL DR SWAN RD 32.26535 -110.892
o 355 COUNTRYCLUB GRANT RD 32.25038 1110.927
10 358 ALVERNON WY GRANT RD 32.25062 -110.91
11 399 ELM ST TUCSON BL 32.24274 -110.935
12 405 PIMA ST SWAN RD 32.24341 -110.893
13 437 MAIN AV SPEEDWAY BL 32.23585 -110.978
14 442 PARK AV SPEEDWAY BL 32.23602 -110.957
15 484 4TH AV UNIVERSITY BL 32.23166 -110.966
16 486 PARK AV UNIVERSITY BL 32.23169 -110.957
17 498 GRANADA AV SAINT MARYS RD 32.22761 -110.978
18 501 6TH AV 6THST 32.22771 -110.969
19 582 BROADWAY BL RANDOLPH WY 32.22158 -110.918
20 584 ALVERNON WY BROADWAY BL 32.22157 -110.91
21 612 BROADWAY BL HOUGHTON RD 32.22084 -110.773
22 669 COLUMBUS BL 22ND ST 32.20699 -110.901
23 681 PRUDENCE RD 22ND ST 32.20647 -110.832
24 694 HOUGHTON RD 22ND ST 32.20634 -110.773
25 719 SWAN RD 29TH ST 32.19974 -110.892
26 754 GOLF LINKS RD KOLB RD 32.19195 -110.841
27 763 GOLF LINKS RD HARRISON RD 32.19178 -110.79
28 794 AJO HY LA CHOLLA BL 32.17791 -111.012
29 802 AJO WY 6TH AV 32.17783 -110.968

27



30
31
32
33

34

35
36
37
38
39
40

41

42
43
44
45
46
47
48

49
50

804
807
814
835

843

844
846
861
869
894
913

914

923
924
970
971
973
974
976

4131
4491

AJO WY PARK AV
AJO WY KINO CONNECT
ESCALANTE RD KOLB RD

IRVINGTON RD MIDVALE PARK RD
IRVINGTON RD NOGALES HY/6TH

AV
IRVINGTON RD PARK AV
BENSON/TUCSON IRVINGTON RD
HARRISON RD IRVINGTON RD
NEBRASKA ST 12TH AV
ALVERNON WY BENSON HY

MIDVALE PARK RD VALENCIA RD
CALLE SANTA

CRUZ VALENCIA RD
CAMPBELL AV VALENCIA RD
TUCSON BL VALENCIA RD
OLD VAIL RD VALENCIA RD
NEXUS RD VALENCIA RD
NEXUS RD RITARD
OLD VAIL RD RITARD
HOUGHTON RD OLD VAIL RD
KOLB RD SABINORC[J)ANYON

SPEEDWAY BL COUNTRY CLUB RD

28

32.17787
32.1779
32.17739
32.16034

32.16325

32.16335
32.16323
32.16285
32.15594
32.1468
32.13382

32.13383

32.13413
32.13413
32.11911
32.11905
32.11494
32.10091
32.08813

32.24005
32.236

-110.956
-110.941
-110.841
-111.001

-110.968

-110.956
-110.935
-110.79
-110.978
-110.909
-110.999

-110.991

-110.943
-110.935
-110.813
-110.797
-110.797
-110.801
-110.773

-110.842
-110.927



CHAPTER 4: SAMPLE  VIDEO-BASED VOLUME  DATA
COLLECTION AND ANALYSIS

In the PAG region, 485 intersectioase equipped with vidednased sensorzovided byone of
thethree companies Econolibec., Miovision Technologies Ingand Iterisinc. As of 2020, only

a few intersections have been configured with the traffic volume data collection module that
automatically collects volume datd4% of intersections withthe Miovision sensors, 6%f
intersections witlEnconolite Autoscope® sensors, and @ntersectiorwith the Iteris sensors

The sample videbased volume dat@ere collected from different jurisdictions and analyzed with
groundtruth datato verify data quality.

4.1VIDEO -BASED DATA COLLECTION

The existingvideo-based sensoissedin the PAG regiorwere manufacturd by Econoliteinc.,
Miovision Technologies Ingandlteris Inc. The Econolitetraffic sensos are Autoscope®series
products, includingAutoscope 20Q4Solo Prq Encore Solo Terra etc. These manufacturer
releasespecific traffic sensorgregularly. Figure 4-1 shows a timelin®f when these products
were released.

Iteris
Vantage NEXT

lteris
Vantage Vector

lteris
Vantage Edge2

Autoscope
2004

Autoccope
Encore

Iteris
VersiCam Wireless

1995 2000 2005 %

Autoscope Autoscope Autoscope
Solo Pro Rackvision Terra Solo Terra

_—__/
Miovision

Figure4-1 Video-based sensor products timeline

Autoscope
Vision

The UArizona teamsimply interviewed thessensor vendorby either phone or email
regarding therideo-basedsensor technology, including traffic parameters, collection method, and
data storage capability. All results from the interviews with these three brands are summarized in
Table 4-1.

Econolie did not supply detailed information osome ofthe older sensors in its
Autoscope®seriesincludingthe Autoscope® 20Q450lo Prq Encore andTerra. Based on the
performance historythese outdated sensors can store approximately 1 to 2 yearsadmtding
onthecollection intervalthe parameter categories, and the number of configured seNsi
one of the newest Autoscope® sensaesn store 8 to 10 years of datehich can be collected
throughcertainsoftwareand API Four Iteris products have software that can be used for data
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collection. Econolite Autoscope®sensorsand lteri® sensors differ fronMiovision sensors,
which store data to the cloud indefinitely, andstdata can be downloadeta the API or the
online interface.

Table4-1 Comparison of VidedBased Sensor Technology

Traffic Collection Data
Manufacturer| System (sensors Technology Storage
Parameters Method e
Capability
Autoscope004 NA (outdated NA
P (outdated)
Autoscopéesolo Volume, NA
Pro Speed, NA (outdated (outdated)
. Video Image Occupancy, NA
Econolitelnc.| Autoscopdencore Processor | Classification. NA (outdated (outdated)
Bicycle Count NA
Autoscop€éerra 6 NA (outdated (outdated)
AutoscopeVision So’itl\;vlare 8-10 years
Vantage Vector Volume,
VersiCamWirelesy OCC‘%Pa“F’y’ Dependent
Iteris Inc Video Image - Classification, Software | on storage
Vantage Edge2| processor | Average vehicle ag
<pedl capacity
Vantage Next %
Traffic count
Miovision o . data: Occupqnq APl and Stored in
Miovision Video Image Point to point .
Technology . , Online cloud
Inc TrafficLink Processor | travel time, Interface | Indefinitel
' Pedestrian deja y
é

4.1.1 Econolite Autoscope® Sensors

EachEconoliteAutoscope®sensorcan monitor multiple lanes of traffic with multiptietection
zonesFor example, aAutoscop® sensor aanintersectiorcould haveacamera configured with
three types of virtual loop detectosachdetectoris configured tofocus on thecollecion of
different traffic parametensicluding volume, classification, occupaneynd speedThefivolume
count and stop bardetector is a virtual loop detector that is configured at the stop bar n@inly
collecttraffic volume dataThe presence detector is configured near the stom&iaty to collect
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occupancy data. The advance detector is configured 100 to 2Q@p&tetanfrom the stop bar
mainly to collectoccupancy and speed dafable 4-1 summarizes the detector configuration
layout in Econolite Autoscope® sensoied in Tucson

Table4-1 Detector Layout ircconolite Autoscope®roductdn Tucson

Detector Detector Parameters
Symbol Type Collection

Volume Volume***
Count @ | Classification* Traffic Count

Stop Bar Occupancy

Purpose

kk
Presence O(\:;:;E?nneiy Congestion
Detector Speed Detection
kk
Advance O(\:;:;E?nneiy Congestion
Detector Speed* Detection

Asterisk (*) shows the importance of the parameter

Since 2017, the UArizona teamas worked with the City of Tucson to configlieonolite
Autoscope® sensor® collecttraffic data at specific intersections. As 2020, 27 signalized
intersectionon Speedway Boulevard, Campbell Avenue, and Kolb Road have been configured
with the data collection module to collect ladgy-lane traffic parameters as well as turning
movement countsas shown irFigure 4-2. To obtain traffic volumelataat these interstions,
traffic enginees mustcollectit in the fieldfrom theintersectiorsignal cabinet
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Figure4-2 Map of available Autoscope® sensor data locasion
4.1.2 Miovision Sensors

Miovision sensorgsanprovideseveralraffic parametersncluding turning movement count data

in oneminute intervad. 122 intersections in the PAG region have been configured with Miovision
sensors as of August 2020. Amongsthel 10 are managed by the Pima County Departoent
Transportation (PCDOT), and 12 are located in and managed by the Town of Marana. The
UArizonateam has worked witRCDOTt 0 d e vMiovisiop ARiTodld web iwhither f ac e
can be used to download historical traffic parameieduding turning movement count data,

directly from the cloudComputercodethatusesthe API ke (provided by PCDOT antthe Town

of Marana can also be written to collect data via Mievision API.

Most intersections use a single Miovision camera, but therglarge intersections where
two cameras are used to accurately collect traffic dedhle 4-3 summarizes the number of
Miovision cameras used at individual intersectidfaurlarge intersections Pima Countywith
two cameras are La Cholla Boulevar®Ruthrauff Road, La Cholla Boulevard / River Road,

1 http://pcdot.usstar.org/
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Alvernon Way / Brandi Fenton Driveway / River Road, and La Cholla Boulevard / Orange Grove
Road. In the Town of Marana, the intersections at Cortaro Road / Arizona Pavilions, Cortaro Road
/ Silverbell Roadand Thornydale Road / Orange Grove Road are equipped with two cameras.

Table4-2 Summary of the Number of Miovision Camerasmalividual Intersection

Number of Intersections
Number of Cameras

PCDOT Town of Marana
No Smartlink 9 0
1 98 9
2 4 3
SUM 111* 12

*: one sensor is the test sensor
4.1.3 lteris® Sensors

13 intersections in the PAG region are equipped with @esensors; 10 intersections are located
in the Town of Marana and 3 in the City of Tucson.

Iteris® sensorganprovide trafficparametersegardingvehicles and pedestriameluding
volume, occupancy, average spegtd the amount of green time in réiahe, as shown iffable
4-3. Figure 4-3 shows he sampleaw Iteris® data Thebin datastructure iSormatteda s 7 x x x ,
yyyy-mmddd  hh: mm: ss, Vv, X, X, X and ¥ariesbdifferént dat&¥ i d e o
types.

File Edit Format WView Help

51@, 2820-85-91 g0:06:e0, 0,0,0,0,0,08,8, Video OK,C4 LT

511, 2820-85-01 ee:00:00, 0,0,0,0,0,0,8, Video OK,C4 T

512, 28290-@5-91 B0:06:00, 0,0,0,0,0,08,8, Video OK,C4 RT

687, 2820-85-91 ©9:86:00, ©,0,9,0.0,0.0,0.0,0, Video OK,C4 PD
688, 2820-85-91 @0:00:00, ©,0,0,0.0,0.0,0.0,0, Video OK,C4 PD
731, 2820-085-01 ©6:88:00, ©,0,8,8,8,08,08, Video OK,C4 R1

738, 20820-05-91 g0:00:00, 0,0,0,0,0,0,0, Video OK,C4 L1

739, 2820-@5-91 g0:00:00, 0,0,0,0,0,0,8, Video OK,C4 L2

5e1, 2820-@5-01 ee:15:ee, 9,0,2,0,0,0,8, Video OK,C1 LT

582, 2820-@5-91 ©@:15:00, ©,0,0,0,0,08,8, Video OK,C1 T

Figure4-3 Example ofliteris® sensorsaw data
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Table4-3 Summary ofiteris® Bin Data Structure

XXX Video
Type (Zone TV X | X X X X I S Label
tatus
number)
Vehicle
and Bike | 701740 S . i Ok or No
Video
Zones
Automati OK or No
o* Video,
Direction 501512 ) ) ) ) Video GLR,
Counts T |V I Video LC
PedTrax Ok or No
(Pedestri - - S | MaxSpd| MinSpd ,
Video
an data)
CSO and
Vector | 651-654 S O csm Cmd Clg O\‘j.orNo
e ideo
Trip Line
0 Zone number. denots which movement occurs and on isfhncamera
o T:ti mestamp wit hmfmrdd mah: omm: iygyy
o V:volume ¢ount) for the bin interval
0 S: averagevehicle (orpedestriahspeed for the bin interval
0 MaxSpd: speed of thdastest pedestrian for the bin interval
o0 MinSpd: speed of slowest pedestrian for the bin interval
o O*: occupancy note:only for zone number with each seng601, 504, 507, 530 All

O OO O O O

other zones not used, always zero

O: occupancy

Csm: volume €oun) for smdl vehicle classification

Cmd: volume €oun) for medium vehicle classification

Clg: volume €oun) for large vehicle classification

|: green timen seconddgor the bin intervalThis is always zero for Vector Trip Lines
Label: automatic or useconfigured
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4.2VIDEO -BASED VOLUME DATA ANALYSIS
4.2.1 Econolite Autoscope®Volume Data

Data from wo types ofEconoliteAutoscope® senssrAutoscope TerrandAutoscope Solo Pro
were collected and evaluated based on data dilija

9 Autoscope Terra

The Speedway Boulevard / Stone Avenue intersectiorchaseras the study location to
comparethe volume data collected bAutoscope Terrasensorswith groundtruth TMC data
provided by PAGDue to a lack of grounttuth data with which to evaluate tAetoscope Terra
data quality, only the TMC data during peak perio@ggsercomparedSince the time periods of
collectingAutoscope Terraolume and groundfuth data did not match, these two data sources
were collected from different dates for evaluatidfe chose three days of PAG data (10/19/2016,
10/13/2016, 9/18/2019) arstightly more thar2 months of Terra data (02/01/2018 to 04/12/2018)
to compareAs shown irFigure 4-4, a similar trend is observed, indicating the TMC data collected
by Terra sensorsancapture the traffic volume trentihe accuracy of th&utoscope Terraolume
data still needs further evaluation by using more grewiti data.

Source B PAG B Solo Terra
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Figure4-4 Comparison of Terra data with groutrdth data

1 Autoscope Solo Pro

The Speedway Boulevard / Euclid Avenue intersectioncaseras the study location to
compareAutoscope Solo Preolumedata withPAG groundtruth TMC data. The datased in this
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comparisorwere collected by the advance detectors anditiaéume count and stop lisdletectors

during peak periods on 10/31/201igure 4-5 shows that the turning movement count data
collected by thévolumecount and stop badetectors (located #testop bar and mainly usead

collect traffic volume) is more accurate than the TMC data collected by the advance detectors.
Also, the accuracy of the data for each ofttireemovements collected by tlfieolumecount and

stop baodetectors is specifically evaluatédgure 4-6 shows thathe Autoscope Solo Prnaolume

for all three movementsr e c | os e o0 v e r-authldatathe melrigs GIF&RMEErandu n d
R”2 show that the through and l&firn volumes are more accurate than the right turn volume.

Advance Detector Volumn Count & Stop Bar Detector

. . RMSE: 15.8 L
RMSE: 54.2 o YRMSE: 015 4
%RMSE: 0.40 A RA2: 0.08 ¥
2 RA2:0.83 +— s v
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(a) Advance detector (b) Volume count & Stop Bar detector

Figure 4-5 ComparisonbetweenTMC collected byAutoscope Solo Prand PAG groundruth
data
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Figure4-6 Compaison of Autoscope Solo Pr@volume count &stop bard detector) volume data
with groundtruth volume datdy movement

4.2.2 Miovision Volume Data

Fourintersections werehoseras the study locations tompareMiovision volumedatawith PAG
groundtruth TMC data These study intersections and dates are: (1) Ina Road / La Canada Drive
(9/19/2019); (2) Ina Road / La Cholla Boulevard (9/19/2019); (3) La Cholla Boulevard / River
Road (9/26/2019); (4) La Cholla Boulevard / Ruthrauff Road (9/25/2019). Due to the #itailab

of groundtruth data, the dataerecomparecdnly for the AM and PMpeak periodskigure 4-7

shows that volume for the lefiirn movement is more accurate thhe right turn and through
movements. The Miovision volume ftine through movement signdantly underestimates the
groundtruth data. We found that the underestimation is mainly isolated at La Cholla Boulevard /
River Road and possibly caused layvideo sensing errat the far end of the large intersectjon
which isdifficult for video cameasto capture
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Figure4-7 Comparison oMiovision volume datandgroundtruth data
4.2.3 lIteris® Volume Data

The Town of Marana providedhe¢ sample Iteris dateollected by a sample sensdhe traffic

volume trend in May 202(3 illustrated inFigure 4-8 and shows a similarolume trend sother
intersections in the PAG region. The preliminary results suggest that the Iteris data can be used as
long-term traffic count data.
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Figure4-8 Hourly trend ofiteris® through movementolume at arexampleintersection

38



CHAPTER 5: SAMPLE TRAFFIC SIGNAL CONTROLLER
EVENT-BASED DATA COLLECTION AND ANALYSIS

This chapter introduces traffic signebntroller eventbased data concep#nd data collection
methodsandalsoexploresways ofobtaining regionwide TMC data using existing evebased
data This discussioprovides a brief background for readers less familiar with evieased data

5.1 TRAFFIC CONTROLLER EVENT -BASED DATA COLLECTION
5.1.1 Data Collection Method

Advancedtraffic management systenfATMS) serve as a platforrfor monitoring traffic and
managing all traffic signals and sensors to improve traffic operation and Jdfet@ity of Tucson
deployed a MaxVie® ATMS systemnfor traffic signal control and optimizatipmith a majority
of ASC/2 and ASC/3 model traffic controller&igure 5-1 showsa conceptual view of thevent
based data collectioand data archiving procedurReattime eventbased datas typically
recorded by traffic signal controllefsom videcbased detectorsand pedestrian pushbutton
sensors transmdatato traffic signal controllers at signalized intersectioFise signal controller
is the primary component, as it determinesvagous signal indicationg.hen, data from all the
controllers are archived into the MaxVialatabaseaerver. To back up the evemsed data, the
Smart Transportation Lab (STL) at the University of Arizona (UArizona) started to archive the
data from theMlaxView database server into a UArizona UITS Sein&017.

Data Collection Data Archiving

STL User

Traffic Signal Controller
(Asc/2 or ASC/3)

UArizona UITS Server

o ATMS
(MaxView Server)
AN e e

\ i

......

Sl s |

Pedestrian push-button O ! U e S

- ) university information technology services (UITS)
g e = advanced transportation management system (ATMS)
smart transportation lab (STL)

Figure5-1 Eventbaseddatacollectingand archivingorocess
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After the evenbased datdrom traffic signal controllers have been logged, the dsita
transported to the management center for archival and generation of performance measures.
Because of this,he state ofcommunication over the Tucson Regional Traffic Data Network
(RTDN) plays an importantote in obtainingcompleteeventbased data sets. A good state of
communication can provide accurate logs of controller activity and vehicle behavior.

Approximately 600 controllers the region comprisethe MaxView system but due to
communication issuesnot all have complet eventbased dataThe daily percentage of
communication losses (POCIr all controllers from Odaiber 2017 to September 2028re
summarized ashown inFigure 5-2. WhenthePOCLwas less than 12.5%he majorityof events
could be sent to the database server. WhieePOCL was larger than 12.5%more events are
missingbecause thegould not be sent to the database server. WieeROCL was 100%, all of
the events are missing. A high POfok a controller can rest in a biased TMC estimation. Before
May 2020, only approximately 60% of the controllargshe MaxView systenmad alow POCL
and reliable communication. Since May 2020, more controllers have been reconfagutede
number of controllers witheliable communication as of September 2020 has ris@d%o

POCL ™ <=0.125 W =1 W >0.125

600-
400-
0,

Figure5-2 Daily percentage of communication losses

o o

Number of controllers
S
o

10-201

12-2017
02-2018
04-2018
06-2018
08-2018
10-2018
12-2018
02-2019
04-2019
06-2019
08-2019
10-2019
12-2019
02-2020
04-2020
06-2020
08-2020
10-2020

5.1.2 Event-based Data Description

Traffic controller evenbased data consists of a series @ty (detector actuation events, signal
change events, pedestriggiated events, controller communication events, etc.) generated-in real
time. Table 5-1 summarizes the event categories.
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Table5-1 Event Sumrary by Category

Event Categories Event Example
Phase Events* Phase On; Phase Begin Green; Phase Check; Phasi
Red
Pedestrian Phase Events Pedestrian Begin Wal k;

Flashing Yellow Arrow Events (FYAFYA BeginPermissive; FYA End Permissive

Phase/Ped Call Events Ped Detector Off/On/Failed

Overlap Events Overlap Begin Green/Yellow

Detection Events* Detector On/Off/Failed

Preemption Events Preempt Advance Warning Input; Preempt Input On
TransitSignal Priority Events (TSP) TSP Check In/Out; TSP Delay Begin/End
Cabinet/System Events Unit Flash Status Change; Unit Alarm 1 Change
Communication Events* Time Drift; Percent Comm Loss; Total Comm Attem
Ramp Meter Events Act. Action Rest inGreen; Act. Action Fixed Rate
Coordinate events Actual Cycle Length; Actual Cycle Offset

*- used in traffic volume estimation research

Data fromsignal change events, detector actuation events, and communication loss events
are mainly used in thigroject Figure 5-3 (a) shows sample data of these three types of events.
The detector actuation event data logs the time stdr@ach time that the tector switches on or
off due to vehicles triggering or leavirig The Deviceld column containsthe signal controller
IDs, referred tan this studyas an intersection location. TE®entld columncontains values that
represent thepecificevent. For examplésventld = 81 representshe evenfidetector ofb, and
Eventld = 82 representshe eventidetector on. The Parameter column containsthe detector
numbes associated with the turning movement. As showhRigure 5-3 (b), anevennumber §
typically associated witla detector for ahrough movement, while amdd number is typically
associated witla detector for deft-turn movement as defined 8ignal Timing ManuafUrbanik
et al., 201% Signal change event data records each signal phase change, épbasasoa
(Eventld = 0), fiphase green beginniageventld = 7), andfiphase green terminatiofEventid
=1). TheParameter columncontairs the signal phase sequence number. Communicatemt
data indicates the controller communicatrefated events, such as failed communication attempts
(Eventld = 501), the average response timevéntld = 503), and the percentage of
communication lossHventld = 502). When a controller loses commurica, the ATMSserver
has difficuly collecting evenbased data fronthe signal controller(An et al., 201). Thus,
communication evestareimportant for data quality control before using evieased data.
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Detector actuation events

TimeStamp Deviceld Eventld Parameter
2019-11-04 00:00:08 900 218 81 8

2019-11-04 00:00:08 900 222 82
2019-11-04 00:00:09.000 430 82
2019-11-04 00:00:09.000 666 82
2019-11-04 00:00:09.000 40 81
2019-11-04 00:00:09.000 685 81
2019-11-04 00:00:09.000 703 82
2019-11-04 00:00:09.100 444 82
2019-11-04 00:00:09.100 698 81

Signal change events Minor Road

TimeStamp Deviceld Eventld Parameter ‘ ‘
2017-10-20 04:55:40.963 " - 3 14 -
2017-10-20 04:55:40.963 12 4
2017-10-20 04:55:40.963 mn

2017-10-20 04:55:40.963 12 QS 8 4

2017-10-20 04:55:40.963

2017-10-20 04:55:40.963

s 1

2017-10-20 04:55:57.173 ‘

2017-10-20 04:56:10.273
C icati I t % Movement numbers

1 s

2017-10-20 04:55:40.963
TimeStamp Deviceld Ewventld Parameter Detector number

2019-10-2100:10:25.987 3 500 19
2019-10-21 00-10:25 987 501 15
2018-10-21 00:10:25.987 502 78 Phase numbers
2019-10-21 00:15:23 860 400 -30

2019-10-21 00:15:26.033 500 21

2019-10-21 00-15:26.033 501 15

2019-10-21 00-15:26.033 502 71

2019-10-21 00:15:26 033 503 11093

(a) Sample data (b) Detector & Signal parameter layout

Major Road

NN ON RN

NN NN N N N NN
IS
MM R @ o b

W w W W W w

Figure5-3 (a) Examples of three types of everdsed datasetth) Signal phase and detectayout
5.1.3 Comparison to Video-BasedTraffic Data

For videebased sensors configured at a signalized interseciibier e traffic data collection
module atraffic detection module, or both cée integratedThe taffic detection module is used
for signal control or management by generating ebastd data, whilthetraffic data collection
module is mainly used fohécollectionof parameterssuch as traffic volume, speeahddensity
Traffic datasourcedrom thedata collection module of viddmased sensors is called videased
traffic data in thigeport

The datacollection process anthe dataprovided by these two modules are different.
Figure 54 demonstrates the comparison between the evase#d data collection process (blue
lines) and the aggregated videased traffic data collection (red lineBpr instancean advance
event detectocovering multiple lanesan detect the vehicle arrival addparture used for signal
control. These actuation eventensisting of a detector on aaddetectooff, are transferred to
the controller in the cabinet by vidéased sensors. In addition to actuation events, the events of
signal phasing changbutton-pushing pedestrian actuatiomnd otherevents are transferred
and archivedn the controller.Then, the controller transfers these events to a database server in
reattime. The processof collecting aggregated traffic datdiffers from the evenbasd data
collection process in its use éfvi rt ual | ebaspds sensorsnthrowgh eémebedded
algorithms. A data storage device, such as a memory card, is commonly used in a cabinet in
connection with the sensor for storing the aggregated traffic dafgending on the sensor type
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and brand, the aggregated traffic data could be stortek tioud or the local memory card that
can be accessed by users.

Event-based data collection

Video-based data collection g

Stop bar

Virtual loop

Controller Cabinet h
MaxView event- _
g/

=
| =
]
AED: Advance event detector MaxView Server Eﬂm

Figure5-4 Processes of evebbsed data and viddmased data collection in MaxView system

In addition, wdeo-based traffic data are commonly aggregated to a defimednterval,
such as 5 minutes or 15 minutes. By aggregating data into atiimednterval as l&akpoints
traffic state changesithin thesetime intervals are losBecausesventbased datés generated in
reaktime, it is much more informative than videased traffic data

The major differences betwegnaffic controller evenbased datandvideo-based traffic
dataare summarized below:

o Theprocess and transition of everdsed data and viddmased traffic data in the same
MaxView systemare different.

o Videobased traffic datds aggregated to a defined internahd can provide traffic
parametes such as volume, speen occupancylirectly within the time interval

o However,eventbasedtraffic datais reattime and more informativeEventbased data
usuallyrecords the time when a vehicle arrives or departs, and the timeasiggral 6uch
asared, greenor yellow light) andasignal phase change

o0 Thevideobased traffiadata collected by the collection module is stored in the cabinet if
no communication exists with tidaxView. However, theeventbaseddata collected by
the detection module is lost if no communication withitaexView exists Currently, some
ATMS in the nmarketareable to resend evebiased data once communication is back.
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5.2EVENT-BASED DATA ANALYSIS

Even though the traffic data collection module can provide volume and other traffic parameters
directly, configuring this module requires additional effortstgpand devices in comparisorato
traffic detection modulevith the default configuration Therefore, most existing viddmsed
sensors in the MaxView system still only havt&raffic detection module withou traffic data
collection moduleThis sectiom exploreshow to estimate turning movement counts (TMC) at
signalized intersections using ewdratsed dataonsidering its wide coverage and availability in
Tucson avoiding purchasing and installing new sensors

5.2.1 TMC Estimation Model Development

Although eventbased data have beesed to estimatetraffic volume in previous studies
estimating TMC in the PAG region is still challengibgcauseof the variousscenarios with
complex uncertainties caused two major issuessingle-channel detectors covering multiple
lanes and different detector configurations on different approaékeshown inFigure 5-5, the
major road is configured withnadvance detectan through langand rightturn laneswhile the
minor road is confiured withonly a presence detector. The same time duration recorded by
advance detectors and presence detectors could refer to different traffic counts due to the different
lengths of these two types of detectors. Advance detectors are used to detegtveioiclesand
sothe time duration is most likely to be the vehicle passing, tiefeecting the vehicle speetihe
presence detectors are typically usedetect stopped vehicleandso the time duration is most
likely to be the vehicle stopping ten

Presence detector

xr Presence detector

a. WB (Major road) b. SB (Minor road)

2Peipei Xu, Xiaofeng Li, Hyunsoo Noh, and ¥dan Wu, (2021)Estimating Networkevel Turning Movement
Counts using Traffic Controller EveBtased DataPresented at the 100th Annual Meeting of the Transportation
Research Board.
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Figure5-5 Detection system configuration at Speedway Blvd & Mountain Ave in Tucson, Arizona

To capture the nehnear and uncertain relationship betwdba performances extracted
from eventbased data and TMC, the Multayer Perceptron (MLP) Neural Network model
introduced. The MLP model is a class of fully connected feedforward artificial neural networks
thatcan capture underlying relationshipkthe problem examined without the need for a priori
assumptiongZhang et al., 1998 The MLP modeteveloped andsed in this study includes four
layers: the input layer, two hidden layers, and the output lagstructuresillustratedin Figure
5-6. Eachnode in a layer connects teezy node in the following layer, making a fully connected
network. The lefnostlayer is the input layer, which consists of a set adesrepresentinghe
input variables.

Input Layer Hidden Layers Output Layer
2(0) v 22 73

Figure5-6 Topology of the MLP model for TMC estimation

The input layer vectors consist of ewdrgised features, intersection infrastructure features,
and pointof-interest (POI) featuregassummarized imMable 5-2.

Table5-2 Summary of Input Variables of MLP Model

Input Layer Feature Name Definition

Occupancy.x Detector occupancy time duriadl5-min interval
Eventbased

DetOffCount.x Detector trigger counts durirayl5-min interval
features 99 gl

GreTime.x Green time duration durirgl15-min interval
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Cycle.x Number of fnase cycleduringa 15-min interval
Average timegapbetween eery pair of corresponding
Mean Gap.x detectiongluringa 15-min interval
Median Gan.x Median timegapbetween eery pair of correspondindetections
—=ap. duringa 15-min interval
SD Gap.x Stardard deviation othetime gags between eery pair of
—2ap. corresponding detectiomsiringa 15-min interval
Occupancy.y Detector occupancy time duriagl5-min interval
DetOffCount.y Detector trigger counts durireyl5-min interval
GreTime.y Green time duration durirg15-min interval
Cycle.y Number of fnase cycleduringa 15-min interval
Averagetime gapbetween eery pair of corresponding
Mean_Gap.y detectiongluringa 15-min interval
Median Ga Median timegapbetween eery pair of corresponding detectior
L=ap.y duringa 15-min interval
SD_Gap.y Standard deviation of timgaps between eery pair of

GreTimePermi

corresponding detectiomiringa 15-min interval
Permissive green time duration duria$5-min interval

RoadType Whether an approach is ajar orminor road
LanesSLT Number of shared leturn lanes

Intersection | gnes i T Number of exclusive lefturn lanes

infrastructure
Lanes TH Number of through lanes

features
Lanes RT Number of exclusive righturn lanes
Lanes_SRT Number of shared right turn lanes
Number ofemployes of all POI within 400 netersof the
POI_Emp . .
POI features intersection

POI_n POI categoy counts within 400 retersof the intersection

* X variables are associated with througbwvamentswherethe detectoparameteis an even number
*y variables are associated with kfirn movemers, wherethe detectomparameter is an odd number

Eventbased features include detector occupancy time, deteicjgered count, green time
duration, and type déft-turn phase. Intersection infrastructure features consist of the type of road
(major road or minor road), numberleft-turn lanes, numbeaf sharedeft-turn lanes, number of
through lanes, number aight-turn lanes, and number of shanmght-turn lanes. POI features
includecounts ofall POI categoriesvithin a400-meterbuffer oftheintersection and the number
of employees foall POl categoriesvithin a 400meter buffer otheintersection. The output layer
consists ofleft-turn movement volume, through movement volume, and -tight movement
volume for one approach.
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5.2.2 Model Evaluation Using Ground-Truth Data

The MLP model was calibrated and tested withugdtruth data collected from 84 intersections
after overlapping the historical evepdsed data and growtidith dataFigure 5-7 shows the study
intersections and correspondin@IB. The root mean square error (RMSE), the percent root mean
square error (%RMSEANd the correlation coefficient&juaredareused to quantify the accuracy
of the TMC estimationmodel As shown inFigure 58, RMSEsfor the through movemenis
higher than that of the lefurn and rightturn movements because the average traffic volume of
thethrough movement is relatively higher than the other two movements at an interseogion.
TMC estimatiormodel showed excellent perfoance on the through movement wtitle highest
R-squared anthelowest %RMSE values of the three movemenhke leftturn movementolume
estimation slightly outperformed the righirn movementjt is likely because some advance
detectors and presencetelctors configured at intersectgare not extended to righirn lanes. A
lack of rightturn evertbased information is a probable cause of the lowsqirired value of the
right turn volume estimation.

POI category

#Business Svcs

#Construction

©Consumer Goods M anufacturing
©Consumer Svcs

@ Education

#Finance, Insurance, & Real Estate (FIRE)
©Government, Social, & Advocacy Svcs
®Health Care

#High Tech Manufacturing & Development
©Haospitality, Tourism, & Recreation
@Media, Publishing, & Entertainment
®Metal Inputs & Transportation Related Manufacturing
+Non-Metallic M anufacturing

eResource Dependent Activities

* Retail

®Telecommunications

¢ Transportation & Distribution

=5
@ T
@
-«
L2 &% ﬁ
&
& &
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Figure5-7 Study intersections
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CHAPTER 6: CROWDSOURCED DATA EXPLORATION

Therapidincreasef locationbased services has been generating a massive amount-bbG&5
data. With its benefitof low costand wide coveragerowdsourced dataasbecome a potentially
significant data sourda transportatiosrelated research. Several égof crowdsourced data are
available in the PAG regiancluding INRIX, HERE, and StreetLigiiata This chapter explas
the characteristics of crowdsourced data in terms of coverage, reliability, and accuracy.

6.1 INRIX DATA EXPLORATION
6.1.1 INRIX Data Collection

INRIX (INRIX, 2005), a company that was founded in 200&n provide traffierelated data and
insight into how people move anodl the world. INRIX uses a proprietary system to aggregate
traffic information from millions of GP®nabled vehicles and mobile devices, road sensors, and
other sourcedsrigure 6-1 shows an example simple INRIX dataeported in minute intervals
The main attributes atisted anddefinedbelow.

o0 Code segment ID. These segment IDs may be updated.
o Type: the type of INRIX segment. INRIX provides either INRIX eXtreme Defini()gD)
segments or Traffic Message Chanseyments. XD segments cover more miles of road
than TMC segments, generally with greater granularity. The data collected from INRIX
XD segments are utilized in this project
Speed thecurrentmeanestimated spedd miles per houfor the segment
0 Average: the hstoricalmeanspeed in miles per hotor the segment for that hour of the
day and day of the week
o Reference the85thpercentilespeedf all observed speeds oretbegment for all periods,
whichreliably approximatethefreeflow speedor the segment
o Score the relative amount of dataad from each of the data sources. The score has three
possiblevalues of 10, 20, and 30
0 307 high confidence. The INRIX data is reported exclusively based osinaal
data for that specific segment
0 207 medium confidence. The INRIX data is reported based ottirealdata across
multiple segments and/or based on a combination of expected atidhedata
0 107 low confidence. The INRIX data is exclusively generated from historical data
or road referencdata
o ConfidenceValue: an addtional degree of detafior reattime datathatis only applied to
data with &Scoreof 30. TheConfidenceValue indicates théiprobabilityo that the current
probe reading represents the actual conditiomthe segmerdased on recent and historic
trends (0 = low probability, 100 = high probability). A value-bfdesignates that INRIX
needs more data befor€€anfidenceValue can be determed.

o
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0 Speed Bucket a value of 0, 1, 2, or 3 that depends on the ratio ofSieedto the
Referencespeed The SpeedBucket determing which color is displayed othe segment
and indicateghe congestion level ahe segment.

o0 SegmentClosed thevalue of TRUE if the segment is closed aRALSE otherwise.

timestamp code type speed average reference score  confidenceValue  travelTimeMinutes  speedBucket  segment_closed
1 EZD‘IME—GE‘IS:DE:Z'E.D'DD 122233544 ¥DS 39 13 36 30 100 0.763 3 FALSE
2 20150206 18:06:26.000 1226271262 #DS 50 65 B5 0 1] 0.944 2 FALSE
3 201902-06 18:06:26.000 1226251068 ¥DS 50 52 53 0 100 0.661 3 FALSE
4 20150206 18:06:26.000 12262510289 #DS 50 52 B3 0 100 0.661 3 FALSE
5 2019-02-06 18:06:26.000 38348M4357 XDS 50 55 55 0 100 0.661 2 FALSE
6 201902-06 18:06:26.000 1226232612 ¥DS 50 62 B3 30 100 0.661 2 FALSE
7 20150206 18:06:26.000 1226271108 XDS &4 65 B4 Kl 0 0.60 3 FALSE
] 201902-06 18:06:26.000 1226271067 ¥DS 65 66 E5 30 1] 0.326 K] FALSE
] 20150206 18:06:26.000 1226268861 #DS 50 65 BB 0 100 0.551 2 FALSE
10 201590206 18:06:26.000 1226268828 DS 50 63 BE 0 64 1.089 2 FALSE
11 201902406 18:06:26.000 122627123 XDS 50 & BB 0 0 0.508 2 FALSE
12 20190206 18:06:26.000 1226265589 DS 3 30 12 20 0.7 3 FALSE

Figure6-1 Sample INRIX data

The UArizona Smart Transportation LalrchivesINRIX data collected from the entire
state ofArizona which includes44,210 segmentthat cover most freeways and arteriasd,
specifically,around4,882 segments in tleasterrPima County region, as shownHigure 6-2.

Figure6-2 INRIX speed segment locations in the PAG regianngJanuary 2019
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6.1.2 Speed Data Evaluation

The reliability of INRIX data is illustrated temporalig the PAG regionn Figure 6-3, which
showsthe percentage of segments witte different values ofScore (hereafter referred to as
i s ¢ o r sared gnrthe RAG region by the hour of the day. During rtigie (10 PM- 4 AM),

the INRIX datafor most segments are reported with a score of 10,atidgthat the reported data
only uses historical data due to a limited number of sample vehicldsesegmerst During
daytime (7 AM- 6 PM) on weekdays, the ddtar most segments are reported based ontiaa!
data with the highestcorebecause therareenough vehicles othe segmerstto provide sufficient
samples. During theemainingperiods, the INRIX data is reported based on-tiea and
historical datafor most segments becauseme segments lack enough vehicles to provide
sufficient sampls during some hoursThe resultsof the analysisndicate that the INRIX data
during the daytime on weekdayscan provide reliable data for traffic managers and decision
makers. During the nigtine and on weekends, sensdyased data couldossiblybe used in
conjunction with INRIX data to provide reliable data.

10 20

Percentage
1.0

Figure6-3 Reliability of INRIX data by hour otheday

As mentionedhbove thescoreis one of tle most importanindicators ofthe INRIX data
guality (Ahsani et al., 203;Kim & Coifman, 2019. Scores of 10, 20, and 3hdicate lowquality
data, mediunquality data, and highuality data, respectively. Theoredata with ascoreof 30,
the more accurate these INRIX data are. SpeedwayjeBardin Tucsonwas chosen as the study
corridor to illustrate the confidence score chafgem August 2018Figure 6-4 shows the daily
percentage of INRIX data with different scores along Speed@wayevardfrom August 2018 to
August 2020. Befordarch2019, the INRIX data in most periods were reported with a score of
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20. After that, approximately 75% of ddta Speedway Bulevardwas reported with a score of
30, indicatingthatthe INRIX data quiity had improved. During March June 2020, the percent
of data reported with a score of 30 decreadigihtly because the Steat-Home ordercausedess
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Figure6-4 Percentage of INRIX data reported with different scoreSpeedway Blvd

To verify the accuracy of INRIX speed datgioundtruth GPSdata were collectedith
probe vehicle®n Speedway Bulevad and Golf Links Rad as described ifiable 6-1.

Table6-1 GPS Data CollectioDescription

Corridor From To Date and Period Number of
Vehicles
Speedway Blvd| Euclid Ave  Kolb Rd 06/19/2019 Threevehicles
A 71i9AM
A Nooni 2 PM
A 4i6PM
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Golf Links Rd Swan Rd  Houghton Rd 10/27/2020 10/29/2020  Six vehicles
A 7i9AM
A Nooni 2 PM
A 4i6PM

Thestatistical measuseaf mean absolute percent error (MAPE) and root mean square error
(RMSE)were used to validate tH&IRIX average speed dataring 15minuteintervals Figure
6-5 compaesINRIX speeddataagainst groundruth data orSpeedway Bulevardwith a MAPE
of 8.7%. Figure 6-6 compaesINRIX speeddataagainst groundruth data on Golf Links &d
with aMAPE of 15.1% and RMSE of 5.4 mph. The MAPEHé INRIX speed data f@peedway
Boulevard is lower than thator Golf Links Road, likely because a higher percentage of data
reportedfor Speedway Bulevard has a score of 30he resultsalsoshowthat INRIX tends to
overestimate the real speéddringmost periods.

35
mGPS_speed = INRIX_speed

w w w w w w w w w w E E E E E E E E E E E E E E E E E E
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w

Average Speed (mph)
= = N N w
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o

0 18:00:00 O

Movement / Time

Figure6-5 Comparson ofINRIX speed datavith GPS data on Speedwaypievard
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6.2 HERE DATA EXPLORATION
6.2.1 HERE Data Collection

HERE speed datantegraesmultiple datasources, including roadway sensors, operatenmters,
and navigation deviceso provide reatime speed data similar to INRIX datdERE offers a free
API (https://developer.here.co)ror the public to archive speed datéh limited query times
Using the HERE API, the UAizonaSmart Transportation Lab developed a program to archive
reattime HERE speed dats shown irFigure 6-7. Based on the inputea( fiLocationTopLe f t 0
a n tlocdtionB o t t o mahithg right side figure of Figure®, the program retrie\sthe speed
data brtheselecedregion and sasthe data t@local drive oradatabase.

ad Here - | = oLl Here - I=|-
Settings Home | Settings

Location TopLeft 1847, -111.069201 Location BottomRight: ~ [i082. -110.717911

Time Interval(sec)

[] Write to JSON/CSV Write to Database

Here ID

Here Passward Response Puliing data from Here.com!

|

|

| Topleft: 32.313847. -111.069201; Botright: 32.136082. -
| 110717911
|

|

|

|

Database Password

Database Name

Database Source

\
\
\
Database User ID ‘
\
\
\
Database Table Name ‘

Start Service

Figure6-7 HERE data archiving progratCredit: Long Chen)

The HEREAPI provides the data collected fromiraffic Message Channskegmentdut
not XD segmert. Figure 6-8 shows sample HERE data. The abbreviafiamghe attribute names
are déined below:

FIS: A list of Flow Item (Fl)elements

FI: A single flow item

TMC: An ordered collection of TMC locations

PC: Pointcode ofthe TMC location

DE: Text description of theegment

QD: Queuing direction. '+' of'! Note this is the opposite of the travel direction in the fully
qualifiedID

0 LE: Length of thesegmentThe units arspecified in the file header

O OO0 O oo

3 https://developer.here.com/documentation/traffic/dev_guide/topics/coramonyms.html
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o CF: Current Flow. This element contains spdethilsand Jam Factor information for the
given flow item

o0 CN: The Confidenceattribute which is a number between 0.0 and 1.0 indizatine
percentage of redime data included in thepeed calculatiorA value greater than 0.7
indicates reatime speeds; a value greater than 0.5 and less than or equal to 0.7 indicates
historical speeds value greater than 0.0 and less than or equal to 0.5 indicates speed limit.

0 FF: The free flow speed ondlsegment.

o JF:Jam Factor, saluebetween 0.0 and 10.0 indicating the expected quality of trélel.
Jam Factor will be 16n a closed segmemts theJam Factoapproaches 10,.the quality
of travel worses The value of1.0 indicates that a Jam Factor could not be calculated

0 SP: Speed (based on UNIT&ther kmph or mphcapped by the speed limit

0 SU: Speed (based on UNIT&ther kmph or mphnot capped by the speed limit

o TY: Type information for the givelocationreferencing container. This may bdreely
defined string

Figure6-8 Sample HERE data
6.2.2 Speed Data Comparison

To furtherevaluateand comparéoththe HERE speed dataé thelNRIX speed dataground
truth speed data was collected4dintrajectorie®n Kolb Rd during the peri@bf 7-9 AM, Noon

2 PM, and 46 PM on 03/21/201%igure 6-9 compare$HERE speed datdNRIX speeddatg and
groundtruth GPS datarlhe statistical measure MAPE is used to validatelMiRIX and HERE
average speed dalaring 15minute intervalsHERE speed data has a MAPE of 26%, and INRIX
speed data has a MAPE of 258howng that oth INRIX andHERE data overestimate actual
speed dthoughthe INRIX speed data on Kolbdd are slightly more accurate than HERE data.
In comparison with the resslshownin Figure 6-5, the MAPE ofthe INRIX speeddata on
03/21/2019 is significantly higher than that 06/19/2019. This inconsistent evaluation result is
probably becausahigherpercentage ahe data reporteafter June 2018ada score of 30 than
did the data reporteduringMarch 2019as shown irFigure 6-4.
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Figure6-9 Comparisorof speed data froHERE, INRIX, and GPS

In summary, INRIX data is more reliabiiring the daytimen weekdays because af
sufficientnumber ofsample vehiclesandthe accuracy idirectly related to sample size. With the
increase in theercentage of data reported with a score of 30, the INRIX speed data is more
accurate. Both INRIX and HERE data have a lower cost fordsecgke traffic monitoring and
operation than senstiased data. HERErqvides a public API, so HERE dataasnostfree.
However, the HERE dataas the limitation of data transactiomken using this free API license
INRIX and HERE speedatahave similar accuracgxceptfor the slight accuracy difference from
theuse ofXD segmentdy INRIX. Both INRIX and HERE data need to be tested and calibrated
before being applied because thbethtend to overestimate the actual spednost periods.

6.3STREETLIGHT DATA EXPLORATION

StreetLightData is crowdsourced datallectedby using smartphones as mobility sensors to
measure various multimatl metrics such as orighuestinationtrip counts segment vehicular
volumes, and turning movement coust These metrics are estimatég machine learning
algorithmswith the data collectetfom smartphones. Currently, StreetLigbataprovides only
long-term average dat@nd not anyeattime or shorterm data. One of the major advantages of
StreeLight Data isthat noexpensive fixed traffic sensoase neededlo assess StreetlLight data
guality, one year of MC data collected by Miovision sensors is aggregated into the annual average
hourly TMC and compared with StreetlLigitata. 115 study intersections equipped with
Miovision sensors are located within tRAG region, as shown iRigure 6-10, and these sensors

are managed by the Town of Marana and PCDOT.
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Figure6-10 Miovision sensor locations

Both Miovision and StreetLigHbataTMC datawere collected dr the year 2020Figure
6-11 compaes StreetLightDataandMiovision data. The overall Rquared valués 0.84,which
shows thattreetLightDataand Miovisiondata hae similar trend. However StreetLightData
was15% lower overall tharMiovision data And relatively manyStreetLightzero volumedgor
positive volume®n Miovisionwere identifiedand vice versa
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Figure6-11 Comparisorof Miovision data and StreetLight data

StreetLightand Miovisiondatawerealsocompared at each intersectifum eachhour of
the day. Our targehtervalis 15minutes,but 1hourwas the lowest temporal resolutiabwhich
Street Lightprovided data at the timEigure 6-12 (a)shows theMAPE values bythe hourof the
day for StreetLight data. Even thoughe MAPE valuesat some intersectiorare higher than
100%, most intersections have a MABPHessthan 50%. StreetLigHData has a higher MAPE
duringthe nighttimethan during thelaytimedue to reasons such lassoveralltraffic duringthe
nighttime and sdStreetLight hasesssample data durinthe nighttime Data collected by video
based sensoerealsoless accurate durirtpenighttime.

Figure 6-12 (b) shows theR-squared values bihe hour ofthe day for StreetLight data
Most intersections have andguared value larger than 0.8. Similar to the MABtEgetLight data
compares betteduring the daytime than the nightime. The high Rsquared valueshow that
StreetLightdatacapture similar trend of traffic volume as Miovision datat most intersections
even though the MAPE is relatively high.
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CHAPTER 7: INTEGRATION METHOD AND ACCEPTANCE
CRITERIA

This chapterexploreshowthe multiple data sourcesre integrated anasedto obtain regiorwide

traffic volumeincluding turning movement counts (TMC) and segment volsiii®C data can

be estimated by integrating evdyased data and road infrastructure data as shown in Chapter 5.
In order totestif crowdsourced data improse¢he accuracy otthe TMC estimation modelhé
impacts of adding INRIX speed datasasnput ontheperformance of th& MC estimatiormodel

are discussed and analyzelso, the segment volume estimation method is developed by
integratng video-basedTMC dataand estimated TMC data

A quality assurance and quality control (QA/QC) procedure is thenapmaio assesshe
traffic volume data directly collected from vidéased sensors atitetraffic volumedataoutputs
from the proposed estimation model. Acceptance criteria are developed based on the sample traffic
data assessment aaditerature revigv. Next, the developed acceptance criteria are appdied
validate theraffic volume datat thesample locations identifieid Chapter3.

7.1 DATA INTEGRATION ANALYSIS
7.1.1 TMC Estimation

The proposed TMC estimation methodG@hapter5 mainly uses everthased data to estimate
volume at signalized intersections. In addition to exmrsed data, INRIX speed data is available
on major corridors within the PAG regi@md can be usemsa modelinputin conjunction with
other data sourcde estimateTfMC. This section evaluaswhetherthe addition oiNRIX speed
dataas an inpuimprovesthe moded estimation performance.

To include INRX speed datasmodelinput, INRIX segmentsvere firstintegrated with
signalized intersections. Study intersections where grtrurtidl data were collected in 2019 and
2020were overlapped with INRIX segmerasd yieldedd4 intersectionsvith INRIX speeddata
usedto calibrat and est thanclusion ofthe speed data as model ingBiecause INRIX segments
do not cover some minor roads, some study intersectimtked INRIX data for one or two
approaches. The 44 study intersections and associated INRIX segments are shgune i+ 1.
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Figure7-1 Study intersections and associated INRIX segments

The proposed MLBbased TMC estimation modelith and withoutINRIX speed data
were compared with5-fold crossvalidation Table 7-1 and Table 7-2 show the model
performances with and without INRIX speed data, respectively. The validation tsulithat
no significant improvement in model performance is obsefmedMC estimation for 18ninute
intervalswith the inclusion oINRIX speed data. There are several possible reagoniNRIX
speeddatadoes not contribute significantly to the TMC estimation mo@ek possible reason is
that the reported INRIX speed has a latency gésé minutes(Kim & Coifman, 2014, and so
the speed datior a given 15minute intervaimay not exactly match the evehtised data during
the same 1fninute interval. Another possible reason is that the INRIX spém a 15minute
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interval may not accuratelycapturetraffic pattern changes during a short period, especially near
the intersection.

Due to the lack ofimportanceof INRIX speed data in the modehd the coverage
limitations of the INRIX segmens, the proposed odel mainly wses evenbased data without
INRIX data to estimate volume at signalized intersections. In the future, INRIX dptsmbuld
be considered for loagerm volume estimatigrsuch as AADT

Table7-1 Five-Fold CrossValidation with INRIX Speed Feature

Fold| RMSE_L RMSE_T RMSE_R| r2 L r2.T r2_R|%RMSE_L %RMSE_T %RMSE_R

0 14.93 35.36 19.63 0.53 0.83 0.20 [56.38% 26.73% 69.77%
1 17.84 37.50 22.56 0.69 083 0.38 [61.30%  30.26% 75.56%
19.80 44.03 22.34 0.33 0.87 0.23 [60.18% 29.74%  85.03%
17.91 42.03 21.79 0.50 0.89 0.08 [63.03%  34.28%  83.02%

A W DN

18.94 50.33 16.71 0.13 0.66 0.05 1[66.77% 33.62% 70.78%

Table7-2 Five-Fold CrossValidation without INRIX Speed Feature

Fold| RMSE_L RMSE_.T RMSE R| 2L r2.T r2_R |%RMSE L %RMSE_T %RMSE_R

0 14.58 35.63 19.68 054 0.83 0.20 [55.09% 26.93%  69.97%
1 19.14 39.76 21.72 0.66 0.82 0.44 |65.76% 32.09%  72.75%
2 20.64 39.69 21.60 0.28 0.90 0.28 [62.74%  26.81%  82.22%
3 18.52 38.83 20.75 0.50 0.90 0.13 [65.18% 31.67%  79.08%

4 18.15 49.64 17.35 0.18 0.69 0.01 |64.00% 33.16%  73.51%

Note:r2 _L: Rsquared of lefturn movement;
%RMSE_L: Percentage of RMSE of ldftrn movement

7.1.2 Segment Volume Estimation

Another important application ofhe estimated TMCand videebased TMCat signalized
intersections ishe estimation ofraffic volume on arterial segmenta.this sectionwe develop a
modelbased orthe relationship between segment volume and TMC atadj intersections and
evaluae its performance.

(1) Selectionof Study Locations
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First, study locationswvere chogen in the PAG region according to ground truth and
estimated TMC availabilityThe 11 segments witltheir associated upstream and downstream
intersectionghat were choseand used to evaluate the model performamest@own inFigure
7-2.

A |ntersection
A')A A Linates
P % _ Volume count
location
O ADA
A © AO A
RA o
b4 .‘)u dencery
- ¥y 7'\ ?
(o]
A0 A
5
V.
A
)
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Figure7-2 Study segment locations with caspondingupstream and downstream intersections

(2) Proposed Model
Segment volume is estimated from the traffic volume at the upstream intersection and

traffic volume at the downstream intersection. To facilitate the description of odelnthe
variable notationfor the relevantiata are summarized irable 7-3.
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Table7-3 Variable Notation Description

Notation Definition
X Distance from the segment traffic count location to the upstream intersectic
y Distance fronthe segment traffic count location to the downstream intersec
Up L Left-turn volume at the upstream intersection enteringégenent
Up_ T Through volume at the upstream intersection enteringegment
Up_ R Rightturn volume at the upstream intecsion entering theegment
Down_L | Left-turn volume at the downstream intersection exitingségment
Down _T | Through volume at the downstream intersection exitingégeent
Down _R | Rightturn volume at the downstream intersection exitingsggament
Q Segmentraffic count collected at the segment traffic count location
OUT_x | Exiting volumebetween the upstream intersection and the count location
OUT_y | Exiting volumebetween the downstream intersection and the count locatior
IN_x Entering volume between the upstream intersection and the count location
IN_y Entering volume between the downstream intersection and the count locati

Figure 7-3 shows alltraffic components of an arterial segment. The entering traffic
consists othetraffic that entergrom the upstream intersection ahetraffic that enterslong the
segment, antheexiting traffic includeghetraffic that exitsalong the segment and ttraffic that
exits atthe downstream intersection. Once the segrraffic count location is determinethe

segmentraffic countd canbe calculatedvith the following equations.

Up_L Distance: x Distance:y Down_L
A
Down_T
Out_x
— Out
Up_R ut_y IN_y Down_R
Figure7-3 Traffic componets on a segment
0 YR'Y YRd YRy Obw O Y% Eq.7.1
0 OL0%Y Ot0B OLO¥ O°Y® "Olm 9.1

Combining these two equations above yidlds 7-2:
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Where:
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Ny T Ny T ‘ Eq7-3
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And

OO0 00w "Oliw
y : Eq.7-4
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Assuming that trip attraction and generation are evenly distributed along a segment, the
difference between attraction and generation along subsegxaardy can be calculatedith the
following Eqg. 7-5:

. W .
Otw 0 Y o o ‘00 0 Y'Y
L I Eq.7-5
Oiw U YW —— 00 U Y'Y
W W

(3) Evaluation Results

We first estimated daytime (@m i 6 pm) TMC at all upstream and downstream
intersetions with eventbased datand the modebroposed in Chapter. 3 hen,thoseestimated
TMC were used to estimate segment volisweith the methodproposed immediately abave
Figure 7-4 compaesthe estimated and grourduth data by locatiorMlost study locations have
a relatively high RSquared valueshowing that the estimated segment volume highly correlates
with the actual volume. Howevethe three locationsA-202, A-38, and A12) have lower R
squared values than other locatippsssibly due tthatthe training dataset feihe TMC estimation
modelonly cantained data fronpeakhoursfor these three segmenihen the calibrated TMC
estimation model is used to estimatemdiak TMC at upstreaand downstream intersections, the
TMC estimationrmodel may not capture thodf-peaktraffic trend and thus causargeerrors for
the segment volumestimation model

To analyze the impactsf time period selection on model performanttee segment
volumes during only thepeak hours (¥ 9 AM and 4- 6 PM) were alsoestimated and compared
with groundtruth data. The MAPE measure is used to quantify and compare the model
performanceluringonly the peak hourwith the entire daytimerigure 7-5 compars the MAPE
valuesby location. Some locations, such asl32, do no have a significant change in model
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performance because their associated upstream and downstream intersections have similar traffic
patterns during peak and gieak hours. The model performance of some locations, such as A
194 and A38, significantly inceases when only using pelagur TMC. Because traffic patterns

during peak and ofpeak hours at these locations may be significantly different, the calibrated
TMC estimation model cannot be used to estimate segment volume durpepkfhours.

It was found that the location of 65 NB with the highest MAPE value duritige entire
daytime does not experience a significant decrease in MAPE durintp@aakThis result shows
thatthetime period selection is not the main cause ofdhgeerror at B265_NB. After checking
the geometric design and environmental building of this segment, it was observed that multiple
side streets connect with this segment and cause more trip attraction and generation. Trip
generation and attraction are not evenly distritdaleng this segment, and therefahe proposed
model has #argeestimation errofor this segment
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Figure7-4 Comparisorof estimated androundtruth hourly segment volumes f@rami 6 pm
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Figure7-5 Model performance by location
7.2QUALITY ASSURANCE AND QUALITY CONTROL PROCESSES
7.2.1 QA/QC Procedures

The three major data sources used in pinggectneed QA/QC procedures to control the quality
andensureoutputof high quality. The first data source is traffic volume data directly collected by
video-based sensors, which can be used for-tengn traffic monitoring. The second data source
is eventbased data collected by traffic controllers. This data is masdy to estimateurning
movement counts (TMC) at signalized intersections. The third data source is-gughnedlume
data, which is used fdhe proposed MC estimatiormethod and videbased volume evaluation.

Figure 7-6 shows the QA/QC procedures applied to these three traffic data sources,
including data collection, quality check, and data cleaning.
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Figure7-6 QA/QC Procedures for traffic data in the PAG region

The firg step of the QA/QC procedure is to collect raw traffic data in the PAG region,
including the videdbased sensor datéa theMiovision APl and evenbased data archived the
MaxView database. The growtdith data provided by PAG includes turning movatreouns at
signalized intersectionslext, multiple criteria are applied to check the quality of these three data
sources. Three basic validity checks are developed to filter volume data collected blyasddo
Sensors

o0 Gap checkldentify all missingperiods and locations

o Consecutive zero check: The videased sensors may report zero cars consecutively.
When consecutive zeros are reported, the data needs to be checked with historical data to
identify the reason causing consecutive zeros, @it be because of no cars present or
data collection issues.

o Range checKdentifyall outliers

The outliers in raw videtased volume data could either be removed or checked by
studying videos, as lowuality groundtruth data could have a negative gep on model
calibration and evaluatiof.o ensuréhigh-quality evertbased datavith which to estimatéraffic
volume, six validity checke/ere developed to chetkeraw eventbased data

o Controller type: The controller type at a locationust bechecledto determingf it is a
controller for a signalized intersectiom, pedestrian crosswalk, at HAWK. Only
controllers at signalized intersections can collect vehicle detection events.
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o0 Signal strategy: Most signalized intersections apply eight or fewenaighases. If the
number of signal phases is larger than eight, the extra signal phastx identified and
removed.

o Detector layout For an approach at a typical signalized intersection, one detector is
commonlyconfigured onthe left-turn lanes andrether detector othe through lanes.
Therefore, each approach should have two detectors. If only one detector is configured on
an approach for detecting vehicles from all movements, the data on the approach is not
applied to the model. Also, when the nwenlof detectors is greater than two on an
approach, the detector layautistbe checked. Evetitased data for the intersections with
unclear detector layaositcan be removed.The intersections equipped with Miovision
sensorss one othespecial typsof intersections witla differentdetector layout. Although
the everntbased data from these intersections is not applied to the TMC estimation model,
the TMC data can bdirectly collected fronthe Miovision platform

o Fixed signal timing: An intersectioroperating with fixed signal timing is commonly not
configured with detectors andeeds tobe removed because no actuation events are
generated

o Communication loss check A controller may have communication loss, causing event
based data records to betloBhe data during periods with communication lossstbe
removed after checking communication events.

o Data completeness checkAfter matching detection events and signal events, data
completenesmustbe checkedo ensure both detection events and sigwehts for each
approach of an intersection exists during all peridfissome periods have missing
detection eventdataor signal eventghese periodsiustbe removed; if data is consistently
missing at an intersection, the corresponding intersentigibe removed.

After checking the validity of these three data sources, the invalid data and atypical data
will be processed further based on the data cleaning protocols. The small amount of missing video
based volume and growtdith volume datanustbereplacedvith data from the same time period
of a different week or month. For missing and invalid exergied data, the collection period will
simply be removed without replacement. After cleaning and processing the raw data, the video
based sensarolume data will be aggregated into-dbnute intervals, and the evedtased data
will be used to estimate Ifhinutevolumes. The next step is to check if thesgminute volumes
meet the developed acceptance criterianolf further data cleaning and egment checks are
needed.

7.2.2 Acceptance Criteria Development

Developing acceptance criteria is one of the most important steps in the QA/QC procedures.
Acceptance criteria for QA/QC refer to a set of predefined data quality requirements that must be
met for he videebased volume data and estimated volume data to be used for specific analyses.
Figure 7-7 illustrates the processes through which the acceptance careebaingdeveloped for
video-based volume data and estimated volume data.
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Figure7-7 Process of acceptance criteria development for traffic volume data
1 Step 1: Definethe requirement

Defining a requirementis the first step in the acceptance criteria development. In this
project, 15minute interval TMC dataand road segment volume data egquired by PAGoO
calibrate theegional transportation model. TMC data can be directly collected from smart sensors
implemented in the PAG region or estimabexin traffic signal controller everltased datand
the modeldeveloped inChapter5.2.1 Road segment traffic volume data can be estimated by
integraton of multiple source dataandthe nodeldeveloped in Chapter.1.2.

1 Step 2: Literature review and sample data assessment

The quality of TMC collected by smart sensors depends on multiple factors such as traffic
sensor brand, camera position, angle of sensors, and detection time. To fully undgnstaatl
traffic volume estimation accuracy aride average data quality of traffic sensareluding
Miovision, Autoscope, and lteris sensors, a comprehensive literature reviewowasand is
summarizedn Table 7-6 andTable 7-7. Table 7-6 shows thathe error rate variesubstantially
by brand and aggregan level. The traffic data accuracy report of Miovision Technologies Inc
repors 95% accuracy kenthe video quality and camera position requirements provided in the
report are meflTable 7-7 summaizes the finding®f the accuracyf road segment traffic volume
estimation.

Table7-4 Summary of Traffic Volume Data Quality from Different Traffic Sensors

S Collection
Reference Applications Data Method Accuracy
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C Transportation
(Mlovzlzlgn.com, planning and 15-minute TMC Miovision Error rate: < 5%
2029 operaions
Principal arterials:
Long-range Hourly & NA 15%
planning Daily volume Minor arterials: 20%
Collectors: 25%
Traffic simulation 15minuteTMC NA Error rate: 510%
(Eeige et al, Monthly count
2004 station volume | Tourly volume for NA %RMSE: 2%
consecutive days
reports
Traffic data
collection and Hourly volume Loop MAPE: 4.4%
archiving in Austin, detectors RMSE: 131 veh
Texas
(Ahn etal., Data quality white Traffic sensor datg NA Error Rate: < 15%
2009 paper
(Middleton et Accuracy e\(/jalqar':ior 5-minutevolume Aug);?pe 2.1-3.5% (per lane)
al., 2003 bcom_pare wit . Iteris Error Rate: 5.112.5%
aseline loop data| 5-minutevolume
Vantage Prg (per lane)
Error Rate: 5.8 17%
Daily freeway Autoscope (per lane)
Accuracy evaluatior volume 2004 RMSE: 22.9-60.4
. compared with veh(per lane)
(Kranig, 199§ baseline loop data Error Rate: 1.3%
Daily intersection | Autoscope 10.3% (per lane)
volume 2004 RMSE: 10.3-46.4
veh(per lane)

Table7-5 Literature Summary of Segment Volume Estimation

. Estimation
Reference Applications Data Sources Method Accuracy
Segment volume . MAE: 200.
(Caceres et al., estimatiorfor Cellular Phone Production 240 veh/n;
2012 1-hour intervad Data functions Error Rate:
22%
Segment volume - ) Geometric
(Zhang ¢al., estimationfor Insufficient TMC’ matrix MAPE: 10%
. Crowdsourcing . 0
2020 15-minute completion 45%
. speed data
intervak model
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(Zhan et al Segment volume Bayesian ye?mllirili
a estimaton for GPS, POI y ]
2017 5 minuteintervak network Error Rate:
24%-50%

To further analyze thdat accuracy in the PAG region, the videased sensor data and
estimated volume dateere compared with grountluth data-Table 7-8 summarizes the results
of thetraffic volume dataccuracyassessment in the PAG region based omgbls of previous
tasksin this project. The average %RMSE of most Miovosion data is lower tharbd0aries
by intersectionOf the Miovision intersections, those with two cameras have more accurate data
than those with one cameréhe volume data collected by Autoscope dtap detectors has an
RMSE of 13 veltles perdane anda %RMSE of 15% during peak hours.

Table7-6 Traffic Volume Data Assessmenttime PAG Region

Time Accuracy
Categor Sensor interva Data Measure
gory type | description Total | T* LT* RT*
Miovisi | 15 4 RMSE/lane| 16 19 11 18
on minutes intersections| % RMSE 36% | 29% | 33% 41%
Video- (1 day, peak | MAPE 35% | 19% | 34% 53%
based hours) RA2 0.8 0.5 0.7 0.7
volume Autosc | 15 1 intersection RMSE/lane| 13 16 6 15
data ope | minutes| (1day, peak % RMSE 15% | 10% | 16% 31%
P hoﬁrps) MAPE 19% | 12% | 13% | 35%
RA"2 098 | 0.95| 0.74 0.67
Estimate | Event . 84 . RMSE 28 Sl 15 17
4 TMC based 15 intersections . .
minutes | for model % RMSE 48% | 17% | 51% 75%
data data calibration
RA"2 0.55 | 0.81| 057 0.27
(peak hours)
Estimate RMSE/lane| 21 \ \ \
d Event 15 18 locations % RMSE 21% \ \ \
0,
segment | based minutes| (7ami 6pm) MAPE 18% \ \ \
volume data RA2
d 0.83 \ \ \
ata

T*: Through moement; LT*: Left-turn movement; RT*: Rightturn movement

1 Step 3: Acceptance criteria establishment

Based on the summary of the relevant literature and sample traffic volumecdatacy
assessment results, the preliminary acceptance criteria for different data semecdsveloped
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and aresummarized inTable 7-9. Theaccuracy measurassedincluded RMSE, %RMSE, R
Squared, and MAPE. The camed Miovision sensors may be sensitive tghliing thus, the
acceptance criteritor Miovision datawere definedseparatelhfor daytime and nighttime. Final
acceptance criteria wilbe determined after discussiwith PAG andmight beadjusted if more
databecomesvailable for validation in the fure

Table7-7 Preliminary Acceptance Criteria f@6-minute IntervalTraffic Volume Data

Data Sourceq Time of Day Measures Acceptance Criteria
Total T LT* RT*
RMSE/lane 10 10 8 20
. %RMSE 25% 20% 25% 50%
ram7pm (Daytime) ¢ < - red 0.9 08 08 05
Miovision MAPE 20% 15% 20% 40%
RMSE/lane 8 5 5 8
L %RMSE 25% 20% 25% 50%
7pm-7am (Nighttime) —p "= - = red 0.9 0.9 0.9 06
MAPE 20% 15% 15% 35%
RMSE/lane 20 25 15 20
Autoscope / %RMSE 20% 15% 20% 35%
R-Squared 0.9 0.9 0.7 0.6
MAPE 25% 20% 20% 40%
Estimated RMSE/lane 25 30 20 5
using event / %RMSE 40% 45% 55% 65%
based data R-Squared 0.80 0.7 0.5 0.3
MAPE 40% 50% 60% 70%
Estimated RMSE/lane 30 \ \ \
segment / %RMSE 30% \ \ \
volume R-Squared 0.75 \ \ \
MAPE 25% \ \ \
T*: Through moement; LT*: Leftturn movement; RT*: Rightturn movement

7.2.3 Traffic Volume Validation

To further evaluate the traffic volume data quality of the propestichation nedel and smart
sensorsmoregroundtruth TMC data at 50 intersectiongmecollected in 2020. These 50 sample
locationswere chosn based on the sampling methodology Chapter3. Three of these 50
intersections werased to validat®liovision TMC data Five intersectionsvere excludediue to
data quality issuesnd the remaining2 intersectionsvere used to validate tHMC estimation
model. The validation results are summarizedable 7-10.
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Table7-8 Results of MC Data Validation ithe PAG Region

Category | Sensor Time Data Measure Accuracy
type interval description Total T* LT* RT*
TMC Miovisi | 15 3 intersections| RMSE/lane| 15 12 11 15
collection on minutes (5ami 9pm) % RMSE 30% | 27% | 40% | 52%
MAPE 34% | 22% | 36% | 52%
RA2 085 | 0.7 0.5 0.5
TMC Event | 15 42 intersectiony RMSE/lane| 17 20 13 18
estimation| based | minutes (peak hours) % RMSE 48% | 329% | 54% | 75%
data MAPE | 45% | 35% | 39% | 64%
R"2 089 | 086 | 0.61 | 0.34
T*: Through movement; LT*: Lefturn movement; RT*: Righturn movement
Note: Segment volume estimation validation will be done if morelzEtamesvailable

(1) Miovision TMC Data Validation

Validation of the Miovision TMC datancludedthethreeintersection®f La Cholla Blvd
& Orange Grove Rd (IntID of 121), La Cholla Blvd & River Rd (IntID of 138), and Craycroft Rd
& River Rd (IntID of 151). The onelay TMC data of these three intersectiovese collected
during daytime (5:00 an8:00 pm) and the validation results are showRigure 7-8.
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Figure7-8 Validation of Miovision TMC data

(2) Estimated TMC Data Validation
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PAG collected TMC datérom 47 intersection$o validatethe TMC estimationmodel.

After checking the quality adheeventbased datat all 47 intersection® were removed and the
remaining42 were used fovalidationasshown inFigure 7-9.
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Figure7-9 Intersections used to validate TMC estimation model gittundtruth data

Figure 7-10 shows the results othe estimatedTMC model validation. Themodel
performance varied by turning movemenith betterthrough movement results than left and right
turn movement resulst most intersectiong hemodelperformance also varied by intersection
and some outliers iRigure 7-10showsthat the proposed methas some limitationsn its ability
to estimate TMCat some intersectiongigure 7-11 shows the evaluation results at 42 study

intersections, and the overall R"2 is 0.8baddition,Figure 7-12 shows the evaluation results
during peak hours and daytime by intersection.
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Figure7-11 Evaluation results at 42 intersections
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CHAPTER 8: LARGE-SCALE TRAFFIC DATA COLLECTION
AND ANALYSIS

This chapter discussthe collection methods and analyses of lesgale traffic signal controller
eventbased data and viddmased volume datén the PAG region, the Town of Marana and the
Pima County Department of Transportation (PCDOT) curresdytie Miovision system, a large
scale videebased traffic detection, management, and analysis Ads®, multiple jurisdictional
partnersusethe MaxView system for traffic signal management, which stores-#&asatd data in
the MaxView database.

Chapter8.1 and 8.2 focus on Miovision and MaxView data collection and analyses. The
largescale videebased volume data sourced from Miovision sensors wed 10 understand
regional spatial and temporal traffic patterns. Laggale traffic controller evefitased data was
collected from the City of Tucson MaxView database, aWL at all signalized intersectiain
the regionwere estimated with the propogdéd P modelin Chapter 5This chapter also discless
the collection ofegionwide intersection infrastructure dataed to estimate TMC

8.1LARGE-SCALE VIDEO-BASED VOLUME DATA COLLECTION AND
ANALYSIS

8.1.1 Data Collection

Miovision data was collected from Janydr, 2020 - .

to DecembeB1, 2020. As of December 2020, thert

were a total of 122 Miovisicequipped intersections : _!--
in the PAG region thatvere accessible using the ‘ia.él
Miovision API. Of these 122 intersections, 109 a .4 .
managed by PCDQTand 13 are located in dn wte_§
managed by the Town of Marana. Tbd@rizona 3

team used the API to retrieviee TMC collected at x ¢
these intersectionsvhich are shown irFigure 8-1. 3
However, 2 intersections in Marana and 8 L efRar |
intersections managed by PCD@e&re listed with no %
data in 2020The possible reasoff@r missing data or .
information are summarized Trable 8-1.

Town of Marana
© Without data
@ With data

PCDOT Region

L) O Without data

@ With data

Figure8-1 Intersections with Miovision sensors ar
data available via the API

80



The Miovision data collected from the Miovision cloud server can proviaenlinterval
TMC data. The 4min interval TMC data has been aggregated to-eitbinterval and stored in
an MS Access database.

Table8-1 Summary ofPossibleReasongor Intersections without Miovision Data During 2020

Intersection Name Possible Reason

1 Alvernon Wy / Ivington Rd Configured with all required devices bl
no data

2 Campbell Ave Speedway Bid No Miovision sensor installed

3 Speedway Bid / Alvernon Wy No Miovision sensor installed

4 Speedway Bid / Tucson Bld No Miovision sensor installed

5 Desert View HS v / Valencia Rd SmartSense not acteait

6 Maryvale Awe/ Ruthrauff Rd No SmartSendenstalled

7 Sunrise Dr / Via Palomita No IO configuration; SmartSense not
actuaed

8 The Loop / West Starr Pass Blvd Test site

9 North Cortaro R.d and West Arizond No video detection

Pavilions Dr
10 West Ina Rd ar;%lvc;/rth Casa Grande No video detection

8.1.2 Data Completeness Analysis

A Miovision TMC data completeness metric was developed to evaluate the level of data
availability for a specific time period. For
Aempl et e eminiintervad TMC ddtebwere available for a given period. Three measures of
data completeness are introduced to measure Miovision TMC data completeness. These measures
can reflect the degree of data missing at-anirbinterval level, ddy level, and monthly level:

0 The percentage of data lossper_los$. the number of 15nin periods without any data
divided by the total number of 4&in periods during the entire year of 2020, as shown in
Table2 and Table.

o The number of days with data fumber_days the number of days with any Miovision
data, as shen in Table2 and Table.

o Data missing for an entire month vhole_month_missin)g refers to monthsvith no
TMC data aall, as shown iTable 8-2 andTable 8-3.

4 Miovision SmartSense is the devitmtprocesssthe videos collected by Miovision SmartView cameras.
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Based on the summary of intersection data completeness in the Town of Marana (as shown
in Table 8-2), the data at two intersections, North Cortaro Ridatkst ArizonaPavillionsDrive
and WestlnaRoadNort h Casa Grande Hi ghway,| wéadao andl u
available data for 2020. In addition, the intersection of North Dove Mountain BouleWaedt
Moore Road harelatively low data quality with 89% total data missing, and onlyevaverand
Deember2020 with any available data. One possible reason is that the data collection module
and hardware weneot correctly configured at that locatiamtil November2020.

Table 8-3 shows the summary of data completerstgatersections managed B DOT.
Nineintersections(Alvernon Wy/Irvington Rd, Campbell A/Speedway Bid, Desert View HS
Dw/Valencia Rd, Maryvale A&/Ruthrauff Rd, Speedway W®&l/Alvernon Wy, Speedway
Blvd/Tucson BVd, Sunrise Dr/Via Palomita, The Loop/West Starr Pakal Band Broadmont
Dr/Palo Verde Ré) have no data availabl e, noted as 1
relatively reliable data quality with at least partial data available every month.

Table8-2 Miovision TMC Data Completeness Summary in Town of Marana

name latitude longitude owner number_camere data_collection per_loss number_days vhole_month_missir
1 West Ina Road and North Thornydale Road 32.33774 -111.04732Town of Marana lyes I 13.8% 365None
2 West Ina Road and North Starcommerce Way 32.337395 -111.07274Town of Marana 1lyes | 0.6% 364 None
3 West Ina Road and North Oldfather Road 32.337433 -111.055725Town of Marana lyes I 4.1% 351 None
4 West Ina Road and North Meredith Boulevard 32.337334 -111.04335Town of Marana 1lyes I 2.8% 359 None
5 North Dove Mountain Boulevard and West Moore Road ~ 32.44278 -111.071773Town of Marana lyes B 89.0% 42 January ~ October
6 West Ina Road and North Camino de los Capas 32.337826 -111.061035Town of Marana 1lyes 0.1% 365 None
7 North Thornydale Road and West Orange Grove Road ~ 32.323593 -111.04625Town of Marana 2yes Bl 25.9% 314 January
8 North Thornydale Road and West Horizon Hills Drive 32.330265 -111.04639Town of Marana lyes I 3.5% 353None
9 North Thornydale Road and West Costco Drive 32.32628 -111.046234Town of Marana lyes 1 4.8% 349 None
10 North Silverbell Road and West Ina Road 32.337406 -111.08835Town of Marana 1lyes | 0.5% 364 None
11 North Silverbell Road and North Cortaro Road 32.34848 -111.09943Town of Marana 2yes I 5.9% 344 None
12 North Cortaro Road and West Arizona Pavillions Drive  32.35609 -111.093376Town of Marana 2no 0 All
13 West Ina Road and North Casa Grande Highway 32.3378  -111.0679Town of Marana 1no 100.0% 0All

5 There was only one data record in 2020.
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Table8-3 PCDOTMiovision TMC Data Completeness Summary (1/2)

name latitude longitude owner number_cameras data_collection per_loss number_days whole_month_missing

1 1st Av/ Christie Dr/ Ina Rd 32.33725895  -110.9607295 PCDOT 1lyes 364 None

2 1st Av / Orange Grove Rd 3232290563  -110.961137 PCDOT lyes B ] s523% 175 July ~ December

3 36th St/ Palo Verde Rd 32.18878333  -110.9171635 PCDOT lyes B | s546% 167 July ~ December

437th St/ Golf Links Rd / Palo Verde Rd 3219214273  -110.9139865 PCDOT 1yes [ ) None

5 Abrego Dr/ Continental Rd 31.8521251  -110.9877744 PCDOT lyes | 22.1% 289 January ~ February

6 Abrego Dr / Esperanza Bl 31.87023977 -110.9886053 PCDOT lyes B | s523% 183 January ~ June

7 Aero Park Bl / Nogales Hy / Vamori St 32.11079287 -110.9603317 PCDOT lyes | 21.3% 289 January ~ February

8 Aerospace Pw / Nogales Hy 32.09022563 -110.9593443 PCDOT lyes | 20.8% 290 January ~ February

9 Aerospace Pw / Raytheon Pw 32.08559261 -110.9483843 PCDOT lyes | 21.1% 290 January ~ February
10 Ajo Wy / Alvernon Wy 32.17545375  -110.9106563 PCDOT lyes B 27.7% 290 January ~ February
11 Ajo Wy / Dodge BI 32.17697484  -110.9139505 PCDOT lyes | 21.2% 290 January ~ February
12 Ajo Wy / Palo Verde Rd 32.17795523  -110.9177047 PCDOT lyes || 30.3% 288 January ~ February
13 Alvernon Wy / Brandi Fenton Dw / River Rd ~ 32.27489372  -110.9187301 PCDOT 2yes | 21.1% 289 January ~ February
14 Alvernon Wy / Dodge Bl 32.27285061  -110.9141501 PCDOT lyes Bl 19.1% 296 January ~ February
15 Alvernon Wy / Irvington Rd 32.16312576  -110.9092097 PCDOT 1no 0 All
16 Alvernon Wy / Valencia Rd 3213423016  -110.9095063 PCDOT 1yes B 9% 363 None
17 Benson Hy / Palo Verde Rd 32.15203787 -110.9176529 PCDOT lyes | 70 January ~ September
18 Benson Hy / Swan Rd / Valencia Rd 3213439081  -110.891969 PCDOT 1yes B0 84w 363 None
19 Broadmont Dr / Palo Verde Rd 32.18437707 -110.9177743 PCDOT lyes 1 February ~ December
20 Calle Bosque / Territory Dr / Craycroft Rd 3229949491  -110.875294 PCDOT lyes B 2% 184 January ~ May
21 Calle del Marques / Sunrise Dr 3230831693  -110.898742 PCDOT 1yes I oaw 364 None
22 Camino Casa Verde / La Canada Dr/ Pase 31.88566734  -110.9949061 PCDOT lyes | 23.2% 287 January ~ February
23 Camino de la Tierra / Ina Rd 32.3374711  -111.0378173 PCDOT 1yes _ 362 None
24 Camino De La Tierra/ Orange Grove Rd 32.3232125  -111.0373654 PCDOT lyes 365 None
25 Camino de la Tierra/ Valencia Rd 32.13374972 -111.037336 PCDOT lyes Bl 19.4% 297 January ~ February
26 Camino de Oeste / Valencia Rd 32.13343924  -111.0628477 PCDOT lyes | 20.3% 293 January ~ February
27 Camino Del Sol and Camino Encanto 31.82762282  -111.0123131 PCDOT lyes || 28.9% 296 January ~ February
28 Camino Verde / Valencia Rd 32.13339829 -111.105996 PCDOT lyes | - 21.2% 295 January ~ February
29 Campbell Av / Skyline Dr 32.32263521 -110.9291383 PCDOT 1yes 0 s8% 353 None
30 Campbell Av / Speedway BI 32.23595093 -110.9438957 PCDOT 1no 0 All
31 Campo Abierto / Sunrise Dr 32.32052627 -110.919 PCDOT 1yes I o 363 None
32 Campus Park Wy / Shannon Rd 32.34468432  -111.0290505 PCDOT 1yes B | s18% 177 January ~ June
33 Cardinal Av / Drexel Rd 32.14830067  -111.0286945 PCDOT lyes B s00% 183 January ~ June
34 Cardinal Av / Valencia Rd 32.13377634 -111.0287672 PCDOT lyes | . 28.1% 296 January ~ February
35 Casino del Sol Dr/ Valencia Rd 32.13344351  -111.0841555 PCDOT lyes | 18.9% 297 January ~ February
36 Cloud Rd / Sabino Canyon Rd 32.26905761 -110.8410733 PCDOT lyes | - 20.7% 290 January ~ February
37 Club Dr/ Shannon Rd 32.35901073  -111.029655 PCDOT lyes B 297% 185 January ~ May
38 Colossal Cave Rd / Mary Ann Cleveland Wy~ 32.0501602  -110.7054244 PCDOT 1yes [ 03% 364  None
39 Continental Rd / Continental Plaza /119 Frc ~ 31.851527956  -110.9959443 PCDOT lyes H  s891% 58 January ~ February, June ~ Deceml|
40 Continental Rd / La Canada Dr 31.85243017 -110.9993233 PCDOT lyes B 41.5% 224 January ~ February
41 Cortaro Farms Rd / Magee Rd / Shannon Rd ~ 32.35434245  -111.0325165 PCDOT 1yes I 2% 359 None
42 Cortaro Farms Rd / Oldfather Dr 32.35000325 -111.0554235 PCDOT lyes B | s38% 169 January ~ June
43 Cortaro Farms Rd / Thornydale Rd 32.35005216 -111.0468971 PCDOT 1yes I 3w 358 None
44 Craycroft Rd / River Rd 32.27345335  -110.8750915 PCDOT lyes | o 20.0% 294 January ~ February
45 Craycroft Rd / Sunrise Dr 32.30873220 -110.8750117 PCDOT 1yes I oaw 365 None
46 Curtis Rd / La Cholla BI 32.30147944  -111.0120965 PCDOT lyes | - 19.9% 293 January ~ February
47 Desert Bell Dr/ La Canada Dr/ La Canoa 31.88153409 -110.9949103 PCDOT lyes B Jer.sw 120 January ~ August
48 Desert View HS Dw / Valencia Rd 32.13431494  -110.9029799 PCDOT 1no 0 All
49 Drexel Rd / Mission Rd 32.14837783  -111.0130987 PCDOT lyes H 807 71 January ~ September
50 Drexel Rd / Palo Verde Rd 3214886783 -110.9177837 PCDOT 1yes [ None
51 East Catalina Highway / North Mount Lemn 32.303238 -110.74594 PCDOT lyes R 2% 135 January ~ June, Decemebr
52 Esperanza Bl / La Canada Dr 31.87046909  -110.9953129 PCDOT lyes ] 21.3% 294 January ~ February
53 Flowing Wells Rd / Wetmore Rd 32.28680765 -110.9950695 PCDOT lyes | 28.7% 294 January ~ February
54 Foothills Mall Dr/ La Cholla BI 32.34391059 -111.012763 PCDOT lyes Bl 20.1% 294 January ~ February
55 Hardy Rd / La Canada Dr / Overton Rd 32.3665018 -110.9956794 PCDOT lyes | 33.7% 244 October ~ December
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Table8-3 PCDOTMiovision TMC Data Completeness Summary (2/2)

56 Hardy Rd / Thornydale Rd 32.36637564 -111.0468453 PCDOT lyes | 1.8% 360 None
57 Hermans Rd / Nogales Hy 32.10516563  -110.9600545 PCDOT lyes B 19.6% 294 January ~ February
58 Hospital Dr/ La Cholla Bl 32.31937347  -111.0121271 PCDOT lyes B 19.6% 294 January ~ February
59 Houghton Rd / Sahuarita Rd 31.96304915 -110.7725582 PCDOT lyes B 20.0% 293 January ~ February
60 Ina Rd / La Canada Dr 32.33718953  -110.9951465 PCDOT lyes I 10.3% 364 None
61InaRd/LaChollaBI 32.33728245 -111.0127097 PCDOT lyes 1 10.1% 360 None
62 Ina Rd / Mona Lisa Rd 3233732949  -111.0206935 PCDOT lyes 0.3% 364 None
63 Ina Rd / Pima Canyon Dr/ Skyline Dr 32.33603431 -110.947179 PCDOT 1lyes | 6.3% 344 None
64 Ina Rd / Shannon Rd 32.3373935  -111.0294575 PCDOT lyes o 13.2% 343 None
65 Ina Rd / Westward Look Dr 32.33715135  -110.9680662 PCDOT 1lyes 0.4% 364 None
66 Kinney Rd / Western Wy 32.18565683 -111.09257439 PCDOT lyes ~ 88k% 43 January ~ October
67 Knollwood Dr/ River Rd / Sabino Canyon Rd  32.27245263  -110.8392363 PCDOT 1lyes ] 22.0% 287 January ~ February
68 Kolb Rd / Mountain Shadows Pl / Ventana 32.31804499 -110.849252 PCDOT 1lyes B 24.3% 292 January ~ February
69 Kolb Rd / Sabino Canyon Rd 32.28080113 -110.8369351 PCDOT lyes B 31.1% 253 January ~ March
70 Kolb Rd / Snyder Rd 32.29433952  -110.8395853 PCDOT 1lyes | o 19.6% 295 January ~ February
71 Kolb Rd / Sunrise Dr 32.30885373  -110.8443967 PCDOT 1lyes 0.1% 365 None
72 La Canada Dr/ Magee Rd 32.35179747  -110.9957011 PCDOT lyes B 20.8% 294 January ~ February
73 La Canada Dr/ Orange Grove Rd 32.32321183  -110.9952124 PCDOT 1lyes ] 2.8% 360 None
74 La Canada Dr/ River Rd 32.29746397  -110.9951932 PCDOT lyes [l 10.6% 364 None
75 La Cholla Bl / Magee Rd 32.34797055 -111.0127703 PCDOT 1lyes | 1.8% 359 None
76 La Cholla Bl / Omar Dr 32.33273816  -111.0129703 PCDOT 1lyes B 19.8% 295 January ~ February
77 La Cholla Bl / Orange Grove Rd 32.32316183 -111.0121763 PCDOT 2yes ] 3.2% 364 None
78 La Cholla Bl / Overton Rd 32.37356711  -111.0127937 PCDOT 1lyes | 1.7% 360 None
79 La Cholla Bl / River Rd 32.3051816  -111.0120923 PCDOT 2yes I] 15.2% 330 None
80 La Cholla Bl / Rudasill Rd 32.31569653 -111.0120094 PCDOT lyes B 21.2% 288 January ~ February
81 La Cholla Bl / Ruthrauff Rd 32.29436209 -111.0121012 PCDOT 2yes | 1.3% 365 None
82 Linda Vista Bl / Thornydale Rd 32.38074063 -111.0469182 PCDOT lyes | 0.4% 364 None
83 Magee Rd / Shannon Rd / Tuscany Dr 32.34801166  -111.0248093 PCDOT lyes I 1.9% 360 None
84 Magee Rd / Thornydale Rd 32.35177494  -111.0468792 PCDOT lyes B 20.6% 292 January ~ February
85 Mark Rd / Valencia Rd 32.13342132  -111.0719102 PCDOT lyes Bl 19.1% 296 January ~ February
86 Maryvale Av / Ruthrauff Rd 32.20425322  -111.0248575 PCDOT 1no 0 All
87 Mission Rd / Valencia Rd 32.13385869 -111.0160387 PCDOT lyes B 27.8% 290 January ~ February
88 Nogales Hy / Old Nogales Hy 32.0765433 -110.9585891 PCDOT lyes B 19.3% 295 January ~ February
89 Orange Grove Rd / Shannon Rd 32.32315812 -111.0289581 PCDOT lyes .:l 29.5% 258 October ~ December
90 Orange Grove Rd / Skyline Dr 32.32569467 -110.9386701 PCDOT lyes | 0.8% 364 None
91 Overton Rd / Shannon Rd 32.37360614 -111.0300115 PCDOT lyes | 1.9% 359 None
92 Overton Rd / Thornydale Rd 32.37354945  -111.0469092 PCDOT 1lyes | 1.6% 361 None
93 Pontatoc Rd / River Rd 32.27759303  -110.9053885 PCDOT lyes B 21.1% 291 January ~ February
94 Pontatoc Rd / Sunrise Dr 32.3082625 -110.9025325 PCDOT lyes 0.1% 365 None
95 River Rd / Swan Rd 32.27934243  -110.8926769 PCDOT lyes B 19.3% 295 January ~ February
96 River Rd / Via Entrada 32.29150205 -110.9500287 PCDOT lyes B 19.3% 295 January ~ February
97 Romero Rd / Ruthrauff Rd 32.28819589  -111.0025434 PCDOT lyes 0.1% 365 None
98 Romero Rd / Wetmore Rd 32.28688616 -111.003476 PCDOT lyes B 21.0% 289 January ~ February
99 Sabino Canyon Rd / Snyder Rd 32.20431554  -110.8239965 PCDOT 1yes B | e5.2% 128 January ~ July

100 Sabino Canyon Rd / Sunrise Dr 32.30894525  -110.8240603 PCDOT lyes I 1.9% 365 None

101 Silverbell Rd / Sunset Rd 32.30515212  -111.0510413 PCDOT lyes o 15.2% 311 January

102 Speedway Bl / Alvernon Wy 32.23610741  -110.9095289 PCDOT 1no ~100.0% 0 All

103 Speedway Bl / Tucson BI 32.23596924  -110.9351993 PCDOT 1no _ 100.0% 0 All

104 Suncrest Pl / Sunrise Dr 32.30861313  -110.8800917 PCDOT lyes K 11.9% 323 None

105 Sunrise Dr/ Swan Rd 32.30838944 -110.892533 PCDOT lyes 0 4.1% 365 None

106 Sunrise Dr/ Via Palomita 3231272751 -110.9120543 PCDOT 1no _ 100.0% 0 All

107 Tanque Verde Loop Road / Tanque Verde ~ 32.25093271  -110.7555725 PCDOT lyes B s00% 184 January ~ May

108 The Loop / West Starr Pass Boulevard 32.202755 -110.99237 PCDOT 1no T 100.0% 0 All

109 Valencia Rd / Wade Rd 32.13334165 -111.1145527 PCDOT lyes | | 32.4% 248 January, February, April

8.1.3 Traffic Volume Analysis

With the Miovision TMC data collected from 111 intersections throughout 2020seht®n
discusgestemporal and spatial traffic patterns in the PAG region. First, trafiiemeat all 111

intersectios is represented in 1&inuteintervals inFigure 8-2. The result shows that the traffic

vol ume at all i ntersections has-atkomgardefwas ant | vy
enacted inMarch 2020.In August2020 traffic volume started to increase slightiyd continued

to do sountil the end of the year.

In addition, Miovision datavasusedto analyzdraffic pattern changeFigure 8-3 shows
daily traffic patterns at La Cholla Blvd / River Rd. The letters of M to S on th&iX stand for
Monday to Sunday in order. Abmoal daily traffic patterns were included and represented by a
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single line or left blank for a day of missing data. The figure shows that the daily traffic patterns
on weekdays (Monday to Friday) and weekends (Saturday and Sunday) are distinctly different
with morning and afternoon traffic peaks on weekdays in contrast with traffic peaks on weekends,
surging Saturday evening and late morning on Sunday. It is especially noticeable that daily traffic
patterns changed after April 2020, with a large reductiothénmorning and afternoon peaks
shown in JanuarthroughMarch 2020.

- .
-‘53000— -._ R (1 .":: = . B R s Frau R e B | B '.' f— B
% .‘ “ |. ‘-. . ..:: ) ._-:'-' ‘..:.::,.::‘“::.: :H:: ; -E:.: -:::'_‘Cf::. - ) '._. ._- .“_- - ._'-‘:: ._, '.- :.-‘:.-. _I:.:‘:: '-".,"‘.:n": . :_:
- DT R e T e U - sl
Sl S T
5 (LR it e gl | |
£ HWWWWM**' it i
S L e R A
£ 1000 \| e s ka \‘\]Hnlunm il .‘mlw it | | R !
I A
g \ ! ! ! | |||III|||||||||||]||||||III|||||||||||| L Ll I WL il il | i ||||‘
SR ] [ IR
U.

2020-01-01 2020-02-01 2020-03-01 2020-04-01 2020-05-01 2020-06-01 2020-07-01 2020-08-01 2020-09-01 2020-10-01 2020-11-01 2020-12-01 2021-01-01
Date

Figure8-2 Average hourly volume trend for 111 intersections with Miovision data

Intersection: La Cholla Bl / River Rd
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Figure8-3 2020 calendar map of total hourly intersection volume at La Cholla Blvd and River Rd
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Miovision datawasalso used to represent the spatial distribution of regiole traffic.
Felruary 5 and Sefember9, 2020,were selected as sample dagsllustrate thespatialtraffic
distribution at 7 amEach pie chart located on the mapFigure 8-4 illustrates theturning
movement volumeat each intersection, and each calepresers a separate turning movement.
The pie radius represents the total volusecifically, a larger radius indicateslargertotal

volume at the intersection.
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