ABSTRACT
CARPENTER, SCOTT. Advancing Connected Vehicle Tethgies by Improving Vehicular
Channel Model Accuracy and Safety Performance MeasyUnder the direction of Dr.
Mihail L. Sichitiu).

Wireless communications technologies allow vehite®xchange information and
thus create connected vehicle networks that ensdllety applications, such as accident
avoidance, thereby reducing damage and injuriesechby moving vehicle collisions. The
most promising technologies in the U.S. that wileble such a vehicular ad hoc network
(VANET) are collectively referred to as Dedicatedo8-Range Communications (DSRC).
While standards evaluation units exist, deployniead been limited to prototype testing,
forcing VANET researchers to rely on simulationltoand supporting models, with mixed
results. Results from inaccurate models can tbrethiie evaluation of safety applications, with
existing performance metrics often only evaluattogimunications Quality of Service (QoS)
measures while ignoring vehicular mobility.

In this dissertation, we explore common determimetbd stochastic vehicular channel
models (VCMs), comparing their performance to measent data from a real-world testbed,
and evaluating their impact to safety performanegrics. First, we contribute to thmes-3
simulator an implementation of a VCM that suppaistacle shadowing using geodata and
provide simulation results that compare the perforce of the deterministic obstacle
shadowing model to other common stochastic fadimd) shadowing models. Second, we
study the packet-level performance of DSRC safegssage receptions among vehicular
encounters as derived from a large deployment aflpe8000 DSRC-equipped vehicles
operating near Ann Arbor, MI. We find that paclatses for many vehicle-to-vehicle (V2V)

encounters differ significantly from traditionakasc-node networks. Around Ann Arbor,



packet losses exhibit temporal correlations whe@ripacket gaps are 400ms or longer, but
are mostly uncorrelated for shorter gaps. Third, evaluate the performance of several
existing VCMs and show that the UMTRI large-scalenAArbor testbed exhibits significant
shadowing and fading effects that traditional VGften fail to capture. Fourth, we introduce
BUR-GEN, a packet generation algorithm that impsowpon other, common models in terms
of packet burst pattern generations. Fifth, weppse SafeRelay a safety message
dissemination technique that floods geo-addresatstysmessages within a nearby flooding
zone, and evaluate packet delivery effectivenegsgus new metricprobability of safety
awarenessthat combines packet delivery effectiveness wihicular mobility. Sixth, we
conduct a safety assessment that compares BUR-@&Nial.-based packet loss models to
the observations found within the Ann Arbor testballe find that our burst-aware packet
generation model improves awareness probabilityfaximum safety tolerance by a factor of
31. Finally, we motivate additional studies of V€Rkhat avoid the pitfalls we observe within
models that are based on i.i.d. assumptions ane@adsemploy bursty packet generator
functions. The lessons learned from our studiesiviaie advances in connected vehicle
technologies by improving vehicular channel modetuaacy and safety performance

measures.
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CHAPTER

INTRODUCTION

Collisions among moving vehicles lead all causasadfic fatalities, injuries, and property
damage [2]. By exchanging information using wissleommunications, vehicles may employ
both safety applications (e.g., accident avoidanaedl non-safety applications (e.g., traffic
congestion alerts) [3]. The US Intelligent Tranggtion Systems (ITS) Joint Program Office
(JPO) suggests that vehicle safety applicationssapgorting technologies will prevent tens
of thousands of automobile crashes every year Jdle most promising technologies in the
U.S. that will enable such a vehicular ad hoc nétWg ANET) are collectively referred to as
Dedicated Short-Range Communications (DSRC).

While prototype testing thus far has been constdhito limited testbed environments,
various vehicular and networking simulation toossiat VANET researchers by providing
supporting functions from which to model a variefyenvironmental conditions. Despite the
availability of such models, results are inconsistand often do not accurately predict
behaviors observed in real-world situations.

Vehicular channel models (VCMs) are especially lemgjed in correctly accounting for
the many harsh environmental conditions that exast, they differ significantly from
conventional cellular channel models, chiefly inme of fading statistics due to varying
environmental conditions, link types, vehicle typesid objects that result in complex

propagation calculations. Significant fading am&leadowing effects challenge the accuracy



of VCMs and the resulting observations of packeslbehaviors. Furthermore, while many
VCMs can predict somewhat accurately the packes leges observed in real-world
deployments, they over-estimate inter-packet gagthes greater than 0.2s and under-estimate
the likelihood of runs of three or more consecugivend successfully received packets,
potentially threatening the accuracy of packetdleperformance when multiple safety
messages much be received in short time windows.

Aside from the packet loss categorization that VG#empt, the notion of safety itself is
endangered by the inconsistent data delivery rements of safety applications. To be
effective, different safety applications may eaetuire distinct numbers of safety packets to
be successfully received with varying latenciegspnting challenges in determining how to
distribute the safety information to other vehicesl making it difficult to quantify the current
value of safety. Evaluations that commonly considermation dissemination approaches
that use geo-casting and flooding techniques aftatine to include mobility considerations
and do not focus on assessing safety efficientgrins of safety application requirements.

This dissertation investigates VCMs and their intgacsafety packet delivery and safety
performance evaluations within especially challaggrealistic DSRC testbed environments.

1.1 Thesis Statement

By cooperatively communicating using DSRC techn@sg a system of connected
vehicles can improve situational awareness amanmgrdrwith the intent on improving driving
safety and reducing automobile-related accidents.

The DSRC collection of standards includes IEEE $@2.11-2012 [5], IEEE Std.
1609/WAVE [6] [7] [8] [9] [10], and SAE J2735 Megga Set Dictionary [11]. Modifications
to the IEEE Std. 802.11-2012 [5] MAC and PHY lay@msmerly known as IEEE 802.11p)
allow every vehicle to rapidly broadcast informatiabout itself (e.g., location, speed and
heading) as a safety beacon (ibeaconcastingto make other nearby vehicles aware of it so
they can alert drivers of unsafe situations sughrascrash scenarios.

Safety success requires high probability of safetgcon delivery while considerable
movement and environmental variety (e.g., obstastleh as other vehicles, buildings, foliage,
etc.) jeopardize safety by impeding radio-wave gnaissions. With DSRC standards [12]
attempting to handle the high throughput and raid/ery requirements under high mobility



scenarios, successful packet reception remainscplarty challenging when numerous

vehicles need to concurrently deliver safety messag time-limited intervals under extreme
environmental conditions. Packet losses in a VANE&mMmonly result from separation

distance, obstacles, and multi-path fading effect©Qur analysis using an extensive
experimental dataset collected from a deploymenapydroximately 3000 DSRC-capable

vehicles operating around Ann Arbor, Michigan rdgehat several common assumptions for
DSRC (e.g., high packet reception rate for distarsrealler than 100m) simply do not hold in
real deployments.

Furthermore, accurate modeling of the vehiculamokeaendures as a challenging task.
Vehicle-to-vehicle (V2V) channel attributes varycakedly from those of traditional cellular
channels, especially in terms of complicated pragiag by-products from varying link
variety, vehicle types, and environmental condgiosuch as obstacles, that impact fading
outcomes. Our results show that the DSRC deploymear Ann Arbor exhibits considerable
shadowing and fading (i.e., sub-Rayleigh) everdas ¢hallenge traditional VCM accuracy. In
fact, while the packet error rates observed near Aibor can be predicted reasonably well by
several existing VCMs, the same models fail to eat®ly predict consecutive runs of
successfully received packets and the gaps bettheemn

Beyond the challenges of packet loss and vehiallannel modeling, safety application
requirement inconsistencies challenge data diss#imim protocols and threaten the
effectiveness of measuring safety. While many datevery techniques have been proposed
for VANETs, such as flooding and geo-casting, eatiins often disregard mobility
considerations and fail to measure performancedbasesafety application requirements. To
improve safety in a VANET, we proposeafeRelay a flooding-based safety message
distribution technique that disseminates geogratlyiaddressed safety messages to nearby
neighbors. Simulations show ti#afeRelagan significantly improve safety awareness using
moderately-sized forwarding zones.

Prior work has proposed the application of variusgless channel models to the vehicular
environment and analyzed the consequences upomtdask within the system with the use
of different information dissemination techniquea/hile packet loss is a commonly studied

metric in VANETS, few works study the implicatioobpacket loss upon safety measures.



In this dissertation, we study the challenges gmpdunities for improved VCMs that
more accurately represent the safety packet dglivepercussions observed within the
authentic DSRC testbed environment around Ann Arelichigan, and the connections with
safety information dissemination and thus safeftyotiveness.

From our analysis, we observe that common VCMs pragict well the overall average
packet losses but fail to address consecutiveatireceived or lost packets and do not handle
well the specific environmental conditions suclolstacle shadowing. This observation leads
us to the thesis statement of this work, as follows

Improvements to vehicular channel models for cotmiewehicle technologies not only
advances modeling accuracy in ways that better madal-world observations, but also

enhance how vehicular safety measures themseleessaessed.

Evidence for this thesis can be found throughous thissertation. Our first study
contributes to thens-3 simulator an implementation of a VCM that suppootsstacle
shadowing using geodata and provides simulatiarteethat compare its performance to other
common VCMs. Our second study details the perfoseaof DSRC safety message
receptions among vehicular encounters as deriveed & large deployment of nearly 3000
vehicles and shows that longer gaps exhibit temporeelation tendencies while short-gapped
consecutive losses are commonly uncorrelated. tid study evaluates various existing
VCMs and show that the UMTRI large-scale DSRC wdtbxhibits significant shadowing
and fading effects that traditional VCMs often fail capture. Our fourth study proposes a
bursty packet generation algorithm, BUR-GEN, th@blioves VCM packet loss and reception
probabilities by factors of 6 and 4, respectivelg, opposed to common, i.i.d.-base packet
generation models, when compared to the SPMD eeglir fifth study proposeSafeRelay
a safety message dissemination technique that<lged-addressed safety messages within
the FZ, and evaluates packet delivery effectivernisgsy a new metrigerobability of safety
awarenessthat combines packet delivery effectiveness witle mobility. Our final study

assesses safety measures and shows that an impr@Mdthat includes a bursty packet



generation algorithm (i.e., BUR-GEN) improves awa®s probability by factors of 31 and
128, respectively, for maximum and minimum safetgitances, when compared to the actual
awareness probabilities of the SPMD measuremenpaigm.

Our results motivation future directions in vehauthannel modeling accuracy through
the consideration of further DSRC field operatiesttdata analysis, model advancements in

micro-level scenarios, and additional simulatiardsts.

1.2 Contributions

In this dissertation, we make the following contitions:
We implement in ns-3 a vehicular channel model tisds geodata to model
obstacle and provide simulation results that coneghie performance of the model
to other common model$3]. Since obstacles interfere with signal prggaaon of
radio waves by contributing fading and shadowiriga$, models must address the
presence of obstacles to yield results that reftethful topologies and accurately
state network performance. An obstacle shadowindehwas implemented for
the ns-3 network simulator and tested using obstacle data Open Street Map
(OSM). Results show that deterministic obstactelsiwing improves performance
assessment and compares differently than stoch&sliog models, such as
Nakagami-m.
We describe the packet-level performance of safeitgsage exchanges among
vehicular encounters, as obtained from the measen¢data collected from nearly
3000 DSRC-equipped vehicles operating around ArroAiMichigan, and show
that smaller inter-packet gaps are commonly undatesl while longer gaps
exhibit temporal correlationsTo improve the understanding of authentic opegati
conditions of the wireless vehicular channel, tharacteristics of Packet Reception
Ratio (PRR) and Inter-Packet Gap (IPG) behaviord spatial and temporal
correlations are examined. Analysis shows thatgtdoss from DSRC-based V2V
encounters differs significantly from traditionatatic-node wireless beaconing
networks, due mainly to the vehicles’ high mobilind signal obstructions

between them. As long runs of consecutively lastty messages could threaten



vehicle safety awareness, IPG is scrutinized fuytiveding that short-length IPGs
are often uncorrelated while longer gaps are margorally correlated.

We evaluate several existing, common VCMs and #taithe UMTRI large-scale
DSRC testbed measurement data reveals signifieahng (i.e., sub-Rayleigh)
and/or shadowing effects that challenge the accprat traditional VCMs.
Modeling the vehicular channel accurately remaimduaus, since channel
characteristics differ decidedly from those of ttiathal cellular channels, primarily
due to environmental variety that impacts fadingasueement, resulting in
complex propagation outcomes. Existing, common $Cae evaluated and
compared to authentic measurement data from the RIMarge-scale DSRC
testbed. While many existing VCMs estimate appeately the average packet
error rates observed near Ann Arbor, they overrede IPG and under-estimate
successfully received packet run-lengths. Furtloeema deterministic obstacle
shadowing model that uses OSM geodata does noaiexpll shadowing by-
products. Evaluating VCMs in terms of realistarge-scale experiments improves
the understanding of actual behaviors and supplwetdevelopment of new and/or
improved models that more accurately reflect realit

We present a new bursty packet generator algoritBtdR-GEN, to address
problems with vehicular channel models that failadress the bursty packet
patterns that are observed in large-scale DSRC nreasent campaigns We
show that BUR-GEN improves the accuracy of paclkess|and reception
probabilities by factors of 6 and 4, respectivaly,opposed to common, i.i.d.-base
packet generation models, when compared to the SFgilts.

We propose SafeRelay, a flooding-based messagebulistin technique that
disseminates geo-addressed safety messages toyne@ighbors and evaluates
packet success performance using a new metricapitily of safety awareness,
which combines packet delivery effectiveness waitlemobility While other data
dissemination proposals attempt to improve delivetes in a VANET using
techniques based on geo-casting and flooding,afetysapplication data delivery
requirements are often inconsistent and can pgos$#upardize safety itself,

especially when evaluations neglect mobility coesiions, such as time to



contact (TTC). We evaluagafeRelaysing different forwarding policies in terms
of several metrics, including safety awareness giviity, which combines both
communications and mobility performance. Simulaticesults show that
SafeRelaycan considerably improve safety awareness usimgeted, nearby
forwarding zones.

We present evidence of the improvements to safdgures, such as awareness
probability, that an improved VCM that includes ar&ty packet generation
algorithm (i.e., BUR-GEN) has when evaluating VCMs compared to common,
i.i.d.-based packet generation models that oftestpredict safety, we show that
BUR-GEN improves awareness probability by factdr8loand 128, respectively,
for maximum and minimum safety tolerances, whenltegienerated using BUR-
GEN are compared against those from commonly aMailCMs, and compared
to the actual awareness probabilities of the SPMiasurement campaign.

1.3 Dissertation Outline

The goal of this dissertation is to investigate VENM light of safety performance
evaluations and safety packet delivery within eglgc challenging, faithful DSRC
deployments. We now provide a brief outline of tést of this dissertation.

First, it is noted that Appendix A provides a bétabbreviations used throughout this work.

In Chapter 2, we describe background and relate#f.w8pecifically, Chapter 2 provides
insights into the related work in seven primary @om: vehicular safety, DSRC standards
and operations, vehicular channel models, dissdammaf safety information, vehicular
mobility simulation, vehicular network simulaticaind safety assessment metrics.

Chapter 3 elaborates our work [13] that descrilbbas@lementation ims-3of a VCM that
uses geodata to evaluate obstacle shadowing amai@sosimulation results that contrast the
effectiveness of other common VCMs to the obstslskdowing model.

Chapter 4 discusses our work [14] that providedyarsof the characterization of the
performance packet reception/loss among V2V examag derived from measurement data
of DSRC-equipped vehicles operating around Ann Arlichigan. Consecutive, short-

gapped losses are mostly uncorrelated while loggps show temporal correlations.



Chapter 5 presents our work [15] that evaluatesers¢vcommonly used VCMs and
indicates that significant shadowing and fadingerepssions that challenge VCM accuracy
occur throughout the DSRC test environment arouma Arbor, MI. Although several VCMs
estimate accurately the average packet error astebserved in the test scenario, they tend to
over-estimate IPG and under-estimate consecutiglegbaun-length probabilities.

Chapter 6 presents a new bursty packet generatonitam, BUR-GEN, that improves
upon vehicular channel models that fail to addtleedursty packet patterns that are observed
in large-scale DSRC measurement campaigns. BUR-@ifxoves the accuracy of packet
loss and reception probabilities by 83% and 78%peetively, as opposed to common, i.i.d.-
base packet generation models, when compared ®RMD results.

Chapter 7 covers our work [16] that descrildzfeRelaya geographically addressing
safety-message forwarding approach, and assess&st pdelivery using a new metric,
probability of safety awareness, that combines gtadelivery effectiveness with mobility
measures.

Chapter 8 presents evidence of the improvemensafety measures, such as awareness
probability, that an improved VCM that includes ardty packet generation algorithm (i.e.,
BUR-GEN) has when evaluating VCMs. As comparedceonmon, i.i.d.-based packet
generation models that often mis-predict safetyshewv that BUR-GEN improves awareness
probability by factors of 31 and 128, respectivelgr maximum and minimum safety
tolerances, when results generated using BUR-GEN campared against those from
commonly available VCMs, and compared to the acduareness probabilities of the SPMD
measurement campaign.

Finally, Chapter 9 provides conclusions and deseritirections for future work.



CHAPTER

2

RELATED WORK

2.1 Vehicular Safety

Vehicular collisions cause the majority of trafiiguries, fatalities, and property damage.
According to data from the National Highway Trangpton Safety Administration
(NHTSA), although approximately 5.3 million vehiatkeashes in the US resulted in about
32,000 fatalities in 2011, motor-vehicle fatalitmmtinue to decrease as safety measures, such
as seal belts and airbags, have been mandateBi¢see 2.1) [17].

Modern technical advances provide autonomous andexted vehicles the potential to
improve driving safety. Yet a relatively few, ratehighly-publicized incidents brings into
guestion the safety effectiveness of these teclgnedo For example, a series of accidents
involving Google’s driverless cars caused colldtdeanage and human injuries [18], and a
Tesla on autopilot resulted in a fatality when ¢h€'s automatic braking failed to engage as a
tractor trailer crossed its path [19]. While awioous vehicles act independently and
therefore have sensors with somewhat limited ramgeyetwork of connected vehicles

(autonomous or not) can cooperatively share inftiondo improve safety.
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Figure 2.1 Total U.S. motor vehicle fatalities p60,000 population, 1950 — 2012

Intending to further improve driving safety and uied traffic-related fatalities, the United
States Department of Transportation (USDOT) expéxtpush for regulations requiring
vehicles to communicate cooperatively using DSRfGirielogies [20].

Using DSRC to interchange information, cars andkistenable both safety applications,
such as accident avoidance, and non-safety apgphsasuch as pre-crash warnings and traffic
congestion alerts [3]. Vehicular safety applicasioare expected to reduce or eliminate

annually vast numbers of vehicular accidents [21].

2.2 Dedicated Short-Range Communications (DSRC) Standds and
Operations

To make driving safer in a VANET, each vehicle fdegy generates pertinent “here | am”
information packets about itself (e.g., positioimection, and velocity) that are encapsulated
within a Basic Safety Message (BSM) [11] and raplitbadcast as a safety beacon that alerts
other nearby drivers of unsafe conditions (e.g.minent crash situations). Safety
effectiveness requires highly successful packeiveisi probabilities of the 200-300 byte
messages that are especially challenged by vehicwdhility and environmental issues (e.g.,
obstacles) that impede radio-wave transmissions, plotentially jeopardizing safety. While
standards [12] intend to address the low latencyhagh throughput needs in highly mobile

conditions, safety message delivery in time-limitetervals under harsh environmental
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conditions remains challenging, especially in scesawith high node densities that result in
channel congestion that defeat delivery attempts.

In the U.S., DSRC technologies support wireless mamications within a VANET.
DSRC-related standards include IEEE Std. 802.12226], IEEE Std. 1609/WAVE [6] [7]
[8] [9] [10], and SAE J2735 Message Set Dictionfty]. Figure 2.2 shows the DSRC
reference model.

IEEE Std. 802.11-2012 specifies the MAC and PHYetay(formerly known as IEEE
802.11p) of the reference model and provides eidrasntended to address the dynamic
nature of potentially fast-moving vehicles. Arpary enhancement allows a STA that is not
a member of a Basic Service Set (BSS) to transaté ftames, allowing the PHY to operate
“outside the context of a BSS,” (i.e., OCB) and sthdefining a new type of 802.11
communications. The PHY layer of DSRC uses Orthagbrequency Division Multiplexing
(OFDM) at a 10 MHz channel bandwidth to achievedates from 3 to 27 Mbps. Applying
forward error correction (FEC) reduces the effextit rate but improves the probability of
successful decoding [12]. The majority of DSRQitesin the U.S. has utilized the 6 Mbps
configuration (i.e., Quadrature PSK with %2 rateingjl since it seems to balance channel load

and signal-to-noise requirements [22].
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Figure 2.2 DSRC reference model

While the 802.11 family is well-understood, 802dicasting is not well-suited to the
VANET environment [23]. The IEEE Std. 802.11 supipcsafety beacons via broadcast
transmissions. Because such broadcasts are unvalekiged, receipt by other nearby vehicles
is not guaranteed. Channel availability is perfedmasing Carrier-Sense Multiple Access with
Collision Avoidance (CSMA/CA). While sensing ofetlcarrier delays a transmission which
would otherwise cause a collision, CSMA/CA doespratvent all such collisions, especially
in the hidden node scenario [24] in which one vieghtannot sense that a transmission would
collide with another transmission from a nearbyigieh When transmitters sense the carrier
is busy, they employ a back-off scheme to re-atteanfpansmission at a randomly selected
future time controlled using the Congestion Wind@W) parameter.

The IEEE 1609/WAVE stack is built on top of the 80R MAC and PHY layers and
provides further capabilities, such as: channelcation and multi-channel access, priority
gueueing and channel routing, congestion conteaysty and privacy mechanisms, and an
application programming interface (API) for messagi WAVE supports both IPv6-based
data transfers and non-IP-based traffic through/Ae/E Short Message Protocol (WSMP).
IEEE 1609.3 specifies the WAVE Management EntityMB) and corresponding network
services, as well as WSMP. Channel coordinati@ncsllection of enhancements to the IEEE
802.11 MAC, and interacts with the IEEE 802.2 LL@IdEEE 802.11 PHY; IEEE 1609.4
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describes multi-channel operations. WAVE securéwges are specified in IEEE 1609.2.
The design of IEEE 1609/WAVE supports a single mdnthannel (CCH) and six service
channels (SCH), and it is generally assumed tlea€tOH will be primarily dedicated to safety
applications [12]. Channels are defined in theGt range and typically occupy 10 MHz
each, although the potential exists for 5 MHz an@® MHz channels. While the WAVE
standard does not preclude multiple channel-deslica@dios for continuous channel access, it
also supports three additional options for periathennel switching, commonly known as
alternating, immediate, and extended channel acoesies. Sync intervals split the channel
at a rate of 10 Hz, which CCH and SCH intervalsittypically split equally to support channel
switching. A 4ms guard interval separates chaswéthes, resulting in a CCH interval of (Y2
x 1/10s) — 4ms = 46ms. Continuous channel aceesdso supported. Vehicles operate
autonomously to synchronize clocks using an exte®@RS or a WAVE-advertised timing
service.

The WAVE standard addresses message priority dgurglifferent Access Classes (AC)
per (CCH or SCH) channel, ACO (lowest priority)A&3 (highest priority), with the MAC
layer maintaining separate queues and channel adoeseach AC [12]. The WAVE
contention mechanism is similar to the one usexnventional Wireless Local Area Network
(WLAN) and the IEEE 802.11e Enhanced Distributecai@tel Access (EDCA) Quality of
Service (QoS) enhancements [25]. During packeistrassion selection, the four ACs first
contend internally with the winning packet thentemnling for the channel externally using its
contention parameters. Each AC specifies a nurobekrbitration Inter-Frame Spacing
(AIFS) and CW slots and each AC waits at leasAlES slots, plus additional slots determined
by the selected CW value.

Built upon the SAE J2735 DSRC Message Set Dictipfibt], the VANET applications
are over the 1609/WAVE stack. Data elements thabke many safety applications are

Table 2.1 DSRC device classes and operating pagasnet

RSU Clasg Maximum output power (dBm)l Communications @ane (meters
A 0 15
B 10 100
C 20 400
D 28.8 1000

13



described in the most important message in the3)28&hdard [12], the BSM, which every
vehicle broadcasts at a nominal rate of 10 Hz. B&# is divided into i) Part | mandatory
elements such as position, motion, braking stednd, vehicle size and ii) Part Il optional
elements such as vehicle events, path history atidgrediction. Additionally, SAE J2735
defines non-safety messages, such as for tollatmle and provides guidelines on message
prioritization among different message types. Aggtions may involve strictly V2V
messaging using an On-Board Unit (OBU), or may atswlve the use of Roadside Units
(RSUs) to support vehicle-to-infrastructure (V2l)onamunications. The Federal
Communications Commission (FCC) defines four clagse DSRC device operations with
desired communications zones ranging from 15 tdl@6ters, as shown in Table 2.1 [26]
[12]. The most commonly-expected operations caiegoClass C with a transmitter power
of 20 dBm and an expected range of approximateQymOWhile vehicles and infrastructure
expect to communicate reliably over these rangedjo+blocking obstacles and other
interference that prevent message delivery chatletige safety effectiveness of all
applications.

To successfully reduce injuries and fatalities, islehsafety applications require high
penetration rates of DSRC-enabled vehicles thatesstully deliver safety information to
nearby vehicles with low loss rates. To quicklgralusers, safety applications often define
performance requirements in terms of metrics sgchBSM transmission rate, Packet Error
Rate (PER), IPG, latency (i.e., age of the datthéoutgoing BSM [27]), and time to alert
(i.e., time from BSM generation until the user agified).

Devices within 1-300m of a transmission should iree¢hem with a maximum PER of
10%, assuming measurements of the radio transmipsittern are done in an open field with
“no man-made or natural structures that would c&fe9 GHz radiation within 2.5 kilometers
(km) of the test vehicle(s)” [27].

Requirements for such “ideal” conditions do notessarily portray lifelike conditions,
thus making the evaluation in actual environmentpdrtant in properly characterizing the
true performance of the vehicular channel. Formgda, in their technology readiness
assessment, NHTSA cautions that anticipated nomapperformance can occur in “urban

canyons,” tunnels, and under foliage [28]. Additly, potential channel congestion in high
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vehicular density scenarios remains a potentialeighat may impact the effectiveness of

DSRC and supported safety applications [28].

2.3 Radio Propagation Model (RPM) Literature Review

A radio propagation model (RPM) describes the etgquecoverage area of a node (e.g., a
transmitting vehicle) by characterizing the progageof radio waves through space, typically
as a function of frequency, distance, and/or offe@ameters. Models typically predict the
amount of path loss, or reduction in power den@igy, attenuation) along the links from the
transmitter to each potential receiver. A RPM alffien accounts for signal power changes
due to the consequences of fading and/or shadowiegicular channel characteristics differ
from traditional mobile models in that they arehiijgdependent upon the existence of LOS
paths. Measurement campaigns show that the vaofetiye types of objects impacts LOS
conditions differently, thus making non-line of BIgNLOS) (i.e., LOS blockage from objects)
a key factor in modeling V2V propagation chann@gj]

Vehicular channel path loss models are based on R&M often account for power
reductions, or fading, resulting from independeffiéats often classified as i) large-scale
fading, ii) and small-scale fading. Large-scaldirig, also called shadow fading, models
power losses as varying from one transmitter-reseimk to another, changing slowly as
distances between vehicles vary (e.g., over distatiat are large compared to a wavelength),
depending on the physical environment (e.g., urlbaral, suburban). Large-scale fading
models often depict variations as random processib®ugh some models [30] [31] [13] treat
signal fading deterministically based on obstrugbhbstacles between vehicles. Contrastingly,
small-scale fading varies over space in a seemiagiggom way [32] and changes rapidly, i.e.,
over travel distances of a wavelength or less, @unog for the results of multi-path fading,
power delay profiles, and the Doppler spectrum.rgea and small-scale fading are also
sometimes referred to as slow and fast fading ecsely.

A RPM thus collectively models the impacts of siga#tenuation due to distance,
multipath signal fading due to reflectors, and siveidg as radio waves move through free
space and obstacles, such as buildings and pdtgmiiaer vehicles. Many different RPMs
have been proposed for VANET, ranging in their gesiomplexity from simpler models such

as unit-disk up through more complex ones thatifpalty address the attenuation caused by

15



obstacles. The authors of [29] survey VCMs, conmgageodata availability and the usability
of models at link or system levels, providing guildes for the selection of suitable channel
models. Models are classified based on their impl&ation approach (i.e., deterministic (D)
or stochastic (S)) and geodata availability (geometry-based (GB), or non-geometry-based
(NG)).

Vehicular scenario differences are sometimes dladsiand studied in terms of
environmental commonality, such as: highway, rsta¢et, suburban neighborhood, urban
street, and urban intersection [29] [33]. Howewvegasurements studies are quite rare for
specific environments such as: multilevel highwaysnels, parking garages, bridges, and
roundabouts [29]. Additionally, vehicular diffei@as extend beyond the myriad of passenger
car shapes, including scooters and public and comiahéransportation vehicles, making the
propagation characteristics for one vehicle typereadily applicable to other types [29].

The simplest model, often used in VANET simulatiethe unit-disk model, in which
vehicles can communicate with each other if theyvaithin a threshold distance and cannot
communicate otherwise [34]. The authors of [35)dode that “a complex shadow fading
environment is well approximated by a simpler aratertractable unit-disk model.”

The free space model, also known as the Friis mafiet its author, models a single,
unobstructed communication path [36]. When all Vihks are symmetrical with identical
communications limits, then the free space mod&trtslly behaves as the unit disk model.

Another commonly simulated RPM in VANET is the twat ground model, which takes
into account signal reflection from the road suefaad captures additional path loss as in IVC
[37]. Because signals between road-based velaobeassumed present in at least direct LOS
and ground reflection, the two-ray ground modehseeore appropriate for VANET than the
free-space model.

The authors of [34] conclude that the commonly useitidisc model fails to realistically
model a communication channel, while parametessnoplistic models like lognormal can be
adjusted to match the corresponding system maeifiasore complex and hard to implement
obstacle based models. For (small-scale) fashdaniiodels, various stochastic distributions
have been proposed, including Rice, Rayleigh, Nakagn, lognormal, and Weibull
distributions [34]. The authors of [38] report thiae large-scale fading in radio propagation
channels at 5.3 GHz was found to be lognormallribisted, whereas the small-scale fading
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was characterized by the Weibull distribution. pesial case of the general gamma
distribution, the Nakagami-m fading model determsinesignal power reception

probabilistically dependent on model parameters #aulate fading levels and may be
described as:

#
5 Y 2-1

]
where is the Nakagami parameter (i.e., shape paraméter), is the gamma function, and
is the average power of multipath scatter fieldiok controls the distribution spread.

Stochastic models determine the physical parameitrghe vehicular channel in a
completely probabilistically way without recognigifundamental geometry [34]. Stochastic
communications modeling could therefore differ denogisly from real behavior, negatively
impacting simulations of transmission-critical ggfapplications [31].

To reduce the randomness of stochastic models, efepinased deterministic (GBD)
models [29] estimate additional path loss usingdgém that describes environmental
conditions such as the locations of potentiallyigagdave inhibiting buildings. Examples
include CORNER [30] and [31] [13] that determirngsiiy model signal fading in the presence
of obstacles that obstruct V2V line of sight (LOS).

To avoid environmental generalities, experimenés tdapture signal behavior from actual
devices operated by typical drivers in realisticiesnments best serve the need to realistically
characterize wireless vehicular channels [29]. BlM®v, numerous measurement studies report
highly variable and often contradicting results the same environments in path loss
exponents [29] [33] delay spread, and Doppler $pf83], further supporting the thesis that
environmental differences significantly prevent easy characterization of the vehicular
channel. For example, crowded highways were faamhibit large path loss variations [33].
Additionally, the authors of [39] found that theoster critical distance may be caused by more
densely distributed objects like vehicles and pe@as on the road, creating reflections from
points higher than the ground. If measurements fgpecific environment are not available,
then NG models provide inconsistent results [29].

Obstacles play a part in radio signal propagatioth various modeling approaches being
undertaken. Both Radio Propagation Model witht@tdes (RPMO) [40] and the Mahajan
Model [41] behave similar to a two-ray ground moaelding the influence of obstacles and

distance attenuation [42]. The impact of surrongdvehicles as obstacles is considered
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lognormally by [34] and using a multiple knife-edgedel by [43]. The authors of [44] assert
that obstruction by a large building does not inech pure shadowing but heavily reduces the
received power.

A progressive series of models combining distaresed attenuation with building
modeling has been proposed by the authors in F&]|[A6]

The authors of [47] propose a hybrid solution ttifferentiates between LOS conditions
using one set of settings for LOS conditions, andtlzer for Around the Corner (ATC)
settings, based on experimental measurements. aUtieors of [48] propose a similar
approach, with different settings for LOS vs. NL@Sing a multi-ray propagation model and
including the “foliage” effect in both NLOS and LO8odels. Similarly, the authors of [30]
classify vehicle communications potential into afi¢hree cases: LOS, NLOS1 (NLOS with
one corner along the path) and NLOS2 (NLOS with é@mers along the path). The authors
of [44] also use two classifications of NLOS, bumglate only in a Manhattan grid scenario.

Because radio waves can physically penetrate omeooe buildings, models based on
direct LOS alone are insufficient, leading the awushof [31] to collect empirical results
showing the outcomes of building shadowing in urblavironments. Gathering measurements
using IEEE 802.11p devices, the authors of [31js@né a realistic, yet computationally
inexpensive path loss simulation model that usestimber of obstacle walls and distances
intersected between them to estimate the effetbthdings and other obstacles have on the
radio communications. However, in later work, dughors of [49] point out that “simulating
path loss in (sub)urban environments to capturdipteble shadowing effects seems to require
more complex models than attenuation per wall ¢enattion per meter of penetration
approaches” while noting that the computational glexity of the resulting required ray-
tracing approaches makes this prohibitive. Sidyahe authors of [30] propose CORNER,
“a low computational cost yet accurate urban pragag model for mobile networks” that
uses information from urban digital maps to esteratilding and obstacle presence along the
signal path between two vehicles, classifying tt@ppgation environment between them.

The most accurate models are fully deterministat tisse ray-tracing approaches that
require extensive environmental knowledge and amenputationally expensive [29].

Applying sophisticated methods like ray-tracing iagks realistic representation of signal
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propagation but remains impractical for evaluatymgcally large-scale VANETS [47] since it

requires site-specific propagation details [34] dods not account for mobile obstacles.

2.4 Vehicular Channel Models

A vehicular channel model(VCM) is an RPM that describes a transmitting ¢kfis
expected coverage area. VCM measurement campaidicaite that variation in signal
attenuation arising from the static and dynamicspdaf world features is strongly correlated
over both time and space (i.e., temporally andiaibgtrespectively) [29]. Thus, the non-
stationarity of the channel makes Wide Sense SiatjoUncorrelated Scattering (WSSUS)
assumptions non-applicable and most importantlyindjeishes the characteristics of V2V
channels from the behaviors of conventional celloktworks [33].

2.4.1 Path Loss

Path loss represents the attenuation that resaitsthe propagation of signals originating
from a transmitte?' and is measured as the net change between tisenitter power and the
Receiver Signal Strength (RSS) (in dBm), adjustedahtenna gains:

C)Ht, D .G ) D 0 )+, 0 9+, (2-2)
where( ) is the total path loss in decibels (dB) algnghe distance between the receiver
and the transmitte(,. is the transmitter power (e.g., 20 dBrfy),) is the received power,
and _ and , are the antenna gain levels in dB of the tranemahd receiver, respectively.
2.4.2 Probability of Packet Reception

We model successful packet reception by considermegeiver sensitivity threshold,; :
if the received power(, ) , is larger thar(_; , we assume that the packet is successfully
received. PRR is assumed equal to the probalofiyuccessfully receiving a signal at the
receiver. Ideally, the PRR of short links shouddli®0% and the PRR of long links should be
close to 0%. PRR can be estimated using the lipdgected path loss ((2-2) as:

22 ) 34(.5(¢ ), 34 ) 6( 4, (2-3)
where the path loss thresho{d,.;, ( . .( 4 0 .0 ;.

As34758, 9. 8 ,whered. 8 isthe cumulative distribution function (cdf) of the

probabilities in (2-3 may be re written in termstioéir cdfs:

(22 ) 9.3 )7 € 9a_3 )4 (2-4)
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In effect, the probability of packet reception d@nderived from the distribution functions
that describe path loss:
22 ) S$a () (2-5)
Whereg?A () is the complementary cumulative distribution fumet(ccdf) of the path

loss function.

2.5 Path Loss Models

In this section, we present several widely useti pegs models that we will evaluate in
Section 5.5 against field operational test data.

2.5.1 Deterministic Path Loss Models

2.5.1.1 Unit Disk Path Loss
Perhaps the simplest conceptual model of pathisoise unit disk path loss model that

ignores fading effects altogether and assumes thdy those receivers within a limited
communications range (i.e., unit) of senders sisfubg receive signals stronger than the
receiver sensitivity threshold (and thus succebsfelceive packets), while those outside of

the range do not. Path loss is given as:

C (((((((((((((((((((((((() 5 ) H

( oe) I:| J (4 @@ K, (2-6)
where) j is the distance that limits reception. Thus, HBRunit disk path loss is:
(22pe) 34( pe) 5( a1,
F@) S)H l (2-7)
C) K)n

While failing to accurately reflect waveform propdign effects that are observed in

nature, the model is often useful conceptuallyddrass simple node behaviors.

2.5.1.2 Free Space Model
The free space model (i.e., the Friis model), modesingle, unblocked communication

link where the receiver powef, ) , in ((2-2) deterministically depends only on the
transmitted power, antenna gains, and distancedagtwodes, and is [36]:

(.*L, . /N

o) (2-8)

(/)*L!

where . and , are the gains of the transmitter and receivepaesvely, andv gis the

wavelength of the signal, wheres the signal frequency amiis the speed of light.
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Assuming for the DSRC environment symmetrically chatl antennas (i.e., setting,

T*UV ,

and to 1), converting between Watts and dBm L, @G w X@GG&nd
substituting ((2-8) into ((2-2), we can rewritedrgpace path loss (FSPL) in dB as:

( vza ) D+, [G\ - al\—(l\?)b[ (2-9)

When the communications parameters in the vehicelarironment in ((2-8) are
homogenous with symmetrically limited communicasiahstances, (i.e., some value) @f
in ((2-6) applies t9 in ((2-9)), then the free space model essentlaigomes the unit disk
model.

2.5.2 Probabilistic Path Loss Models

2.5.2.1 Lognormal Path Loss
A large-scale fading model commonly used to madeMehicular channel [39] [29] is the

lognormal path loss modetkhat relies on two key parameters to model path:lo
) c, the path loss exponent that accounts for avelage-scale variations as a
function of distance and
i) i) d, the standard deviation of the scatter of recep@der about the average that
reflects minor variations that follow a zero meaarmal distribution (i.e.,
7.fgG d ).
Thus, received signal strengths at locations eguditant from the transmitter are

considered i.i.d. random variables, with lognorpath loss as:

Ca )9 . () 0@ch - ))fbo 7, (2-10)

where( ) - is the path loss at the reference distancde.qg., typically < 10m)) is the
distance between sender and receives,the path loss exponent, ang¥odels the path loss
variation across all locations at distance

PRR can be estimated for lognormally distributethpass by combining ((2-3), ((2-5),
and ((2-10):
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(2-11)
34r@c\|* - a))fbo 705 ( gl
where( ¢ ( .1 .() - isasimplifying constant.
Considering the distribution af,, ((2-11) can be expressed as [39]:
@ qrs
22 o ) —Kk Imno. —p)

jI[Cd ¢ [d (2-12)
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=0 —lduo———vp
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where the error function |4u 8 J_—V_szy "S ) v)ec @Gc\|™ - {Uf—~, and) y isthe

limiting distance at whiclg, ) J( .; (i.e., equivalently( ) 5( _;)inthe absence of

T-e
small-scale fadingd G),i.e.,)y @GW-.

2.5.2.2 Dual-slope Distance-breakpoint Path Loss Model
Vehicular channel studies [39] [50] find that thegie path-loss exponent from (9) may

not sufficiently reflect environments in which diffng channel behaviors occur at different
distances. Thus, a dual-slope distance-breakmootel, in which the path loss exponent
changes at breakpoint distance(s), more accuratelyacterizes measurements in practice.
Specifically, a dual-slope distance-breakpoint nhatiaracterizes path loss with one path loss
exponent and a standard deviatiah within a critical breakpoint-distancg, , and beyond
which the signal falls off with another path losgpenentc and a standard deviatiah. In
effect, the dual-slope distance-breakpoint modeesgath loss exponent and signal variation
parameters of the lognormal path loss model, aaetibn of distance, by separating the model
into two piece-wise linear segments at a singlakpeint distance. The formula for the model
is [39]:
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@c \I* - a;—ibo @c \I* - a))—bO 7o ) K).

In conventional direct LOS models, is the Fresnel distance to the point where thst fir

- :'tn A°oo
Fresnel zone touches the ground, which can belatdcliag <T/ where< . and<, are

antenna heights of the transmitter and receivepeetively, andMis the wavelength [39]. For
example, when the height of the transceiver antonathe vehicles ake < ;g @BeZ
and the wavelengthl « GBG+Gn, then) « @"“Z in the vehicular environment. However,
for our model analysis, we allow to be adjustable.

PRR can be estimated for the dual-slope distaneakboint model by considering each
case in ((2-13) separately. Turning first to tlsecthaf)- 5) 5) , the packet receipt
likelihood is [50]:

@) *( ) 5(1.95)5)

34h@GA" - a?—\b 07, 5( g

(2-14)
(
gO §I4uov—_ )_ c pl
[ j[d
‘ Te
wherev ) c_ @Gc\|" - {—)_@G" .
Similarly, when) K') , then PRR in this case is [50]:
224 ) 34(C ) 5( a,) K)
) .
B4 0 @c \|* ~a—b0 7, 5 [
_ @ ] _ ) , e ( E (2_15)
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wherev ) c  @Gc\|* _\{r’rr ~) @GW ,and @Gc\]* - ). .
2.5.2.3 Nakagami-m Small-scale Fading
The Nakagami-m distribution [51] (i.eg’fge” - ), can represent a variety of

fading models, such as Rician and Rayleigh fadimaf, vary with changes in scatterer density
[39]. The parameters ard @X[ , commonly known as the shape parameter-aikds, that

controls the spread of the distribution. Analygi®ws that in some measurement studies,
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varies with distance, providing insight into envineental changes in the fading channel. For
example, in [52], indicates a change from Rician fadind(@ ) at shorter distances with
stronger LOS possibilities to Rayleigh fading @ ) as distance increases and dense
scatterers dominate.

The probability distribution function (pdf) of tiéakagami-m power envelofeis [51]:

; 8 - %Imn{ t8 ~ (2-16)

where— 2&s the time average of the square of intenditand& 8 x 8"V )8
8. @ " is the gamma function.

By combining ((2-2) and ((2-16), the path losshad Nakagami-m path loss model is:

«( )y . ,C)yLt, -1 (2-17)
The corresponding cdf of ((2-18®, 8 — is[52] [53]:
9 8 - k\y, T =)™ (2-18)
Y w3
- k\ - )™ (2-19)

From the form of ((2-19),
98 - ({ —8- (2-20)
where( 8 % is the regularized incomplete gamma function,@and® is the lower

incomplete gamma function.
The probability of packet reception for Nakagamdistributed fading is determined by
combining ((2-3) and ((2-20):
22 ) 341 5( ),
9 8 -
({ —8-

(2-21)

2.5.2.1 Normally-distributed Small-scale Fading
When power fluctuations about the mean include Isathll-scale fading such as multi-

path fading with distributiog>G d. ? and shadow fading with distributianG dgp, then
the standard deviation in ((2-10) and ((2-13) cacdmputed as [32]:
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d Z>d, ? 0>dg? | (2-22)

2.5.2.1 Generalized Gamma (GG) Shadowed Fading Model

Vehicular channels may experience effects of fadimgjshadowing simultaneously on the
received signal. For example, the fading effe¢tthe Nakagami-m model in ((2-15) do not
represent shadowing, while the combined fading ahddowing in ((2-22) is assumed
Gaussian, which may not be the case. Modelsé¢fiatt these combined effects of both fading
and shadowing are called shadowed fading modelsdad the literature indicates that path
loss variation in vehicular channels can effectivelake use of the general gamma (GG)
distribution [54] [55], from which several distribons can be derived, including the
Nakagami-m distribution ((2-20). The pdf of thgreal power under the GG shadowed fading
model is ([54] Eq. (4.89)):

£

7 2L__g T (2-23)
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where the average power in the GG chariied, is related tq as ([54] Eq. (4.55)):
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Thus, the power distribution of the GG shadowedniganodel ((2-23) is controlled by

three parameters: the scaling parameterand power-scaling parametér, (respectively

| (2-24)

identical to and- in ((2-15), and a shape parameterNote that while in ((2-16),J @X[
always, this restriction is not the case in ((2;233king the GG shadowed fading model useful
in modeling channels with severe fading conditiorBistribution special cases of ((2-23)
include Nakagami-m ( @ ), Weibull ( @ ), and Rayleigh( @ ).

The shape parameteris typically restricted tdG 6 5 @ in the GG shadowed fading
model of ((2-23) [54], where ( @ ) implies no shadowing (i.ed,; G)and (- G)implies
extreme shadowing (i.ed;; -1 ). Relaxing the upper bound ortransforms ((2-23) into
the generalized gamma, or generalized Nakagamndadnannel in which the lognormal
distribution is a limiting case G 1 -1 ) [54] [51].

The cdf of ((2-23) is ([54] Eq. 4.54):
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The probability of packet reception for GG shadoviading model is determined by
combining ((2-3) and ((2-25):
(22 yv) 34(a15( ),
9yy> ( -7
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(2-26)

2.6 Obstacle Modeling

Modeling improves when a visibility scheme descsilblee topology as a configuration
space and supports obstacle detection. Most Mgibchemes divide the configuration space
into sub-areas by some criteria. For examplepatih uncommon in real scenarios [45], the
Manhattan grid model assumes that all vehicles noogin streets arranged as a Manhattan-
style grid and treats non-street areas as buildikigsvever, Manhattan layouts are uncommon
in real scenarios [45]. The authors of [30] extdredareas of each roadway segment to include
a proximity area to include locations within hdétwidth of the roadway.

The authors of [45] propose Visibility Scheme foeaR Maps, designed to be used in
scenarios where streets are irregular. Howeveg, rttodel assumes a divide of the
configuration space into only streets and non-ttrewth vehicles only traveling along street
centerlines, resulting in an assumption that comoations are only possible between vehicles
mutually visible within streets. Open communicatameas often extend beyond street edges
in real urban scenarios, limiting the model’s reali

The authors of [56] propose Topology-Based Vidipilmodel, which extends their
previous work of Building and Distance Attenuatidondel (BDAM) [42] to take into account
“realistic road topologies, such as roundaboutgleghroads, merged-and-split roads, etc., that
are not considered by other schemes.” The approaoyerts the roadmap into an undirected
graph where junctions are vertices and streetshwtaninect them are edges. The resulting
polygonal areas create realistic city profiles [88]some of the polygons formed using the
streets as sides are considered clear areas tti¢hititerference in the signal propagation
(obstacle-free areas such as roundabouts, gareens,and the rest of map is regarded as a
set of buildings. In this scheme, radio signats mepagate through streets and clear areas but
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not buildings. While the model determines the pneg of obstacles along the line connecting
two vehicles, the results are only valid for therent time instance and cannot be used, for
example, to evaluate communications potential udutgre vehicle position estimates.
Additionally, in certain situations, vehicles cldsgunctions are able to receive enough power
to obtain the messages in non-line-of-sight (NL@8nditions [56]. As such, the model
accounts for message receipt potential for vehieidsn 20 meters of a junction.

Current approaches to detect obstacles within fgroation space [45] [56] [42] employ
different algorithms with varying complexity. Margome from computational geometry
techniques including intersection problems [43]][&&kd binary space partitions (BSP) [31]
that are applied to model vehicles and/or buildiag®bstacles.

Models that fail to consider realistic road topoésgand the presence of obstacles [56] lead
to inconsistent results [57]. Especially in certaimulation scenarios, such as VANET,
accurate environmental representation of obstaslabsolutely required in urban scenarios
because obstacles not only constrain vehicular mewé but also interfere with radio
transmissions [58]. Signal propagation varies eigflg between direct LOS and obstructed-
line-of-sight (OLOS) [47] and when radio waves @gate “Around-the-Corner” (ATC) [31].

Radio wave attenuation is often modeled determaaity based mainly on inter-vehicular
LOS distance, while stochastic modeling improvesrughis by accounting for radio wave
shadowing. Recent research deterministically mode&lowing by addressing radio wave
propagation through buildings [31] [56] [30].

Geometric intersection problems deal with painimgersections between line segments in
n-dimensional space [43]. In their study, the atdghof [43] restrict their line segments of
interest to LOS rays between vehicles and linesposing a bounding rectangle representing
the vehicle, further restricting the class of ist#tion problems to so-called “red-blue”
intersections. The problem is thus stated: Gevaet of red line segmentand a set of blue
line segment®, with a total ofN =r + b segments, the goal is to report Klintersections
between red and blue segments. The authors of¢#8}t that Agarwal presented an efficient
algorithm with time-complexity using the randomizaaproach o©O(N*2log N + K), where
K is the number of red-blue intersections, and wjthce complexity aD(N*?3).

The authors of [59] find V2V obstacle intersectiarseng a BSP algorithm, but only apply

the approach to a Manhattan-style grid scenarib wiiformly quadratic building sizes with
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edge length of 480 m. Obstacle edges are storadBi8P structure. Using a bounding box
derived from the LOS path between two vehicles pibiential obstructing buildings between
them are identified. Lastly, obstacle edges attkfor intersection with the LOS path.

The calculation of intersection between all linésight and all buildings is an expensive
step [31]. However, finding the intersections &@ndone inO(n? log n) using caching and

binary space partitioning approaches [59].

2.7 Dissemination of Safety Information

While current standards [11] restrict the effectraage of each BSM to the single hop
transmission limits of each vehicle, every vehtblat receives the BSM becomes situationally
aware of the sending vehicle. Effective safetpinfation dissemination requires the rapid
distribution effects of flooding techniques, coasted to short distances that are limited to
regions nearby the emitting vehicles but beyondsthgle hop transmission limits.

While numerous VANET routing protocols have beempoised for message dissemination
[60] [61], they may not be especially effective feafety application requirements. For
example, the probability evaluations that seleowvéyding nodes may cause intolerable delay
that ultimately makes safety messages obsoleteileWborouting protocols [62] reference
distant geocast regions and intend to limit commatndons overhead by targeting specific
nodes, reducing message frequency, and/or incge3, these typical approaches are often
counter to the safety needs of the beaconcastingB/mA

In Chapter 6, we explore a means of relaying safdtyrmation throughout a VANET
using geographic addressing (i.e., geo-addressirggveral works similar to ours study the
dissemination of safety packets using varying mearextend information beyond one-hop
nearby neighbors (e.qg., [63], [64], [65], [66])h&authors of [63] propose OB-VAN that uses
opportunistic routing in a broadcast VANET to dyneaily select a relay node from all nodes
that successfully receive a packet. OB-VAN is aified MAC-layer protocol that requires
acknowledgement of a modified broadcast packetithabt time-constrained. In [63], the
authors also assume message forwarding withoutdonstraints while considering both geo-
constrained and un-constrained message propadatemighway setting assuming Poisson
vehicle arrivals. The authors of [65] consideelay selection scheme that selects the longest

life time and best quality of signal route througlke maximization of predicted link lifetime,
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received signal strength indicator (RSSI), and mimration of signal-to-interference-plus-
noise ratio (SINR). The approach relies on rougealery using a hybrid gateway technique
and assumes a maximum forwarding delay of 3.75®kE;significantly longer than the safety
message lifetime expectancy of 100ms. In [66], @&u¢hors propose Zero-Coordination
Opportunistic Routing (ZCOR), a solution most rethto ours. ZCOR avoids pre-condition
processing and the overhead of low-rate heartbsakgbs and uses opportunism in relaying
safety messages by using an R-ALOHA style charloehsservation system that uses CSMA
back-offs that differ between the original and yeld safety messages. However, ZCOR uses
heartbeats, assumes the use of several individuaszto exploit spatial diversity, assumes a
time-synchronized, switching safety channel wiS0ams safety channel access, and does not
divulge the latency threshold parameters, aftectvhisafety packet will expire.

Other studies do not quantify impact using a metnet specifically includes a safety
measure, and often only compare results to pa@kitedy probabilities [63], [64], [65], [66].

Our model in Chapter 6 differs from other worksusyng a message-forwarding approach
that addresses the safety-based, time-constraiA&tEY characteristics and limits the impact
to delivery of primary BSMs by using deferred redmoast prior to expiration, in which
retransmissions of primary BSMs are only attempaétér all primary BSMs have been
successfully sent and if the retransmission carobapleted before the current STl ends. This
approach does not require additional communicatioogrdination, and it attempts to
minimize the impact to the channel. Furthermore,evaluate the impact of the approach
using a new safety-inclusive metric that combinebiity and communications effectiveness,

safety awareness probability.

2.8 Vehicular Mobility Simulation

Vehicular movements are modelled using mobilityudators, which often support various
mobility models, such as random waypoint (RWP)dman direction (RD), and Manhattan
grid. The Simulator for Urban Mobility (SUMO) [673 an open source macroscopic traffic
simulation package [68] that represents traffic deds throughout road networks with the
capability to produce vehicular movement tracesfile a number of formats. SUMO can
import road network data from various sources idiclg TIGER, OSM, RoboCup, and

openDRIVE. Trips (i.e., routes) can be explicidgfined or generated randomly from
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pathways within the road network. SUMO supportsicle variety in which vehicles behave
as expected according to laws of physics, and sarcar-following models, such as the Krauss
model [69]. Lane-changing models may be employeédhicles obey traffic light signaling
and other traffic laws. SUMO integrates with sev@&etwork simulation tools, and provides

a “real-time” interactive control interface, TRaCl.

2.9 Vehicular Network Simulation

Numerous available simulation frameworks assist FANresearchers by providing
toolsets with supporting models from which a riakt ®f environmental scenarios are
simulated. Often treated as separate architectamaules, simulators address mobility,
networking, and radio propagation [58], while sotight coupling among these primary
modules may be found in some over-arching VANETuators [57]. For a good review of
VANET simulator toolsets and models, see [57]. ldwar, despite the availability of such
tools, results are inconsistent. For example, whiemulating the same environment and
protocol, one investigation of VANET mobility gem¢ors shows performance deviations
among them, making simulation results “unconvincamgl inconclusive [57].” Indeed, the
simulation requirements of VANET environments prgsenumerous challenges to the
VANET researcher, such as “constrained road topolagulti-path fading and roadside
obstacles, traffic flow models, trip models, varywehicular speed and mobility, traffic lights,
traffic congestion, drivers’ behavior, etc. [57]The level of capability for addressing these
challenges varies among current simulators. Mostcerning to environmental accuracy,
VANET simulations often fail to examine accurat@dway networks and the proximity of
obstacles [56]. Figure 2.3 shows a classificabbmepresentative mobility generators and
VANET and network simulators.

Because obstacles not only limit vehicular movenimritalso interfere with radio-wave
propagations, urban scenarios require precise geptation of obstacles to benefit VANET
simulation, although less critical in highway saéos [58]. Previous simulation and
experimental research studies the impact of radistacles, with obstacle classes (i.e.,
buildings or vehicles) often studied separatelpr &ample, the authors of [70] investigate
OLSR in simulation environment with and withoutdarbuildings and conclude that the

presence of buildings creates communication hasslting in disconnections. The authors
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Figure 2.3 Representative VANET simulation tooflapted from: [1].

of [71] use GloMoSim to evaluate under street emiments the impact routing protocols using
a Manhattan-style grid environment and assumingaltstreet areas are large buildings. The
authors of [72] use VanetMobiSim and ns-2 to ingesé the effects of four kinds of radio
signal features (including one in which the sigcah be diffracted up to 15° at the edge of
obstacles), while assuming uniformly large rectaaghuildings on 4 block x 4 block streets.
Instrumenting vehicles to characterize IEEE 802.&iymal propagation between them in a
variety of urban and suburban settings, the authigeé7] found that signal propagation varies
especially between LOS and obstructed-line-of-si@itOS) . The authors of [31] found
similar effects occur when radio waves propagatetid-the-Corner” (ATC).

Due to the costs of vehicles, communications egaigmand road systems access and
control, establishing a VANET test environment remaanostly cost-prohibitive in academic
research, although collaborative organizations ll@veloped some limited connected-vehicle
test beds [73]. While simulation tools thus remaimighly useful toolset to the VANET
modeler, realism continues to present challengésmihe environmental models including:
vehicular mobility, city-scape (e.g., open highwagrsus urban settings), and radio wave
propagation loss and shadowing. Recent modelsvatioadowing to be modeled more
deterministically when interference includes radiave propagation through buildings [31]

[56] [30]. However, availability remains limitedrf such models within non-proprietary
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network simulation tools. For example, within OMNe- [74], the Simple Obstacle Model
[31] is only available through Veins [75], makingiseful only to vehicular network modeling.
Within ns-3[76], a buildings model exists, but limits buildgsto cubes with linearly placed
x- andy-coordinates and is implemented mainly for LTE miodeonly. None of these models
generically supports realistic building footprifds shadowing effects that are available to all
simulation models (e.g., LTE, WiFi, Bluetooth, Zegh etc.).

2.10 Safety Assessment and Metrics

Many VANET applications have been proposed. ThaskrAvoidance Metrics
Partnership (CAMP) put forth a comprehensive lstthe Vehicle Safety Communications
Consortium (VSCC) [77] that was subsequently usikinvSAE J2735. Examples of purely
V2V safety applications that assist with impendangsh notifications include: Approaching
Emergency Vehicle Warning, Wrong Way Driver Warni@poperative Forward Collision
Warning (CFCW), Emergency Electronic Brake LighE&BL), Lane Change Warning, Blind
Spot Warning, Highway Merge Assist, Cooperativeli€ioin Warning, and Pre-Crash Sensing
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Table 2.2 Safety-related vehicle communicationdiegjons (adapted from [1])

Category Safety Application
Traffic Signal Violation Warning
Stop Sign Violation Warning
Left Turn Assistant
Stop Sign Movement Assistant
Intersection Collision Warning
Blind Merge Warning
Pedestrian Crossing Information Warning
Approaching Emergency Vehicle Warning
i Emergency Vehicle Signal Preemption
Public Safety SOS Services
Post-Crash Warning
In-Vehicle Signage Warning
Curve Speed Warning
Low Parking Structure Warning
Sign Extension Wrong Way Driver Warning
Low Bridge Warning
Work Zone Warning
In-Vehicle Amber Alert Warning
Cooperative Forward Collision Warning
Road Condition Warning
Emergency Electronic Brake Lights
Lane Change Warning
Blind Spot Warning
Highway Merge Assistant
Visibility Enhancer
Cooperative Colision Warning
Information from Other Vehicle$ Cooperative Vehicle-Highway Automation
System (Platoon)
Cooperative Adaptive Cruise Control
Road Condition Warning
Pre-Crash Sensing
Highway/Railroad Colision Warning
Vehicle-to-Vehicle Road Feature Notificatign
Cooperative Glare Reduction
Adaptive Headlamp Aiming

Intersection Collision Avoidance

(PCS). Table 2.2 categorizes several safety-iEhabicle communications applications that
are potentially enabled or improved by V2V commatimns (adapted from [1]).

The plethora of envisioned safety applications teaonfusion when attempting to
evaluate and compare their performance. For instawhat is the difference between
Cooperative Forward Collision Warning, Emergencgdiionic Brake Lights, and Pre-Crash

Sensing? VANET applications differ by their commuations requirements, which include
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[1]: Transmission Mode, Update Rate, Allowabledraty, Data to be Transmitted and/or
Received, Maximum Required Range of Communicationsor example, Table 2.4
summarizes the data frequency (i.e., update rda@ncy, and range communications
requirements for CFCW, EEBL, and PCS and shows @&EW and EEBL have similar
performance criteria, except that EEBL functionsrawvlonger communication range (~300m)
than CFCW (~150m). Furthermore, PCS requires thkdsit update rate, the least latency,
and the shortest communications range. Intuitivelg might say that PCS has stricter
operational characteristics and thus may have at@resafety meaning to the driver. The
Vehicle Safety Communications (VSC) project evadatehicle safety applications enabled
or enhanced by V2V communications. Table 2.3 lighe preliminary application
communications requirements for the V2V safety mpgibns with the greatest potential for
safety benefit as identified by the VSC projectiidadapted from [1]).
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Table 2.3 V2V safety communications applicationthwreatest potential safety benefit.

Maximum
L Latency Primary Data Required
Application [ms] Elements Communications
Distance [m]
Position
Emergency Head!ng
- Velocity
Elgctronlc Brake| ~100 Deceleration ~300
Lights (EEBL) Bank
Road surface conditign
Vehicle Type
Position
Pre-Crash Sensing 20 Velocrty. 50
(PCS) Acceleration
Heading
Yaw Rate
Position
Cooperative Velocity
Forward Colision] ~100 Acceleration ~150
Warning (CCFW) Heading
Yaw Rate
Position
Heading
Lane Change | ), Velocity ~150
Warning (LCW) Acceleration
Turn signal status

Driving condition safety improvements from VANETcteologies remain difficult to
assess. Foremost, while numerous safety applisatltave been proposed, none are
standardized [12]. Furthermore, large-scale systephoyments have been limited to test-bed
environments where DSRC adoption rates have bésivedy low, and even if comprehensive
testing results were available, significant legafdies remain regarding risks and liabilities
that could jeopardize successful deployment [78ut bluntly, if injuries still occur in
operational conditions involving safety-certified AMET applications, then who is
responsible?
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How, then, do we assess application safety in a KAN The WAVE protocol stack of
Figure 2.2 shows a five-layer model top-down froppAcation to Physical layers and various
metrics are used to assess the performance ofl@geh Indeed, researchers [25] [79] [80]
have studied in depth the physical layer perforreafdEEE Std. 802.11 / WAVE VANETS,
commonly using throughput, end-to-end delay, anlliscan probability as comparative
metrics. While network performance is often assgssing throughput, end-to-end delay, and
packet loss to quantify Quality of Service (Qo&gge metrics generally express the Routing,
Link and MAC layer effectiveness. In a VANET,anfmation dissemination of safety packets
is critical, requiring a need to evaluate netwaker routing and delivery [81]; for accurate
packet delivery we have to consider the packetvegliratio (PDR) [82] and packet drop rate
[83]. Additionally, routing overhead (i.e., numbef routing bytes required by the routing
protocol to construct and maintain its route [8&&§l hop count from source to destination help
assess routing performance [83]. While networletayetrics are commonly evaluated in
many different types of networks, the safety-endB/ANET demands unique application
requirements.

Potential safety benefits of VANET applications danassessed based on the estimated
effectiveness of the application in terms of retucof “crash-related factors” (e.g., functional
years lost, vehicles crashed, and direct costs) WWhile network level metrics have been
historically important to the understanding andirtgrof traditional Internet and Mobile Ad
hoc Networking (MANET) communities [81], applicatigperformance depends instead on
reliability metrics [81] [85] [82]. Performance amurements considered are often network-
(or packet-) level metrics (e.g., PDR and AverageRacket Latency) and/or application-level
reliability metrics (e.g., Application-level T-Windv Reliability [81]).

Packet Delivery RatioPDR.e{d), is the percentage of broadcast packets that are

successfully received by all vehicles within ea@msmitting vehicle’s coverage rangd81]

Table 2.4 Communications requirements for three ®AKSCC safety applications

Application | Cooperative Forward Collision Waming (FCW) | Emergency Electronic Brake Lights (EEBL) | Pre-Crash Sensing

Update Rate ~10 Hz ~10 Hz ~50 Hz
Latency ~100 ms ~100 ms ~20 ms
Range ~150 m ~300 m ~50 m

36



[82]. Receipt failures degrade PDR due to conctitransmissions, hidden terminal problems
and the impact from channel fading [82].

Application-level T-window reliability (TWR)Papp(d), is the probability of receiving at
least one packet out of multiple packets from abflcasting vehicle at distances smaller than
or equal tad, within a time intervallT. Papp(d) describes the application-level reliability for
safety applications, whereB®R.e{d) commonly represents an i.i.d. packet-level metrat t
describes the wireless communications reliabil@¥][ Application-level reliability can be

expressed in terms of network-level reliability{&%]:

(v ) € € (@2-5) =9 (2-27)

wheret is the beaconcasting interval anig the tolerance time window.
Generalizing, the awareness probabilRy(x, n, Ty, is the probability at distanoeof
receiving at leash packets in the tolerance time windoW;o [82] [85], wherePs(x) =

PDRnefx); awareness probability equals application-levalimdow reliability whem = 1.

1LH’ - 2o
(8% R T(e8 € (28 T 9 (2-28)
.

By considering the number of packets and time &olee windows, awareness probability
can be applied to different safety application®ider to assess application reliability. We
can, in fact, assess the effectiveness of CFCWE&TRL, both of which, according to Table
2.4, generate safety messages at the update rE@ea#ssages per second. However, although
an awareness probability can be calculated anallgtiasing network-level PDR, confusion
remains over how to best use this application-levatrric to evaluate application performance,
as there are no standards that define suitable ensnfidr messages received or time tolerance
windows and the requirements are hard to captuFer example, do we need to receive 1
message every 0.1 seconds? Or 5 messages evegydedond? Or ten messages in one
second? What if we receive 9 messages in one deopf9 messages in 10 seconds — would
that be “safe”?

The authors of [85] provide a methodology that edtethe use of awareness probability
to instead determine the awareness raRgé?»)=d, which is the maximum distance, at
which a threshold awareness probabilRy, is met or exceeded. By first fixing an awarenes
probability threshold (i.e.Pa = 90%, 95%, 99.99%), the network-level PDR neagsta
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achievePa can be determined and the effective awarenes® ranthe PDR can further be

calculated. The awareness range can then be cedthfmathe vehicular operating conditions
(e.g., braking distance, expected communicationgaaetc.) to determine if such conditions
can be met. Intuitively, awareness range descuilbesther or not there is sufficient distance
and time for a safety application to support ussponses that maintain safe operating
conditions. As such, this is conceptually muclsefoto a suitable measure of application-
level performance. Nonetheless, the authors 4f§86ngly caution that even they have failed
to answer the general, open question, “How muclketgatan be achieved by Intelligent

Transportation Systems?”.

2.11 Evaluations of Vehicular Wi-Fi Networks

2.11.1 Static-node Beaconcasting Wireless Networks
Packet loss causes in an urban setting were amhbilyzbe measurement study of Roofnet

[86], a static 38-node 802.11b multi-hop networkering six square kilometers of Cambridge,
Massachusetts, in which nodes emit packets atadgulmed intervals. Loss rates between
nodes were found to be relatively uniform and disgaindependent. Most link loss rates
remained generally stable and temporally independdthough a small minority exhibited
bursty losses. Intermediate link loss rates areertikely due to multi-path fading rather than
attenuation or interference. SINR and distanceei@und to have little correlation to loss rate
predictability.
2.11.2 DSRC FOTs

Empirical measurements from realistic, DSRC-basedind) environments were analyzed
in [87] to investigate the temporal, spatial, angnsietric communications correlation
characteristics. Intermediate loss rates wereddame a dominating feature, with propagation
environment being a major contributing factor, waeer Doppler effects, RSSI value, and
transmission power did not significantly affectfpemance. Bursty effects were found to be
common, implying a weak temporal correlation, alihio the environmental variation
surrounding a vehicle can have a high impact tqteal-dependence (e.g., in environments
with large numbers of moving vehicles, mobile ser@ts dominate, increasing volatility of the

vehicular channel).
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2.11.3 Safety Pilot Model Deployment (SPMD)
The SPMD was conducted in Ann Arbor, Michigan, fréungust 2012 to February, 2014

[28], and represents the first large-scale tegt¢882V technology in a real-world multimodal
operating environment [89] [88].

As the model for (US) national deployment of corteda/ehicle technology, over 75 miles
(121 km) [28] of urban, suburban, and rural roadsvayound Ann Arbor served as the
“sandbox” for 2,787 cars, 19 commercial vehicley] ¢hree passenger buses [88] [90] that
sent and/or received SAE J2735 BSMs and otherrrdtion wirelessly to/from each other
(i.e., V2V) and 25 RSEs (i.e., roadside equipmeniRI). Participation from eight different
auto [88] and four DSRC equipment manufacturer$ §l8wed significant interoperability to
be tested. Of the study vehicles, 2,397 (86%) [88te equipped with devices that only
emitted safety messages but could not receive thdmte 382 vehicles (14%) [88] [90] were
instrumented with either integrated or retrofi#gafharket devices [88] that could both send
and receive safety messages [88]. While the lombar of vehicles that cannot both transmit
and receive limits the amount of data for bidiretl analysis, it does not otherwise invalidate
our results, and future FOTs will expand the alddalata by increasing the total number of
inter-communicating vehicles.

Expanding upon the SPMD, the University of Michigamvisions its Mobility
Transformation Center (MTC) supporting a major dgpient of 9,000 vehicles in Ann Arbor
and infrastructure in southeast Michigan to sup@6r000 connected vehicles [89].

2.11.4 Performance in Ann Arbor

Results collected from eight trucks equipped witBRI-retrofit kits and logging over
60,880 encounters with other SPMD vehicles arertegan [91]. Less than 10% of BSMs
broadcast by vehicles between 20m behind and 6@awabf the truck were not received (i.e.,
PER < 10%). Higher losses to the left and rigtesithe truck were attributed to the likelihood
that buildings or trees existed between the vehicRacket loss gaps in 98% of the encounters
were less than 300ms. While PER was low at shogde, the results show that at distances of
300m, PER is above 70%, with better performancadlot the truck than behind, implying
that characteristics of the truck (e.g., length,temals, and antenna placement) and
environmental constraints (e.g., obstacles suchowklings, trees, and other vehicles)

significantly impact PER.

39



CHAPTER

3

AN OBSTACLE MODEL
IMPLEMENTATION FOR EVALUATING
RADIO SHADOWING

Obstacles, such as buildings and trees, interfétte nadio wave signal propagation by
contributing fading and shadowing effects. To pmaEresults that accurately reflect authentic
topologies, models must capture the radio-interfeconditions that obstacles present. Failing
to account for the effects of obstacles can theeefmaccurately overstate network
performance. An obstacle shadowing model was imetged for thas-3network simulation
toolset and tested using &s-3 script for wireless VANET scenarios and obstacdsédul
geodata from OSM. Results show that determinadigtacle shadowing compares differently
than stochastic Nakagami-m fading. The obstadd®ling model algorithm can be executed
in time complexity similar to other simpler modelsicluding realistic obstacle shadowing in

simulation modeling improves performance assessment

3.1 Introduction

Outdoor obstacles, such as buildings, buses, &ed,tchallenge network researchers to

produce accurate and consistent results [56] becabstacles interfere with radio signal

40



propagation by contributing fading and shadowirfgas$, especially in a VANET [58]. To
improve simulation results, models must accurateect the natural topology and their
impact to the energy of signals traveling througWhile deterministic radio wave attenuation
models are often supplemented with stochastic nsdtlat reflect fading effects, the stochastic
nature of such intended model improvements deterrthie physical parameters of channel
transmissions in a completely probabilistic manmghout considering underlying geometry
[34] and could therefore deviate severely from is¢ial behavior, negatively impacting
performance assessments [31].

This research presents an accurate, determinisstacle shadowing model fas-3that
follows the model introduced in [31] and discusbesv it impacts network performance
assessment. The following research questions ¢R{@p our investigations:

RQ1: Can fast fading and shadowing effects of obssaslech as buildings, vehicles and
trees, be modeled and efficiently simulatet$r376]?

Because model realism improves simulation resaltigterministically real fast fading and
shadowing model that accounts for radio wave prapag through obstacles will improve the
usefulness of existing detailed network simulatimols, such ags-3

RQ2: How does performance in a VANET compare betwéendieterministic obstacle
shadowing model and other stochastic fading andaskiag models?

By implementing a deterministic obstacle shadowmgpel and quantifiably comparing
simulation results to other stochastic fading medal performance characterization of the
obstacle shadowing model can be made.

Our primary contributions include:

1. Following the model introduced in [31], an efficiemplementation of an obstacle
model based on computational geometry techniquesdereeloped and offered to
thens-3network simulator community

2. Simulation results using obstacles compare quéingts the effects of i)
deterministic obstacle shadowing to ii) stochalstakagami-m fast fading and iii)

no fading.

1 https://codereview.appspot.com/201200043
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Figure 3.1 Obstacles in a downtown Raleigh, NC aderas simulated in SUMO

3.2 Obstacle Shadowing Model

3.2.1 Obstacle Model
VCMs that could address transmissions in unobsduconditions should account for the

effects of radio waves as they travel through atbsta To deterministically evaluate fas-3
the effects of obstacles, an obstacle model isemphted in which two-dimensional polygons
represent obstacle boundaries. Figure 3.1 showsxample urban downtown scenario
(Raleigh, NC, USA) using buildings data from OSM][@nd simulated in the SUMO open
source traffic simulation package [67] [68]. A®aim in the example, the OLOS between two
vehicles may pass at oblique angles through maltydlls and interior distances among
several buildings.

Using the obstacle model, an obstacle-aware shadownodel leverages the
Computational Geometry Algorithms Library (CGAL)dount the number of walls as obstacle
intersections, calculate the distance traveledutincbstacles as interior intersection lengths
and implement deterministically the shadowing affeaf wireless transmissions for OLOS
pathways.
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Figure 3.2 Obstacle shadowing model enhancemetite ts-3reference model

To implement the model, propagation and core madodehens-3reference model were
enhanced, as shown and identified in Figure 3.2.

Three classes comprise the obstacle mo@éistacle retains the geometric elements to
represent an obstacl@opology wuses it to load obstacle data points into a mahage
collection, and ObstacleShadowingPropagationLossModel uses both to
implement the obstacle shadowing propagation lazdei All classes are initially placed in
a newns-3module,obstacle

The Obstacle class represents an obstacle using a C®Aalygon_2 object, and
retains parameters that determine the fading eftbcough obstacle walls and interior space.

TheTopology class loads buildings data from a file in the fatras available through
OSM [92] and processed using SUMO'’s Polyconvelityti A user obtains from OSM the
buildings data file for the region of interest (e city area), processes it with Polyconvert,
and loads the resulting buildings data into Trepology object via the LoadBuildings()
method. A subset from an example buildings filshewn in Figure 3.3. A single topology
instance to handle all buildings is assumed. untiore, the Topology object can be used to
determine the obstructed loss between two pointssieyof the GetObstructedLossBetween()
method, which implements the algorithm that detagsifor two vehicles (i.e., points) the
number of walls penetrated and total distance teaMrough obstacles, for which the pseudo-

code is given in Figure 3.4.
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<?xml version="1.0" encoding="UTF-8"7>
<!-- gen 12/14 16:58:30 by SUMO polyconvert Version

full-type
<shapes>

<poly shape="1690.05,2341.48 1691.34,2469.30 1672.88,2470.03 1669.79,2356.91 1645.53,2356.81
id="135692669"/>

=poly shape="1141.90,2293.97 1123.01,2271.05 1132.432,2263.06 1151.78,2286.49 1141.90,2293.97'

<poly shape="1211.96,2467.63 1136.69,2469.68 1137.13,2451.33 1155.11,2450.32 1153.83,2402.94
id="135692671"/>

<poly shape="1087.61,2331.80 1122.56,2331.20 1139.74,2322.91 1151.75,2326.82 1168.21,2329.87
1199.20,2207.42 1199.29,2302.57 1118.24,2205.87 1111.22,2216.65 1085.03,2217.23 1087.61,2

<poly shape="1239.12,2327.23 1234.83,2202.97 1349.83,2202.35 1352.50,2212.33 1346.72,2231.03
13332.62,2291.34 1339.24,2291.48 1338.69,2282.28 1348.88,2282.53 1348.25,2308.37 1333.67,2
type="building.yes" id="135692673"/>

=poly shape="1019.60,2868.35 1075.08,2868.50 1074.10,2801.30 982.60,2802.73 983.76,2862.68 10
id="135693009"/>

=poly shape="1071.46,2927.09 1071.60,2923.98 1074.85,2918.98 1077.83,2919.02 1076.76,2892.91
997.10,2926.50 1001.39,2926.28 1000.84,2929.51 1022.44,2928.83 1022.57,2926.39 1030.09,2%
1071.46,2927.09" layer="-1.00" fill="1" color="51,128,255" type="building.yes" id="135693010"/>

<poly shape="1252.66,3131.91 1253.62,3182.63 1249.57,3182.71 1249.81,3195.32 1253.86,3195.25
1296.21,3210.64 1295.94,3196.89 1298.23,3196.84 1297.00,3131.09 1252.66,3131.91" layer="-1

=poly shape="1357.01,3226.29 1374.84,3225.93 1374.44,3194.39 1354.83,3194.44 1355.06,2197.52
1357.01,3226.29" layer="-1.00" fill="1" color="51,128,255" type="building.yes" id="148163971"/>

=poly shape="1258.27,3211.34 1258.64,3231.27 1258.72,3235.40 1258.88,3244.07 1343.88,2242.36
1356.89,3235.04 1354.89,3231.23 1352.24,3228.32 1356.07,3228.11 1355.47,3210.23 1303.20,3
type="building.yes" id="148163972"/>

Figure 3.3 A subset of buildings data for the dawmnt Raleigh, NC USA area

When considering obstructions between two vehidely, obstacles that lie less than 500m
between the vehicles are included, as obstacleseater distances tend to entirely block
residual radio wave energy. Figure 3.5 furthesstifates an example where two vehicles (i.e.,
V1 and V2) are shown with the OLOS between thera dashed line. Shaded around each
vehicle is a circle of 500m radius that represéimesregion of potential obstructing obstacles
(i.e., corresponding to step 4 is the algorithniigiure 3.4). For performance optimizations,
potential obstacles are found by searching a BSWsthcle centerpoints (i.e., the midpoint of
an obstacle’s bounding box). An example centetp@inis labeled in Figure 3.5, within the
region surrounding vehicle V1. All buildings witienterpoints within the shaded regions are
each tested for intersections along the OLOS pettivden the two vehicles. For each obstacle
that meets the intersection test, the total nurabertersection edges (i.e., walls) and distances
within the obstacle interiors are determined arel éhsuing sum total is returned. As an

additional optimization, inter-vehicle obstacle wbstions are cached by assuming that each
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Algorithm GETOBSTRUCTEDISTANCEBETWEEN (Py, P2, B)

Input. Locations,p; and p;, of two vehicles and a pre-
determined binary search partition (BSB)pf obstacles.

Output The total obstructed distanag,, and the number of
obstacle edge intersectioms,

1.m On O

2. Initialize a maximum ranger, the distance from either
point p; or p; to an obstacle center-point, that is used to
fiter the set of obstacles to the subset which are

sufficiently nearby for calculation purposes (i.€or
optimization, exclude far-away obstacles).

3. Create a bounding bok, for p; andp, and extend in all
directions byr.

4. Get the set of potential obstacl€d, O the range
search ob within B.

5. For every obstacle O, do:

if the distance from, or p2 to the obstacle center is
within ranget, then

7. for each edge o,

o

8. ifsintersects a ray fromy to p;
9. n n+l
10. save the min. and max. distances frpimpg} to

the intersection pt.
11. m, m +distance between min., max. values in step
10 (i.e., obstructed distance)
12. returrm, andn

Figure 3.4 Pseudo-code for the algorithm that deitezs the number of obstacle wall intersections
and obstructed distance between two points

pair of vehicles that have not both changed pasiby more than 0.1m retain the same
obstructed-distance results.
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Figure 3.5 Obstacle intersection range

3.2.2 Propagation Loss
Following the model introduced in [31], an obstasf@mdowing model was developed for

the ns-3 network simulation toolset using computational getry techniques to determine
OLOS distances traversed and number of segmenséutons (i.e., walls penetrated) in
roadway scenarios using building footprint informatfrom OSM.

Slow fading shadowing effects of obstacles are neabesing the Simple Obstacle model
of [31], in which obstacle shadowing path losg,, is dependent on both per-wall-attenuation
and per-meter-attenuation as:

oz 3 0Y%),9 (3-1)
where is the attenuation per wall, in dB, is the number of walls penetratéd,is the
attenuation per meter, in dB, ahd is the distance, in meters, traveled through albesta
Default values as per [31] of = 9 dBm and/z= 0.9 dB / m are used. However, the
implementation supports configuration of these ealper obstacle, so that radio wave

propagation effects can be modeled for obstaclegposed of different types of construction
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materials (e.g., “brick and mortar” buildings vessnooden-framed houses, garages, sheds,
etc.).

To implement the model, clagdbstacleShadowingPropagationLossModel
derives fromPropagationLossModel and can thus be usedns-3for propagation loss
chaining. For example, a user could set up a sitiaul to use the Two-Ray Ground or Friis
propagation loss model, and additionally chain Nakai-m fading and obstacle shadowing
(or other supported propagation loss models).

As an example calculation, consider a scenario.,(egin Figure 3.5) where the line
between two vehicles passes throdgtlO walls and an interior distance pf @[ m.
Substituting into ((2-2) yieldse 79%10+0.9x125=202.5 dB. With the cumulative lodees
this example, it is unlikely that a transmissioonfr one vehicle would have sufficient power

to be received by the other, as obstacle shadog@nges significant propagation loss.

3.3 Experimental Setup and Results
3.3.1 Experimental Setup

Several steps are necessary to set up an expetimtaoses the obstacle shadowing model,
as shown in Figure 3.6. First, buildings dataitamed from OSM and fed through SUMO’s
Polycovert utility and also optionally included 83UMO’s Netconvert utility if obstacles are
to be shown in SUMQO'’s vehicular simulation. NeStJMO combines road network and
simulation criteria to produce a vehicular trade that is converted tns-2format using the
traceExporter2.py python script. Lastly, the buigs data is loaded intes-3 (i.e., via the
Topology class) and thes-2vehicle trace file is played back usiNg2MobilityHelper

while the network configuration is simulated.
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Figure 3.6 Process flow for experimental setup

To answer RQ1 the obstacle shadowing model wasemghted for thens-3 network

simulation toolset and to answer RQ2 it was tesigdg the fs-3 WAVE) vanet-routing-

comparescript that enabled BSM traffic only (i.e., disadblrouting protocol traffic) and was

extended to support scenarios with obstacles.

To test the obstacle shadowing model, scenarios witmerous interestingly-shaped

buildings were sought in which many nodes wouldegate wireless traffic frequently and by

movement would change their orientation among #teo$ buildings.

scenarios in open highway, residential neighborh@al urban downtown settings were

Wireless VANET

ultimately selected, with topology parameters asashin Table 3.1and depicted ifrigure 3.7

Figure 3.8, and Figure

3.9.
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Network simulation uses the mobility trace filesguced by SUMO simulations (i.@s-
2 trace files) played back for 2000 seconds (i.8.3 3ninutes) of network simulation time in
ns-3 during which every vehicle emits a BSM 10 times pecond. Network simulation
parameters are summarized in Table 3.2 with exaogstenand line arguments for thanet-
routing-comparescript that users can modify to evaluate differ®#NET simulation

scenarios. Propagation loss is calculated for eémntsmission between sender and other
nearby potential receiving vehicles.

Table 3.1 Scenario topology parameters

Scenario
Open | Residential | Urban
highway | neighborhood| downtown

Latitude N| 35.8855 35.8758 35.782B
S| 35.8420 35.8650 35.7714

. W|-78.885§ -78.6770| -78.65(Q6
Longitude 7

E|-78.7789  -78.6502| -78.623
)

Approx. Area (sqg. mi. 39.17 1.68 2.01
Buildings 348 1440 1776
Traffic lights 7 5 75
Vehicles, routes 50-250 50-250 50-25(0
Car-following model Krauss Krauss Krauss
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Figure 3.7 View in GoogleEarth™ (above) and viszation in SUMO of Open Street Map (OSM)
buildings data (below) for an open highway scenagar Raleigh, NC USA
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Figure 3.9 View in GoogleEarth™ (above) and vizatlon in SUMO of Open Street Map (OSM)
buildings data (below) for an urban downtown scenaear Raleigh, NC USA
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Table 3.2 Network simulation parameters

Parameter Value ns-3 commnd line argument
BSM size 200 bytes --bsm=200
BSM rate 10 Hz --interval=0.1
Transmit power 20 dBm --txp=20
Frequency 5.9 GHz (N/A - value hard-coded)
Channel bandwidth 10 MHz --phyMode=0OfdmRate6MbpsBW10MHz
Channel access 802.11p OCH --80211Mode=1
Tx range 50 - 2000 m --txdist[n]=[d]
Sync time accuracy] 1-10 s (uniform) --gpsaccuracy=10000
Encoding OFDM --phyMode=0OfdmRate6MbpsBW10MHz
Rate 6 Mbps --phyMode=0OfdmRate6MbpsBW10MHz
Propagation loss model  Two-ray groungd --lossModel=3
Simulation time 2000 s --totaltime=2000
Fading Model Obstacle Shadowjng --buildings=1

To compare the effects of obstacle shadowing, idanexperiments are repeated and
results compared using different propagation losdets for:
i) two-ray ground propagation loss only,
i) two-ray ground propagation loss and stochastic Nakem fast fading, and
i) two-ray ground propagation loss and determinidbistacle shadowing.
Performance is evaluated by comparing the PDR {he ratio of actually received packets
to expected packets) among different path loss ldde a given coverage radius from the

transmitter.

3.3.2 Results and Discussion
Using ns-3 simulations evaluate path loss between vehicé#sguthe two-ray ground

propagation loss model, with additional fast fadiefjfects modeled using the obstacle
shadowing model of this research and comparedeatibchastic Nakagami-m fading model
as well as results without any fading effects.

The varying effects of propagation loss models banexplained by example of a

downtown intersection, as shown in Figure 3.10.relH&affic signaling causes vehicles to
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Figure 3.10 Example propagation loss effects neantarsection

gather often at intersections. When obstacle shisdpas ignored, the propagation loss effects
of the buildings is unaccounted for between vekité and V2 and also V1 and V3, leading
to an overstatement of the likelihood of packeepion. However, if stochastic fading models
are used, then the fading potentials between \ehigR and V3 are equally probable as
between V1 and V2 or V1 and V3, resulting in an emsthtement of the communications
potential between the unobstructed vehicles V2\&hd

The increased path loss from fading effects deeseBOR, as does increased shadowing
path loss from higher obstacle density. Figurd 8dmpares the PDR at a range of 500m over
time for an urban downtown scenario with 250 vedsclor the different propagation loss
models. Earlier results (e.g., prior to 500s) simoeve variability before the randomization of
vehicle trip and traffic light signaling leads toore steady-state behavior of vehicle flows.

The PDR for “no fading” is the highest, as no aiddial fading and shadowing losses are taken
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into account. Repeating the same scenario anddimgjstochastic Nakagami-m fading effects
results in the lowest PDR, as additional fadingrababilistically considered for every vehicle
transmission potential. Results for obstacle shaatp lie between the “no fading” and
stochastic fading results, implying that a deterstio evaluation of obstacle shadowing shows
a fading effect that is not as severe as evaluginogagation loss stochastically for every
transmission, as achieved using Nakagami-m fading.

Figure 3.12, Figure 3.14, and Figure 3.13 show Ri2R decreases as transmission range
increases and is further affected by fading. Bdben highway scenario (i.e., Figure 3.12),
the tendency for PDR towards limited fading effg@ts., 200-600m) is explained by more
frequent unimpeded communications that do not éixfaiting effects along the open highway
road segments resulting in the higher chance afessful safety message exchanges. In both
the residential and downtown scenarios (i.e., gdi4 and Figure 3.13), PDR drops off
rapidly for short (i.e., < 100m) ranges for botk tio fading and Nakagami-m fading models.
This is because higher intersection densities dfickes simultaneously emitting safety
messages can saturate the channel with resultamgrrission collisions degrading PDR.
However, if obstacles sufficiently reduce powerhstitat some messages are blocked from
receipt, then the lower localized amount of backgobnoise increases the SINR and improves

the chance of reception for those unobstructedatsghat receivers can sense.

w
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Figure 3.11 PDR over time for three fading models
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Figure 3.15 PDR for residential neighborhood sdenaith no fading, for 50 — 250 vehicles as a
function of the distance from the source of thagmaission.

Figure 3.15 charts PDR for the residential neighbod scenario with no fading effects,
and shows that PDR decreases as transmission aad@@ vehicle density increase.

Lastly, the PDR average and one standard deviét®n ) are shown imable 3.3 For
the same scenario repeated with only changingatied model, obstacle shadowing shows
the least variation over time.

The results of Figure 3.12, Figure 3.14, Figure33ahdTable 3.3are explained by the
obstacle shadowing effects in scenarios with higgtarcle densities tending to bifurcate results
into those that are entirely unobstructed and $mwatuccessful delivery and those that
encounter sufficient radio wave blockage that pnévelelivery. In effect, obstacles increase
spatial reuse. Similar to the effects experienoggbarty guests that relocate to more quiet
places to continue conversation, often placings\adtween themselves and other, louder side-
conversations, so too do obstacles such as budditagk inter-vehicle communications thus

improving localized PDR, an effect that we célie Dinner Party Effect However, while
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Table 3.3 PDR average and standard deviation feetfading models

Model Mean d
No fading 14.38%| 2.48%
Nakagami-m fading  5.60% 1.35%
Obstacle shadowing 10.85%0  0.56%6

obstacle shadowing can therefore improve PDR, tisaakso a downside in that messages that
are prevented from reaching recipients could jediparsafety.
3.3.3 Performance

Scenarios were simulated for 30 trials each with750 vehicles moving in highway,
residential, or downtown areas \na-2trace files and each node transmitting 10 BSMs per
second, for 2000s of simulation time. Each triabwepeated to evaluate three different fading
models: no fading, stochastic Nakagami-m fadimg] deterministic obstacle shadowing.
Simulations were conducted using the equipment ftben High-Performance Computing
services at North Carolina State University, witle tongest scenario taking up to six wall-
clock days to complete. As shownHigure 3.16 although the average times indicate that the
expected overhead of using the deterministic obststtadowing model is greater than the
stochastic Nakgami-m fading model, the confidenaervals imply that the simulation
performance of the obstacle shadowing model inhentime complexity order of using the
Nakagami-m fading model.
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Figure 3.16 CPU-time (minutes) of the sum of titesimulate 2000s of 150 vehicles in the
highway, residential, and downtown scenarios ftfedént fading models

3.4 Summary

Performance assessments improve when models aslguregflect environmental
conditions such as the fading effects of radio warapagation through buildings and other
obstacles. Results based on stochastic Nakagafadimg fail to realistically differentiate
between highway, residential, and urban settings differ from the deterministic results
obtained using the obstacle shadowing model.

An obstacle model and a fading model that useasitdteen implemented and offered to the
open sourcas-3network simulator community. The models are shtovexecute efficiently
with simulation overhead on the time complexityeardf the stochastic Nakagami-m fading
model. Results generated from simulation expertménat use these models show that
deterministic obstacle shadowing can greatly deg®@®R and compares differently than
stochastic Nakagami-m fading. Failing to accounmtthe effects of obstacles can therefore
inaccurately or even greatly overstate the perfoceaof VANET scenarios. Including
realistic obstacle shadowing in VANET simulationaebng improves VANET assessment.
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CHAPTER

4

ANALY IS OF PACKET LOSS IN A
LARGE-SCALE DSRC FIELD
OPERATIONAL TEST

DSRC intends to improve transportation safety biyngisvireless technology to allow
vehicles to exchange safety-awareness messagedvetinean. Using a large empirical dataset
collected from a field operational test of nearB08 vehicles operating around Ann Arbor,
Michigan, we characterize the packet-level perforoeeof safety messages exchanged among
vehicular encounters. Specifically, to better ustind the real-world operating conditions of
the vehicular wireless channel, the characteristiédRR and IPG behaviors and temporal and
spatial correlations are examined. Analysis oficlelpair encounters shows DSRC packet
losses differing from other, static-node wirelessadoning networks, due mainly to the
vehicles’ high mobility and the possibilities ofysal scatterers and/or obstructers that may
come between them. As long bursts of consecutillly packets could jeopardize vehicle
safety awareness, IPG is explored further, withrtshapped consecutive losses commonly
uncorrelated and longer gaps exhibiting temporaletation tendencies. The findings of this
chapter can be used to inform channel models fAR©Systems, which in turn can produce

meaningful simulation results.
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4.1 Introduction

This chapter analyzes packet loss of the nearl( 3@bicle large-scale wireless V2V field
operational test (FOT), commonly called the Safeitpt Model Deployment (SPMD) [88]
[28]. SPMD nodes are cars, trucks, and buses pedipvith DSRC devices that move
throughout Ann Arbor, MI and surrounding areas gsimof-mounted antennas that transmit
and/or receive vehicular safety messages wireldsslyeen them [93].

In the SPMD, all vehicles emit safety messageseasdns at regular intervals that other
vehicles can receive (i.e., beaconcasting). Yetiept packet reception is not the norm in a
VANET [87], with packet losses commonly resultimgrh separation distance, obstacles, and
multi-path fading effects [87]. Understanding peickss in authentic scenarios requires data
from large numbers of vehicles operating withinyuag scenarios. However, the high costs
of such deployments often lead researchers to tmeifiield range and/or number of vehicles
in DSRC beaconing network FOT studies [86] [91]][8Thus, the analysis of safety packet
losses in large-scale FOTs is important towardgvgroved understanding of packet-level
performance under real-world operating conditions.

The main contribution of this chapter is an analysi the performance of safety packet
receipt and loss within the SPMD, as derived frara months of operational data [94]. The
analysis reveals that several common assumptiori33&C (e.g., high packet reception rate
for distances smaller than 100m) simply do not holdeal deployment. The results can be
used to develop more accurate wireless propagatiotels for DSRC systems, which can
subsequently improve the performance evaluatidhege systems.

The rest of this chapter is organized as followSection 4.2 further elaborates the
operations around Ann Arbor, MIl. Section 4.3 présanalysis and results and shows that
DSRC packet loss within Ann Arbor follows a powawldistribution with roughly half of gap
losses being short-length and uncorrelated, whdeémaining average gap losses greater than
400ms exhibit temporal correlation and/or non-etarity tendencies. Section 4.4 concludes

the chapter.
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4.2 SPMD Data Analysis

4.2.1 The SPMD Data Environment (DE)
Goals of the SPMD data collection include assistitiTSA in its V2V safety system

decisions and for eventual wide-spread disseminaifahe data to a variety of researchers
[95] to better understand the safety benefits lairger scale real-life deployment [93]. The
data collected for the SPMD includes almost 4 onillirips in nearly 900,000 hours [88] and
covering 27 million miles on the road [90] that geated approximately 47 TB [90] of data
representing over 84 billion safety messages [96].

To help researchers better understand the perfaenainconnected vehicle technologies,
the USDOT makes several connected vehicle resekatehenvironments accessible through
the Research Data Exchange (RDE) [94], including 8PMD Data Environment (DE)
corresponding to a sanitized subset of SPMD datadmg BSM and other data elements that

were generated during October, 2012 and April, 28418 over 2,700 vehicles, equipped with
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Figure 4.1 Representative coverage area for thetySBflot Model Deployment in Ann Arbor,
Michigan. Highlights represent the line of sigheer 3 million successful BSM receipts for
selected encounters between a receiving vehiclpgRck a transmitting vehicle (Tx), as derived
from the SPMD DE.

V2V wireless technologies, traversing Ann Arbor,. Miigure 4.1shows the area around Ann
Arbor covered by selected vehicular encountersiwitie two months of operational data as
provided by the SPMD DE.

The 107 GB SPMD DE includes eight datasets foringivdata (i.e., for two different
vehicle sets, DAS1, and DAS2), BSM captures, rasquipment (RSE) interactions, and
four contextual data sets (i.e., Network, Weatlsahedule, and Road-Work Activity) [97].
Data is organized conceptually for each trip thaehicle makes. A trip occurs when the
ignition is turned on in a DSRC-equipped vehiclegd &nds when the ignition is turned off.
Trip data for two vehicle data sets, DAS1 and DA82s analyzed. Data set DAS1 provided
8,230 unique trips, representing data collectechfeomajority of the participating vehicles
that used the Data Acquisition System (DAS) dewetbpy UMTRI, and data set DAS2
provided 14,315 unique trips representing the datkected by CAMP’s 64 vehicles. Trip
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successfully received.

Table 4.1 Trip data summary for Safety Pilot MobDeployment Data Environment. Over 22,000
vehicular trips covering 167,000 km in 4,700 hawsulted in more than 48M BSMs that were

Distance Unique | BSMs
Datasef Time Period Trips | Time (hr)| traveled . .
(km) Vehicles| received
DAS1 | October, 2012 269 201 4,831 13 502,894
DAS?2 | October, 2012 7,422 1,360 N/A 64 12,613,845
DAS1 | Apri, 2013 | 7,961 2,092 95,604 96 12,582,417
DAS2 | Apri, 2013 | 6,893 1,118 56,664 63 22,551,427
Total 22545 4,771 157,098 48,250,383

data is not available for vehicles that only enfiNBs but cannot receive them (i.e., the largest
number of vehicles participating in the SPMD).
4.2.2 Approach

Data for each trip was time synchronized with BS¥Meption data. No messages were
successfully received when vehicles were sepalatdd?km or more. An encounter between
two vehicles exists when they remain within 1.2 &hone another and the interval between
successively received BSMs does not exceed 60& PHaket Loss Burst Length (PLBL),
measured as the time gap between successfullywescBISMs, defines the IPG. IPG longer
than 60s implies significant communications diffit@s (e.g., vehicles separated by long
distances for long periods of time, or out of ranfene another due to obstructions).

A total of 44,482 unique encounters was extraatewh the DAS1 data set for April, 2013.
Because a majority of the DSRC-equipped vehiclésnim Arbor only emit but do not receive
BSMs, a majority of these encounters represent anidirectional communications from
transmitting vehicle (Tx) to receiving vehicle (Rx)However, a further subset of 1,950
encounters were isolated that represent symmetmnmanications between Tx and Rkable
4.1 summarizes the trip data for the DAS1 and DAS2 dats.
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4.3 Results

4.3.1 Packet Loss

For each encounter, Tx emits BSMs 10 times perrgbtitat Rx could receive. Thus, a
packet sent by Tx that is not received by Rx duari@Oms interval is considered a lost packet.
For receiver-centric safety packet performance, E&Rures the BSM packet loss rate as
a ratio, in percent, of the number of packets seat are not successfully received by other
nodes within range over a given time interval. H&BRrransmitting node, receiving nod¢,
and time intervat, is defined as:
Gy ¢
EE

whereg,, % ¢ is the number of BSMs transmitted bthat are successfully received joy

(42 3¢ C. o (4-1)

ininterval t, andy., ¥ is the number of BSMs thatransmitted in interval

Whereas PER characterizes packet loss, its coamteRRR, captures the BSM packet
receipt success rate.

(22 3¢ €. %223¢ ©& (4-2)

Figure 4.2shows example encounters between four vehicls.p&ines show the time vs.
distance path of the pair's encounter. Markers tiesaccessful packet reception events and
their absence indicates packet loss. Encounter8,Aand C represent vehicle passing
scenarios, while encounter D shows a car-follovergmple. While the encounters selected
are illustrative and not necessarily representatitgpical passing / following scenarios, they
show that the length of encounter times can vayyicantly. Furthermore, reception is more
likely when vehicles are close, but the relatiordistance is otherwise inconsistent for the

selected encounters. However, in certain encosindech as the car-following example D,
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Figure 4.2 Packet reception for four example entargrfrom the SPMD DE. Encounter time can
vary significantly. When vehicles are in closexinaity to one another, packet reception is more
likely, but the correlation to distance is othemvisconsistent.

radio-interfering obstacles (i.e., hills, buildingsucks, etc.) often block the path between
vehicles, despite their close proximity.
4.3.2 Packet Reception Ratio

Figure 4.3compares the total sent and successfully recepaelets out to 1.2km for the
DAS1 encounters. The distribution of BSMs transaditwithin range of receivers is nearly
uniform, but slightly more frequent in the 400-600@amge. Packets are more likely to be
received at shorter distances, with half of thalteticcessfully received packets occurring at
inter-vehicle distances less than approximatelyni25The low reception rates at longer

distances alludes to the effects of obstacles eattesers in the operating environments.
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Figure 4.3 Packets received (red, below) relativpatckets not received (green, above) as a
function of the distance between sender and recvéhe SPMD DE. Reception success (i.e.,
PRR) decreases as distance increases. PRR isrgreat 65% only at distances less than 10m
and decreases rapidly with distance, with few ptackeccessfully received beyond 400m.

4.3.3 Inter-Packet Gap (IPG)
Time between successfully received packets indscpggiods of packet loss and occurs

with varying IPG length, as seen by examining titervals between markerskigure 4.2 To
properly understand the behavior of the vehiculznoel, packet loss patterns and their

potential temporal dependencies in consecutive®suist be explored.
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Figure 4.4 Average IPG as a function of relatiasmitter distance from the receiver as centered
at x=0, y=0). IPG is generally low regardless of sendeiagdirectly ahead of or behind the
receiver, but increases as distance increasesciakbpeavhen lateral distances increase and the
transmitter is behind the receiver. Numbers ingidhe count of IPG values that are averaged for
each cell.

The average IPG lengths are plotted in Figure 4.4 function of the relative position of
the transmitting vehicle with respect to the remgwehicle. By translating receiving vehicles
to be centered ax£0, y=0), IPG can be seen to be low when transmittersear the vehicle,
and is generally low regardless of senders beiregtlly ahead of or behind the receiver, over
the full range of reception. IPG is slightly asyetnical for longitudinally positioned
transmitters, being lower for senders that are éluédahe receiver, as compared to vehicles
that are behind.

To characterize IPG lengths, Figure 4.5 plots (tmgscale) the normalized probability
distribution of the frequency of consecutive loatkets (i.e., “gaps”) out to one minute. At a
transmission rate of 10Hz, the expected IPG is H0®xom the SPMD DE encounters, the
IPG was found to be below 300ms 95% of the timasstent with other Ann Arbor studies
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Figure 4.5 Log-log plot of the probability distrifoan of frequency of inter-packet gaps in seconds,
out to one minute, within the SPMD DE. A major(®8%) of IPG lengths are less than 200ms (i.e.,
losses of 0 or 1 packet), while longer IPG lengtlasisibly follows a power law distribution model,
p(x)=0.3422374

[91]. Although infrequent, gaps longer than 30eysresent increasingly longer periods of
lost communications. Such losses are importapraperly characterize and model, as they
capture the periods during which safety messages wet successfully exchanged, thus
potentially threatening safety application effeetiess.

Several long-gap packet losses indicate a longealower law distribution. Following
the approach in [98], a power law distribution.(ipx)=Cx ) was fit from the empirical data,
with C=0.342 and =2.374. This hypothesis was tested for goodnesdg-afsing the
Kolmogorow-Smirnov (KS) statistic (i.e., KS tes®8]] from which the probability of match
(i.e., p-value = 0.8 > 0.1) indicates that the powav model is a plausible fit for the
distribution. Additional distribution models (e.g@xponential, lognormal, and Poisson) were
also considered for data fit plausibility by appkyito each distribution model the KS test
which rejected the null hypothesis for each alteveamodel.
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4.3.4 Time Correlation of IPG Length
Previous analysis of packet loss in DSRC commuioicat[87] found that bursty effects

are generally common, indicative of weak tempoaatelations in vehicular networks, with
environment significantly effecting temporal coatbn, as fewer signal scatterers lead to
reduced channel volatility. Contrastingly, anadysi packet loss in Roofnet [86], a constantly
beaconing, static 38-node 802.11b multi-hop networin urban setting, shows that packet
loss behaves as if it were independent for showt intervals while for longer intervals, some
of the links show bursty losses, and some do not.

Unlike Roofnet, where all nodes remain stationaihview (if any) changing influences
of radio blocking obstacles between them, the dyciam brought about by the high mobility
of vehicles in the Ann Arbor environment leadsigngicant changes in obstacles (i.e., signs,
buildings, other cars and trucks) blocking LOS dbads between them. Furthermore, in
some cases, such LOS interruptions may be shed-ifg.g., when cars moving in opposite
highway directions briefly have a truck betweenrth®S path). In other cases, obstacles can
block V2V signals for longer terms (e.g., when sloving vehicles and/or those stopped at
an intersection have buildings or other large Vekibetween them). Such spatial differences
within the environment help explain the temporg gangth variations shown in Figure 4.5.

By analyzing the SPMD DE for packet reception slas the expected frequency of one
message every 100ms, we can investigate packettdosee if losses occur randomly or
otherwise correlate to temporal and/or spatial disiens.

The time variation of packet loss rate of beacomiodes has been examined in both static-
node networks (e.g., Roofnet [86]) and mobile-nodeditions (e.g., DSRC communication
environments [87]) to determine if there existsnaetdependent correlation to IPG length,
using the Allan deviation (ADEV) [99] [100], whictescribes frequency stability and is
sometimes used to evaluate the potential sengitiviime fluctuations within other time series
[101]. Allan deviation relies on the differencetween successive samples instead of the
difference between each measure and the long-teerage, as computed by the standard
deviation. Several different frequency stabilitgasures exist that differ in their time lag and
autocorrelation methods, resulting in measures/gtin convergence properties and abilities
to handle drift and different types of noise (esge [102] for a detailed explanation). For

example, the original Allan deviation, as used &§][in analyzing Roofnet, has been widely
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superseded by the Overlapping Allan deviation, Whitovides higher confidence and better
convergence [102].

The formula for the Overlapping Allan deviationatequence of samplgs wherey| =
M, is [102]:

E A _

) G - ) )
dy - A . © B Ay L ACY (4-3)
[ Al 0C Vil (o4

wheremis theaveraging factoror distance between the two terms in the seiresri=1 uses
immediately neighboring pairsy=2 uses the 1st and 3rd terms in the series, Zthdthnetc.).
Allan deviations are commonly presented as logdlogs comparingl, - to - (i.e., sigma-
tau plots [99] [100] [102]) where - - for some value- that represents the sampling time
of the series.

The SPMD DE data was split into four equally-sizgdrtiles based on the average gap
length for encounters that lasted at least onengecdhe Modified Allan deviatiord, - , for

GB@, with 95% confidence intervals is shown in Figdré for each of the four quartiles

(i.e.,Q1, ..,Qq4). Additionally, a line with slope =-0.5 is shoywmmhich corresponds to a series
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Figure 4.6 Overlapping Allan deviation, , of packet loss gaps throughout Ann Arbor, as a

function of , the averaging factor in seconds. The SPMD DRg#tis split into four quartiles (i.e.,
Q1..Qq) by the average gap length for 1950 encounters.

with independent, identically Gaussian distribufeidd.) fluctuations in frequency stability
[99] [100] [101].

The results for the first quartil€,, exhibit a behavior that generally follows the esied
behavior for uncorrelated data (i.e., a linear dase in the log-log plot @ - vs.: with
slope = -0.5). The trend is also present, butlesser extent foQ.. However, as packet loss
gap length increased, - shows a significantly different behavior. Thergasing trends
(i.e., flattening slopes) exhibited ¢ andQ4 suggest the presence of packet-loss correlations
in the encounters and/or the presence of non-statydeatures in the series [101]. Thus, the
first two quartiles (i.e., 50%) with average packets gaps below 400ms are commonly
independent loss events, while the remaining hdiftat correlated packet losses and/or non-
stationarity. The correlation tendencies for langacket gaps require further study to
understand how the losses relate to spatial ateligporal environmental conditions.
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4.4 Conclusions

Over 2000 V2V encounters were isolated from the BHME, in which safety messages
were successfully exchanged during the largestoad-test to date of connected vehicle
technology. DSRC IPG was less than 300 ms in 9686@unters, consistent with other Ann
Arbor studies [91], and found to follow a long-&all power law probability distribution,

8 GBEN[8 BEEY | As reported in [87], bursty effects are commwhich differs from the
static-node Roofnet study [86], in which burstysles were rare and link loss rates remained
generally temporally independent. In Ann Arborwewer, packet loss by quartiles shows a
significantly different behavior, given the averaggcket loss gap length of an encounter.
Roughly half of gap losses are short-length (iess than 400ms) and commonly uncorrelated,
while the remaining average gap losses that asgggrthan 400ms exhibit temporal correlation
and/or non-stationarity tendencies that could befre further examination of their relation
to environmental conditions.

Characterizing DSRC packet loss behaviors in |sgde field operations tests, in terms
of loss probability functions and IPG length coatans, provides insights into vehicular
channel volatility. The findings can be used to iaye existing DSRC channel models, thus

leading to improved tools for evaluating the perfance of these systems.
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CHAPTER

S}

EVALUATING THE ACCURACY OF
VEHICULAR CHANNEL MODELS IN A
LARGE-SCALE DSRC TEST

Vehicle-to-vehicle channel characteristics diffgmngicantly from those of conventional
cellular channels, principally in terms of fadintatsstics due to varying environmental
conditions, link types, vehicle types, and objethst result in complex propagation
effects. Accurate modeling of the vehicular chameenains a complex challenge. In this
chapter, existing, common VCMs are evaluated amapewed to measurement data from the
UMTRI large-scale DSRC testbed involving nearly @@@hicles and conducted over several
months around Ann Arbor, MIl. While many VCMs caedgiict reasonably well the frequent
packet error rates observed near Ann Arbor, thesr-estimate IPG and under-estimate the
likelihood of runs of consecutively and successgfuteceived packets. The testbed
environment shows significant fading (i.e., sub-Rmh) and/or shadowing effects that
challenge the accuracy of traditional VCMs. Fumhere, despite 60% of the inter-vehicle
paths being obstructed by items available using Ogddata, a deterministic obstacle
shadowing model that makes use of such geodata mloesccount for all shadowing

effects. Evaluating VCMs in terms of realisticrge-scale experiments helps researchers
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better understand actual behaviors and allowsherdevelopment of new and/or improved

models that more accurately reflect reality.

5.1 Introduction

This chapter analyzes commonly referenced wirdl€dds and compares them to truthful
FOT measurement data of a large-scale wireless ¥2tbhed, commonly called the Safety
Pilot Model Deployment (SPMD) [28], [88]. The apgmately 3000 SPMD nodes consist
of cars, trucks, and buses equipped with DSRC dewigat move in and around Ann Arbor,
MI using roof-mounted antennas that transmit aula@g 100ms intervals and/or receive
vehicular BSMs wirelessly between them [93] (se,[]128], [88] for details on the SPMD
environment).

The successful safety performance in the DSRC m&twequires PRR with high
probabilities, longer consecutive reception rurgten(CRRL), and short IPG. For example,
in the presence of an imminent crash scenariondeel for highly successful and rapid data
exchanges over short periods of times is imperativigh analysis of long-term packet
reception behaviors being insufficient when evadah such short time-windows.

An analysis of the packet-level receptions of tatadet [14] indicates packet errors occur
frequently in this environment, with transmissioacket losses commonly resulting from
separation distance, obstacles, and multi-pathnéadéffects [87], while collisions of
transmissions are rare due to the scarcity of emteosibetween vehicles. Furthermore, unlike
static-node networks, the consecutive packet logsd®G, for many V2V encounters in the
SPMD exhibit temporal correlations and/or non-stadrity tendencies [14]. Evaluating VCMs
in terms of representative, large-scale experimieelgs researchers better understand actual
behaviors and allows improved models to more atelyraeflect reality.

Furthermore, for the many researchers that propostecols and applications relying on
DSRC, we provide realistic parameters for sevefag suitable for realistic error rates, while

cautioning about their drawbacks related to IPGs.

5.2 Background

Connected vehicle networks promise communicati@abilities intended to improve

vehicular safety while simultaneously supportintyelr infotainment applications. Yet V2V
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channel characteristics differ significantly frorhose of conventional cellular channels,
particularly in terms of fading statistics and thassociated time and frequency selectivity
[33], differing environmental conditions, link typevehicle types, and objects that result in
complex propagation effects. With potential foreleéss signal reflection and scattering
brought about by varying vehicle sizes and shapeserial differences in road surfaces,
building construction materials, foliage densitiasd antenna-to-antenna slope differences
from terrain and road design [33], accurate modetihthe vehicular channel remains a very
complex challenge [29]. Indeed, two different $ripom home to store, school, or work will
not yield exactly the same channel behaviors dtendb the subtle changes in environment
between trips.

Figure 5.1 plots results from SPMD data for an enter between two vehicles (one
transmitter and one receiver). Orange lines remtaster-vehicle LOS paths for successfully
received packets and are interspersed with penbgscket loss events (yellow) of varying
lengths. Reception is inconsistent and packeekd® not necessarily correspond to visible
environmental elements, such as buildings.

Analysis of safety packet reception within the SPMRbws low reception rates with
significant variations among different V2V encousteRoughly half of the encounters exhibit
short-length average IPG in which consecutive patd®ses are uncorrelated, while the
remainder show temporal correlation and/or nonestatity tendencies [14]. While results
show that typical VCMs can accurately predict ldagn average packet reception rates, they
do not predict well the per-packet behaviors angtyuyatterns that are found in the SPMD

test data.
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Figure 5.1 The receiving vehicle, RX (green trajegt, moves from the top right to the left, while
the transmitting vehicle, TX (blue trajectory), nesvirom the top middle to the bottom middle and
enters a parking deck. Multiple packet loss peripgellow) can be observed in this encounter.
Here, the packet losses do not seem to corresmohdilding or parking deck obstacles between
vehicles. It is possible that the losses are chbgdrees, elevation changes, and/or trucks @roth
vehicles coming between sender and receiver, bt ib insufficient data from which to definitively
and deterministically derive path loss in this ender.

5.2.1 Obijective
While many measurement studies enact highly-cdett@dcenarios that focus on limited

environmental conditions, such as a relatively stairetch of highway or a specific
intersection or campus area, it is crucial to assesdel applicability in terms of large-scale
operational field tests. To do so, we model packeeption/loss as a function of differing
fading/shadowing components that we then evaluafandl parameters that best-fit the Ann
Arbor SPMD test environment. We then statisticaltyalyze the accuracy of several common,
existing VCMs against the actual FOT measuremeat(ia., the SPMD dataset provides only
packet reception/loss indicators, and does notigecactual RSSI data).
5.2.1 Geometry-Based (GB) Models

To reduce the randomness of stochastic models g$2it0), ((2-13), and ((2-26),
geometry-based deterministic (GBD) models [29]neate additional path loss using geodata
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Figure 5.2 Geodata from Open Street Map (OSM) @a)af section of the Ann Arbor area, and the
equivalent view from Google Earth (b). Maroon aregpresent geodata from OSM for various types of
buildings, and blue areas represent parking démtiss and parks, all of which OSM treats homogehous
as 2D outlines. Geodata is missing for many stinest present in Ann Arbor and does not account for
all obstacles that may occur between vehicles lirayéhe streets.

that describes environmental conditions such asldbations of potentially radio wave
inhibiting buildings.

The existence of geodata sources is a vital reaqugine of GBD models. In fact, the authors
of [29] claim that, if geodata is not readily awadile, suitable VCMs do not exist for studies
involving safety-critical applications and/or locat-dependent statistics.

Geodata from OSM for a small region in the Ann Arhoea is plotted using SUMO in
Figure 5.2 and compared to satellite imagery frooo@e Earth. Although some building
information is available, it is incomplete and hiasufficient information to account for all
radio-blocking obstacles that could occur as velittavel the streets.

An example GBD model [31] deterministically modpth loss by combining

) the free space model ((2-9) with

i) i) a shadowing path loss model based on the nurobevalls intersected and

interior distances through buildings.

To instead retain a stochastic contribution to pa¢l, we model obstacle shadowing path
loss,( ifz ) , by combining the shadowing path loss model ifi [8ith lognormal fading
((2-10), as:
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where is the attenuation per wall, in dB, is the number of walls penetratéd,is the

oo 1)

attenuation per meter, in dB, apg is the distance, in meters, traveled through chesa

5.3 Model Evaluation

Five different VCMs (see Table 5.1) are analytic@ibmpared to the measurement data
from the large-scale SPMD data set [14], includimg GG shadowed fading model (25) that
more generically represents several other modeish sas Nakagami-m (20), Weibull,
Rayleigh, and Rician. The maximum likelihood estien (MLE) for each of the VCM

parameters are found by minimizing the root-mearasgterror (RMSE), " , between the
PRR of the mode(22 ) andtestdatq22 ) , where " IS:
" i @2 ) . (@22s) I (5-2)

;

To compare models, the results are evaluated fatiadpelationships as a function of
distance between vehicles using PRR. Additiond#ynporal relations are evaluated for
consecutive packet losgaps (i.e., IPGs) and consecutive packet receptians (i.e.,
consecutive reception run-lengt@RRL).

To evaluate the accuracy of each model, the SPM® skt is first partitioned intb = 5
samples for validation using theFold Cross Validation (KFCV) technique (alsé:Fold
Cross Validation, VFCV) [103], in whick experiments each produce model estimators by

using” . @ subsamples as training data. The statisticakbjaghich quantify the amount of

Table 5.1 Five vehicular channel models for whistinreated PRR is compared to the actual large-scale
SPMD measurement data.

Model Equations
A Unit disk (6)
B Lognormal (11)
C Dual-slope lognormal (13), (14)
D Generalized gamma shadowed fadin (25
E | Lognormal fading with obstacle shadowing (26
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subsample deviations from that of the full data aet determined (see Table 5.2) and indicate
how sensitive the model estimates are to the diyesEV2V encounters within the test data.
For each of thé training data sets, the best-fit parameters apfiegpto the corresponding
validation data sets and the results of the RSMEe&zh metric evaluated (i.e., PRR, IPG,
CRRL) are averaged and compared to the SPMD téstsda(see Table 5.3).

5.4 Results
5.4.1 Maximum Likelihood Estimates

The MLE model parameters are summarily shown inl@&bh2. The unit disk model
performs with a highly unrealistic average limitidigtance of 10.59 m. Path loss exponents
of c NB@Hor B,c NBEGfor C at shorter distances, and NB-E for E indicate strong
fading effects that increase¢o ‘B@Gin C beyond the breakpoint distance of 100m. These
large path loss exponents that exceed the expectgd of the FSPL and the large standard
deviations of signal variations (i.IB@N 5 d 5 INB+G reflect the strongly varying and
inconsistent influence upon signal receipt captidibrought about by the environmental

variety throughout Ann Arbor. The GG shadowed rigdmodelD indicates severe sub-

Table 5.2 Parametric values for the VCMs. The Miffeach parameter is shown with statistical bias
in parentheses and appropriate units in brackets.

Model MLE (bias)
A Unit disk diim = 10.60 (11.33) [m]
Lognormal =4.17(0.03)
= 29.14 (-0.62) [dE
1 =4.30 (0.57)
C| Dualslope lognormal 1 =63.70 (8.33) [dB]
2 = 7.10 (-0.04)
> =34.90 (2.98) dB
D Generalized gamma m = 0.44 (0.07)
shadowed fadir s =0.90 (-0.0¢
=4.53 (-0.10)
E Lognormal fading with =64.50 (-5.13) [dB]
obstacle shadowing = 39.00 (-6.64) [dB / wall|

=1.20 (0.21) [dB / n
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Rayleigh fading (i.e., 5 @X[ ) combined with a shadowing effect (i.e§ @) that implies
the channel is not an empirical fit with the Nakagan model. The deterministic obstacle
shadowing parameters (i.e.,and%in model E) do not account for all fading effeds,the
lognormal model fading parameter, remains large. The statistical bias of all paramsefor
all models is relatively large (i.e., non-zero),piying strong environmental variety among

different V2V encounters within the SPMD test data.

5.4.2 Packet Reception Ratio (PRR)
Packet reception in the Ann Arbor environment drgpgckly as vehicular separation

increases [14], thus challenging VCM accuracy, WRR varying greatly among models and
differing from the SPMD measurement data, as FiguBeshows. In fact, PRR throughout
Ann Arbor fluctuates in the 10-100m range, furthedicating the strong impact that
environmental variety throughout Ann Arbor has &®RP For example, the unit disk model
A is the worst predictor of actual PRR behavior mAArbor, implying that the environment
is far from a purely deterministic one based oerivehicle distance alone. Lognormally-
behaving modelB andC compare favorably, with the dual-slope mo@ddetter matching the
PRR of the test data set. The GG shadowed fadodehd tends to over-estimate PRR at
shorter distances and under-estimate it at longgarttes. By deterministically accounting

for obstacle shadowing, the lognormal fading mdgléts well the PRR of the test data.
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Figure 5.3 PRR for log-scale distance from 5-500nfiffe VCMs. PRR predictions vary greatly among
the models. Stochastic lognormal-based moBedsdC favorably predict PRR as does mo#sthat
deterministically accounts for obstacle shadowing.

5.4.3 Inter-Packet Gap (IPG)
After receiving a packet, the amount of time utité next packet is successfully received

defines the IPG. Since BSMs are regularly emittethe rate of 10 Hz, a safety packet is
expected every 100ms from every other vehicle witbmmunications range. When the

average PRR is , then the probability of a gap dfconsecutively missed packets, 3

of length *, 3X@G , in an uncorrelated channel is:
3 C. N (5-3)
The distribution of IPG in the Ann Arbor environntéollows a power-law distribution
and exhibits correlation tendencies for many V2¥¢emters [14]. The log-log scale plots of
the pdfs of IPG out to 60s are compared in Figude Fhe unit disk modée\ poorly predicts

IPG of any lengths, as the model’'s short limitingtahce predicts lost packets at most
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Figure 5.4 Log-log scale of the pdf of inter paaap (IPG) as a function of gap length out to 6Dise
results for the i.i.d.-assuming model differ gredtbm the power-law fitting test data, indicatititat
such models do not predict well the packet gapidigions found in the field test data of the SPMD.

distances. All the other models that better pteBiRR do not accurately estimate IPG,
overshooting the likelihood of packet gaps betw@e@s and 20s.
5.4.4 Consecutive Reception Run-Length (CRRL)

While IPG reflects the likelihood of a run of conssively lost packets, the effects of
consecutively and successfully received packets alay be examined. We define the
consecutive reception run-leng(@RRL) to be the number of successive packetsvede
following the end of a packet loss gap. In an wredated channel, the probability of a run of
3 consecutively received packets- 2 is:

o 3 . (5-4)

The log-log scale plots of the pdfs of CCRL oufis are compared in Figure 5.5. As
with IPG, the unit disk modeh performs poorly. All other models under-estim#te
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Figure 5.5 Log-log scale of the pdf of consecuteeeption run-length (CRRL) as a function of time
out to 60s.

likelihood of consecutively received packet runeager than 0.2s, as compared to the SPMD
test data.
5.4.5 Obstacle Shadowing Effects

Model E combines a stochastically evaluated path lossdbasea lognormal model with
deterministic shadowing using a geodata-based dbstshadowing model. For the SPMD
data set, approximately 60% of the inter-vehicldnpare obstructed by one or more items that
can be identified by OSM geodata, suggesting piatiestitadowing effects of NLOS conditions
(e.g., obstacles). Figure 5.6 shows the averagebeu of obstacle borders (i.e., walls)
penetrated (left axis) and the average total distartraveled through the interior of the
obstacles (right axis) as a function of distaneadws/ben two vehicles. As expected, the number
of obstacle intersections is very low (i.e., Oyaty short inter-vehicle distances, as there are

few obstacles, if any, between vehicles when theyctose to each other with direct LOS
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Figure 5.6 The average number of obstacle walletpated (left axis) and the average total distances
traveled within them (right axis) as a functiontofal distance between vehicles, based on the SPMD
test data set and geodata available from OSM. xfisaed, there are few obstacles between vehicles
when they are close together, while the averagéodlesinterior distances traveled is approximately
10% of the total distance between vehicles, uptua800m.

conditions. As the distance between vehicles asws, the trends of the number of obstacles
and interior distances traveled within them incesasith very similar trend (e.g., 200-600m)
and then plateaus at approximately 5-6 obstacksattion and 60-70m of interior distances
(e.g., 600-950m) before beginning to decrease. dWerage obstacle interior distances

traveled is approximately 10% of the total distabeveen vehicles, up to about 800m.

5.4.6 Numerical Results
Numerical results for the RSME and statistical loithiree metrics (PRR, IPG, and CRRL)

for five VCMs as compared to the SPMD test dataasetshown in Table 5.3. RSME values
closer to zero indicate models that more closelycmahe actual behaviors exhibited
throughout Ann Arbor. As expected, the unit disid®l performs poorly in predicting PRR.
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Table 5.3 Numerical results for the RSME of thregtnos (PRR, IPG, and CRRL) for five VCMs as
compared to the Ann Arbor SPMD test data set. ¥eeted, the unit disk model performs poorly in
predicting PRR. While all other models better reBRR, they fail to accurately predict conseaeitiv
packet losses (i.e., IPG) and reception (i.e., CRRlse of geodata to deterministically estimatthpa
loss through obstacles (i.e., Modglimproves CRRL, as compared to a purely stochastidel (i.e.,
Model B) that does not make use of such geodata.

Metric [RSME (bias)]

Model PRR IPG CRRL
Unit disk 1.31 (0.3]
Lognormal 0.41 (0.24) 0.52 (-0.05) 0.32 (0.01)

Dual-slope lognorm |0.19 (0.42]0.44 (-0.05] 0.25 (0.01
Generalized gammg
shadowed fadir 0.28 (0.36) 0.47 (-0.04) 0.28 (0.02)
Lognormal fading with
obstacle shadowi

O [O|®m|>

'0.22 (0.43} 0.40 (-0.04) 0.20 (0.02)

While all other models better predict PRR, they taiaccurately predict consecutive packet
losses (i.e., IPG) and reception (i.e., CRRL). bfsgeodata to deterministically estimate path
loss through obstacles (i.e., Mod€l improves CRRL, as compared to a purely stochastic
model (i.e., ModeB) that does not make use of such geodata. By a&tadithe data set using
several KFCV training and validation sets, the it@sy non-zero statistical biases exhibited
by all models indicate the large variations in V&Kcounter behaviors throughout the Ann

Arbor area.

5.5 Conclusions

Five VCMs were evaluated and compared to the lacgége FOT results from the SPMD
test data set. A summary of results is shown inld&.4. The unit disk modé@l performs
poorly and is highly unrealistic. While the othé€Ms can predict well the average of the
frequent PER observed in the FOT data, they ovemate IPG lengths greater than 0.2s and

under-estimate the likelihood of runs of three @renconsecutively and successfully received
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Table 5.4 Summary of five stochastic and/or deteistic VCMs evaluated against the Ann Arbor
SPMD data set.

Model Summary

A Unit disk Unrealistic and poorly estimates Pl
Indicates strong fading, poorly matches PRR,
and does not account for packet gap anfl
reception behaviors that are exhibited by the
test date
Indicates strong fading, better matches PRR,
but does not account for packet gap and
reception behaviors that are exhibited by the
test date
Indicates sub-Rayleigh fading with shadowing
Generalized gammg effects, better matches PRR, but does npt
shadowed fading [ account for packet gap and reception behayiors
that are exhibited by the test ¢
Better matches PRR, but does not account for

behaviors exhibited by the test data. Use|of
geodata for obstacles improves some
relationship tendencies in packet gaps arjd
reception runs, but does not account for a
fading effects

B Lognormal

=

C | Dual-slope lognorma

Lognormal fading
E with obstacle
shadowing

packets. Such models that rely upon i.i.d. assiomgthus behave as WSSUS models that do
not match the temporally-correlated effects of Amn Arbor environment. Further work is
needed to identify additional VCMs, especially otiest do not rely on i.i.d assumptions, that
better reflect real world observations.

Models that deterministically evaluate path lossgigeodata are highly reliant upon the
existence of such geodata. Despite 60% of the p@&¥s being obstructed by items available
using OSM geodata, gaps in the geodata exist amy maldings in the Ann Arbor area are
not represented in the OSM geodata. Additionalligile slightly improving the temporal
relationship tendencies in an otherwise lognorntanoel, the GBD obstacle shadowing

model that uses available OSM geodata does notuatéar all shadowing effects.
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The Ann Arbor environment shows significant fadirige., sub-Rayleigh) and/or
shadowing effects that challenge the accuracyaditional VCMs. Evaluating VCMs in terms
of lifelike, large-scale experiments helps researstbetter understand actual behaviors and
allows for the development of new and/or improvextiels that more accurately reflect reality.
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CHAPTER

6

BUR-GEN: Packet Generator for Bursty
Vehicular Channel Models

DSRC-enabled VANET safety applications require higgcket reception rates for
reliability. Yet, the reception probabilities oddic safety messages are subject to losses due
to path loss from separation distances betweesrtrdiing vehicles and receiving vehicles,
multi-path fading, and obstacles that obstructalgn Additionally, observations from DSRC
field operational tests show that the vehiculametgh is bursty, with occasional long periods
of packet losses that thwart the ability of saBgtplications to assist drivers in improving their
situational awareness.

While many research studies evaluate vehicular redlamodels in terms of PRR
performance, the packet burstiness distributioasrdsult from these models differs from real-
world measurement campaigns. Modeling accuracgoosecutively received or dropped
packets has safety implications in DSRC networks.

In this chapter, we describe a bursty packet géioeralgorithm called BUR-GEN that we
evaluate through simulation and, along with seveathmon VCMs, compare to the PRR,
IPG, and CRRL of the DSRC measurement campaignmuoty referred to as the SPMD.
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The model that incorporates the BUR-GEN packet ggioe process model outperforms all
other i.i.d.-only packet generation models when R®&ME of PRR, IPG, and CRRL are
compared to the SPMD measurement campaign datalrset RSME of IPG and CRRL are
improved by factors of six and four, respectivély the inclusion of the BUR-GEN algorithm
with a dual-slope distance-breakpoint path lossehod

Bursty packet losses are present in SPMD testvd#taburst distributions that result from
packet generation processes that are not i.i.ckebaSince VCM selection in simulation-based
studies influences performance accuracy conclusi@nsgs important to select packet
generation models that accuracy reflect the pacsstbehaviors of real-world deployments

in terms of average packet loss and burstinesshdisbns.

6.1 Introduction

The exchange of safety messages in a DSRC-enalABHEV requires consistently high
packet reception rates for safety application bdiig [104], yet such messages are subject to
reception errors of various types. A packet camobedue to separation distances between
vehicles, multi-path fading effects, and obstadleg., such as other vehicles, buildings,
foliage, etc.) [14]. Unlike traditional static n@davireless networks, bursty packet losses are
common in VANET scenarios [104] [87] [14]. Furtheore, the burst patterns of consecutive
packet losses and packet receptions, which caedxided in terms of inter-packet gap (IPG)
and consecutive reception run length (CRRL), respeg, greatly affects safety and
situational awareness. A long-burst of lost pagKetg., due to obstructions) reduces the
likelihood of sufficient messages being succesgfidceived to maintain a sense of safety,
thus threatening the ability of VANET safety applions to adequately assist drivers in

improving their situational awareness.

6.2 Motivation

VANET safety packet reception and loss probabditeee a function of the packet loss
models that depend upon the path loss predicatidnthe underlying wireless channel
propagation models [105]. Model selection in siation-based studies influences
performance accuracy conclusions about VANET appba reliability [L06]. Many common

models assume the generation of each packet abalgplity event entirely independent of all
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other packet generation events. Such models t{piese probability distributions based on
independent and identically distributed (i.i.d.3@®ptions.

The ordering of packet receptions and losses, andehthe burst patterns of such packet
streams, relies upon the underlying model's pagjeteration probabilities. Commonly
referenced wireless packet loss models rarely agbes direct impact on safety measures
[105]. Modeling accuracy of packet receptions $afety implications in DSRC networks, as
safety may be dependent upon the number of congelguteceived packets. For example, in
an imminent crash situation, it may be imperatimed vehicle to successfully receive from
another vehicle one or more packets in a very speriod of time. Furthermore, while
different VCMs may produce very similar long-terRR performance, the burstiness of the
packets they produce may differ from one anothed &om real-world measurement
campaigns.

Reliance on simplistic channel models leads to kmmns that fail to match real-world
observations in packet reception probabilities [X0& burst patterns [105]. Despite recently
proposed V2V shadow fading models derived from mesmsent campaign data (e.g., [107]),
such models retain i.i.d. assumptions and have eeeloped using very limited equipment
(e.g., two Volvo V70 station wagons) [106]. Sintida results of these models fail to evaluate

the packet burst generation patterns of the mgdegj.

6.3 Problem Statement

While VCMs developed from measurement campaign datnd to improve model
realism, simulation results [106] of recently prepd VCM models [107] fail to evaluate the
packet burst generation patterns. In [105], walieated several common VCMs that rely
upon i.i.d. assumptions and showed that these giyeredict well packet loss patterns, yet
fail to account for packet burst patterns, whenlatad against a real-world measurement
campaign conducted throughout the Ann Arbor, Ml U&&a, of nearly 3000 vehicles over
18 months, commonly referred to as the Safety Riledlel Deployment (SPMD).

Evaluation of VCM accuracy motivates the followirggearch question:
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RQ1: Can improved vehicular channel models more acoumaatch the results of
large-scale DSRC measurement campaigns in terrpaaket reception probabilities

and bursty packet reception and loss behaviors?

Model accuracy influences conclusions that canraevd about them. In view of this, in
this chapter, we propose a vehicular channel mael@ed from the SPMD measurement data
that we evaluate using simulations and compareg@cttual measurement campaign data. We
compare our model to five other common models agaire SPMD test data set in terms of
PRR, IPG, and CRRL. Our results show our modehtaais packet reception probabilities
in line with the best of the models evaluated, @/iihproving the modeling accuracy of packet

gap and consecutive run burst patterns by factossx@nd four, respectively.

6.4 Packet Loss / Reception Behaviors in the SPMD

6.4.1 Background
In [14], we analyzed the packet loss behavior©efSPMD data set and found that:

) packet reception probabilities were lower than exgens,

i) IPG distributions were not uniformly distributed asfunction of distances
between transmitter and receiver, and

iii) packet losses occurred in bursty gaps that folloavpdwer-law distribution.

In this section, we extend the data analysis ofpravious work by including additional
results that elaborate upon the packet loss areptien behaviors in the SPMD test data set,
to provide background to further motivate the depaient of our campaign data-based packet
generation model.

6.4.2 Field Operations

The SPMD was conducted from October, 2012 to A@@13, involving over 2,700
vehicles, equipped with V2V wireless technologtegyersing Ann Arbor, MI. Selected data
including BSM receptions from two months of opeyatil data was provided to researchers
by the USDOT [94].

Figure 6.1 depicts a general model (adapted fr@8])¥or two vehicles, A and B, moving
with velocities N andN,, respectively. Relative velocities between apghoay vehicles

affects safety and is an important component in TT€, see (7-2)). If the angle between
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Figure 6.1 Relative velocity between two vehicka function of the individual vector velocitiestbé
vehicles and the angle between them.

their vectors i€, then the relative velocity of vehia@with respect to vehicle, Nf is given

by Ny N:.N, and the magnitude of the relative velocity is fduby using the
parallelogram law of vectors and the law of cosiess

&C OK 0 K . [NKR]OI (6-1)
Figure 6.2 shows the pdf of the distribution ofatele velocities of the nearly 2000
encounters that occurred during the SPMD. Duri@Y ¥ncounters, vehicles travel less than
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Figure 6.2 The pdf of relative velocity of vehiclésring V2V communications encounters throughout
the Ann Arbor-based Safety Pilot Model Deployme@ver half of the time vehicles move relative to
one another less than 5 m/s, indicating that vekiduring encounters are stopped or following one
another at similar speeds. The encounter datastimat there are few times when relative veloaty i
greater than 20 m/s, and there were no inciderfoedative velocity of more than 60 m/s.

5m/s (i.e., 18 kph or 11 mph), relative to onethapover 53% of the time, indicating frequent

periods during encounters of slow-following or giegd vehicles.
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Figure 6.3 The communications pattern of an illtste V2V encounter within the SPMD test
data set of the inter-vehicle distance versus tiRgcket receptions within 200m are bursty, and
interspersed with inter-packet gaps. Communicatisnhighly asymmetric with respect to
distance, as there are no receptions afté&f] , when the vehicles begin to separate away
from one another. Prior to the receipt of thetfpacket, and after the reception of the last
packet, there are long gaps of no receptions, éwamgh the vehicles are quite close to one
another.

Figure 6.3 plots the communications pattern oflastrative V2V encounter. Successfully
received BSMs are marked on the line that showsretetionship between inter-vehicle
distance and time within the encounter. The twdicles are initially separated by
approximately 700m. As they approach each othdway through the encounter, periods of
successful communications are observed. As thielestthen continue moving and separation
increases, communications success ceases. lartbiainter, successful packet receipt as a
function of inter-vehicle distance is highly asyniriee There are periods of bursty losses,

especially at distances beyond 200m, at which tAere&o successfully received packets.
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Figure 6.4 The log-log scale pdf of IPG and CRRispectively, within the SPMD test data set. Both
IPG and CRRL follow power-law distributions.

6.4.3 Burstiness of Packet Gaps and Runs
The burst patterns within the SPMD test data siRGfand CRRL out to 60s, respectively,

are shown in Figure 6.4. Total frequency of gaps imns were nearly equal, with a total of
116,977 gap events and 117,659 run events occurBagstiness trends following long-tailed
power law distributions were identified using thgpeoach in [98] and tested for goodness-of-
fit using the Kolmogorow-Smirnov (KS) statisticeli, KS test) [98]. Both gaps and runs of
length 0.1s (i.e., 1 packet) are predominant, wbilg bursts occur occasionally. For example,
although rare, a gap length of 60s indicates a p@rgpd of communications failure that could
threaten safety application reliability.

Figure 6.5 shows the cdf of the gap and run lengéspectively, out to 600 packets. Short
bursts are most common. Long runs and gaps aepganally rare, although gaps of 60s or

longer occur approximately 1% of the time, on agera
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Figure 6.5 The cdf of IPG and CRRL, respectivelithim the SPMD test data set. In both plots,xhe
axis is log-scale. A majority of packet gaps aeeywshort, with 95% of all gaps less than 11 packet
(i.e., 1.1s). Although the analysis was limitedatanaximum gap length of 600 packets (i.e., 60s),
approximately 1.5% of all gaps ade 600 packets. Consecutive runs of packet receptima also
typically short, with 95% of all runs being lessaithll packets in length (e.g., 1.1s). Long bubts
consecutively received packets are very rare, mathuns of more than 200 consecutive packets.

Using the pdf of IPG and CRRL, expected valueshtmdetermined. Given a pdf, 8 ,

the expected value can be calculated as:

vxr, 3. 31 (6-2)

To assess expected burst lengths as a functiastahde, the gap and run bursts previously
plotted in Figure 6.4 were divided into distancaga bins of 0-100m, 100-300m, 300-600m,
600-900m, and 900-1200m. Expectation was calallagin (6-2) for7 O x @39%\"3" «

Mo 0p\"3n (U for the subset portions of V2V encounters in dynwhich packet receptions

occurred (i.e., leading and trailing gaps of V2\tamters were ignored). The resulting
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Table 6.1 Expected run lengths and gap lengthévierdistance bins. Expected run length increases

when distance between transmitting and receiviimjcles decrease. Contrastingly, expected gaphengt
increases as distances between vehicles increases.

Distance [E[run length] |E[gap length
range [m]| (packets) (packets)

0-100 5.956 6.983
100-300 4.410 7.769
300-600 3.325 13.158
600-900 3.141 19.301

900-1200 3.296 23.345

Table 6.2 Expected PRR for five distance bins. RRBreases as distance between transmitting and
receiving vehicles increases.

Distance
range [m]
0-100 [ 46.03%
100-300 | 36.21%
300-600 [ 20.17%
600-900 [ 13.99%
900-1200f 12.37%

E[PRR]

expected values are shown in Table 6.1. As distdiatween transmitting and receiving
vehicles increase, their expected run lengths dseravhile the expected gap lengths increase.
6.4.4 Expected PRR
Expected PRRY2*(22, , is the ratio of the expected run length to thtaltexpected run
length plus the total expected gap length, caledlats:
I* @3 "N
v*22 , [ (6-3)

1A* g3 (\"3/\ <, 0 Li*Ne (\"3/\ <,

Expected PRR for the same five distance bins dm@dare shown in Table 6.2. Expected

PRR, as a function of expected run length and gagth, decreases as distance increases.
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6.4.5 Conditional Packet Reception
While we have thus far shown that packet gaps amd rexhibit bursty behaviors

throughout the Ann Arbor measurement campaignctmributing reasons for these bursts
and the packet reception correlations between tleemains unclear. To further explore this,
we consider modeling wireless link burstiness usmgditional probability delivery functions
(CPDFs), which give the probability a packet wi keceived successfully afteconsecutive
successes or failures [109]. Thus, the probahlitithe next packet” is conditional upon the
number of prior consecutively received or lost prsk

More formally, the conditional packet delivery fiion, U 3 | is the probability the next
packet will succeed giveh consecutive packet successes #orK %@r failures (for3% 6
%G For examplel » % %e<EUmeans that the probability that a packet wil\arrafter five
successful deliveries is 83%, while.' % %@-+U means that the probability after seven
consecutive losses of successfully receiving agaski8%. Note that a CPDF is only defined
for 3 U G consecutive packets (lost or received) and isiafihed for? G .

A link with independent losses will have a flat CPBecause the probability of reception
is independent of any history.

The probability of receiving th& consecutive successes implies tha® packets have
thus far been successfully received, which carxpeessed using conditional probability as:

BAT- € BaT- € (649
37- € '

343¢Yppl--I-  B47- @7~ €

Using (6-4), the CPDF was generated for the SPMbDdata set, where the number of gap
or length data points was greater than 10, thusitigithe analysis to gaps less than 1.2s and
runs less than 7.5s. The CPDF is plotted in FiguBe For gaps or lengths 3 or more, the
average probability of receiving a packet is l&sst10% and decreases as gap length increase.
As run length increases, the conditional probabdit receiving one more packet increases.
Because the CPDF is not flat, reception probabidityot independent of history, indicating
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Figure 6.6 The CPDF of gap and run lengths for SRMD test data set and a 5PLR
estimation model. The probability of a gap endanga run length continuing are not
independent of the previous gap / run length hystimdicating that bursty reception and
loss behaviors within the environment are not tsult of an i.i.d. packet generation
phenomenon.

that packet burstiness in the SPMD data set ishetesult of an i.i.d. packet generation
phenomenon.
6.4.6 Temporal and Spatial Sensitivity

To further explore the burstiness patterns withe $PMD data set, temporal and spatial
sensitivity analysis of the CPDFs were conducted.

The asymmetric S-curve of the CPDF in Figure 616 lma estimated using a 5-Parameter
Logistic Regression (5PLR) curv@,[110]:

B 98C+U® ®o—c'®Y (6-5)
r€O {%~f |
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where:

Ois the estimated response at zero concentration,
+ is the slope factor,

U is the mid-range concentration,

® is the estimated response at infinite concentatio
and is the asymmetry factor.

A 5PLR estimation model of the SPMD-based CPDHa#tgd in Figure 7.6.

For spatial sensitivity analysis, gaps and runsewvided into four distance-based bins
(i.e., 0-300m,300-600m, 600-900m, and 900-1200nThe CPDF for each subset was
computed and estimates of best fit were determusadg linear regression of the RMSE
between the model (6-5) and the data. Resultplateed in Figure 6.7. For very short runs
and gaps, the conditional probability of receivibgd packets varies with distance, but
otherwise the conditional probability of a (gapran) burst continuing appears independent of
distance.

A similar approach was conducted for temporal $etityianalysis of the CPDF. The full
set of nearly 2000 V2V encounters found within 8®MD test data set represents encounters
that occur at different times of the day and wartestdivided randomly into five subsets. The
CPDF for each subset was computed and estimatbssbffit were determined as before.
Results are plotted in Figure 6.8. Similar to dffiect observed spatially, for very short runs
and gaps, the conditional probability of receivibgd packets varies with distance, but
otherwise the conditional probability of a (gapran) burst continuing appears independent of
distance.
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Figure 6.7 5PLR models of the CPDF of gaps < In@srans < 7.5s, for four distance bins. Conditiona
probabilities for short gaps and runs (e.g., leagthl-2) differ as a function of distance, but aearly
identical for other gap and run lengths, independédistance bin.
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Figure 6.8 5PLR models of the CPDF of gaps < ln@krans < 7.5s, for five different temporal subsets
of the SPMD test data set. Conditional probaédifor short gaps and runs (e.g., lengths of dH#gr
among the temporal data sets, but are nearly whdritir other gap and run lengths, independent®f t
temporal subsets.
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6.5 Packet Loss Models

We discuss here several packet loss models thegstéor their abilities to replicate PRR,
IPG, and CRRL and that we have compared to thecedlyebursty packet loss behaviors as
observed in the SPMD test data set.

6.5.1 Bernoulli/ Memoryless Packet Loss Model
A conceptually simple packet loss model is the BalinPacket Loss Model, characterized

by a reception parameterand corresponding packet loss param&te@ . . The model is
easily implemented by picking a random numieb 3 5 @ for each packet, and deciding
whether it is received (i.e3,5 ) or lost (i.e.2 K ). For a sequence @f packets, the
number of received packets tendgtofor large values of . Such a sequence is a Bernoulli
process ofy i.i.d. random variables7 7 a 7 U where each value af 0@ 5 % 5 ip
either a O (i.e., packet is lost) or 1 (i.e., padckaeceived), wherd4 7 @ . Since, In

a Bernoulli process, the outcome of future trial;ndependent of the outcome of past trials, a
Bernoulli process exhibits the memoryless propeftg Markov Chain. Thus, the Bernoulli
Packet Loss Model is a Memoryless Packet Loss Motl¢hile such a model is simple to
understand and implement, its reliance on evemrgaddence does not adequately characterize
bursts of lost and received packets that are obdeirvthe SPMD test data [105] to have

correlation tendencies with run and gap burstsdratonditionally related (Section 6.4.5).

6.5.2 Gilbert-Elliott Packet Loss Model
The simplest Markov chain model that accounts farsty packet losses is the 2-state

Markov chain Gilbert-Elliott Packet Loss Model showm Figure 6.9.

The model is composed of two states, where statepdesents a lost packet, and state ‘1’
represents a received packet. The transition pibtyaof receiving a packet is conditioned
upon the success or failure of the previous pacKethe previous packet was lost, then the
probability of receiving a packet occurs with prbitisy , while if the previous packet was
successfully received, then probability of recegvamother packet occurs with probabily.

a. Transition probabilities for lost packets amnitar. If the previous packet was received,
then the probability of losing a packet occurs vgthbabilitya, while if the previous packet
was also lost, then probability of losing anothacket occurs with probabilit@ . . These

probabilities can be represented in a transiti@bability matrix,
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1
1-p < received > 1

Figure 6.9 The 2-state Markov chain Gilbert-ElliBticket Loss Model.

t L ea (6-6)

C. - a
where we denotey, 34%7 AO7 _ 8 . Note that the Gilbert-Elliott model generally
assumes conditional behaviors: subsequent pagggtdr reception is conditional upon the
previously received / lost packet. In the GilbEltiott 2 state Markov chain model, typically

0a6 @. Inthe special case wher@a @ , the model reverts to a stationary Bernoulli

model. When considering no more tii&h %][consecutive packets, a CPDF degenerates into
the Gilbert-Elliott two-state Markov model, whereasaluations for3% K %l/allows for
evaluations of longer runs of consecutive recdigises that can be expressed by CPDFs.

By analyzing the SPMD data set in terms of thea2esGilbert Elliott model, we find that

GB[E@anda GBG@Since 0a e+ GB[N 6 @, we observe that the packet loss behaviors
in Ann Arbor do not follow an i.i.d. Bernoulli press and instead exhibit non-stationary
tendencies.

An evaluation of the Gilbert-Elliott model usingetthechniques of [105] showed slight
improvements in IPG and CRRL burst generation patever i.i.d.-based models when
compared to the results of the SPMD data set. rEsiglt showed that extending conditional
packet loss and receptions to a 2 state Markowamaidel improved IPG and CRRL model
accuracy over purely i.i.d.-based models, Howethez,results were sufficiently lacking in
precision, with burstiness predictions often oward under-estimated. This led us to consider
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Figure 6.10 Two binary streams, S1 and S2, thadtithte packet generation results with equival&R P
but different packet gap and consecutive runs.

additional approaches to burst distribution modeélst better reflect the actual patterns
observed in the SPMD test data set.

6.6 Approach

Packet receptions in the SPMD data set exhibitdR&CRRL burstiness trends that both
follow different long-tailed power law distributisn[14] (Section 6.4.3).  Our analysis
provides evidence that the packet generation psesego not follow i.i.d. processes (Section
6.4.5) (Section 6.5.2), assumptions upon which mammwymon path loss models are based
[105].

Model accuracy depends upon the evaluation of pgmkeluction processes in terms of
average PRR and also packet loss and receptiotinass(e.g., IPG and CRRL). For example,
let sequences of packet losses and receptions lbeledoas binary strings, where a ‘0’
represents a lost packet and a ‘1’ represents @essitllly received packet. For illustrative
purposes, let us consider two example binary strindg-igure 6.10, and of total length
g @G packets? < successfully received packets, andj. - lost packets.

Both and show 5 successfully received packets out of 1 fickets, and thus have

a

identical PRR = = «GUB In _, the longest packet gap occurs with one occurrefce

two consecutive 0’s, and similarly, the longest smmutive run length occurs with one
occurrence of two consecutive 1's. In the longest gap occurs again where there are two
consecutive 0’s, with two occurrences of this pattevhile there is one occurrence of the

longest consecutive run length of four consecutige

106



Strings and are each a different combination of five O's aive fl’s. While they have
identical PRR, the ordering of the 1's and 0’s ketwdifferent packet gap and reception burst
lengths.

We address safety packet generations by proposiegvgacket generation model, BUR-
GEN, that uses &urst generatar Results are compared to the SPMD test datarskt a
evaluated in terms of three metrics (PRR, IPG,@R&L) that compare BUR-GEN to several

common VCMSs.

6.7 Packet Generation Model

6.7.1 Process Flow
The architecture and data flow diagram for a pagegteration and evaluation model is

shown in Figure 6.11. Theacket Generatoemploys a path loss model (commonly i.i.d.-
based) that produces a randomigéalv Streanof packet receptions and losses that appear in
the stream as alternating gaps and runs. Fldnve Stream Analyzezvaluates thElow Stream
and compares it to a measurement campaign dataastite SPMD test data set, and in terms
of metrics such as PRR, IPG, and CRRL. Our coutiob of the Burst Generator Model
(BUR-GEN) augments a path loss model by produciagket runs and gaps froburst
generation distribution$BDFs) that are derive from the distributions®@ a nd CRRL from
the SPMD test data set; the Packet Generator thabioes a path loss model and the Burst
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Figure 6.11 Architecture and data flow diagramdqracket generation and evaluation model. A Flow
Stream Analyzer is used to evaluate the PRR, IR@,GRRL of the SPMD test data. The resulting
distributions are used as inputs into a Burst Ge#pemodel that the Packet Generator combinesavith
path loss model to produce a modeled Flow Streaafi@mnating gaps and runs of packets. The model
results are also analyzed by a Flow Stream Analgper the results of the test data and model are
compared.

Generator Model to produce a Flow Stream that diffeom a purely i.i.d.-based packet
generator.

Common path loss models that rely on i.i.d. assionptgenerate each packet reception or
loss as an event that is independent of all othents (i.e., an uncorrelated channel). When
the average PRR is , then the probability in an uncorrelated channekogap of3

consecutively missed packets, 3 , oflength*, 3X@G ,:

. 3 C. : (6-7)
and the probability of a run 8f consecutively received packetg- ¢ is:
p- ° - (6-8)

6.7.2 Burst Generator (BUR-GEN) Model
A packet generator that relies on an i.i.d.-basestribdution for packet reception/loss

probabilities produces a flow stream of packets$ toasist of alternating gaps and runs that
are drawn from the probability distributions of {pand (6-8), respectively.

Since evidence shows that burstiness distributittneot follow i.i.d. generation patterns
in the Ann Arbor data set [14] (Sections 6.4.5,&&nd 6.5), we propose BUR-GEN, a Burst
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Let 7 be a random variable with c@f.
1. Generate a random numbgr,from the uniform distribution in the intervet ,.
2. Find the maximum valu@ such tha®. 8 5 %%@

3. Take8 to be a random number drawn fr@&n i.e..8 9 .- @

Figure 6.12 The inverse transformation method.

Generation Model that generates streams of coriseauins and gaps that are each drawn,
respectively, from durst distribution functionBDF). For example, a sequence of packet
gaps length can be drawn from the cdf of the SPMiagsurement campaign data. Randomized
samples are produced using the inverse transfamatiethod. This method takes uniform
samples of a numbé&between 0 and 1, and then returns the largest eumfioom the domain
of the distribution( 7 such thal .167 68 5@. Figure 6.12 elaborates the method
for generating packet gaps and consecutive runste®h is replaced by the cdf of the SPMD
measurement campaign for gaps and runs, respsgc{eel., as plotted in Figure 6.5). Five
different distance bins are used (i.e., 0-100m;3@0m, 300-600m, 600-900m, 900-1200m)
with a cdf derived for each separate distance bin.
6.7.3 Packet Reception Rate

As evidenced by Table 6.1, expected run length expkcted gap length are distance-
dependent within the measurement campaign datgosieol by the expected PRR values
shown in Table 6.2 are related to expected IPG, 2", ) and expected CRRL (i.e.,
Y¥* @3)) and result from the application of (6-2). Howeube expected PRR value as shown
in Table 6.2 is an average that is derived fronisgadce range over the appropriate distance
bin. For example, for all distances in the ranigeolh 100-300m, the expected PRR from Table
6.2 is 36.21%.

For furthering our discussion of PRR, we differatdibetween two termsexpected PRR
which is a value derived from expected gap lengith n length as in (6-2), whikverage
PRRis a value typically calculated using a path lassdel. While slightly different in

meaning, we will relate these terms shortly.
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Figure 6.13 Comparison of average PRR and expddil. Average PRR (i.e., using the dual-slope
distance-breakpoint path loss model derived fromm3FPMD test data) decreases smoothly as distance
increases, while expected PRR drops in a stepwasmear consistent with the distance bins used &ir th
evaluation. Expected PRR is calculated using theset of data points that occur only during active
communications, while the average PRR includesiaih points throughout an entire encounter. As
expected PRR excludes long periods of leading @ilihy packet gaps, the value of expected PRRhofte
exceeds that of the path-loss-modeled average PRR.

Average PRR depends on distance when it is defroed distance-dependent path loss
models. For example, assuming a dual-slope distareakpoint path loss model (2-13) with
parameters) TB- ¢ = NBEd IEB‘'c ‘B@ &3=%dENBI, then (22)

@GG [GB[@@nd(22) EGG EB-lU . Itisimmediately observed that average PRR
using a distance-based path loss model variesdigthnce (i.e., PRR = 20.21% at distance =
100m, and PRR = 3.56% at distance = 300m). Howeherexpected PRR = 36.21% is not

distance-dependent, and is applied over the edistance range of 100-300m. Furthermore,
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the expected PRR value (36.21%) is higher tharatteeage PRR values that the path loss
model produces (3.56 — 20.21%).

Figure 6.13 compares average PRR and expected BR¥eral observations are notable.
First, average PRR (i.e., that uses the dual-gtagieloss model derived from the SPMD data)
decreases smoothly as distance increases, wheqgasted PRR drops in a stepwise manner
consistent with the distance range bins (i.e.,s&slun Table 6.2). Second, expected PRR is
higher than average PRR for most distances. Bhisie to the different data points used in
calculating average PRR and expected PRR. Avd?&je is calculated for all possible data
points in which two vehicles participate in a V2Wiceunter, whereas expected PRR is
calculated from the subset periods from the firetiigh the last successfully received packets.
For example, referring back to Figure 6.3, the agerPRR will include all periods during the
encounter, regardless of separation distance @; tvhereas the calculation of expected PRR
is limited to the periods of active communicatigns.,[[5 5E[ ). Specifically, in this
scenario, the long gaps of packet losses that fxigeriods 6 [ and K E[ are excluded
from the calculation of expected PRR. Since theseket losses are excluded from the
calculation, expected PRR will be higher than agerBRR for this encounter. Intuitively,
average PRR gives the average long-term packeaitiengrobability of V2V encounters over
all time, whereas expected PRR is calculated fraubset of those data points and describes
packet reception probabilities during the timeaaive communications.

It is observed that expected PRR:

i) fails to account for long periods of packet loss.(igaps) that occur before and/or

after periods of successful communications, and

i) does not estimate PRR in a distance-dependent manne

Our analysis of the SPMD test data shows that Ipaegods of packet losses occur
throughout the data set. Thus, we introduce a amesim to adjust the expected PRR by
occasionally injecting long gaps into the packetegation process to as to give the resulting
desired average PRR.

Let us consider a means by which we can equateage PRREEL, to some function of
theexpected PRR %2*(22,

¢ ¢ v*22, 1 (6-9)
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Since expected PRR does not account for periodpaoket losses before and after
successful communications, let us augment this, theough function ) with a weighted
average function that will occasionally introducklgional packet gaps into the flow stream.

Let be the weighted probability that packet burstsgemerated using a BDF that produces
& D,

an expected PRRY#(22 , =7

,and let @ . be the probability that a gap of

length is generated that replaces either the run or #petigat would have otherwise been

generated (i..e, hence the terth [ in (6-10)). Note that the expected PRR of the
length gap is 0%. Thus, the average PRR of thghied average function is:
v* @3,
v*2 , ¢ I (6-10)

Y*@3,0 e | 0 (. [
We can now set %22 , (8&L and solve (6-10) for:
v* @8,

[ .
G 6-11
s e @ s e (&4
As an example calculation, let us assume that pridhability @ .  we will generate a

gap of length IGG packets. At an assumed distanc® oiGG ,¥% @, NBN@@nd
vsne . ‘Bl packets (i.e., from Table 6.1). Using the duapsl distance-breakpoint
model with parameters as given above, we EE{EECCC BND . Substituting into
(6-11), we find TIUB  Thus, at a distance of 200m,lilU  of the time on average we
can randomly draw gap and run bursts from the BibiE, @ . NU of the time we will
replace the gap or run with a gap of 600 packé&tss results in a weighted average PRR of
7.4%.

The sensitivity of the@ .  term of (6-11) compared to the expected gap lehgth ,,
is plotted in Figure 6.14. As distance increasies,expected gap also increases (i.e., Table
6.1). However, because the expected PRR doescootiiat for leading and trailing packet
loss gaps, the expected PRR is often higher thamp#th loss model (i.e., as shown and
discussed in Figure 6.13). Theter@ . of (6-11) accounts for the frequency with which
a long burst of lost packets (i.e.IGG of (6-10)) is injected into the packet stream.clBu

injections are infrequent at short distances, wgimg frequency as distance increases.
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Figure 6.14 Sensitivity of@ .  as compared to expected gap length. Expectetéggth increases as
distance increases. However, since leading arilinggdong packet gaps are excluded from the
calculation of expected gap, the resulting expeBRR is higher than desired average PRR. By ingct
long packet gaps into a packet stream with freqpe@c , expected PRR can be related to average
PRR. The need for such injections is infrequerdhast distances and increases as distance insrease

6.7.4 Packet Generator
If the general packet generator model of Figurel Gides only a i.i.d.-based path loss

model, then packets are independently generatedamiet at a time. Consecutive runs occur
randomly with run length probabilities defined I&y&). The resulting flow stream consists of
alternating runs and gaps.

The packet generator model can now be describegtbduces a flow stream of packets
that maintains the average PRR of a path loss narttethe desired burst distributions of a
BDF. Instead of generating packets one at a ttheealgorithm draws run lengths (and gap
lengths) from the respective BDFs, and then altarely emits the consecutive runs or packet
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1 function packet_generator( L, PL),F gap, F run):

2 [/lreturn s, a stream of length L of O'sand 1's
3

4 s zeros( L)/ the packet stream, initially all 0's

5 count 1

6 next = “gap”// start with a gap, then alternate gap-ru n-gap-run...
7 G=600

8 G, PL(), F gap, F nn)// See Eqn. (7-11)

9

10 while count < L

11 & =rand[0, 1]

12 if @ <= II'w.p.

13 @ =rand[0, 1]

14 if next =="“gap”

15 . = 9- & [l pick next gap from cdf
16 count = count +

17 next = “run”

18 else

19 p- = 95 @ [/ pick next run from cdf
20 emit p~ Ll'sinto s

21 count = count + p-

22 next = “gap”

23 endif

24 else  /lw.p. 1- %

25 count = count + G //long-gap

26 next = “run”

27 endif

28 return s

Figure 6.15 The BUR-GEN (burst generator) packeiash generator algorithm. The algorithm returns
a packet stream of length that consists of alternating gaps and runs tretleawn from gap and run
burst distribution functions (i.e., line 15 and i8spectively). With probability@ . , a long burst of
length of lost packets is injected into the stream.

gaps into the flow stream. The process is augrdenith a typically small probability@ .
to replace an otherwise expected run or gap witng-gap of 600 packets. Pseudocode
for the packet generator algorithm that combinpath loss model with the BUR-GEN burst

generator model is provided in Figure 6.15.

6.8 Experimental Setup

The BUR-GEN packet generation model is evaluateauthh simulation, with results for
PRR, IPG, and CRRL compared to the SPMD data Ebe results of this new model (i.e.,
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Simulation Parameters

Encounters
Vehicles per encounter 2
Encounters per experimeht 10,000
Number of experiments 100
Total trips simulated 1,000,000
Mobility
Trip length [s] uniform [5, 300

[1-60 m/s] randomly drawn using

Initial relative velocity cdf of SPMD data analy:

Car-following Krauss mode
Path loss
Model Dual-slope distance-breakpoint (Egn. 2
dp [m] 97.5
1 4.3
1 63.7
2 7.1
2 34.9
Burst Distribution
ModelF
ModelC (BUR-GEN)
gaps (IPG) 1 packet at a time based on PRRfrom cdf of SPMD
runs (CRRL) from i.i.d. path loss mod measurement campa

Figure 6.16 Simulation parameters. Vehicle mobitmodeled as randomly generated V2V encounters.
Path loss is modeled using the dual-slope distAneakpoint model and using the “best fit” parameter
identified in Chapter 5. The i.i.d. packet burshgration ModelC is evaluated against a model that
includes the BUR-GEN algorithm (i.e., Mod€).

Model F) are compared with the results of five common VCadspreviously evaluated in
Chapter 5 (i.e., Modela-E).

Each trip involves a pair of vehicles represenang?V encounter in which one vehicle is
a transmitter (Tx), and the other is a receiver)(R®ne experiment involves the creation of
10,000 random encounters. Each experiment is tegh&80 times (i.e., a total of 100 x 10,000
= 1,000,000 simulated encounters), with resultsrayexd and examined for confidence
intervals.

Simulation parameters are divided into mobility ralpdpath loss model, and burst
distribution model, and are listed in Figure 6.16.

The mobility of each V2V encounter is generate@ aandom trip between two vehicles,
assumed moving throughout urban and highway enwiesits. The length in time of each
encounter is randomly drawn from a standard unifdrstribution of [5, 300]s (i.e., 50-3000

115



possible packets). The inverse transformation atethe., Figure 6.12) is used to randomly
drawn initial relative velocities between vehicligem the distributions derived from the
SPMD measurement campaign data as given in Figdreaid vehicles update their relative
speeds over time using a standard car-following eh¢el.g., the Krauss model [69]) that
handles vehicle velocity changes as vehicles appraad separate from one another. Vehicles
update their positions, based on these simulatoarpeters, and the relative distances between
each pair of vehicles is calculated every 100nise rEsulting separation distances are used as
inputs to the path loss and packet generation rsodel

The dual-slope distance-breakpoint path loss misdeted to estimate desired PRR for a
given distance) . The model parameters used are those found ipt&ha that give the “best
fit” for PRR when common path loss models were eatd with respect to the SPMD test
data set (i.e., (2-13) with 1B ¢ = NBE d IEB‘c ‘B@ &a=%dENBI). The
transmitting vehicle Tx emits a BSM every 100ms.

Run and gap burst lengths are randomly drawn ft@btirst distribution functions. Two
models are evaluated through simulations:

i) Model C — the dual-slope distance-breakpoint path loss ainaed previously

evaluated in Chapter 5, and

i) Model F — the dual-slope distance breakpoint model pab dmgmented with the

BUR-GEN packet stream generator algorithm from Feghi15.

For ModelC, packets are generated one at a time from the d&Roution produced by
the dual-slope distance-breakpoint path loss mo#&ek. ModelF, burst lengths of runs and
gaps are drawn from the burst distribution funddighat are derived from the SPMD
measurement campaign data (i.e., as given in Figueusing the inverse transformation
method (i.e., Figure 7.12).
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Figure 6.17 PRR comparison of the dual-slope desgtdoreakpoint model (only) and the combined dual-
slope distance-breakpoint model with the BUR-GEIsbgeneration model.

6.9 Results and Discussion
6.9.1 Results

Results for PRR, IPG, and CRRL are plotted in Fegul7. Table 6.3 shows numerical
results that compare the RSME 0.25f the PRR, IP@,GRRL metrics of ModdF (i.e., the
dual-slope distance-breakpoint model with the BUBNGburst distribution function), to
ModelsA-E (i.e., five common VCMs as evaluated in Chapter 5)
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Table 6.3 Numerical results of the RSME for threstmas — PRR, IPG, and CRRL - of the combined
dual-slope distance-breakpoint model with the BUBNGburst distribution function (i.e, Modé,
compared to five common (i.i.d. only) VCMs (i.e.plfeIsA-E).

Metric
Model value (rank)

PRR IPG CRRL
Unit disk 1.31 (6)

Lognormal 0.41(5) 0.52(5) 0.32 (%)

Dual-slope distance-breakpoint (i.i.d. onlyf)  0.19(1) 403 | 0.25 (3)
Generalized gamma shadowed fading 0.28(4) 047 (4) (928
Lognormal fading with obstacle shadowing  0.22§3) @20 0.20 (2)
Dual-slope distance-breakpoint + BUR-GEN 0.21|(2) 0.07(@)07 (1)

Tmm|O(O|(m|>

6.9.2 Discussion
The inclusion of the BUR-GEN model with the duals distance-breakpoint path loss

model produces burst distributions of IPG and CRR&4t very closely match the SPMD
measurement campaign data. The PRR trend produoed BUR-GEN is included (i.e.,
Model F) appears to preserve the PRR behaviors of thedlioigé distance-breakpoint (i.i.d.)
model (i.e., ModeC), although the resulting PRR is slightly lowerritiae i.i.d. model alone.
Still, the resulting RSME of the combined modg) (i.e., 0.21) ranks it better than all other
i.i.d.-only models, making it, in terms of PRR, sed only to the i.i.d.-only mode() (i.e.,
0.19).

When the combined modeF) is compared to each of the five common VCMs, the
improvements are notable. For example, in compgakodel F to Model C, the minor
degradation in PRR (an increase in Moéels. ModelC of +12.4%) is offset by the
improvements is IPG and CRRL that are six timesfandtimes better, respectively. When
compared to all other i.i.d.-based VCMs, the BURNGEclusive model improves the RSME
of PRR, IPG, and CRRL in all cases.

6.10 Conclusions

The packet generation process that uses the dyad-distance-breakpoint path loss model

was augmented with BUR-GEN, a burst distributiomction that randomly generates gap and
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run bursts using probability distribution functioderived from the SPMD measurement
campaign. In simulation of one million trips, tb@mbined model outperforms all other i.i.d.-
only packet generation models when the RSME of AR, and CRRL are compared to the
SPMD measurement campaign data set. The RSME=0&ifdl CRRL are improved by factors
or six and four, respectively, by the inclusiontbé BUR-GEN algorithm, with a minor

decrease to the RSME of PRR, although this resilltranks the PRR predictions of the
combined model second only to the dual-slope dtstdmmeakpoint (i.i.d.-only) path loss
model.

Our analysis shows that bursty packet losses asept in SPMD test data and that burst
distributions such as IPG and CRRL result from pageneration processes that are not i.i.d.-
based. Since VCM selection in simulation-basedlistuinfluences performance accuracy
conclusions, it is important to select packet gatien models that accuracy reflect the packet
loss behaviors of real-world deployments in termhisawerage packet loss and burstiness

distributions.
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CHAPTER

7

SAFERELAYIMPROVING SAFETY IN
TIME-CONSTRAINED VANETS WITH
GEO-ADDRESSING RELAYS

In a VANET, vehicles attempt to improve safety lbgnsmitting messages that others
receive to increase their awareness of one anotlfet, the data delivery requirements of
various safety applications are often inconsistéhys potentially jeopardizing safety
performance. While many information disseminatiechniques have been proposed to
improve data delivery in a VANET, such as floodargl geocasting, evaluations do not focus
on measuring safety efficiency in terms of safgipl@ation requirements and often fail to
include mobility considerations, such as time tmtaot (TTC). To improve safety in a
VANET, we propose SafeRelay, a flooding-based nggesdassemination technique that relays
safety messages within a geographically addressedafding zone (FZ). We evaluate
different FZ sizes in terms of several metrics)uding safety awareness probability, which
combines both communications and mobility perforogan Simulation results of an urban
downtown scenario show that SafeRelay can sigmfigamprove safety awareness using

moderately-sized nearby FZs.
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7.1 Introduction

Modern technical advances provide connected vehitie potential to improve driving
safety. To make driving safer in a VANET, eachigkshregularly generates pertinent “here |
am” information about itself (e.g., location, speset heading) that is encapsulated within a
BSM [11] and rapidly broadcast as a safety beacen peaconcasting) to make other nearby
vehicles aware of its presence so they can alertrdrof unsafe situations such as pre-crash
scenarios. Safety success requires high probalofitpacket delivery while considerable
mobility and environmental issues (e.g., obstaslesh as other vehicles, buildings, foliage,
etc.) jeopardize safety by impeding radio-wavednaissions. Although DSRC standards [12]
attempt to address requirements for the rapid dissdion of safety messages in highly
mobile conditions, packet delivery remains espéc@lallenged when nodes at high densities
need to deliver messages in time-limited interuatsler harsh environmental conditions,
resulting in channel congestion that defeats deliagtempts.

Paradoxically, data delivery requirements of safgiglications can potentially jeopardize
safety itself. For example, to improve situatiomaareness in others, emergency vehicles
may boost transmission power and/or use intermediades to forward their own alert
messages. However, higher transmission power meyept message delivery if channel
collisions occur due to concurrent transmissiorslenthe multiplicity of forwarded messages
adds to the communications overhead within the wmhkanespecially in the broadcast
environment of a VANET. Techniques such as in@da®wer and message frequency work
counter to mitigation techniques that adaptivetjuee messaging, transmission power, and/or
congestion window size [111] to reduce channelquess. Thus, an approach that attempts to
improve the delivery potential of one transmissmoay, in fact, reduce the delivery potential
of others, thus jeopardizing safety effectiveness.

To improve safety in a VANET, we proposeafeRelay a flooding-based message
distribution technique that uses idle channel titnerelay safety messages within a
geolocationally specifiefbrwarding zongFZ). We compar&afeRelayo no flooding and
One Zero Flooding (OZF) [112] by simulating diffatesafety use case scenarios that vary FZ
parameters, such as coverage area, and we preseifis rand comparative analysis using a
new safety metric that combines mobility and comizations effectivenessafety awareness

probability.
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The rest of this chapter is organized as folloBg&ction 6.2 elaborates the motivation for
safety information dissemination. Section 6.3 dbss the safety evaluation model, and
Section 6.4 describes the approach to safety atialu Section 6.5 presents evaluation results
and Section 6.6 concludes the chapter.

7.2 Motivation

7.2.1 Safety Applications
Quantifying safety effectiveness in a VANET remadifficult. Many VANET safety

applications have been proposed [77] [11] thakdiff safety intentions based upon expected
messaging effectiveness. Proposed applicatiohElf vehicles move through intersections

(Intersection Movement Assist), alert drivers tedplized vehicles (Emergency Vehicle Alert

| Stopped School Bus), and/or increase drivers’ramgss of road conditions (Situational

Awareness). However, current limited deploymemnts &@sting evaluations (e.g., [113]) have

not conclusively provided necessary performance @merational standards that quantify

safety.

7.2.2 Safety Information Model

Broadening the works of others, we further evalysg¢eformance of the safety-based
VANET by

)] extending the range of safety coverage beyondesimgph transmission limits,

i) making packet reception requirements distance akpen(e.g., closer vehicles

should successfully receive more messages), and

iii) incorporating mobility awareness using the relatisedocities, directions, and

distances between vehicles.

To illustrate these characteristics, refer to @fety system snapshot in Figure 7.1, where
vehicle A (i.e., moving left to right) broadcasts its safetgssage that others within its
communications range limit (i.e., moving right &t) vehicleB, but notC andD) can receive.

To improve safety awareness, vehidlewishes to make vehicl® more aware of its
presence by transmitting its safety message toaaeocast region (GR), centered atith
radius Rer. Because some of the GR (e.g., in this case, theee@BR) lies beyond the
communications range limit of vehick the FZ specifies the area within which the safety

messages ok should be relayed (i.e., through vehidieandC towards the GR that contains
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D). Geometrically, we assume that the FZ coverssthgle hop transmission range of the
sender, its intended geocast region, and the ataaebn them.

Safety effectiveness requires successful messdiyerge but also depends on additional
measures that capture aspects of mobility. Fomel& since vehicld is closer to vehicl®
than it is to vehicleC, we would expect that safety awareness carriegl@himportance
between vehicled andB vs. vehiclesA andC. Additionally, vehicles with higher relative
velocity and headed towards one another would he tikeely to collide than vehicles heading
away from one another. Because vehizlis further away fronA thanB or C, it is not clear
if vehicle D receiving the safety messages of vehi&lould, in fact, improve safety. This
demonstrates a potential relationship between camuations effectiveness and relative
distances and velocities between two nodes.

To address the relationship between proximity aafdtg awareness, assume that safety
requires receipt of more messages per second dotesldistances than for longer distances.
For illustrative purposes, let us assume that deoto be considered “safely aware” of the 10
messages per second generated by veAjokehicleB requires receipt of 5 of them, vehicle
C requires 3, and vehicle requires 1 message. Without message relay velticlesd D do
not receive any of the BSMs from vehidedue to the communications range limit and thus

cannot be considered “safely aware”of Thus, to achieve safety awareness, a hypothetica

123



Figure 7.1 Conceptual view of the safety systerwimch vehicleA desires to target safety messages
towards the geocast region (GR) centeradvéth radiusRer, requiring messages to be relayed through
the entirforwarding zongFZ) that covers the entire area.

relay mechanism must successfully deliver the mimmpercentage of BSMs thaigenerates
(i.e., 50% taB, 30% toC, and 10% td).
7.2.3 Channel Pressure

According to the current standards [11] each vehg#nerates a new BSM at regular
intervals (10Hz) that is intended to be deliveredhim a short (e.g., 100 msjafety
transmission interva{STI) to improve safety. Figure 7.2 shows a tignthagram for typical
channel access in a beaconcasting VANET. In ttasnple, five vehicles are shown that may
contend for access to the vehicular channel, géngrtheir BSMs in the following order:
vehicle, vehicle, vehicle, vehicle, andvehicle. Vehicle defers access to the channel for one
arbitration interframe space (AIFS), and sensingaroier on the channel, begins transmitting
its BSM. After sensing the completion of the tramssion byvehicle of its BSM, vehiclg,
vehicle, andvehicle all defer for an AIFS and then begin counting daeir backoff time
that each vehicle chooses randomly as per the EEREL1 standards [SMehicle completes
its countdown first and begins transmitting its BSMring which time the BSM forehicle
arrives. The backoff countdowns resumevienicla, vehicle, andvehicle. In this example,
the backoff countdowns forehicle andvehicle complete at the same time, and both then
simultaneously transmit their BSMs. The resultoancurrent channel access causes both
transmissions to collide, resulting in neither B3ding successfully received by nearby

receivers that are in range of both transmissioBecause of the broadcast nature of the
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beaconcasting VANET, the transmitted BSMs are eeiéitknowledged nor unacknowledged
and so they are not rebroadcast. Thus, concuapesiss to the vehicular channel can result in
potentially lost safety packets that vehicles mayneceive (e.g., the BSMs wéhicle and
vehicle are “lost packets”). When there are no vehidhed tlesire to transmit a BSM within
a safety transmission interval, residual time pgpmay exist during which the channel may
be idle. Underutilized channel idle time may pdegdly be used instead to relay BSMs by
rebroadcasting them (e.g., the technique used igh dhapter). After 100ms, the safety
transmission interval begins anew, and if any Mehi@s not successfully transmitted a BSM
within 100ms of its arrival at the MAC, then tharismission is cancelled, assuming the safety
data contained within it has expired and will bersoeplaced with a newly generated BSM
with updated information.

Channel pressure can be alleviated by utilizing idine to spread out safety message
transmissions more uniformly across the STI. Howesech an approach may delay a safety

message transmission until later in the STI, thespardizing safety by deferring the
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Figure 7.2 An example timing diagram for the beaasting VANET.

transmission of safety information that would othiee have been sent earlier. Thus, a

balanced and fair approach to safety message tissismis desired.

7.2.4 Information Dissemination
Since current standards [11] limit the effective@@ge area of safety message content to

the single hop transmission range, additional teghes, such as flooding and georouting
protocols [62], are employed [60] [114] [63], [64B5], [66] to further extend situational
awareness to other vehicles. However, such appesaare often counter to the safety
requirements of the beaconcasting VANET.

Figure 7.3 lists our generic pseudocode for brosidéaoding (i.e., based on [112]). In the
case of no floodinggriteria(m) always returngalse , meaning that received messages are
never rebroadcasted. In the case of OZF [1&Rgria(m)returnsrue when two criteria are

met:
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Pseudocode ¥4édaeha-E%uiééaeidii% %64/blidl%2).
1. Functionf i m

2 if criteria(m)

3 m’'il amend(m)

4. ti getSendTime()

5 sendBroadcast(m’, t, timeout=100ms)
6 end if

Figure 7.3 Pseudocode (based on [12] for broadtasding. Line 1 receives a message, line 2
decides ifm should be forwarded; line 3 generates a new messagby potentially amending the
original messagen; line 4 determines the time at which the messémgeild be resent; and line 5
schedules the rebroadcast of the amended messagesome future time,

) broadcast storm is prevented by continuing thefflmaly if the message is received

for the first time, and

i) a form of directional flooding occurs by which timessage is only rebroadcast if

the relaying node lies between the source andraetn.

Furthermore, OZF amends the original messagyby updating the sending position to the
relaying node’s local position and then schedutesrebroadcast for time= now() Many
flooding techniques further amend the general apgraiven in Fig. 3 by using additional
distance-based, direction-based and/or probabilisiven criteria (i.e., line 2 in Figure 7.3) to
make the decision to rebroadcast. However, sugtoaphes fail to adequately control channel
pressure and meet safety delivery constraintseosé#tety-based VANET.

7.3 Safety Evaluation

7.3.1 Communications Effectiveness
Especially in emergency situations, it is crititalinform surrounding vehicles quickly

[115]. For example, avoiding a rear-end collismay require that a vehicle within 50 meters
from the sender successfully receives with highopbility 4 out of 5 packets in 1 second
[116], whereas an emergency vehicle warning systemrequire hypothetically that a vehicle
within 500 meters from the sender successfullyiveseat least 1 packet in 1 second.

We evaluate communications efficiency ushgareness Probabilitj116] [52] [85], the

probability of successfully receiving at leagpackets in the tolerance time windolve:
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where,- is the BSM generation interval (i.e., the STI lgmg 100ms), and,8 is the node
reception probability at distan&between vehicles.
7.3.2 Mobility Effects

The most often used standard indicator [108] usedstess the potential for collision
between two vehicles is the mettime to contac{TTC) [117] [108], which corresponds to
the amount of time before two vehicles will comehivi contact range of one another (i.e.,
collision in the worst case). TTC often representBreshold measure that distinguishes safe
situations from unsafe ones. Although opinion$edifTTC values typically less than 4-6s
imply higher risk, with the safety limit being asn as 1.5s in urban areas [118] [119].

The ratio of the relative distance between two saaled their relative speeds determine
TTC [120] [121] [118]. TTC applies when vehiclgspaoach one another and is undefined
otherwise. For two vehiclesandj, with positiongpi, pj, and velocities;, v, respectively, and
length of vehicla beingl;, the TTC for vehicle with respect to vehiclg TTG, is given by
[118]:

J N R U
"U ——— —— O\ K NI 7-2
Rey>K K7 N. K & (7-2)

From TTC, a probability of contact can be derivégpically, threshold values are defined,
such asTTGnin and TTGnax Where values of TTC less tham Gyin imply 100% contact
probability, values of TTC greater thai Gnaxmean 0% probability of contact, and values of
TTC betweeM TGnin andTTGChaxare linearly interpolated.

€ "U 50 -
-E --E 55 o o o
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Where(Q"U is the probability of contact, then the probabilif safety,(Q"U , IS

defined as:
(o "U € ("0 o"U KC (7-4)
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7.3.3 Safety Awareness Probability
Intuitively, safety awareness increases when tlobalility of contact between vehicles

decreases and when communications effectivenessases. There are thus two components
of evaluating safety that we will consider in turn:

i) mobility effects, and

i) i) communications effectiveness.

Since safety messages expire quickly, safety awasemust reflect recent reliability
indicators instead of long-term averages. Thusc&ssful Packet Delivery Probability (PDP)
[115] is extended by defining BSM Reception RaBiRR), BRR, j, T), that measures the
BSM reception rate of a receiving nodefor a sender nodg, within some recent time
Window, T, (e.g., the most recent 3 seconds).

2 3¢

+22 3,0 (7-5)

3¢
whereR(i, j, T) is the number of BSMs transmitted by ngdend received successfully by
nodei (regardless of the number of hops) within timedaw T, andT(i, j, T) is the total
number of BSMs transmitted by nogevithin time windowT that nodel could possibly
receive.

Awareness probability (7-1) depends on the numlbexpected messages received,
within some time tolerancéyo. Additionally, n can be a function of distancg, between
vehicles. For example, avoiding a rear-end colfishay require receipt of more messages at
shorter distances. Since safety messages are @mittegular intervals, the required number
of messages to be received (i.e., within one sécofd), can be represented by a step-down
function that depends on the distance between nddes

R 3 )¢50 -
3 ) :_)')_O{)y')ff ) - 6)6), I (7-6)
)y )
., 3 )e3 9,

Communications effectiveness and mobility effectsy mow be combined into an
appropriate VANET safety index. Between a paivelicles, the pairwissafety awareness
probability (Psp) is:

(2 “zU( (7-7)
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wherePs is as given by ((7-4), arféh is derived from ((7-1) by substitutimg= n(d) of ((7-6),
andPs(x) = BRRi,j, T) of ((7-5), yielding:

(2 3¢" %) '"zn

TILH, r <o (7-8)
€. (o~ W22 350 @ 422 3¢ T
@ r

7.4 Evaluation and Results

7.4.1 Simulation Setup
Simulation studies evaluate the impact to safetyetiroadcast strategies for different

message dissemination requirements. To reflegelarrandom but accurate vehicular
mobility traces, SUMO is used to capture the moppiatterns of 250 vehicles moving along
random routes throughout a two square mile urbamttmvn scenario for 2000 seconds (i.e.,
> 30 min.) of simulation time. To evaluate netw@#rformance of the VANET, thes-3
network simulator framework enables each vehiclenat 250-byte BSMs at a rate of 10Hz
as supported by the simulator’s IEEE 802.11 and \EAvplementations.

To evaluate the effects of message forwardingegres, OZF [112] is implemented and
compared to no flooding. Additionally, we implem&afeRelaya strategy that handles the
decision to rebroadcast BSMs under timing condsainSpecifically, OZF uses directed
rebroadcast to relay a message as soon as itewedd(i.e., potentially interfering with the
primary BSM transmissions of other vehicles), whsfafeRelaylefers the rebroadcast until
a vehicle senses the channel idle for at least J0msan arbitrary period that was found to
not adversely impact safety success), but gives tipe rebroadcast cannot be completed
within 100ms. Table 7.1 compares the messagerdisation techniques that are evaluated

in terms of the generic broadcast flooding algonithf Figure 7.3.
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7.4.2 Parameters
To evaluate the effects of forwarding strategieshmnnumber of packets forwarded and

safety awareness probabilities, simulations aredgocied for four different application

requirements that vary the center points and sizd% GRS, with parameters as described in
Table 7.2. In all configurations, all vehiclesrtsanit BSMs at 10Hz. A subset (e.g., 0%, 5%,
or 100%) of the BSMs are tagged for potential relapughout a FZ towards a GR. Other

vehicles within the FZ that receive tagged BSMgaalcast them. The four configurations

are:

Table 7.1 Three message dissemination strategaesuté evaluated.

Message Dissemination Strategy

No One Zero Flooding
Flooding (OZF)

TRUE ff first time message received and towards

the destination

SafeRelay

criteria FALSE

update source set transmitter's source
amend N/A |transmitter's position {address to originating nodg
relay node's positic source addre

delay until after channel
sensed idle for 10ms bu
before expiration of 100m
safety transmission inten

getSendTimg N/A now()

U)

% of vehicles
that transmitf 100% 100% 100%
BSMs
% of BSMs
that are
tagged for
relay
% of vehicles

that
rebroadcast
tagged BSM

0% 100% 5%

N/A 100% 100%

directed towards a| directed towards a circle
geocast regign  N/A | destination point, or [centered potentially ahead
possibly a circl the vehick
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A. Base case in which all vehicles emit BSMs, but G%e BSMs are tagged for relay,
resulting in no forwarding of any of the BSMs begidheir one-hop communications
range.

B. Use OZF to forward the first receipt of 100% ofrakkssages towards a geocast region
(GR) located at the vehicle's expected positiodh $s&conds, and withRer of 2000m.

C. Use SafeRelay for "moving emergency vehicle" sudt 6% of tagged vehicles’
BSMs are forwarded towards a GR located at thesthgghicle's expected position in
10 seconds and withRer of 2000m.

D. Use SafeRelay for "stopped school bus" such thabb¥%gged vehicles’ BSMs are
forwarded towards a GR located at the tagged w&hiclrrrent position and withRar
of 2000m.

Figure 7.4 illustrates the GRs for the four confagions, with the vehicle that originates a

BSM located at the point labeledand the corresponding GRs shown as circles.
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Figure 7.4 Pictorial illustration of geocast raggofor four configurations (i.eA, B, C, andD) that
represent different application requirements. Vékicle transmitting a BSM is located at the point
labeledv and is assumed to be moving left to right at agpnately 20 m/s.

ConfigurationA (no flooding) serves as the base case in thabmeafding is conducted
by any of the participating vehicles and so thei&Rnited to the transmission range of the
emitted BSM. Contrastingly, configurati@stresses the total communications attempts by
enacting OZF so that all vehicles attempt to ral@9% of their safety messages to all other
vehicles within a GR centered at the location whhkeestransmitted vehicle would be located
in 5s (e.g., at 20 m/s = 100m ahead of the vehiakuming it continues to travel at its current
velocity and heading, with a GR area covered bgddus of 1000m from that center point.
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ConfigurationsC andD (SafeRelayrestrict message forwarding to a tagged subset §%)
of the vehicles’ BSMs, analogous to a smaller nunolbsafety messages from higher priority
vehicles, such as ambulances or school busessjibaify their BSMs to be forwarded while
the remaining vehicles do not. While bathand D thus reduce the expected number of
messages that are expected to be forwarded, tseydaluble the radius of the GR (i.e.,
guadrupling the GR coverage area) as compare@t@EinA. The center of the GR f&@ is
projected ahead of the high priority vehicle to kbeation where it will be located after 10s,
assuming it continues at its current velocity ardding (e.g., to create a GR in advance of a
moving ambulance), whereaslnthe GR center point is not projected forward agrains
centered with vehicle (e.g., a broken-down car mgedmergency assistance). At the times
when vehicles are not moving (i.e., velocity =tbgn the GRs fo€ andD will be identical.

For performance evaluation, we assess BSM receptiapability over the most recent 3

seconds (i.e+22 % ¢ [ and we use values for the number of requiredsages received

Table 7.2 Four configuration that vary forwardingne parameters based on different application
requirements.

Configuration
A | B | C D

Simulation time (s 2000
Configuration space (krﬁ) 16
Number of vehicle s 250

Car-following model Krauss

Maximum speed (m/s 20
Arrival rate (veh. /s) 1

Every vehicle repeats its route after

Traffic routin . o . .
g reaching destination (until simulation en

Radio propagation mode Two-ray ground
Channel accesp continuou
BSM generation rate (Hz 10
BSM size (bytes 250
% of BSMs tagged for rebroadcasft 0% 100% 5% 5%
Geocast region (GR) center poin
longitudinally forward (in seconds) giverl N/A 5 10 0

current velocity and headin
Rer (M)| N/A 1000 2000 2000
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(i.e.,n(d) as in ((7-6)) that vary as a function of the aiste between vehicles. The minimum
number of messages required and correspondingtieffedistance are found arbitrarily by
examining the resulting data from our experimer@sccessful single-hop packet reception is
never more than 10% beyond approximately 500m withe data. Thus, it would not be
expected that vehicles could receive more tharvarage of 1 out of 10 messages per second
beyond this range. Therefore, we have defined élbeit somewhat arbitrarily) the minimum
number of messages required for safety effectietede 1 message out of 10 at distances
greater than or equal to 500m.

7.4.3 Results and Discussion

7.4.3.1 Vehicular Density and BSM Forwarding Policies
Although all configurations are repeated within tbeme urban, downtown scenario,

examining the distribution of vehicle placementhwitthe scenario helps convey where larger
concentrations of vehicles occur (i.e., intersewjor popularly traveled routes). Furthermore,
since for all scenarios the same vehicles travati#xthe same routes, the only effects that
differ between configurations are the inter-vehic@mmunications, and the effects to the
safety awareness.

Figure 7.5 (a) shows the average vehicular derisity subset of the 4000m x 4000m
configuration space of the environment, as plattetDm x 40m squares. Some darker regions
(i.e., “hot spots”) show where higher concentragiarh vehicles occur. For example, since
vehicles start with a zero velocity and begin @ntgthe scenario on roadway edges that are at
the fringe of the scenario, higher densities oficlels are seen in those locations that introduce
vehicles into the scenario. An especially darkelid area on the left-side indicates a highly

travelled area.
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Figure 7.5 Vehicular density (a) for a subset @f tonfiguration space, where darker-colored regions
indicate areas through which more vehicles haweeteal, and average BRR (b-e) for two different
subsets of the scenario space and two differerfigroations 8 andC), where darker-colored regions
indicate higher BRR. Average BRR between scenasitixalized and may improve (e.g., (c) vs. (b)),
or degrade (e.qg., (e) vs. (d)).

Whereas the vehicular density is the same amongpafigurations, BRR differs due to
the BSM message forwarding policies (e.g., conganB vs. C). Figure 7.5 (b-e) shows the
average BRR for two different configurations (iB.andC), where darker-colored regions
indicate higher BRR, for the two sections highleghtn Figure 7.5 (a). For the left highlighted
region, BRR increases i€ as compared td® (i.e., Figure 7.5 (c) vs. Figure 7.5 (b)).
Contrastingly, for the top, right section BRR dexses inC as compared tB (i.e., Figure 7.5
(e) vs. Figure 7.5 (d)). This implies that BSMvi@arding policies can affect BRR positively

or negatively in different localized regions.
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7.4.3.2 Performance Evaluation
The decision for each vehicle to tag a BSM foryelaries with its forwarding policy. For

example, inA, each vehicle only generates a primary BSM butsduoa tag it, and so no
vehicles relay any BSMs, whereasdBnall vehicles tag all their BSMs and so they atifard

all received messages. ContrastinglyCiandD, only 5% of the BSMs are tagged for relay,
whereas the remaining BSMs (i.e., 95% of themhataelayed.

The total number dfiistincttagged BSMs received, as a function of distanteden the
vehicle that originally transmits a tagged BSM gudential receiving vehicles, is shown in
Figure 7.6. Any tagged BSM that is received byehigle is only counted the first time it is
received, regardless of whether the tagged BSM twassmitted by a nearby originating
vehicle that is within the single hop communicasioange, or forwarded through one or more
relay nodes. Several effects are noticeable wignre 7.6:

i) The highest number of received tagged messagessoacshort ranges. Vehicles

are most likely to collocate near each other (atgiery short separational distances
when they are queued up and stopped at intersegtion
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Figure 7.6 A comparison for four different scenarad the total number of distinct tagged BSMs
that are received, as a function of distance batwiee vehicle that originates the tagged BSM and
receiving vehicles.
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i) There is a drop in tagged messages that are relceitee range of 50-150m: For
all configurations, few potential receivers areseldo transmitting vehicles in the
50-150m range, providing insight into the non-umifodistribution of vehicles
throughout the downtown roadway network (e.g.,Sgeare 7.5) in which traffic
lights control vehicular flow through intersectionSpecifically, in addition to be
near one another near intersections, vehicleslsoeligely to be near each other
when separated by 200-400m (e.g., when the tratisgivehicle is partway
between multiple nearby intersections that eacle lmanmerous receiving vehicles
lined up at the cross roads).

iii) Beyond 300m, there is a decreasing trend in tagds that are received: There
are decreasingly fewer potential receiving vehitlegond 300m, as a result of the
distribution of vehicles throughout the configuoatispace and signal attenuation
cause by separational distance. Specifically,etheme few vehicles that are
separated by 400-500m (e.g., nearing the singlechapmunications range of a
single BSM) that successfully receive an origin&ignsmitted BSM and then relay
it. Thus, fewer tagged BSMs are received by vekibleyond 700m.

iv) There is an increase in tagged messages receiyedd&00m for configurations
other thanA: For A (i.e., no relaying), no vehicles beyond approxehat00m
receive BSMs, whereas relatively small numbersagfed BSMs are received for
the other configurations out to distances of 1600@anfigurationB only relays
tagged messages (i.e., 100%) out to a distanc®@dm, wherea€ andD relay
tagged messages (i.e., 5%) out to 2000m. Thiserdifice in forwarding policy and
GR size causes more tagged messages to be sutlgestalyed byC andD, as
compared td3, which is more evident in the range of 500-700m.

BSM Reception Rate (BRR) as a function of distdinom the vehicle that originates the
BSM to receiving vehicles, regardless off the numiiiehops that tagged BSMs travel, is
shown in Figure 7.7. Generally, BRR increaseshtlijgat 100m, and thereafter drops as
distance increases. BRR is slightly lower whenergng vehicles are very close to
transmitting vehicles (e.g., near Om), as the hdghsities of collocated vehicles (e.g., see
Figure 7.6) increases the likelihood of transmisgiollisions. For, in which no BSMs are

relayed, the BRR range extends to only approxim&eédm. By relaying tagged BSMs, the
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Figure 7.7 A comparison for four different scenardthe averages of BRR as a function of distance
between the vehicle that originally transmits a B&hd vehicles that receive it.

other configurations extend delivery range to appnately 1600m but at lower probability,
although the effects in the extended range areditfto discern among configurations. For
example, in the range of 500-1000m, configurat®fS, andD attempt to relay tagged BSMs
(i.e., if they can do so successfully before thavB&kpires). However, as previously noted
(e.g., see Figure 7.6), there are few vehiclekerrange of 400-500m that successfully receive
and then forward tagged BSMs, thus decreasing BRR fanction of distance between the
originating vehicle and potential receiving vehgcle

Awareness probability is compared in Figure 7.8hilé&/the awareness probability range
for A (no relaying) extends to only approximately 60fime, range extends with comparatively
high probability for other configurations. In palar, configurationB, C, and D show
awareness probability of at least 40% out to apprately 900m, and at least 20% out to
approximately 1600m. Configurations using SafeR¢@ and D) outperform OZF in the
range of 1000-1500m.
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Figure 7.9 A comparison for four different scenariof the averages of safety awarenéssi
probabilities as a function of distance betweendnaitting and receiving vehicles. Application
requirements that increase forwarding zone coveaage help receiving vehicles that are likely to
come in contact with one another improve theirtyadgvareness of the sending vehicle.

Differing from awareness probability by additioryaktonsidering the mobility factors
between two nodes moving towards one another,ysafedreness probability is compared in
Figure 7.9. While safety awareness probability ibega steep decrease fér around
approximately 400m and extends only to 600m, thy@aextends significantly and with
relatively high probabilities for other configuratis, implying that BSM relay improves
considerably a receiving vehicles safety awareakasender. In particular, safety awareness
probability of at least 50% extends to approxima@dOm for configuration€ andD, to
approximately 900m foB, and is approximately 25% out to 1300m for all BS&lay

configurations.

7.5 Conclusions

Safety messaging policies that relay BSMs througlaoeZ can extend safety awareness

range without impacting the BSM Reception Ratestimproving safety awareness without
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jeopardizing communications efficiency. For exagpph comparing the case in which no
BSMs are forwarded to configurations that relay BSroughout FZs with GR radius up to
2000m, safety awareness probability of at least Zoéktended from approximately 500m to
1300m, an increase of approximately 160%.

BSM forwarding policy parameters can have a langgact on safety effectiveness, which
must account for efficient communications and kvelnicle mobility concerns. Specifically,
it is shown that effects to safety are impactedigynumber of vehicles that desire BSMs to
be forwarded, the radius and center of the GRtH&at specify, and the safety message receipt
requirements.  Greater numbers of vehicles retpyiressages improves safety. Safety
messages can be disseminated to the range linfied¥Z, although larger zone sizes can lead
to greater message interferences that decreasemyghirobabilities.

While many previous works evaluate various roupngtocols and flooding techniques in
a VANET, they do not directly compare results quatively in terms of safety-specific
metrics that combine both communications (e.g.ketdelivery) and mobility (e.g., TTC).
Selecting appropriate FZ size, number of partiangavehicles, messaging requirements, and
flooding algorithm can effectively extend safetynga. Improved safety message
dissemination makes connected vehicles more awavaeoanother, thus improving vehicle

situational awareness, one of the key goals of#fiety-based VANET.
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CHAPTER

8

Assessing the Safety Reliability of Modeling
the Bursty Vehicular Channel

Many VANET safety applications have been proposedt tdiffer in reliability
requirements based upon expected messaging eéfireig that require low latency and high
packet delivery probabilities. Yet, communicatidegel safety performance requirements are
not standardized, making it difficult to quantifgfety effectiveness in a VANET. Large-scale
DSRC deployments suggest harsh operational conditrowhich low packet reception rates,
bursty channel conditions, and strong shadow fadiegbserved. Safety evaluations derived
from such measurement campaigns are rare, leavimgegion researchers to rely on common
VCMs that do not accuracy reflect the conditionshef bursty vehicular channel.

In this chapter we explore through simulation aiegllar channel model that incorporates
BUR-GEN, a packet burst generation algorithm tltaugately predicts packet reception and
loss burstiness. Our results show that safetgbidliy estimates for V2V safety applications
are increased by a factor of 31for maximum safeligrances, as compared to an i.i.d.-based
model that produces that same PRR but does nowuacdor bursty channel behaviors.
Simulation studies that do not address packetpas®rns as observed in real-world, large-

scale DSRC measurement campaigns, such as the SRMBy accurately predict safety
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application reliability, which require low latenand highly successful packet delivery

probabilities to occur within harsh environmentahditions.

8.1 Introduction

Modern technical advances provide connected vehitie potential to improve driving
safety. By regularly generating pertinent “hemar” information about itself (e.g., location,
speed and heading), vehicles transmit informatiai is encapsulated within a BSM [11] and
rapidly broadcast as a safety beacon to make otexby vehicles aware of its presence so
they can alert drivers of unsafe situations sucprascrash scenarios. DSRC standards [12]
attempt to address requirements for the rapid dissdion of safety messages in highly
mobile conditions. Safety success requires higbbaility of packet delivery while
considerable mobility and environmental issues. (eofpstacles such as other vehicles,
buildings, foliage, etc.) jeopardize safety by imiing radio-wave transmissions.

Many VANET safety applications have been proposéd [11] that differ in safety
intentions based upon expected messaging effeetsgen Proposed applications [11] help
vehicles move through intersections (Intersectiomv&ment Assist), alert drivers to
specialized vehicles (Emergency Vehicle Alert /@ped School Bus), increase drivers’
awareness of road conditions (Situational Awarenessd warn of imminent pre-crash
scenarios (Pre-Crash Warning).

Quantifying safety effectiveness in a VANET remaidsficult. Current limited
deployments and testing evaluations (e.g., [118})ehnot conclusively provided necessary
performance and operational standards that quastfgety. Metrics that assess safety
effectiveness [52] [81] [85] are not standardized &ck definitions on how they should be
applied to real-world test conditions [122].

Large-scale DSRC deployments are rare. To datelafgest real-world measurement
campaign involved nearly 3000 vehicles transmittd®y35 BSMs using DSRC, and was
conducted over 18 months throughout the Ann ArbrlJSA area. A two-month subset of
data [94] from this study, commonly referred tothe Safety Pilot Model Deployment
(SPMD), provided limited data of packet transmiasand reception events [14]. Safety

performance results were not provided as part efdata release, and to the best of our
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knowledge, a detailed assessment of safety eftaatiss from the SPMD test data set has not
been previously released.

DSRC-based field operations indicate harsh, proatenconditions that may jeopardize
safety measures themselves. Analysis of the SPMBsorement campaign data set shows
that packet reception rates are low [14]. Shadming is strong and the vehicular channel is
bursty [14], with occasional long periods of packeises (Chapter 6). Common models do
not accurately characterize the non-ideal vehicaklannel [105] (Chapter 6), calling into
guestion the conclusions about safety that may®e&rdfrom results that are based upon such
models.

The rarity of large-scale technology deploymentsperfections of simulation-based
modeling, and lack of agreed measures to quandifigty effectiveness presents researchers
with continued challenges in assessing safetyarsdiety-based, DSRC-enabled VANET.

8.2 Problem Statement

While high packet reception probabilities are reedito ensure high safety application
reliability [1] [104], successful packet delivery mot always consistently observed in large-
scale DSRC deployments [14] [105] (Chapter 6). LBPRR and bursty communications are
common in DSRC environments [14] [87].

Especially troublesome to the low-latency, highhdely requirements of V2V safety
applications, such as imminent crash conditiond],1i8 the presence of bursty gaps between
packet receipts. For example, Figure 8.1 showspdleket receptions derived from the SPMD
test data set for a subset of a V2V encounter viherreceiving vehicles is less than 100m
from the transmitting vehicle. Receptions (i.eendted with a red “+”) are bursty and
inconsistent, with packet loss gaps occurring withe packet stream. Occasional small gaps,
and short bursts of consecutively received packetsobserved. Additionally, long gaps of
packet losses are present, such as befa@Ni , between @<E and @IE , and after

@‘N . Communication is inconsistent and asymmetrichwitspect to inter-vehicle
separational distance.

Common VCMs do not accurately depict the packet beshaviors observed in large-scale,
real-world DSRC measurement campaigns, especialllgdir representations of the channel

burstiness and packet losses [105] (Chapter 6)etysavaluations using metrics such as
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Figure 8.1 Packet reception for a subset of a Vatbanter derived from the SPMD test data set
for trip 365 of vehicle 10160 and trip 661 of vdhid0135 that occurred on 4/13/2013 between
20:11:01 and 20:14:23 UTC, for inter-vehicle separal distances less than 100m. Successful
packet receptions are marked with a red “+”, ararthbsence indicates periods of packet loss.
Packet receptions and losses are bursty, and hegigtypmetrical.

awareness probability (2-28) require minimum paskeecess rates (i.e., at least@ packets

in 5" seconds, where is often a small, low-latency requirement) thatggacket loss
bursts may fail to satisfy. Simulation studiest thie based upon such common models may
therefore inaccurately represent safety performaifcgpplied to real-world campaigns. For
example, in our earlier work [16], we evaluatedigatoility awareness using simulations based
on the Nakagami-m fading model (2-1). Our subsetjdata analysis of the applicability of
common VCMs to the SPMD test data set indicatedistently strong shadow fading [105]
throughout the environment that the generalized ganmodel (2-23) indicates can be

expressed as sub-Nakagami fading.
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Evaluation of safety application reliability resnlj from vehicle channel models that are
suitable for large-scale DSRC deployments (e.ge, $*MD test data set) motivates the

following research question:

RQ1: How do simulation studies that use vehicular clfedrmodels affect the safety
application reliability estimates as compared talrevorld measures gathered from a

large-scale DSRC field operational test?

8.3 Approach

To assess the affect that VCMs have on safety agimn reliability, we conduct
simulation studies of 1,000,000 V2V encounterst W repeat using two packet generation
models:

) an i.i.d. path loss model (i.e., dual-slope distabreakpoint model (2-13)) and,

i) a model that combines an i.i.d. path loss model, @gain the dual-slope distance-
breakpoint model) with a burst pattern generatitggordhm (i..e., BUR-GEN
(Chapter 6)).

For each experiment, we calculate the awarene$mbpilay for maximum and minimum
safety tolerances as derived from expected VSClysaigplication requirements, and we
compare results generated by the simulation mddedsound-truth values gleaned from the
SPMD test data set.

Table 8.1 lists the application range and messalgeances for maximum and minimum
safety requirements for four VSC safety applicatio@adapted from [104]). These
representative safety applications operate ovange of relatively close distances (e.g., 100-

300m) with various safety message tolerances. ekample, for maximum effective safety,
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Table 8.1 Application range and message toleramciiir VSC safety applications.

N Application Message Tolerance
VSC Application Range [m] [Maximum Safety | Minimum Safety
Service Vehicle Alert 300 Atleast 1in 0.5s At ledsh 3.0s
Emergency Electronic Brake Lights 250 Atleast 1.Bs() Atleast 1in 2.0$
Cooperative Forward Collision Warning 150 Atleadn 0.3s| Atleast1in 1.05
Lane Change Assist 100 Atleast 1in 0|3s At least2l0s

Table 8.2 Minimum and maximum safety performancgirements used for evaluation, as a
function of distance.

Range [m]| Maximum Safety Tolerancqd Minimum Safety Toérance
0-150 | Atleast1 msgin 0.3s At least 1 msg in 1.0s
150-250 | At least 1 msg in 0.3s At least 1 msg in 2.0s
250-300 | At least 1 msgin 0.5s At least 1 msg in 3.0s

Lane Change Assist requires successful receptiahleést 1 message in 300ms, while Service

Vehicle Alert requires as a minimum at least 1 ragesn 3000ms.

8.4 Experimental Setup

The experimental setup repeats exactly the comditpyesented in section 6.8 of Chapter

8.5 Results and Discussion

For minimum and maximum levels of safety performeraafety application range and
message receipt tolerances were inferred from Tabland are given in Table 8.2. The packet
streams of the simulation model outputs and the BRBbkt data set were examined for
awareness probability in terms of these safetyiegjobn performance requirements. Results
to 400m comparing the maximum safety tolerancesai@vn in Figure 8.2 and those for
minimum safety tolerances are shown in Figure 8.3.

In maximum safety tolerances shown by Figure 8waraness probability within the

SPMD test data set starts relatively high at stiisteinces, and steadily decreases as distance
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increases. The presence of long bursts of gageopped packets within the SPMD test data
set presents challenges in achieving high awarepessabilities. At short distances of
approximately 10m, the awareness probability iglge30%, dropping to 30% at 100m. The
awareness probability continues to decrease tooappately 10% at 200m. The results
produced by the dual-slope distance-breakpoint insidaificantly overstate the awareness
probability for distances less than approximatélQrh, and understate it for distances greater
than 100m, as compared to the SPMD test datathisodual-slope distance-breakpoint (only)
model, awareness probability is 100% at 10m, irtthgathat the i.i.d.-based model
overestimates the likelihood that at least one @kl be received at short distances, as
compared to the real-world SPMD data set, in whieltket loss bursts are prevalent.
Awareness probability drops sharply and is 0% bdydA0m, indicating that this model
predicts that it is extremely rare that at leasinéssage will be received within 500ms.
Contrastingly, the model that combines the dugbeldistance-breakpoint path loss model
with a packet burst algorithm matches well the ekge awareness probability observed with
the SPMD test data set.

When safety application tolerances are relaxedhéominimum requirements, awareness
probabilities of the SPMD test data set increasty atightly. At short distance of
approximately 10m, awareness probability is ne88%6, dropping to 35% at 100m. The
awareness probability continues to decrease tooappately 10% at 250m. The results
produced by the dual-slope distance-breakpoint ingidaificantly overstate the awareness
probability, as compared to the SPMD test data. th®i.i.d. dual-slope distance-breakpoint
model, awareness probability is 100% for distarmzego 90m, indicating that the i.i.d.-based
model overestimates the likelihood that at least packet will be received at short distances,
as compared to the real-world SPMD data set, inchvipacket loss bursts are prevalent.
Additionally, spikes occur in the trendline at 15@md 250, coincident with the changes in
requirements in receiving at ledspacket. For example, as per Table 8.2, at 150ensdfety
reliability requirements change from a minimum opdacket in 1.0s to 1 packet in 2.0s.
Contrastingly, the model that combines the dugbeldistance-breakpoint path loss model
with a packet burst algorithm matches well the ekg@ awareness probability observed with
the SPMD test data set.
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Figure 8.2 Awareness probability as a functionistathce between transmitter vehicle and receiving
vehicle for maximum safety tolerance requirements

Numerical results comparing the RMSE of awarenasbability of each model as
compared to the SPMD test data set are given iar&i§.4. The model that combines the
dual-slope distance-breakpoint path loss model WithBUR-GEN packet burst algorithm
improves awareness probability estimation, as coetpthe same path loss model that does
not include BUR-GEN, by factors of 31 (maximum s$gftolerances) and 128 (minimum

safety tolerances), respectively.
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Figure 8.3 Awareness probability as a functionisfasthce between transmitter vehicle and receiving
vehicle for minimum safety tolerance requirements.

RMSE vs. SPMD test data set

174

Model Min. safety tolerance | Max. safety toleranc¢
dual-slope only (i.i.d.) 10.22 1.24
dual-slope + BUR-GEN 0.08 0.04

Figure 8.4 Numerical results of the RMSE of awassngrobability between the model and the
SPMD Test Data, for maximum and minimum safetyrtniees
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8.6 Conclusions

In simulation, a vehicular channel model that ipovates BUR-GEN and accurately
predicts packet reception and loss burstiness inasrthe safety reliability estimates for V2V
safety applications by a factor of 31 for maximuafesy tolerances, as compared to i.i.d.-based
model that produces that same PRR but does nowumaicdor bursty channel behaviors.
Simulation studies that do not address packetpas®rns as observed in real-world, large-
scale DSRC measurement campaigns, such as the SRMB) accurately predict safety
application reliability, which require low latencgnd highly successful packet delivery

probabilities to occur within harsh environmentahditions.
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CHAPTER

9

Conclusions and Future Work

9.1 Conclusions

This dissertation presents evidence that advarifeesnibdeling accuracy of VCMs by
better-matching authentic observations, and aduitip enhances VANET safety measures
themselves, thus supporting our thesis statemettinet in Chapter 1. In Chapter 3, we
consider deterministic path loss models, such a©fstacle Model implemented in the-3
simulator [13], and show that such models tendntprove accuracy of vehicular channel
modeling but are highly dependent upon the avditglnf geodata that describes buildings
and obstacles that may interfere with radio wawgagations and do not account for mobile
obstructions [105]. In the absence of completadgtn such deterministic shadowing models
fail to account for all fading and shadowing outesnthat are found in truthful measurement
data sets. We present in Chapter 4 data anali/siafety packet loss behaviors for a large,
field operational test utilizing nearly 3000 veliglnear Ann Arbor, Michigan, and show that
packet losses in the vehicular channel differ diggutly from static-node networks, such as
Roofnet, and that DSRC packet losses are not reegaaslependent events, but show temporal
and/or spatial correlation tendencies in many entws [14]. In Chapter 5 we provide
analysis of five common radio-wave propagation ni®driitable for vehicular channel
modeling, and show that these mostly i.i.d. modékn accurately account for average packet

loss behaviors, but fail to address the IPG andeauttive run/loss behaviors that are observed
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in real deployments [105]. To address problem#$ wéhicular channel models that fail to
address the bursty packet patterns that measureaspiaigns, we present in Chapter 6 a new
bursty packet generator algorithm, BUR-GEN, thgbtnoves the accuracy of packet loss and
reception probabilities by factors of six and fowaspectively, as opposed to common, i.i.d.-
base packet generation models, when compared ®RMD results.

In Chapter 7, we explore safety message disseramatid show that situational awareness
can be improved greatly in the time-constraine@tya/ ANET using SafeRelay, a simple
flooding-based technique that honors the safetymmbleconstraints of the safety VANET, and
which we evaluate with a newly-defined metric, saf@wvareness probability that combines
communications and vehicular mobility into a singletric [16]. Finally, in Chapter 8, we
present evidence of the improvements to safety amesssuch as awareness probability, that
an improved VCM that includes a bursty packet gatam algorithm (i.e., BUR-GEN) has
when evaluating VCMs. As compared to common,.tbhaksed packet generation models that
often mis-predict safety, we show that BUR-GEN ioyas awareness probability factors of
31 and 128, respectively, for maximum and minimafety tolerances, when results generated
using BUR-GEN are compared against those from cantyravailable VCMs, and compared
to the actual awareness probabilities of the SPMiasurement campaign.

Simulation studies that do not address packetdaisrns as observed in real-world, large-
scale DSRC measurement campaigns, such as the SRMB) accurately predict safety
application reliability, which require low latencgnd highly successful packet delivery
probabilities to occur within harsh environmentahditions. Model selection in simulation-
based studies influences performance accuracy wsinos about VANET application
reliability. To improve the accuracy of simulatibased results and safety performance
assessments, as compared to real-world, large3&R€ measurement campaigns, the bursty
conditions of the vehicular channel cannot be igdowhen properly modeling the channel

behaviors.

9.2 Future Work

The motivation for our future work lies in potertraeans to further elaborate our thesis,
especially in the development of VCMs and safetyasoees that further improve accuracy
w.r.t. DSRC FOTs. Therefore, future efforts magiuile the following:
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Test the BUR-GEN model approach in network simafatby implementing the model
(and perhaps other path loss models, such as tiesidye distance-breakpoint, and
generalized gamma path loss models) in a netwarklator, such ass-3

Evaluate the effect of bursty packet generatioretions (e.g., such as BUR-GEN) on
safety evaluations that use other safety performameasures, such as the impact of
incorporating TTC within a safety performance assemt (i.e., application through
simulation of BUR-GEN through the measure of sagatyreness probability).
Consideration of additional DSRC-based measureg@npaigns, aside from the Ann
Arbor SPMD study, as data becomes available, tif §egsty channel behaviors exist
in similar or different conditions within other FQi&ta sets.

Further augment deterministic obstacle shadow nragi@lith abilities to incorporate
richer data set of obstacle data. For exampléenekdata modeling beyond OSM data,
include 3D characteristics, and apply obstacle nwogléo (moving) vehicles (i.e.,
beyond the limited data for static buildings tlatommonly available).

Evaluate further the concepts of burst distribufiomctions to identify sets of functions
that model well the observed behaviors of packestmess. For example, examine
the use of long-tailed power-law distributions, &#DFs in their “next packet burst”
prediction capabilities.

Refine VCMs on a more microscopic-level by sengithanalysis of isolated V2V
encounters (e.g., downtown intersection, highwagjdential area, tunnel, parking
garage, etc.) to better describe bursty packet lmssaviors on an individual
geographically-based scenario, as opposed to analgsved from wide-scale, city-

based data.
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Appendix A - Abbreviations

AC
ADEV
AIFS
API
BDF
BRR
BSM
BSP
BSS
CAMP
CCH
CCRL
CFCW
CGAL
CPDF
CSMA/CA
Cw
DAS
dB

DE
DSRC
EDCA
EEBL
FCC
FEC
FOT
FSPL
FZ

GB
GBD
GG
GHz
GPS
GR

Hz
i1.d.
IEEE

IPG

Access Class

Allan deviation

Arbitration Interframe Spacing

application programming interface

burst distribution function

BSM reception ratio

Basic Safety Message

Binary space partition

Basic Service Set

Crash Avoidance Metrics Partnership
control channel

Consecutive reception run-length
Cooperative Forward Collision Warning
Computational Geometry Algorithms Library
conditional probability distribution function
Carrier-Sense Multiple Access with Collision Avonda
congestion window

Data Acquisition System

decibel

data environment

Dedicated Short-Range Communications
Enhanced Distributed Channel Access
Emergency Electronic Brake Lights
Federal Communications Commission
forward error correction

Field operational test

Free space path loss

Forwarding Zone

geometry-based

geometry-based deterministic
generalized gamma (model)

Gigahertz

global positioning satellite

geocast region

Hertz

independent and identically distributed
Institute of Electrical and Electronics Engineers
Internet Protocol

inter-packet gap
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ITS — Intelligent Transportation Systems

JPO — Joint Program Office

KS — Kolmogorow-Smirnov

KVCV - k-Fold Cross Validation

LOS - line of sight

MANET - Mobile ad hoc network(ing)

MLE - Maximum likelihood estimate

MTC - Mobility Transportation Center

NG — non-geometry-based

NHTSA — National Highway Transportation Administration
NLOS - non-line of sight

OoBU — On-Board Unit

OCB —  Outside the context of a BSS

OFDM — Orthogonal Frequency Division Multiplexing
OLOS —  obstructed line of sight

OSM —  Open Street Map

OZF —  One Zero Flooding

PCS —  Pre-Crash Warning

PDP —  Packet Delivery Probability

PDR —  Packet delivery ratio

PER —  Packet Error Rate

PLBL - Packet Loss Burst Length

PRR —  Packet reception ratio

QoS —  Quality of Service

RMSE —  root-mean-square-error

RPM - radio propagation model

RQ - research question

RSE — Roadside equipment

RSS —  received signal strength

RSSI —  received signal strength indicator

RSU — Roadside Unit

SCH —  service channel

SINR —  signal-to-interference-plus-noise ratio
SPMD —  Safety Pilot Model Deployment

STI — safety transmission interval

SUMO —  Simulator for Urban Mobility

TTC — time to contact

UMTRI - University of Michigan Transportation Research ibose
USDOT —  United States Department of Transportation
V2l — Vehicle to infrastructure

A4V, - Vehicle to vehicle
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VANET
VCM
VSCC
WAVE
WLAN
WME
WSMP
WSSUS
ZCOR

Vehicular ad hoc network

Vehicular channel model

Vehicle Safety Communications Consortium
Wireless Access for Vehicular Environment
Wireless Local Area Network

Wave Management Entity

Wave Short Message Protocol

Wide Sense Stationary Uncorrelated Scattering
Zero-Coordination Opportunistic Routing
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