ABSTRACT

DEMERS, ALIXANDRA. Determining Path Flows in NetworkQuantifying the Tradeoff
between Observability and Inference. (Under the directidbeorge Fisher List.)

With the sensor technology in-place today, it isidifit to correctly predict path utilization
coefficients (PUCs: the percentage of an origin-detsdingOD) pair’s traffic flows traveling
on a given path or route) because the problem is hugelyspadéfied, requiring inference

to overcome the under-specificity. The shortcominthsf method, as discussed in detail, is
that the inference rules applied may be wrong. In fittd¢, path flow research has addressed
the issues of (a) reliability in the instrumentatids), reliability of other input data or models,
(c) reliability and confidence level of the path flowsusmin, (d) the relationship between
what is observed and what is inferred, and (e) verifyiat)diefined path flows are those
actually occurring in the network (and discerned), whiehadl directly relevant to the
practical application of path flow estimation and to guydinstrumentation research to meet
the needs of the evolving world of transportation. Tieeee this dissertation research
addresses the key questions of (1) how well can pathréiteg be determined from an
instrumented network, and (2) how much inference is reqtorgibld reasonable estimates
of all path utilization coefficients in a network was discovered that observed link flow
data are only slightly better than spurious input dat® € prediction; automatic vehicle
identification (AVI) or automatic vehicle location (AYldata are required to significantly
improve predictions. Therefore, significant valuadsled by collecting AVI and AVL data

to estimate PUCs or OD flows. Moreover, if predictims holumes is desired, then link



volume observations are also necessary — AVI or A dae insufficient. Considering
these results, all network analyses are criticalpedeent upon good utilization coefficient
estimates to obtain reasonable flows which, in-turaegsential for decision-makers. This is
true whether you are attempting to estimate OD flowRBWCs (say as a modeler), desiring
to make good capacity investment decisions, or trying to malkeimge network flow
management decisions. In all cases, good quality PlW&Qseaessary; reliance on link flow
observations would require heroic inference assumptm®s/é and/or AVL data are better
choices for PUC prediction. Within this dissertatioa four components to support this
research endeavor and the conclusions drawn. Fadigcussion of the theoretical
constructs involved in the path utilization rate estioraprocess. Second, a methodology
for estimating PUCs is presented. Third, numericas testhe methodology are conducted
on several hypothetical networks. Fourth, throughoutréssarch three data conditions
were examined to test the methodology's predictionsor&ge data, stochasticity in
demands coverage (such as in OD flows, link voluragsjori path utilizations, and priori

link utilizations), and stochasticity in the demand measergs.
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1 INTRODUCTION

Our ability to observe travel is quite dependent on whbeing transported (person or
freight), the mode of travel, and the transport nekwaiitized. In the freight arena, an entire
shipment’s trip from manufacturer to retailer can mnstructed if the necessary
information is released by the various stakeholdersgliewy the exact path traveled is not
always known. For example, rail freight movememeskanown by path because the mode is
on a fixed guideway, trains have unique identities, and céclsng from one engine set to
another is recorded. Similarly, air freight movensearte known because the origin
destination (OD) pattern is determined by the flight nurmidale the exact path traveled can
be determined from the flight plan filed by plane tail ln@m Moreover, once the flight is
complete, information is available about the gate-te-gatl block-to-block times enabling
calculation of path travel times over the coursa eét time period such as a day or year.
Likewise, passenger movements can be tracked throughlistagce rail, air, and long
distance water transport because of ticketing and bedagiseades are operated in systems
that require reservations and the filing of travel pliansoordination, safety, and efficiency
of their respective networks. Hence, the above syshewes path information embedded

with item and/or traveler identification.

Path knowledge lessens when travel on short-distancangilvater trips for passengers
(such as rail public transit and ferries) is examinedthéncase of rail transit, one may know

the ralil transit routes but only some systems (liksé¢hin Paris and Washington, DC with



distance-based fares) track passenger OD patterns, aiioyptis® in the system, by
requiring tickets for turnstiles at both station entesnand exits. Unfortunately, even with
the mentioned systems, path data is unavailable and mestimated based on the most
probable routes and connections from one station tthangilus assumptions are made that
people know where they are going and know the propestrdirections to travel to reach
their destination station, therefore introducing raifteice uncertainty into path estimates.
Flat fee rail or bus transit systems (such as in Mevk City) may only collect system
entering and exiting flows at each station without ODrimiation, adding one more layer of
uncertainty in determining traveled paths, that of uncatedltravelers (the inability to

correlate an alighting passenger at one station wdparting passenger at another station).

Path information often degrades further when one exarbmigsfreight and people on the
road network for all trip lengths. At its best, reshars can discover the paths traveled
because an automatic vehicle location (AVL) device Igatl by a freight carrier or drivers
of fleet vehicles. Currently, some long-haul compangssthis technology as well as some
rental car companies, public transit (bus) agencies,aigl see (Saricks, Schofer et al.
19977?; Schafer, Thiessenhusen et al. 2002; Lorkowski, Mieth 2004; Mieth, Schafer et
al. 2004). Although private drivers may have AVL technoldfgir movements presently
are not observable by others. However, that is chgndgror example, in the Capital District
Advanced Traveler Information System (CD-ATIS) expenmnconducted in Spring 2005,
200 drivers were connected to a central server which duddé@vel characteristics,

including the route taken to a destination (Demers, Liat. &006). Also helpful from a path



standpoint is automatic vehicle identification (AVI) h@clogy which is prevalent in regions
with tolled transport facilities (such as roads, bridgesl tunnels) and variable fee storage
facilities (such as park-and-ride lots and airport parkir&1 technology enables partial
tracking of vehicles with tag transponders by placing seradegations throughout a
network (tag readers at a toll booth, for instancejteNthe details of a trip are lost between
any two sensor locations (links traversed, waiting tinhessgaals, and so forth), but a large-
scale picture is captured. Regardless of AVL and AVI teldyy, tolled facilities can
capture OD patterns, total travel times, space mean sgebsaffic volumes within their
networks. Without AVI, AVL, and tolled facilities, th@cture goes blank without sensor

infrastructure.

Consider finally, little or no OD pattern nor path inf@tion is collected on pedestrian trips
which are at the start and end of all other trips. H@wesince these trips are rarely the
cause of significant congestion (outside of dense urleaspand severe incidents, they will
not be considered here. Rather, this research isddausthe road network because there is

a need to increase data collection for improved netwbskervability.

To summarize, as the flexibility of a transport netwisrkacreased (i.e. mobility becomes
less constrained) and the fee for service changesvaoiable to fixed, then our ability to
observe the paths taken by people and freight decre@sesiinhe aid of external sensors.

Hence, determining the level of observability of traveletthga networks with varying



types and amounts of instrumentation is the focubisfdoctoral research because there is a

need to improve data collection strategies for increasedork observability.

1.1 Framing the Question

To concretely see how network instrumentation carcaéfe agency’s ability to collect path
flow data, a small example is presented in Figure 1.& gngle origin-destination (OD)

pair. The network has eight arcs (all one-way) angatls must cross one of the three
bridges. There are three possible paths with some linkapveConsider three
instrumentation options: (1) automatic vehicle loca{i@wsL), (2) automatic vehicle
identification (AVI), and (3) loop detectors. The opsare arranged according to the
amount of information they collect as well as the righbof the sensor (more to less for both

metrics).

Network Paths

Origin
. Destination
Bridge
Crossings

Direction of Travel .

Figure 1.1 Simple Network with One OD Pair



The first sensor type considered is AVL; it is a prblased technology that can transmit
and/or record the details of a trip from door-to-door. réfuge, an AVL-based system
enables us to see thatire pathof a vehicle in both time and space. Hence, theame iseed
for other sensor types. For the network in Figure lelding path flow counts (or other
measures like travel time) from such a system woaladstate to each vehicle traveling

between the OD pair being AVL-equipped.



If some trip details and mobility are
X1+ x2+ x3=1
P Dx1 =vl
sacrificed, then the second Dx2  —v2
instrumentation option is 3 equations and 3 unknowns
(x1, x2, x3) since D is known.
Therefore, the formulation is

encountered, that of AVI. Generally (8) AV tag readers + both necessary and sufficient.

Origins info = all path flows

speaking, AVI systems require two captured
pieces, the transponder (or tag) JLrxerxssl
Dx2 =v2
mounted on a vehicle and the tag Dx3 =v3
4 equations and 4 unknowns
reader (the instrument providing (x1, x2, x3, D). Therefore, the
formulation is both necessary

(b) AVItag readers or and sufficient for capturing
volumetric counters capturing ~ path flows.
all path flows

along the road network. The latter | X1+ x2+ x3=1
Dx1 =v1

typically fixed, but portable ones are 5 % Sw

becoming available and being teste 4 equations and 4 unknowns
(x1, x2, x3, D). Therefore, tt
formulation is both necessary

as in a current RPI project (Lee and sufficient for capturing
(c) One alternate configuration for path flows.

AVI tag readers or volumetric
2005)- A tag reader captures the counters capturing all path flows and

some subpath travel times

time and identity of each AVI-
x1+ x2+ x3=1
Dx1 =v4
equipped vehicle passing its Dx2  =v2
quipp P g Dx2 + Dx3 =v5
location. Therefore, if two or more 4 equations and 4 unknowns
(x4, x2, x3, D). Therefore, the
formulation is both necessary

readers are on a single path then A e .
giep (d) AVItag readers capturing and sufficient for capturing
all path flows and travel times  path flows.

observability) externally mounted

captures information for that path
segment (osubpatf). And note, Figure 1.2 Different Instrumentations of Network
AVI technology is generally focused

on high-order facilities such as freeways or facsitileat require tolls. Data is gathered at



select locations, missing detailed observations betarédrbeyond collection points. In this
example, if a screen line is used connecting the bridgsioigs while separating the O and
D as in Figure 1.2a, one can measure the path flows amolute the path utilization
coefficients if (n-1) or 2 of the bridges are AVI-equippeith tag readers and one knows the
number of vehicles either starting at the O or endirigeaD. If no OD information is

known, then one would require (n) or 3 tag readers, aneaicth bridge to observe all
vehicles (Figure 1.2b). However, ordgatial pathsand notemporal pathwill be known in
these two cases because there is only one timefpoéch instrumented path. To measure
path travel times on this network, two other caseslaog/n. Figure 1.2c shows a tag reader
network that covers part of the whole network, captunigpith flows and two subpath
travel times. To fully collect botgpatial pathsandtemporal pathslata, a set-up such as in
Figure 1.2d with 4 tag readers would be required. HenceVasystem can operate much
the same as an AVL system, but with more forethoughthandware required in the

planning stages.

Finally, basic loop detectors are the third instrumentidersd. They capture only
volumetric data at select locations, therefore nb pdbrmation is collected unless you
creatively locate the detectors throughout the netwadther impossible with a grid
network. In this case, like the AVI case, your bgdtam is to place loops on the screenline
for spatial pathsand note that you would need two or three detectors degemdlitihe
availability of OD data just like in the AVI case. &honfigurations shown in Figures 1.2c

and 1.2d can also capture path flows for volumetric cosifiigt not travel time data without



making assumptions (such as First In, First Out). Tbe¥ethe difference from AVL and
AVl is that travel times can never be observed Wibkic loops because there is no vehicle

identification tracking.

Based on this small example, it is evident that pathacheristics are difficult to obtain and
depend on careful sensor choices and locating. Theraeffuedamental question that arises
is, what data is required to reconstruct a traveler’'sp&@hce this data is known, then
appropriate sensors can be selected to instrument a ket@wod the problem of where to
place the sensors in the network becomes the ngxt Btecusing on the necessary data, a
traveled path has several components, both spatiabambtal:

» Start location * End location

o Starttime  Endtime

* Vehicle trajectory between the start ande Locations where waiting occurs (say,

end locations vehicle is in queue at a traffic light)

* Waiting times

A summary of sensor attributes and how they relatedonstructing a traveler’s path are
listed in Table 1.1. An in-depth discussion of variousliitraensors is being created for a

separate document.



Table 1.1 Sensor Attributes Related to Path Reconstruction

TRAFFIC DATA COLLECTION METHOD

SENSOR ATTRIBUTES

) . =

o < o [T [TR
Legend: symbols are from o % § § 8 § E
less to more versatile § - £ = + S 5 2 Q9
O e o 2 8 & &2 &8 ¥y © 3 Q S 4

. . © 53 9 © 8 E R 8 &8 = >58 >

zero to full information J(n L < O 0 < > KEF I<E I
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O <> L 4
Short-term Long-term O O O O @ € O & O O ® o
Fixed Partially Fixed Mobile O o @ @ O O B o G o &
Manual Partially Automatic AutomaticO & O O @ @ & € O O ¢ ¢
Stand-alone Integrated> O O O € € O ¢ O O ® o
Path-specific
Trip Origin IR K ECEECERIRVERCERCER IR
Departure Time R SR RGO AR R 2
Actual Path / Vehicle Trajectory = < € O O & O O O O & @
Trip Destination AR SR _ERCERCIER IR RO R 2
Arrival Time HERCER _BRECERCER- IR IR IR
Potential Proxies
Volume GO0 & 6 6 6 0 6 OO
Individual Vehicle Speed OO @00 60 &6 6 ¢ o
Direction of travel (heading) L R 2R JER JER R 2R R RCER R
Vehicle Identification L 2R R R SRR IR T
Vehicle Location — facility ® 60 HO OO ¢ o
Vehicle Location — lane ® ¢ 0O H OO e

Note difference between floating car and AVL: floatirag bere is referring to a controlled field study (often f
collecting space mean speed data on particular facilit@sctual trips by the driving population), not in
widespread use.

Approximately half of the path components mentioned albw&ef concern for origin-
destination table estimation. Therefore, current Qibnasion techniques are a possible
starting point for path reconstruction. For examp#o( and List 2006) suggest a method
to place detectors in a network for OD estimation recognatrgast one detector must be
present on each path between an OD pair for an efeobiunt; this is observed in the Figure
1.1 example. However, this work must be extended to difteate vehicle trajectories

between OD pairs (especially where paths overlap) $g#th counts instead of OD counts



are captured. Hence, more fixed detection equipmeagigred and/or further AVI and

AVL detection is necessary. For instance, vehiclettayy information can be collected:

» Directly from AVL devices.

» Directly from AVI devices and loop detectors fitted witlductive signature recognition
equipment (here referred to as “smart loops”) (RitcAlejulhai and Tabib 2003; Sun,
Arr et al. 2004) but with a loss of detail between tagiees, and from the origin to the
first tag reader and from the last tag reader to thendgisin.

* Indirectly from laser-based detection systems thad yiehicle lengths and video-based
vehicle detection using image processing technology (Olsteghen G. Ritchie 2002).

* Indirectly from fixed sensors such as loop detectorshthed limited capabilities to
collect more than volume, occupancy, and speed infoomatasically, these sensors
cannot correlate a vehicle crossing one with the sashgle crossing another one,
although there has been some success with using velmgth imeasurements on
freeway sections (Coifman 1998) and see (Nichols and ¢e@iF). Therefore,
assumptions must be made as to when and where a partiehiele will cross another

fixed sensor.

Also of note, in the event an OD matrix is used gsasn path flow analysis and sensor
locating, it may be helpful to refer to (Bierlaire 2002)oacreated a quality measure for OD
matrices estimated with link counts. The measure rexjkimewledge of a network’s

topology and the route choice model used to develomtiex. Besides a measure of
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quality, the technique also identifies paths that are ngdsik count data, suggesting insight

into where detectors are required.

1.2 Research Objectives

The research proposed herein is in support of two prineegarch objectives. First and
foremost is the goal of extending the current thecaefrontier of quantifying path flows
and their characteristics. This is planned to be actsimpl by exploring small networks to
start, then creating formulations for increasinglyeyahnetworks. The second objective is
to quantify the tradeoff between direct observation andente with respect to path flows
so that future projects intent on measuring path flomsbeaguided toward the most
beneficial mix of observations and inference based ein évailable means (for example,

current sensors on-hand, available modeling expertiséyuatget constraints).

To sum up, here are the objectives in the form of agigiing questions:

= How can transportation engineers and planners moreatetudetermine the path flows
on a network through instrumentation adjustments?

= How can the tradeoff between direct observation areente be quantified?

= How can route planning be validated?

1.3 Motivation & Research Value

Development of a credible picture of traffic flowsshalways been an issue — often overcome
by using a heavy dose of inference (as will be showreai& 2). When determining flows,

there is often a balancing act between efficiency(amon measure is cost or budget) and
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accuracy; an agency or firm can only instrument so méemetwork. Therefore, it is
critical that the tradeoff between efficiency and ga&itv accuracy be quantified for
personnel to make appropriate decisions. Three examplésiefly presented to highlight

the potential impact of path flow knowledge (or lack th@reo

1. What if planners assume inaccurate traffic flows for a regionis@t
= Funds may be allocated to “improving” routes that will betused — a poor
decision incurred by ineffective use of resources to devblflow estimates
(wasted dollars).
= Insufficient funds may be allocated to routes thak sk a marked, unexpected
increase in traffic resulting in high v/c ratios and pleeels of service.
2. What if traffic engineers estimate traffic flows withited accuracy for timing a
signal network?
= Drivers on roads with higher estimated flows than ddtonas have sufficient
green time but (1) side streets drivers are forced totraugh unused main
street green times and (2) road capacity is ineffigrargéd.
= Drivers on roads with lower estimated flows than ddloas wait in extensive
gueues at traffic signals with insufficient green times.
3. What if dispatchers route their pick-up and delivery vehicles on based on a
logistics specialist’s false traffic flow assumptions?
= Ifroads on the tour have higher flows than anticipat®eh vehicles will arrive
late to one or more destinations, possibly missing the pidkelypéry time

window.
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= If roads on the tour have lower flows than anticigateen vehicles will arrive
early to one or more destinations incurring unproductiae tvhile waiting for
the pick-up/delivery time window.
Based on these examples, there is a need for furttiefipa research. This dissertation is

put forth to fulfill that need.

1.4 Paper Organization

Section 2 is a review of select literature addressingdomponents that shape a picture of
path flows and some current methods utilized for detengitraveled paths followed by a
discussion of the tradeoff between inference and obsiéityavhen quantifying path flows,
and wrapped up with thoughts on gaps in the current literafmetion 3 outlines the
methodology for determining path flows in an instrumemetivork with descriptions of the
applied model, performance measures, and analysis fdeld, Section 4 includes the
experiment design to test the methodology through tidora generation of networks then
assessed for their instrumentation’s ability to deteenthe path flows. Section 5 has results
of the performance measures for the numerical téstmlly, concluding remarks and future
work are presented in Section 6. Also included are apgesdith (a) LINGO

mathematical programs, (b) sample input data, and (q)lsavuatput data.
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2 LITERATURE REVIEW

2.1 Introduction

If all vehicles are instrumented with AVL, then itadrivial problem to discern the path
flows of a network — count up all the vehicles, tally up tgwths they were on. However,
most transport systems are not and will not be in austhte in the near future. Therefore,
discerning path flows in the near term requires usingléte available from other
instrumentation configurations. Depending on the typasifumentation and its network
coverage, varying amounts of observability and inferevitide required to determine the
path flows. One of the goals herein is to quantifytthdeoff between inferring and

observing path flows.

Conceptually, this tradeoff can be plotted as in Figure

s

% C 2.1. If condition A is present, then there is almost

{—) ¢ B complete coverage of the network with sensors that ca

¢ yield path flow information (similar to having a high
.A ‘ percentage of AVL-equipped vehicles in the network);
Observability ] hence, there is a need for almost no inference to

Figure 2.1 Tradeoff between determine the uncovered paths. Being in condition A
Data and Inference therefore means that the quality of path flow

discernment should be quite good provided the sensing

instruments are reliable. The primary disadvantagmodition A is the high cost of such a
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level of instrumentation, whether it is incurred bynaortation agencies and/or by
consumers. Hopefully, the costs will drop over timdexhnology advances enable more
networks to be highly instrumented. In condition B, buageistraints may have hindered a
higher level of sensing so more reliance on inferencegisired. This inference may come
in the form of engineering judgment such as applying coaservof flow equations, it may
also include information derived from driver surveys, findraffic assignment models may
be applied to the available data to fill in the gaps. eHeicondition B, there is a strong call
for quantifying the tradeoff between observability and infeeg likely dependent on the type
of each one, so that the greatest number of path ftawde distinguished. For instance, a
network with 50 percent of links sensed with loop detectag be better served by
inference in the form of an OD survey with routeickajuestions rather than conservation
of flow equations since the survey data asks about what pdthveler follows through the
network; condition B in the survey case is expectededlnl ya more accurate picture of the
path flows than the conservation of flow case. Bmabndition C is the worst possible one
with little or no data observed on which to base amedé of path flows. In this case, the
analyst relies heavily on inferring the correct pabhve — quite a challenging task with weak
substantiation. In summary, quantifying the relationshig/éen observability and inference

to create the best estimate of path flows is a ketygsahis proposed work.

To drive home this tradeoff concept and highlight the dataatmn issue, consider the

following situation. You are in the world of traffimsulation (using PARAMICS or

VISSIM perhaps) with the ability to tag however many vigsigou desire so that you may
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track their movements through a network. Further suppasete path decisions made in
the simulation would also be made in the real wortd€oognize that this is not the case, but
accept the simulated decisions as truth for now). Themuestion posed becomes, what
output routines must be written so the tagged vehiclebsgacome observable? In other
words, the simulation model knows the path truth &glbwehicles), but how can it be
extracted? Similar to real-world condition A in Figir&, if one writes a routine that tags
100 percent of the vehicles, then all paths are extragthdittle work but at a high expense
because processing times are slowed as the number of tajgelds increases (likewise in
the real world it is costly to tag everyone). Ndivgomeone uses a routine that tags a
percentage less than 100, then some paths are extractest Blit- again, this is similar to

condition B because it is less costly but also lets-deh (see Figure 2.2).

0 = i
88— — B8Bs
v |

100% of trips tagged One outcome of 50% of trips tagged

Figure 2.2 Potential Effect on Path Discernment of Partial XL Coverage
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2.2 Examining Relevant Literature

A literature review was conducted to explore how re$esiscto-date have measured and
estimated traffic flows on paths. Discussed belownaaterials directly related to

qguantifying path flows.

Think of four possible building blocks to crea @
an estimate of network path flows such as in Legend
@ D = Data
. The lowest and most important building FE = Flow Estimation
CB = Choice Behavior
block is that obbserved data Without it, TA = Traffic Assignment
there is no truth. However, as will be .
discussed later, the available data may not
_ Figure 2.3 Path Flow Building Blocks
uncover the whole picture of path flows d g
because of sensor limitations. Therefore, other toels@eded; based on the literature
reviewed, three tools are commonly used in transpomtatigineeringchoice behaviqrflow
estimation andtraffic assignment As shown in Figure 2.3, these tools can be combindd wit

data in a host of ways to yield path flow estimateachBbuilding block will be examined in

turn and supported by two or more examples from the tlitera

2.2.1 Data

@As discussed earlier, path flows can be directly obththrough AVL data that
captures both spatial and temporal trip information for icodar vehicle — see “Probes as

path seekers: a new paradigm” (Demers, List et al. 20D&da for path flows may also be
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collected via video cameras with overlapping views andniiages processed with geometric
analysis. Two examples of this empirical method‘Begh Detection in Video
Surveillance”(Makris and Ellis 2002) antMonitoring pedestrians in dsic] uncontrolled
urban environment by matching low-level featur@gannoorenberghe, Motamed et al.
1996). Both of these papers rely on motion detection ra@se@aplied to tracking pedestrian
movements. Makris and Ellis developed a method basegestlapping and non-
overlapping video images whereas Vannoorenberghe used acgintgdea with a fixed view

in conjunction with a background reference image. Fromstrumentation standpoint,
these methods require a lot of hardware and generas fadata for short network

segments and therefore are not optimal for large roaebries.

However, if instrumentation yielding complete path mfation (such as AVL devices or
video imaging) are unavailable, then data must be obt&iosdother, less ideal sensors or
methods and the paths induced. For example, automafic temiorders (ATRS) are
sometimes used instead of turning movement counts (TM@s)tdated data are often used
when acquiring new data exceeds the allotted budgehese tsituations, volumes crossing
particular points are recorded with path informatiorh®rext junction (driveway, ramp,
intersection, or interchange) but not beyond it. Anllcaigh the next junction may also be
instrumented, vehicles could only be accurately trackeleisimplest of networks such as
ones with single lane arcs with first-in, first-oBFO) rules enforced, and no on-street
parking or driveways. In more complex networks, pathstrimstead be induced from the

collected data. Therefore, data are often combinedomighof three other tools to yield

18



better path flow estimates including choice behaviow #stimation, and traffic assignment

— each tool is now discussed in turn.

2.2.2 Choice Behavior

Extending beyond deriving path flows from empirical data lteen accomplished by some
analysts through translating decisions made by individaaéters into route choice
behaviors. So route choice behavior research foclmesiaexclusively on the demand side
of transport. And the methods are often drawn fronfigié of econometrics and the
concepts of random utility theory. Commonly collectewtigh survey instruments (for
example, see (Khattak and DePalma 1997; Asakura, Hato2€t0&), Bekhor, Ben-Akiva et
al. 2002; Lo and Chan 2003; Doblas and Benitez 2005)), a sanpéelers are asked to
share what factors are important to them when choosiagta between an OD pair, or
explicitly asked (such as with travel diaries) whattes they generally travel between
locations such as home, work, school, shopping, amdagen destinations. Based on the
given answers, analysts can develop route choice sdulaccurately depict the sampled
travelers’ choices as well as, hopefully, the brogugrulation’s route choices. Because
these models can create a picture of path flows wsthfield data than methods discussed
earlier and they represent a more timeless measerebdtome powerful tools that are often
used long after they are conducted. It is suggested he¢degbdield data is necessary when
results from a survey instrument are available andstiraey instruments are more timeless
than field data because people’s preferences are macetistat traffic flows from one
moment to the next, and from one year to the neat.ekample, if a person prefers to drive

on freeways rather than arterials, then even ihdtevork topology changes (say a new
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freeway is built), then it is known with high certgirand without field data that this person
will likely switch to driving the new freeway instead oferals connecting relevant OD
pairs. Likewise, if a person desires driving the quickaderto a location and it is known
how he/she determines that route (such as throughwadias television reports) then
researchers can adjust path flow estimates basdtkatriver’s information being available
enroute or only pre-trip. To sum up, choice behavior médon can be a powerful asset for

guantifying path flows.

Two research teams that incorporated choice behawiaraffic flows are

2002). The former discusses a route perception modatli@an road networks. Recognizing

Cascetta et al. (Cascetta, Russo et al. 2002) and BeCassir (Bell and Cassir

that the choice set varies from individual to individarad few people have a choice set
encompassing all possible routes, the authors developedea incorporating perception
that could augment standard route choice models indffee assignment process.
Therefore, when translating OD flows to path flowss prudent to consider the impact of

traveler perception.

The latter work (Bell and Cassir 2002) viewed route chdiceugh the lens of

game theory. While holding onto the assumptions of upafilerium for the
traffic assignment process, uncertainty about rousesds explicitly factored into the choice
formulation — implicitly accounting for travelers havingsérategy toward risk”. So in this

model, travelers are expected to examine all outcomesstprselecting a route; in other
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words, they participate in a “mixed-strategy Nash equilib of an n-player, non-

cooperative game”.

Related to route choice modeling with some travel demaled possible, but also some

supply side rules, is the category of flow estimatiahseussed next.

2.2.3 Flow Estimation

In the context of path flowslow estimationis the application of logical rules to the network
to restrict solutions to reasonable ones (and they ntayedeom demand or supply side
knowledge). For instance in Figure 1.1, to travel betweeiotiigin and destination a
traveler had to cross a bridge; therefore, a logidaleould be every path must include one
bridge link — a supply-side constraint. For a second exaaspie Figure 2.4, one can choose
to restrict the possible paths to reasonable paths and dedis@nable with a circuity index,
the more indirect a path, the more unreasonable, tsmng{a) and (b) might be acceptable
while (c) is unacceptable. Another example would bedoire the conservation of flow
throughout the network, so if 100 vehicles flow into a traipgaent node, then 100 vehicles
should flow out of that node. A final example setudés can be drawn from knowledge of
the land uses in a region — demand-side constraint§oi§iaof factories operate near one
another, all with three 8-hour work shifts (startin@at.m., 4 p.m., and 12 a.m.), then nearby
links would be required to show higher inflows (trips towtdn@l factories) than outflows just

before the start of a shift and vice versa just aft&rith ends.
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@ No trucks
(c) Circuitous paths /\jﬁ/\ @

Figure 2.4 Categorizing Paths based on Their Directness

Hence, the difficulty is defining “reasonable” and recogmgzihat this term will be defined
differently when circumstances change. For instaihéereasonable to assume that
commuters travel the fastest route, but unreasonakbl&stone tourists will do the same — so
trip purpose is a key factor in determining what is reasenadhother set of factors might
be driver age and time of day since the elderly mighthezut well-lit routes at night,
foregoing shorter routes. A third factor is vehicle tipeeause trucks are restricted from
traveling certain links; in Figure 2.4, this might elimindtpaths because one link shows a
truck restriction. As mentioned in the examples abavieurth factor is surrounding land
use which can control such factors as when heavy floasr actories), times for restricted
speeds (schools), and directional flow changes (paettigh occupancy vehicle lanes). So
by evaluating potential factors, analysts can developdbf@mw estimation rules that when

enforced lead to improved path flow estimates or predition
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Focusing on truck travel further, the authors of a 1994 galeel“Estimating

truck travel patterns in urban areagList and Turnquist 1994) applied flow estimation
techniques to estimate truck travel patterns. They brangtgta from multiple data sources,
then determined logical paths by using a geographic informsystem (GIS) and applying
conservation of flow rules. Likewise, again in 2002f kgmmed up with Eisenman
(Eisenman and List 2004) to estimate OD matrices wiimdas methodology. The
researchers collected data from three sources (priotlespunts, and an old OD matrix) and
applied flow logic that included the use of only “reasoeaphths through the network.
Based on research such as in the above two arficsgght into the impact of different data
sources on the relationship between inference and obdégemay be possible with the
data already collected. In other words, pursuit of sachnalysis may quantitatively
indicate how much path observability can be obtainesh fiadata type, enabling the filling in

of Figure 2.5 with some concrete results.

Another flavor of flow estimation, that of creatingnon-assignment model, is
illustrated by a pair of authors who developed an OD miod¢he specific case of

estimating time-varying OD distributions (i.e. as in taéal world, flows between an O and a
D change from one time period to the next, such asy)aq@hang and Tao 1999). Four data
types were input into the model including: link and cordon tumpotentially unreliable
prior OD matrix, and path utility coefficients (PUC -etfiaction of an OD flow on a unique

path).
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Finally, an example of flow estimation applied in cowtion with a traffic

assignment model is in (Bell, Shield et al. 1997). The #stimation
component enables links without observed volumes and tianes to have traffic assigned
to them based on their capacities and using a penalty)detavhen a link’s demand is

greater than its capacity.

2.2.4 Traffic Assignment

Similar to choice behavior, traffic assignment (TAxig2chnique to infer traffic flows when
the data available are unable to yield a clear pictnheir own. Unlike choice behavior
models based on survey data and the logical rules diet op flow estimation, traffic
assignment is based on theories of how traffic thstes itself on a network. The primary
focus of the technique is on the supply side of traffibiwools including capacity
constraints, link impedance functions, and cases susystam optimal and user optimal

equilibrium. Briefly discussed here are some exasfotem the literature.

Dial's Probabilistic Choice Algorithm (Dial 1971). Dialeated a “multipath

assignment model” guided by five functional specificatimngy and overcome
the shortcomings of the all-or-nothing method (instabiféyiure to reflect actual behavior)
through assigning traffic based on the likelihood of a pathg used. Hence, his model was
an attempt to assign traffic to a network using commaoeesassumptions (referred to as
flow estimation rules here) and the use of a two-pMe&ov model. It is important to note
that Dial's algorithm is not an optimization model likee equilibrium models discussed

next.

24



On the cutting-edge of TA research today is providing Téeal-time situations, called
dynamic traffic assignment (DTA). To do so usually neeaither sacrificing the theory
(relaxing assumptions to simplify and speed calculatiand) or supplying the system with
both expensive equipment (such as high-performance coraputérparallel processors) or
dividing up the decisions (such as with a bi-level mathealkprogramming model). Three

examples from the literature that utilize DTA are noentioned.

Chui and Mahmassani creatively updated route guidance aatamaton

approach with both data and traffic assignment tools (GlduMahmassani 2003). The
researchers applied an a priori math program with updatee guidance given to two

classes of drivers.

Focusing on both high performance computing and theoryatadaw another

pair of researchers explored the evolution of netwark$lunder route choice
dynamics over long time periods such as within-day and alaay (Srinivasan and Guo
2004). The DYNASMART dynamic TA model was used to simullageexperiments. User
equilibrium was the theory of choice that was thelaxed; it proved to be a wise decision
since the results showed the network performed significdifterent from equilibrium.
Besides TA, this project also included choice behavidn witalibrated route choice model
as well as flow estimation elements (such as thedapacity constraints and a modified

Greenshields model for speed-density relations).
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An example of a bi-level programming model that includesaféid assignment element,
specifically stochastic user equilibrium (SUE) is (Xantet al. 2004). In the lower level,
the SUE is part of the “traffic-flow simulator” (TSkK)hich is Xu and Lam’s equivalent to
the path flow estimator (PFE) developed by Bell et alepkthe latter team’s initial PFE
was based on UE and then modified to incorporate SUEipleis (Bell, Shield et al. 1997).
So the lower level assigns traffic to the network and tgetitne OD matrix while the upper
level of the program calibrates various parameterseohétwork to create an integrated

model that has feedback between the two problems.

2.3 Summarizing Prior Efforts, Recognizing Gaps in Current

Knowledge

It was found through this literature review that therelles=n a heavy emphasis on two
topics, the area of origin-destination research and hefusaffic assignment models to
provide inference into the question of concern. Two &syéas were uncovered through the
review, both centered on link utilization percentagesfompercentages). First, most arc
percentages are generated, not observed. Second, artageseare often implicitly
incorporated into OD estimation procedures. However, tharelittle research into
verifying link or path utilization coefficients and almast path-based work utilizing probe

data.
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Returning to the idea introduced at the beginning of thisatitee review, the quality and
guantity of path flow data is dependent upon a mix of obsemns and inferences. Often
tempered by budget limitations, an analyst needs to maxtimzmformation gained while
minimizing the potential for erroneous results by chapére best combination of
observation instruments and inference tools such agurd-R.5. And a mix of

observability and inference will probably be required.t dg9n economic theory, making
this selection is similar to reaching for the highesb@a@ossible so that an estimate has the
best estimate that a person or agency can affordmiBikag the more-detailed inference
versus observability tradeoff graphs in Figure 2.5 and FigératZhis time will prove

helpful.
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Figure 2.5 The Tradeoff between Inference and Observabiyi

Observability Axis. If the observability axis is comprised of individual sentypes
organized from least information gain to most informagain as you move from left to
right along the axis and you consider one sensor typéraeathen the quality of your
observations improves over this movement. For exampile loop detectors only
volumetric data is obtained, but if one steps up to loggasrétord vehicle signatures then
that researcher can potentially match some vehictesgh a series of loop detectors

because now there is volumetric and identity data.tiQang to swap out better and better
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sensor types, one moves to the other end of the speetAutomatic Vehicle Identification

(tag readers) and Automatic Vehicle Location (GPS).

Examining the observability axis further (see Figure 2t@9,expected that different sensor
types will yield varying amounts of path flow informatio@onsider two base cases (in
other words, both without the use of inference), loopsuge®d/L probes and assume both
have zero errors. If 100 percent of a general netwonsisumented with loop detectors,
then 100 percent of the link volumes will be known; howe80 percent of the path flows
will not be extractable except in very simple networkere FIFO can be proven to hold and
where paths do not overlap because again only voluna&tticis available with no

identifying information. Therefore, full network coverageedmot necessarily mean full
information. Moreover, since full information witbt be attainable with full network
coverage with some sensor types, then inference wouleloéed at all times to make up
for the information shortfall — hence the anticipatidra steeper slope for the loop detector
curves than the probe curves in Figure 2.6. In contfds20ipercent of the vehicles are
probes (i.e. AVL-equipped), then we have 100 percent gbakte flows barring any GPS
errors and data transmission issues; and little or eoente is necessary so flatter curves are

shown for high levels of probes.
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Figure 2.6 Potential Inference vs. Observability Graphs foDifferent Sensor Types

Inference Axis. Now examine the inference axis, which is ordered frorst lEamost
inference used as one moves from bottom to top alongxlss You can make ZERO
assumptions and stay on the observability axis, theedipyg wholly on empirical analysis
to extract path flow information. Or, you can makerals (marginal) improvement by
introducing logical concepts such as with flow estinratidike requiring conservation of
flow in a network and excluding “circuitous” or “unreasonalpiaths from selection. Itis
anticipated that one can make the largest marginal irepment if path choice behavior data
is introduced (shown as the biggest leap) because witbtletting traffic data we gain
insights into people’s path preferences and prior behaGoanted a good sampling strategy
must be employed, but then it becomes a powerful addialata alone for determining
paths. Finally, a common practice in the world of €@imation is that of applying a traffic

assignment model. Now, traffic assignment models tangtheror weaken path flow

30



estimation since they depend on assumptions that magaynot apply to the network in

guestion. Therefore, these must be handled with utoawst

Combining Observability and Inference. The third case suggested in the graph is when a
combination of each is applied to a given situation, aigdhire that a gap in knowledge
exists. The type of sensor or combination of sensdireffect the amount of path
information available as will the inference tools eoyeld. Although some curves were
suggested in this text, they are not backed up by analytieahpirical data; therefore, the
actual shape of each curve is suspect. Hence, by exagnine tradeoff between
observability and inference for path determination, notearly defined relationships

between different observation instruments and inferéomie can be discovered.

2.4 Anticipated Contributions

This dissertation work is to broaden the transportatiagineering body of knowledge by
guantifying the tradeoff between direct observation aference of path flows on a road
network. The goal is to develop a viable method to deterpatieflows in a network. It is
anticipated that three contributions will be cruciastecessfully undertake this research.
First, measuring the predictability of path utilizatiotesaand the extent to which that
predictability is dependent upon the data available and tHigyopfethat data. Second,
creating a methodology to address the predictability tf f\aw rates which in some ways
inverts the more common process, that of origin-dasbim&stimation. Third, an improved

understanding of the interplay between observationsrégicknces in determining the path
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utilization coefficients. These contributions are en\by a desire to understand whether
particular models are based on observed and/or inferreduddtaow each one influences the
choice of method and path flow rate outcomes. In otloeds, strived for is an articulation

of how much reliance on inference and/or observabdityeicessary when a certain path
utilization estimation method is applied. Following ba heels of this initial research is that
of creating models for path flow observability undesisr incident, and blockage conditions.
A potential further contribution would be to use the dgwetbmath programs to validate

common route planning algorithms.
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3 METHODOLOGY

Exploring the question of how to discern path flows frmme another across a road network
has led this researcher to review literature with imeirig that most authors have estimated
path flows with loop detector data, an old or estimatBdn@atrix, and sometimes other data
sets. For methods, they relied heavily on using tragignment modeling, some choice
behavior analysis, and flow estimation techniques. &atwors exploited the wide array of
technologies available today for instrumenting a netwov&;éxamples that do so are
(Gentili and Mirchandani 2005) and (Zhou and List 2006), but dwyfdrmer focuses on
path flows whereas the latter concentrates on Oibhasbn, adding to a broad area of
established and ongoing research. The flip side to discgpathglows, that of defining
them, was also discovered to be a large area of aesearch, such as for routing purposes.
But little path flow research has addressed the isdu@s celiability in the instrumentation,
(b) reliability of other input data or models, (c) rbliay and confidence level of the path
flows solution, (d) the relationship between what isesteed and what is inferred, and (e)
verifying that defined path flows are those actually occgrinthe network (and discerned),
which are all directly relevant to the practical apation of path flow estimation and to
guiding instrumentation research to meet the needs efbiging world of transportation.
Therefore, this dissertation research addresses thgulesyions of (1) how well can path
flows be determined from an existing instrumented netwaidk,(2) how much inference is

required to estimate all the path flows.
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This dissertation research was guided by the followiethodology to address the problem
of optimizing the information obtained from sensors gi@arexisting system of detectors on

a road network:

1. Develop a mathematical program (MP) to determine fiails.

2. Create or find a road network; preferably with path fitata available for
verification.

3. Solve the math program using a set of randomly genese¢edrios that involve
different levels of stochasticity in the problem inputs.

4. Assess the performance of the math program basedfompence measures and
comparison to the actual path flows (when available).

5. Repeat this process (steps 1 through 4) — tweaking thepnaggfam until it is able to
determine the path flows well.

6. Adapt the math program to more complex and realistiwark conditions, again by
repeating steps (1) through (4) and adjusting the math prdgrentrease its
accuracy and usefulness to the broader community ofroésea and practitioners. It
is recognized that full path enumeration is only sen$tslemall networks. Beyond
this size, methods such @8 &hortest path and column generation that obviate full

path enumeration were explored for the implementingralgo.

An initial mathematical program was created during theedigBon proposal process for the

problem that incorporated three instrumentation optansit was applied to a 3-node toy
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network for exploratory purposes. That model was rdfenad its predecessor is specified in
Section 3.2 and discussed in detail with the implicatafrite model specification discussed
in subsection 3.2.5, plus several important cases medtinrgibsection 3.2.6. And
potential performance measures to evaluate the math pregmesults are described in
Section 3.3. Following the methodology is the experindesign (Section 4), then the
findings of the analysis conducted so far on 10-node m&sx&ection 4.1) and concluding

remarks (Section 6).

3.1 Problem Functional Specification

Functional specification — the blueprint for the desiga sf/stent.

The proposed functional specifications are as follows:

1. The solution method is to include a mathematical prador optimization.

2. The function of the math program is to determine flats from an instrumented
network and/or instrumented vehicles using a network.

3. The model should be independent of time, i.e. stat@ture to focus on one instant.

4. Conservation of flow shall be upheld throughout tstsvork.

5. The model should be applicable regardless of the netepokogy.

6. The model should enumerate only the k shortest paths.

! http://www.techweb.com/encyclopedia/defineterm.jhtmiAtefunctional+specification

Full citation: Technology information abofuinctional specification on both Answers.com and
TechEncyclopedia. Computer Desktop Encyclopé&bayright © 2007 by Computer Language Company Inc..
Published by Computer Language Company Inc.
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And borrowing three specifications from Dial's multipa$signment model (Dial 1971):

7. “The model should give all reasonable paths betweggvea origin and destination a
non-zero probability of use, while all unreasonable psitiesild be given a probability of
zero.”

8. “When there are two or more reasonable paths of unexngihl the shorter should have
the higher probability of use.”

9. “The model's user should have some control ovepdtle diversion probabilities.”

It is desired that a model of the following form be deped:
Min z = javi(predicted - observeg). + Javi(predicted - observeg), + yoopdpredicted -

observed)oops
However, with each sensor bundle yielding one or m@eep of data, this exact form was

modified.
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3.2 The Model

3.2.1 Notation

D, - Vvector of origin-destination flows
Y - flow on arc a

a

X, - percent of OD flow on path p (pattilization coefficient;
Y.aa - Percentof OD flow on arc a (linkilization coefficient)
@,y -incidence matrix of OD pairs to paths

Bugpa - incidence matrix of odp triplets to arcs

Y., Vy» ¥, -weighting factors

m = true value of variable m

M = measured value of variable m

m = prediced value of variable m

3.2.2 Mathematical Program — First Variation (MP1)

i \7a _\73 ’yo a yo X, — % Equation 1
min Zyv 5 +Zyy _dy da{;,zyx "
a a oda oda P
< D Y i Equation 2
S.t. ZﬁodanpDod =V, (] arcs a
odp
X =Y ' Equation 3
p
Equation 4

> g%, =1 0 OD pairs
p

Va X 1 Yoda 1 Doa= O X, Yosa <1 (for true, measured, & predid):

3.2.3 General Description
The proposed math program is comprised of one objectivéidanthree constraint
equations, and upper and lower variable bounds as needgdorihulated as a static model

so the complexities of time-dependent OD travel arey@bincorporated at this stage of
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experimentation. The MP is designed to capture p&hnmation from three types of sensor

bundles:

1. Fixed-location, volume-only detectors such as loops(jsensors).
2. Fixed-location (at least for a particular model ruehicle identification detectors
such as today’'s AVI tag readers.

3. Mobile, vehicle identification, location, speed, anddieg detectors such as the

current AVL-equipped vehicles (probes).

In Figure 3.1 the MP can be examined in context withrtpatiand output information.

Traffic Inputs Traffic Ouputs

Dod’ Va’ Xp’ yoda Va’ Xp’ yoda

Network Topology
Inputs MP
Optimization
aodp’ :BOdpa
Weighting Factors Objective Function
Vr Vo ¥, Ouput

Figure 3.1 Flow of Data in the Problem

The model states that with three key ingredients (lowks plus link utilization coefficients

and OD flows from other data sources) path utilizatioefficients for the entire network can
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be determined. The objective function is a minimizabbthree sums ( Equation 1),
each of which is the absolute value of the differdreteveen an estimated value minus a
choice variable and this difference is then divided byctigace variable to ensure that the
magnitude of the difference is captured and not the sign @he first sum focuses on the
link flows, the second sum is for link utilization coeféints (LUCs), and the third is for the
path utilization coefficients (PUCs). Thereforeg tjuality of the outcome will depend upon
which variables are known (measured) and which are estintiatough other means.
Moreover, any of the three variables, (o4 %) Ccan be the dependent variable. By
minimizing these three variables’ differences the npatigram is designed to create
dependent variables that are closely aligned with theaisured counterparts. In other
words, an assumption is made that the independent (fie’tlapendent (“*”) variables
should not be significantly different, rather on@ised to tweak and fill in the gaps of the
other. This is a common practice in OD estimatiom@si target matrix, see (Sherali,
Sivanandan et al. 1994) for one example) but has drawlatzted to the quality of the

input OD flows, as will be discussed shortly.

The next three equations constrain the minimizatioorgp reasonable values are allowed.
Equation 4 is to ensure that no more and no less than t€npéshown in decimal form in
the equation) of traffic for a given OD pair is distiied onto the paths used by said pair; in
other words, all flows are assigned to a path and themeot PUCs sum to 100 for each OD
pair. The second constraint (Equation 3) ties the patHiak utilization coefficients

together by requiring that for a given OD pair, all the pgitlerossing a particular aacare

39



accounted for (and the sum of the PUCs equals the LuUthdb link). And Equation 2maps
the OD flows to the link flows (conservation of flowuation) by relating the PUCs to the
link flows with the understanding that on a given link, &da given OD pair, the link
utilization coefficient will necessarily equal the pootion of traffic between the O and D on
all paths that cross the link of interest; hence uge of the5.qpaincidence matrix that maps

each path flow (PUC) to the links traversed.

Since this model is for a traffic network, both the rakis topology (incidence matrices
odp and Sodpa ShOwing connectivity) and the traffic volumesmust be greater than or equal
to zero so non-negativity constraints are included iridhaulation. Moreover, two of the
variablesx, andyods are proportions having both lower and upper bounds of zeroram
respectively.

As a whole, some key assumptions are implicit in tistilation. First, fixed sensors can
be located along any arc in the network. Second, meéilsors are associated with the arcs
they traverse, but an explicit count of them is radgible (the number of sensors is a higher
level issue if this were part of a bi-level problemhird, monitored arcs have enough
sensors for all lanes. Finally, the goal of this Igfo organize all the available sensor data
to derive values for path flows (or path utilization fficeents), specifically by seeing how
close predicted values can be driven toward observed valegghis is a data-driven

process that assumes matching the observed values is abjastive. However, it is

2 paths, like links are numbered consecutively for thieeenetwork. Hence,pwith p = 1to P and»= 1 to A.
LUCs are numbered using both the link of interest an@Dgair of interest since both pieces of information
are required to identify them, unlike paths or links.
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recognized that at least two error sources may exigpsemeasurement errors and modeling
errors. The former depends on the device used and theéiaosdf the experiment whereas
the latter can depend on coding errors, data entry eenadsincorrect theories. Therefore,
this process must be explored to validate whether gpscable when errors of different

types and degrees are present.

3.2.4 Objective Function

As mentioned above, the objective function ( Equation 1) is minimizing the differences
of the observed data with the predicted data for linkgldink utilization coefficients, and
path utilization coefficients. So the measure ofroality is to minimize the differences
between the traffic flow-related input and output vagalbibr the maximum information gain

for path flow determinations.

Notice further that the variables are of distinctlifatent magnitudes witit, andDoq4 being
in terms of vehicle flows (integer) wheregsandy,qa are proportions ranging from 0 to 1,
therefore the magnitudes are normalized through the alivisithe predicted minus

observed differences by the observed values.

Next observe that a variant of the L1-norm is usedahut2-norm which is computationally

easier could also be used. The Euclidean distance orrin2-no

n Yo
||”’ﬂ,0:2 = (Zﬂ] ”?|pj =\ nf+-+ M is conducive to partials since it is quadratic, but it is

complicated once the objective function is normaligedensure all components are in the
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zero to one range). And, it is important to look atgheial derivatives of the objective

function to see how the function will shift with aasige in each variable.

n Yo
Note that the Ll-nornH!’f‘“p:l = [Z| mlpj , Will not yield a good partial derivative because
i=1

the absolute value function is not continuous (non-shjoddn the other hand, the L1-norm
will allow one to see that there is an ideal shiftdach variable (namely,

v=V, ¥y=V, and %= "¥). So to enable such discovery, a variation ofLthenorm is included

in the objective function.

Finally, weightings of each summation in the obyectunction are provided for two

reasons. Firstly, each variable may or may nahterporated depending on the available
data so the summations of variables can be easilyptred by a weight of zero to remove
them from the objective function without alteridgetentire model. For example, loop data
(va) is easy to acquire so will often be included velasrlink utilization data is harder to come
by (it may happen through choice behavior surves@}hey,qa SUmmation may often be
multiplied by zero. Secondly, the weights can npooate penalties/ costs that could signify

error or uncertainty in the observed data.

3.2.5 Implications of the Model

The proposed MP design for predicting path flovetidctly characterizes the problem at-

hand. First, the impact of individual sensor typdélsbe considered. Second, the effect of
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origin-destination data is discussed. And third, congsdihat could be added are

mentioned.

3.2.5.1 Sensor Type

AVL Sensors. If complete AVL data are available, then all themfation needed exists for
predicting path flows and the solution is trivial to fimdbtice thatk, shows up in every
equation (see MP2 below) so the math program can be do\esolution withk, known.

Observe that there are few articles that discuss tHe $&visors with regard to path flows
(Schéafer, Thiessenhusen et al. 2002; Nanthawichit, Nakatslji2003; Kuhne, Schafer et
al. 2003-08; Demers, List et al. 2006); rather, most AVIickgiinclude a treatment of travel

time estimation.

p

min Zyx

st. Y BapX,Doa=V, O arcsa

odp

Z,Bodpa =¥ O odatriplets (MP2
Za X, =1 0 OD pairs

odp”™p

Xp ’yoda ’ Dod 2 O Xp 1y0das 1

AVI Sensors. With AVI data, recognize that there is no single ale in the MP that
represents AVI data, rather, it can be included in thaddation in two different manners

depending on the goal — is the researcher trying to imphavedtimation of link utilization
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coefficients or both link utilization coefficients and patilization coefficients? Another
way to look at this is that AVI data provide a second §pbmt-to-point flows (potentially
some OD flows), based on the sub-network covered byathesaders, plus they provide trip
chain information. Therefore, if the researcher'smiacus is on the accuracy of LUCs,
there is no added value that the AVI network also providied trip information, so the
researcher can ignore the path information and only imeusub-network OD flows to
provide a lift to the math program thereby improving the gpafithe LUCs. However, if
the focus is on improving the PUCs, then a second liftbeadone by including the linked
trip information because these chains are now of immeadse. Mathematically, the two
variables impacted have additional information from th& gub-network that can be shown
as follows:

Ijod )~(p
T T T 5‘( D T~ T T T
D ] |: p:| {Xp—subnetwork

od-subnetwork

In the past seven years, AVI research has pickadlitippa handful of OD estimation articles
now published (Asakura, Hato et al. 2000; Dixon Rildtt 2002; Oh, Ritchie et al. 2002;

Antoniou, Ben-Akiva et al. 2004; Dixon and Rile@id5; Zhou and List 2006).

Loop Detectors. Lastly, with only volume sensors (loops), the Imatogram can be reduced

to the following form:
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. VARV
min >y, |2—2
p a
st Y BapX,Dos=V, O arcsa (MP3;
odp
DA%, =1 0 OD pairs
p

Va ’Xp ’yoda’DodZ O Xp’yodaS 1

Here, the second constraint of MP1 drops out since ikero direct effect on the link
volume variables, although intuitively we know they em@nected and once the predicted
values of the path utilization coefficients are sdif@r, then we can use Equation 3 to
calculate the predicted link utilization coefficientsveDthe years, several researchers have
attempted working with link volume data for OD estimati@agcetta 1984, Bell 1991;

Yang, Sasaki et al. 1992; Sherali, Sivanandan et al. 1994, ¥385; Camus, Cantarella et
al. 1997, Cascetta and Russo 1997; Cascetta and Postorino 26@ili; &td Park 2001;
Timms 2001; Hazelton 2003; Lo and Chan 2003; Zhou, Qin et al. 26@8yever, for path
flow estimation this leads to an underspecified problem. oNlytis one constraint dropped
from the formulation, but two summation terms from oltgective function are unnecessary
and drop out leaving the (MP3) formulation. Yet this MRas particularly helpful. For
example, if you have a situation with 10 nodes in a akythen there are 90 OD pairs
excluding the 10toi pairs. Further, the spanning tree is 9 links or 18 one-veayaand the
maximum network density is approximately 44 arcs for ana@eeof 31 arcs. This translates
into 1 objective function equation, 31 equations for trst @ionstraint — one for each arc
flow, and 90 equations for the second constraint — onedoh viable OD pair, for a total of

(1 +31+90=122) 122 equations. And the number of unknovansiy the total number
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of arc flows plus the total number of PUCs which equett€31 + 360 = 391) 391
unknowns. So the problem can be set up with approximatelgdizgtions and 400

unknowns — clearly underspecified.

As is evident based on the above discussion, it is uyhkieh current sensor attribute
bundles that only the link utilization coefficienigf) will be measured and that the only
term in the objective function would be for thg, variables. However, LUCs are
commonly included in OD estimation models along with otlaa (Lam and Huang 1996;
Liu and Fricker 1996; Lo, Zhang et al. 1996; Hjorth 1999; Haz&lti)®; Hjorth 2002; List,

Konieczny et al. 2002; Lo and Chan 2003).

3.2.5.2 Origin-Destination Data

Addressing the issue of OD-flow data quality is crucial beeaof the interaction these flows
have with link and path flows. Hence, tBg, vectof causes flow shifts i, and

proportional changes tq andy.q4a LOOKiIng at the big picture for OD flows, what if the
standard deviation is left alone, but the means for @&xlpair are not measured well — now
what affects the answer? In other words, the meatteiD,, vector are shifted uniformly
high or low as in Figure 3.2. For example, if given obseédink flows and an OD matrix: if
an OD matrix flow decreases, then it forces ledficra generate more volume, therefore

more circuitous paths happen so the same traffic coners links (see Figure 3.3).

% The math program formulation in this dissertation spadij uses a vector instead of a matrix for the oFigi
destination flows to simplify the mathematics.
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Shifted mean, xoafg——— True mean, mu

Figure 3.2 Shifted means of Dod matrix
Source (accessed 2/200mltps://www.covariable.com/continuous.htwith the following settings: mu=0,
sigma=0.4, x=[-3 to +3]

To say it another way, if OD flows are decreased by 1€gmébut measured link volumes

are left alone, then because of how the optimizas@et up, it will shift flows around to the
most painful links (sabotage high value links) unless thective function is normalized (as
done in MP1) to account for the link volumes being ordersagnitude larger than the O to
1 range of the PUCs and LUCs. The predicted link volumi&e matched with those links

with observed volumes by shifting around unobserved link ardfjoats.

Also it should be asked, when might such a shift inflo@s happen all at once? It could
happen that the entire,ppvector is shifted high or low if there was (a) an Dvey that
over- or underestimated the flows, or (b) a calibraéioor occurred with a screen line flow

counter. The latter sensor system is now mentioned.
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A B C D

True Dxe flow = 100 trips with Dag lower than truth =80. So to
A 100 X one path AB and true link equal the true path flow on AB,
flows another path flow is added and link
B Vi = 100 trips flows change to compensate.
C all other links = 0 trips (Vae = 100 trips) and
(Vea =20 or
D X X Veo = Wbc = Vea = 20)
A «— g A____8 A____5
— A :
¢ .
C —> D C"””””””'”'”VD

Figure 3.3 Potential Impact of an Inaccurate OD Matrix on Lirk Flows

Now, a similar situation can occur when screen laresplaced in the network. For instance,
Figure 3.4 illustrates the need for careful selectioscoden lines because if poorly chosen
then a messy (or inaccurate) OD matrix can lead taitings paths whose flows are double-

counted. See (Wu and Chang 1996) for a good treatment cf<ines
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— — — (Good screen lines for path flows: whether
or not Dod is a mess, only mutually
exclusive paths are counted. Sumof yodk
=1 along each line as long as the O (or
D) cannot be revisited. So you can use

L this as a precondition if asked to do so,

then enter model. Helps you attain real

world case. Aids in screening out bad

L data or flagging it for adjustment /

checking before running model.

=saaannnnns  Alternate screen lines: sumof screen
D flows not nec. equalto 1 because
circuitous paths may exist when Dod is a
mess so path flows are not necessarily
mutually exclusive.

Figure 3.4 The Effect of Screen Line Choice on Counting Patflows

Furthermore, for any OD pair there is a countably findenber of screen lines that require
theyodas to sum to 1 (see Figure 3.5 showing isobars of soletorectness). And if the
wrong screen lines are chosen, then the sum o ¢ke for each OD pair would be greater
than 1 so the MP constraints would be affected by tlugeh Specifically, Equation 2
would be upset by,ga Values adding to more than 1 for a given OD pgi jecause this
implies the OD pair uses aador more than 100 percent of the trips that pass betiveaaa
and traverse that link — this is only possible if some Vehicross ara more than once
during the same trip. So, if screen line data are aedkesiput, then a precondition of

running the MP must be that the sunygf's equal 1 is strictly satisfied for each OD pair.
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Now, if we refer back to the inference versus

A Increasingly
8 correct b b|t d th . | f
c solutions observability diagrams, then using screen lines for
L , .
£ traffic counting may be comparable (on the same
Isobars of
solution isobar) as 100 percent loop detection because
correctness
although screen lines would yield less than 100
Data (or observation) percent volume data, there would now be greater than

) ) zero percent OD information so we would have
Figure 3.5 Screen lines and P

Isobars partial volume data (somg’s) and partial OD data

(someD,, information). Now, some logic is

required to determine the paths taken.

Next, recognize thaﬁOd andv, are volumes so we can make a clear argument on Wiy th

would go lower or higher individually or globally (as in thigure 3.3 example). For
instance, poor data collection, sensor type, and wronglyaadd sensors could account for
such volume shifts. Additionally, recognize thgtindy,q. are more difficult to change

globally up or down because they are percentagesdat donditions.

Another concern is how can less emphasis be placdueddD inputs if they are old or

estimated? Two possible actions are: (1) change ti&reint from Zﬁodpaf( oDod = Vato
odp

an inequality, and/or (2) remouéod outright so there is no constraint, but then this

complicates how to calculate path flows from the PU&sause this would completely

50



change the model specification. A good source heéas Aerde, Rakha et al. 2003); the
authors compare synthetic estimation to trip distribugistimation of OD matrices. And for
validating OD data from surveys or synthetic sourcegyusiop detectors, see (Stathopoulos
and Tsekeris 2005); with (Gan, Yang et al. 2005) and (Choot@tzam et al. 2005) offering

insight into the relationship between OD flow error bousls locating traffic counters.

Lastly, examine the relationship betwegg andv, when they,qa values are correct, but the
Va's are noisy. Whengy, is complete and correct awmglis low, then this is a contradiction
because these are strongly related. For examphesré is 100 percent AVL data available
SO they,qa's were observed (via Thruway data) but the DOT is usingd for thevsy’'s and

the data sets have not been reconciled, then one shatidd thev,’s are low or high and the
Yoda'S S€€M close to being exactly correct. This caused upde math program. Theg's

must be adjusted to meet tig.'s and compensate for thgerrors.

3.2.5.3 Constraints Yet To Come

The proposed math program is a starting point for furgsearch and the building block for
more complex programs. Specifically of interest fddiag to the math program are four
items: link capacities, penalty functions, integer 8pand path restrictions. Currently, the
links are uncapacitated, allowing for an infinite amourftaf as might occur with an all-or-
nothing assignment process. This is probably the mosalisire condition and should be
removed first. Penalty functions would add further realis the program by incorporating

the issue of delay and possibly congestion pricing. Alghoflows are currently not required
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to be integer, such a constraint may not be added uatilthe end of the analysis process
because integer programs are oftentimes difficult keesor an optimal solution in a
reasonable amount of time. And finally, path restnidi¢such as hazmat routes) can be

instituted to again add realism.

With the above model implications in mind, it is nowgiel to see the potential cases and

discuss a small selection of them in more detail.

3.2.6 Important Cases & Their Implications

The table and figure below represent the 27 possible casiepéndent variables3
conditions). The first case has the most input dads¢ 1: the 3 variablesy, andv are
measured for the entire network) while the last casenlo input data measured but rather it
is all estimated (Case 27: 3 variables, all estimated other sources). The remaining cases
have some amount of data measured and some estimatef@i(ead) for model input. If the
cases are plotted on a1 x 1 cube as in Figure 3.6, then a simple pattern is dised

based on the amount of data measured which can be equdtedtot of the, y, andv
values for each case; note that the values of 0, 2] ame shown although the % can be
replaced by any fraction between 0 and 1. The resultittgrpancludes 7 slices through the
cube with each slice having more or less measured datageethan its neighbors. Of
special interest are theaxis (Case 27 to Case 20) which represents the loop deteotor
bundle and the diagonal of the cube from Case 27 to Cidike & skewer through the center
of all the slices) which represents the AVL sensordbel with an increasing amount of

network coverage. Therefore, by simply knowing theeqar its position in the cube, an

52



initial idea can be formed of what errors need to besidened (measurement vs. estimation
errors) and how strongly they might affect the solu{for example, more estimation error
may incur more overall error as compared to more measuntegrror). With this initial

background, some select cases are now explored.

Case | x| v | v | Sum Percent
Measured
L)1 1|1 3 100%
2% 1] 1 2.5
31| %1 2.5 84%
41 1] 1% 25
2 i _1 2 Values 100%
S N R 2 Measured
Tl 1] 2 iy
slof1[1] 2 67%
91 1] 0] 1 2
wlp1ry1]0 2
>
)
=
o
LL
50% <
£
Values 100¢
Estimated
0
21| w]w]o 1 33%
22 | Y| 0| Y% 1 Values 100%
231 0] ¥ 1 Measured
24| % | 0] 0 5
25| 0| %] 0 5 17%
26| 0] 0% 5
271 0] 0] 0 0 0%

Figure 3.6 Inference and Observability Combinations for Three/ariables

Case 1: Full AVL Data. Say all three variables were measured: link flows, LU#Dsd,

PUCs throughout the network because all vehicles hadtarb@PS receiver that
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transmitted data regularly with the vehicle’s identityattraffic management center server.
Then the errors incurred in the given math model arelpbased on measurement and not

on estimation or inference. Full AVL data would firde

Full AVL data =* D,, known[ od pairs,
= X, known[ pathsp J P [ od pairs,
= ¥V, knownO aA, and

= V.4 knownl arcsa [ A [ od pairs.

Now, if complete data exists (whether measured or astm), but the given sum of the path
utilization coefficients is 0.8, then a preconditiomsgkl be added to the model to force the

sum to equal 1.0.

Case 11: Partial AVL data. If you are strapped for dollars and reduce the data asabsk
to only look at a small percent of the passenger trips, you enter into the partial data
world. This leads to a rich set of data that sparselgrsathe network. The difficulty here is
that no knowledge is available about missing links and mis3ihgairs so inference would
strongly impact that subset’s predicted values. Angtbent is that the missing,’s can be
anything because they drop out of the objective functiorwédihere is no measured value to

compare to the predicted value).

* In mathematical terms, this symbol means “implies”
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Helpful in this case would be requiring certain fleetdhsag public busses and/or taxicabs to
use AVL equipment so that a minimum level of netwookerage could be regularly attained
with a known chance of path overlap or probe clustesngh( as transit routes overlapping
or taxis all waiting at the local airport). In otheonds, the predictable routes of busses
afford the model with a base, unchanging network of in&tion whereas the taxis yield

broad coverage of a region, although the paths are unfakla.

Case 18 or 24: Full AVI data. Depending on whether the defined network includes only
facilities with tag readers (such as a freeway network) mix of facilities with and without

tag readers Cases 18 and 24 are the resulting cases, vetpeds mentioned in the
previous section, data from AVI-type sensors translatesD,, being known for a subset of

network locations (some of which may be OD pairs, sovag be intermediate points) and

observedk, data coming from the trip chain data when a vehicle passttiple tag readers.

As an aside, it should be noted that data from loogds mdtuctance signatures for all links
are similar to AVI data, except that a higher erroissoaiated with all measurements (such
loop detectors may inaccurately match vehicles idenfities one loop to the next in high
flow situations (since two vehicles of the same makkeraodel probably have quite close

signatures)).
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Cases 20 & 26: Loop data for all or some links.

Loop data for all links=> v, knownO a O A.

When all links have known flows but no other data, tienMP3 model results with thg's
andyoga'S dropping out of the objective function. Traffic cesifor a part of the network is
far from ideal with only a small percent of the possiioformation being collected based on
Figure 3.6 (this example shows 17 percent). And as dsdusghe previous section, there
has been quite a bit of research to create OD matirioe link volume data, but there is
little research into determining path flows without asgg a traffic assignment model; the
following papers assumed a TA: (Bell, Shield et al. 1997; hathXu 1999; Chen,

Chootinan et al. 2004; Nie, Zhang et al. 2005).

3.3 Potential Performance Measures

With the math program described and its potential impéoatdiscussed, it is now useful to
talk about evaluating the MP’s performance. Remembethisamath program is designed
to match predicted values to given values. Thus, the qondstiog asked is how close can

the predicted values be driven toward the observed valSes® is a data-driven process.

To assess the quality of the predicted variables, fpestyf performance measures are seen
as potentially useful.

1. Coefficient of Variation (CV) fova, Yoda andxp

2. Sum of Absolute Errors (SAE)

o of observed to true values fay; yoda andx,
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o of predicted to observed values @ Yoda andx,
3. Prediction accuracy of path utilization coefficients
4. Root Mean Square Errors (RMSE) of path and link utibratoefficients with
respect to each sensor type

5. Data Envelopment Analysis (DEA)

3.3.1 Coefficient of Variation (CV)

The coefficient of variation is an input parameterboth the origin-destination data and the
traffic data that can be ranged so the sensitivity @htbdel to a sensor type or the OD data

can be assessed.

3.3.2 Sum of Absolute Errors

Two common measures of error are the sum of absoluesdar differences), SAE, and the

sum of squared errors (or differences), SSE; a compasdssted in Table 3.1.

Table 3.1 Comparison of SAE and SSE

Measure Math _ Penalty Least Absolute Differences
Formulation Solution
Sum of Absolute K= % Same for all guesses,... <. o — g
Errors D%:x‘ A — distance min 2. WNEN%= Xreqian
., Severe for poor
Sum of Squared Errors D%:X(X‘ %) guesses since miny": Whenk = Xeqn
squared

Both measures can assist the analyst in quantifyinguakty of values estimated through an

optimization process. There are two distinctions ketwthe measures. First, the SSE
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applies a much higher penalty to poorer quality data tt@SAE since the former squares
the errors. Second, the Least Absolute Difference®jlLgblutions (minimum values) of the
two measures are based on differing central tendency gesntihe median for the SAE and
the mean for the SSE. Hence, the SAE is morevimgiof a skewed distribution or one
with outliers for estimated values, whereas the S3&ssrobust (more sensitive to such
deviations). Lastly, the SAE reduces to a linear prograguformulation whose optimality
can be proven. LAD regression, for example, througlBtreodale-Roberts simplex

formulation?®

When calculating SAEs, the first quantities naturatiger examination are the differences
of (a) the observed to predicted values of a variable [@nith¢ true to predicted values of a
variable (when available). For example, considetHerformer the traffic volumes on each
link in the network. Link traffic volumes are probabhetmost used variables in OD
estimation since traffic counts are a common input asg ® validate. The potential metric

is simply:
Va = Va Equation 5

In Figure 3.7, there is a plot of the link flow differen@’, — V, ) versus the sample number

for a single link (arc 1) for a test network. Evidenthis example is that many runs had a

5 Retrieved from Mttp://en.wikipedia.org/wiki/Least absolute deviatibr@ategory Optimization. Retrieved
on 8/22/2007.
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slight underestimation (see all the negative valuef)epredicted value of link traffic flows

but when flows were overestimated the difference®weite large.

Link Flow Differences (vlhat - v1)

1000

800

600

400

200 ]

vkhat-vktilda

1 1 | l | |
0 L L | [ L] I\ T mem T '..'.lll" LIl L | U ) ) | | \I\ L] | L L | |
1 I 11 21 3 11 51 61 71 81 91

-200 }

-400

Sample

Figure 3.7 Flow Differences on Arc 1 for an Example Case

And in Figure 3.8, the link flow differences are plottedeoradar plot for all links. This

format can make it easy to identify outliers and typhetiavior for each link.
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Link Flow Differences (vkhat - vk) — Link1

54,
535%150 2817464
49

Figure 3.8 Flow Differences on All Links for All Simulaton Runs of a Set

For the latter case between the true values and sSex\ad or estimated values, a sample of

the data fit of link utilization coefficients is shownFigure 3.9 and the formula is here:

9oda ~ Yoda Equation 6
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Link Utilization Coefficient Differences
(yodkhat - yodk) for OD pair 2,2

42
645 a3

5
54
S%5%150 a7
49

Link Utilization Coefficient Differences
(yodkhat - yodk) for OD pair 1,3
1

3
54
5352150 48174
49

——Link 1
——Link 2
——Link 3
——Link 4
——Link 5
——Link 6

Figure 3.9 Link Utilization Coefficients for an Example Case

The two examples in Figure 3.9 illustrate the fit betwéhe predicted and true values with
the left radar plot generally having an excellent fitdd.UCs on all links whereas the right

radar plot is noisier but shows an interesting trendiden a pair of links (links 4 and 5).

With the differences themselves explored, the sudiftd#rences can then be examined if the
analyst wants a sense of whether flows were gegeradir- or underestimated as shown in

Equation 7. Or the analyst can directly examine thESSA

>0 path flows are overestimated
Z()‘(p - Xp) =J{=0 estimated & observed flows mal

Equation 7
<0 path flows are underestimated
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3.3.3 Prediction Accuracy of Path Utilization Coefficients

3.3.3.1 Unweighted Prediction Accuracy of PUCs

This measure is suggested so the path utilization caefteccan be more closely scrutinized.
As shown in the equation below, it is a ratio oftnenber of PUCs that are within 20
percent of the true (or observed in most cases) PUiCtiae total number of paths employed.
It indicates a goodness of fit to the target data basdbeosize of the network (number of

possible paths).

# of non-zero PUCs within 20% of true El

Equation 8
# of paths employed

PUCs20%/AllPUCs Nonzero PUCs20%/All Nonzero PUCs

SSSSSS

Figure 3.10 Unweighted PUC Prediction Accuracy — 2 Variations

3.3.3.2 Weighted Prediction Accuracy of PUCs

The last PUC metric (shown below) is related topfeious one, except that the PUCs are

now weighted by the total traffic in the network insteathe network topology.
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Total trips on paths whose utilizatiomwithin 20% of the true utilization ua

. : Equation 9
Total trips passing through the network

Figure 3.11 shows this metric to examine the model's pedncer Note that when the
percentage is high, this means that the majorityaffi¢ris flowing on paths that correctly
approximate the measured PUCs. So the path flows shoathb&lered more reliable than
if the opposite case were true (a low percentage fornteisic means most flow was

modeled on paths that are not well-approximated in terrpatbfutilization coefficients).

SumPathVol / TotVol

0.9

08

0.7 | |
06 |

0.5
0.4
0.3
0.2
0.1 Hnim 1
0 s g
51

1 11 21 31 41
Sample

Percent

61 71 81 91

Figure 3.11 Weighted PUC Prediction Accuracy

3.3.3.3 Path Overlap Issues

Considering the metri% of PUCs within 20% of the true PU@)ere is an issue of how
good or bad the PUCs fit the target data. One cann¢haban effect will be seen (an

increase in the standard deviation) because the OD pattightly shifting and the model
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gets into trouble with the link flows and LUCs becauséhefrtoise. Now, if the metric is

found to be insensitive to these changes, then a pgibaledase has been found — the OD

flows are separate (no path overlaps — mutually exclusiirelagure 3.12 (a) and (b)) and

one can mov®,y anywhere but the correct answers (for LUCs and PU@ishevobtained.

Here, even though one may have inaccurate OD flowaukedhe paths do not share links

the PUCs and LUCs can still be estimated correctlgerAatively, some path overlap

implies link flows and LUCs can change to accommodaalitcrepancies such as for

Figure 3.12 (c).

(a)
Pathological
Case

Each OD flow is on
one and only one path.

[N

d2 @OZ 1 -... di
(b) (©)

Multiple, Mutually Exclusive Multiple, Overlapping Paths
Paths per OD Pair per OD Pair

Each OD flow is spread across Each OD flow is spread
multiple paths. across multiple paths that
share one or more links.

Figure 3.12 Examining the Implications of Path Overlap

The more path overlap that occurs means the path flawbe&come confounded. Think of a

Manhattan metric problem (see Figure 3.13), if you incrdesaumber of avenues, what

happens? More and more paths overlap. Therefore, yaotouextreme difficulties of
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relating link flows to path flows because the numberaths increases significantly while

the number of fixed sensors only increases by the nuniliaks.

............ 3 1 4 1
(o] v (o] | o]
- -' H 2 l 3 1
. 1 1
11 |:1
1 : 1 2 Number of path overlaps 2 2
\ eert ity >‘ b D_forthisnnk ® D 1
——— e - > 1 3 1l |3
1 2 °
3 2 1 6 3 1 1 7 D
o] (o) | 3 4 1
i1 1 2 |2 ° 10 4 1
11 2 3 A . 3 1
2
® D ® D
1 3 1 3 6
2 3 2 43 3
1 3 |6
4 3 2 1 10 6 3 1 ®D
oe OO g o 1 4 10
1} 1 1 1 22 3
124 3 4 17 9 4 1
® D ® D
1 2 3 4 1 3 6 10 OO s 7 It
41 5 3
If n one-way, cross streets and 2 If n one-way, cross streets and 3
avenues, then n possible paths with all avenues, then similar repeating pattern 4 3 44 5 5 4
cross streets used once and the avenueas in 2 avenue case. Notice how the (n- 3 |2 9
links serving (n-i) paths with i being the i) paths move from the avenues to the
number of links away from the origin side streets and increase substantially. 1 2 P 17 ® D
(or destination).

Figure 3.13 Examining Path Implications for a One-way Manhattan Mtric

One team of researchers (Van der Zijpp and Catalano 2688fssed the path overlap issue
in an algorithm they developed for finding the k-shortestiatla network. Their algorithm
enables the incorporation of several types of conssraoluding a “detour constraint” to

ignore paths that are too long as compared to the shpatisand an “overlap constraint” to
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ignore paths that share too many of the same linksseTideas were incorporated into this

research.

3.3.4 Root Mean Square Error

RMSE,_yc. The fourth potential performance measure category iesledamination of root
mean square errors for link utilization coefficienidie RMSE can be examined for each
sensor type to see if there is a quantifiable relatiortsttyween the error, the sensor type, and

the number of sensors employed.

* RMSEyc vs. Number of Loopdt is expected that as the number of loops in a oetw
increases, that the RM&k will decrease to a minimum lower bound. It is also
anticipated that if the detectors are clustered in ardgction of the network that the
same number of loops evenly dispersed would yield a loWERc.

* RMSEyc vs. Percent of Vehicle Fleet Equipped with AVL

* RMSEyc vs. Number of AVI Tag Readergnlike loops where every vehicle in the
system is detectable if it passes a sensor, an AV@sysan only detect vehicles with a
tag transponder. And unlike AVL where the concern is wiiigit percent of vehicles are
appropriately equipped, an AVI system needs to take intouacboth the percent of
vehicles equipped with tags and the number and locatitagakaders throughout the

network. Therefore, in the AVI case it is necegsarexamine a family of curves.

It is suggested that the RMSE's be plotted againstdingber of sensors as in Figure 3.14.
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Case: Volume Only
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2
L Vehicles
(é) ewenly
o0 distributed
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(j) A
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67% Vehicles Equipped
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2 Case: AVL
L
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x
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Bound
% Fleet with AVL in Network

Figure 3.14 RMSEc vs. Quantity of Instrumentation — 3 Cases
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3.3.5 Data Envelopment Analysis

Data envelopment analysis (DEA) is a useful tool witnenrelationships between the input
and output variables are unclear, but what is desiredaffiaiency rating of the applied
process based on benchmarks determined solely by the avddadleTherefore, this is a

potential fifth performance measure.

DEA could assist in the adjusting of the optimizatioogspam because it is able to
distinguish which variables are improving or worsening ffieiency.

» Distances from the efficiency frontier indicate wher there is a technical
inefficiency or a mix inefficiency (distance to a \extof the frontier, radial distance
to the frontier)

» Technical inefficiency — all of the inputs in their cutrenoportions need to be either
increased or decreased by some percentage to improvditieney of the process

* Mix inefficiency — there is too much or too little of onerore of the inputs so the
proportions of the mix need to be changed to improve timesfty of the process

One caveat regarding this process is that it requires tbdre the same number of elements
for each type of input and output which is unlikely to ocour network. For example, it is
unlikely that there will be 10 arc flows observed yielding LCRestimates so that 10 (input

/ ouput) ratios can be calculated.
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3.4 Analytic Tools

The analysis conducted as a part of this dissertatiomperésrmed with the aid of Microsoft
Excel and Hyper LINGO Release 10.0 by LINDO Systems, (bee Appendix A for the
math program written as LINGO code). The two toolsliakeed via VBA code written
especially for this dissertation work (a summary ad in Appendix B and further questions
can be directed to the author). The VBA code readf the data, organizes it into a fashion
readable by LINGO, calls up the LINGO software, thereptzthe LINGO output data and
post-processes it to automatically calculate theousrperformance measures and fill in the
graph templates. Within Excel, the data is placed cariaty of worksheets, organized as

follows:

* True data, if known (or if created for hypothetical netks)

* Raw observed data

» Estimated data

» All data from the previous sheets arranged for readintpéoyBA code

* LINGO model for reading by the VBA code

» Dog Vvector data, as read and processed by LINGO for eacitesiom

* Results sheets for placing the results of the optimizdack into Excel with graph

templates already set up

The LINGO optimization software has a variety olvecs that are possible to enable.

Currently, the analysis has been performed using thenMolipsolvers:
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The General Solver is decided upon by the LINGO softwadethe default has been
left in place for LINGO to decide on the method wheihé a cold or warm start.
The Linear Solvers include the primal simplex, dual simpdé&d barrier method.
Each method is available for use when necessary. ifida lsolvers were invoked.
The Nonlinear Solver can follow one of five stratedi@sash Initial Solution,
Quadratic Recognition, Selective Constraint EvaluatitR Directions, Steepest
Edge). The default strategy is SLP Directions. Téiges is not invoked.

The Global Solver has not currently been invoked becaiube extensive time it
takes to solve 250 simulations per case and its tendercgdo the computer.
However, it is recognized that without the global sob@utions may actually be
local optima instead of global ones so the valuekebbjective function and

dependent variables could be significantly affected.
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4 EXPERIMENT DESIGN

There are several ways in which one can study therdieizion of path flows from sensor
data. Key decisions include: the choice of a physicalowt the measurement or

generation of traffic — how and by what means, the dpwedmt of a method to estimate the
path flows (or a proxy for them), and an analysis ndthlagy. For instance, in terms of
choosing networks, actual transport networks could be uBeely could be found locally or
from around the world. In contrast, virtual traffic netks could be created. In either case,
the networks could be large or small, homogeneous ormgeteeous, freeways only or
freeways and arterials, and so on. In this sectienkeéy aspects of the experimental process

for this research are described and the logic presented.

An overview of the experimental process is illustratefligure 4.1. The figure serves as a
guide to the discussions that follow. In brief, thpenmental process comprises three basic
steps. Step 1 generates the problem scenarios. Tleesgies comprise three pieces: a
network, an OD matrix, and an information revelatiootee Each of these sub-steps is
shown in the figure. Step 2 applies the math prograrstbmate the path flows. Step 3
analyzes the method'’s results. Feedback loops pasmediate results back to earlier steps
so the results can be refined. This is especiallyftnruStep 2. The result is an assessment of

the methodology’s ability to accurately estimate paitvél through a network.

The remaining sections of this chapter fully descrifgedesign.
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RANDOM NETWORK GENERATION

\

Physical
Network

Data from
External Sources

Traffic
Inputs

-

Optimization
& Output

Analysis

Choose a network size
(# of nodes, # of links)

Compute the network’s connectedness
(# of nodes / # of links)

Generate a random network

Generate the true OD matrix

Set two parameters for the OD matrix:
percent network coverage and lewel of
noise

Compute the sensed OD matrix values

Generate the true input variables

Set two parameters for each input
variable (v, y, x): percent network
coverage and level of noise

Set the sensing locations for each input
variable (v, y, x) for all runs of this case

Compute the sensed input values

Apply the optimization routine to
minimize the objective function

Tabulate key output for each input
variable for each run of this case:

(1) coefficient of variation, (2) sum of
absolute error (estimated to observed),
(3) sum of absolute error (estimated to
true), and (4) input/output ratios for data

envelopment analysis

Analyze results and draw conclusions
for this and earlier cases

Figure 4.1 Experiment Design

]

Run this network with new input variable settings

Tweak math program

for best fit

Run this case with the same input variable settings but

revised OD matrix settings

Choose the next more complicated network
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4.1 Random Problem Generation

Step 1 generates a random problem scenario. A physieamkets generated, an OD matrix

is created, and link flows are developed.

4.1.1 Physical Network

Small, simple networks are examined that have a limibedber of nodes and links; without
loss of generality however, nothing in the formulatiorcode is restricting the use of larger
networks. Each of these is described in quantitativestefime graphical measures are listed

in Table 4.1.

Table 4.1 Graph Theoretic Transport Network Descriptors

Descriptor Formula Definition

Measures of Completeness

Circuit Rank m=e—-v+cC Minimum number of edges (m) to remove
from a graph to create a cycle-free graph

Cyclomatic L=m-v+p Maximum number of independent cycles

Number

Alpha Index a = 2u/ (v-1)(v-2)

Beta Index B=elv < 1= trees, simple networks

= 1= network has one cycle

> 1= a complex network with many cycles
Gamma Index v =2e/v(v-1) Similar t@ but normalized for the number of

vertices. Ranges from 0 to 1 with O being for

trees (2/v= 0 as v= «) and 1 being for fully

connected networks.

Other Measures

Circuity Index 2dj / 2 Measure of accessibility =

network distance / Euclidean distance
Chi Index of Measure of a network’s concentration
Concentration (i.e. is all traffic on one road)

Source: Author’s notes from Hani S. Mahmassani’'s Systéicourse at UT-Austin, 10/13/94
Variables: q = distance from i to j via a straight line, ¢ = #cohnected components, € distance from i to |
via the network edges, e = # of edges (links), v = # afoesr (nodes), p = # of subgraphs.
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Each network is defined by four inter-related charactesistic

» Size 1, N: Total number of nodes (intersections and/awag endpoints).

* Size 2, L: Total number of links connecting the various aqtleese may be one-way
arcs or two-way links, but for now these are assumdxt two-way links).

» Beta Indexf: ratio of total links to total nodes (L/N). Generafty< 1 signifies trees
and simple network$ = 1 signifies a network with a single cycle, gha 1 denotes
a multi-cycle, complex network. This ratio will igenfrom a maximum ofN-1)/2 for
a fully-connected network (each node connected by aeslimifl to each other node)
to a minimum ofN-1)/Nfor a sparsely connected network (such as a linedaaor s
graph). Although it is rare that a transportation netwaitkmatch a single graph
type, the beta index is a good indicator of the clogegih, how many cycles exist,
and how the network may look.

 Gamma Indexy: ratio that is a normalized version of the Betdeba v = 2L / N(N-
1). It simply ranges from 0 to 1 with O being for trend & representing fully-
connected networks. Because of the 0 to 1 range, éxtadlent potential as a

parameter for this study.

To generate random physical networks, an extension oh¢tieodology developed by

Malandraki and Daskin (1992) and Melkote and Daskin (2001) isogmegh (Malandraki

® Other graph theory measures and indices were exploregebeinot found to adequately characterize the
network succinctly.
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and Daskin 1992; Melkote and Daskin 2001)he program is based on a pseudocode called

GENRANDZ2 and employs the following process:

1. Generate nodes
= Choose the number of nodes, N
= Generate coordinates (X, y) for each node based orbalplity
distribution
2. Generate links (with a bias towards shorter links)
= Choose the number of links, L
= Generate a spanning tree
= Generate the remaining links
= Calculate the length of each link
3. Set the capacity of the network
= Generate capacities for the nodes

= Generate capacities for the links

4.1.1.1 Philosophy of Generating the Networks

A Visual Basic routine inside Microsoft Excel (see ApperB) was employed to generate

the networks.

" The original GENRAND?2 program was not used because TRasoal is no longer a viable programming
language and to-date this research has been conducted Bgngptle.
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Network Nodes. The number of nodes was fixed at 10 so that the networkd cemain
small and yet have between 9 and 45 links (or 18 to 90 opexws)® Following Melkote
and Daskin (2001), nodes are assigned x and y integer coosdvittign a 100<100 unit
square based on a probability distribution — Uniform(0,100abyding without

replacement to ensure no two nodes share the samertocat

Network Links. The number of links is also randomly selected from a omifdistribution.
Generating how the links would connect the network is agammfrom Daskin’s
GENRANDZ2 work because it is necessary to have all noal@sected to the network by at
least one link, then further links are allowed as longestain criteria are met. Generating a
spanning tree is simple. Note that a minimum spanning tres iequired as part of this
study; the decision to not require such a tree was bas@] keeping the code as elegant as
possible, and (b) recognizing that few roads outside ohughds are straight and therefore
of minimum distance. This step required creativity. tFasspanning tree is created through

the following steps:

& Two questions that might arise based on the procasssasbed so far are addressed below.

Why not look at all combinations of the number ofle® and arcs? Surface network sizes are randomly
sampled (with the number of nodes fixed at 10 and the auofllinks between a spanning tree to a maximum
of 3 times the number of nodes, without loss of gengydbtsee if patterns could be discovered at this level of
detail. Nuances may be found by exploring more (nodes) eombinations in future research.

Why not look at a (nodes, arcs, topology) triplet iadtef just a (nodes, arcs) pair? Because the geooretry
topology of the network is not the focus here, rathemtetwork size is the focus. And how that size tffée
quality of the PUCs for a given mix of sensors at ai@ddr penetration rate (percent of network coverage).

Therefore, whether the network looks [{Re7) m or (6,7) 7& is expected to be of less impact on the
question of instrumentation affecting determinatiopath flows.
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» Step 1. Select a node at random. Select another noteate the first link.
e Step 2. Search through the nodes to find one that hagdneehed before. Find
another node that has not been touched and createxhkni.

» Step 3. Stopping criteria: repeat step 2 until no modesare left untouched.

Second, additional links are added until one of two criterraet, (1) the total number of
links has been reached, or (2) no more links can be addealsvitiolating thanaximum
number of links crossing over one anothendition (think tunnel, bridge, or overpass here,

not intersection or interchange).

Network Paths. Network paths are created based on a k-shortest pgoinghan. The
rationale for this rests in (a) the difficulty ofiemerating all paths in large networks (Dial
1971), and (b) a recognition that drivers may not alwags®h the absolute shortest path
(Jeihani 2005) but are unlikely to choose exceedingly longaritous paths for most travel
needs. The decision was made to focus on the k-shpdist between each node pair since
this could be conducted once. Therefore, the five sstoptghs between each OD pair are
generated for each physical network. A multi-path irq@letation of Dijkstra’s routine

finds the k-shortest paths that do not exceed a cirtimity® In other words for this study, if
the shortest path between O and D is 7 units, and tlee paths are 8, 12, 13, 15, and 23,

then if the circuity limit is set to 2.0 (no moreathtwice the shortest path length), only the

® Therefore, for this study, two flow estimation ruége being imposed that add some inference, (a) maximum
of k paths per OD pair, and (b) circuity limit on pattidence, if we revisit the inference versus obsalityab
graph, then the cases under consideration are slidgigiyeahe observability axis.
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paths of 7, 8, 12, and 13 would be saved since 15 and 23 exgeed 14 even though there

is a fifth path that can be saved.

Cost of Traversing the Network. To be similar to real-world conditions, costs forsaare
assigned a fixed cost and also a variable cost basde: amber of vehicles traversing the

arc as well as the arc’s length. For simplicity tbi#ofving formulae are employed:

cst= c\1+ 4 dvar i, adist Equation 10
dva=max(0,va- i, cap Equation 11

where

cst= total user cost of traversing an arc
cv= user cost

dva= arc volume exceeding reserve capa
adist= length of arc

va= volume on arc

cap= capacity of arc

M = scaling factor,(zlz,uzz 0.0;143: 0.7

4.1.2 Traffic on the Network.

A 10-step process develops the volumes for thearsti® The process ensures that the OD

flows created are consistent with four key inpdtsach networkr{y, Na, Vaa, andyods).

19 An infinite number of OD matrices, paths chosem arc volumes are possible for any given network. The
only stipulation is that the arc volumes need to beisterg with the OD matrix and the path utilizations. An
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1. manually develop initial arc volumesy)

2. calculate the loaded arc costst|)

3. generate the k-shortest paths for each OD pair ésker éext)

4. calculate path coste

5. synthesize the path utilization coefficienty (vith a logit function
6. generate the path-arc incidence map

7. generate the OD-arc incidence map

8. calculate the link utilization coefficientga)

9. generate an OD matri{g) that is a best fit forvga, Yoda dij)

10. accept as being truth &lls, yoda's, ves's, andde;’s (createsliOd vector).

In step 1, volumes are manually allocated to each aaae&twork assuming that volumes
should range from under-saturated to saturated levelss@iuvested conditions can be
explored in future work)! With the arc volumesvé,) from step 1, loaded arc costst)

are calculated in step 2 via a link cost functiost,(= cv, [1 + 0.01¢v, — adist)] with dv, =
max(0,va, — 0.ap,)) that has a base costaf, and incrementally increasing costs based on
arc length &dist,) and for when the volume exceeds a percentage atancapacity (here,

70 percent is assumed) whereupon it is assumed the lesaivide of the arc begins to

degrade. Then in step 3, the k-shortest paths for eaghe®@re generated using the arc

“optimal” way to generate such information is notighsficant interest here. This 11-step process quickly
bootstraps its way to a consistent set of OD flowd) pélizations, link utilizations, and arc volumes.

Y The arc volumes are picked ensunigg< cap, so one would expect that no arc would violate its implici
capacity constraint.
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costs information to derive select paths, avoiding c@stth enumeration. In step 4, path
costs ¢p) are calculated simply as the sum of the arc dostsach path. Path utilization
coefficients &) are next synthesized in step 5 by applying a multinolog function:

Two incidence mappings are then generated in steps 6 arapgttirarc incidence map and
the OD-arc incidence map, respectively. Note that Sefsand 7 obviate the need to run a
traffic assignment optimization to yield link utilizaticoefficients. Instead, with the
information amassed so far, the link utilization cadints {/,q5) can be directly calculated in
step 8. In step 9 an OD synthesis optimization igeugenerate an OD matrio{q) that is a
best fit for the input data. This final OD matrix faoh network is what is called the “true”

OD matrix Do) during the experimerit.

-Ac,

12 pUC logit function appliedx, = with ¢, = user cost to traverse a path anel0.01. A multinomial

logit model consistent with Dial (1971) so that the slasense of Wardrop’s first principle would be achieved
for the path volumes. Implicitly, this asserts thatdbsignment is at equilibrium.

13 Technically, the resulting,’s, Yoda'S, V&:'S, andD,y's are not consistent with the original’s andcst’s. But
this is irrelevant because it is always possible, auithoss of generality, to revise the arc cost fumstisince
they are hypothetical anyhow, so that¥egs producecst’s that, in turn, produck,’s that are consistent with
the multinomial logit function results.
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4.1.2.1 OD Synthesis Formulation

Notation:

n, = total number of arcs n, = total number of nodes
va, = initial volume on ar@ (input) n,,,= total mber of OD-arc incidence

ve, = final volume on ar@a (output) @ = origin de associated with OD-arc

d ; = target demand from tp incidence veatdekn .

de; = final demand from  tg d,= destination node associaii¢ul
OD-arc incidence vector index .

z = objective function value g, = arc associated with OD-arc incider

dedewv= sum of squared errors for OD vector index .

demands y, = arc utilizationetficient associated

vadev= sum of squared errors for arc

with OD-arc incidence vector iexin.
flows

OD Synthesis Model:

minz = dedew vadev Equation 12
dedev= Z;Z; (de- df Equation 13
j=li=
vadev:ZA: (ve— vaf Equation 14
a=1
S.t.
Nopa
ve, = HZ:; yde(q, d) 0 arg whes = a Equation 15
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This model is a variant on (List, Konieczny et al. 2002ylmch the only model inputs are
the link volumes and the model is quadratic instead of wieedinear. The above model
takes three inputs — initial arc flows, LUCs, and a ta@@tmatrixX* — and yields two

outputs — final “true” arc and OD flows. The modelasstrained by the LUCs; the final arc
flow across ar@a must equal the sum of all final OD flows that traveasea. The objective
function driving the model includes two components, both otkwhre sums of squares.
The first component minimizes the squared differentedrn the final and target OD flows.
The second one minimizes the same between theafthinitial arc flows. The sum of
squares strongly penalize larger deviations from the inghisshas the effect thag,

approachesa,.

4.1.3 Instrumentation & Traffic Realizations

TheTraffic on the Networkection was a description of how consistent vehicles are
generated for each network; these are considered thk";ttlie actual flows on a network as
if it were fully observable. From the true data, izsdlons are sought based on what is
observed in a particular case, for example a case2@ipercent of the network’s arcs
instrumented with volume counters and a 2-year old ODixrfabm the local planning
agency is one such realization. Three traffic varmebke sought, link volumes, link

utilization coefficients, and path utilization coeffiots. Three sensor bundles that cover a

% The target OD matrix is simply a matrix with all ODvis equal to zero.
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wide-array of data collection possibilities and technglofferings are considered in this

endeavor to measure such traffic information:

* Arc volume sensors that are at fixed locations
* AVI sensors with fixed tag readers
* AVL sensors which are fully mobile since drivers withA/L system will be

choosing their routes so the AVL sensors will be tedaccording to their decisions.

For each sensor bundle, there are two parametersahand are varied, (1) network
coverage, and (2) information quality. Figure 4.2 has astithtion of instrumentation
choice. The sensing locations for each input variahbe §) are held constant during the
time period being explored, like a snapshot of the systdoreover, the sensing locations

are to be held constant for the 25 realizations oOfeoattern for each physical network.

Sensor Scenarios: Apply to Multiple Networks Create Multiple Sensor Create Multiple Obserned
5 levels of network coverage per sensor type Location Sets Traffic Readings
5 levels of data quality per sensortype Each network is defined by: (applyingthe network coverage) (applying the data quality level)
3 types of sensors « fixed # of nodes (10)
LUCs, y . random # of arcs
, e distinct set of paths
- . single set of OD flows
PUCs, x .
Location Set 1 Sensor Volumes Set 1
Location Set 2 Sensor Volumes Set 2
Link Flows,
° )
? Aﬁ. Network 1 Location Set 3 Sensor Volumes Set 3
:
= A Network 2
% Network 3 Location Set Sensor Volumes Set s

level of data quality

Example sensor soenario‘ . .)

Therefore, 25 x 25 x 25 ¥5,625 possible sensor
scenarios

Network n

Figure 4.2 Possible Sensor Instrumentation Scenarios
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Traffic data can be collected along any arc or link enrtbtwork on a regular basis or
sporadically, based in part on the sensor type. Hangetwork’s coverage may vary from
time period to time period in terms of the number oksesion the network and the
clustering of said sensors. Focusing on a single timede range of network coverage
from zero sensors on the network (0% coverage) to sensevery link (100% coverage)
are tested to determine the impact of percent coveraggar&ng clustering, it seems like a
distance measure such as the average distance betweens saight be reasonable; this

needs to be explored further, but is not addressed iwtrls

In addition to network coverage, a very real issuaesmeasurement error of a sensor. And
this primarily depends on the sensor type used. Therefoamge of quality levels are
associated with each sensor type for the fictionalowk’s traffic inputs. Generation of a

sensor scenario is shown in Figure 4.2

Similar to the traffic input parameters, the OD matealizations are based on applying two

parameters to the true OD flows (percent network covaadeercent quality of data).

4.1.4 Example Realization

As an example, consider a network with 10 nodes and 20 apexws (A through T). The
network has 90 OD pairs and say it has 360 paths (or aagavef 4 paths per OD pair,
numbered 1 through 360). Next, we are told that 60 perceéhe @ircs have volume sensors,
10 percent have AVI sensors, and 20 percent of the patesMé._ probes on them.

Further, with the instruments used, it is known thatgensor quality for the loops, tag
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readers, and AVL devices are 75, 85, and 98 percent, respectivadyan OD matrix is
obtained that is expected to have 90 percent of the netwoered (there has been new
construction since it was collected) and a 30 percent xt® (70 percent quality). Then for
a 20-arc network with these conditions, the followwegtors would be defined as in Table

4.2.

Table 4.2 Example Realization of a Network

Data Variable(percent network Number of One Realization of Locations

Type coverage, percent quality) Locations

Loops ve,(60, 75)V links all A 12 arcs ACDGLKMNO RS T

AVI Yoad10, 85)V links all A 2 arcs G, P

AVL  x,(20, 98)V paths @I P 62 paths 2,3,5,6,8, 10, 11, 12, 34, 37, 52, 56, 57,

61, 69, 82, 83, 88, 93, 107, 111, 113, 115,
122, 126, 129, 130, 134, 154, 166, 170, 171,
192, 195, 202, 208, 210, 227, 232, 236, 241,
274, 278, 289, 295, 299, 301, 302, 303, 308,
312, 317, 320, 324, 325, 331, 333, 338, 343,
347, 357, 359

oD Dod(90, 70)V OD pairsod]D 81 ODpairs o/d|1 2 3 4 5 6 7 8 9
(324 paths) 1 |- X X 0O X X X X X X
2 | X — X X X X X X 0 X

3 |X X —-— 0 X X X X X X

4 o X X - X X O X X X

5 |x x X X - 0 X X X X

6 [ X X X X X - 0 X X X

7 [ X X X X X X - X X X

8 [X X X X X X X - X X

9 [ X X 0 X X X X X-— X

10 [ X X X X 0O X X X X —

Based on the network description and the factor leveéndgor both coverage and quality, a
realization is randomly generated as shown in thelaralumn of the preceding table.

Many other realizations are possible with these sathege
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4.2 Optimization & Output

As discussed in the methodology chapter, a math prolgeanbeen developed for the
optimization step (it is not repeated here for brevitygn instrumented, physical networks
of 10 nodes and varying numbers of links are created alohghettrue traffic levels. Test
cases of sensor realizations and 25 OD pattern realizadre then applied to each physical
network. Then each randomly generated network is ramgjfrthe optimization algorithm
and the results compiled in that network’s spreadsHaptit and output information is then

prepared for analysis.

4.3 Analysis

The main goal of this dissertation is to develop a metbat&termine the path flows and
PUCs in a network based on the sensors availabl¢heSureferred course of action to obtain
the true path flows and PUCs is for all vehicles irravork to have perfect AVL devices
collecting and transmitting such data all the time. Eav, at this time this is an
irresolvable problem because path flows and PUCs caerggdn with current
instrumentation. Applying a mathematical program to tllable known sensor data is
therefore explored for its ability to estimate patwian fictitious networks where true path

flows can be given and the estimates compared to tthe tru

Looking at this another way, one challenge in this proletinat, while the best objective

function would involve comparing the estimated values wighttbe values, providing the

true values in the math programming formulation makegitblelem circular. For certain, in
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such a formulation, the optimal solution would be fouhé also unrealistic since the
likelihood that the true values would be known is very &xcept in an AVL situation with
100 percent penetration and high quality devices. Consequalthiyugh the value of the
objective function is a useful indication of the matbgyam’s ability to find the best answer,
it is not performance measure of primary interest erothly one worthy of exploration. A

combination of methods is therefore used to extracthisig

For instance, notice in Table 4.3 that there are tvema@s of sensitivity research that could
be explored. Shown horizontally, for a given set affic inputs ¢, X, y a variety of OD
estimates varying quality and network coverage could bedéstsee how sensitive the
accuracy of path flow estimates are to different OD isptiiis could be quite useful for
practitioners that acquire OD patterns of unknown quflityn other analysts, giving them
an idea of how much path flows may be affected by OD dawailarly, for a given OD
pattern (shown vertically), a host of traffic input canations can be tested. This sensitivity
analysis would benefit planners and researchers bedamsedre the decision-makers that

can guide a community in the best sensing strategy feomaale path estimates.

Table 4.3 Sample Scenarios

Network 1
OD Set1 OD Set 2 ... OD Setn
Wy Setl] r :
wyx)Set2| o _ =~ _ _— _ ___ ____73
(v,y,X) Set m Fereennd ;
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Further explorations are described fully in the nesptér along with their results.
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5 NUMERICAL TESTS

In preparation for simulation and analysis, networks Viigeel to a size of 10 nodes (100
OD pairs) such as those shown in Figure 5.1 and random nsimlb@ cs were generated for
each network with a maximum number of arc overlapgdbs, overpasses, and tunnels).
Associated with each network was a true OD matrix framnch 25 sensed OD matrices were
created based on a factorial design with two factorsd%erage, % error) each with five
levels so the sensitivity of the estimated PUCs tatlzlable OD flows could be assessed.
The percent of OD flows revealed (coverage) ranged #0mercent to 100 percent
(complete) while the percent error ranged from O per@edn data) to 80 percent. Finally,
the model’'s objective function was further simplifieddssen run time. Instead of
normalizing every difference by dividing by the measuredmpeter, the weighting factors
were adjusted until the terms ranged approximately betwaed Q. Therefore, the resulting

objective function and full math programming formulatidfPd) is:

min Za:vaa =T+ D V| Vosa™ yodJ"’ZVJAXD_ ~XL Equation 16

oda p
st. Y BapX,Doa=V, O arcsa
odp
Zﬁodpaszp = S\loda |:| Oda trlpletS
p
>, =1 O OD pairs
p

Va i X s Yoda 1 Doa = O X, Yoee<1  (for true, measured, & predicte
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And in the (MP4) model, was set to 0.005 to approximately normalize the minitaina
first term to between 0 and 1, apdandy, were set to 1.0 since PUCs and LUCs already

range from O to 1.

Networl 2 Networl 8
100 100
90 A 90 A
80 \ 80
” 70 A , 70
= 60 - 2 60 -
S 50 S 50 A
S 40 A S 40
30 30
20 20 4
10 10
O T T T T T T T T T O T T T T T T T T T
0 10 20 30 40 50 60 70 80 90 10 0 10 20 30 40 50 60 70 80 90 10
0 0
X coordinates X coordinates

Figure 5.1 Sample Networks

5.1 Testing the Model Specification
Since the model specification is uncomrit is necessary to verify that it performs as

expected in known situations prior to relying on it as grcgatory tool. For example, if the

!5 Recall from the literature review, most models eisged with traffic flows are defined to estimate O
and not path flows or PUCs. Here, OD flows are an inqoitan output. Furthermore, such works typically
incorporated OD flows and loop detector data as opposzditoader range of sensors.
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model is given complete and perfectly sensed data (CasesHown in Figure 14 of Chapter
3 and listed in Table 5.1 below) with a complete and pe@€rmatrix, then it is expected
that the estimated parameters are perfect. In othetsyihev, X, andy outputs should

always match their input counterparts yielding an objedtmction value of zero and
correlations between observed and estimated paramétefs d_ikewise, when AVL

sensors are in the field and an OD matrix is availtdslese in the model, it is expected that
perfect estimates are derived for path utilization eoefits (see Section 3.2.5.1). Four base
cases as shown in Table 5.1 were tested; prior todestinexpected outcome was assigned
given the math program’s structure and each sensor beigdlgabilities. Results of the tests
are summarized in Table 5.2 and Figure 5.2; they show agneentle the earlier

expectations.

Table 5.1 Expectations of Some Base Cases

INPUT OUTPUT

Case Expected Actual
1. D100Q100, V100Q100, X100Q100, Y100Q100 Perfect V's, X's, and Y's.
2. D100Q100, X100Q100 Perfect V's, X’s, and Y’s. v
3. D100Q100, Y100Q100 Perfect V's, X’s, and Y’s. v
4. D100Q100, V100Q100 Perfect V's only v

Note: M#Q# = # percent of variable M sensors exist in the networgh edth # percent quality.
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Table 5.2 Summary Statistics of the Base Cases

BEST OD FLOWS OBJECTIVE PEARSON CORRELATIONS

D51 (D100Q100) FUNCTION VALUE (mean +/- 95% C.1.)

Case Max Min AVg p(Xp ' S\(p) p(va’ <\/a) p(yoda7 yoda)

1. VXY100Q100 0.004 0.001 0.003994 +/-0.001 0.97 +/- 0.007 0.997 +/- 0.000
2. X100Q100 0.000 0.000 0.00D994 +/-0.001 0.97 +/- 0.007 0.997 +/- 0.000
3. Y100Q100 0.000 0.000 0.00D987 +/-0.011 0.97 +/- 0.007 0.997 +/- 0.000
4. V100Q100 0.004 0.001 0.002610 +/-0.022 0.97 +/- 0.007 0.54 +/- 0.021

Notes: M#Q# = # percent of variable M sensors exist in the networéh @dth # percent quality.

p(a,b) = the pearson correlation between variableglda-1< p < +1. Each case was run on a small
sample of 10 independent networks.

In case 1, when the OD matrix is perfect and the obddPMJCs are complete and error-free,
notice the objective function is basically zero witile correlations of all parameters are at
or near 1.0 (see Figure 5.2, top right). Hence, thexesteong match between the observed
and estimated parameters output from the model whestatheare complete and without
error. Therefore, the model specification performexgected under this condition. In cases
2 and 3, one type of sensor collected field data — eiteensor bundle that could measure
PUCs or one measuring LUCs. In both cases, it wasatad that the model specification
would still enable finding the corrésolution. In the case of AVL data (PUCs), the ocirre
solution is expected and trivial to obtain since at 100gm¢rcoverage this sensor bundle is
recording the space-time path of every vehicle in tiveork so three parameters (PUCs,

LUCs, and arc volumes) are known (see Figure 5.3(b) wiaslplots of true versus

18 Correctness being defined here as the estimated g@anequaling the true parameter valpes (.0).
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estimated parameters for 3 sample cases). In thet#dd4 data, LUCs are collected and
the correct solution for each parameter is expected aidaect mapping of LUCs to PUCs
is at the core of the model’s second constraint. Kewease 4 is an exception to the above
cases. In case 4 only link volume sensors are impleaeso the model specification does
not adequately associate the link volumes to LUCs and BCs a variety of combinations
could yield a working, albeit incorrect, solution. The nmlagl@einderspecified. Therefore, in
this case the expectation and actual output were congsiteriinly the link volumes

correctly matched whereas approximately half of the LAi@PUCs were correctly
estimated. So overall, the model specification behasexkjgected so it was next used for

exploratory purposes.
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Objective Function Value vs. Parameter Correlations Objective Function Value vs. Parameter Correlations
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Figure 5.2 Objective Function Values versus Correlations foBase Cases
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5.2 Exploring the Results
To guide results analysis, three avenues of inquiry mersued to explore the nature of the

relationship between the physical network and how trarelsa it is sensed and then path
utilization coefficients estimated. Along the firstaue, the impacts of sensor coverage,
quality, and type are examined. Next, the effect obtlalable OD matrix’s quality and
coverage on parameter estimation is explored. Firthllyeffect of physical network

characteristics are determined.

At the start of this discussion, detailed graphs of resutt presented to offer the reader a
flavor of the overall analysis process. Followingestigation of PUC sensor bundles,

results are condensed into summary graphs.

5.2.1 Zero Sensor Case
Before searching for good solutions, the worst case soaaassessed to highlight how

awful parameter estimation with the model can béoeut additional data collection via
sensors or by adding inference. This step yields bounds aottedations for all other
inquiries. Results are listed in Table 5.3 for whemtbeel has complete and perfect OD

flows (D100Q100) and when it has a small bit of poor qualityflo®s (D20Q20).

Table 5.3 Summary Statistics for Zero Sensor Case

NO V,X,Y CASE OBJECTIVE PEARSON CORRELATIONS
(VXY0QO) FUNCTION VALUE (mean +/- 95% C.1.)

Case Max Min Avg p(Xp ’ s\(p ) p(va ' <\/a) p(yoda7 yoda)
D20Q20 0.000 0.000 0.000.195 +/-0.0530.165 +/-0.1180.143 +/- 0.050
D100Q100 0.000 0.000 0.00m564 +/-0.0270.523 +/- 0.0900.485 +/- 0.027

Note: M#Q# = # percent of variable M sensors exist in the networgh edth # percent quality.
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For analysis, the objective function value is ngbad indicator of the model’s ability to find
the correct solution. Instead, it simply means a goluwas found, but many others are
possible since (a) this math program (MP4) is a linear prognd (b) only OD flows were

entered into the model. Reviewing the correlations Tsdxe 5.3 and the top left plot in
Figure 5.6 and Figure 5.14Q(V,, V,) has the widest range no matter the condition of the
OD flows, -0.219 to 0.558 for D20Q20 to an improved (more @ied) 0.223 to 0.776 for

D100Q100. This means that arc volumes are more likelyrtbiaestimated poorly from

only OD flows; solution correctness will vary considgdyadepending on the chosen network

with these results being for the 10 independent, randonoriehwstudied. Botho(X,, X,)
and 2(Yoqar Yosa) have narrower ranges thai(V,, V,) . When the OD flows are bad, so are

the >“<p andy.,. vectors with the highest attained correlation diezitparameter being less

than 0.4 and the averages being 0.195 and 0.143, respectivelgvétowith a clean and
complete OD matrix, the correlations for both imprde a lower bound of approximately
0.4 and an upper bound of approximately 0.6. This suggests that figadity OD flows

can be a good starting point for a practitioner, but poofl®is will require implementing a
sensing system that significantly raises the correlatidn sum, if you are in a zero sensor
situation, then no field data is collected, but a clopidyure is still possible with high quality
OD data known for all or most of the region. With thi®wledge in hand, the use of

sensors in networks is next explored.
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5.2.2 Effect of Sensor Coverage, Quality, and Type
Common sense dictates that more sensors are ettefetwer, high quality sensors are an

improvement over low quality ones, and sensor bundlés#mure the most information
(AVLs) are better than those collecting the leastrimiation (loop detectors). Although
proving that these three beliefs are true is necess@yot sufficient from a quantitative
perspective, nor wholly useful. Rather, discovering voathber (or percentage) of sensors
begins to yield acceptable parameter estimates is améxaifra desired insight. In other
words, do breakpoints (changes in slope) in plots obpednce measures exist beyond
which parameter estimates significantly mirror the pasameters? Finding such
breakpoints enables a researcher to direct practitioménsttument their networks to
achieve a desired level of accuracy. So this inquiry determine the relations between

sensor characteristics and model performance.

5.2.2.1 A Note on Sensor Notation
The next three subsections are focused on sensor cuaditgetwork coverage by sensors for

data capture. Both measures require some clarificatidhe reader understands how they

are used and how results are interpreted.

A macro-scale investigation is conducted with both quality network coverage defined in

terms of percentages for each sensor typie general, the percent network coverage

" Consider the following plausible situation a researar practioner may encounter. Entity A is a bandwidt
and GPS data service provider. Entity B is a munidiphbping to quantify route usage within its boundaries
to guide future infrastructure planning decisions. Entitya& the path flow information that Entity B desires,
but it is proprietary data — so why should B give Aladl data? And if only a sample of A’s data is revetded
B, then how does B know how it was actually sampledssrieis in charge of the sampling process? For

98



indicates how much of the network, as properly instrugebl a given sensor type, is

observable. Thus, for the three specific sensor tgpasiined:

= V20 means 20 percent of the network’s arcs are instrumernitiegeint sensors
collecting volume data.

= X30 indicates 30 percent of the network’s path utilizatoefficients are
revealed (not the percent of vehicles). So therele&aat one probe vehicle on
each of the 30 percent of paths observed generating PUC data

= Y40 suggests 40 percent of the arcs associated with OD dieisstrumented

with AVI tag readers capturing LUC data.

To complete the sensing picture, a quality percentage iedpp account for noise that
typically occurs in a real world system. Similarccadtions are performed for all three

sensor types® Moreover, the percent quality indicates the followiogdach:

example, A might want to be clever and not let B knovenstall the traveled paths are but only give B 30
percent of the traveled paths. So A does not fullyaletee behavior of its customers. Such a situatiorekea

B without full knowledge. Hence, although B hopes theOID00 case has been achieved, this should not be
assumed; B may only have an X30Q100 case. Thereforargsehave been examined where only some paths
are known — B might have good data, just low coveragecervérsa. At the low percent coverage end it is an
interesting intellectual exercise.

18 |n the simulation, the measured volume counts are giteby applying a random normal distribution to
each true volume count that is revealed. For instavtoen V20Q85 is desired the following calculation is
performed for a network: (1) 20 percent of all the aresandomly selected and their associated true volumes
are tagged so they will be revealed (measured). {2a&ah arc, the sensor quality is converted to a décima
(85%—>0.85) and then multiplied by the true volume count (define@mean) to create the standard
deviation. (3) The revealed arc flow is then generated &eandom normal distribution using the mean and
standard deviation as inputs.
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= Q85 for a point sensor means that the point senson iayerage, 85 percent
accurate. So all of the point sensors have a 15 pententate.

= Q90 for an AVI or AVL sensor has two plausible interptietss. First, similar to
point sensors the quality level is an indication ef tmeasurement error associated
with the devices used to collect the data. Second and imeresting, the quality
rate suggests the penetration level of vehicles instriademth the necessary
AVI or AVL technology on the associated network segimelnks associated
with OD flows or paths, respectively. In other word® tjuality value indicates
the clarity of observing the true LUCs or PUCs whicdiiectly related to the

penetration rates; so clarity is poor when penetrattes are low®

5.2.2.2 Path Utilization Coefficient Sensors
Consider the situation of a wide-open rural area wittraific lights but a host of tech-savvy

resident-drivers — this is the world of a small netwiagtrumented by only AVL devices.
To determine path flows in such a network, OD and PU& ala the available inputs for the
model. Now, the percent coverage may vary dependingwmiany residents have their
AVL system on and how many unequipped non-residentsauersing the network. Several

potential levels of PUC coverage ranging from zero to 10€epeare plotted against the
objective function value in Figure 5.4 (top) and the objedtinetion plus2(X,, X;,) in

Figure 5.6. In both figures, (1) sensor quality is held atpgEdBent and (2) OD flows are

held constant at 100 percent for both coverage and qualiytts are also listed in Table 5.5.

19 This method of defining the sensor types in a networkleaahe researcher to treat the problem simply as
math exercise of revealing variables and observiagftfect it has on estimating the true variables.
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Gleaning from the former figure that a solution satisfyilhg@nstraints was found for each
case tested (since all values are defined and essemtadly, it is the latter figure that
provides insight. Focus on the y-axis of the Figure 5.&plehich measures degree of
correlation between the estimated and true paramdtersvaNot until PUC sensor coverage
achieves 60 percent (bottom left plot) do the majorityedtvorks obtain a large positive

shift in correlation values for all three parameters( and y); prior to this percent PUC
coverage,0(X,, X;) and O(Yo4a Yosa) hovered about 0.6 whil@(v,, V,) typically was

between 0.2 and 0.9. So, a high percentage of paths ietihierk must be measured (PUCs
sensed) if PUCs, LUCs, and arc flows are to be estonatth reasonable accuracy (spy

0.8) so about 80 percent of the estimates match tlsiciased true values.

But what about the quality of the sensors? What iaflaesidents could afford a top-notch
AVL device? For this analysis, the percent PUC coveisbeld constant at 100 percent
while the PUC quality is ranged from 100 percent (a zer eate) down to 5 percent (a 95
percent error rate); OD flow coverage and quality iswa@ned at 100 percent. Here, Figure
5.4 (bottom) and Figure 5.7 are the focus; results ardistisd in Table 5.5. Right from the
start, these graphs look different from those for PO@rage. First, from inspection, the
tabular correlation data with PUC quality varied (X100&® much higher than those for
PUC coverage varied (X?Q100). Second, a distinctly éifiteobjective function plot is
revealed by the PUC quality cases; instead of valuesreghtightly on zero as before, they
are found to peak at approximately 45 when PUC quality is 10 geacdrdrop slowly to

zero as the quality improves to 100 percent. As expecd@lJ& quality is decreased, both
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the objective function values and correlations woeseshown in Figure 5.7. Although, the
correlations generally remain above 0.6 even when ti@ diality is at 5 percent. This is in
contrast to the correlations not exceeding 0.6 until 60epeiRUC coverage is obtained as

shown in Figure 5.6.

Recognizing that PUC sensor quality is less importantRhli coverage for estimating, is
one step of insight. Another step is determining whagebteakpoints are and whether they
remain constant as model inputs or network characterstéeechanged. Based on the results
plotted in Figure 5.5, and usipg= 0.8 as a respectable goal, clear breakpoints are vigible.
single PUC coverage breakpoint exists at X20Q100 beyond whecb.8 barrier is exceeded

(at about X40Q100). Whereas two breakpoints are percefaiddJC quality, one at 5
percent (at X100Q%(X,, X,) achieves 0.8) and one at 20 perce®fX,, X,) surpasses 0.8

for most networks). Thus as expected, the picture degvadaseither the quality of PUC
sensors or the percent of PUC sensors in the fieldaseased, with the model being more

sensitive to the latter.

To verify the above assertion that observabilityfigreater import than PUC sensor quality,
statistical tests such as analysis of variance (ARD3AN be conducted. As an example, a
two-way ANOVA is conducted to test whether PUC esteaatre more effected by PUC

sensor quality or network coverage.
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Ten observations of each treatment (coverage, qualhpmation) are examined in this

two-way ANOVA. Each factor has three levels.

Factor Q = PUC sensor quality, 3 levels (20%, 60%, 100%)

Factor C = PUC sensor coverage, 3 levels (20%, 60%, 100%)

Response variable 2(X,, X;)

Hypotheses to test:
Hogc: vj = O for all i, j versus Hagc: at least ong; # 0
Hog: a1 =a; =03 =0 Vversus Hag: at least one; # 0
Hoc: B1=B2=PB3=0 versus Hac: at least on@; # 0
With:
Ho = null hypothesis
Ha = alternative hypothesis
Y;j = interaction parameter
a; = main effects for factor Q (PUC sensor quality)

Bj = main effects for factor C (PUC sensor coverage)
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Table 5.4 Two-way ANOVA Table of o(X,, X,) for the X?Q?, D100Q100 Set of Cases

Source of Variation SS df MS F P-value F crit
Differences between PUC Quality 0.132169 2 0.066085 65.56125 1.17E-17 3.109307
Differences between PUC Coverage  1.123132 2 0.561566 557.1176 4.54E-48 3.109307

Interaction 0.047157 4 0.011789 11.69593 1.52E-07 2.484441
Within 0.081647 81 0.001008
Total 1.384106 89

Notes: SS = Sum of Squares, df = degrees of freedony; M&n Square = SS/df, F = F-distribution statistic,
F crit = critical F-statistic below which the nulyothesis cannot be rejected.

Based on the ANOVA results, all three null hypothesesrejected at the 0.05 level or
smaller levels. In other words, interaction effettisexist and are significant, and both PUC
guality and PUC coverage effect PUC estimates — mong liigtter in both cases. It can
also be concluded that the differences between covéragis are more important than the
differences between quality levels since the mean sqoraR8JC coverage is much greater
than that for PUC sensor quality. This finding reinforitesearlier observation based only
on the graphs in Figure 5.5 and Figure 5.6 that PUC coveragaéimportant than PUC
quality for obtaining correct PUC estimates. Therefiis,evident that level of
observability more strongly effects PUC estimatesmttioes sensor quality. In sum, AVLs
are quite useful for estimating path flows in a netwedkthere is every reason to push this
technology forward recognizing that agencies can gainentipacture of the path flows by
encouraging the sensing of a high percentage of the pathiesgs regard for PUC sensor

quality.
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Change in Correlation (x, xhat) vs. Percent of PUCoverage
(with D100Q100)
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Pearson Correlation

Objective Function Value vs. Parameter Correlations
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Table 5.5 Results Summary with D100Q100

Objective Function Pearson Correlations (mean +/- 95% C.1.)

Case

for all Networks

P(X,, X))

p(va’ <\/a)

,0( yoda ! g/oda)

No VXY (only OD flows)

X1Q100

X5Q100

X10Q100

X20Q100

X60Q100

X100Q100 (Full AVL data)
X100Q60

X100Q20

X100Q10

X100Q5

V20Q100
V60Q100
V100Q100 (Full loop data)
V100Q60
V100Q20

Y20Q100
Y60Q100
Y100Q100 (Full AVI data)
Y100Q60
Y100Q20

V100Q100, X20Q100
V100Q100, X60Q100
V100Q100, X100Q100
V100Q100, X100Q60
V100Q100, X100Q20

V100Q100, Y20Q100
V100Q100, Y60Q100
V100Q100, Y100Q100
V100Q100, Y100Q60
V100Q100, Y100Q20

VXY100Q100

0.000 +/- 0.000

0.000 +/- 0.000
0.000 +/- 0.000
0.000 +/- 0.000
0.000 +/- 0.000
0.000 +/- 0.000
0.000 +/- 0.000
22.015 +/- 1.205
34.786 +/- 2.131
0.000 +/- 2.596
0.000 +/- 1.826

0.000 +/- 0.000
0.000 +/- 0.000
0.002 +/- 0.001
3.412 +/- 0.708
5.334 +/- 0.849

0.000 +/- 0.000
0.000 +/- 0.000
0.000 +/- 0.000

51.653 +/- 7.288
80.72 +/- 10.821

0.002 +/- 0.001
0.003 +/- 0.001
0.003 +/- 0.001
23.174 +/- 1.067
36.582 +/- 1.733

0.002 +/- 0.001
0.003 +/- 0.001
0.003 +/- 0.001
52.464 +/- 6.172
0.002 +/- 0.000

0.003 +/- 0.001

0.564 +/- 0.027

0.567 +/- 0.027
0.583 +/- 0.026
0.606 +/- 0.030
0.657 +/- 0.028
0.867 +/- 0.014
0.994 +/- 0.001
0.912 +/- 0.015
0.836 +/- 0.016
0.000 +/- 0.012
0.000 +/- 0.018

0.581 +/- 0.026
0.605 +/- 0.023
0.610 +/- 0.022
0.599 +/- 0.024
0.595 +/- 0.024

0.734 +/- 0.030
0.957 +/- 0.015
0.987 +/- 0.011
0.938 +/- 0.010
0.889 +/- 0.013

0.691 +/- 0.020
0.889 +/- 0.009
0.994 +/- 0.001
0.919 +/- 0.009
0.855 +/- 0.017

0.785 +/- 0.025
0.965 +/- 0.009
0.987 +/- 0.011
0.950 +/- 0.010
0.779 +/- 0.027

0.994 +/- 0.001

0.523 +/90.0 0.485 +/- 0.027

0.525 +/- 0.090
0.550 +/- 0.087
0.566 +/- 0.077
0.628 +/- 0.098
0.836 +/- 0.052
0.970 +/- 0.007
0.893 +/- 0.023
0.804 +/- 0.064
0.000 +/- 0.056
0.000 +/- 0.069

0.161 +/- 0.095
0.488 +/- 0.075
0.970 +/- 0.007
0.893 +/- 0.028
0.784 +/- 0.053

0.709 +/- 0.091
0.932 +/- 0.026
0.970 +/- 0.007

0.897 +/- 0.018
0.870 +/- 0.024

0.970 +/- 0.007
0.970 +/- 0.007
0.970 +/- 0.007
0.964 +/- 0.005
0.953 +/- 0.01

0.970 +/- 0.007
0.970 +/- 0.007
0.970 +/- 0.007
0.963 +/- 0.007
0.970 +/- 0.007

0.97 +/- 0.007

0.489 +/- 0.026
0.510 +/- 0.025
0.539 +/- 0.033
0.593 +/- 0.030
0.846 +/- 0.019
0.997 +/- 0.000
0.906 +/- 0.018
0.821 +/- 0.026
0.000 +/- 0.020
0.000 +/- 0.027

0.511 +/- 0.028
0.535 +/- 0.021
0.540 +/- 0.021
0.529 +/- 0.023
0.530 +/- 0.025

0.222 +/- 0.058
0.490 +/- 0.056
0.997 +/- 0.000
0.942 +/- 0.005
0.877 +/- 0.016

0.627 +/- 0.020
0.866 +/- 0.014
0.997 +/- 0.000
0.910 +/- 0.008
0.839 +/- 0.020

0.201 +/- 0.050
0.487 +/- 0.079
0.997 +/- 0.000
0.948 +/- 0.010
0.200 +/- 0.052

0.997 +/- 0.000

Notes:

1. The above cases were run for ten 10-node networkd V@ flow realization each for a total of 10 runs
per case. In the model, = 0.005 to approximately normalize the minimizatidirst term to between 0

and 1, and, =y3 = 1.0.

2. M#Q#, = # percent of variable M sensors exist in the networéh @ath # percent quality.
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5.2.2.3 Arc Flow Sensors

Acknowledging that few regions have AVLs and the technplegust becoming available
(Demers, List et al. 2006; Furchgott 2007), the point seres®s are explored next (V?Q?).
For example, think of an urban arterial network withoat of traffic signals — some fully-
actuated and some semi-actuated — thereby requiring poaatidat(loops) to trigger phase
changes. Here, point sensors are predominant and Akélsot, especially if there is a high
density of tall buildings in the vicinity creating an arbcanyon where GPS signals are
unreliable. In such cases, we must infer the PUCs itoast the arc flows. With only arc
flows and OD flows observed, a murky path flow pictureedteps. Because an arc may be
used by multiple paths and paths are associated withegtemh of OD pairs, it is
challenging to distinguish what percent of arc flowsam®ociated with each path. Recall

from Section 3.2.5.1 that this condition simplifie{kP3) which is drastically
underspecified. This challenge is evident in the weak letioe betweenx, andX; which,

unlike the AVL cases, fails to increase beyond 0.669 eVeanwhere are 100 percent of
clean arc flow data observed (see V100Q100 case in Figurarid3eable 5.5). Therefore, it
is clear that predicting PUCs from this model based exellyson available arc and OD
flows is likely to yield inaccurate PUC estimates. Henaoday's current infrastructure of
loop detectors (arc flow or point sensors) is inadegiaateUC estimates and should not be
solely relied upon, but may be useful in combination witH_Ar AVI sensors or with

additional inference.
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5.2.2.4 AVI Sensors

Consider the vast network of North Carolina highways Veitis than 100 weigh-in-motion
(WIM) stations to track truck freight flows (Ramackaan 2007). This is a network
instrumented with AVI sensors since each WIM statexords vehicle identification
information along with the weight of the vehicle andimas other pieces of information
(often including the origin, destination, and commoditylédu Such a system would have
an extremely low percentage of LUC coverage. But nonsider a tolled roadway such as
Interstate 90 in the Northeast U.S. which would haveyh percentage of LUC sensors
because every exit includes AVI sensors reading EZ-PalsBastLane tags. So networks

with a high percentage of LUC sensors do exist.

Nowadays, there are places, such as freeways, whieiransponders (AVI technology) are
more prevalent than point sensors. So, again we canrexdne impact of a particular
technology on our ability to predict PUCs. AVIs offerot pieces of information, both LUCs
and a second OD matrix (for example, in the freeveegceach toll facility is a network
node). Considering the former in the MP in additiomavailable OD flows, cases 8 through
10 offer insight into the power of AVI devices in thigdeavor. Unlike the other sensor
bundles considered, AVI devices are shown to be signtficanpacted by their quality for
estimating PUCs (e.g. case 9 versus 10), but the oppositesifor estimating LUCs and arc
flows with AVI data. Thus, if one solely desires e&tied PUCs, then high-quality tag
readers are necessary (case 8) for reasonable acclaicyt one wants an accurate full

network picture (PUCs, LUCs, arc flows), it is unatédle with only LUC sensors and OD
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flows; this motivates the need for the inclusion ofeotbensor types in the data collection

effort.

5.2.2.5 Comparing Parameter Estimation Across Sensor Types

With technologies in transportation engineering evolvindtBwinetworks with a variety of
sensor bundles will be found. Therefore, it is helpdutompare the performance of

different groups of sensors (exgonly, v only, v andy, v andx, ...). To enable such
comparisons, a series of plots were created (Figurdnfm8gh Figure 5.11 and summarized
in Table 5.5) that show the cases tested on the xaagithe performance measure (objective
function and/or correlations) on the y-axis. Ploitedach graph for each case is a vertical
line showing the minimum, average, and maximum valuaeperformance measure. In
each figure, there are two summary plots per statifigl is the best OD flow case (100%
coverage, 0% error rate or D100Q100); D15 is the worst ODdlse (20% coverage, 80%

error rate or D20Q20).

Concentrating on the top plot in each figure whichés@®1 (shorthand for D100Q100)
scenario, the correlation results are good, and as texpethe curves do not seem to have
sharp breakpoints but rather trends. Generally, morayyaids higher correlations and
vice versa. Based on the correlations, coverage prowssimportant than quality to yield

better estimates of the truth farv, andy.

112



So far, the sensor discussion has been centered abmategf PUC estimates, so this

inquiry begins there. Specifically, with regard to Figui® &stimating the PUCs well is
difficult when only arc flows are observed, as evidemn a maximumo(X,, X,) = 0.669

for perfect OD flows. So arc flows should not bee@lupon for a clear picture of the PUCs
in a network. Better PUC estimates can be obtduyaelying on PUC or LUC
observations. Combining two data types, such as arc doa/$UCs, further improves the

correlation between actual and estimated PUCSs.

What to convey:

* A broad range of DX sensing options are available talygebd estimates afandy,
with less ability to estimatés. V’s are only strong for the X100Q100 and X100Q60
cases.

» Ifrelying on DV sensing options, goxdandy estimates will never be obtained
(highest correlation is 0.669), but goodstimates are possible with high coverage
and medium to high quality arc flow sensors. Noticetitax andy correlations are
basically the same between DV sensing options while tkea large change in thie
correlations; therefore, if onlkyestimates are being searched for, then a lower d¢dvel
arc flow sensor coverage is acceptable.

» DY cases offered the same range of sensing option®&mhgestimates as the DX
cases, but a broader range of good estimates of arc flblaerefore, DY seems to be
the superior sensor type of the three to use alonetifralk parameter estimates are

required.
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» The broadest range of sensing options occurs when DV easeffered, especially
if all parameter estimates are desired. Howevenlif oory is desired, then these
combinations do not offer much gain for the expense inctioredstrument the
network with multiple sensor types.

* The DVY cases yield a definite improvement over the dges, but there is a
decrease in the number of quality estimates seen lspesgially for estimating.

Finally, if estimating arc flows is the goal (see Fgbrll), then LUC sensors are the best to
install throughout a network since all tested casespex¢20Q100 yieldedo(v,, V,) > 0.8
even for the minimum value. If either PUC or arevflsensors are solely used, then
performance is more varied and less likely to yigkV,, V,) > 0.8. Combining a dense

network of arc flow sensors (V100Q100) with either PUCWE sensors maintains highly

correlated arc flow estimates.
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How the Objective Function Varies by Case

00TOO0TAXA

02O00TA ‘00TO00TA
09000TA ‘00TO00TA
00TOO0TA ‘00TO00TA
00TO09A ‘00TOO0TA
00TOOZA ‘00TO00TA

02000TX ‘00TO00TA
09000TX ‘00TO00TA
00TOO00TX ‘00TO00TA
00TO09X ‘00TOO0TA
00TO0ZX ‘00TO00TA

020O00TA
09000TA
00TOO00TA
00TO09A
00TO0ZA

02O00TA
09000TA
00TOO0TA
00TO09A
00TO0ZA

Cases with D51 OD flows

02000TX
09000TX
00TDO00TX
00TO09X
00TO0ZX

(smoyy @O Ajuo) AXA ON

‘

T ‘

1

T ‘

T ‘
‘

1 .+

1 -

1 ‘

T ‘
‘

T —

1 t

T ‘

1 ‘
‘

1 +

1 +

T '

T ‘
‘

T -

T .

1 ‘

1 '
‘

— —4
O O O 0o o © © o
S 8 ¢ ® © ¥ K

anjeA uonaun4 aAnaalgo

o
o

How the Objective Function Varies by Case

00TOO0TAXA

02O00TA ‘00TO00TA
09O00TA ‘00TO00TA
00TOO0TA ‘00TO00TA
00TOO09A ‘00TOO0TA
00TOOZA ‘00TO00TA

02000TX ‘00TO00TA
09000TX ‘00TO00TA
00TOO00TX ‘00TO00TA
00TO09X ‘00TOO0TA
00TO0ZX ‘00TOO0TA

020O00TA
09000TA
00TOO00TA
00TO09A
00TO0ZA

02O00TA
09000TA
00TOO0TA
00TO09A
00TO0ZA

Cases with D15 OD flows

02000TX
09000TX
00TO00TX
00TO09X
00TO0ZX

(smolt do Ajuo) AXA ON

S———
T -
1
I —_—
1 —
1 Lad
1 N
-+
-
T +
I *
1 —+
1 -
[}
1 ]
[}
I 4
1 [}
1 1]
1 +
[}
T +
T 4
I '
1 [}
[}
— 8
o (@] o (@] o o o
o Lo o o o n
o N AN — —
anfeA uonound aAnalgo

o
w0

Figure 5.8 Objective Function Value versus Cases
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How the Pearson Correlation (X, xhat) Varies by Cas
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How the Pearson Correlation (y, yhat) Varies by Cas
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How the Pearson Correlation (v, vhat) Varies by Cas
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5.2.3 Impact of the Origin-Destination Matrix
In the previous sections of this chapter, the OD mataig held constant at 100 percent

coverage and quality so sensor type distinctions couldaa® with respect to parameter
estimation. However, complete and perfect OD matrage only available in carefully
controlled experiments or via simulation. The questiben, naturally arises as to how
much an OD matrix that is incomplete and/or imperégfeicts parameter estimation. To
address this question, two lines of inquiry are madet, pesameter estimation is compared
when the two extremes of possible OD matrices aadadble, complete, perfect data
(D100Q100) and sparse, poor data (D20Q20). It is mentioned in gandrdlen discussed
with respect to the X?Q? cases. Second, the conigtatk design of OD coverage and OD
guality (each factor with five levels) is examined in thatext of when (a) PUC data are

collected (D?Q?, X?Q?), and (b) arc flows are caige¢D?Q?, V100Q100).

5.2.3.1 General Effects of Extreme OD Matrices

Complete, perfect OD matrices are difficult and gosilobtain outside of a simulated
experiment, but are they needed? Or rather, how goad @D matrix is needed when
estimating traffic parameters such &5 V,, and ¥,4,? To explore the first question, cases

were tested with a good and a bad OD matrix acrossnafigevorks. Results for the
D100Q100 scenario are tabulated in Table 5.5 and displaykd tof graphs of Figure 5.8
to Figure 5.11. Likewise, D20Q20 scenario results are list&@lle 5.6 and the bottom

graphs of Figure 5.8 to Figure 5.11. Each performance measw isonsidered in turn.
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Table 5.6 Results Summary with D20Q20

Case

P(X,0 X,)

p(va’ <\/a)

Objective Function Pearson Correlations (mean +/- 95% C.1.)
for all Networks

,0( yoda ! g/oda)

No VXY (only OD flows)

X1Q100
X5Q100

X10Q100
X20Q100
X60Q100

0.000 +/- 0.000

0.000 +/- 0.000
0.000 +/- 0.000
0.000 +/- 0.000
0.000 +/- 0.000
0.000 +/- 0.000

X100Q100 (Full AVL data) 0.000 +/- 0.000

X100Q60
X100Q20
X100Q10
X100Q5

V20Q100
V60Q100

4.207 +/- 0.303
6.798 +/- 0.870
6.898 +/- 0.607
6.967 +/- 0.851

0.031 +/- 0.061
0.239 +/- 0.239

V100Q100 (Full loop data) 0.157 +/- 0.157

V100Q60
V100Q20

Y20Q100
Y60Q100

0.218 +/- 0.145
0.546 +/- 0.299

0.000 +/- 0.000
0.000 +/- 0.000

Y100Q100 (Full AVI data) 0.000 +/- 0.000

Y100Q60
Y100Q20

V100Q100, X20Q100
V100Q100, X60Q100
V100Q100, X100Q100
V100Q100, X100Q60
V100Q100, X100Q20

V100Q100, Y20Q100
V100Q100, Y60Q100
V100Q100, Y100Q100
V100Q100, Y100Q60
V100Q100, Y100Q20

VXY100Q100

34.414 +/- 3.602
50.774 +/- 4.124

14.658 +/- 1.067
43.444 +/- 1.447
72.767 +/- 0.843
65.669 +/- 2.026
63.929 +/- 3.745

30.279 +/- 2.237
95.235 +/- 8.758

31.176 +/- 2.734

0.195 +/- 0.053

0.208 +/- 0.053
0.237 +/- 0.053
0.275 +/- 0.063
0.309 +/- 0.066
0.551 +/- 0.065
0.994 +/- 0.001
0.729 +/- 0.053
0.467 +/- 0.080
0.464 +/- 0.071
0.415 +/- 0.097

0.198 +/- 0.051
0.136 +/- 0.062
0.202 +/- 0.052
0.203 +/- 0.052
0.202 +/- 0.052

0.324 +/- 0.069
0.692 +/- 0.052
0.987 +/- 0.011
0.765 +/- 0.032
0.503 +/- 0.050

0.219 +/- 0.056
0.247 +/- 0.063
0.255 +/- 0.064
0.247 +/- 0.063
0.240 +/- 0.060

0.230 +/- 0.058
0.251 +/- 0.064

156.906 +/- 13.74D.254 +/- 0.064
144.437 +/- 8.492

0.250 +/- 0.064
0.229 +/- 0.062

229.484 +/- 13.7170.255 +/- 0.064

0.165 +/18.1 0.143 +/- 0.050

0.165 +/- 0.118
0.166 +/- 0.119
0.166 +/- 0.125
0.162 +/- 0.124
0.169 +/- 0.125
0.200 +/- 0.127
0.189 +/- 0.129
0.198 +/- 0.121
0.186 +/- 0.122
0.168 +/- 0.114

0.164 +/- 0.091
0.491 +/- 0.070
0.958 +/- 0.015
0.720 +/- 0.059
0.590 +/- 0.070

0.176 +/- 0.132
0.200 +/- 0.127
0.200 +/- 0.127
0.193 +/- 0.127
0.200 +/- 0.140

0.957 +/- 0.015
0.957 +/- 0.015
0.958 +/- 0.014
0.958 +/- 0.015
0.956 +/- 0.015

0.957 +/- 0.015
0.957 +/- 0.015

0.957 +/- 0.015

0.957 +/- 0.015
0.957 +/- 0.015

0.957 +/- 0.015

0.156 +/- 0.051
0.184 +/- 0.042
0.223 +/- 0.055
0.263 +/- 0.068
0.525 +/- 0.076
0.997 +/- 0.000
0.717 +/- 0.064
0.486 +/- 0.084
0.489 +/- 0.078
0.450 +/- 0.101

0.149 +/- 0.042
0.129 +/- 0.054
0.161 +/- 0.039
0.164 +/- 0.039
0.163 +/- 0.039

0.222 +/- 0.058
0.490 +/- 0.056
0.997 +/- 0.000
0.767 +/- 0.044
0.512 +/- 0.068

0.182 +/- 0.043
0.213 +/- 0.052
0.223 +/- 0.052
0.218 +/- 0.051
0.213 +/- 0.046

0.079 +/- 0.039
0.186 +/- 0.047

0.223 +/- 0.052

0.218 +/- 0.053
0.084 +/- 0.041

0.223 +/- 0.052

Notes:

1. The above cases were run for ten 10-node networks wiih flo@ realization each for a total of 10 runs
per case. In the model, = 0.005 to approximately normalize the minimizatidirst term to between O

and 1, andy, =y, = 1.0.

2. M#,Q# = # percent of variable M sensors exist in the networéh &dth # percent quality.
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Objective Function Value. The objective function gives an indication of howcha was

for the model to find a solution meeting the constrai@snerally, with the good OD matrix
the objective function value only deviates from zeroméensor quality is sacrificed so
incorrect, albeit complete, inputs yield poor objectivection values, more so than
incomplete, correct inputs since there is a chancehbatorrect missing values can be
determined in the latter situation. The other obviougmince is for cases supplied with two
or more sensor types. Here, the objective functi@msstoward 100 for the V100Q100,
X?Q? cases, up to 200 for some V100Q100, Y?Q? cases, and abdoeth@0
VXY100Q100 case shown. Hence, the objective function valeasly show for models

with two or more variables that messier and sparsenfaices worsen model results.

Again, the model seems to be having difficulty finding latson that matches most of the
input data. Consider that an objective function valu206fcould mean that 20@)p or Youa

terms in the objective function could be completelyarrelated with the truth. And recall
the earlier discussion about the under-specificatidhegimpler V100Q100 case which also

plays into these results.

PUC Estimates. Attempting to estimate PUCs with a good OD matrpdssible as long as
arc flows are not the sole input (Figure 5.9 top). If BUQJCs, or any combination of two
or more parameters (as shown) are input, then reasolRblil estimates are possible.
However, replacing the D100Q100 OD matrix with the D20Q20 sie(faigure 5.9

bottom), such as the one that might be developedyfADIT data are available for a

network, decreaseg(X,, §<p) severely to below 0.4 for four groups of cases: DV, DVX
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DVY, and DVXY. Furthermore, when a poor OD matrix iegent, then two or more

variables in the model seem to confound the results aattemsO(X,, X,). Reasonable

PUC estimates (X, >A<p) > 0.8) are only possible when almost complete and pdPtdCt

sensor data are collected or when the same is dohgJforsensor data. Hence, OD matrix

coverage and quality strongly effect the ability to asgjureasonable PUC estimates.

Specifically, with regard to Figure 5.9, estimating the BW&lII is difficult when only arc
flows are observed, as evident from a maxim@f,, X,) = 0.669 for near perfect OD

flows and 0.315 for a poor OD matrix.

LUC Estimates. Similar trends to0(X,, X,) cases but with more pronounced trends and

lows are seen in Figure 5.10 f8{Y.q.» Yoaa) - Again, coverage is shown to hurt the
correlation more than the same percentage change lityqu2roader ranges are seen in the
bottom chart with a compromised OD matrix so modeteses deteriorate with poor

quality OD matrices and estimates become more ungertai

Examining the combined sensor cases of DVX and DVY, aglgood for v but poor for x
and y even when X100Q100 or Y100Q100 is used in conjunction with V100Q100.
Moreover, x and y are defined directly by OD incidencériees, so if OD flows are

wrongly assigned, these transfer to wrong x and y assgts and levels.
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Arc Flow Estimates. Expected trends are observed in Figure 5.11. Coverageds mo
crucial than quality for all 3 variables alone as sedharsteeper slopes connecting the 20,
60, and 100 percent coverage and flatter slope of the line @0, 60, and 100 percent
guality. Notice also that arc flows are poorly cormdaivhen only arc flows are collected as
opposed to observing PUCs or LUCs. For cases 17 to 4gurefs.11, there is an excellent
match with slightly higher spreads caused by the poor OfixnaVhen a poor OD matrix is
used, a model with arc flows collected generally yieklsdn estimates of the true arc flows

as compared to models with only PUCs or LUCs collected.

To summarize, the results in Table 5.6 clearly point tatwie input data are and the
relations of the constraints to one another. leotords, correlations are highest for the
sensed parameter in each case. And it is evident tizat @D matrix strongly inhibits good

parameter estimation.

The effects of OD matrix coverage and quality on th@X®@ases are now explored in detalil,

allowing for the expansion of the PUC sensors discusei@ection 5.2.2.1.

5.2.3.2 Specific Effects of Extreme OD Matrices — X?Q? Cases

Objective Function Values. Little difference is s@ethe objective function values between
the D100Q100 and D20Q20 scenarios as PUC coverage is variedydatimtered on zero
(see Figure 5.12). The general curve shape is the sameewBdai00Q100 or D20Q20 is

applied to cases varying PUC quality (see Figure 5.13). A bredkpdooth scenarios
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occurs at X100Q20 whereupon higher levels of quality drivebljective function to zero.
For the D20Q20 cases, as more paths are observed fay, RWminutely harder to
reconcile the PUCs with the sparsely populated, poortgul matrix. Even with the
D20Q20 OD flows matrix, PUC quality is observed to affeetobjective function values.
Perfect data in yields a perfect objective function vatue as PUC quality drops, it quickly
raises the objective function to peak values at approxiynadepercent PUC quality. This
suggests that at least a level of 20 percent (preferablig mgber) quality for PUCs should

be required before relying on the model to yield reasemabIC estimates.

Parameter Estimates. Now compare Figure 5.6 with Figlideahd Figure 5.7 with Figure
5.15 to examine how an OD matrix can affect parametenasts. One general trend visible
is the widening and lowering of the range of correfeibbom the good to bad OD matrix
and PUC coverage. For example, in Figure 5.6 correfatamge from 0.2 to 0.8 while PUC
coverage is less than 20 percent whereas in Figure 5.térifedations range between —0.2
to +0.6 until 60 percent PUC coverage is achieved. Thusjatss of all three parameters
are generally worse with the bad OD matrix. LikewaePUC quality varies Figure 5.7 has
a tight cluster of correlations in each graph (diamet@r4) while Figure 5.15 has more

dispersed clusters (diameter > 0.6). The individualmpatars are examined below.

While the given OD matrix is sparsely populated and of poatity (D20Q20), parameter

correlations begin to shift upward rising above their eadeiling of 0.6 once PUC coverage

is at 60 percent (see trend in Figure 5.14). So reasonalleRLUC estimates are
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possible with a poor and sparse OD matrix if there anegmpaths sensed (see top graph in
Figure 5.15). However, even when there is 100 percent Pu&age with perfect sensors,

good arc flow estimates were not possible with the atiigput data.

Unfortunately, o(V,, V,) is less than 0.6) for all ten networks and the D20Q20 ©®sf(see

the top chart in Figure 5.15). Hence, we find a ceiling batwbserved data can contribute

to this picture; going above this ceiling will likely requae increase in inference.

Further recognize in the Figure 5.15 charts the slow inen@asbjective function value as

the PUC quality is decreased; there is a similar trehworsening seen with the parameter
correlations for x and y. Contrarily?(v,, V,) was rather stable with values between —0.2

and +0.6 regardless of changes in PUC quality. Therefagpensive PUC sensors can be

used without compromising arc flow estimates.

If observed PUCs and OD flows are model inputs (case4.2 to Table 5.5), then the true
PUCs picture is well-estimated (objective function sd@yelation ) = 1.0) when 100
percent of PUCs are observed with O percent erroHigeee 5.3b). Likewise, the estimated
LUCs are found to be well-correlated with the trutlewtéver, unless the OD flow data are
complete and correct, such a model does not estimagedlilews with high accuracy (e.g.
arc flow correlations ranged from -0.340 to +1.0 for Networlad éhe sensed OD flows

were varied according to the experimental design).
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Not until PUC coverage achieves 60 percent (see Figure 5tBg aoajority of networks
obtain a large shift in correlation values for aleparametery(x, y). So notice that this
breakpoint occurs whether the OD matrix is densely aisepapopulated and in perfect or

poor condition.
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Change in Objective Function Value vs. Percent oflBC Coverage
(with D100Q100)
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Figure 5.12 Objective Function Values for D100Q100 versus D20Q20 Caseith
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Change in Objective Function Value vs. Quality of BCs
(with D100Q100)
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Objective Function Value vs. Parameter Correlations
Scenario: D20Q20, No VXY
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Objective Function Value vs. Parameter Correlations
Scenario: D20Q20, X100Q100
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5.2.3.3 Complete Block Design of OD Matrices

Returning to the question posed in the last section, “... dmyd of an OD matrix is needed
when estimating traffic parameters suchf%s V,, and ¥,4,?", a wide array of OD matrices
are tried. While D100Q100 and D20Q20 are the extremes of anragpeal design the full
design has 2 factors (OD coverage, OD quality) and fivddeaeh (20%, 40%, 60%, 80%,

100%). Here, the full experimental design is now visfbtewo conditions, (1) all X?Q?

cases in Figure 5.17 and (2) the V100Q100 case in Figure 5.18.

5.2.3.3.1 Example Results

As expected, the objective function of the model in noases showed improvements as
more OD flows were available and as the quality of threareased. However, when sensor
bundles’ data quality in a model were low, the objechinvection values suffered,

illuminating the necessity to encourage technology advaants. Two examples of
objective function performance are presented in Figuredné&gor case 4 X100Q20 and one

for case 11 V100Q100, X20Q100.
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b. Case 11 V100Q100, X20Q100

Figure 5.16 Examples of Objective Function Behavior as Availabl®D Flows Change

Note for interpreting Dij: (best scenario is D51 rgicscenario is D15)
i = OD flow coverage factor (1 = 20% flows available, 2094} 3 = 60%, 4 = 80%, 5 = 100%)

j = OD flow error factor (1 = 0% error in flows, 2 = 20%5= 40%, 4 = 60%, 5 = 80%)
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5.2.3.3.2 PUC Data Cases (D?Q?, X?Q?)

Visible in the first condition is the downward shiit P(X,, X,) by about 0.2 each time OD

flow coverage is decreased by 20 percent. Overall, tvestor each OD matrix follow the
same shape. From 0 to 20 percent PUC coverage the cenvam rather flat and

unresponsive. From 20 to 100 percent PUC coverage the mepehds strongly to the
increase of PUC sensors agfX,, X,) reaches its maximum value of 1.0 when the
X100Q100 case is tested. Maintaining PUC coverage at 100 pbutehbpping PUC
quality, 2(X,, >A<p) Is observed to plateau between 20 and 5 percent PUC quiity a

quickly decreasing when PUC quality changed from 100 to 60 to 28rgerUnfortunately,
except when the OD matrix is complete (D100Q?), thestadions associated with the

plateau are lower than the desired level of 0.8 fororestsle parameter estimates.
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Figure 5.17 Effect of Quality and Coverage on Correlation (x, xhat)
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5.2.3.3.3 Arc Flow Case (D?Q?, V100Q100)

From the graph (Figure 5.18), it looks like OD coverageah@sfinite positive effect on PUC
estimates — notice the overall upward trend from D11 to. D&wever, it is unclear from
the graph whether OD quality also has an impact on Pt@ass. Therefore, a two-way

ANOVA is run to determine the relationship.

Correlation of x, xhat vs. Scenario
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Figure 5.18 Correlation of x, xhat versus OD Scenario for thg100Q100 Case

Ten observations of each treatment (OD coverage, Oygc@ambination) are tested in this

two-way ANOVA. Each factor has five levels.
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* Factor Q = OD matrix quality, 5 levels (20%, 40%, 60%, 80%, )00%

* Factor C = OD matrix coverage, 5 levels (20%, 40%, 60%, 80%b)

« Response variable (X, X;)

Hypotheses to test:
Hogc: v = 0 for all i, versus Hagc: at least ong; # 0
Hog: 01 =02 =03 =04=05=0 Versus Hag: at least one; # 0

Hoc: B1=PB2=B3=P4=Ps=0 versus Hac: at least on@; # 0

With:
Ho = null hypothesis
Ha = alternative hypothesis
Y;j = interaction parameter

a; = main effects for factor Q (OD matrix quality)

main effects for factor C (network coverage of ti2 i@atrix)

Bi

Table 5.7 Two-way ANOVA Table for the V100Q100, D?Q? Set of Cases

Source of Variation SS df MS F P-value F crit
Differences between OD Coverage 5.073074 4 1.268268  255.262  2.2P-821767
Differences between OD Quality 0.018672 4 0.004668 0.939513 0.441828.1767

Interaction 0.038595 16 0.002412 0.485497 0.9525719688626
Within 1.117912 225  0.004968
Total 6.248253 249

Notes: SS = Sum of Squares, df = degrees of freedony; M&n Square = SS/df, F = F-distribution statistic,
F crit = critical F-statistic below which the nulyothesis cannot be rejected.
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Based on the ANOVA results, only one null hypothesrgjiscted at the 0.05 level or smaller
levels, the other two cannot be rejected. In othedsidor the V100Q100 case, interaction
effects do not exist and are not significant, and OD quadigs not significantly effect PUC
estimates when arc flow data are model inputs. How@&iercoverage does effect PUC
estimates under these conditions. Furthermore, ganrsquare for OD coverage is much
greater than that for OD quality, so it can be conclutlatithe differences between OD

coverage levels are more important than the diffeebetween OD quality levels.

Tukey's Procedure (or the T Method) is now applied becthesao-interaction hypothesis
Hoqgc is not rejected and one of the main effects null hypses, Hg, is rejected. This
method enables the identification of significant differes in factor levels. Unfortunately,
both factors did not show any significant differencelevwels although differences are nearly

significant for OD coverage levels of 60, 80, and 100 perseet Figure 5.19).
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1. For comparing levels of factor Q, obtain Qa1)(3-1)

Q0.05,5,6 = 4.33(from Table A.10 in Devore)
2. Compute w = Q*sqrt(MSE/J)
w = 0.136495

3. Underscore pairs of levels where Diff < w. Tehkvels are not significantly different from one #reo

DQ60 DQ20 DQ40 DQ100 DQ80

Avg 0.373323 0.382223 0.383283 0.392974 0.39/7936

Diff 0.0089 0.0010t¢ 0.009691 0.004961

1. For comparing levels of factor C, obtain Qa,1)(0-1)
Q0.05,5,16 4.33
2. Compute w = Q*sqrt(MSE/I)
w = 0.136495
3. Underscore pairs of levels where Diff < w. Téhkvels are not significantly different from one #reo

DC20 DC40 DC60 DC80 DC100

Avg 0.197377 0.287057 0.361841 0.482552 0.600912

Diff 0.089681 0.07478. 0.120711 0.11836

Figure 5.19 Tukey Procedure on V100Q100, D?Q?

5.2.4 Results Summary
Based on the analyses conducted, the following informaisrbeen generated to

summarize the analyses.

Sensor Quality & Coverage
* More sensors yields better path flow estimation

» Higher quality sensors yield better path flow estimation

» Higher sensor quality instead of higher coverage yiedtiebpath flow estimation
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e Using multiple sensor types yields better path flotinesgtion
» Differences between OD quality levels are more importizan the differences

between OD coverage levels when arc flows are diserved.

OD Matrices
» OD matrices with higher coverage yield better path #stimation

* Higher quality OD matrices yield better path flow estiion

Physical Network Characteristics

* Less-connected networks (g=links/nodes) yield better pathd&iimation

* Networks with fewer paths yield better path flow estioma

» The model behaves as expected.

» If no field data are collected, then a cloudy pictuneassible if the available OD
matrix is good. For the ten 10-node networks testedeledions of all parameters
could achieve values exceeding 0.5 under this condition.

* More sensors are better than fewer — In fact, if Bgsors are used, then a high
percentage of paths must be measured (PUCs sensedhiealparameters are to be
estimated with reasonable accuracy (@&y0.8) so about 80 percent of the estimates
match their associated true values.

* High quality sensors are an improvement over low qualigs — For estimating
PUCs, the quality of PUC sensors is of little consegai@sccompared to covering

the network.
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» Sensor bundles capturing the most information (AVL)ker than those collecting
the least information (loop detectors) — not always.

» The PUC picture degrades when either the quality of Ri#Sas's or the percentage
of them in the field is decreased with the model beingersensitive to the latter. A
PUC coverage breakpoint of 60 percent is found crucisdgtmating all three
parameters. Moreover, this breakpoint occurs whetlee®fh matrix is densely or
sparsely populated and in perfect or poor condition.

» Ifarc flows are collected and a poor OD matrix is al#é, then better estimates of
true arc flows are obtained as compared to models withRIUCs or LUCs

collected.

5.2.5 Early Conclusions
New technologies can have a profound effect on ouryatdlipredict path utilization

coefficients and path flows by reducing our dependence oriderand increasing network
observability. Specifically, observed arc and OD flommut to this model were inadequate at
properly estimating path utilization coefficients for 1@de networks; therefore,
extrapolating to larger networks suggests yet worse Pui@at®n. Models that included
either some PUC or LUC sensor data along with avail@Bldlows proved to be better
estimators of PUCs, so as technologies evolve andepend less on point sensors such as
loops there is hope for increasingly accurate path fletwnation. Combining a mix of

sensor bundles with available OD flows yielded the bestall network picture — but it was
recognized that only two types of sensors were nece§saint sensors and AVI or point

sensors and AVL), not all three to achieve this picture.
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Other statistical results and conclusions based omthéel can be found in the dissertation
that is the basis for this paper. Upcoming in this ongoisgareh are refined models such as
one incorporating the secondary OD matrix associatdtdAV/| tag readers, as well as
consideration of time-dependence. Future research ended\ntarest include network
design work such as the formulation of a bi-level paogning model to determine the best

locations of the optimal number of sensor bundlesughout a given network.
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6 CONCLUSIONS AND FUTURE WORK

6.1 Conclusions

6.1.1 Motivations Revisited

Path flows are a necessary piece of informatiomlémision-makers of all types. Long-range
planners’ decision quality can be enhanced by path flovwgttzntify how the transportation
network is changing over time (say year-to-year); slens include where to guide land
development and what network facilities to change (refamld, maintain/enhance,
restrict/open up). Path flow information on an hourlylaily basis (or smaller time units)
can inform traffic engineers’ decisions on signal sydtiemng (coordination, platooning,
forward and reverse progression), variable lane usgremsits (such as when to reverse
lane directions, open carpool lanes, or alter congeptioas), and especially aid in
prioritizing which facilities should receive attentiorsti Therefore, path flow data can
improve system efficiency through betterment of longd short-term decisions. Logistics
specialists working for truck fleets may benefit fromimshort-term path flow information
to design truckers’ routes. Because of these needstfoflpa data, this dissertation
research was conducted. The author explored the fi€éaetwork observability on path
flow estimates. Ten independent networks that were dm#il and virtual were the testing
grounds on which different combinations of sensors weeglaid stochastically with respect

to sensor type, network coverage, and quality of coverage.
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6.1.2 Contributions to Knowledge

Through this doctoral work, three significant contribusiee knowledge have been made.
First, the predictability of path utilization rates ahd extent to which that predictability is
dependent upon the data available and the quality of tteatv@s quantified. This
relationship was explored both in deterministic and s&tehananners to see how degrees of

uncertainty affect the resulting path utilization rates.

Second, a methodology was created for addressing thetatelity of path flow rates which
in some ways inverts the origin-destination estimatiac@ss. When thinking about the
needs of decision makers with respect to network tréifwes, it is evident that path flows
are an essential piece of information. Therefoaéh flows or path utilization rates must be
qguantified. Thus, it was important to puzzle out how besbgserve or estimate the path

utilization coefficients.

Third, an improved understanding was reached of the injebelaveen observations and
inferences in determining the path utilization coedfits. This contribution was driven by a
desire to articulate whether an applied path flow esiimanethod had a reliance on inferred
data, observed data, or both to discover how each onermnc#s the choice of method and
the quality of the outcome. The focus here was ofoerg observed data, although in the
future it would be interesting to develop a taxonomy of ariee which could further shape
the inference versus observability tradeoff conceptwiaa presented and explored here on a

small scale.
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6.1.3 Results in Perspective

This dissertation can be characterized as implemeatidghen testing a methodology for
determining path flows in a network based on the avaikdasor instrumentation and OD
data. There are three main parts to the underlying mseamethodology validation,
robustness assessment, and model enhancement or cosgutowiwork analysis. The first
two have been addressed using small, virtual networks. Throuthh® research, three data
conditions have been examined to test the methodolpmgdsctions — error-free data,
stochasticity in demands coverage (such as in OD flimksyolumes,a priori path

utilizations, anda priori link utilizations), and stochasticity in the demand measents.

One of the motivations was that technologies thaé lecome available ought to have a
profound effect on our ability to predict path utilizatooefficients and path flows by
reducing our dependence on inference and increasing networkathigr. AVL and AVI
sensor data, along with available OD flows, ought to impithe estimates of PUCs, so as
technologies evolve and we depend less on point sessatsas loops, there is hope for
increasingly accurate path flow estimation. The retedemonstrates that models including
either AVL or AVI sensor data prove to be betterreators of PUCs. Specifically, observed
arc and OD flows input to this model were inadequate at dyog&timating path utilization
coefficients for 10-node networks; therefore, extrafugato larger networks suggests yet
worse PUC estimation. Combining a mix of sensor bundigsavailable OD flows yielded

the best overall network picture — but it was recognibationly two types of sensors were
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necessary (point sensors and AVL or point sensors ary AM all three to achieve this

picture.

Returning to the objectives of this research, a credibtene of path flows is needed for
decision-making. And for accuracy, one based on obseéatedis preferable to using
inference to arrive at estimated traffic flows the¢ defensible. Focusing on three cohorts,

note how the results affect the necessary decisions

Decision Support Tool Developers.lt was demonstrated that the ability to correctly mtedi
path utilization coefficients was poor in the absewsicgirect observations of PUCs or

LUCs. In essence, by looking at the inverse of theeStidnation problem (predicting PUCs
instead of the ODs), it was found that the usebskervedink flows andassumedD flows
results in deficient estimates of the link utilizatmyefficients. Said another way, the key to
better traffic flow tools was found not to be more ppte models (i.e. those with more
inference}®, but rather ones with the right mix of observabledavioreover, modeling OD

flows, PUCs, and link volumes together still needs expion.

Capital Investment Decision Makers. If an agency wants to do a better job of deciding
what investments to make, it needs to know the pathriaes to accomplish this task. Here

it was learned that inference alone will not be enoogtrédict credible rates. Typically,

% Going in a direction of applying more inference leadsitther uncertainty because of the reliance on
assumptions of human behavior.
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OD flows based on assumed LUCs are given to the adenaymacroscopic view of travel
patterns. Unfortunately, this level of detalil is nigtaays enough to make strategic decisions
for facility location and expansion. Especially in ghto mid-term planning, a view of
existing path flows provides richer detail. With the ré@vent of AVL sensors and
continuing implementation of AVI systems, technologgldas quantifying of path flows, as
shown through this research. For example, it was fthatdncreasing the number of AVI
devices and relying less on point sensors improves the agarpath flow estimation.
Therefore, the capital investment agency should faessdnergies on modeling and more on
data collection such as (a) partnering with a cell plocomepany for general GPS data, (b)
sharing data with the local toll and automated parking aitiFeto collect AVI data, and (c)
partnering with a real-time navigation company such aSBAr ALK (maker of CoPilot)

for AVL probe data.

Operational Decision Makers. Even in terms of an operational environment, wher it i
already understood that path flows are important, #dsearch reinforces the notion and
shows that arriving at path flow rates requires more jstrinference. Consider timing an
isolated intersection — this requires only knowledgéefapproach volumes and turning
movement counts. Now consider timing an entire netwbsignals — this requires far more
knowledge of the traffic to create an efficient sigeydtem. Recognition of the multitude of
paths on which traffic between a given OD pair caneirsey the network can enhance the
decision quality because the traffic engineer can deternowedrivers may alter their

current routes based on signal timing changes. To supmbringork, how path flows
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change over time is important - which points to a neddanslate this current research into a

time-dependent tool.

6.2 Future Work

6.2.1 Simple Networks

Modeling. Simple networks like the 3-node toy in the preliminangifngs and the 10-node
networks explored in-depth are defined here as small, nalgettesigned networks that are
static in nature. It is assumed these networks aiie atat unchanging in their traffic flows
during the analysis. Exploring the lower level mathgpam is underway for simple
networks — that of determining how well available seista can discern path flows at a
macroscopic level. Currently it is assumed in the b the determined path and link
flows should match those observed; this assumption mahdnged as ideas are tried out
and points are plotted on the inference versus obsetyayaph. Continuing in this

direction leads to answering the following research qurest

=  Sample SizeDo the conclusions found herein hold true when a largaplaof
networks is tested? Create at least 30 new 10-node netsmekstatistically
“large” sample size is attained. Run the model ag&ompare the new results
with the original results to determine if there are digant differences. If not,
maintain a sample size of 10 for initial testing ofavtboncepts; otherwise, make

the sample size of 30 networks standard.
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Solution Uniqueness, part Are the linear programming solutions found in this
research unique? Test the uniqueness of the estimatedgvatrefitors for the
original 10 networks. If the solutions are not unique, dsths implications for

determining the best path flow vector.

Solution Uniqueness, part 2f the linear programming solutions found are not
unique, create a search strategy for finding the best lpattvéctor for a given
network. Going back to the linear programming issue thadtipte solutions can
exist for one objective function, examine the line okeatiye function solutions

testing for the PUC vector that has the best comelatith known data.

Network Size Do the conclusions already found hold constant wheyeta
networks are considered? What trends occur in théésesunetworks become

larger (like do the PUC correlations decrease)?

Data PreprocessingWhat effect does choosing the best available data fram th
observed have on determining path flows? Recognizeh&dbtr data sets (OD,
AVL, AVI, point sensors) have some overlapping informaticet may be
capitalized upon to strengthen the input data prior to runhmgnbdel.
Preprocess the data based on confidence or knowledgenéhdata set is of
superior quality to another, then apply the model to deterpatteflows. For
instance, a researcher may be confident that AVL ddtetisr than the available
OD data because the AVL instruments typically haveg i@wx error rates so the

researcher would replace duplicate OD data with the ALdata. A second
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example would be the adding of a sub-OD matrix based\rdata, again

preprocessing the ODs.

Model Variations — Objective FunctioWhat changes to the objective function
can create a more robust model? Edityhg, andyy weights. Edit the three

summations, moving back toward the nonlinear formulation

Overlapping vs. Non-overlapping Sensor Regidsssome spatial overlap of the
sensors’ regions necessary? What overlaps areutiziphich are redundant? If
two types of sensors are on a given path, how muchgeiramthe correlation

between true and estimated data?

Mesoscopic AnalysisHow many sensors and probe vehicles, instead of
percentages of sensors, are needed for adequate pathtfloates? Assign each
vehicle in a network an OD pair and a path, then rangggiect those vehicles
that are or are not revealed. Simulate actual seas@rage that could happen
and determine how many sensors are needed in a netwonekcaWeat, planners

and traffic engineers cannot control where probe veh{@lgs) are driven.

Benefit Cost AnalysisBased on the mesoscopic analysis conducted, what is the
cost-benefit differential between using instrumentat@moapture path flows

versus using assignment models? Obtain current costadbrsensor type from
vendors, use these to estimate observation costsin@btds of developing OD
patterns from local planning agencies based on planner-egpesnded and

survey costs they incur to collect data.
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Network Design. The other goal of this step of work is to create astthe upper level
sensor placement optimizations based on the simpleonies for application to a portfolio of
random network designs in the following step. For exantpé&following three questions

are of interest:

=  Where do you place one detector in a network to maximize observability?
= Where do you place a second detector in a network to maximize additionaiabiigg?

=  Where do you move both detectors in a network to further increase ob&grvabi

In other words, where do you place sensors to move thatojepoint the furthest toward
Direct Observation and away from Inference? Thesethuestions help show that this is a
combinatorial optimization problem with the solutionshe three problems often being
quite different from one another. In the realm ofligclocation, this has been constructed
as a p-median problem while in the realm of sensdwasitbeen constructed as an edge-

covering problem; both will be examined for applicability.

6.2.2 Validation & Robustness of Technique

To expand the usefulness of the math program, it is criacialidate it and explore its limits
to gauge the robustness of it. To pursue that goalpibjgosed to test the math program on
general networks, such as the Irvine, California testhwsdis widely used for simulation

analyses and OD estimation technique testing becaube déta set’s richness. Depending
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on the timing of the experiment, AVL and AVI data masoabe soon available for the RPI

test bed in Upstate New York.

6.2.3 More Complex Networks

Future work could also include examination of these aner adbues with respect to

discerning path flows.

= arc restrictions

= the addition of congestion and incidents

= different sensor attribute bundles

= other constraints (budgetary in time to solve and mdmaiged information,
detectors in preset locations)

= time — how path flows change over time

6.2.4 Discovering Paths within a Compromised Network

Finally, it is important to determine how well paths cardiscerned if the original network

is somehow compromised. Consider the following sitmatio

= What if emergency response personnel poorly predictariddfivs?
» Additional time may be required to reach an incident.
* More or less personnel may be needed to manage the incidantup.
* Rerouting traffic around an incident and onto parallateés may not be

possible if the alternate route is already fully cestgd.
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Such a situation highlights the need for research qusssioch as:

= How well does the original sensor placement work?

= How much loss on the direct observation-inference curve is sustained?

One reference to sort roadway links by significanc€Sehn 2006) which can aid in
ensuring redundancy exists in the sensor structure. Satn,&nd List also wrote a paper

on creating redundancy in network structure (Siefu,rSedal. 1989).

6.3 Wrap-Up

To sum up, this dissertation was presented to explorekigonship between observed data
and inferred data as it impacts the discernment of ftisf The lower level of a bi-level
math program was developed to determine path flows thatreckcin a portfolio of small,

random networks and offer the best sensor strategies.
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8 APPENDIX A: MATH PROGRAM IN LINGO CODE

This LINGO v10 code runs inside of an extensive VBA codesWaips the appropriate

variables into and out of the optimization programtfe Monte Carlo simulation.

MODEL:
| Path Choice Mdel - Al variables included - nodel All;

! Created 10/6/2006 by Alixandra Demers, edited b
SETS:

objectives/1..5/: obj;

onodes/1..10/;

dnodes/1..10/;

paths/1..12/: xphat, xptilda, xflag, pfr, pto, xp
arcs/1..6/: vkhat, vktilda, mess2p, mess2n, vflag
oda/1..246/: yhat, ytilda, mess3p, mess3n, yflag,
odpa/l..479/: oj, dj, pj, aj;

od(onodes,dnodes): Dod, Dflag;

ENDSETS

min = objfcn;
objfcn= @sum(objectives(k): obj(k));
0bj(1)= @sum( paths(j)| xflag(j) #EQ# 1: xpplus(j
0bj(2)= @sum( arcs(a)| vflag(a) #EQ# 1: .0005*(vk
0bj(3)= @sum( oda(k)| yflag(k) #EQ# 1: ynplus(k)
obj(4)= @sum( arcs(a): 10*(mess2p(a) + mess2n(a))
0bj(5)= @sum( oda(k): 10*(mess3p(k) + mess3n(k)))

@ for (paths(j)| xflag(j) #EQ# 1: xphat(j) + xpmi
@ for (arcs(k)| vflag(k) #EQ# 1: vkhat(k) + vkmin
@ for (oda(n)| yflag(n) #EQ# 1: yhat(n) + ynminus

| Constraintl - The path utilization coefficients m

@for( od(o,d)| o #NE# d #AND# Dflag(o,d) #GT# O:
@sum( paths(p) | (pfr #EQ# o) #AND# (pto #EQ#

| Constraint2 - The link volumes must equal the PUC

@for( arcs(a)| vilag(a) #EQ# 1: [linkvol2]
@sum( odpa(j)| aj(j) #EQ# a: xphat(pj(j)) * D
mess2n(a) = vkhat(a));

| Constraint3 - For a particular link for a given o
| coefficients must equal the sum of
| for that od pair;
@for( oda(k)| yflag(k) #EQ# 1: [LUCsum]
@sum( odpa(j) |(0j(j) #EQ# on(k)) #AND# (dj(j

y Dr. List on 11/12/2007;

plus, xpminus;
, vkplus, vkminus;

on, dn, an, yn, ynplus, ynminus;

) + xpminus(j));
plus(a) + vkminus(a)));
+ ynminus(k));

)

nus(j) - xpplus(j) = xptilda(j));

us(K) - vkplus(k) = vktilda(k));

(n) - ynplus(n) = ytilda(n));

ust sum to 1 for each od pair;

[PUCsum]
d): xphat(p)) = 1);

s times the OD demand;

od(0j(j),dj())) + mess2p(a) -

d pair, the link utilization;
PUCs crossing that link;

) #EQ# dn(k)) #AND# (aj(j) #EQ# an(K)):
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xphat(pj(j))) + mess3p(k) - mess3n(k)

| Constraint4 - each link has a finite capacity (ad
| Constraint5 - all variables (except mess vars) mu
DATA:

Dod = @OLE( 'C:\Temp\GenNets10.xlIs','Dod');

xptilda = @OLE( 'C:\Temp\GenNets10.xls','xptilda’

ytilda = @OLE( 'C:\Temp\GenNets10.xlIs','ytilda");
vktilda = @OLE( 'C:\Temp\GenNets10.xIs','vktilda'
Dflag = @OLE( 'C:\Temp\GenNets10.xIs','Dflag');
xflag = @OLE( 'C:\Temp\GenNets10.xls','xflag");
yflag = @OLE( 'C:\Temp\GenNets10.xls','yflag');
vflag = @OLE( 'C:\Temp\GenNets10.xls','vflag');
on = @OLE( 'C:\Temp\GenNets10.xlIs',orign’);

dn = @OLE( 'C:\Temp\GenNets10.xls','dn");

an = @OLE( 'C:\Temp\GenNets10.xls','an’);

0j = @OLE( 'C:\Temp\GenNets10.xls','0}");

dj = @OLE( 'C:\Temp\GenNets10.xls','d]");

pj = @OLE( 'C:\Temp\GenNets10.xIs',pj");

aj = @OLE( 'C:\Temp\GenNets10.xls','aj");

pfr = @OLE( 'C:\Temp\GenNets10.xIs',pfr");

pto = @OLE( 'C:\Temp\GenNets10.xls',pto");
Send results data to the spreadsheet;

@OLE( 'C:\Temp\GenNets10.xls") = objfcn;
@OLE( 'C:\Temp\GenNets10.xIs") = vkhat;
@OLE( 'C:\Temp\GenNets10.xIs'") = mess2p;
@OLE( 'C:\Temp\GenNets10.xls') = mess2n;
@OLE( 'C:\Temp\GenNets10.xIs") = xphat;
@OLE( 'C:\Temp\GenNets10.xls") = yhat;
@OLE( 'C:\Temp\GenNets10.xls') = mess3p;
@OLE( 'C:\Temp\GenNets10.xls') = mess3n;
@OLE( 'C:\Temp\GenNets10.xIs") = obj;
ENDDATA

END

TERSE
GO
QuIT

= yhat(k));

d later);

st have a lower bound of zero (add later);
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9 APPENDIX B: VBA CODE SUBROUTINE SUMMARY

To generate a series of networks, Visual Basic for Appbns (VBA) code was written
inside Microsoft Excel. A series of subroutines camattésated through command buttons
to step through the procedure; this method was choseatseath routine could run entirely
independent of the others, thereby enabling an analyst ngelzy component for creating
further variations without impacting the remainder of¢bde. The VBA code starts by
creating a workbook with one worksheet per network. nfthe remaining subroutines make
passes through the workbook, adding data each time. A mhbg sfibroutines is shown on

the following page.
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Steps in the Generate Network
code to create the networks:

Treatment Design 1
Experimental Units

Generate sensor
scenarios by randomly
selecting (CV, %
coverage) combos

Generate
sensor traffic vectors
val, xpl, ynl

Block Design

Generate 25
Dod vectors treatments
from 5 levels of Cv(noise)
and 5 levels of % coverage
blocks

Running the Model code to

Analyzing the results:

optimize the estimated path Calculating ANOVAs and

flows:

Optimize

Run Model 1

For models: D, Dx, Dy, Dxy

[no vxy, x only, y only]

Calc vhat for models
omitting this estimate

For models: D, Dv, Dx, Dvx
[no vxy, v only, x only, noy]

Calc yhat for models
omitting this estimate

performance measures.

file in: X60Q20-b
file out: X60Q20-ba
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10 APPENDIX C: SAMPLE DATA SET — NETWORK 4

This appendix includes one of the ten networks (Netwotkat)were randomly generated
using the VBA and LINGO codes presented in other appendites spreadsheet includes

the “true”, realized, and estimated data for the giveéwaork under the X100Q60 conditions.
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TRUE DATA
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I SRS o  y Nused

MaxNode = total # of nodes
MaxLink = total # of links (up to twice as many gyc
ConnectRatio = MaxNode / MaxLink
MaxDist = maximum link distance
MaxOD = total # of OD pairs
KMax = K paths per OD pair
MaxOver = max dist path is longer than shortesh pat
MaxPath = total # of paths for network
MaxPA = total # of path-arc incidences
MaxODA = total # of ODK triplets (k = arc #)
MaxArc = total # of arcs
AvgYodk = average of all yn values (avg ytilda)
PossibleODA = MaxOD x MaxArc
MaxODPA = total # of non-zero quads
ObjAssign = objective fcn value
Gap = diff btwn obs path cost and est path cost)(ga
Caplnv = req'd capacity investment (capinv)
ObjCalibrate = objective fcn value
Experimental Design 1 (develops v1, x1, y1)
Number of arc volume sensors (SensVnum)
Number of path sensors or AVL (SensXnum)

10 1 97 54
18 2 98 8
0.555555556 3 24 14
200 4 65 33
100 5 83 85
5 6 90 9
50% 7 48 26
215 8 20 55
526 9 43 7
417 10 81 11 1
36
ol Alixandra Demers:
3600 The above list of variables and their
526 values are the lengths of the

11733927.1 this is allowable paths NOT

dynamic ranges (columns C to AB) in
the VBA code.

Alixandra Demers:

possible paths. So some paths
may be excluded b/c they are
unreasonable.

21>

Number of arc utilization sensors or AVI (SensYnum) 0
Quality of arc volume sensors (SensVqual) 0
Quiality of path sensors (SensXqual) 60
Quiality of arc utilization sensors (SensYqual) 0
Model Results 19.23888015 19.239 0 0
objfcn  objl obj2 obj3  obj4

3.28602985 3.286

3.78025497 3.7803
4.825431873 4.8254
4.506064382 4.5061
3.700756834 3.7008
6.840471794 6.8405
7.456333479 7.4563
7.954435057 7.9544
6.556312767 6.5563
6.713151268 6.7132
9.731513717 9.7315
9.956212317 9.9562
10.38931452 10.389
11.04892551 11.049
10.33363031 10.334
15.56120901 15.561
14.36612474 14.366

16.8357688 16.836
17.06657025 17.067
14.67795188 14.678
19.23888015 19.239
19.23888015 19.239
19.23888015 19.239
19.23888015 19.239
19.23888015 19.239

OO OO0 0000000000000 O0OOO0OO0OOoOOoOOoOOo
(el elNelNeNeNeolelNolNeNeNeNolNolNolNolNolNelNeNolNolNolNolNelie]

0

OO0 00O 0000000000000 O0OO0OO0OO0OOOoOOoOOo

obj5

o

[eNelNeNeNeNeolNelNelNeNeNeNolNolNolNelNelNeNeolNeNollelNolNe ool
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LNum TailN HeadN deltax deltay LDist LinkUsed
1 10 6 -9 2 9 TRUE
2 8 6 -70 46 83 TRUE
3 8 3 -4 41 41 TRUE
4 7 6 -42 17 45 TRUE
5 9 6 -47 68 82 TRUE
6 6 1 -7 -45 45 TRUE
7 9 4 -22 44 49 TRUE
8 9 2 -55 69 88 TRUE
9 5 2 -15 77 78 TRUE
10 2 1 1 -46 46 TRUE
11 9 7 -5 51 51 TRUE
12 8 7 -28 29 40 TRUE
13 10 3 57 -3 57 TRUE
14 3 2 -74 6 74 TRUE
15 5 1 -14 31 34 TRUE
16 6 4 25 -24 34 TRUE
17 6 5 7 -76 76 TRUE
18 10 4 16 -22 27 TRUE
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0 10 20 30 40 50 60 70 80 90 100
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1683
1317
613
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470
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1508
1758
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1458
1431
188
316
412
123
989
1516
1258
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4.75
20.76
18.99
14.63
2.88
7.63
15.1
11.21
14.38
4.25
2.49
12.58
13.4
6.84
13.41
15.29
18.52
14.37
7.15
11.01
4.88
4.34
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14.11
16.5
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3.21
4.66
5.79
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1292.52
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371.591
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384.673
1536.25
731.108
323.329
479.318
102.755
465.609
896.57
633.915
904.43
450.9
1029.72
1120.65
1516
643.134
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val vflag
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999

O OO0 0O OO0 0000000000000 0D0O0D0D0D0DO0DO0ODO0OO0O0OO0OO0OOOoOOo

xpl xflag

0.281
0.692
0.469
0.706
0.212
0.257
0.208
0.244
0.155
0.729
0.572
0.339
0.587
0.332
0.358
0.129

0.21
0.141
0.186
0.207
0.467
0.576
0.289
0.344
0.382
0.159
0.793
0.929
0.222
0.058
0.217
0.204

0.37
0.675
0.196

PR PR RPRRRPRRPRRPRPRPRRRRRREPREPPPRPRPRRRRREPRPRPRRERRRLERELSR

xpl xflag

0.204
0.385
0.286
0.147
0.127
0.373
0.091
0.29
0.172
0.455
0.161
0.408
0.322
0.533
0.633
0.456
0.47
0.335
0.5
0.467
0.199
0.637
0.469
0.535
0.281
0.898
0.336
0.363
0.049
0.879
0.214
0.084
0.208
0.15
0.136

PP P PRPPRPPRPRPRPRPPPRPRPRPRPRPRPPPRPRPRPRPRPRPRPREPRPRPRRRERERLRESPR

xpl xflag

0.234
0.191
0.098
0.277
0.176
0.445

0.05
0.671
0.292

0.46
0.205
0.417
0.284
0.318
0.182
0.694
0.607
0.403
0.568
0.358
0.651

0.56
0.804

0.39
0.199
0.076
0.181
0.107
0.493
0.363
0.275
0.204
0.454
0.387
0.279

PR R RRPRPRRRPRPRPRPRPRPRPRPRRPREPREPRRPREPRPRRPRPRERPRRERERLERLSR

xpl xflag

0.645
0.695
0.341
0.283
0.454
0.388
0.222
0.096
0.143
0.159
0.258
0.214

0.35
0.457
0.393
0.561
0.376
0.817
0.561

0.29

0.96
0.699
0.047
0.351
0.112
0.323
0.231
0.198
0.211
0.157
0.335
0.609
0.302
0.104
0.211

PR PR RPRRRPRRPRRPRPRPRRRRRPRPRPEPREPRPRPRPRPRPRRRERREPRPREPRPRERRRLERLSR
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xpl xflag

0.058
0.254
0.134
0.278
0.345
0.214
0.205
0.159
0.776
0.282

0.92
0.377
0.065
0.621
0.534
0.416
0.238
0.289

0.27
0.183
0.521
0.317
0.905
0.192
0.188
0.214
0.268
0.079
0.313
0.173
0.201
0.084
0.029
0.251
0.236

PR PR RPRRRPRRPRRPRPRPRRRRRRRPREPRPRPRPRPRRRPRREPRPRPREPRRRLERLSR

xpl xflag

0.403
0.988
0.177
0.206
0.366
0.233
0.4
0.375
0.557
0.369
0.477
0.952
0.33
0.25
0.134
0.584
0.877
0.377
0.422
0.297
0.803
0.814
0.562
0.54
0.968
0.264
0.294
0.291
0.207
0.77
0.548
0.272
0.596
0.41
0.877

PP R RPRRPRRPRPRPRPRPRRRPRRRRPRPRPRPRPRPRPRPPRRRRPRPRPPRRRLRRLRRR

xpl xflag

0.238
0.416
0.43
0.44
0.952

B PP R R

ynl yflag

999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999

el eolNeolNolNolNololololololololNoelNolNolNololNololololololNolololNolNol ol ool ollolNo)

ynl yflag

999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999

el eolNeolNolNolNolNolololololololNolNolNolNololol ol ololololNololololNol ol ool oliolNo)
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ynl yflag

999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999

el eolNeolNolNolNololololololololMoelNolNolNololol ol ololololNololololNol ol ool oliolNo)

ynl yflag

999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999

el eolNeolNolNolNolNolololololololoelNolNolNololol ol ololololNololololNol ol ool oliolNo)

ynl yflag

999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999

el eolNeolNolNolNolNolololNolololololNolNeolNololol ol ololololNololololNol ol ool oliolNo)

ynl yflag

999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999

el eolNeolNolNolNolNolololololololNoelNolNolNololololololololNololololNol ol ool oliolNo)

ynl yflag

999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
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999999
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ynl yflag

999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
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999999
999999
999999
999999
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999999
999999
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ynl yflag

999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
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999999
999999
999999
999999
999999
999999
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999999
999999
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ynl yflag

999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999

el eolNeolNolNolNolNolololNolololololNolNeolNololol ol ololololNololololNol ol ool oliolNo)

ynl yflag

999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999

el eolNeolNolNolNolNolololololololNoelNolNolNololololololololNololololNol ol ool oliolNo)

ynl yflag

999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999

el eolNeolNeolNolNolololololNolNolNolNolNolNolNolololololNolNolNolol ol ol oliololoRolNeo]
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D11

0
999999
999999
999999
999999
999999
999999
999999
999999

O O O oo

999999
999999
999999
999999
999999
999999
999999
999999
0
999999
999999
0
999999
999999
999999
999999
0
999999
999999
0
999999

D12
0
999999
0
999999
999999
0
999999
999999
999999
0
999999
0
999999
999999
0
999999
999999
999999
999999
999999
999999
999999
0
999999
999999
999999
999999
999999
999999
0
999999
999999
999999
0
999999

D13
0
999999
999999
445
0
999999
999999
999999
0
999999
0
0
999999
999999
999999
999999
0
0
999999
0
999999
163
0
0
999999
999999
0
999999
999999
999999
999999
999999
999999
0
999999

D14
0
999999
999999
537
999999
999999
999999
999999
999999
999999
999999
0
0
999999
999999
999999
999999
0
999999
999999
999999
221
0
0
215
999999
999999
999999
999999
999999
999999
999999
999999
0
0

D15
0
999999
0
999999
999999
999999
999999
999999
999999
999999
999999
0
999999
999999
999999
0
999999
999999
999999
999999
999999
999999
0
0
999999
999999
999999
999999
0
0
999999
999999
999999
0
999999

D21 D22 D23 D24 D25

0 0 0 0 0
115,18 999999 999999 7 999999
999999 999999 0 0 999999
1198.71 1394 999999 99999999999
999999 0 999999 999999 0
999999 0 0 0 999999
999999 999999 0 0 999999
999999 999999 9999999999 999999
0 0 999999 999999 999999
0 999999 999999 0 0
999999 999999 0 999999 0
0 0 0 0 0
0 0 999999 0 0
999999 0 999999 999999 0
999999 999999 999999 0 99999
0 0 0 999999 0
0 999999 999999 999999 0
999999 0 999999 999999 999999
999999 999999 0 0 99999
999999 0 999999 999999 99999
999999 0 999999 0 99999
999999 999999 999999 999999 15 1
0 0 0 0 0
0 0 0 999999 0

999999 999999 999999 9999999999
999999 999999 0 999999 99999
0 999999 999999 999999 99999

999999 999999 999999999 999999
0 999999 0 999999 0
999999 999999 0 999999 999999
0 999999 0 0 999999
929.738 620 99999999999999999
999999 0 999999 0 0
0 0 0 0 0
0 999999 999999 0 0
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36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62
63
64
65
66
67
68
69
70

D11

999999
999999
999999
999999
999999
1325.79
999999
999999
999999
0
999999
0
0
999999
999999
999999
0
999999
999999
999999
0
999999
999999
999999
0
999999
999999
999999
999999
999999
999999
0
0
999999
999999

D12

999999
0
0
999999
999999
999999
999999
999999
999999
0
999999
999999
999999
999999
999999
0
999999
999999
999999
999999
0
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
0
0
999999
999999

D13

999999
0
999999
999999
495
999999
0
0
999999
0
999999
999999
0
999999
999999
999999
999999
999999
999999
999999
0
999999
999999
999999
999999
999999
999999
999999
999999
999999
1947
0
999999
999999

D14

0
0
999999
999999
999999
999999
999999
999999
999999
0
999999
999999
999999
999999
999999
0
999999
999999
999999
781
0
999999
999999
999999
0
999999
999999
999999
126
0
999999
0
999999
999999

D15

0 999999 999999

0
999999
999999
999999
999999
999999
999999
0
0
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
0
999999
999999
0

D21

0
999999
256.484
999999
1325.79

0
999999
999999

0
742.788
999999
999999
1011.54
999999
999999
0
999999
999999
999999
0
0
756.265
999999

0 999999

999999
999999
999999
999999
0
999999
0
999999
999999

0
999999
473.528
412.93
0
1031.54
0
999999

999999

0 999999 999999 999999

D22 D23 D24 D25

0 999999 999999
0 0 999999 999999
999999 999999 999999999

248 99999999999 135
999999 999999 1999999
1533 1577 1 2003434
0 999999 999999 0
999999 999999 999999 O
999999 999999 0 99999
0 0 0 0
942 858 11799999
999999 999999 999999999
999999 999999 999999 0
999999 14589999 179
0 999999 0 99999
999999 999999 999999 0
0 999999 999999 0

999999 999999 990999
0 999999 999999999
633 999999 1029 771
0 0 0 0
999999 0 999999 0
999999 999999267 576
0 0 999999 999999

999999 999999 999999 999999
999999 999999 999999999

999999 0 0 99999
999999 999999999 999999
999999 999999 99999 464

0 0 0 999999
999999 999999 8 9599999
0 0 0 0

999999 0 999999 0

999999 0 0 99999

0 999999 999999 99999
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71
72
73
74
75
76
77
78
79
80
81
82
83
84
85
86
87
88
89
90
91
92
93
94
95
96
97
98
99
100

D11

999999
999999
999999
999999
0
999999
555.097
0
0
999999
999999
3290.11
0
999999
999999
999999
999999
999999
0
999999
0
999999
999999
999999
999999
999999
0
999999
999999
0

D12

999999
999999
826
999999
999999
520
508
0
999999
999999
999999
999999
0
999999
999999
999999
999999
999999
0
999999
0
999999
924
999999
999999
0
999999
0
0
0

D13

999999
999999
999999
999999
999999
999999
999999
0
999999
999999
999999
999999

D14

0
999999
999999
999999
999999
1105
999999
0
999999
0
999999
291

0 999999

999999
999999
0
999999
999999
0
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
0

999999
999999
999999
999999
999999
0
999999
999999
999999
999999
999999
999999
999999
999999
999999
999999
0

D15

999999
999999
999999
999999
999999
999999
999999
0
999999
999999
999999
999999
999999
999999
0
999999
999999
999999
0
999999
999999
999999
999999
999999
92
0
0
999999
999999
0

D21

999999
0
999999
999999
999999
626.764
999999
0
999999
999999
0
3290.11
999999
999999
999999
999999
999999
0

0
999999
0
1007.51
0
76.6237
999999
999999
999999
999999
0

D22

0
999999
773
999999
999999
999999
367
0
999999
0
999999
348
999999
110
0
999999
999999
0

0
999999
999999
999999
0
999999
999999
999999
999999
999999
0

D23 D24 D25

999999 0 999999
999999 999999999
766 1129 2000
999999 89 1 2876
0 0 999999
999999 1599999
544 999999 535
0 0 0
999999 999999999
0 999999 999999
0 999999 99999
999999 999999999
0 999999 999999
999999 134 7 2
999999 999999 0
999999 999999999
176 99999 115
999999 0 0
0 0 0
999999 0 999999
0 999999 0
999999 999999 0
536 74 99999
0 999999 999999
105 999999999
0 999999 999999
0 999999 999999
999999 999999999
999999 999999999
0 0 0
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D31

0
115.18

0
999999

O OO o

0
999999
999999

0

0

0
999999

0
999999

0

0
999999
999999
999999

0

0

304.451

0

0

354

0

0

0

929.738

0

0
999999

D32 D33 D34 D35 D41 D42 D43 D44 D45
0 0 0 0 0 0 0 0 0
999999 28 77 194 115.18 130 84 999999 110
999999 0 0 999999 0 0 0 0 999999
1115 603 180 999999 1198.71 1104 470 974 999999
999999 999999 0 0 0 0 0 0 999999
0 0 0 0 0 0 0 0 0
0 0 0 0 0 999999 0 0 999999
0 0 0 0 0 0 0 0 999999
0 0 0 999999 999999 0 999999 0 0
999999 999999 999999 0 0 999999 0 0 0
999999 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0
0 999999 0 0 999999 0 0 0 0
999999 999999 999999 0 0 999999 0 999999 999999
0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0
0 0 999999 999999 0 0 0 0 0
0 0 999999 999999 0 0 0 0 0
999999 0 999999 999999 0 0 0 0 0
999999 0 0 999999 0 0 0 0 0
999999 0 999999 0 0 0 0 0 0
999999 111 70 999999 123.69 115 131 295 95
0 0 0 0 0 0 0 0 0
0 0 999999 0 0 999999 0 0 0
999999 128 999999 999999 999999 262 999999 576 580
999999 999999 0 0 0 999999 999999 0 999999
0 0 0 0 0 0 0 999999 0
369 999999 999999 999999 999999 383 226 456 274
0 0 0 999999 0 0 0 0 0
999999 999999 999999 999999 0 999999 0 0 999999
999999 0 999999 0 0 999999 0 0 999999
999999 614 1210 1058 929.738 830 757 999999 1336
999999 999999 0 0 0 0 999999 0 999999
0 0 0 0 0 0 0 0 0
999999 0 999999 0 0 0 0 0 999999
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36
37
38
39
40
41
42
43
44
45
46
a7
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62
63
64
65
66
67
68
69
70

D31 D32 D33 D34 D35 D41 D42 D43 D44 D45

999999 0 0 0 0 0 0 0 0 0

0 0 0 0 999999 0 999999 0 0 0
999999 0 999999 999999 0 0 0 0 0 0
256.484 208 145 999999 93 999999 311 232 502 377
900.889 615 1012 808 151 900.889 1283 999 999999 997
1325.79 1011 1177 933 399 999999 1555 999999 999999 902
999999 0 999999 0 0 999999 999999 0 0 999999

0 0 999999 999999 0 0 0 0 0 0

0 999999 999999 0 0 0 0 999999 0 0

0 0 0 0 0 0 0 0 0 0
999999 790 999999 999999 999999 742.788 826 448 840 1146
999999 0 999999 0 0 0 0 999999 0 0
999999 999999 0 999999 0 0 0 0 0 0
1011.54 1041 999999 709 1560 1011.54 947 1505 999999 1663
999999 0 999999 999999 0 0 0 999999 0 0
999999 999999 0 0 999999 999999 0 0 0 0
999999 0 0 0 999999 999999 999999 0 999999 0

0 0 0 0 0 999999 0 0 0 0
999999 999999 999999 0 999999 0 0 0 999999 0
999999 696 999999 999999 999999 775.321 719 965 203

0 0 0 0 0 0 0 0 0 0

0 0 999999 999999 0 0 999999 0 0 0
999999 769 999999 999999 1408 756.265 957 799 347 270

0 999999 0 999999 999999 0 0 999999 0 0
999999 999999 999999 0 999999 0 0 0 0 0

0 0 999999 999999 0 0 999999 999999 0 999999

0 999999 999999 0 999999 999999 0 0 0 0
999999 314 562 999999 100 473.528 999999 624 263 107
412.93 999999 999999 588 999999 412.93 999999 470 71
999999 0 0 0 999999 0 0 0 0 0
1031.54 999999 999999 999999 999999 1031.54 999999 1499999 973

0 0 0 0 0 0 0 0 0 0
999999 0 0 0 0 0 0 999999 0 0

0 0 999999 0 0 0 999999 0 999999 0

0 999999 999999 999999 0 0 0 0 0 0
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71
72
73
74
75
76
77
78
79
80
81
82
83
84
85
86
87
88
89
90
91
92
93
94
95
96
97
98
99
100

D31

0

0
931.571
1866.15
0
999999
555.097
0

0

0
999999
3290.11
999999
999999
0

0

105
999999
0

0
999999
999999
1007.51
0
76.6237
999999
999999
999999
999999
0

D32

999999
0
999999
1429
999999
565
999999
0
999999
0
0
233
999999
84
999999
0
134
999999
0
999999
0
0
992
0
79
999999
0
0
999999
0

D33 D34
0 999999
0 999999

999999 999999
2592 999999

99999

9

287

358

0
99999

9

999999
0
342

0

75
0

0

999999

0

0

0
0

99999

999999

9

999999
100

99999

0
9

0

0

0

D35

0
0

2130 931.571 822

D41 D42 D43 D44 D45

0 999999 0 0 999999
0 0 0 0 999999
920 999999 04 6

5568 999999 1824 1171 1531 4825

0 0 0 0 0 999999 0
672 107 626.764 999999 766 195 600
999999 999999 999999 526 332 1031 589
0 0 0 0 0 0 0
0 999999 0 0 999999 0 999999
0 0 0 0 0 0 999999
0 0 999999 0 0 0 0
350 999999 329.11 272 324 999999 477
0 0 0 0 0 0 0
112 999999 999999 999999 91 105 999999
0 0 0 0 999999 0 0
999999 999999 0 0 999999 0 0
3 999999 105 127 101 999999 79
999999 0 0 0 0 0 0
0 0 0 0 0 0 0
999999 999999 0 0 0 0 0
0 0 0 0 0 0 0
0 0 999999 0 999999 999999 0
1516 999999 1007.51 741 1732 1723 717
0 0 0 0 0 0 0
160 35 76.6237 73 105 59 1
999999 0 0 0 0 0 0
0 999999 999999 0 999999 0 0
0 0 0 999999 0 0 0
0 999999 0 0 999999 0 0
0 0 0 0 0 0 0
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D51 D52 D53 D54 D55
0 0 0 0 0
115 92 63 327 228
0 0 0 0 0
1199 1596 713 913 2847
0 0 0 0 0
0 0 0 0 0
0 0 0 0 0
0 0 0 0 0
0 0 0 0 0
0 0 0 0 0
0 0 0 0 0
0 0 0 0 0
0 0 0 0 0
0 0 0 0 0
0 0 0 0 0
0 0 0 0 0
0 0 0 0 0
0 0 0 0 0
0 0 0 0 0
0 0 0 0 0
0 0 0 0 0
124 93 75 6 253
0 0 0 0 0
0 0 0 0 0
304 308 539 594 175
0 0 0 0 0
0 0 0 0 0
354 248 583 217 300
0 0 0 0 0
0 0 0 0 0
0 0 0 0 0
930 697 1186 776 1633
0 0 0 0 0
0 0 0 0 0
0 0 0 0 0

Dod Dflag
0 1
228 1
0 1
2847 1
0 1
0 1
0 1
0 1
0 1
0 1
0 1
0 1
0 1
0 1
0 1
0 1
0 1
0 1
0 1
0 1
0 1
253 1
0 1
0 1
175 1
0 1
0 1
300 1
0 1
0 1
0 1
1633 1
0 1
0 1
0 1
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n

36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62
63
64
65
66
67
68
69
70

D51 D52 D53 D54 D55

0 0
0 0
0 0
256 246
901 1022
1326 1183
0 0
0 0
0 0
0 0
743 733
0 0
0 0
1012 1084
0 0
0 0
0 0
0 0
0 0
775 766
0 0
0 0
756 833
0 0
0 0
0 0
0 0
474 469
413 517
0 0
1032 866
0 0
0 0
0 0
0 0

0 0 0
0 0 0
0 0 0
472 324 150
215 901 1438
1267 1882 845
0 0 0
0 0 0
0 0 0
0 0 0
101 201 677
0 0 0
0 0 0
461 363 969
0 0 0
0 0 0
0 0 0
0 0 0
0 0 0
1157 22 360
0 0 0
0 0 0
771 464 2098
0 0 0
0 0 0
0 0 0
0 0 0
271 283 421
718 102 194
0 0 0
896 582 1462
0 0 0
0 0 0
0 0 0
0 0 0

Dod Dflag

0

0

0
150
1438
845

0
0

=

S

e
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n D51 D52 D53 D54 D55 Dod Dflag

71 0 0 0 0 0 0 1
72 0 0 0 0 0 0 1
73 932 777 1081 1418 601 601 1
74 1866 1301 1843 2773 932 932 1
75 0 0 0 0 0 0 1
76 627 636 766 475 1175 1175 1
77 555 739 371 35 339 339 1

78 0 0 0 0 0 0 1
79 0 0 0 0 0 0 1
80 0 0 0 0 0 0 1
81 0 0 0 0 0 0 1
82 329 303 385 566 235 235 1
83 0 0 0 0 0 0 1
84 854 80 55 53 107 107 1
85 0 0 0 0 0 0 1
86 0 0 0 0 0 0

87 105 139 111 138 84 84 1
88 0 0 0 0 0 0 1
89 0 0 0 0 0 0 1
90 0 0 0 0 0 0 1
91 0 0 0 0 0 0 1
92 0 0 0 0 0 0 1

93 1008 1389 1184 1607 240 240 1

94 0 0 0 0 0 0 1
95 76.6 96 74 89 100 100 1
96 0 0 0 0 0 0 1
97 0 0 0 0 0 0 1
98 0 0 0 0 0 0 1
99 0 0 0 0 0 0 1
100 0 0 0 0 0 0 1
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vkhl12 vkh13 vkhl14 vkhl5 vkh21 vkh22 vkh23 vkh24 vkh25 vkh31 Kkh32 vkh33

210
188
1036
123

O OO O o oo

631
924

O OO O0OO0OO00O0O00O0O00OO0OOoOOo oo

210

O O O oo

0

0

0
1398
549

108

oo O© o oo

163

208

128
374

o

108
295

o

35
549

35
35
114
281
114
214

452
399
445
353
7
487
175
291
0
107
0
261
0
428
0
302
301
186
144
0
0
0
148
357

100
42
34

494
42
732

138

92 329
0 226
0 584
0 1101
0 315

54 312
0 434
0 943
0 1723
0 863
0 0
0 148
0 1201
0 193
0 463
0 637

38 31
0 540
0 354
0 219
0 0
0 537
0 940
0 704
0 494
0 653
0 0
0 362
0 545
0 868
0 439
0 329

54 560
0 501
0 1410
0 193

0

105
0
766
0

0
62

0

0
1964
1026

176
544
536

551

61
193
1226
480
287
642
67
0
1390
1302

51
74

699
180
387
76
706
77

190
51

o o

39
169
190

97

730
666
1177
508

0
2107
2542
566
51
481
935
0
2350
2234
115
762
0
115
1200
1157
290
1275
733
167
0
409
979
0
53
116

125
409
542

481
82
63

137
1367
1284
1190
315
312
643
800
1723
965
105
702
1201
437
463
780
92
856
1015
0
354
0
1149
0
494
653
142
176
402
0
413
0
354
1012
359
583

307
1251
716
246
74
481
666
328
1330
658
134
246
992
0
353
983
294
979
886
223
369
546
1151
655
82
672
0
173
95
765
670
268
768
475
1446
266

241
2003
996
273
66
235
852
822
869
809
0
631
128
342
411
1157
66
1261
1253
0
0
0
982
354
316

60
195
170
392
723
264
360
889
155
566
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vkh34 vkh35 vkh41l vkh42 vkh43 vkh44 vkh45 vkh51 vkh52 vkh53 kh54 vkh55

431
243
271
589
132
441
261
962
1283
607
3
159
1767
321
326
404
66
214
645
0
0
0
475
105
511
458

234
158

299

28
358
907
297
600

78
4119
3292

465
0
324
1495
565
1545
260
0
465
220
220
139
1835

14
2239
1276

408
0
1000
2192
0
484
1007
0
219

30
1070
1092

30

299
533
553
285

329
226
1516
1191
315
795
434
943
860
0
105
148
1201
317
0
637
323
540
865
219
0
537
784
704
393
653
0
362
545
868
439
329
1043
856
1410
583

125
1337
1166

144

0

729

759

692
1826

1099
127

670

913

496

543
1035

353
1135
1348

278
383

679
1353

649

473

611
122

336

0

679

567

171
1065
1224
1446

727

414
1134
1886
1686
528
881
602
895
1132
0
101
605
1889
288
0
838
406
761
1034
232
226
567
1230
277
411
971
0
213
735
1003
603
261
946
988
1103
589

253
1191
551
184
93
37
669
79
0
192

1198
1723
756

987
141
975
536
101
456
246
956
572
197

269
151
85
430
633
230
479
305
1090

358
3751
1830
1274
278
511
1320
1185
1918
781
79
1112
995
838
315
1617
191
1958
1615
78
274
192
2236
0
712
1073
271
235
325
267
1266
32
580
1290
1736
709

390
1593
1868
1338
390
795
945
943
1723
965
105
850
1201
561
463
1326
384
1291
1264
219
354
537
1441
704
494
653
142
362
545
868
852
329
1145
1012
1410
583

413
1183
1605
1253
344
735
926
798
1629
873
139
992
1534
485
413
1334
388
1234
1321
242
248
5901
1398
938
392
700
144
381
525
918
810
390
1207
987
1527
587

490
1628
1926
1494
342
1104
924
1067
1326
1004
111
697
1430
753
443
1223
573
1182
846
224
583
547
1315
419
686
297
252
308
528
736
874
193
1333
847
448
339

398
2202
2329
824
216
288
1010
1044
1791
1423
138
366
1768
642
657
1359
163
1473
1320
135
217
329
1372
537
455
234
277
359
277
527
973
227
831
995
565
551

609
1106
1545
1543
517
750
1024
1188
1555
608
84
690
579
732
295
1598
212
1458
1656
608
300
1490
1541
1673
749
625
82
757
591
1784
1127
569
1453
1510
1753
961
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xphll xphl2 xphl3 xphl4 xphl5 xph21 xph22 xph23 xph24 xph25xph31 xph32 xph33

0.2805
0.6916
0.4687
0.7058
0.2123
0.2571
0.208
0.2437
0.1552
0.7286
0.5721
0.3391
0.5867
0.3323
0.3582
0.1291
0.2104
0.1409
0.1864
0.2075
0.4667
0.5757
0.2737
0.3443
0.382

0

1

1
0.2225

0
0.2173
0.1905
0.3698
0.6749
0.1958

0.2805
0.6916
0.2942
0.7058
0.2123
0.2571

0.208
0.2437
0.1552
0.7286
0.6609
0.3391
0.5867
0.3323
0.3582
0.1291
0.2104
0.1409
0.1864
0.2075
0.4667
0.5757
0.2737
0.3443

0.382

0.2805
0.6916
0.4687
0.7058
0.2123
0.2571
0.208
0.2437
0.0788
1
0.5721
0.3391
0.5867
0.3323
0.3582
0.1291
0.2104
0.1409
0.1864
0.2075
0.4243
0.5757
0.2894
0.3443
0.382

0 0.1594

0.7935
0.9294
0.2225
0.0579
0.2173
0.2038
0.3698
0.8042
0.1958

1

0.9294
0.2225
0.0579
0.2173
0.2038
0.3698
0.6749
0.1958

0.2805
0.6916
0.4687
0.7058
0.2123
0.2571
0.208
0.2437
0.0788
0.7286
0.5721
0.3391
0.5867
0.3323
0.3582
0.1291
0.2104
0.1409
0.1864
0.2075
0.4667
0.5757
0.2894
0.3443
0.382
0.1594
.7935
1
0.2225
0.0579
0.2173
0.2038
0.3698
0.6749
0.1958

o

0.2805
0.6916
0.2942
0.7058
0.2123
0.2571
0.208
0.2437
0.1552
0.7286
0.5721
0.3391
0.5867
0.3323
0.3582
0.1291
0.2104
0.1409
0.1864
0.2075
0.4667
0.5757
0.2894
0.3443
0.382

0.7935 0.7935 0.7935

0.9294
0.2225

0.3084
0.6916
0.4687
0.7058
0.1359
0.2571
0.208
0.2437
0.1552
0.7286
0.5721
0.3391
0.5867
0.3323
0.3582
0.1291
0.2104
0.1409
0.1864
0.2075
0.4243
0.5757
0.1142
0.3443
0.382

1
0.2225

0.2805 0.28@H84H. 0.2805
0.6916 0.69B916. 0.6916
0.4687 0.294®4P. 0.4687
0.7058 0.705®58. 0.7058
0.1359 0.212328. 0.2123
0.2571 0.252b670. 0.2571

0.3084
0.6916
0.2942
0.7058
0.2123
0.2571

0.208 0.208 0.208 0.20208

0.2437 0.24Z2A30. 0.2437
0.1552 0.1535%5P. 0.1552
1 0.7286 0.7286
0.6609 0.6668509 0.5721
0.3391 0.333B9D 0.3391
0.5867 0.30909H 0.5867
0.3323 0.333328 0.3323
0.3582 0.358%58P 0.3582
0.1291 0.129P90 0.1291
0.2104 0.212404 0.2104
0.1409 0.140909 0.1409
0.1864 0.1884864 0.1864
0.2075 0.202079H 0.2075
0.4243 0.46866D 0.4667
0.5757 0.57575D 0.5757
0.2894 0.28243D 0.2737
0.3443 0.348348 0.3443

0.2437
0.1552
1
0.6609
0.3391
0.3095
0.3323
0.3582
0.2548
0.2104
0.1409
0.1864
0.2075
0.4243
0.5757
0.2894
0.3443

0.382 0.382 0.382 20.38382
0.1594 0.1594 0.1594 0.1594 0

1 0.7935
1 0.9294 1
0.1512 0.222229 0.1512

0.0579 0.0579 0.0579 0.0579 0.06D%79

0.2173
0.2038
0.3698
0.6749
0.1958

0.2173
0.2038
0.3698
0.6749
0.1958

0.2173 0.212378 0.2173
0.2038 0.202838 0.2038
0.3698 0.363%98 0.3698
0.6749 0.67894D 0.6749
0.1958 0.193858 0.1958

0.2805
0.6916
0.4687
0.7058
0.1359
0.2571
0.208

0.2437
0.1552

0.3084
0.6916
0.2942
0.7058
0.1359
0.2571
0.208

0.2437
0.1552

?86.70.7286

0.6609
0.3391
0.3095
0.3323
0.3582
0.2548
0.2104
0.1409
0.1864
0.2075
0.4243
0.5757
0.2894
0.3443
0.382

0.6609
0.3391
0.3095
0.3323
0.3582
0.2548
0.2104
0.1409
0.1864
0.2075
0.4243
0.5757
0.2894
0.3443
0.382

0 0.159494.10.1594
1 0.7938938.7

1
0.1512
0.0579
0.2173
0.2038
0.3698
0.6749
0.1958

1

0.2225
0.0579
0.2173
0.2038
0.3698
0.8042
0.1958

1

1 0.9294

0.2225
0.0579
0.2173
0.2038
0.3698
0.8042
0.1958
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36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62
63
64
65
66
67
68
69
70

xphll xphl2 xphl3 xphl4 xphl5 xph21 xph22 xph23 xph24 xph25xph31 xph32 xph33

0.2039
0.3853
0.2864
0.1471
0.1268
0.3733
0.0906
0.2903
0.1716
0.4548
0.1611
0.4082
0.3216
0.5328
0.6329
0.4556
0.4698
0.3349
0.4996

0.467
0.1991

1
0.4691
0.5354
0.2806
0.8981
0.3362
0.3625
0.0492
1

0.2141
0.0836
0.2077
0.1501
0.1361

0.2039 0.2039 0.2039 0.2039 0.1812
0.3853 0.3853 0.3853 0.3853 0.3853
0.2864 0.2864 0.2864 0.2864 0.2864
0.1471 0.1471 0.1471 0.1245 0.1471
0.1268 0.1268 0.1268 0.1268 0.0743
0.3733 0.3733 0.3733 0.3733 0.3733
0.0906 0.0381 0.0906 0.0906 0.0906
0.2903 0.2903 0.2903 0.2903 0.2903
0.1716 0.1716 0.1716 0.1716 0.1716
0.4548 1 1 0.4548 0.4548

0.1611 0.1611 0.1611 0.1611 0.1611
0.4082 0.4082 0.4082 0.4082 0.4082
0.3216 0.3216 0.3216 0.3216 0.3216
0.5328 1 0.5328 0.5328 0.5328
0.6329 0.6329 0.6329 0.6329 0.6329

0.4556 1 1 0.4556 0.4556 0.4556 0.4556 0.4556

0.4698 0.6651 0.6651 0.6651 0.6651
0.3349 0.3349 0.3349 0.3349 0.3349
0.4996 0.4996 0.4996 0.4996 0.4996

0.467 0.467 0.467 0.467 0.467
0.1991 0.1991 0.0333 0.1991 0.1991
0.6368 0.6368 0.6368 0.6368 0.6368
0.4691 0.184 0.4691 0.4691 0.184
0.5354 0.5354 0.5354 0.5354 0.5354
0.2806 0.2806 0.2806 0.2806 0.2806
0.8981 0.8981 0.8981 0.8981 0.8981
0.3362 0.3362 0.3362 0.6375 0.6375
0.3625 0.3625 0.3625 0.3625 0.3625

0.1812 0.182P39 0.1812 0.1812
0.3853 0.383858 0.3853 0.3853
0.2864 0.28@864 0.2864 0.2864
0.1471 0.14247D0 0.1471 0.1471
0.1268 0.124268 0.0743 0.1268
0.3733 0.373F38® 0.3733 0.3733
0.0906 0.0908®06 0.0906 0.0906
0.2903 0.29@308 0.2903 0.2903
0.1716 0.171616 0.1716 0.1716
1 0.4548 0.4548 0.4548
0.1611 0.27@70D 0.1611 0.2702
0.4082 0.408D8D 0.4082 0.4082
0.3216 0.32B216 0.3216 0.3216

0.1812
0.3853
0.2864
0.1471
0.0743
0.3733
0.0906
0.2903
0.1716
1
0.1611
0.4082
0.3216

1 0.5328 0.5328 8.533328 0.5328
1 0.6329 1 9.635329 0.6329

0.6651 0.668598 0.6651 0.6651
0.3349 0.3348349 0.3349 0.3349
0.4996 0.499896 0.4996 0.3339
0.467 0.467 0.467 70.48.467

156.48.4556

0.6651
0.3349
0.4996
0.467

0.1812
0.3853
0.2864
0.1471
0.0743
0.3733
0.0906
0.2903
0.1716
1 1
0.2702
0.4082
0.3216

1

1

1
0.6651
0.3349
0.3339
0.467

0.1991 0.199P90 0.1991 0.1991 0.1991 0.1991
0.6368 1 0.6368 8.636 1 0.6368 0.6368

0.4691 0.469590.40.4691 0.184
0.5354 0.535854 0.5354 0.5354
0.2806 0.28@806 0.2806 0.2806
0.8981 0.898P8D 0.8981 1
0.3362 0.63B36D 0.6375 0.6375
0.3625 0.362629 0.3625 0.3625

1 0.0492 0.0492 1 0.0492 0.0492 1 0.0492 0.0492
0.8788 0.8788 0.8788 0.8788 1 0.8788 1 1 0.8788

0.2141 0.2141 0.2141 0.2141 0.4225
0.0836 0.0836 0.0836 0.0836 0.0836
0.2077 0.2077 0.2077 0.2077 0.2077
0.1501 0.1501 0.1501 0.1501 0.1501
0.1361 0.1361 0.1361 0.1361 0.1361

0.4225 0.21214D 0.2141 0.4225
0.0836 0.088836 0.0836 0.0836
0.2077 0.20Zp7D 0.2077 0.2077
0.1501 0.150500 0.1501 0.1501
0.1361 0.13@B6D 0.1361 0.1361

0.184
0.5354
0.2806

0.184
0.5354
0.2806

1 0.8981

0.6375
0.3625

0.6375
0.3625

19P.00.0492

1 0.8788

0.2141
0.0836
0.2077
0.1501
0.1361

0.4225
0.0836
0.2077
0.1501
0.1361

213



71
72
73
74
75
76
77
78
79
80
81
82
83
84
85
86
87
88
89
90
91
92
93
94
95
96
97
98
99
100
101
102
103
104
105

xphll xphl2 xphl3 xphl4 xphl5 xph21 xph22 xph23 xph24 xph25xph31 xph32 xph33

0.2336
0.1908
0.0976
0.2766
0.1764
0.4451
0.0503
0.6715
0.292
0.4597
0.2054
0.4165
0.284
0.3179
0.1815
0.6939
0.6074
0.403
0.5675
0.3493
0.6507
0.5601
0.8044
0.39
0.1992
0.0759
0.1808
0.1069
0.6371
0.3629
0.1597
0
0.4537
0.3866
0.2794

0.2336 0.2336 0.2336 0.2336
0.1908 0.1908 0.1908 0.1908
0.0976 0.0976 0.0976 0.0976
0.2766 0.2766 0.2766 0.2766
0.1764 0.1764 0.1764 0.1764
0.4451 0.4451 0.9497 0.4451
0.0503 0.0503 0.0503 0.0503

0.2336
0.1908
0.0976
0.2766
0.1764
0.9497
0.0503

0.2586
0.1908
0.0976
0.2766
0.1764
0.4451
0.0503

0.6715 0.6715 1 1 0.6715 0.6715

0.3349 0.3349 0.3349 0.3349
0.4597 0.4597 0.4597 0.4597
0.2054 0.2054 0.2054 0.2054
0.2166 0.4165 0.4165 0.4165

0.284 0.284 0.284 0.284
0.3179 0.3179 0.3179 0.3179
0.1815 0.1815 0.1815 0.1815
0.6939 0.6939 0.6939 0.6939
0.6074 0.6074 0.6074 0.6074

0.403 0.4325 0.403 0.403
0.5675 0.5675 0.5675 0.5675
0.3579 0.3579 0.3579 0.3579
0.6507 0.6507 0.6507 0.6507
0.5601 1 0.5601 0.5601
0.8044 1 0.8044 0.8044

0.39 0.39 0.39 0.5442

0.1992 0.1992 0.1992 0.1992
0.0759 0.0759 0.0759 0.0759
0.1808 0.1808 0.1808 0.1808
0.1069 0.1069 0.1069 0.1069
0.4925 0.4925 0.4925 0.4925
0.3629 0.3629 0.3629 0.3629
0.2748 0.1597 0.2748 0.2748

0.2044 0 0.2044 0.2044 0.2044 0.2044 0.2044 0.2044

0.3349
0.4597
0.2054
0.4165
0.284
0.3179
0.1815
0.3926
0.6074
0.403
0.5675
0.3493
0.6507
1
0.8044
0.39
0.1992
0.0759
0.1808
1
0.4925
0.3629
0.2748

0.3349
0.4597
0.2054
0.4165
0.284
0.3179
0.1815
0.3926
0.6074
0.403
0.5675
0.3493
0.6507

0.232686 0.2586 0.2586 0.2336
0.190%08 0.1908 0.1908 0.1908
0.091®76 0.0976 0.0976 0.0976
0.27@966 0.2766 0.2766 0.2766
0.178464 0.1764 0.1764 0.1764
0.44389D 0.9497 0.4451 0.4451
0.050%08 0.0503 0.0503 0.0503
1 0.6715 0.671518.67 1
0.3342920. 0.292 0.3349 0.3349
0.459p9D 0.4597 0.4597 0.4597
0.202054 0.2054 0.2054 0.2054
0.41896H 0.4165 0.4165 0.2166
0.284 0.284 40.2B8284 0.284
0.31379 0.3179 0.3179 0.3179
0.181819 0.1815 0.1815 0.1815
0.698939 0.3926 0.3926 0.3926
0.60B074 0.6074 0.6074 0.6074
0.403 0.432%8030.0.4325 0.4325
0.56BB7H 0.5675 0.5675 0.5675
0.34%398 0.3493 0.3493 0.3493
0.656H0D 0.6507 0.6507 0.6507

1 0.5601 0.5601 1 0.5601
0.8044 0.8044 1 1 1 0.8044

0.8044
0.39
0.1992
0.0759
0.1808

1
0.4925
0.3629
0.2748

0.39 0.5442 0.39 P.5440.39

0.19929P 0.1992 0.1992 0.1992
0.078959 0.0759 0.0759 0.0759
0.18a808 0.1808 0.1808 0.1808

1 1 0.1069 0.1069

0.49292H 0.4925 0.4925 0.6371
0.3863®29 0.3629 0.3629 0.3629
0.202948 0.1597 0.2748 0.2748

0.4537 0.4537 0.4537 0.4537 0.4537 0.4537 0.463B37 0.4537 0.4537 0.4537
0.3866 0.3866 0.3866 0.3866 0.3866 0.3866 0.38@B66 0.3866 0.3866 0.3866
0.2794 0.2794 0.2794 0.2794 0.3547 0.2794 0.3342794 0.3547 0.3547 0.3547

0.2336
0.1908
0.0976
0.2766
0.1764
0.9497
0.0503
1

0.3349
0.4597
0.2054
0.4165
0.284

0.3179
0.1815
0.3926
0.6074

0.4325
0.5675
0.3493
0.6507
5600D.

0.39
0.1992
0.0759
0.1808
1069.
0.4925
0.3629
0

044.20.2044 0.2044

0.4537
0.3418
0.2794
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106
107
108
109
110
111
112
113
114
115
116
117
118
119
120
121
122
123
124
125
126
127
128
129
130
131
132
133
134
135
136
137
138
139
140

xphll xphl2 xphl3 xphl4 xphl5 xph21 xph22 xph23 xph24 xph25xph31 xph32 xph33

0.6453 0.6453 0.6453 0.6453 0.68%353 0.6453 0.6453 0.6453 0.6453
0.6952 0.6952 0.6952 0.659 0.69585900.6952 0.6952
0.341 0.341410.30.341
0.2832 0.2832 0.2832 0.2832 0.2832

0.6453 0.6453 0.6453
0.6952 0.6952 0.6952

0.341 0.341 0.341
0.2832 1 0.2832
0.3897 0.4543 0.4543
0.3884 0.3884 0.3884
0.2219 0.2219 0.2219
0.0961 0.0961 0.0961
0.1433 0.1433 0.1433
0.1589 0.1589 0.1589
0.2577 0.2577 0.2577
0.2141 0.2141 0.2141
0.3503 0.3503 0.3503

0.457 0.457 0.457
0.3932 0.3932 0.3932
0.5606 0.5606 0.5606
0.3765 0.3765 0.3765
0.8167 0.8167 0.8167
0.5608 0.5608 0.5608

0.29 0.29 0.29
0.9603 0.9603 0.9603
1 0.6992 0.6992

0.047 0.047 0.047
0.3512 0.3512 0.3512
0.1119 0.1119 0.1119
0.3234 0.3234 0.3234
0.2315 0.2315 0.2315
0.1979 0.1979 0.1979

0.211 0.211 0.211
0.1566 0.1566 0.1566
0.3351 0.3351 0.3351
0.6093 0.6093 0.6093
0.3019 0.3019 0.3019
0.1036 0.1036 0.1036
0.2115 0.2115 0.2115

0.341
1
0.4543
0.3884
0.2219
0.0961
0.1433
0.1589
0.2577
0.2141
0.3503
0.457
0.3932
0.6235
0.3765
0.8167
0.5608
0.29
0.9603
1
0.047
0.3512
0.1119
0.3234
0.2315
0.1979
0.211
0.1566
0.3351
0.6093
0.3019
0.3434
0.2115

0.341

0.4543
0.3884
0.2219
0.0961
0.1433
0.1589
0.2577
0.2141
0.3503
0.457
0.3932
0.5606
0.3765
0.8167
0.5608
0.29

0.341

0.3897
0.3884
0.2219
0.0961
0.1433
0.1589
0.2577
0.2141
0.3503
0.457
0.3932
0.5606
0.3765
1
0.71
0.29

1 0.9603

0.047 0.2135

0.3512
0.1119
0.3234
0.2315
0.1979
0.211
0.1566
0.3351
0.6093
0.3019
0.1036
0.2115

0.3512
0.1119
0.3234
0.2315
0.1979
0.211
0.1566
0.3351
0.6981
0.3019
0.3434
0.2115

0.341

0.3897
0.3884
0.2219
0.0961
0.1433
0.1589
0.2577
0.2141
0.1498
0.457
0.3932
0.6235
0.3765
0.8167
0.5608
0.29
1

0.047

0.3512
0.1119
0.3234
0.2315
0.1979
0.211

0.1566
0.3351
0.6093
0.3019
0.1036
0.2115

0.4643%43
0.388884
0.22P219
0.098226
0.13.3333
0.168%89
0.262677
0.20£141
0.353%03

0.3897
0.3884
0.2219
0.0961
0.1433
0.1589
0.2577
0.2141
0.3503

0.659
0.341

B3D.20.2832

0.4543
0.3884
0.2219

0.226
0.1433
0.1589
0.2577
0.2141
0.3503

0.457 0.457570.40.457
0.3923®32 0.3932 0.3932
0.5866235 0.6235 0.5606
0.378565 0.3765 0.3765

1 0.8167
0.560871 0. 0.71 0.5608

0.29 0.29

0.29

1

1 0.9603 0.9603
1 0.6992 0.6992 0.6992 0.6992 0.69929D.60.6992 0.6992
0.047 0.04D470.0.2135 0.2135 0.047

0.35B%12
0.101919
0.323234
0.099994
0.1072979

0.3512
0.1119
0.3234
0.2315
0.1979

0.3512
0.1119
0.3234
0.0994
0.1979

0.211 0.211110.20.211

0.168666
0.333B51
0.608893
0.30B®19
0.103636
0.20P315

0.1566
0.3351
0.6093
0.3019
0.3434
0.2115

0.1566
0.3351
0.6093
0.3019
0.3434
0.2115

0.29

0.3897
0.3884
0.2219
0.226
0.1433
0.1589
0.2577
0.2141
0.3503
0.457
0.3932
0.6235
0.3765
1
0.71

9608.

0.3512
0.1119
0.3234
0.2315
0.1979
0.211

0.1566
0.3351
0.6981
0.3019
0.1036
0.2115

0.

0.6952
0.341
1
0.3897
0.3884
0.2219
0.226
0.1433
0.1589
0.2577
0.2141
0.3503
0.457
0.3932
0.5606
0.3765
.816D
0.5608
20.29
1

0.3512
0.1119
0.3234
0.2315
0.1979
0.211

0.1566
0.3351
0.6981
0.3019
0.1036
0.2115
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n xphll xphl2 xphl3 xphl4 xphl5 xph21 xph22 xph23 xph24 xph25xph31 xph32 xph33
141 0.0576 0.0576 0.0576 0.0576 0.0576 0.0576 0.0576 0.0B6DH76 0.0576 0.0576 0.0576 0.0576
142 0.2536 0.2536 0.2536 0.2536 0.2536 0.2536 0.2536 0.262636 0.2536 0.2536 0.2536 0.2536
143 0.1339 0.1339 0.1339 0.1339 0.1339 0.1339 0.1339 0.133%39 0.1339 0.1339 0.1339 0.1339
144 0.2777 0.2777 0.2777 0.2777 0.0766 0.0766 0.0766 0.00@856 0.2777 0.2777 0.0766 0.0766
145 0.3448 0.3448 0.3448 0.3448 0.3448 0.3448 0.3448 0.334348 0.3448 0.3448 0.3448 0.3448
146 0.2142 0.2142 0.2142 0.2142 0.2142 0.2142 0.2142 0.20£442 0.2142 0.2142 0.2142 0.2142
147 0.2054 0.2054 0.2054 0.1633 0.2054 0.2054 0.2054 0.202054 0.2054 0.2054 0.2054 0.2054
148 0.1591 0.1591 0.1591 0 0.1591 0.1591 0.1591 0.1591 090.16.1591 0.1591 0.1591
149 0.7761 0.7761 0.7179 0.7761 0.7761 0.7179 0.7761 0.706179 0.7761 0.7179 0.7761 0.7761
150 0.2821 0.2821 0.2821 0.2821 0.2821 0.2821 0.2821 0.282B21 0.2821 0.2821 0.2821 0.2821
151 1 1 0.9196 0.9196 0.9196 0.9196 0.9196 1 0.9196 1 0.9196 1 1
152 0.3773 0.3773 0.3773 0.3773 0.3773 0.3773 0.3773 0.938B51 0.3773 0.9351 0.9351 0.3773
153 0.0649 0.0649 0.0649 0.0649 0.0649 0.0649 0.0649 0.084®49 0.0649 0.0649 0.0649 0.0649
154 0.621 0.621 0.0504 0.621 0.621 0.621 0.0504 0.621 0.6262100.0504 0.621 0.621
155 0.5337 0.5337 0.5337 0.5337 0.5337 0.5337 0.5337 0.583%B837 0.5337 0.5337 0.5337 0.5337
156 0.4159 0.4159 0.4159 0.4159 0.4159 0.4159 0.4159 0.403959 0.4159 0.4159 0.4159 0.4159
157 0.2377 0.2377 0.2377 0.2576 0.2377 0.2377 0.2576 0.282h76 0.2377 0.2576 0.2377 0.2576
158 0.2888 0.2888 0.2888 0.2888 0.2888 0.2888 0.2888 0.282888 0.2888 0.2888 0.2888 0.2888
159 0.2703 0.2703 0.2703 0.2703 0.2703 0.2703 0.2703 0.20@303 0.2703 0.2703 0.2703 0.2703
160 0.1833 0.1833 0.1833 0.1833 0.1833 0.1833 0.1833 0.183833 0.1833 0.1833 0.1833 0.1833
161 0.5206 0.5206 0.5206 0.5206 0.5206 0.6825 0.5206 0.52G@06 0.5206 0.6825 0.6825 0.6825
162 0.3175 0.3175 0.3175 0.3175 0.3175 0.3175 0.3175 0.3075 0.3175 0.3175 0.3175 0.3175
163 0.9054 1 0.9054 0.9054 0.9054 0.9054 1 1 1 1 1 0.9054 0.9054
164 0.1917 0.1917 0.1917 0.1917 0.1917 0.1917 0.1917 0.1@PK05 0.2505 0.2505 0.2505 0.2505
165 0.1884 0.1884 0.1884 0.1884 0.1884 0.1884 0.1884 0.183484 0.1884 0.1884 0.1884 0.1884
166 0.2137 0.2137 0.2137 0.2137 0.2137 0.2137 0.2137 0.2a2237 0.2137 0.2137 0.2137 0.2137
167 0.2684 0.2684 0.2684 0.2684 0.2684 0.2684 0.2684 0.28624684 0.2684 0.2684 0.2684 0.2684
168 0.0789 0.0789 0.0789 0.0789 0.0789 0.0789 0.0789 0.008¥89 0.0789 0.0789 0.0789 0.0789
169 05139 0.313 0.313 0.313 0.313 0.313 0.313 0.5139 0.513313 0.5139 0.313 0.313
170 0.1727 0.1727 0.1727 0.1727 0.1727 0.1727 0.1727 0.104727 0.1727 0.1727 0.1727 0.1727
171 0.201 0.201 0.201 0.201 0.201 0.201 0.201 0.201 0.201010.20.201 0.201 0.201
172 0.0836 0.0836 0.0836 0.0836 0.0836 0.0836 0.0836 0.088®36 0.0836 0.0836 0.0836 0.0836
173 0.0287 0.0287 0.0287 0.0287 0.0287 0.0287 0.0287 0.028287 0.0287 0.0287 0.0287 0.0287
174 0.2508 0.361 0.2508 0.361 0.2508 0.361 0.2508 0.2508610.3.2508 0.2508 0.361 0.361
175 0.2359 0.2359 0.2359 0.2359 0.2359 0.2359 0.2359 0.232359 0.2359 0.2359 0.2359 0.2359
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176
177
178
179
180
181
182
183
184
185
186
187
188
189
190
191
192
193
194
195
196
197
198
199
200
201
202
203
204
205
206
207
208
209
210
211
212
213
214
215

xphll xphl2 xphl3 xphl4 xphl5 xph21 xph22 xph23 xph24 xph25xph31 xph32 xph33

0.4031 0.4031 0.4031 0.4031 0.4031 0.4031 0.4031

1
0.1951
0.2057
0.3664
0.2328
0.3999
0.3752
0.5575
0.3692
0.4767

1
0.6165
0.2499
0.1336
0.5842
0.8771
0.3773
0.4221

0.297
0.8034
0.814
0.5619
0.5403

1
0.2638
0.2944
0.2906
0.2066
0.7704
0.5481
0.2715
0.5964
0.4103
0.8765

1

0.416
0.4297
0.4396

0.952

1 0.9881 0.9881 0.9881 O
0.1774 0.1774 0.1774 0.1774
0.2057 0.2057 0.2057 0.2057
0.3664 0.3664 0.3664 0.3664
0.2328 0.2328 0.2328 0.2328
0.3999 0.3999 0.0673 0.3999
0.3752 0.3752 0.3752 0.3752
0.5575 0.5575 0.5575 0.5575
0.3692 0.3692 0.3692 0.3692
0.4767 0.4767 0.4767 0.4767
0.9519 0.9519 1 0.9519
0.6165 0.6165 0.3304 0.3304
0.2499 0.2499 0.2499 0.2499
0.1336 0.1336 0.1336 0.1336
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0.0576
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0.1339
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0.1591
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0.2142
0.2054
0.1591
0.7179
0.2821
1
0.9351
0.0649
0.0504
0.5337
0.4159
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0.2684
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0.0576 0.0576
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0.5575
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0.4103 0.4103 0.4103 0.4103
1 1 1 1
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0.202D57
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0.692
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0.469
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0.572
0.339
0.339
0.945
0.919
0.332
0.332
0.358
0.358
0.477
0.337

0.48

0.21
0.141
0.141
0.186

yh12

0.281
0.692
0.692

0.294
0.706
0.706
0.469
0.664
0.257
0.257
0.363
0.208
0.244
0.244
0.155
0.155
0.155
0.729
0.661
0.339
0.339
0.945
0.919
0.332
0.332
0.358
0.358
0.477
0.337

0.48

0.21
0.141
0.141
0.186

yhi3 yhl14 yh15 yh21 yh22 yh23 yh24 yh25 yh31 yh32 3&
0.281 0.308 0.281
0.692 0.692 0.692
0.692 0.692 0.692

1 1.174 1.174

0.281
0.692
0.692
1.174
0.469
0.706
0.706
0.469
0.664
0.257
0.257
0.287
0.208
0.244
0.244
0.079
0.079
0.079
1
0.572
0.339
0.339
0.945
0.919
0.332
0.332
0.358
0.358
0.477
0.337
0.48
0.21
0.141
0.141
0.186

0.281
0.692
0.692
1.174
0.469
0.706
0.706
0.469
0.664
0.257
0.257
0.287
0.208
0.244
0.244
0.079
0.079
0.079
0.729
0.572
0.339
0.339
0.945
0.919
0.332
0.332
0.358
0.358
0.477
0.337
0.48
0.21
0.141
0.141
0.186

0.294
0.706
0.706
0.469
0.664
0.257
0.257
0.363
0.208
0.244
0.244
0.155
0.155
0.155
0.729
0.572
0.339
0.339
0.945
0.919
0.332
0.332
0.358
0.358
0.477
0.337
0.48
0.21
0.141
0.141
0.186

0.469
0.706
0.706
0.393
0.588
0.257
0.257
0.363
0.208
0.244
0.244
0.155
0.155
0.155
0.729
0.572
0.339
0.339
0.945
0.919
0.332
0.332
0.358
0.358
0.477
0.337
0.48
0.21
0.141
0.141
0.186

0.469
0.706
0.706
0.393
0.588
0.257
0.257
0.363
0.208
0.244
0.244
0.155
0.155
0.155

0.281
0.692
0.692
1
0.294
0.706
0.706
0.469
0.664

0.257
0.257
0.363
0.208
0.244
0.244

0.155
0.155
0.155

0.308 0.2808
0.692 06932
0.692 06832
1 1174
0.294 04294
0.706 000®6
0.706 000®6
0.469 028%9
0.664 06664
0.257 702257
0.257 702257
0.3633003863
0.20880.2@208
0.24440024244
0.24440024244
0.1555004355
0.155500355
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0.21
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0.661
0.339
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0.642
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0.661206661
0.3399003339
0.3399003339
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0.337703362
048 048 0
0.21 0.21
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0.692 0.692
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1 1.174 1
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0.706 0.706
0.393 0.393
0.588 0.588
0.257 0.257
0.257 0.257
0.363 0.363
0.208 0.208
0.244 0.244
0.244 0.244
0.155 0.155
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0.155 0.155
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48
49
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66
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69
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0.186
0.186
0.207
0.207
1.042
0.467
0.576
0.576
0.656
0.274
0.344
0.344
0.344
0.382
0.382
0

1

1
0.222
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0.217
0.37
0.217
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0.37
0.675
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0.204
0.385
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0.186 0.186
0.207 0.207
0.207 0.207
1.042 1
0.467 0.424
0.576 0.576
0.576 0.576
0.656 0.671
0.274 0.289
0.344 0.504
0.344 0.504
0.344 0.344
0.382 0.382
0.382 0.541
0 0.159
0.793 1
0.929 0.929
0.222 0.222
0.65 0.65
0.65 0.65
0.275 0.275
0.428 0.428
0.217 0.217
0.217 0.217
0.574 0.574
0.204 0.204
0.37 0.37
0.804 0.675
0.804 0.675
0.196 0.196
0.204 0.204
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0.385 0.385
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0.289
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0.541
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0.793 0.793 0.793 0.793 1 0.793
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0.275

0.428
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0.186
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0.207
1
0.424
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0.496
0.114
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0.344
0.382
0.541

1
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0.424 0.467 0.467708824
0.576 0.576 0.576606.FB76
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0.341 0.341 0.341 0.341 0.341 0.341 0.3411083.341 0.341 0.341
0.283 1 0.283 0.283 0.283 0.283 0.283 1 0.283 0.2831
0.454 0.454 0.454 0.39 0.39 0.454 0.454 0.3%40.0.39 0.39
0.454 0.454 0.454 0.39 0.39 0.454 0.454 0.3%40.0.39 0.39
0.388 0.388 0.388 0.388 0.388 0.388 0.38880.3.388 0.388 0.388
061 061 061 061 061 061 061 0.61 0.61 0651
0.222 0.222 0.222 0.222 0.222 0.222 0.22220Q@.222 0.222 0.222
0.222 0.222 0.222 0.222 0.222 0.222 0.22220Q@.222 0.222 0.222
0.096 0.096 0.096 0.096 0.096 0.096 0.22860.0.226 0.226 0.226
0.096 0.096 0.096 0.096 0.096 0.096 0.228060.0.226 0.226 0.226
0.401 0.401 0.401 0.401 0.401 0.401 0.40D10@.401 0.401 o0.401
0.143 0.143 0.143 0.143 0.143 0.143 0.143300.143 0.143 0.143
0.143 0.143 0.143 0.143 0.143 0.143 0.143300.143 0.143 0.143
0.373 0.373 0.373 0.373 0.373 0.373 0.373303.373 0.373 0.373
0.159 0.159 0.159 0.159 0.159 0.159 0.15%900.159 0.159 0.159
0.159 0.159 0.159 0.159 0.159 0.159 0.15%900.159 0.159 0.159
0.258 0.258 0.258 0.258 0.258 0.258 0.25880.2.258 0.258 0.258
0.258 0.258 0.258 0.258 0.258 0.258 0.25880.2.258 0.258 0.258
0.214 0.214 0.214 0.214 0.214 0.214 0.21440@.214 0.214 0.214
035 035 035 035 015 035 035 035 035 00635
0.457 0.457 0.457 0.457 0.457 0.457 0.45B670@.457 0.457 0.457
0.457 0.457 0.457 0.457 0.457 0.457 0.45B670@.457 0.457 0.457
0.393 0.393 0.393 0.393 0.393 0.393 0.393303.393 0.393 0.393
0.393 0.393 0.393 0.393 0.393 0.393 0.39330.3.393 0.393 0.393
0.561 0.624 0.561 0.561 0.624 0.561 0.622408.561 0.624 0.561
0.561 0.624 0.561 0.561 0.624 0.561 0.622408.561 0.624 0.561
0.376 0.376 0.376 0.376 0.376 0.376 0.376603.376 0.376 0.376
0.817 0.817 0.817 1 0.817 1 0.817 1 1 1 0.817
0.561 0.561 0.561 0.71 0.561 0.561 0.71 0.Bb10 0.71 0.561
0.561 0.561 0.561 0.71 0.561 0.561 0.71 0.Bb10 0.71 0.561
029 029 029 029 029 029 029 029 029 0229
0.96 0.96 1 096 1 1 096 0.96 1 0.96 1
0.699 1 1 0.699 0.699 0.699 0.699 0.699 0.699 06S9I9
0.398 0.398 0.398 0.565 0.398 0.398 0.39880.3.565 0.565 0.398

230



246
247
248
249
250
251
252
253
254
255
256
257
258
259
260
261
262
263
264
265
266
267
268
269
270
271
272
273
274
275
276
277
278
279
280

yhl1l yh12 yhi13 yhl4 vyhl5 yh21 yh22 yh23 yh24 yh25 yh31 yh32 3k

0.047
0.351
0.463
0.435
0.112
0.323
0.323
0.323
0.443
0.231
0.198
0.198
0.198
0.211
0.703
0.157
0.492
0.335
0.335
0.609
0.609
0.302
0.302
0.302
0.161
0.491
0.345
0.269
0.058
0.254
0.254
0.134
0.987
0.623
0.492

0.047
0.351
0.463
0.435
0.112
0.323
0.323
0.323
0.443
0.231
0.198
0.198
0.198
0.211
0.703
0.157
0.492
0.335
0.335
0.609
0.609
0.302
0.302
0.302
0.161
0.491
0.345
0.269
0.058
0.254
0.254
0.134
0.987
0.623
0.492

0.047
0.351
0.463
0.435
0.112
0.323
0.323
0.323
0.443
0.231
0.198
0.198
0.198
0.211
0.703
0.157
0.492
0.335
0.335
0.609
0.609
0.302
0.302
0.302
0.161
0.491
0.345
0.269
0.058
0.254
0.254
0.134
0.987
0.623
0.492

0.047
0.351
0.463
0.435
0.112
0.323
0.323
0.323
0.443
0.231
0.198
0.198
0.198
0.211
0.703
0.157
0.492
0.335
0.335
0.609
0.609
0.302
0.302
0.302
0.401
0.731
0.345
0.269
0.058
0.254
0.254
0.134
0.786
0.623
0.492

0.047
0.351
0.463
0.435
0.112
0.323
0.323
0.323
0.443
0.231
0.198
0.198
0.198
0.211
0.703
0.157
0.492
0.335
0.335
0.609
0.609
0.302
0.302
0.302
0.161
0.491
0.345
0.269
0.058
0.254
0.254
0.134
0.786
0.421
0.291

0.213
0.351
0.463
0.435
0.112
0.323
0.323
0.323
0.443
0.231
0.198
0.198
0.198
0.211
0.703
0.157
0.492
0.335
0.335
0.698
0.698
0.302
0.302
0.302
0.401
0.731
0.345
0.269
0.058
0.254
0.254
0.134
0.786
0.421
0.291

0.047
0.351
0.463
0.435
0.112
0.323
0.323
0.323
0.443
0.231
0.198
0.198
0.198
0.211
0.703
0.157
0.492
0.335
0.335
0.609
0.609
0.302
0.302
0.302
0.161
0.491
0.345
0.269
0.058
0.254
0.254
0.134
0.786
0.421
0.291

0.047
0.351
0.463
0.435
0.112
0.323
0.323
0.323

0.31
0.099
0.198
0.198
0.198
0.211
0.703
0.157
0.492
0.335
0.335
0.609
0.609
0.302
0.302
0.302
0.161
0.491
0.345
0.269
0.058
0.254
0.254
0.134
0.786
0.421
0.291

0.044700.213
0.3551003.351
0.46830@.463
0.43850@.435
0.112200.112
0.3223003.323
0.3223003.323
0.3223003.323

0.31 0.42431
0.099810.2.099
0.19880.0.198
0.19880.0.198
0.19880.0.198
0.211102211
0.708300.703
0.156700.157
0.49220@.492
0.3385003.335
0.3385003.335
0.60990.6.609
0.60990.6.609
0.30220.3.302
0.30220.3.302
0.30220.3.302
0.16010@.401
0.49B100.731
0.3485003.345
0.26%$90.2.269
0.058%80.0.058
0.25440@.254
0.25440@.254
0.138400.134
0.78®700.987

0.58306523

0.45204992

0.213
0.351
0.463
0.435
0.112
0.323
0.323
0.323
0.443
0.231
0.198
0.198
0.198
0.211
0.703
0.157
0.492
0.335
0.335
0.698
0.698
0.302
0.302
0.302
0.161
0.491
0.345
0.269
0.058
0.254
0.254
0.134
0.786
0.421
0.291

0.047
0.351
0.463
0.435
0.112
0.323
0.323
0.323
0.443
0.231
0.198
0.198
0.198
0.211
0.703
0.157
0.492
0.335
0.335
0.698
0.698
0.302
0.302
0.302
0.161
0.491
0.345
0.269
0.058
0.254
0.254
0.134
0.786
0.421
0.291

231



281
282
283
284
285
286
287
288
289
290
201
292
293
294
295
296
297
298
299
300
301
302
303
304
305
306
307
308
309
310
311
312
313
314
315

yhl1l yh12 yhi13 yhl4 vyhl5 yh21 yh22 yh23 yh24 yh25 yh31 yh32 3k

0.345
0.55
0.214
0.364
0.205
0.159
0.159
0.159
0.776
0.282
0.282
1
0.377
0.065
0.065
1.155
0.621
0.534
0.534
0.416
0.416
0.416
0.691
0.238
0.289
0.289
0.472
0.27
0.27
0.183
0.183
0.521
0.521
0.317
0.317

0.345

0.55
0.214
0.364
0.205
0.159
0.159
0.159
0.776
0.282
0.282

1

0.377
0.065
0.065
1.155
0.621
0.534
0.534
0.416
0.416
0.416
0.691
0.238
0.289
0.289
0.472

0.27

0.27
0.183
0.183
0.521
0.521
0.317
0.317

0.345
0.55
0.214
0.364
0.205
0.159
0.159
0.159
0.718
0.282
0.282
0.92
0.377
0.065
0.065
0.584
0.05
0.534
0.534
0.416
0.416
0.416
0.691
0.238
0.289
0.289
0.472
0.27
0.27
0.183
0.183
0.521
0.521
0.317
0.317

0.345
0.508
0.214
0.163
0.163
0
0
0
0.776
0.282
0.282
0.92
0.377
0.065
0.065
1.155
0.621
0.534
0.534
0.416
0.416
0.416
0.711
0.258
0.289
0.289
0.472
0.27
0.27
0.183
0.183
0.521
0.521
0.317
0.317

0.345
0.55
0.214
0.364
0.205
0.159
0.159
0.159
0.776
0.282
0.282
0.92
0.377
0.065
0.065
1.155
0.621
0.534
0.534
0.416
0.416
0.416
0.691
0.238
0.289
0.289
0.472
0.27
0.27
0.183
0.183
0.521
0.521
0.317
0.317

0.345
0.55
0.214
0.364
0.205
0.159
0.159
0.159
0.718
0.282
0.282

0.92

0.377
0.065
0.065
1.155
0.621
0.534
0.534
0.416
0.416
0.416
0.691
0.238
0.289
0.289
0.472
0.27

0.27

0.183
0.183
0.683
0.683
0.317
0.317

0.345
0.55
0.214
0.364
0.205
0.159
0.159
0.159
0.776
0.282
0.282

0.92
0.377
0.065
0.065
0.584
0.05
0.534
0.534
0.416
0.416
0.416
0.711
0.258
0.289
0.289
0.472
0.27
0.27
0.183
0.183
0.521
0.521
0.317
0.317

0.345
0.55
0.214
0.364
0.205
0.159
0.159
0.159
0.776
0.282
0.282

1 092

0.935
0.065
0.065
1.155
0.621
0.534
0.534
0.416
0.416
0.416
0.691
0.238
0.289
0.289
0.472
0.27

0.27

0.183
0.183
0.521
0.521
0.317
0.317

0.3435003.345 0.345 0.345
0.55 0.55 0.555 06.55
0.21440@214 0.214 0.214
0.20%403.364 0.364 0.364
0.209502.205 0.205 0.205
0 0.159 0.13%900.159
0 0.159 0.13%900.159
0 0.159 0.13%900.159

0.718600.718
0.28320.2.282
0.283202.282

0.9357003.935
0.06%50.0.065
0.06%50.0.065
1.15551.0.584
0.621 0.6205
0.5348406.534
0.538406.534
0.41460@.416
0.41460@.416
0.41460@.416
0.719106.711
0.25880.2.258
0.28890.2.289
0.28890.2.289
0.47220@.472

0.776
0.282
0.282

1 092

0.935
0.065
0.065
1.155
0.621
0.534
0.534
0.416
0.416
0.416
0.691
0.238
0.289
0.289
0.472

0.776
0.282
0.282
1 1
0.377
0.065
0.065
1.155
0.621
0.534
0.534
0.416
0.416
0.416
0.711
0.258
0.289
0.289
0.472

0.27 0.27 0.27 0@27
0.27 0.27 0.27 0@27

0.18830.0.183
0.18830.0.183
0.522106.683
0.522106.683
0.312703.317
0.312703.317

0.183
0.183
0.683
0.683
0.317
0.317

0.183
0.183
0.683
0.683
0.317
0.317

232



n yhil yhi12 yh13 yh14 yhl5 yh21 yh22 yh23 yh24 yh25 yh31 yh32 3h

316 0.317 0.317 0.317 0.317 0.317 0.317 0.317 0.317 0.312703.317 0.317 0.317
317 0.905 1 0.905 0.905 0.905 0.905 1 1 1 1 1 0.905 0.905
318 0.271 0.271 0.271 0.271 0.271 0.271 0.271 0.271 0.32290@3.329 0.329 0.329
319 0.674 0.674 0.674 0.674 0.674 0.674 0.674 0.674 0.733300.733 0.733 0.733
320 0.402 0.402 0.402 0.402 0.402 0.402 0.402 0.402 0.402204.402 0.402 0.402
321 0.188 0.188 0.188 0.188 0.188 0.188 0.188 0.188 0.18880.0.188 0.188 0.188
322 0.188 0.188 0.188 0.188 0.188 0.188 0.188 0.188 0.18880.0.188 0.188 0.188
323 0.214 0.214 0.214 0.214 0.214 0.214 0.214 0.214 0.21440@.214 0.214 0.214
324 0.268 0.268 0.268 0.268 0.268 0.268 0.268 0.268 0.26880.2.268 0.268 0.268
325 0.268 0.268 0.268 0.268 0.268 0.268 0.268 0.268 0.26880.2.268 0.268 0.268
326 0.079 0.079 0.079 0.079 0.079 0.079 0.079 0.079 0.07990.0.079 0.079 0.079
327 0.079 0.079 0.079 0.079 0.079 0.079 0.079 0.079 0.07990.0.079 0.079 0.079
328 0.916 0.715 0.715 0.715 0.715 0.715 0.715 0.916 0.914500.916 0.715 0.715
329 0.744 0.543 0.543 0.543 0.543 0.543 0.543 0.744 0.744306.744 0.543 0.543
330 0.514 0.313 0.313 0.313 0.313 0.313 0.313 0.514 0.5143083514 0.313 0.313
331 0.173 0.173 0.173 0.173 0.173 0.173 0.173 0.173 0.1733004.173 0.173 0.173
332 0.256 0.256 0.256 0.256 0.256 0.256 0.256 0.256 0.256602.256 0.256 0.256
333 0.285 0.285 0.285 0.285 0.285 0.285 0.285 0.285 0.28850.2.285 0.285 0.285
334 0.201 0.201 0.201 0.201 0.201 0.201 0.201 0.201 0.200102.201 0.201 0.201
335 0.201 0.201 0.201 0.201 0.201 0.201 0.201 0.201 0.200102.201 0.201 0.201
336 0.084 0.084 0.084 0.084 0.084 0.084 0.084 0.084 0.08440.0.084 0.084 0.084
337 0.029 0.029 0.029 0.029 0.029 0.029 0.029 0.029 0.02290.0.029 0.029 0.029
338 0.029 0.029 0.029 0.029 0.029 0.029 0.029 0.029 0.02290.0.029 0.029 0.029
339 0.251 0.361 0.251 0.361 0.251 0.361 0.251 0.251 0.365102.251 0.361 0.361
340 0.236 0.236 0.236 0.236 0.236 0.236 0.236 0.236 0.236860.2.236 0.236 0.236
341 0.236 0.236 0.236 0.236 0.236 0.236 0.236 0.236 0.236860.2.236 0.236 0.236
342 0.403 0.403 0.403 0.403 0.403 0.403 0.403 0.403 0.408304.403 0.403 0.403
343 0.403 0.403 0.403 0.403 0.403 0.403 0.403 0.403 0.408304.403 0.403 0.403
344 0.403 0.403 0.403 0.403 0.403 0.403 0.403 0.403 0.408304.403 0.403 0.403
345 1 1 0.988 0.988 0.988 0.988 1 1 0.988 1 1 0.988 1
346 0.794 0.777 0.777 0.777 0.777 0.777 0.777 0.777 0.777700.794 0.777 0.777
347 0.195 0.177 0.177 0.177 0.177 0.177 0.177 0.177 0.17770Q.195 0.177 0.177
348 0.206 0.206 0.206 0.206 0.206 0.206 0.206 0.206 0.20060.2.206 0.206 0.206
349 0.572 0.572 0.572 0.572 0.572 0.572 0.572 0.572 0.572206.572 0.572 0.572
350 0.366 0.366 0.366 0.366 0.366 0.366 0.366 0.366 0.36660.3.366 0.366 0.366

233



351
352
353
354
355
356
357
358
359
360
361
362
363
364
365
366
367
368
369
370
371
372
373
374
375
376
377
378
379
380
381
382
383
384
385

yhl1l yh12 yhi13 yhl4 vyhl5 yh21 yh22 yh23 yh24 yh25 yh31 yh32 3k

0.233
0.233
0.233
0.4
0.4
0.933
0.375
0.557
0.557
0.369
0.369
0.477
0.477
1
0.617
0.617
0.25
0.25
0.25
0.134
0.134
0.134
0.584
0.877
0.877
0.799
0.377
0.674
0.422
0.422
0.297
0.803
0.814
0.562
0.562

0.233
0.233
0.233
0.4
0.4
0.933
0.375
0.557
0.557
0.369
0.369
0.477
0.477
0.952
0.617
0.617
0.25
0.25
0.25
0.134
0.134
0.134
0.584
0.877
0.877
0.799
0.377
0.674
0.422
0.422
0.297
0.803
0.814
0.562
0.562

0.233
0.233
0.233
0.4
0.4
0.933
0.375
0.557
0.557
0.369
0.369
0.477
0.477
0.952
0.617
0.617
0.25
0.25
0.25
0.134
0.134
0.134
0.584
0.877
0.877
0.799
0.377
0.674
0.422
0.422
0.297
1
0.814
0.562
0.562

0.233
0.233
0.233
0.067
0.067
0.933
0.375
0.557
0.557
0.369
0.369
0.477
0.477

0.233
0.233
0.233
0.4
0.4
0.933
0.375
0.557
0.557
0.369
0.369
0.477
0.477

1 0.952

0.33

0.33

0.25

0.25

0.25
0.134
0.134
0.134
0.584
0.877
0.877
0.799
0.377
0.674
0.422
0.422
0.297
0.803
0.814
0.562
0.562

0.33
0.33
0.25
0.25
0.25
0.134
0.134
0.134
0.584
0.877
0.877
0.703
0.281
0.578
0.422
0.422
0.297
0.803
0.814
0.562
0.562

0.233 0.233 0.233
0.233 0.233 0.233
0.233 0.233 0.233

0.4 0.067 0.067
0.4 0.067 0.067

0.933
0.375
0.557
0.557
0.523
0.523
0.477
0.477
1
0.33
0.33
0.25
0.25
0.25
0.134
0.134
0.134
0.584
0.877
0.877
0.799
0.377
0.674
0.422
0.422
0.297
0.803
0.814
1
1

0.933 0.933
0.375 0.375
0.557 0.557
0.557 0.557
0.369 0.523
0.369 0.523
0.477 0.477
0.477 0.477

0.33 0.617
0.33 0.617
0.25 0.25
0.25 0.25
0.25 0.25

0.134 0.134
0.134 0.134
0.134 0.134
0.123 0.584
0.877 0.877
0.877 0.877
0.703 0.799
0.281 0.377
0.578 0.674
0.422 0.422
0.422 0.422
0.297 0.297

0.803 0.803
0.814 1
1 0.562
1 0.562

0.233302.233 0.233 0.233
0.233302.233 0.233 0.233
0.233302.233 0.233 0.233
0.4 0.067 0.0674 O.
0.4 0.067 0.0674 O.
0.933300.933 0.933 0.933
0.3795083.375 0.375 0.375
0.55B706.557 0.557 0.557
0.55B706.557 0.557 0.557
0.36%$9003.369 0.523 0.523
0.36%$9003.369 0.523 0.523
0.47770@.477 0.477 0.477
0.47770@.477 0.477 0.477
1 0.952 0.952 0.952 1 1
0.33 0333 0.617
0.33 0333 0.617

0.4
0.4

0.33
0.33
0.25
0.25
0.25

0.25 0.25 0@25
0.25 0.25 0@25
0.25 0.25 0@25

0.138400.134 0.134 0.134
0.138400.134 0.134 0.134
0.138400.134 0.134 0.134
0.122300.584 0.123 0.123
0.877708877 0.877 0.877
0.877708877 0.877 0.877
0.799300.703 0.799 0.703
0.378102281 0.377 0.281
0.674806.578 0.674 0.578
0.42220@.422 0.422 0.422
0.42220@.422 0.422 0.422
0.29B70@.297 0.297 0.297

0.803 0.803 1 11

0.814
1
1

1 1 140.81

1 0.562 0.562
1 0.562 0.562

1
1

234



386
387
388
389
390
391
392
393
394
395
396
397
398
399
400
401
402
403
404
405
406
407
408
409
410
411
412
413
414
415
416
417

yhl1l yh12 yhi13 yhl4 vyhl5 yh21 yh22 yh23 yh24 yh25 yh31 yh32 3k

0.54 054 054 054 054 1 1 054 1 054 1 054 1
0.54 054 054 054 054 1 1 054 1 054 1 054 1
1 1 0.968 0.968 0.968 0.968 0.968 1 0.968 1 0.968 1 1
1 1 0.968 0.968 0.968 0.968 0.968 1 0.968 1 0.968 1 1
0.264 0.264 0.264 0.264 0.264 0.208 0.264 0.264 0.26480.2.264 0.208 0.264
0.264 0.264 0.264 0.264 0.264 0.208 0.264 0.264 0.26480.2.264 0.208 0.264
0.294 0.294 0.294 0.294 0.294 0.294 0.294 0.294 0.2949402.294 0.294 0.294
0.294 0.294 0.294 0.294 0.294 0.294 0.294 0.294 0.294940@2.294 0.294 0.294
0.792 0.792 0.792 0.792 0.792 0.792 0.792 0.792 0.793200.792 0.792 0.792
0.291 0.291 0.291 0.291 0.291 0.291 0.291 0.291 0.2989102.291 0.291 0.291
0.497 0.497 0.497 0.497 0.497 0.497 0.497 0.497 0.49B70@.497 0.497 0.497
0.207 0.207 0.207 0.207 0.207 0.207 0.207 0.207 0.20D70.@2.207 0.207 0.207
0.207 0.207 0.207 0.207 0.207 0.207 0.207 0.207 0.20D70.@2.207 0.207 0.207
0.77 1 077 077 0.77 1 0.77 1 1 0.77 1 1 077
0.548 0.548 0.548 0.548 0.548 0.728 0.728 0.728 0.548806.728 0.728 0.548
0.272 0.272 0.272 0.272 0.272 0.272 0.272 0.272 0.27220@2.272 0.272 0.272
0.272 0.272 0.272 0.272 0.272 0.272 0.272 0.272 0.27220@2.272 0.272 0.272
0.596 0.596 0.596 0.596 0.59 0.59 0.596 0.59 0.596 0.5969 00.59 0.59
0.596 0.596 0.596 0.596 0.59 0.59 0.596 0.59 0.596 0.5969 00.59 0.59
1.007 1.007 1.007 1.007 1 1 1.007 1 1.007 1.007 1 1 1
0.41 041 041 041 041 041 041 041 041 041 041 0@x1
0.877 1 0.877 0.877 1 0.877 0.877 1 0.877 0.877 0.877 0.8771
1 0.238 0.238 0.238 1 0.238 0.238 1 0.238 0.238 0.238 180.23
1 0.238 0.238 0.238 1 0.238 0.238 1 0.238 0.238 0.238 180.23
0.416 0.131 0.416 0.416 0.416 0.416 0.416 0.416 0.41460@.416 0.131 0.131
0.416 0.131 0.416 0.416 0.416 0.416 0.416 0.416 0.41460@.416 0.131 0.131
0.846 0.56 0.846 0.846 0.846 0.846 0.846 0.846 0.84660@8846 0.56 0.56
043 043 043 043 043 043 043 043 043 043 043 0a33
044 044 044 044 044 044 044 044 044 044 0.44 0044
044 044 044 044 044 044 044 044 044 0.44 0.44 0044
0.952 1 0.952 0.952 0.952 0.952 0.952 0.952 0.952 0.9%8520.0.952 1
0.952 1 0.952 0.952 0.952 0.952 0.952 0.952 0.952 0.9%520.0.952 1
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yh34
0.308
0.692
0.692

0.294
0.706
0.706
0.393
0.588
0.257
0.257
0.363
0.208
0.244
0.244
0.155
0.155
0.155

0.661
0.339
0.339
0.668
0.642
0.332
0.332
0.358
0.358
0.603
0.462
0.606

0.21
0.141
0.141
0.186

yh35 yh41 yh42 yh43 yh44 yh45 yh51 yh52 yh53 yh54 yh55

0.308
0.692
0.692
1.174
0.469
0.706
0.706
0.469
0.664
0.257
0.257
0.363
0.208
0.244
0.244
0.155
0.155
0.155
1
0.661
0.339
0.339
0.668
0.642
0.332
0.332
0.358
0.358
0.603
0.462
0.606
0.21
0.141
0.141
0.186

0.308
0.692
0.692
1
0.294
0.706
0.706
0.393
0.588
0.257
0.257
0.363
0.208
0.244
0.244
0.155
0.155
0.155
1
0.661
0.339
0.339
0.668
0.642
0.332
0.332
0.358
0.358
0.603
0.462
0.606
0.21
0.141
0.141
0.186

0.308
0.692
0.692
1
0.294
0.706
0.706
0.393
0.588
0.257
0.257
0.363
0.208
0.244
0.244
0.155
0.155
0.155
1
0.661
0.339
0.339
0.945
0.919
0.332
0.332
0.358
0.358
0.603
0.462
0.606
0.21
0.141
0.141
0.186

0.308
0.692
0.692
1
0.294
0.706
0.706
0.393
0.588
0.257
0.257
0.363
0.208
0.244
0.244
0.155
0.155
0.155
1
0.661
0.339
0.339
0.668
0.642
0.332
0.332
0.358
0.358
0.603
0.462
0.606
0.21
0.141
0.141
0.186

0.281
0.692
0.692

0.308
0.692
0.692

1 1.174

0.294
0.706
0.706
0.393
0.588
0.257
0.257
0.363
0.208
0.244
0.244
0.155
0.155
0.155

0.469
0.706
0.706
0.469
0.664
0.257
0.257
0.363
0.208
0.244
0.244
0.155
0.155
0.155

1 0.729

0.661
0.339
0.339
0.668
0.642
0.332
0.332
0.358
0.358
0.603
0.462
0.606
0.21

0.141
0.141
0.186

0.661
0.339
0.339
0.945
0.919
0.332
0.332
0.358
0.358
0.477
0.337
0.48
0.21
0.141
0.141
0.186

0.308
0.692
0.692
1
0.294
0.706
0.706
0.393
0.588
0.257
0.257
0.363
0.208
0.244
0.244
0.155
0.155
0.155
1

0.661
0.339
0.339
0.668
0.642
0.332
0.332
0.358
0.358
0.603
0.462
0.606
0.21

0.141
0.141
0.186

0.308
0.692
0.692
1
0.294
0.706
0.706
0.393
0.588
0.257
0.257
0.363
0.208
0.244
0.244
0.155
0.155
0.155
1

0.661
0.339
0.339
0.668
0.642
0.332
0.332
0.358
0.358
0.603
0.462
0.606
0.21

0.141
0.141
0.186

0.308
0.692
0.692
1
0.294
0.706
0.706
0.393
0.588
0.257
0.257
0.363
0.208
0.244
0.244
0.155
0.155
0.155
1

0.661
0.339
0.339
0.668
0.642
0.332
0.332
0.358
0.358
0.603
0.462
0.606
0.21

0.141
0.141
0.186

0.308
0.692
0.692
1

0.294
0.706
0.706
0.393
0.588
0.257
0.257
0.363
0.208
0.244
0.244
0.155
0.155
0.155
1
0.661
0.339
0.339
0.668
0.642
0.332
0.332
0.358
0.358
0.603
0.462
0.606
0.21
0.141
0.141
0.186

0.308
0.692
0.692
1
0.294
0.706
0.706
0.393
0.588
0.257
0.257
0.363
0.208
0.244
0.244
0.155
0.155
0.155
1
0.661
0.339
0.339
0.668
0.642
0.332
0.332
0.358
0.358
0.603
0.462
0.606
0.21
0.141
0.141
0.186
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36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62
63
64
65
66
67
68
69
70

yh34

0.186
0.186
0.207
0.207

0.424
0.576
0.576
0.671
0.289
0.504
0.504
0.344
0.382
0.541
0.159

0.222
0.65
0.65

0.275

0.428

0.217

0.217

0.574

0.204
0.37

0.804

0.804

0.196

0.181

0.181

0.181

0.385

yh35 yh4l vyh42 yh43 yh44 yh45 yh51 yh52 yh53 yh54 yh55

0.186 0.186
0.186 0.186
0.207 0.207
0.207 0.207
1.042 1.042
0.467 0.467
0.576 0.576
0.576 0.576
0.496 0.496
0.114 0.114
0.504 0.504
0.504 0.504
0.344 0.344
0.382 0.382
0.541 0.541
0.159 0.159
1 1

1 0.929
0.151 0.151
0.579 0.579
0.579 0.579
0.275 0.275
0.428 0.428
0.217 0.217
0.217 0.217
0.574 0.574
0.204 0.204
0.37 0.37
0.804 0.804
0.804 0.804
0.196 0.196
0.181 0.181
0.181 0.181
0.181 0.181
0.385 0.385

0.186
0.186
0.207
0.207
1
0.424
0.576
0.576
0.671
0.289
0.504
0.504
0.344
0.382
0.541
0.159
1
1

0.222

0.65

0.65
0.275
0.428
0.217
0.217
0.574
0.204

0.37
0.804
0.804
0.196
0.181
0.181
0.181
0.385

0.186
0.186
0.207
0.207

1.042
0.467
0.576
0.576
0.496
0.114
0.504
0.504
0.344
0.382
0.541
0.159

1
1

0.209
0.579
0.579
0.217
0.37
0.217
0.217
0.574
0.204

0.37
0.804
0.804
0.196
0.181
0.181
0.181
0.385

0.186
0.186
0.207
0.207
1
0.424
0.576
0.576
0.496
0.114
0.504
0.504
0.344
0.382
0.541
0.159
1
1

0.222

0.65

0.65
0.275
0.428
0.217
0.217
0.574
0.204
0.37
0.804
0.804
0.196
0.181
0.181
0.181
0.385

0.186
0.186
0.207
0.207
1
0.424
0.576
0.576
0.496
0.114
0.504
0.504
0.344
0.382
0.541
0.159
1
1

0.222

0.65

0.65
0.275
0.428
0.217
0.217
0.574
0.204
0.37
0.804
0.804
0.196
0.181
0.181
0.181
0.385

0.186
0.186
0.207
0.207
1
0.424
0.576
0.576
0.496
0.114
0.504
0.504
0.344
0.382
0.541
0.159
1
1

0.151
0.579

0.579

0.275
0.428
0.217
0.217
0.574
0.204
0.37

0.804
0.804
0.196
0.181
0.181
0.181
0.385

0.18660.0886
0.18660.0886
0.20770.2@07
0.20770.2@07
1 1
0.424408224
0.576606B76
0.576606B76
0.49660.3996
0.114400114
0.50440.6604
0.50440.6604
0.34440034844
0.382203882
0.541106441
0.15990.0359

0.186
0.186
0.207
0.207

1
0.424

1 1 1

1 1

1

0.576
0.576
0.496

1

0.114
0.504
0.504
0.344

0.382
0.541
0.159

1

0.151100351 0.151
0.579 0.57990.6.579
0.579 0.57990.6.579

0.27550@275
0.428 042228
0.21770@217
0.21770@217
0.574406bH74
0.20440.2204

0.275
0.428
0.217
0.217

1

0.574

0.204

0.37 037 0.37 0.37
0.804408@04 0.804
0.804408@04 0.804

0.19660.0996
0.18110.0881
0.18110.0881
0.18110.0881
0.385503885

0.196
0.181
0.181
0.181
0.385
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n yh34 yh35 yh4l vyh42 yh43 yh44 yh45 yh51 yh52 yh53 yh54 yh55

71 0.532 0.532 0.532 0.532 0.532 0.532 0.532 0.532 0.532206332 0.532
72 0.286 0.286 0.286 0.286 0.286 0.286 0.286 0.286 0.28660.2286 0.286
73 0.286 0.286 0.286 0.286 0.286 0.286 0.286 0.286 0.28660.2286 0.286
74 0.147 0.147 0.147 0.147 0.147 0.147 0.147 0.147 0.14770Q447 0.147
75 0.147 0.147 0.147 0.147 0.147 0.147 0.147 0.147 0.14770Q447 0.147
76 0.217 0.217 0.165 0.165 0.165 0.165 0.165 0.165 0.165500865 0.165
77 0.298 0.298 0.246 0.246 0.246 0.246 0.246 0.246 0.24660.24246 0.246
78 0.298 0.298 0.246 0.246 0.246 0.246 0.246 0.246 0.24660.2246 0.246
79 0.589 0.589 0.536 0.536 0.536 0.536 0.536 0.536 0.53660.63536 0.536
80 0.545 0.545 0.545 0.545 0.545 0.545 0.545 0.545 0.5455006445 0.545
81 0.373 0.373 0.373 0.373 0.373 0.373 0.373 0.373 0.373303B73 0.373
82 0.091 0.091 0.091 0.091 0.091 0.091 0.091 0.091 0.09110.0991 0.091
83 0.091 0.091 0.091 0.091 0.091 0.091 0.091 0.091 0.09110.0991 0.091
84 029 029 029 029 029 029 029 029 029 0.29 0.29 0.29
85 029 029 029 029 029 029 029 029 029 0.29 0.29 0.29
86 0.172 0.172 0.172 0.172 0.172 0.172 0.172 0.172 0.17220Q472 0.172
87 0.455 0.455 1 1 1 1 1 1 1 1 1 1
88 0.455 0.455 1 1 1 1 1 1 1 1 1 1
89 0.161 0.1612 0.27 0.27 0.27 0.27 0.27 0.27 0.27 0.27 0.277 0.2
90 0.73 073 073 073 073 073 073 073 073 073 0.73 0.73
91 0.408 0.408 0.408 0.408 0.408 0.408 0.408 0.408 0.408804@08 0.408
92 0.408 0.408 0.408 0.408 0.408 0.408 0.408 0.408 0.408804@08 0.408
93 0.408 0.408 0.408 0.408 0.408 0.408 0.408 0.408 0.408804@08 0.408
94 0.322 0.322 0.322 0.322 0.322 0.322 0.322 0.322 0.3222003322 0.322
95 0.322 0.322 0.322 0.322 0.322 0.322 0.322 0.322 0.3222003322 0.322

96 1 0.533 1 1 1 1 1 1 1 1 1 1
97 1 0.533 1 1 1 1 1 1 1 1 1 1
98 0.633 1 1 1 1 1 1 1 1 1 1 1
99 0.633 1 1 1 1 1 1 1 1 1 1 1
100 1 0.456 1 1 1 1 1 1 1 1 1 1

101 0.47 0.665 0.665 0.47 0.665 0.665 0.665 0.665 0.665 06665 0.665
102 0.805 1 1 0.805 1 1 1 1 1 1 1 1
103 0.335 0.335 0.335 0.335 0.335 0.335 0.335 0.335 0.333503.335 0.335
104 0.335 0.335 0.335 0.335 0.335 0.335 0.335 0.335 0.33350@3.335 0.335
105 05 05 05 0334 05 0.334 0.334 0.334 0.334 0.334 0.33840
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106
107
108
109
110
111
112
113
114
115
116
117
118
119
120
121
122
123
124
125
126
127
128
129
130
131
132
133
134
135
136
137
138
139
140

yh34

0.5
0.967
0.467
0.199
0.199
0.199

0.184
0.465
0.465
0.535
0.535
0.281
0.281
0.898
0.637
0.637
0.637
0.363
0.363
0.049
0.879
0.879
0.506
0.423
0.084

0.37
0.208
0.208
0.208

0.15
0.286
0.136
0.136

yh35 yh4l vyh42 yh43 yh44 yh45 yh51 yh52 yh53 yh54 yh55

0.5
0.967
0.467
0.199
0.199
0.199

1

1
0.184
0.465
0.465
0.535
0.535
0.281
0.281
0.898
0.336
0.336
0.336
0.363
0.363
0.049

0.506
0.423
0.084

0.37
0.208
0.208
0.208

0.15
0.286
0.136
0.136

0.5 0.334

0.967
0.467
0.199
0.199
0.199

0.801
0.467
0.199
0.199
0.199

0.5 0.334 0.334 0.334 0.334 0.334 0.33840

0.967
0.467
0.199
0.199
0.199

1 0.637 0.637
1 0.637 0.637

0.184
0.465
0.465
0.535
0.535
0.281
0.281
0.898
0.637
0.637
0.637
0.363
0.363

0.184
0.465
0.465
0.535
0.535
0.281
0.281

1
0.637
0.637
0.637
0.363
0.363

1 0.049
1 0.879
1 0.879

0.506
0.423
0.084

0.37
0.208
0.208
0.208

0.15
0.286
0.136
0.136

0.506
0.423
0.084
0.37
0.208
0.208
0.208
0.15
0.286
0.136
0.136

0.184
0.465
0.465
0.535
0.535
0.281
0.281
1
0.637
0.637
0.637
0.363
0.363
1
1
1
0.506
0.423
0.084
0.37
0.208
0.208
0.208
0.15
0.286
0.136
0.136

0.801
0.467
0.199
0.199
0.199

0.801
0.467
0.199
0.199
0.199

1 0.637
1 0.637

0.469
0.75
0.75

0.535

0.535

0.281

0.281

1

0.637

0.637

0.637

0.363

0.363

0.184
0.465
0.465
0.535
0.535
0.281
0.281
1
0.637
0.637
0.637
0.363
0.363

1 0.049
1 0.879
1 0.879

0.298
0.214
0.084
0.37

0.208
0.208
0.208
0.15

0.286
0.136
0.136

0.506
0.423
0.084
0.37

0.208
0.208
0.208
0.15

0.286
0.136
0.136

0.801
0.467
0.199
0.199
0.199

1

1
0.184
0.465
0.465
0.535
0.535
0.281
0.281

0.637
0.637
0.637
0.363
0.363

0.506
0.423
0.084
0.37

0.208
0.208
0.208
0.15

0.286
0.136
0.136

0.800108.801 0.801
0.46670@.467 0.467
0.199900.199 0.199
0.199900.199 0.199
0.199900.199 0.199
1 1 1 1
1 1 1 1
0.188400.184 0.184
0.465508865 0.465
0.465508865 0.465
0.538506.535 0.535
0.538506.535 0.535
0.288102281 0.281
0.288102281 0.281
1 1 1 1
0.63B8706.637 0.637
0.63B8706.637 0.637
0.63B8706.637 0.637
0.368303.363 0.363
0.368303.363 0.363
1 1 1 1
1 1 1 1
1 1 1 1
0.50060.6.506 0.506
0.42230@.423 0.423
0.08840.0.084 0.084
0.37 037 0.37 0.37
0.20880.2.208 0.208
0.20880.2.208 0.208
0.20880.2.208 0.208
0.15 0.15 0.15 0.15
0.28860.2.286 0.286
0.13860.0.136 0.136
0.13860.0.136 0.136
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n yh34 yh35 yh4l vyh42 yh43 yh44 yh45 yh51 yh52 yh53 yh54 yh55

141 0.449 0.449 0.449 0.449 0.424 0.449 0.424 0.449 0.44990@.449 0.449
142 0.259 0.259 0.259 0.259 0.234 0.259 0.234 0.259 0.25%90.2.259 0.259
143 0.191 0.191 0.191 0.191 0.191 0.191 0.191 0.191 0.199104.191 0.191
144 0.644 0.644 0.644 0.644 0.644 0.644 0.644 0.644 0.644400.644 0.644
145 0.374 0.374 0.374 0.374 0.374 0.374 0.374 0.374 0.374403374 0.374
146 0.374 0.374 0.374 0.374 0.374 0.374 0.374 0.374 0.374403374 0.374
147 0.098 0.098 0.098 0.098 0.098 0.098 0.098 0.098 0.09880.0.098 0.098
148 0.277 0.277 0.277 0.277 0.277 0.277 0.277 0.277 0.27770@277 0.277
149 0.176 0.176 0.176 0.176 0.176 0.176 0.176 0.176 0.1766004.176 0.176
150 0.176 0.176 0.176 0.176 0.176 0.176 0.176 0.176 0.1766004.176 0.176
151 0.176 0.176 0.176 0.176 0.176 0.176 0.176 0.176 0.1766004.176 0.176
152 0.445 095 095 095 095 0.95 0445 095 0.95 095 0.995 0.
153 0.445 095 095 095 095 0.95 0445 095 0.95 0.95 0.995 0.
154 0.495 1 1 1 1 1 0.495 1 1 1 1 1
155 0.05 0.05 005 005 005 005 005 005 005 0.05 0.05 0.05
156 1 1 1 1 1 1 1 1 1 1 1 1
157 0.335 0.292 0.335 0.292 0.335 0.335 0.335 0.335 0.333503.335 0.335
158 0.54 0.497 054 0497 054 054 054 054 054 054 0584 0.
159 0.665 0.665 0.665 0.665 0.665 0.665 0.665 0.665 0.66%50.0.665 0.665
160 046 046 046 046 046 046 046 046 046 046 046 0.46
161 0.205 0.205 0.205 0.205 0.205 0.205 0.205 0.205 0.20950.2.205 0.205
162 0.916 0.716 0.716 0.716 0.716 0.716 0.716 0.716 0.714600.716 0.716
163 0.417 0.217 0.217 0.217 0.217 0.217 0.217 0.217 0.21170@217 0.217
164 0.882 0.682 0.682 0.682 0.682 0.682 0.682 0.682 0.68320.0.682 0.682
165 0.284 0.284 0.284 0.284 0.284 0.284 0.284 0.284 0.288402.284 0.284
166 0.499 0.499 0.499 0.499 0.499 0.499 0.499 0.499 0.499904.499 0.499
167 0.318 0.318 0.318 0.318 0.318 0.318 0.318 0.318 0.31880.3.318 0.318
168 0.182 0.182 0.182 0.182 0.182 0.182 0.182 0.182 0.1832004.182 0.182
169 0.694 0.393 0.694 0.393 0.393 0.393 0.393 0.393 0.39330.3.393 0.393
170 0.607 0.607 0.607 0.607 0.607 0.607 0.607 0.607 0.60D70.6.607 0.607
171 0.607 0.607 0.607 0.607 0.607 0.607 0.607 0.607 0.60D70.6.607 0.607
172 0.432 0.432 0.432 0.432 0.432 0.403 0.432 0.432 0.43320@.432 0.432
173 0.568 0.568 0.568 0.568 0.568 0.568 0.568 0.568 0.56880.6.568 0.568
174 0.568 0.568 0.568 0.568 0.568 0.568 0.568 0.568 0.56880.6.568 0.568
175 0.349 0.349 0.358 0.349 0.358 0.358 0.349 0.349 0.34990.3.349 0.349
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176
177
178
179
180
181
182
183
184
185
186
187
188
189
190
191
192
193
194
195
196
197
198
199
200
201
202
203
204
205
206
207
208
209
210

yh34

0.651
0.651

0.804
0.804
0.544
0.819

0.38
0.199
0.076
0.076
0.181
0.181
0.181
0.107
0.637

0.363
0.363
0.661
0.275
1.115
0.204
0.204
0.204
0.454
0.387
0.387
0.355
0.355
0.645
0.645
0.695
0.695
0.341

yh35 yh4l vyh42 yh43 yh44 yh45 yh51 yh52 yh53 yh54 yh55

0.651 0.651 0.651 0.651 0.651 0.651 0.651 0.655108.651 0.651
0.651 0.651 0.651 0.651 0.651 0.651 0.651 0.655108.651 0.651
1 056 0.56 1 1 0.56 1 1 1 1 1
1 1 1 1 1 1 1 1 1 1 1
1 1 1 1 1 1 1 1 1 1 1
0.544 0.544 0.544 0.39 0.544 0.544 0.544 0.5444006444 0.544
0.819 0.819 0.819 0.665 0.819 0.819 0.819 0.81990@819 0.819
038 038 038 038 038 0.38 038 0.38 0.38 0.38 0.38
0.199 0.199 0.199 0.199 0.199 0.199 0.199 0.1999004.199 0.199
0.076 0.076 0.076 0.076 0.076 0.076 0.076 0.07g60.0.076 0.076
0.076 0.076 0.076 0.076 0.076 0.076 0.076 0.07g60.0.076 0.076
0.181 0.181 0.181 0.181 0.181 0.181 0.181 0.188104.181 0.181
0.181 0.181 0.181 0.181 0.181 0.181 0.181 0.188104.181 0.181
0.181 0.181 0.181 0.181 0.181 0.181 0.181 0.188104.181 0.181
0.107 1 1 1 1 1 1 1 1 1 1
0.637 0.637 0.637 0.493 0.637 0.637 0.637 0.63B70.637 0.637
1 1 1 0.855 1 1 1 1 1 1 1
0.363 0.363 0.363 0.363 0.363 0.363 0.363 0.36830.3.363 0.363
0.363 0.363 0.363 0.363 0.363 0.363 0.363 0.36830.3.363 0.363
0.342 0.342 0.342 0.342 0.342 0.342 0.342 0.342203.342 0.342
0 0 0 0 0 0 0 0 0 0 0
0.796 0.796 0.796 0.796 0.796 0.796 0.796 0.798600.796 0.796
0.204 0.204 0.204 0.204 0.204 0.204 0.204 0.204€402.204 0.204
0.204 0.204 0.204 0.204 0.204 0.204 0.204 0.204€402.204 0.204
0.204 0.204 0.204 0.204 0.204 0.204 0.204 0.204€402.204 0.204
0.454 0.454 0.454 0.454 0.454 0.454 0.454 0.45440@.454 0.454
0.342 0.342 0.342 0.342 0.342 0.342 0.342 0.342203.342 0.342
0.342 0.342 0.342 0.342 0.342 0.342 0.342 0.342203.342 0.342
0.355 0.355 0.355 0.355 0.279 0.355 0.355 0.35550@3.355 0.355
0.355 0.355 0.355 0.355 0.279 0.355 0.355 0.35550@3.355 0.355
0.645 0.645 0.645 0.645 0.645 0.645 0.645 0.64850.@.645 0.645
0.645 0.645 0.645 0.645 0.645 0.645 0.645 0.64850.@.645 0.645
0.659 0.659 0.659 0.695 0.659 0.659 0.659 0.65%90.@.659 0.659
0.659 0.659 0.659 0.695 0.659 0.659 0.659 0.65%90.0.659 0.659
0.341 0.341 0.341 0.341 0.341 0.341 0.341 0.341103341 0.341
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211
212
213
214
215
216
217
218
219
220
221
222
223
224
225
226
227
228
229
230
231
232
233
234
235
236
237
238
239
240
241
242
243
244
245

yh34

0.341
0.341

0.39

0.39
0.388

0.61
0.222
0.222
0.226
0.226
0.401
0.143
0.143
0.373
0.159
0.159
0.258
0.258
0.214

0.15
0.457
0.457
0.393
0.393
0.561
0.561
0.376
0.817
0.561
0.561

0.29

0.96

0.398

yh35 yh4l vyh42 yh43 yh44 yh45 yh51 yh52 yh53 yh54 yh55

0.341 0.341 0.341 0.341 0.341 0.341 0.341 0.341103341 0.341
0.341 0.341 0.341 0.341 0.341 0.341 0.341 0.341103341 0.341
0.283 0.283 1 1 1 1 1 1 1 1 1
0.454 0.454 0.454 0.39 0454 0.39 039 0.39 0.39 08399
0.454 0.454 0.454 0.39 0454 039 039 0.39 0.39 08399
0.388 0.388 0.388 0.388 0.388 0.388 0.388 0.38880.3.388 0.388
061 061 061 061 061 061 061 061 0.61 0.61 0.61
0.222 0.222 0.222 0.222 0.222 0.222 0.222 0.22220@.222 0.222
0.222 0.222 0.222 0.222 0.222 0.222 0.222 0.22220@.222 0.222
0.226 0.096 0.226 0.226 0.226 0.226 0.226 0.22@602.226 0.226
0.226 0.096 0.226 0.226 0.226 0.226 0.226 0.22@60.2.226 0.226
0.401 0.401 0.401 0.401 0.401 0.401 0.401 0.40010@.401 0.401
0.143 0.143 0.143 0.143 0.143 0.143 0.143 0.143300.143 0.143
0.143 0.143 0.143 0.143 0.143 0.143 0.143 0.143300.143 0.143
0.373 0.373 0.373 0.373 0.373 0.373 0.373 0.373303373 0.373
0.159 0.159 0.159 0.159 0.159 0.159 0.159 0.15%9004.159 0.159
0.159 0.159 0.159 0.159 0.159 0.159 0.159 0.15%9004.159 0.159
0.258 0.258 0.258 0.258 0.258 0.258 0.258 0.25%80.2.258 0.258
0.258 0.258 0.258 0.258 0.258 0.258 0.258 0.25%80.2.258 0.258
0.214 0.214 0.214 0.214 0.214 0.214 0.214 0.21440@214 0.214
035 0.15 0.15 0.5 035 0.5 0.15 0.15 0.15 0.15 0.15
0.457 0.457 0.457 0.457 0.457 0.457 0.457 0.45B70@.457 0.457
0.457 0.457 0.457 0.457 0.457 0.457 0.457 0.45B70@.457 0.457
0.393 0.393 0.393 0.393 0.393 0.393 0.393 0.39330.3.393 0.393
0.393 0.393 0.393 0.393 0.393 0.393 0.393 0.39330.3.393 0.393
0.561 0.624 0.624 0.624 0.624 0.624 0.624 0.622400.624 0.624
0.561 0.624 0.624 0.624 0.624 0.624 0.624 0.622400.624 0.624
0.376 0.376 0.376 0.376 0.376 0.376 0.376 0.376603.376 0.376
1 1 0.817 1 1 1 1 1 1 1 1
072 071 071 072 072 O0.72 0.72 0.72 0.72 0.711 0.7
072 071 071 072 072 O0.72 0.72 0.72 0.72 0.711 0.7
029 029 029 029 029 029 029 029 0.29 0.29 0.29
0.96 1 1 0.96 1 1 1 1 1 1 1
0.699 1 1 1 1 1 1 1 1 1 1
0.565 0.565 0.398 0.398 0.565 0.398 0.565 0.56%50.6.565 0.565
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246
247
248
249
250
251
252
253
254
255
256
257
258
259
260
261
262
263
264
265
266
267
268
269
270
271
272
273
274
275
276
277
278
279
280

yh34

0.047
0.351
0.463
0.435
0.112
0.323
0.323
0.323

0.31
0.099
0.198
0.198
0.198
0.211
0.703
0.157
0.492
0.335
0.335
0.609
0.609
0.302
0.302
0.302
0.401
0.731
0.345
0.269
0.058
0.254
0.254
0.134
0.786
0.421
0.291

yh35 yh4l vyh42 yh43 yh44 yh45 yh51 yh52 yh53 yh54 yh55

0.213
0.351
0.463
0.435
0.112
0.323
0.323
0.323
0.443
0.231
0.198
0.198
0.198
0.211
0.703
0.157
0.492
0.335
0.335
0.698
0.698
0.302
0.302
0.302
0.161
0.491
0.345
0.269
0.058
0.254
0.254
0.134
0.987
0.623
0.492

0.213
0.351
0.463
0.435
0.112
0.323
0.323
0.323
0.443
0.231
0.198
0.198
0.198
0.211
0.703
0.157
0.492
0.335
0.335
0.698
0.698
0.302
0.302
0.302
0.401
0.731
0.345
0.269
0.058
0.254
0.254
0.134
0.786
0.421
0.291

0.047
0.351
0.463
0.435
0.112
0.323
0.323
0.323

0.31
0.099
0.198
0.198
0.198
0.211
0.703
0.157
0.492
0.335
0.335
0.609
0.609
0.302
0.302
0.302
0.161
0.491
0.345
0.269
0.058
0.254
0.254
0.134
0.786
0.421
0.291

0.047
0.351
0.463
0.435
0.112
0.323
0.323
0.323

0.31
0.099
0.198
0.198
0.198
0.211
0.703
0.157
0.492
0.335
0.335
0.698
0.698
0.302
0.302
0.302
0.401
0.731
0.345
0.269
0.058
0.254
0.254
0.134
0.786
0.421
0.291

0.213
0.351
0.463
0.435
0.112
0.323
0.323
0.323
0.31
0.099
0.198
0.198
0.198
0.211
0.703
0.157
0.492
0.335
0.335
0.698
0.698
0.302
0.302
0.302
0.401
0.731
0.345
0.269
0.058
0.254
0.254
0.134
0.786
0.421
0.291

0.047
0.351
0.463
0.435
0.112
0.323
0.323
0.323
0.31
0.099
0.198
0.198
0.198
0.211
0.703
0.157
0.492
0.335
0.335
0.698
0.698
0.302
0.302
0.302
0.401
0.731
0.345
0.269
0.058
0.254
0.254
0.134
0.786
0.421
0.291

0.213
0.351
0.463
0.435
0.112
0.323
0.323
0.323
0.31

0.099
0.198
0.198
0.198
0.211
0.703
0.157
0.492
0.335
0.335
0.698
0.698
0.302
0.302
0.302
0.401
0.731
0.345
0.269
0.058
0.254
0.254
0.134
0.786
0.421
0.291

0.21330@.213
0.355103.351
0.468303.463
0.438508.435
0.112200.112
0.322303.323
0.322303.323
0.322303.323

0.213
0.351
0.463
0.435
0.112
0.323
0.323
0.323

0.31 0.31 0.3B1 0.

0.09990.0.099
0.19880.0.198
0.19880.0.198
0.19880.0.198
0.21110@211
0.708300.703
0.155700Q.157
0.492203.492
0.338503.335
0.338503.335
0.69880.6.698
0.69880.6.698
0.30P203.302
0.30P203.302
0.30P203.302
0.40010@.401
0.73B100.731
0.343503.345
0.26$90.2.269
0.05880.0.058
0.254640@2.254
0.254640@2.254
0.138400.134
0.78860.0.786
0.422108.421
0.29910@2.291

0.099
0.198
0.198
0.198
0.211
0.703
0.157
0.492
0.335
0.335
0.698
0.698
0.302
0.302
0.302
0.401
0.731
0.345
0.269
0.058
0.254
0.254
0.134
0.786
0.421
0.291
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n yh34 yh35 yh4l vyh42 yh43 yh44 yh45 yh51 yh52 yh53 yh54 yh55

281 0.345 0.345 0.345 0.345 0.345 0.345 0.345 0.345 0.348503.345 0.345
282 055 055 055 055 055 055 055 055 055 055 055 0.55
283 0.214 0.214 0.214 0.214 0.214 0.214 0.214 0.214 0.21440@.214 0.214
284 0.364 0.364 0.364 0.364 0.364 0.364 0.364 0.364 0.3646403.364 0.364
285 0.205 0.205 0.205 0.205 0.205 0.205 0.205 0.205 0.20950.2.205 0.205
286 0.159 0.159 0.159 0.159 0.159 0.159 0.159 0.159 0.15%90.04.159 0.159
287 0.159 0.159 0.159 0.159 0.159 0.159 0.159 0.159 0.15%90.04.159 0.159
288 0.159 0.159 0.159 0.159 0.159 0.159 0.159 0.159 0.15%90.04.159 0.159
289 0.776 0.776 0.718 0.776 0.718 0.776 0.718 0.718 0.718800.718 0.718
290 0.282 0.282 0.282 0.282 0.282 0.282 0.282 0.282 0.28820.2282 0.282
291 0.282 0.282 0.282 0.282 0.282 0.282 0.282 0.282 0.28820.2282 0.282
292 1 1 1 1 0.92 1 1 1 1 1 1 1
293 0.935 0.935 0.935 0.377 0.935 0.377 0.935 0.935 0.933500935 0.935
294 0.065 0.065 0.065 0.065 0.065 0.065 0.065 0.065 0.06%50.0.065 0.065
295 0.065 0.065 0.065 0.065 0.065 0.065 0.065 0.065 0.06%50.0.065 0.065
296 1.155 0.584 0.584 0.584 0.584 0.584 0.584 0.584 0.58840.6.584 0.584
297 0.621 0.05 005 0.05 0.05 005 005 005 0.05 0.05 0.0550.0
298 0.534 0.534 0.534 0.534 0.534 0.534 0.534 0.534 0.538406.534 0.534
299 0.534 0.534 0.534 0.534 0.534 0.534 0.534 0.534 0.538406.534 0.534
300 0.416 0.416 0.416 0.416 0.416 0.416 0.416 0.416 0.414608@.416 0.416
301 0.416 0.416 0.416 0.416 0.416 0.416 0.416 0.416 0.414608@.416 0.416
302 0.416 0.416 0.416 0.416 0.416 0.416 0.416 0.416 0.41460@.416 0.416
303 0.691 0.711 0.711 0.691 0.711 0.711 0.691 0.711 0.711104.711 0.711
304 0.238 0.258 0.258 0.238 0.258 0.258 0.238 0.258 0.258580.2258 0.258
305 0.289 0.289 0.289 0.289 0.289 0.289 0.289 0.289 0.28890.2289 0.289
306 0.289 0.289 0.289 0.289 0.289 0.289 0.289 0.289 0.28890.2289 0.289
307 0.472 0.472 0.472 0.472 0.472 0.472 0.472 0.472 0.472208@.472 0.472
308 0.27 0.27 0.27 0.27 0.27 0.27 0.27 0.27 0.27 0.27 0.27 0.27
309 0.27 0.27 0.27 0.27 0.27 0.27 0.27 0.27 0.27 0.27 0.27 0.27
310 0.183 0.183 0.183 0.183 0.183 0.183 0.183 0.183 0.188330.4.183 0.183
311 0.183 0.183 0.183 0.183 0.183 0.183 0.183 0.183 0.188330.4.183 0.183
312 0.521 0.683 0.683 0.683 0.683 0.683 0.521 0.683 0.68830.6.683 0.683
313 0.521 0.683 0.683 0.683 0.683 0.683 0.521 0.683 0.68830.6.683 0.683
314 0.317 0.317 0.317 0.317 0.317 0.317 0.317 0.317 0.311703.317 0.317
315 0.317 0.317 0.317 0.317 0.317 0.317 0.317 0.317 0.311703.317 0.317
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316
317
318
319
320
321
322
323
324
325
326
327
328
329
330
331
332
333
334
335
336
337
338
339
340
341
342
343
344
345
346
347
348
349
350

yh34

0.317
0.905
0.271
0.674
0.402
0.188
0.188
0.214
0.268
0.268
0.079
0.079
0.916
0.744
0.514
0.173
0.256
0.285
0.201
0.201
0.084
0.029
0.029
0.361
0.236
0.236
0.403
0.403
0.403
0.988
0.794
0.195
0.206
0.572
0.366

yh35 yh4l vyh42 yh43 yh44 yh45 yh51 yh52 yh53 yh54 yh55

0.317

1
0.329
0.733
0.402
0.188
0.188
0.214
0.268
0.268
0.079
0.079
0.916
0.744
0.514
0.173
0.256
0.285
0.201
0.201
0.084
0.029
0.029
0.361
0.236
0.236
0.403
0.403
0.403
0.988
0.777
0.177
0.206
0.572
0.366

0.317 0.317 0.317 0.317 0.317 0.317 0.311703.317 0.317
1 0.905

1
0.271
0.674
0.402
0.188
0.188
0.214
0.268
0.268
0.079
0.079
0.916
0.744
0.514
0.173
0.256
0.285
0.201
0.201
0.084
0.029
0.029
0.361
0.236
0.236
0.403
0.403
0.403
0.988
0.794
0.195
0.206
0.572
0.366

1
0.329
0.733
0.402
0.188
0.188
0.214
0.268
0.268
0.079
0.079
0.916
0.744
0.514
0.173
0.256
0.285
0.201
0.201
0.084
0.029
0.029
0.251
0.236
0.236
0.403
0.403
0.403

1
0.794
0.195
0.206
0.572
0.366

0.329
0.733
0.402
0.188
0.188
0.214
0.268
0.268
0.079
0.079
0.916
0.744
0.514
0.173
0.256
0.285
0.201
0.201
0.084
0.029
0.029
0.361
0.236
0.236
0.403
0.403
0.403
1
0.777
0.177
0.206
0.572
0.366

0.329
0.733
0.402
0.188
0.188
0.214
0.268
0.268
0.079
0.079
0.715
0.543
0.313
0.173
0.256
0.285
0.201
0.201
0.084
0.029
0.029
0.361
0.236
0.236
0.403
0.403
0.403
1
0.794
0.195
0.206
0.572
0.366

1
0.329
0.733
0.402
0.188
0.188
0.214
0.268
0.268
0.079
0.079
0.916
0.744
0.514
0.173
0.256
0.285
0.201
0.201
0.084
0.029
0.029
0.361
0.236
0.236
0.403
0.403
0.403

1
0.777
0.177
0.206
0.572
0.366

1
0.329
0.733
0.402
0.188
0.188
0.214
0.268
0.268
0.079
0.079
0.916
0.744
0.514
0.173
0.256
0.285
0.201
0.201
0.084
0.029
0.029
0.361
0.236
0.236
0.403
0.403
0.403

1
0.794
0.195
0.206
0.572
0.366

1 1
0.322903.329
0.733300.733
0.40D203.402
0.18880.0.188
0.18880.0.188
0.21440Q@.214
0.26880.2.268
0.26880.2.268
0.07990.0.079
0.07990.0.079
0.914600.916
0.744400.744
0.514406.514
0.17330Q.173
0.25660@2.256
0.28850@2.285
0.20010@.201
0.20010@.201
0.08840.0.084
0.02290.0.029
0.02290.0.029
0.366103.361
0.23860.@2.236
0.23860.@2.236
0.408303.403
0.408303.403
0.408303.403

1 1
0.799400.794
0.199500.195
0.20060.2.206
0.572206.572
0.36660.3.366

1 1
0.329
0.733
0.402
0.188
0.188
0.214
0.268
0.268
0.079
0.079
0.916
0.744
0.514
0.173
0.256
0.285
0.201
0.201
0.084
0.029
0.029
0.361
0.236
0.236
0.403
0.403
0.403
1 1
0.794
0.195
0.206
0.572
0.366
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n yh34 yh35 yh4l vyh42 yh43 yh44 yh45 yh51 yh52 yh53 yh54 yh55

351 0.233 0.233 0.233 0.233 0.233 0.233 0.233 0.233 0.23330.2233 0.233
352 0.233 0.233 0.233 0.233 0.233 0.233 0.233 0.233 0.23330.2233 0.233
353 0.233 0.233 0.233 0.233 0.233 0.233 0.233 0.233 0.23330.2233 0.233
354 0.067 0.067 0.067 0.067 0.067 0.067 0.4 0.067 0.067 00&8bB7 0.067
355 0.067 0.067 0.067 0.067 0.067 0.067 0.4 0.067 0.067 0.0&8b67 0.067
356 0.933 0.933 0.933 0.933 0.933 0.933 0.933 0.933 0.93330.0.933 0.933
357 0.375 0.375 0.375 0.375 0.375 0.375 0.375 0.375 0.379503.375 0.375
358 0.557 0.557 0.557 0.557 0.557 0.557 0.557 0.557 0.55B5706.557 0.557
359 0.557 0.557 0.557 0.557 0.557 0.557 0.557 0.557 0.55B%706.557 0.557
360 0.523 0.523 0.369 0.523 0.523 0.523 0.523 0.523 0.522306.523 0.523
361 0.523 0.523 0.369 0.523 0.523 0.523 0.523 0.523 0.522306.523 0.523
362 0.477 0.477 0.477 0.477 0.477 0.477 0.477 0.477 0477708477 0.477
363 0.477 0.477 0.477 0.477 0.477 0.477 0.477 0.477 0477708477 0.477
364 1 0.952 1 1 1 0.952 1 1 1 1 1 1
365 0.617 0.617 0.617 0.617 0.617 0.617 0.617 0.617 0.611706.617 0.617
366 0.617 0.617 0.617 0.617 0.617 0.617 0.617 0.617 0.611706.617 0.617
367 025 025 025 025 025 025 025 025 025 0.25 0.25 0.25
368 025 025 025 025 025 025 025 025 025 0.25 0.25 0.25
369 025 025 025 025 025 025 025 025 025 0.25 0.25 0.25
370 0.134 0.134 0.134 0.134 0.134 0.134 0.134 0.134 0.138400.134 0.134
371 0.134 0.134 0.134 0.134 0.134 0.134 0.134 0.134 0.138400.134 0.134
372 0.134 0.134 0.134 0.134 0.134 0.134 0.134 0.134 0.138400.134 0.134
373 0.123 0.584 0.584 0.584 0.123 0.123 0.584 0.123 0.1223004.123 0.123
374 0.877 0.877 0.877 0.877 0.877 0.877 0.877 0.877 0.877708877 0.877
375 0.877 0.877 0.877 0.877 0.877 0.877 0.877 0.877 0.877708877 0.877
376 0.703 0.703 0.703 0.703 0.799 0.703 0.703 0.703 0.708304.703 0.703
377 0.281 0.281 0.281 0.281 0.377 0.281 0.281 0.281 0.28810.2281 0.281
378 0.578 0.578 0.578 0.578 0.674 0.578 0.578 0.578 0.578806.578 0.578
379 0.422 0.422 0.422 0.422 0.422 0.422 0.422 0.422 0.422208.422 0.422
380 0.422 0.422 0.422 0.422 0.422 0.422 0.422 0.422 0.422208.422 0.422
381 0.297 0.297 0.297 0.297 0.297 0.297 0.297 0.297 0.29B702297 0.297
382 0.803 0.803 1 1 0.803 1 1 1 1 1 1
383 1 0.814 1 1 1 0.814 1 1 1 1 1
384 0.562 1 1 1 1 1 1 1 1 1 1

1 1 1 1 1 1

1
1
1
385 0.562 1 1 1 1 1
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386
387
388
389
390
391
392
393
394
395
396
397
398
399
400
401
402
403
404
405
406
407
408
409
410
411
412
413
414
415
416
417

yh34

0.54
0.54

0.208
0.208
0.294
0.294
0.792
0.291
0.497
0.207
0.207

0.728
0.272
0.272
0.59
0.59

0.41
0.877

0.131
0.131
0.56
0.43
0.44
0.44

yh35 yh4l vyh42 yh43 yh44 yh45 yh51 yh52 yh53 yh54 yh55

0.54
0.54
1
1
0.208
0.208
0.294
0.294
0.792
0.291
0.497
0.207
0.207
0.77
0.728
0.272
0.272
0.59
0.59
1
0.41
1
0.238
0.238
0.131
0.131
0.56
0.43
0.44
0.44
0.952
0.952

1 1 1 1 1
1 1 1 1 1
1 1 1 1 1

1
0.264
0.264
0.294
0.294
0.792
0.291
0.497
0.207
0.207

1
0.728
0.272
0.272

0.59
0.59
1
0.41
1
0.238
0.238
0.131
0.131
0.56
0.43
0.44
0.44
1
1

1 1
0.208 0.264
0.208 0.264
0.294 0.294
0.294 0.294
0.792 0.792
0.291 0.291
0.497 0.497
0.207 0.207
0.207 0.207

1 1
0.728 0.728
0.272 0.272
0.272 0.272
0.59 0.59
0.59 0.59

1 1
041 041

1 1

1 0.238
1 0.238
0.416 0.131
0.416 0.131
0.846 0.56
0.43 043
0.44 0.44
0.44 0.44
1 0.952
1 0.952

1
0.264
0.264
0.294
0.294
0.792
0.291
0.497
0.207
0.207

1
0.728
0.272
0.272

0.59
0.59
1
0.41
1
1
1
0.131
0.131
0.56
0.43
0.44
0.44
1
1

1
0.208
0.208
0.294
0.294
0.792
0.291
0.497
0.207
0.207

1
0.728
0.272
0.272
0.59
0.59

1
0.41

1
1
1
0.131
0.131
0.56
0.43
0.44
0.44
1
1

1

1
1
1

0.208
0.208
0.294
0.294
0.792
0.291
0.497
0.207
0.207
1
0.728
0.272
0.272
0.59
0.59
1
0.41
1
1
1
0.131
0.131
0.56
0.43
0.44
0.44
1
1

1
1
1
1
0.208
0.208
0.294
0.294
0.792
0.291
0.497
0.207
0.207
1
0.728
0.272
0.272
0.59
0.59
1
0.41
1
1
1
0.131
0.131
0.56
0.43
0.44
0.44
1
1

1

1
1
1
0.208
0.208
0.294
0.294
0.792
0.291
0.497
0.207
0.207
1
0.728
0.272
0.272
0.59
0.59
1
0.41
1

1
1

0.131
0.131
0.56
0.43
0.44
0.44

0.41
1

1

1
0.131
0.131
0.56
0.43
0.44
0.44

1

1

0.41

1

1
0.131
0.131
0.56
0.43
0.44
0.44
1

1
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vkhat

vk vs. vkhat
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xphat

Xp vs. xphat
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